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Preface

Welcome to the proceedings of LLMs4SSH: Shaping Multilingual, Multimodal AI for the
Social Sciences and Humanities, held in conjunction with LREC 2026 in Mallorca, Spain, on
11 May 2026.

Large Language Models (LLMs) are rapidly evolving in terms of multilinguality, multimodality,
reasoning capabilities, and agentic behaviour. These developments have significantly advanced
the state of the art in language and data processing. However, despite their impressive
performance, current LLM-based technologies remain only partially aligned with the research
needs, methodological traditions, and epistemic values of the Social Sciences and Humanities
(SSH). Addressing this gap requires closer dialogue between the Language Technologies (LT)
community and SSH scholars, as well as careful consideration of the broader ethical, societal,
and interpretability challenges posed by these models.

The LLMs4SSH workshop aims to provide a dedicated forum for researchers and practitioners
working at the intersection of AI, Natural Language Processing, Digital Humanities, linguistics,
social sciences, cultural heritage, and related disciplines. The workshop explores how
multilingual, multimodal, and reasoning-oriented LLMs can support SSH research tasks,
including the processing of historically and culturally diverse materials, the interpretation of
complex narratives, and the analysis of social and cultural phenomena. At the same time, it
encourages critical reflection on the methodological implications of using LLMs in SSH contexts,
with particular attention to transparency, bias, representativeness, and responsible use.

This full-day workshop brings together experts from both LT and SSH communities to exchange
perspectives, share recent research, and identify key challenges and opportunities for future
collaboration. Through the contributions presented in these proceedings, LLMs4SSH seeks to
define research priorities and foster interdisciplinary approaches that shape the development of
LLMs in ways that better support SSH scholarship.

We hope that the workshop and these proceedings will stimulate further discussion and inspire
new collaborations toward developing language technologies that are not only powerful, but also
meaningful and responsible in the context of SSH research.

The Organizing Committee.
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Abstract
Until recently, fine-tuned BERT-like models provided state-of-the-art performance on text classification tasks. With
the rise of instruction-tuned decoder-only models, commonly known as large language models (LLMs), the field has
increasingly moved toward zero-shot and few-shot prompting. However, the performance of LLMs on text classification,
particularly on less-resourced languages, remains under-explored. In this paper, we evaluate the performance of
current language models on text classification tasks across several South Slavic languages. We compare openly
available fine-tuned BERT-like models with a selection of open-weight and closed-source LLMs across three tasks in
three domains: sentiment classification in parliamentary speeches, topic classification in news articles and parliamen-
tary speeches, and genre identification in web texts. Our results show that LLMs demonstrate strong zero-shot
performance, often matching or surpassing fine-tuned BERT-like models. Moreover, when used in a zero-shot setup,
LLMs perform comparably in South Slavic languages and English. However, we also point out key drawbacks of
LLMs, including less predictable outputs, significantly slower inference, and higher computational costs. Due to
these limitations, fine-tuned BERT-like models remain a more practical choice for large-scale automatic text annotation.

Keywords: LLM evaluation, text classification, large language models, South Slavic languages, sentiment
identification, topic classification, genre identification

1. Introduction

Until recently, the dominant approach for text classi-
fication tasks relied on fine-tuning BERT-like trans-
former models on thousands of manually-annotated
training examples. Recently, however, the field has
shifted with the development of instruction-tuned
decoder-only transformer models. These models,
also commonly referred to as large language mod-
els (LLMs), which were originally developed primar-
ily for text generation tasks, have demonstrated
remarkable capabilities across a broad range of
natural language processing (NLP) tasks, includ-
ing text classification (Kuzman et al., 2023; Huang
et al., 2023).

In this paper, we focus on South Slavic lan-
guages, where research on text classification tasks
included in our study has, until recently, been lim-
ited or even non-existent (Kuzman and Ljubešić,
2023; Mochtak et al., 2024; Kuzman and Ljubešić,
2025). We take a first step toward systematically
evaluating the current state of the art for text classifi-
cation in these languages. Our evaluation is based
on three text classification tasks in three different do-
mains for which manually-annotated test datasets
in South Slavic languages and fine-tuned BERT-like
classifiers are freely available: sentiment classifica-
tion of parliamentary speeches, topic classification

in news articles, topic classification in parliamen-
tary speeches, and automatic genre identification
in web texts. These tasks span different domains
and language styles, allowing for a comprehensive
analysis of the performance of transformer-based
models on text classification tasks. Specifically,
we compare the performance of openly available
fine-tuned BERT-like models with the zero-shot ca-
pabilities of both open-weight and closed-source
LLMs used via prompting.

An important aspect of our study is to examine
whether the performance of multilingual models on
South Slavic languages is on par with their perfor-
mance on English. This question is particularly
relevant given that the evaluated large language
models have been predominantly pretrained and
instruction-tuned on English data.

By evaluating various models on a selection
of text classification tasks in English and various
South Slavic languages, we set out to test the fol-
lowing two hypotheses that are based on previous
experiments with fine-tuned BERT-like models and
LLMs on automatic genre identification (Kuzman
et al., 2023), news topic classification (Kuzman and
Ljubešić, 2025) and sentiment analysis in parlia-
mentary texts (Mochtak et al., 2025):

H1 Zero-shot prompting with instruction-tuned
large language models (LLMs) can achieve
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Dataset Lang # Instances # Labels % Most and Least Frequent Label
Sentiment classification in parliamentary speeches

ParlaSent-EN-test EN 2600 3 40.8% (Neutral), 26.8% (Positive)
ParlaSent-HR-test HR 1336 3 41.9% (Negative), 17.2% (Positive)
ParlaSent-SR-test SR 1074 3 46.2% (Negative), 17.6% (Positive)
ParlaSent-BS-test BS 190 3 47.9% (Negative), 14.7% (Positive)

Genre classification in web texts
EN-GINCO EN 272 8 23.5% (Information/Explanation), 0.4% (Le-

gal)
X-GINCO-SL SL 80 8 15% (Prose/Lyrical), 8.8% (Opin-

ion/Argumentation)
X-GINCO-HR HR 80 8 16.3% (Promotion), 7.5% (Instruction)
X-GINCO-MK MK 80 8 15% (News), 1% (Opinion/Argumentation)

Topic classification in news articles
IPTC-test-HR HR 291 17 11.0% (Economy), 3.8% (Conflict, War and

Peace)
IPTC-test-SL SL 282 17 10.6% (Society), 3.2% (Conflict, War and

Peace)
Topic classification in parliamentary speeches

ParlaCAP-test-EN EN 876 22 6.4% (Law and Crime), 2.1% (Culture)
ParlaCAP-test-HR HR 869 22 8.5% (Government Operations), 1.7% (Immi-

gration)
ParlaCAP-test-SR SR 874 22 7.1% (Government Operations), 1.7% (Immi-

gration)
ParlaCAP-test-BS BS 824 22 10.4% (Other), 0.5% (Culture)

Table 1: Information on test datasets in English (EN), Croatian (HR), Serbian (SR), Bosnian (BS), Slovenian
(SL), and Macedonian (MK).

results comparable to the use of BERT-like
models fine-tuned on training data that are
similar to the test data.

H2 The performance of LLMs used in a zero-shot
setup on text classification tasks on South
Slavic test datasets is comparable to the per-
formance on English test datasets.

2. Related Work

After the introduction of transformer architectures,
BERT (bidirectional encoder representations from
transformers) models have achieved state-of-the-
art results in text classification tasks, outperform-
ing earlier non-neural approaches, such as support
vector machines (SVMs). They have also demon-
strated strong cross-lingual zero-shot capabilities
in various classification tasks, including automatic
genre identification (Kuzman and Ljubešić, 2023),
news topic classification (Petukhova and Fachada,
2023; De Clercq et al., 2020), and sentiment clas-
sification (Mochtak et al., 2024). However, these
models still require fine-tuning on a training dataset,

developed during manual annotation campaigns
that are time-consuming and costly.

Instruction-tuned decoder-only transformer mod-
els, commonly referred to as large language models
(LLMs), have recently shown strong performance
in a range of classification tasks, even in zero-shot
prompting setups that require no training data (Kuz-
man et al., 2023; Ljubešić et al., 2024a; Huang
et al., 2023; Kuzman Pungeršek et al., 2026). They
have achieved promising results on various natural
language processing tasks, including stance de-
tection (Zhang et al., 2022), implicit hate speech
categorization (Huang et al., 2023), news topic
classification (Kuzman and Ljubešić, 2025), auto-
matic genre identification (Kuzman et al., 2023),
causal commonsense reasoning (Ljubešić et al.,
2024b), and machine translation (Hendy et al.,
2023). Due to their promising performance, re-
searchers have even started using them as data an-
notators, either by generating text and labels (Meng
et al., 2022) or by annotating pre-existing texts
(Kuzman and Ljubešić, 2025; Kuzman Pungeršek
et al., 2026). Despite the growing interest in this
topic, the majority of evaluations of LLMs used in

2



text classification tasks are limited only to English
(Sun et al., 2023; Zhang et al., 2025; Kostina et al.,
2025; Zhao et al., 2024). Systematic multilingual
evaluations, especially which would include less-
resourced languages such as those in the South
Slavic group remain limited. Our work addresses
this gap by providing a comparative evaluation of
open-weight and closed-source LLMs with openly-
available fine-tuned BERT-like models across four
benchmark families comprising three diverse classi-
fication tasks and three different domains in South
Slavic languages and English.

3. Benchmarks

The benchmarks (evaluation datasets) used in this
study cover three text classification tasks, namely,
sentiment identification, topic classification, and
automatic genre identification, and three domains:
parliamentary speeches, news articles and web
texts. An overview of the datasets is provided in
Table 1. The four benchmark families differ signif-
icantly in terms of language coverage, number of
test instances, and label granularity.

The topic classification task is evaluated on two
domains: 1) news articles, namely, the Croat-
ian and Slovenian IPTC test datasets (Kuzman
and Ljubešić, 2025), which comprise around 300
text instances per language, and 2) parliamen-
tary speeches, namely, the Bosnian, Croatian, En-
glish and Serbian ParlaCAP test datasets (Kuz-
man Pungeršek et al., 2026) that consist of ap-
proximately 820 to 880 instances per language. In
the ParlaCAP benchmarks, an instance is a tran-
scription of an utterance given by a parliamentary
member in a parliamentary session.

The topic classification task involves the highest
number of labels, that is, 17 news topic labels from
the top level of the IPTC NewsCodes Media Topic
hierarchical schema1 (IPTC, 2022), and 22 policy
topic labels (21 major topics and a label Other) from
the Comparative Agendas Project (CAP; Baumgart-
ner et al., 2019) Master Codebook (Bevan, 2019).2

In contrast, the Bosnian, Croatian, English, and
Serbian ParlaSent sentiment identification datasets
(Mochtak et al., 2024; Mochtak et al., 2023) have
a significantly lower granularity of labels, with
only 3 categories. They are represented by the
largest number of instances, ranging from 190
(Bosnian part) to 2600 (English part) sentence-level
instances.

With 8 labels, the Croatian, English, Macedonian,
and Slovenian GINCO genre datasets (Kuzman

1https://show.newscodes.org/index.
html?newscodes=medtop&lang=en-GB&
startTo=Show

2https://www.comparativeagendas.net/
pages/master-codebook

et al., 2023) represent a midpoint in label gran-
ularity among the four benchmark families. How-
ever, the genre identification task might be the most
difficult one, as genre identification depends on
the interpretation of full texts with the focus on au-
thor’s purpose, the common function of the text,
and the text’s conventional form (Orlikowski and
Yates, 1994). This complexity has also contributed
to smaller test datasets in terms of the number of
text instances, as manual annotation is more time-
consuming. It is also important to note that, unlike
the parliamentary datasets, the English portion of
the genre datasets is not fully comparable to the
South Slavic portions, which are label-balanced
and contain fewer ambiguous instances. Neverthe-
less, the genre datasets remain valuable for evalu-
ating model performance within each language.

All test datasets were manually annotated by an-
notators that are deemed reliable based on their sat-
isfactory inter-annotator agreement, namely, Krip-
pendorff’s alpha (Krippendorff, 2018) values close
to or above the 0.667 threshold for reliable anno-
tation. To prevent large language models from in-
corporating the test datasets during their training
phase, the test datasets are not publicly available,
except for the ParlaSent benchmark family. Ac-
cess to other datasets is granted on request from
the corresponding authors. Further details on the
test datasets are provided in Section A.1 of the
Appendix.

4. Methodology

In this paper, we evaluate the main machine learn-
ing approaches that have recently been used for
our selection of text classification tasks, with a fo-
cus on the comparison between the freely available
fine-tuned BERT models and the open-weight and
closed-source LLMs.3 The models are evaluated
on four families of test datasets that comprise South
Slavic languages. The performance of the models
is evaluated based on the micro-F1 and macro-F1
metrics, which enable assessment of the model
performance at both the instance and label levels,
respectively.

The following machine learning models are in-
cluded in the evaluation:

• dummy classifier: a dummy classifier that
predicts the most frequent class in the train-
ing data. To allow comparison, the dummy
classifiers were trained on the same datasets
that were used for fine-tuning the BERT-like
models, mentioned below.

3The code for the model evaluation
and analysis of results is available at
https://github.com/TajaKuzman/
Benchmarking-Text-Classification-on-South-Slavic.
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• fine-tuned BERT-like classifiers: in our
study, we evaluate previously developed
openly accessible multilingual fine-tuned
BERT-like models that have been fine-tuned
for the respective task, namely, the XLM-R-
ParlaSent (Rupnik et al., 2023; Mochtak et al.,
2024) model for sentiment identification in
parliamentary texts, the X-GENRE classifier
(Kuzman et al., 2023; Kuzman and Ljubešić,
2024d, 2023) for automatic genre identification,
the IPTC News Topic classifier (Kuzman and
Ljubešić, 2025; Kuzman and Ljubešić, 2025)
for news topic classification, and the ParlaCAP
classifier (Kuzman Pungeršek et al., 2026;
Kuzman Pungeršek and Ljubešić, 2025) for
topic classification in parliamentary speeches.
The XLM-R-ParlaSent and the ParlaCAP mod-
els are based on the XLM-R-parla pretrained
model (Ljubešić et al., 2023) that was de-
veloped by additionally pretraining the large-
sized XLM-RoBERTa model (Conneau et al.,
2020) on parliamentary proceedings in 30 Eu-
ropean languages (Mochtak et al., 2024). The
XLM-R-ParlaSent model was fine-tuned on
13 thousand instances from the ParlaSent
sentiment training dataset (Mochtak et al.,
2023) in seven European languages (Bosnian,
Croatian, Czech, English, Serbian, Slovak,
and Slovenian; Mochtak et al., 2024), while
the ParlaCAP model was fine-tuned on the
ParlaCAP-train dataset (Kuzman Pungeršek
and Ljubešić, 2026; Kuzman Pungeršek et al.,
2026) that comprises around 30 thousand
speeches from parliamentary debates anno-
tated with CAP topic labels, originating from
the ParlaMint 4.1 parliamentary datasets (Er-
javec et al., 2024; Erjavec et al., 2025) in 29
European languages. The X-GENRE classi-
fier is based on the base-sized XLM-RoBERTa
model (Conneau et al., 2020) and was fine-
tuned on the training split of the X-GENRE
dataset (Kuzman and Ljubešić, 2024a) in En-
glish and Slovenian; while the IPTC News
Topic classifier is based on the large-sized
XLM-RoBERTa model (Conneau et al., 2020)
that was fine-tuned on the EMMediaTopic
dataset (Kuzman and Ljubešić, 2024c) in Cata-
lan, Croatian, Greek, and Slovenian. All fine-
tuned models use the same classes as the test
datasets used in our study.

• open-weight and closed-source large lan-
guage models: we use closed-source OpenAI
models, namely the GPT-3.5-Turbo (gpt-3.5-
turbo-0125; OpenAI, 2023), GPT-4o (gpt-
4o-2024-08-06; OpenAI, 2024) and the
GPT-5 (gpt-5-2025-08-07; OpenAI, 2025);
a closed-source Gemini 2.5 Flash model (Co-
manici et al., 2025) by Google DeepMind;

a closed-source Mistral Medium 3.1 model
(mistral-medium-2508; Mistral AI, 2025)
by Mistral AI; and four open-weight models,
namely, the Meta LLaMA 3.3 model (Meta,
2024), the Gemma 3 model (Gemma Team
et al., 2025), the Qwen 3 model (Yang et al.,
2025), and the DeepSeek-R1-Distill model
(DeepSeek-R1-Distill-Qwen-14B; Guo
et al., 2025). It is important to note that while
the LLaMA model was pretrained on a web text
collection in various languages, it is said to sup-
port only 8 languages, namely English, Ger-
man, French, Italian, Portuguese, Hindi, Span-
ish, and Thai (Meta, 2024). The DeepSeek-
R1-Distill model is based on the Qwen 2.5
model (Qwen Team, 2024b,a) that provides
support for more than 29 languages – not in-
cluding South Slavic languages though. In
contrast, the Gemma 3 model is reported to
support over 140 languages (Gemma Team
et al., 2025), and the Qwen 3 model was pre-
trained on 119 languages (Yang et al., 2025).
While closed-source models are said to be
massively multilingual, with Gemini 2.5 mod-
els being pretrained on over 400 languages
(Comanici et al., 2025), details on their lan-
guage coverage are very limited.

Open-weight models were installed locally and
executed via the Ollama API service (Marić et al.,
2025). OpenAI models were used through the
chat completion endpoint via the OpenAI API,
whereas other closed-source models were ac-
cessed through the OpenRouter platform4 that pro-
vides a unified API access to various closed-source
models. To prevent any bias, all models were used
with their default parameters. The only parameter
that we defined is the temperature which we set to
0 to ensure a more deterministic behaviour of the
models. More details on the models and their imple-
mentation, including information on the availability
of openly available models and fine-tuning datasets,
are provided in Section A.2 of the Appendix.

All instruction-tuned LLMs are used in a zero-
shot prompting setup, meaning that they receive
only a task description and label definitions. All
prompts and label definitions are written in English,
while the instances are provided in the original lan-
guages (English or South Slavic). Changing the lan-
guage of the prompt could introduce an additional
factor that affects performance. In the presented ex-
periments, our goal is to assess model performance
on a specific task and language, rather than to
evaluate their instruction-following abilities across
different languages. The models are instructed to
output a label, represented by a digit. The same
prompt per benchmark family is used for all LLMs.

4https://openrouter.ai/
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Prompts are provided in Figure 4 in Section A.2 of
the Appendix.

5. Results

In this section, we evaluate the performance of the
fine-tuned BERT-like models and the instruction-
tuned LLMs on a selection of text classification
tasks that include test datasets in South Slavic lan-
guages. First, in Section 5.1, we provide results on
the four benchmark families with a focus on hypoth-
esis H1, which expects that zero-shot prompting
with LLMs can provide performance that is com-
parable to that of fine-tuned BERT-like models. In
Section 5.2, we compare in more detail the per-
formance of the closed-source and open-weight
LLMs on the three text classification tasks, which
is followed by a discussion on the advantages and
limitations of LLMs for data annotation based on
text classification tasks (Section 5.3). Lastly, in
Section 5.4, we compare the performance of LLMs
on English test datasets with their performance
on South Slavic datasets, addressing hypothesis
H2, which presumes that the available multilingual
LLMs perform similarly on South Slavic languages
as on English.

Model Rank Rank
(EN)

Rank
(South
Slavic)

GPT-5 2.29 1.33 2.55
GPT-4o 2.36 2.00 2.45
Fine-Tuned BERT-
Like Model 3.21 4.67 2.82

Gemini 2.5 Flash 3.50 3.33 3.55
Mistral Medium 3.1 5.36 5.00 5.45
Gemma 3 5.71 5.67 5.73
LLaMA 3.3 6.00 6.67 5.82
Qwen 3 7.43 7.00 7.55
GPT-3.5-Turbo 8.79 9.00 8.73
DeepSeek-R1-
Distill 10.00 10.00 10.00

Table 2: Comparison of models based on their
average rank (1 = best-performing, 10 = worst-
performing) across all test datasets (first column),
and averaged across English (second column) or
South Slavic (third column) test datasets.

5.1. State of the Art in Text Classification
Tasks

Figure 1 provides the results of model evaluation
on our selection of text classification tasks. A con-
sistent pattern emerges across all four benchmark

families: LLMs, when used in a zero-shot prompt-
ing setup, achieve some of the highest scores. As
shown in Table 2, which compares model rankings
across tasks, LLMs achieve first place more often
on average than the fine-tuned BERT-like model.

Figure 1a shows that both open-weight and
closed-source LLMs, used in a zero-shot prompting
setup on the sentiment identification task, achieve
performance that is comparable or even signifi-
cantly higher than that of a fine-tuned BERT-like
model trained on a large manually-annotated sen-
timent dataset. The only models that consistently
perform worse than the fine-tuned BERT-like model
are GPT-3.5-Turbo and DeepSeek-R1-Distill. Sen-
timent classification appears broad enough that
more potent LLMs can interpret label definitions ef-
fectively without task-specific fine-tuning, reducing
the benefit of additional training.

In contrast, fine-tuned BERT-like models outper-
form most LLMs on automatic genre identification
and topic classification tasks. These tasks depend
on predefined label sets based on specific guide-
lines, and the strong performance of fine-tuned
BERT-like models indicates that domain-specific
fine-tuning on labelled data still offers an advantage
over the general knowledge leveraged by LLMs in
zero-shot setups. This advantage is particularly
clear in genre identification for South Slavic texts,
where the fine-tuned BERT-like model significantly
outperforms LLMs. The likely reason for the fine-
tuned model’s very strong performance on South
Slavic genre datasets is the curated nature of the
test data – more challenging examples were re-
moved before and during manual annotation, un-
like in the English genre test dataset where the
instances were randomly sampled from an English
web corpus. Nevertheless, despite this limitation,
the South Slavic test dataset remains valuable for
comparing the performance of LLMs.

To conclude, since some LLMs used in a zero-
shot prompting setup achieve higher or compara-
ble results to fine-tuned BERT-like models across
all classification tasks and languages, as shown
in Table 2, we can confirm hypothesis H1, which
proposed that zero-shot prompting with LLMs can
perform comparably to fine-tuned BERT-like mod-
els.

5.2. Comparison of Large Language
Models

Figure 2 shows the performance of open-weight
and closed-source LLMs, used via prompting, on
the tasks of sentiment identification, automatic
genre identification, news topic classification, and
parliamentary topic classification. The DeepSeek-
R1-Distill model is not included in the comparison,
as it performs significantly worse than the other
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(a) Sentiment classification. (b) Automatic genre identification.

(c) News topic classification. (d) Parliamentary topic classification.

Figure 1: Micro-F1 and macro-F1 scores across models and languages on the test datasets for sentiment
classification (Figure 1a), automatic genre identification (Figure 1b), and topic classification on news
(Figure 1c) and parliamentary speeches (Figure 1d).

models, as shown in Figure 1.

While different models perform best across dif-
ferent languages and test datasets, a clear trend
emerges: the top-performing models across all four
benchmark families are the closed-source GPT-4o
and GPT-5 from OpenAI, along with Gemini 2.5
Flash. Although GPT-5 is newer and reportedly
more powerful, it does not outperform GPT-4o on all
benchmarks. Among open-weight models, Gemma
3 generally achieves the best results in sentiment
identification (Figure 2a) and news topic classifica-
tion (Figure 2c). For automatic genre identification
(Figure 2b) and parliamentary topic classification
(Figure 2d), rankings of open-weight models vary
by language. Overall, the weakest performance is
observed with the older closed-source GPT-3.5-
Turbo model, highlighting the rapid progress in
both open-weight and closed-source model devel-
opment.

5.3. Advantages and Disadvantages of
LLMs

A clear advantage of LLMs is that they do not re-
quire manually-annotated training data for specific
tasks, yet still achieve strong performance when
provided only with task instructions and brief label
descriptions. However, these models are signifi-
cantly more computationally expensive than fine-
tuned BERT-like models. While closed-source mod-
els deliver the best performance, as shown in pre-
vious sections, they come with several limitations:
they are costly to use, their architectures and pre-
training data are not publicly disclosed, and access
through APIs hinders reproducibility, in contrast to
open-weight LLMs and fine-tuned BERT-like mod-
els.

What is more, the inference speed of all LLMs
is significantly slower than that of a fine-tuned
BERT-like model. As shown in Figure 3, the fine-
tuned BERT-like model achieves one of the highest
macro-F1 scores on the topic classification task
for parliamentary speeches, while maintaining a
very low inference time of just 0.02 seconds per
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(a) Sentiment classification. (b) Automatic genre identification.

(c) News topic classification. (d) Parliamentary topic classification.

Figure 2: Comparison of LLMs used in a zero-shot prompting setup on sentiment identification (Figure 2a),
automatic genre identification (Figure 2b), and topic classification on news (Figure 2c) and parliamentary
speeches (Figure 2d).

Figure 3: Comparison of models on the parliamen-
tary topic classification based on their inference
speed (seconds per instance) and performance
(macro-F1 scores), both averaged across all four
languages.

instance. In contrast, most LLMs have inference
times between 0.6 and 1.4 seconds per instance,
making them three to seven times slower for an-

notating the same dataset. The slowest model,
GPT-5, takes 5.5 seconds per instance, which ren-
ders it impractical for large-scale automatic anno-
tation of text collections. In this regard, fine-tuned
BERT-like models offer a key advantage due to
their lower computational cost and higher inference
speed. Moreover, they can be trained on training
data that is annotated by LLMs using the recently in-
troduced LLM teacher-student paradigm (Kuzman
and Ljubešić, 2025), which considerably reduces
the effort needed to develop task-specific models.

Another limitation of LLMs, as revealed by the
experiments, is their occasional deviation from the
defined label set. This issue was especially notice-
able in topic classification and, to a lesser extent,
in genre identification. The highest rate of label
hallucination was found in the DeepSeek-R1-Distill
model, which produced non-existing labels for 8%
of instances in the news topic test datasets and 4%
in the genre test dataset. Similar issues were also
observed, though much less frequently (less than
1%), with the LLaMA 3.3, Gemma 3, Qwen 3 and
Mistral Medium 3.1 models. In contrast, fine-tuned
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BERT-like models do not suffer from this issue, as
they output probabilities for the predefined classes.

Model Difference
(sentiment)

Difference
(topic)

GPT-5 0.02 0.05
GPT-4o 0.04 0.08
Gemini 2.5
Flash

0.04 0.08

Gemma 3 0.05 0.07
LLaMA 3.3 0.05 0.07
Mistral
Medium
3.1

0.07 0.09

Qwen 3 0.07 0.10
GPT-3.5-
Turbo

0.07 0.03

Table 3: Difference between model performance in
macro-F1 scores obtained on sentiment and topic
classification in parliamentary texts on English ver-
sus the average macro-F1 scores on South Slavic
languages.

5.4. Performance on English versus on
South Slavic languages

The sentiment identification ParlaSent and the
topic classification ParlaCAP benchmark families
comprise test datasets in South Slavic languages
and English that were constructed with the same
methodology. Thus, they also allow for a compari-
son of the performance of the LLMs on English, a
highly resourced language, with South Slavic lan-
guages, which are significantly less represented
in the pretraining and instruction-tuning datasets
used to develop large language models.

As shown in Table 3, the differences in macro-F1
scores between English and the average of macro-
F1 scores for South Slavic languages are relatively
small for sentiment identification, ranging from 2 to
7 points. For topic classification, the performance
gap is slightly larger, ranging from 3 to 10 points.
This is likely due to the increased difficulty of the
task, which involves greater label granularity: 22
labels compared to just 3 in sentiment classifica-
tion. These findings partially confirm hypothesis
H2, which stated that LLMs, when used in a zero-
shot setup, perform comparably on text classifica-
tion tasks in South Slavic languages as they do on
English.

Interestingly, even the open-weight LLaMA 3.3
model – reported to support only eight languages,
excluding the South Slavic group – does not show
a substantial performance drop when applied to
South Slavic languages compared to English.

6. Conclusion

In this paper, we evaluated how well current ma-
chine learning technologies handle text classifica-
tion tasks in South Slavic languages. We compared
fine-tuned BERT-like models with decoder-only gen-
erative large language models (LLMs) that are used
in a zero-shot prompting setup across three tasks
and three text domains: sentiment classification in
parliamentary texts, news topic classification, topic
classification in parliamentary texts, and automatic
genre identification on web texts.

Our results show that LLMs used with prompting,
where only a brief task description and labels were
provided, achieved strong results across all tasks
and languages, particularly the closed-source GPT-
4o (OpenAI, 2024), GPT-5 (OpenAI, 2025) and
Gemini 2.5 Flash (Comanici et al., 2025) models.
The performance of LLMs is comparable or higher
than that of fine-tuned BERT-like models special-
ized for the tasks. On the sentiment identification
task, most open-weight and closed-source LLMs
outperformed the fine-tuned model, demonstrating
strong general knowledge of the notion of senti-
ment. For genre and topic classification, however,
fine-tuning BERT-like models remains beneficial,
as these tasks rely on predefined label sets and
fine-tuning aligns the models more closely with the
task requirements.

Interestingly, LLMs perform similarly in English
and South Slavic languages, with rather minor
drops in micro- and macro-F1 scores, namely a
drop of 2 to 7 points in terms of macro-F1 scores
on sentiment classification, and a slightly higher
drop from 3 to 10 points on topic classification in
parliamentary texts. This suggests that the gap in
multilingual performance is smaller than expected,
even for open-weight models not explicitly dedi-
cated to these languages.

Although large language models offer impressive
zero-shot performance and reduce the need for an-
notated data, they come with higher computational
costs and are more prone to producing invalid la-
bels. Moreover, their inference speed is at least
three times slower than that of the fine-tuned BERT-
like models. Thus, their use in use cases with ex-
tensive data to be processed, such as automatic
enrichment of large corpora with text categories,
remains impractical due to their high computational
demands. In contrast, fine-tuned BERT-like mod-
els are more computationally efficient and can be
better tailored to the specific characteristics of a
task and its domain. They remain a practical and
reliable choice for text classification tasks, espe-
cially when computational resources are limited,
high inference speed is desired or output reliabil-
ity is critical. Moreover, it is possible to combine
the strengths of both approaches, as proposed by

8



the LLM teacher-student paradigm (Kuzman and
Ljubešić, 2025): LLMs can be used to automatically
annotate training data, reducing the need for costly
and time-consuming manual annotation, while fine-
tuned BERT-like models can then be trained on
these datasets.

This study represents only an initial step to sys-
tematically benchmark text classification perfor-
mance in South Slavic languages. Although our
evaluation includes four diverse benchmark fam-
ilies, some of the test datasets remain relatively
small. Future work will aim to increase dataset
sizes, include more South Slavic languages and di-
alects, and introduce additional classification tasks.
As new large language models continue to emerge
rapidly, it will also be important to establish ongo-
ing evaluations to track whether their performance
continues to improve, particularly on South Slavic
languages. Importantly, this study only evaluated
the performance of LLMs in a zero-shot prompting
setup. In future work, we plan to extend the evalu-
ation to include few-shot prompting and fine-tuning
on training data. To support further research and fa-
cilitate reproducibility, we have made all code, eval-
uation scripts, and results publicly available.5 Ad-
ditionally, we have developed an interactive dash-
board6 that enables users to explore the results
of our evaluation of large language models on the
tasks presented in this paper, as well as on addi-
tional commonsense reasoning tasks. The dash-
board is an ongoing project that monitors the per-
formance of newly released large language models
on South Slavic languages and dialects. In future
work, we plan to expand both the range of tasks
and the coverage of South Slavic languages and
dialects included in the dashboard.

7. Ethical Considerations and
Limitations

Our study has several limitations that should be
acknowledged. First, while we aimed to include
a broad set of South Slavic languages, some –
most notably Bulgarian – were not covered in our
experiments. We assume that the performance
on Bulgarian would be similar to that observed
for Macedonian, given their close linguistic prox-
imity, or the results for Bulgarian could be slightly
better, as Macedonian is comparatively more low-
resourced. Moreover, due to the high computa-
tional cost of evaluating the LLMs on all the test
datasets and the financial cost associated with the

5https://github.com/TajaKuzman/
Benchmarking-Text-Classification-on-South-Slavic

6See the CLASSLA LLM Evaluation Dashboard for
South Slavic Languages at https://www.clarin.
si/classla-llm-dashboard/.

use of closed-source models, each model was eval-
uated on each dataset only once. This setup pre-
vents us from fully estimating the variance of the
results, however, based on our preliminary experi-
ments, we expect this variance to be relatively small.
Finally, the scope of our evaluation remains limited
in terms of test datasets, language coverage and
tasks. Expanding the range of benchmarks would
allow for a more comprehensive validation of our
findings, particularly regarding the hypothesis that
LLMs can perform on par with fine-tuned BERT-
like models across diverse natural language under-
standing tasks, languages and language varieties.
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A. Appendix

A.1. Benchmarking Datasets
In this section, we provide additional information
on the datasets used for benchmarking the models
on sentiment identification, topic classification, and
genre identification tasks in this study.

ParlaSent test datasets for sentiment classifica-
tion in parliamentary speeches include Croa-
tian, Serbian, Bosnian, and English data from
the multilingual sentiment dataset of parliamen-
tary debates ParlaSent 1.0 (Mochtak et al., 2024,
Mochtak et al., 2023).7 The dataset comprises
sentences that were randomly sampled from Croa-
tian, Serbian, Bosnian and British parliamentary
corpora and manually annotated with reported inter-
annotator agreement ranging from 0.53 to 0.66 in
Krippendorff’s alpha (Krippendorff, 2018). The an-
notation involved a more granular six-level senti-
ment polarity scale that has been mapped to a
three-level sentiment polarity scale which we use
in our experiments: negative (0), neutral (1), and
positive (2).

GINCO datasets for automatic genre identifi-
cation comprise the English EN-GINCO dataset
(Kuzman et al., 2023) and a multilingual X-GINCO
dataset from the AGILE benchmark for Automatic
Genre Identification.8 The test instances were
sampled from the enTenTen20 English web cor-
pus (Jakubíček et al., 2013) and the MaCoCu
multilingual web corpus collection (Bañón et al.,
2022). They were manually annotated by ex-
perts with a background in linguistics and compu-
tational linguistics who had experience with previ-
ous genre annotation campaigns (Kuzman et al.,
2022, 2023) where they reached an acceptable
inter-annotator agreement of 0.71 in nominal Krip-
pendorff’s alpha (Krippendorff, 2018). While the
X-GINCO dataset comprises numerous European
languages, for the purposes of this study, we fo-
cus on three South Slavic languages: Croatian,
Macedonian, and Slovenian. The test datasets
use the X-GENRE annotation schema (Kuzman
et al., 2023) that includes the following genre labels:
Information/Explanation, News, Instruction, Opin-
ion/Argumentation, Forum, Prose/Lyrical, Legal
and Promotion. While EN-GINCO and X-GINCO
datasets have been annotated by the same anno-
tator with the same schema, one should note that

7Available in the CLARIN.SI repository at http://
hdl.handle.net/11356/1585 and in the Hugging Face
repository at https://huggingface.co/datasets/classla/
ParlaSent.

8https://github.com/TajaKuzman/
AGILE-Automatic-Genre-Identification-Benchmark

there are important differences between them in
terms of their construction – the English test dataset
was sampled randomly from the web corpus, result-
ing in an unbalanced label distribution, while the X-
GINCO datasets were curated with more deliberate
interventions to ensure a balanced label distribu-
tion and a more controlled sampling process. Con-
sequently, the X-GINCO datasets comprise fewer
ambiguous instances and could be regarded as an
easier test dataset.

IPTC News Topic test datasets (Kuzman and
Ljubešić, 2025) comprise Croatian and Slovenian
news articles extracted from the MaCoCu-Genre
web corpus collection (Kuzman and Ljubešić,
2024b) and manually annotated by one annotator.
The reliability of the annotator was confirmed on a
sample of data that was annotated by an additional
annotator. The two annotators reached an accept-
able inter-annotator agreement of 0.73 in nominal
Krippendorff’s alpha (Krippendorff, 2018). Text in-
stances are annotated with 17 topic labels from the
top level of the IPTC NewsCodes Media Topic hi-
erarchical schema, developed by the International
Press Telecommunications Council (IPTC) (IPTC,
2022). The datasets are more or less balanced by
labels.

ParlaCAP test datasets (Kuzman Pungeršek
et al., 2026) comprise parliamentary speeches in
Bosnian, Croatian, English, and Serbian, sourced
from the ParlaMint 4.1 dataset (Erjavec et al., 2024;
Erjavec et al., 2025). These speeches were anno-
tated by a single expert annotator using the 21 CAP
categories from the official CAP schema (Baum-
gartner et al., 2019), along with an additional Other
label. The datasets are approximately balanced
across labels. To assess the annotation quality, the
Croatian dataset was independently annotated by
two additional annotators. Inter-annotator agree-
ment between the expert annotator and the others
ranged from 0.62 to 0.68 in Krippendorff’s alpha,
which is around the threshold of 0.67 typically con-
sidered acceptable for annotation reliability (Krip-
pendorff, 2018).

A.2. Models
In the following subsections, we outline the models
included in the evaluation – the fine-tuned BERT-
like classifiers (Section A.2.1) and the open-weight
and closed-source LLMs (Section A.2.2).

A.2.1. Fine-Tuned BERT-like Models

BERT (bidirectional encoder representations from
transformers) deep neural models (Kenton and
Toutanova, 2019) have revolutionized the field of
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natural language processing (NLP), outperform-
ing non-neural methods across various NLP tasks.
They have a more complex and computationally
expensive architecture featuring transformers –
neural networks with self-attention mechanisms
(Vaswani et al., 2017) – that significantly improves
the efficiency of training the models on massive text
data. Similarly to decoder-only transformer models,
BERT models are pretrained on massive amounts
of texts, possibly in multiple languages, which es-
tablishes their ability to encode the words and texts
in high-dimensional vector spaces (Minaee et al.,
2020) and enables their application even across
languages in a zero-shot classification scenario.
To develop BERT-based classifiers, the pretrained
models are trained, that is, fine-tuned, on a training
dataset comprising text instances annotated with
labels. In our study, we evaluate openly-accessible
multilingual fine-tuned BERT-like models that have
already been developed in recent related research.
Namely, we evaluate the following models:

• IPTC News Topic classifier9 (Kuzman and
Ljubešić, 2025) is a multilingual fine-tuned
BERT-like model for news topic classification
according to the top-level IPTC NewsCodes
schema (IPTC, 2022). The model is based on
the large-sized XLM-RoBERTa model (Con-
neau et al., 2020) and was fine-tuned on
15,000 training text instances from the EM-
MediaTopic10 dataset (Kuzman and Ljubešić,
2024c). The training dataset contains news
article instances in four languages: Catalan,
Croatian, Greek, and Slovenian. The training
dataset was annotated using an LLM that was
shown to achieve annotation reliability compa-
rable to that of human annotators (Kuzman and
Ljubešić, 2025). This approach is based on the
novel methodology that uses the LLM teacher-
student pipeline to develop BERT-like classi-
fiers in the absence of manually-annotated
training data.

• XLM-R-ParlaSent (Rupnik et al., 2023;
Mochtak et al., 2024) is a domain-specific mul-
tilingual transformer model for sentiment iden-
tification in parliamentary texts. It is based on
the XLM-R-parla pretrained model (Ljubešić
et al., 2023) that was developed by addition-
ally pretraining the large-sized XLM-RoBERTa
model (Conneau et al., 2020) on 1.72 billion
words from parliamentary proceedings in 30
European languages. To develop the XLM-

9The IPTC News Topic classifier is available in
the Hugging Face repository at https://huggingface.co/
classla/multilingual-IPTC-news-topic-classifier.

10The EMMediaTopic training dataset is available in
the CLARIN.SI repository at http://hdl.handle.net/11356/
1991.

R-ParlaSent model,11 the pretrained XLM-R-
Parla model was fine-tuned on the ParlaSent
sentiment training dataset (Mochtak et al.,
2024; Mochtak et al., 2023) in seven Euro-
pean languages (Bosnian, Croatian, Czech,
English, Serbian, Slovak, and Slovenian). The
training dataset12 comprises 13,000 instances
sampled from parliamentary proceedings and
manually annotated with sentiment labels.

• ParlaCAP classifier13 (Kuzman Pungeršek
and Ljubešić, 2025; Kuzman Pungeršek et al.,
2026) is a domain-specific multilingual trans-
former model for topic classification in par-
liamentary texts based on the CAP schema
(Baumgartner et al., 2019). As the XLM-
R-ParlaSent model, this model is based on
the XLM-R-parla pretrained model (Ljubešić
et al., 2023; Mochtak et al., 2024). The XLM-
R-parla model was then fine-tuned on the
ParlaCAP-train dataset14 (Kuzman Pungeršek
and Ljubešić, 2026; Kuzman Pungeršek et al.,
2026). The training dataset comprises around
30 thousand speeches from parliamentary de-
bates from the ParlaMint 4.1 parliamentary
datasets (Erjavec et al., 2024; Erjavec et al.,
2025) in 29 European languages. The train-
ing dataset was annotated with the CAP cat-
egories by a GPT-4o (OpenAI, 2024) model
used in a zero-shot prompting setup, follow-
ing the LLM teacher-student framework (Kuz-
man and Ljubešić, 2025). Based on the inter-
annotator agreement, calculated on a sample
that was annotated by three human annota-
tors and the LLM annotator, the agreement
between the LLM and the human annotators
was comparable to the agreement between the
human annotators themselves. This indicates
that the LLM performs as reliably as human
annotators on this task, supporting its use for
annotating the training data.

• X-GENRE classifier (Kuzman et al., 2023;
Kuzman and Ljubešić, 2024d) is a multilin-
gual fine-tuned BERT-like model for automatic
genre identification.15 The model is based on

11The XLM-R-ParlaSent model is accessible in the
Hugging Face repository at https://huggingface.co/
classla/xlm-r-parlasent.

12The ParlaSent training and test datasets are freely
available in the CLARIN.SI repository at http://hdl.handle.
net/11356/1868.

13The ParlaCAP topic classifier is available in the Hug-
ging Face repository at https://huggingface.co/classla/
ParlaCAP-Topic-Classifier.

14The ParlaCAP-train training dataset is available in
the CLARIN.SI repository at http://hdl.handle.net/11356/
2093.

15The X-GENRE classifier is freely available in the
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the base-sized XLM-RoBERTa model (Con-
neau et al., 2020) and was fine-tuned on the
training split of the X-GENRE dataset (Kuz-
man and Ljubešić, 2024a), which contains
1,772 text instances in Slovenian and English,
manually-annotated with genre labels from the
X-GENRE schema (Kuzman et al., 2023).

A.2.2. Instruction-Tuned Large Language
Models

As the BERT models, decoder-only large language
models are based on a transformer deep neural
architecture and are pretrained on massive text
collections. However, while the development of
fine-tuned BERT-like classifiers necessitates large
amounts of annotated training data, recent ad-
vances in the field have shown that the instruction-
tuned LLMs are capable of text classification in a
zero-shot or few-shot prompting setups which do
not require any training data. We assess the per-
formance of the following large language models:

• OpenAI models, namely the GPT-3.5-Turbo
(gpt-3.5-turbo-0125) (OpenAI, 2023),
GPT-4o (gpt-4o-2024-08-06) (OpenAI,
2024) and the GPT-5 (gpt-5-2025-08-
07) (OpenAI, 2025). These closed-source
instruction-tuned LLMs were developed by
OpenAI. OpenAI states that the models are
trained on large multilingual web corpora, how-
ever, specific details about the training data,
procedures, and architecture are not publicly
known.

• Gemini 2.5 Flash model (Comanici et al.,
2025) is a closed-source multilingual and multi-
modal instruction-tuned LLM by Google Deep-
Mind. The model is reported to be pretrained
on over 400 languages (Comanici et al., 2025),
however, details on the language coverage are
not available.

• Mistral Medium 3.1 model (mistral-
medium-2508) (Mistral AI, 2025) is a closed-
source multimodal instruction-tuned model by
Mistral AI. Available details on the model archi-
tecture and language coverage are very lim-
ited.

• LLaMA 3.3 model16 (Meta, 2024) is an open-
weight instruction-tuned multilingual LLM, de-
veloped by Meta, with 70 billion parameters.
The model was pretrained on a web text col-
lection in various languages, however, it is re-
ported to support only 8 languages, namely,

Hugging Face repository at https://doi.org/10.57967/hf/
0927 and the CLARIN.SI repository at http://hdl.handle.
net/11356/1961.

16https://ollama.com/library/llama3.3

English, German, French, Italian, Portuguese,
Hindi, Spanish, and Thai.

• Gemma 3 model17 (Gemma Team et al.,
2025) is an open-weight multilingual
instruction-tuned LLM, developed by Google
DeepMind. The model was pretrained on
multimodal data with large quantities of
multilingual texts and is reported to support
over 140 languages. We use the model in 27
billion parameter size.

• DeepSeek-R1-Distill18 (Guo et al., 2025) is
an open-weight reasoning LLM, developed by
DeepSeek AI. We use the distilled model in 14
billion parameter size, namely the DeepSeek-
R1-Distill-Qwen-14B model. The model
is based on the Qwen 2.5 model (Qwen
Team, 2024b,a) that was fine-tuned using a
dataset curated with the DeepSeek-R1 reason-
ing model. The Qwen 2.5 model provides mul-
tilingual support for over 29 languages, includ-
ing Chinese, English, French, Spanish, Por-
tuguese, German, Italian, Russian, Japanese,
Korean, Vietnamese, Thai, and Arabic.

• Qwen 319 (Qwen3-2504) (Yang et al., 2025)
is an open-weight LLM, developed by Alibaba
Cloud. We use the model with the 32 billion pa-
rameter size, namely, the qwen3:32b model.
The model is said to support over 100 lan-
guages and dialects (Yang et al., 2025).

Open-weight models were installed locally and
executed via the Ollama API service (Marić et al.,
2025). We use the quantized versions of the mod-
els as they are available through the Ollama li-
brary.20 OpenAI models are used through the
chat completion endpoint via the OpenAI API,
whereas other closed-source models were ac-
cessed through the OpenRouter platform21 that
provides a unified API access to various closed-
source models.

To prevent any bias, all models were used with
their default parameters. The only parameter that
we defined is the temperature which we set to 0
to ensure a more deterministic behaviour of the
models. The same prompts were used for all open-
weight and closed-source models. In Figure 4, we
provide prompts that were provided to the LLMs
for zero-shot text classification, namely for senti-
ment classification (Figure 4a), automatic genre
identification (Figure 4b), news topic classification
(Figure 4c) and topic classification in parliamentary

17https://ollama.com/library/gemma3
18https://ollama.com/library/deepseek-r1:14b
19https://ollama.com/library/qwen3
20https://ollama.com/library
21https://openrouter.ai/
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speeches (Figure 4d). For more details on the se-
tups used to apply fine-tuned BERT-like models
and instruction-tuned LLMs to the test datasets,
refer to the code published on GitHub.22

22https://github.com/TajaKuzman/
Benchmarking-Text-Classification-on-South-Slavic
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(a) Sentiment classification. (b) Automatic genre identification.

(c) News topic classification. (d) Parliamentary topic classification.

Figure 4: The prompts that are provided to the LLMs for the sentiment identification task (Figure 4a),
automatic genre identification (Figure 4b), and topic classification on news (Figure 4c) and parliamentary
speeches (Figure 4d). The prompts comprise the description of the task and labels with short descriptions.
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Abstract 
Large Language Models (LLMs) are increasingly used in the social sciences and humanities (SSH) to support the 
analysis of complex textual data, raising methodological questions about evaluation and interpretive reliability. 
This paper explores the use of LLMs in Critical Discourse Analysis (CDA), considered here as a paradigmatic 
case of interpretive research in SSH, through a preliminary consensus-based evaluation framework. The study 
reports on a pilot experiment conducted on a small, theory-driven corpus of opinion articles addressing the 
October 7, 2023 attack and its aftermath. An LLM is asked to answer analytically motivated questions targeting 
different levels of discourse structure. Its responses are compared with annotations produced by multiple human 
analysts and aggregated through a consensus-based procedure. The results reveal an asymmetry in model 
performance: while LLMs align well with human consensus on macro- and superstructural features, they struggle 
with microstructural phenomena involving implicit meaning. These findings support the view of LLMs as epistemic 
support tools rather than replacements for human interpretation.  
Keywords: critical discourse analysis, large language models, interpretive evaluation, consensus-based analysis, 
social sciences and humanities 

1.​ Introduction 
The growing availability of Large Language 
Models (LLMs) has generated considerable 
interest across the social sciences and 
humanities (SSH), where they are increasingly 
explored as tools for supporting the analysis of 
complex textual data (Underwood, 2025). LLMs 
produce semantically rich outputs and 
natural-language explanations, making them 
attractive for interpretive research domains. At 
the same time, their adoption raises 
methodological questions concerning evaluation, 
reliability, and the role of human judgment 
(Abdurahman et al., 2025). 
To examine these questions in a concrete 
interpretive setting, this study focuses on Critical 
Discourse Analysis (CDA). CDA investigates 
how discourse contributes to the construction 
and reproduction of power relations and 
ideologies (Fairclough, 1995; van Dijk, 1998). 
Because it targets implicit meaning, evaluative 
framing, and ideologically loaded lexical choices, 
CDA represents a particularly demanding test 
case for assessing LLMs in SSH research. In 
recent years, the advent of LLMs has opened 
new possibilities for assisted CDA, while raising 
some methodological concerns. Although LLMs 
are highly efficient in implementing more 
mechanical tasks, they face greater challenges 
in performing complex analyses that require 
deep reasoning and significant critical distance 
(Gillings et al., 2025). LLMs appear flexible in 
conducting a range of analytical functions across 
different types of texts, and in their application to 
Critical Discourse Analysis. However, the 
specific role that they play in this field, and 
whether they should be applied autonomously or 
in combination with human work, remains still to 
be defined (DeJeu, 2025). 

In the light of this, and within a field yet in an 
exploratory phase, the present study explores 
the use of LLMs in CDA through a 
consensus-based evaluation framework 
designed to assess their analytical behaviour in 
interpretive contexts. We report on an 
experiment conducted on a small, theory-driven 
corpus of opinion articles addressing a highly 
polarized and widely mediatized event, namely 
the October 7, 2023 attack and the subsequent 
escalation of the conflict. The choice of this case 
study reflects the high density of ideological 
positioning and discursive polarization 
characteristic of such contexts. Rather than 
asking whether LLMs can “perform” CDA 
autonomously, this study explores the conditions 
under which they may contribute to interpretive 
research practices. By comparing  model outputs 
with consensus-based human annotations 
across different levels of discourse analysis, we 
aim to shed light on both the potential and the 
limitations of LLMs as epistemic support tools in 
the social sciences and humanities. 

2.​ Theoretical and Methodological 
Framework 

This study is grounded in Critical Discourse 
Analysis, with a particular reference to Teun A. 
van Dijk’s theoretical framework since he 
devotes significant attention to CDA applied to 
the study of the news. This analytical approach  
articulates discourse analysis across multiple, 
interconnected levels, namely macrostructure, 
superstructure, and microstructure, each 
associated with different degrees of explicitness 
and interpretive complexity (van Dijk, 1988).  
The macrostructural level concerns the global 
meaning of a text. The main themes of a text 
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(topics) are produced through well-defined rules 
and organized into a set of propositions. In 
journalistic texts, topics are not presented in a 
linear or sequential manner, but rather in an 
order according to which the most specific 
information precedes the less detailed one. 
Topics are an important aspect of news texts and 
they represent what the authors consider to be 
the most important information. The 
superstructural level refers to the conventional 
organization of texts according to genre-specific 
categories, such as headlines, summaries, and 
commentary, which guide readers’ expectations 
and interpretive trajectories. The microstructure 
concerns local linguistic elements, namely words 
and sentences that make up a text, as well as 
the strategies of local meaning and their 
underlying ideology. This level of analysis 
focuses on semantics, syntax, style, and 
rhetoric. 
This distinction is methodologically relevant for 
LLM evaluation: macro- and superstructural 
features rely more on surface regularities, 
whereas microstructural phenomena require 
pragmatic inference and contextual sensitivity. 
The contrast provides a principled lens for 
identifying structural limits in model behaviour. 
Within interpretive SSH traditions, CDA 
exemplifies inquiry where multiple theoretically 
grounded readings may coexist (Wodak & 
Meyer, 2009). Here, disagreement is an 
epistemic resource rather than noise to be 
minimized. 
These considerations have direct implications for 
evaluating LLMs in SSH contexts. If 
interpretation is inherently plural and negotiated, 
rigid gold standards and accuracy-based metrics 
are insufficient to capture model behaviour 
meaningfully. Instead, evaluation must account 
for plausible human interpretations and the 
theoretical assumptions underlying them. For 
this reason, the present study adopts a 
consensus-based framework, aggregating 
multiple human annotations to define a shared 
interpretive reference. Consensus is not treated 
as absolute agreement, but as bounded 
convergence reflecting common ground and 
residual uncertainty. CDA thus functions as a 
methodological testbed for exploring how LLMs 
can be used in interpretive contexts, with 
evaluation serving as a structured means of 
assessing their analytical alignment. 

3.​ The Experiment 
The experiment reported in this paper is 
designed to explore how LLMs can be evaluated 
when applied to CDA. Rather than aiming at 
large-scale validation or performance 
benchmarking, the study adopts a small-scale, 
theory-driven design, intended to foreground 
methodological issues related to interpretation, 
consensus, and evaluation. 
The corpus adopted in the experiment consists 
of thirty English-language opinion articles drawn 

from three newspapers with diverse political and 
ideological orientations: The Jerusalem Post, 
The Electronic Intifada, and The Washington 
Post. Opinion pieces were selected because 
they make ideological positioning particularly 
explicit and, therefore, constitute a suitable 
object for CDA. The articles cover the period 
from October 7, 2023 to January 7, 2024 and 
focus on the attack carried out by Hamas against 
Israel on October 7, 2023, together with its 
immediate political and military aftermath. This 
event was chosen as a case study due to its high 
degree of media visibility and discursive 
polarization, which results in sharply contrasting 
representations across different outlets.1 
As previously stated, the analytical framework is 
grounded in van Dijk’s model of discourse 
analysis and operationalized through a set of 
analytically motivated questions targeting 
different levels of textual organization. 
We defined eight questions, distributed across 
the three main dimensions of the model. Q1–Q4 
concern the macrostructure: Q1 asks raters to 
estimate the proportion of the article devoted to 
the events of 7 October 2023; Q2 focuses on the 
connotative framing of the attack, asking whether 
it is described in positive, negative, neutral 
terms, or not mentioned; Q3 and Q4 identify, 
respectively, the actors represented as the main 
agents of the action and those represented as its 
targets. Q5 addresses the superstructure and 
focuses on the function of the headline, 
distinguishing between informative, persuasive, 
and emotionally oriented titles. Q6–Q8 concern 
the microstructure: Q6 examines the presence of 
negatively connoted lexical items, Q7 the use of 
euphemisms as mitigating strategies in the 
representation of violent events, and Q8 
investigates forms of linguistic dehumanization 
directed at specific groups. Taken together, these 
questions translate key CDA categories into a 
controlled annotation scheme that can be 
applied comparatively to both human raters and 
LLMs.  
The resulting scheme includes both ordinal 
categories (Q1, Q6, Q7) and nominal categories 
(Q2–Q5, Q8), reflecting different degrees of 
interpretive gradience. The aim is not to 
exhaustively annotate all the possible discursive 
features, but to test how an LLM responds to 
questions that vary in terms of interpretive 
explicitness and contextual dependence. The full 
list of analytical questions, together with the 
prompts and the corpus of articles used in the 
experiment and all  resulting data are publicly 
available in an online repository, in line with 

1 Given the political sensitivity of the topic, it is 
important to acknowledge that LLM outputs may 
also reflect alignment constraints and 
training-data biases embedded in the model. 
While a systematic bias analysis is beyond the 
scope of this pilot study, this factor should be 
considered when interpreting the results. 
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principles of transparency and reproducibility in 
SSH research.2 
Three human analysts with expertise in CDA 
independently annotated the entire corpus by 
answering the same set of questions for each 
article. To reduce potential bias, the articles were 
anonymized and presented in random order, 
without reference to their source. In parallel, the 
same questions were submitted to GPT-4o via 
the ChatGPT web interface, conducting five 
independent runs for each article. Each run was 
performed in a separate temporary chat session 
to avoid cross-instance memory effects. This 
procedure was adopted to account for the 
non-deterministic nature of the model outputs 
and to assess the internal stability of the model’s 
responses. 
Given the interpretive nature of the task, the 
evaluation did not rely on a single authoritative 
annotation. Instead, both human and 
model-generated responses were aggregated 
using a consensus-based procedure, primarily 
based on majority agreement. In cases where no 
simple majority emerged, a predefined 
deterministic rule was applied to ensure 
consistency: for the ordinal categories (Q1, Q6, 
Q7), consensus was defined by selecting the 
median category, whereas for the nominal 
categories (Q2–Q5, Q8), a fixed tie-breaking 
criterion was used. To ensure the reliability of 
this reference standard, an inter-annotator 
agreement was first assessed among the human 
raters and, separately, across the multiple runs 
of the LLM.  
Agreement was assessed using complementary 
metrics capturing both chance-corrected 
agreement (Fleiss’ κ for human annotators) and 
distributional convergence; inter-run consistency 
of the LLM was quantified using the Mean Modal 
Agreement Ratio3 (Artstein & Poesio, 2008), 
reported in Figure 1. Fleiss’ κ indicated overall 
moderate agreement among human annotators, 
with lower values observed for microstructural 
categories, confirming their higher interpretive 
variability. 
All the inter-agreement measures and the 
underlying data are made openly available in the 
repository cited above, in the interest of 
transparency and reproducibility. This approach 
reflects the assumption that, in interpretive SSH 
research, analytical validity emerges from 

3 Mean Modal Agreement Ratio measures how 
often annotators or model runs converge on the 
most frequent category. It provides an intuitive 
estimate of agreement and it is particularly 
suitable for interpretive tasks where some 
degree of disagreement is expected; in this 
study, it is used to assess the internal 
consistency of the LLM across multiple runs. 

2 
https://github.com/klab-ilc-cnr/critical-discourse-a
nalysis 

negotiated convergence rather than from 
absolute correctness. The model’s outputs were 
therefore evaluated by comparing their 
consensus labels with the consensus derived 
from human annotations, allowing us to assess 
whether the LLM’s analyses fall within the range 
of plausible human interpretations. 
Overall, this experimental design is intended to 
shift the focus from performance measurement 
to methodological reflection. By combining 
human disagreement, model stability, and 
consensus-based comparison, the experiment 
provides a framework for examining the 
conditions under which LLMs may act as 
epistemic support tools for interpretive analysis, 
rather than as autonomous analytical agents. 

 
Figure 1: Inter-run agreement of the LLM across 

the eight queries, measured using the Mean 
Modal Agreement Ratio 

4.​ Results and analysis 
The results of the experiment reveal a 
differentiated pattern in the alignment between 
the LLM’s outputs and the consensus-based 
human annotations, highlighting both the 
potential and the limitations of LLMs when 
applied to CDA (Fig. 2). Quantitatively, LLM 
consensus accuracy ranged from 0.67 to 0.97 
across the eight analytical questions. 
Performance was the highest for superstructural 
and macrostructural categories (Q1–Q5), while 
lower scores were observed for microstructural 
phenomena (Q6–Q8), particularly euphemism 
detection. In particular, the headline function 
(Q5) reached 0.97 accuracy, while euphemism 
detection (Q7) dropped to 0.67, marking the 
largest divergence between model and human 
consensus. When a distribution-sensitive 
agreement measure was considered, alignment 
scores decreased consistently, indicating that 
strict majority comparison slightly overestimates 
convergence in cases of human disagreement. 
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Figure 2: Accuracy of the LLM with respect to the 

human consensus across the eight queries 

At the macrostructural level (Q1–Q4), the model 
reliably identifies the global themes, the relative 
emphasis on events, and the representation of 
social actors. An even higher convergence 
emerges for the superstructural features, 
particularly the headline function (Q5), which 
reaches 0.97 accuracy. This pattern aligns with 
van Dijk’s (1985) notion of news schemata, 
where fixed organizational categories such as 
headlines follow predictable conventions that 
LLMs can effectively capture.  
A different pattern emerges in microstructural 
analysis (Q6–Q8), where ideological meaning is 
often implicit. In euphemism detection (Q7), the 
model systematically misclassified highly explicit 
expressions such as “mass slaughter,” 
“carnage,” and “terrible blow” as euphemistic. 
From a CDA perspective, these terms are not 
mitigating but overtly explicit and emotionally 
charged. This suggests that the model equates 
euphemisms with lexical salience rather than 
pragmatic attenuation. Notably, these 
misclassifications were stable across the runs, 
indicating a consistent internal heuristic rather 
than random variation. 
Similar issues arise in the analysis of 
dehumanization (Q8). In several cases, the 
model classified politically charged expressions 
such as “Zionist enemy” or references to “Zionist 
aggression” as instances of dehumanizing 
discourse. Human analysts, by contrast, did not 
reach the same conclusion, as these 
expressions articulate ideological positioning and 
moral condemnation without necessarily denying 
the humanity of the targeted group. In another 
instance, the model identified the Israeli military 
as the dehumanized subject on the basis of 
formulations describing it as inherently criminal 
or genocidal, even in the absence of animalistic 
metaphors or explicit denial of moral status. 
These examples point to a systematic tendency 
to conflate strong evaluative stance with 
dehumanization, overlooking the more specific 
linguistic mechanisms through which 
dehumanization operates in discourse. 

Taken together, these cases illustrate a broader 
pattern in the model’s behaviour: when 
confronted with microstructural phenomena that 
require pragmatic inference and contextual 
interpretation, the model tends to overextend 
analytical categories on the basis of lexical cues 
alone. Rather than assessing whether a given 
expression functions rhetorically as mitigation or 
dehumanization within its discursive context, the 
model appears to rely on surface features such 
as emotional intensity or ideological polarity. This 
behaviour does not occur sporadically, but recurs 
across texts and questions, indicating a 
structural limitation rather than isolated error. 
From a methodological perspective, these 
findings gain further significance when 
considered alongside the contrast between the 
human interpretive variability and the model 
stability. The human annotations display 
non-negligible disagreement for precisely these 
microstructural categories, confirming that such 
phenomena are intrinsically open to 
interpretation. The model, by contrast, produces 
highly stable responses across multiple runs, 
suggesting internal consistency. In an 
interpretive SSH context, however, such stability 
may signal epistemic rigidity rather than 
analytical robustness, as consistent outputs can 
still reflect systematically simplified or biased 
readings. 
Overall, the results highlight a fundamental 
asymmetry in the applicability of LLMs to 
interpretive analysis. While LLMs appear well 
suited to supporting exploratory work at the level 
of global structure and discursive organization, 
they struggle with forms of meaning that rely on 
implication, mitigation, and contextual 
negotiation—precisely the dimensions that CDA 
identifies as central to ideological critique 
(Fairclough, 1995; van Dijk, 1993). These 
limitations should not be interpreted merely as 
performance deficits, but as indicators of the 
epistemic boundary between computational 
pattern recognition and human critical 
interpretation. 

5.​ Conclusions 
This pilot study explored how LLMs can be 
integrated into CDA practice, employing a 
consensus-based evaluation framework to 
examine their interpretive behaviour. Instead of 
evaluating LLMs’ ability to “perform” Critical 
Discourse Analysis independently, the study has 
focused on how their outputs relate to shared 
human interpretations and on what this 
relationship reveals about the epistemic role of 
LLMs in SSH research. 
The experimental findings highlight a systematic 
asymmetry in the model behaviour. LLMs align 
closely with human consensus when addressing 
macro- and superstructural aspects of discourse, 
such as thematic framing, the actor 
representation, and the headline function. These 
dimensions rely on relatively explicit cues and 
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genre conventions, which appear well suited to 
the model’s strengths in pattern recognition and 
contextual association. By contrast, the analysis 
of microstructural phenomena—where 
ideological meaning is often implicit, mitigated, or 
rhetorically mediated—reveals recurring 
limitations.  
In conclusion, the findings brace a view of LLMs 
as epistemic support tools rather than 
replacements for human analysts. Their value 
lies in their ability to provide stable, reproducible 
perspectives that can assist exploratory analysis 
and highlight salient discursive patterns. At the 
same time, their limitations underscore the 
continued centrality of human judgment in the 
analysis of ideologically charged and rhetorically 
complex texts. 
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Abstract
The rapid, widespread adoption of Large Language Models (LLMs) highlights the need to understand their
performance, strengths, and limitations. However, evaluating LLMs presents significant challenges due to the broad
range of tasks and model capabilities, especially in practice or low-resource settings where benchmark datasets
are not available. In text generation tasks, answer diversity has always complicated automatic evaluation, and the
enhanced fluency and creativity of LLMs lead to further challenges. Existing metrics and frameworks often fail to
account for these complexities. Furthermore, recent research into the replicability of benchmarks has demonstrated
serious issues when reproducing historical benchmark results. This paper makes two key contributions: (1) a
categorisation of challenges and metrics in LLM evaluation, and (2) lessons learned from practice through a survey
and a use case. To this end, a literature study was conducted to identify challenges and metrics in scientific work. A
survey among developers working with LLMs provided insights into practical challenges. Furthermore, selected
metrics were implemented in a practical use case to gain insights into their strengths and limitations. By combining
theoretical analysis with real-world experiences and lessons learned from practice, this work provides an overview
and best practices for users evaluating LLM performance.

Keywords: LLM Evaluation, NLP Evaluation, Applied Evaluation

1. Introduction

The evaluation of generative Large Language Mod-
els (LLMs) has become increasingly critical as
these models have gained widespread use in re-
cent years. In the past, language models were eval-
uated on specific tasks using manual annotations
against benchmarks. While this approach remains
effective for classification tasks, it is not always suit-
able for text generation due to the variability of nat-
ural language. Correct answers can be formulated
in many acceptable ways, which makes it difficult to
compare LLM answers to a fixed ground truth. An-
other challenge is that commonly used benchmarks
are not always representative of real-world appli-
cations or practical usage scenarios (Kiela et al.,
2021). Furthermore, many benchmarks are pub-
licly available and may be included in LLM training
(Ravaut et al., 2024), raising concerns about overfit-
ting (Zhang et al., 2024). In this work, we contribute
to a better understanding of these challenges in a
practical setting through two contributions: (1) a
categorisation of the key challenges and metrics in
evaluating LLMs, (2) lessons learned from practice
through a survey and a use case.

This paper is structured as follows: in Section 2,
we will discuss related work on LLMs, LLM evalua-
tion, and we will present a categorisation of eval-
uation challenges. In Section 3, we will compare

a set of evaluation metrics. In Section 4, we will
discuss evaluation challenges in practical contexts,
gathered through a survey and a practical use case.
In Section 5, we will discuss the insights from the
survey and the use case. Finally, we will conclude
our work and discuss ideas for future work.

2. Related Work

LLMs are a progression of standard statistical lan-
guage models that condition word generation on
word context by assigning probabilities to word
sequences. LLMs are produced by deep neu-
ral networks based on Transformer architectures
(Vaswani et al., 2017), and condition the genera-
tion of words on vectorised representations of left
context. In the original Transformer architecture, a
separate bi-directional encoder optimises this vec-
torisation in conjunction with a left-to-right operat-
ing, autoregressive decoder that provides feedback
to the encoder. Most contemporary LLMs, such as
GPT-3, are decoder-only architectures that inte-
grate the encoding process within the model itself
(Brown et al., 2020). These models are large ac-
cording to three dimensions: the amount of words
they are initially trained on, the amount of parame-
ters in the underlying neural network models, and
the training budget (Minaee et al., 2025; Naveed
et al., 2024).
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2.1. LLM Evaluation
LLMs rapidly gained popularity across diverse appli-
cations, increasing the need for robust evaluation.
Traditional evaluation methods, such as perplexity,
BLEU (Papineni et al., 2002), and ROUGE (Lin,
2004), have been widely used. However, due to
the fast advancements of LLMs, those metrics no
longer capture the full scope of model performance
(Meister and Cotterell, 2021; Wu et al., 2023a). This
sparked a search for new metrics and a deeper un-
derstanding of existing ones.

Several surveys review evaluation methods for
text generation and large language models, and
try to categorise methods along different dimen-
sions. For instance, the surveys of Celikyilmaz
et al. (2021); Belz and Reiter (2006) make a distinc-
tion between intrinsic evaluation, which focuses on
model behaviour, and extrinsic evaluation, which
considers downstream task performance. The re-
cent survey of Chang et al. (2024) takes a different
approach with grouping tasks (“what"), datasets
(“where"), and protocols (“how") (Chang et al.,
2024) or automatic versus human (Belz and Reiter,
2006). Some surveys take a more narrow scope,
such as benchmarks only (Ni et al., 2025) or evalua-
tion challenges and limitations (Laskar et al., 2024)
(which we further discuss in Section 2.1. Further
categories can be added, such as alignment and
safety (Guo et al., 2023; Liu et al., 2023b), but it
is not always clear how those align with existing
work, reflecting the lack of consensus on evaluation
standards (Chang et al., 2024).

We introduce a categorisation of aspects of LLM
evaluation in Table 1, which includes categories
such as the ones discussed above. At the top
level, we have four categories. The scope indi-
cates the focus of the evaluation, which can be
on intrinsic qualities, such as correctness of gen-
erated texts (Celikyilmaz et al., 2021), or extrinsic
qualities such as a user’s improved comprehension
after interacting with a downstream task (Belz and
Reiter, 2006). The second category of evaluation
is by the approach or method of evaluation: by
humans, metrics, benchmarks, or a hybrid form.
Metrics and benchmarks can both be considered
automatic methods (Celikyilmaz et al., 2021), align
with the “where” category of Chang et al. (2024),
and fall under the ‘organisation’ category of Guo
et al. (2023). Third, evaluation can be distinguished
by task type, similar to Chang et al. (2024). Within
the task types, a broad distinction can be made be-
tween Natural Language Understanding (NLU) and
Natural Language Generation (NLG) (Jurafsky and
Martin, 2008; Khurana et al., 2023). NLU tasks, like
sentiment analysis or semantic role labelling, are
generally easier to evaluate using accuracy or F1.
NLG tasks, such as summarisation or question an-
swering, are more challenging due to the diversity

of valid outputs and the need to assess correctness,
fluency, and relevance (Liu et al., 2023a). Finally,
we identify four levels of evaluation: input or prompt
level, output, model, and system level.

LLM Evaluation
Scope Approach Task Level
Intrinsic Human NLG Input
Extrinsic Metrics NLU Output

Benchmarks Combined Model
Hybrid System

Table 1: Categorisation of LLM evaluation dimen-
sions.

2.2. Evaluation Challenges
Several challenges recur in the literature, sum-
marised in Table 2 across scope, approach, task,
and level. Many challenges cut across multiple
evaluation aspects; for example, sustainability con-
cerns can arise at multiple tasks and approaches.
We focus on representative challenges at the scope
and approach levels to illustrate key issues, rather
than attempting an exhaustive list.

Intrinsic Challenges Intrinsic challenges can be
summarised by a lack of robustness, reproducibility,
variation in possible answers and a lack of model
transparency. The lack of robustness can be ex-
plained by the fact that LLMs have an inherent in-
stability, which can result in different answers for
small variations in prompts. Therefore, different
punctuation, wording, or order of prompts can af-
fect the outcome of the system (Sclar et al., 2024)
(Loya et al., 2023). Mizrahi et al. (2024) and Hida
et al. (2024) show that varying the prompts and the
prompt formatting can result in different rankings
of LLMs in terms of performance. Additionally, for
few-shot learning, the order of samples affects per-
formance (Lu et al., 2022), and similarly, the order
of answers for multiple choice tasks also matters
(Pezeshkpour and Hruschka, 2024).

Related to this is the lack of reproducibility: gen-
erally, LLMs lack the ability to consistently obtain
the same results under the same conditions due
to their non-deterministic nature and confounding
variables such as errors in benchmarks and differ-
ent LLM model versions. This affects evaluation
trustworthiness on local (where the same task can
yield inconsistent results) and global scale (where
reproducing research results is hindered by insuffi-
cient documentation and version control) (Laskar
et al., 2024; Biderman et al., 2024). We note that
non-determinism can be limited through greedy de-
coding settings, though this is not common prac-
tice. Recent research by Vaugrante et al. (2024)
demonstrates that many benchmark results that led
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Challenge Scope Approach Task Level
Robustness Intrinsic Any NLG Model
Reproducibility Intrinsic Any NLG Model
Model transparency Intrinsic Any NLG Model
Lack of standardisation Extrinsic Human Any Any
Subjectivity Extrinsic Human Any Any
Data leakage Extrinsic Metrics NLU System
Data quality Extrinsic Benchmarks/Metrics Any Output
Sustainability Extrinsic Any Any System
Bias and fairness Intrinsic/Extrinsic Any Any Any
Answer diversity Intrinsic/Extrinsic Metrics NLG Output

Table 2: LLM evaluation challenges mapped to scope, approach, task, and level.

to published landmark results (such as the effec-
tiveness of zero-shot chain-of-thought prompting,
expert prompting and sandbagging) are not repro-
ducible, even when the same benchmarks are run
again on the same model versions. This is indica-
tive of a fundamental replicability "crisis" in LLM
research. Further, and importantly, the statistical
underpinning of evaluation results is only a rela-
tively new topic in the LLM field (see e.g. (Miller,
2024)).

Sallou et al. (2024) identify three key reproducibil-
ity challenges: output variability, time-based out-
put drift (due to retraining or user feedback), and
traceability (linking outputs to specific prompts and
configurations). Additionally, Atil et al. (2024) note
that LLM stability varies across tasks and is rarely
deterministic.

Another challenge that can be both intrinsic and
extrinsic is the diversity of correct answers in NLG
tasks (Wang et al., 2023). Lexical and semantic
matching techniques can evaluate answers to a
certain degree, but it is not useful if the given an-
swer is not included in the ground truth (Kamalloo
et al., 2023). Finally, lack of model transparency
complicates LLM evaluation. Many models do not
disclose their training data, architecture, or weights,
making them harder to assess (Liu et al., 2023c;
Liesenfeld and Dingemanse, 2024). Even with dis-
closed data, the low explainability of LLMs limits
understanding of how they produce answers (Wu
et al., 2023b)

Human-related Evaluation Challenges We can
identify two evaluation challenges that mainly relate
to human aspects: 1) lack of universally accepted
standards, and 2) human subjectivity in evaluation.
The rapid growth of LLMs has led to numerous
benchmarks and evaluation methods, but no uni-
versally accepted standard exists. Researchers
create their own benchmarks, raising challenges in
benchmark selection, implementation, prompt vari-
ations, and fair model comparison (McIntosh et al.,
2024; Post, 2018; Biderman et al., 2024). While

human evaluation is essential, it remains challeng-
ing due to inter-annotator disagreement, biases,
and sensitivity to question framing (Abeysinghe
and Circi, 2024). Besides, human evaluation is of-
ten time-consuming and costly. Subjectivity also
affects automatic evaluation, as benchmarks, ex-
amples, and annotations are influenced by human
judgment.

Metrics & Benchmark Challenges There are
several challenges due to the limitations of current
evaluation metrics and benchmarks. First of all,
data leakage or data contamination gives rise to
the question whether results on benchmarks and
test sets can still be trusted (Sainz et al., 2023;
Zhou et al., 2023). Balloccu et al. (2024) show
that the GPT-3.5 and GPT-4 models have been
exposed to 4.7M samples from 263 different bench-
marks during retraining. Second, whether models
treat individuals or social groups fairly has been a
complex, yet pressing evaluation challenge. Even
current state-of-the-art LLMs have been proven
to exhibit biased behaviour (Plaza-del Arco et al.,
2024). There is no consensus on the conceptualisa-
tion of ‘social bias’ in its many forms (Blodgett et al.,
2020). For LLMs specifically, existing benchmarks
have been shown to be inconsistent in measuring
different forms of bias (Blodgett et al., 2021). While
there exist many different metrics and datasets, a
’gold standard’ is lacking (Gallegos et al., 2024).

Furthermore, there is the issue of data quality.
A ground truth dataset is often required, but they
are costly to construct and thus limited in size and
variety (Nasution and Onan, 2024). Annotation by
humans is not always consistent (Hashemi et al.,
2024), and annotator quality also influences the
quality of the dataset, and therefore the evaluation
(Grosman et al., 2020; de León Languré and Za-
reei, 2024). Finally, LLMs require a large amount of
computing resources. A challenge is how to mea-
sure the sustainability of both training and using
these models (Khowaja et al., 2024).
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3. Metrics

When evaluating LLMs in practice, relying on hu-
man evaluation is often costly and time-intensive,
while standard benchmarks may be unsuitable
because they are neither domain- nor data-
independent. As a result, automatic metrics are
frequently used as a practical alternative. This sec-
tion presents an overview of existing metrics, their
strengths, and weaknesses.

In general, the assessed metrics show moderate
correlation with human judgment and are inade-
quate for evaluations requiring 100% correlation
with human evaluators due to the subjective na-
ture of text evaluation (Celikyilmaz et al., 2021; Zhu
et al., 2024; Liu et al., 2023a). Most metrics require
references (a ground truth), which are often low-
quality or unavailable (Ke et al., 2022). Reference-
free metrics need unambiguous criteria definitions.
Metrics like BLEU (Papineni et al., 2002) can vary
in implementation, affecting comparability across
studies (Post, 2018). There is no ultimate met-
ric for LLM evaluation; the choice depends on the
task, scope, and level of evaluation, the level of cor-
relation with human judgment needed, and other
factors such as computational resources and refer-
ence availability. In Table 3, we have compiled a
set of metrics. These are categorised into classifi-
cation, ranking, statistical, model-based, and LLM-
based, each with its strengths and weaknesses,
discussed below.

Traditional classification metrics They cate-
gorise the outputs as correct or incorrect and pro-
vide simple performance metrics. The metrics in-
cluded in this category in Table 3 are accuracy, pre-
cision, recall, and F-score. Strengths: Traditional
classification metrics tend to be simple and intu-
itive, making them easy to implement and easy to
interpret. They are a straightforward tool for binary
classification tasks, such as comparing generated
text to a gold standard reference. Weaknesses:
These metrics require a narrow definition of cor-
rectness, which is not available in all text gener-
ation tasks. They often do not work well with un-
balanced datasets, and high-quality labelled data
is required to compute these metrics, which is not
always available. Furthermore, the binary categori-
sation approach fails to account for partially correct
outputs, which is crucial in open-ended text gener-
ation tasks.

Ranking metrics These are used to evaluate the
performance of models that produce a ranked set of
possible solutions to the given task. These metrics
compare these ranked outputs against a correct so-
lution or reference. The metrics included in this cat-
egory in Table 3 are SaCC (strict accuracy), LaCC

(lenient accuracy), and MRR (mean reciprocal rank)
(Voorhees and Tice, 2000). Strengths: Ranking
metrics are easy to understand and allow for more
nuanced evaluation of non-deterministic models
by considering a ranking of multiple different re-
sponses to the same query. They are particularly
valuable for recommendation systems (e.g. search
engines), where the position of the correct answer
in a list is significant (Jadon and Patil, 2025). These
metrics offer a more detailed insight into text gen-
eration performance than metrics based on only a
single output per query.

Weaknesses: The quality of these metrics re-
lies heavily on the references used and can be
sensitive to class imbalance. They require multi-
ple outputs per query and ranking, making them
more computationally expensive than single-output
metrics. Ranking metrics often only consider the
highest-ranked correct answer, ignoring other cor-
rect answers or when the text generator indicates
that the answer is unknown.

Statistical metrics They measure the level of cor-
respondence or matching between n-grams, which
can be characters, word pairs or word sequences.
The metrics included in this category in Table 3
are chrF (Popović, 2015), BLEU (Papineni et al.,
2002), ROUGE (Lin, 2004), METEOR (Banerjee
and Lavie, 2005), and Perplexity (Jelinek et al.,
1977). Strengths: They are simple and easy to
implement, and especially powerful for NLG tasks
that require exact matching, such as speech recog-
nition or machine translation (MT). Weaknesses:
They do not account for the fact that the same idea
can be correctly expressed in various ways, i.e.,
they do not account for meaning, only for lexical
overlap. They are only representative if high-quality
references are available.

Model-based metrics These metrics use the to-
kenizer functions and/or embeddings of language
models to encode the text, and evaluate text by
computing the similarity between the generated text
and the expected answer. The metrics included in
this category in Table 3 are BLEURT (Sellam et al.,
2020), BERTScore (Zhang et al., 2019), Mauve (Pil-
lutla et al., 2024), MoverScore (Zhao et al., 2019),
COMET (Rei et al., 2020), FrugalScore (Kamal Ed-
dine et al., 2022), and CTRLEval (Ke et al., 2022).
Strengths: Model-based metrics take semantics
into consideration, which traditional metrics cannot
do. Whereas traditional metrics tend to only work
with proxies for the semantics of a text, the LLMs
that these metrics are based on are designed to
capture meaning. In some cases, references are
not needed. Weaknesses: The effectiveness of
these metrics depends on the performance of the
model. They require significant computational re-

26



Metric
name Task Measures GT Resources

C
la

ss
ifi

ca
tio

n Accuracy - Fraction of correct answers ✓ - -
Precision - Fraction of true positives over all positive responses ✓ - -

Recall - Fraction of true positives over all actual positive
responses ✓ - -

F-score - Harmonic mean of precision and recall ✓ - -

Ra
nk

in
g SaCC - How often highest ranked answer is correct ✓ - -

LaCC - How often correct answer in top 5 ✓ - -
MRR - How high correct answer ranks on average ✓ - -

St
at

is
tic

al chrF MT Character N-gram F-score ✓ -
BLEU MT Similarity of translation to a reference text ✓ -

ROUGE Summ. Lexical overlap between summary and reference
text ✓ -

METEOR MT Similarity of translation to a reference text ✓ -
Perplexity - Model’s probability to predict a given text ✗ +

M
od

el
-b

as
ed

BLEURT - Non-trivial semantic similarities between sentences ✓ +

BERTScore - Contextualised embedding-based semantic similar-
ity ✓ +

Mauve - Statistical gap between two text distributions ✓ +

MoverScore - Semantic similarity of generated text to reference
text ✓ +

COMET MT Quality of generated translation ✗ ++

FrugalScore - Semantic similarity of generated text to reference
text ✓ +

CTRLEval Gen. Coherence, consistency and attribute relevance of
controlled text generation ✗ +

LL
M

-b
as

ed G-Eval - Quality of NLG output based on user-defined criteria ✗ +++
Prometheus
1 and 2 - Any long-form text based on customised score

rubric provided by the user ✓ ++

GEMBA MT Quality of generated translation ✗ +++
Table 3: Overview of metrics to evaluate text generation. GT = Ground Truth required. For the column
Task (task specific metrics): MT = Machine Translation, Summ. = summarization, Gen. = text generation.

sources and inherit some of the problems of lan-
guage models, such as biases. These metrics be-
come a ‘moving target’ when new and improved
versions of the model are released, where the ques-
tion of whether the metrics should be updated is
hard to answer, because although the model might
have improved, scores are only comparable be-
tween identical models.

Generative LLM as evaluator (LLM-based)
These methods leverage the reasoning and
instruction-following capabilities of generative
LLMs by proposing a tool, framework, or set
of steps to use an LLM to evaluate gener-
ated text based on some criteria defined by the
user. This approach is also often called LLM-
as-a-Judge (Gu et al., 2025). The metrics in-
cluded in this category in Table 3 are G-Eval (Liu
et al., 2023a), Prometheus 1 and 2 (Kim et al.,
2024a,b), and GEMBA (Kocmi and Federmann,
2023). Strengths: These evaluation methods are
flexible and can be used with any text generation
task. The scores given can be explained by the
LLM in natural language. They can be improved by

evaluating the same task several times and com-
puting the average or distribution. Weaknesses:
These metrics are highly dependent on the model,
instructions, and language used. They inherit is-
sues like inconsistency, lack of transparency, and
bias from language models. Using LLMs as evalu-
ators demands significant computational resources
and raises ethical and environmental concerns, es-
pecially with proprietary models. Generative LLMs
have larger computational requirements than those
used in simpler approaches like BERTScore.

4. Evaluation in Practice

To collect practical evaluation challenges, we con-
ducted a survey with 19 LLM developers at a Dutch
applied research institute. The survey aimed to
gain insights into the evaluation methods currently
used and the challenges encountered. Additionally,
we implemented metrics in a practical use case to
gain insight into their strengths and weaknesses.
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4.1. Survey Results Overview
The 19 respondents varied in experience, sector
(e.g., government, health), and type of developed
applications. We asked the respondents questions
on applied evaluation methods, arguments for their
choice of evaluation methods, challenges they face
in their evaluation, which challenges they find most
urgent and what they would need for better evalu-
ations1. From the survey results, we focused on
respondents’ evaluation methods, the reasons for
using those, and their questions and needs regard-
ing LLM evaluation in practice. For each response,
we manually extracted a list of needs, then grouped
similar or identical needs. Finally, we categorised
the extracted needs into five themes: Resources,
Datasets, Metrics, System, and Governance, which
are discussed below2.

Resources 14 respondents expressed a strong
need for comprehensive and practical guid-
ance to support evaluation workflows. This in-
cludes general and task-specific evaluation frame-
works, prompting strategies, and human-in-the-
loop methodologies. There is a clear demand for
structured approaches that help practitioners tailor
metrics to use cases, integrate manual and auto-
mated methods, and identify suitable domain ex-
perts. The community also seeks clarity on when
and how to apply different evaluation techniques,
supported by up-to-date lists of tools and relevant
literature. Handling LLM-specific challenges, such
as hallucinations, multiple correct answers, and
instruction-following failures, was also highlighted
as a critical area requiring dedicated guidelines.

Datasets 5 evaluation practitioners emphasised
the importance of transparency in dataset construc-
tion and usage. Key concerns include contamina-
tion of evaluation datasets, the quality and reliabil-
ity of reference data, and the availability of bench-
marks that are both accessible and widely accepted.
There is also a need for support in creating custom
benchmarks tailored to specific tasks or domains.
Notably, respondents highlighted the challenge of
evaluating without ground truth, pointing to a gap in
methods that can assess model outputs in contexts
without a ground truth available.

Metrics 19 practitioners expressed a need for
metrics that are interpretable, robust, and aligned
with human judgment, especially in terms of correct-
ness over fluency. There is a desire for flexibility
in selecting metrics across multiple dimensions,

1All survey questions can be found in Appendix A.
2The full list of needs for LLM evaluation in practice

extracted from the survey and categorised by theme can
be found in Appendix B.

such as factuality, creativity, and bias, and for tools
that support custom metric design. Respondents
also indicated a desire for visibility into the com-
putational and environmental costs of metrics, as
well as guidance on their applicability across differ-
ent tasks, budgets, and domains. Specific needs
include metrics for multilingual evaluation, fuzzy
matching, and RAG systems.

System 3 practitioners indicated the importance
of contextualising evaluation within the broader sys-
tem in which the LLM operates. This includes un-
derstanding the required quality level for a given
application and clarifying who the intended end
user of each evaluation method is. There is also
a need for clearer guidance on when LLM-based
evaluators are appropriate, especially in relation to
human judgment and task complexity. These in-
sights point to a growing recognition that evaluation
cannot be isolated from the product or pipeline con-
text and must be adapted to real-world deployment
scenarios.

Governance The governance theme reflects con-
cerns about the broader implications of evaluation
practices. 2 respondents called for consideration
of the environmental impact of evaluation meth-
ods, as they noted that robust evaluation requires
repeated trials to achieve statistically significant re-
sults, which can conflict with sustainability goals
due to the increased computational and energy
demands. There is also a need for scoring or as-
sessing evaluation approaches based on their align-
ment with ethical and legal standards, particularly
EU and Dutch values. These concerns highlight
the importance of responsible evaluation practices
that go beyond technical performance to include
sustainability and compliance dimensions.

4.2. Metric tests in a practical use case
To understand the challenges of evaluating LLM-
generated text in practice, we implemented three
metrics in a practical use case involving a chat-
bot prototype for a government dashboard. The
chatbot helps users interpret complex health statis-
tics from a psychological/behavioural model. The
chatbot is designed to handle simple questions
only, allowing psychologists more time to address
complex queries from the users of the dashboard.
Examples of questions that the chatbot can answer
are: what does ‘technostress’ mean?; or what is
the score (or status) of ‘social support’ in my team;
or how does ‘work-life balance’ relate to ‘work en-
gagement’?. The chatbot can also answer more
complex filter questions such as: which indicators
in the positive functioning category have a ‘green’
status?.
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To answer the questions, the chatbot retrieves
data using predefined functions (function calling),
which ensures responses are based on actual data.
If users ask unrelated questions, the chatbot politely
declines to answer. Metrics were chosen based on
task type, availability of reference text, and chatbot
response type (textual/numerical output). For all
tasks, we check that the correct function is being
called. Then, by using Table 3 and based on their
popularity and availability off-the-shelf, we chose
a set of metrics to apply to the content of the re-
sponses by the chatbot.

Exact string matching Although not an LLM
evaluation metric, in this case, it is suitable for ques-
tions in which the chatbot is expected to answer
with a numerical score, a predefined status, or a
partially fixed message.

For a numerical score or a predefined status (e.g.,
’green’ or ’good’, ’orange’ or ’attention’, or ’red’ or
’urgent’), we built a helper function that extracts
the number or status word from the answer and
matches it with the expected number or status word
from the database.

For queries to which the chatbot refuses to an-
swer, we compiled a set of semantically equivalent
formulations in Dutch. In our automatic evaluation,
we check that at least one of these pieces of text is
present in the chatbot’s answer.

This method is simple, reliable and deterministic,
and it successfully detects when a chatbot’s answer
is wrong, according to human judgment.

BLEU (Papineni et al., 2002) For questions about
the definition of a term, which involves retrieving
definitions from the database, BLEU can mea-
sure lexical overlap between the references and
the chatbot’s output. We used SacreBLEU (Post,
2018), which standardises tokenisation for consis-
tent scores. As the desired output is composed
of two different text components (definition and in-
terpretation), we also applied fuzzy string match-
ing with these two texts to complement the BLEU
scores. BLEU measures lexical overlap well when
small deviations from a reference answer are ac-
ceptable. This metric is relatively simple, consistent
and deterministic. The score successfully detects
when the chatbot response is very different to what
is expected. However, because BLEU is a continu-
ous score, it was necessary to define a threshold to
classify responses as correct or incorrect. To deter-
mine this threshold, we explored three approaches.

The first approach was to use the arithmetic
mean of all BLEU scores as the threshold. This
method is simple and intuitive, as it considers the
overall distribution of scores. However, it is sen-
sitive to outliers, potentially leading to a threshold
that does not reflect the majority of cases.

To mitigate the effect of outliers, we also consid-
ered the median, which represents the middle value

when all scores are sorted. The median is more
robust to skewed distributions and extreme values,
providing a more stable threshold in cases where
the BLEU scores are not symmetrically distributed.

Finally, we applied the Jenks natural breaks op-
timisation (Fisher-Jenks algorithm) (Jenks, 1967),
which partitions the data into classes by minimising
variance within each class and maximising vari-
ance between classes. In our case, we specified
two classes (correct vs. incorrect), and the algo-
rithm identified the break point that best separates
the two clusters of BLEU scores. Unlike the mean
or median, this method adapts to the actual distri-
bution of the data, making it particularly suitable
when scores form distinct groups.

To validate these thresholds, we conducted a
manual evaluation comparing expected answers
to model outputs. The threshold identified by the
Jenks-based approach corresponded best with hu-
man judgment. Consequently, we incorporated
fixed lower and upper bounds (10 and 30) along-
side the Jenks-based threshold for classifying am-
biguous responses, ensuring that only responses
with a reasonable degree of overlap are consid-
ered correct, while also automating the classifica-
tion of clearly inadequate or highly satisfactory re-
sponses.3

BERTScore (Zhang et al., 2019) When a user
asks for concepts that are not in the database, or
about any information unrelated to the dashboard,
the chatbot should politely decline to answer. We
evaluated this using exact string matching. In addi-
tion, we wanted to assess whether a model-based
metric would be more suitable than string match-
ing in this case, so we implemented BERTScore.
Model-based metrics that calculate the similarities
using the contextualised embeddings are more suit-
able than metrics based on lexical overlap, such
as BLEU, for textual outputs in which the response
can convey the correct message but using different
words. We compared BLEU, fuzzy string match-
ing, and BERTScore on a sample reference text.
BERTScore yielded results comparable to BLEU
and fuzzy string matching. BERTScore is more
lenient towards small syntactic variations, such as
synonyms, but the broader context of the sentence
is overlooked. The variability in scores is even lower
than with BLEU, often lacking a clear cut-off point.

G-Eval (Liu et al., 2023a) In the absence of ref-
erence texts, an LLM as evaluator offers flexibility
similar to human evaluation, as the model can be
provided with specific criteria for assessment. For
this reason, we applied G-Eval to complex, open-
ended questions in which the user asks the chatbot

3A BLEU score of 30 was selected as the upper thresh-
old, as the chatbot responses include additional text be-
yond the retrieved definition. In our tests, a score of 30
consistently indicated high-quality, complete definitions.
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for advice, given the data shown in the dashboard.
We used GPT-4o as the backbone LLM for this.

Within this task, the chatbot performs function
calling to aggregate data from different parts of the
model and provides a recommendation. One of the
developers of the chatbot evaluated the chatbot’s
output according to a list of criteria. We then used
the same criteria within G-Eval (Liu et al., 2023a).
We focused on the advice part of the response,
where the chatbot recommends which scores for
terms associated with a broader category should
be improved. A requirement was that the chatbot
must not generate any information that cannot be
derived from the dashboard data. We executed
this evaluation repeatedly over the same set of four
different responses from the chatbot to the same
question. We observed that the scores given by
G-Eval are not consistent across the different ex-
ecutions. We also saw that G-Eval did not always
comply with the predefined criteria.

5. Lessons Learned

This section summarises the key lessons learned
from the literature review, survey, and use case.
We share a set of best practices to help develop-
ers design effective evaluation strategies for LLM
evaluation.

1. The first step for LLM evaluation is to clearly
define the evaluation task. This starts with estab-
lishing the goal: different objectives require distinct
evaluation methods, as we observed in Section 4.2.

2. Identify and describe the end-user of the gen-
erated text that is being evaluated.

3. Based on the evaluation description and end-
user, choose a suitable evaluation method and met-
ric. When possible, it is advisable to include a form
of human evaluation, especially for complex gen-
erated answers, or to ensure that the evaluation
method performs as expected.

4. Finally, document the choice for the evaluation
method and the reasons behind the choice, so that
it can be reviewed and adjusted if the evaluation
scenario changes in the future. Note that it is also
wise to consider intermediate outputs and the num-
ber of prompts or the prompting technique needed
to reach the final correct answer.

There are several key considerations throughout
this process. When using references or a ground
truth, these should be of the highest quality possi-
ble (i.e., reputable source, verified by domain ex-
perts, in line with the defined task). When using
non-deterministic metrics (i.e. LLM as evaluator),
scores should be computed several times due to
potential inconsistencies. Averages and standard
deviations should be computed to make the out-
comes more robust.

Finally, based on our analysis, survey, and use

case, we conclude that human evaluation remains
essential for assessing LLM performance. The use
case demonstrated that evaluation metrics can be
combined and tailored to the specific task or do-
main. However, even well-designed metrics cannot
capture all relevant aspects of model performance.
Automated benchmarks have limitations that can-
not easily be overcome, making it unwise to rely
solely on their outcomes. Instead, meaningful eval-
uation should combine task-specific metrics with
human judgment in real-world contexts, ensuring a
more comprehensive and reliable assessment.

6. Conclusion

The evaluation of LLMs is a crucial topic given
their rapid development and widespread adoption
across domains. As the number of LLM-based ap-
plications grows, the need for robust evaluation
frameworks becomes evident, not only to guide de-
velopment and to enable meaningful comparisons
between models, but also to ensure their reliability
and correctness in critical applications.

In this work, we gathered insights and lessons
learned both from scientific literature and from prac-
tice. We outlined literature on the evaluation of
LLMs and gave a categorisation of the main chal-
lenges in LLM evaluation, with a focus on LLM
intrinsic, human-related, and automatic evaluation
challenges. Additionally, we presented a categori-
sation of popular and available text generation met-
rics.

To gain insights into challenges from practice,
we conducted a survey targeted to LLM developers.
The results show that the main problems mentioned
are the absence of references or a ground truth
and the difficulty of finding trustworthy benchmarks.
According to the respondents, integrating automatic
methods with human expertise in evaluation is a
relevant direction of future research.

In applying LLM evaluation metrics to a real
use case, we found that starting with the sim-
plest metrics that best fit the task and available
resources was effective. More sophisticated met-
rics like BERTScore (Zhang et al., 2019) do not nec-
essarily provide better evaluation quality than sim-
pler ones like BLEU (Papineni et al., 2002) or even
string matching, depending on the evaluation’s goal.
While more flexible metrics like G-Eval (Liu et al.,
2023a) can be powerful when no reference text
is available, they are difficult to control in terms
of consistency and require clearly defined criteria.
Ultimately, we found that combining simpler and
sophisticated metrics strikes a good balance be-
tween evaluation performance, explainability, and
resource efficiency. When paired with human eval-
uation, such a combination can reduce the amount
of manual work while still ensuring a proper and
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reliable assessment of model performance.
For future work, it would be valuable to test more

metrics and combinations of them in a wider array
of practical use cases to further highlight evaluation
challenges beyond benchmarks and scientific tasks.
Expanding metrics to address bias, fairness, and
sustainability is critical, given that current frame-
works fail to adequately capture these dimensions.
Finally, greater transparency from language models
about their evaluation processes is needed to facil-
itate more robust and interpretable assessments.

7. Limitations

This study has several limitations. While we re-
viewed relevant recent literature, we did not con-
duct a systematic literature review, so some rele-
vant works may have been missed. The goal of
this work was to compare scientific challenges to
practical insights, rather than to provide a compre-
hensive overview. Similarly, while we described
and categorised commonly used metrics, the list is
not exhaustive.

Another limitation is that our findings and lessons
learned are based on a small survey and a single
use case, which may not fully capture the broader
landscape of LLM evaluation challenges. The sur-
vey participants were LLM engineers working in ap-
plied research, so our best practices may not fully
reflect end-user satisfaction or concerns arising in
industry deployment contexts. Involving a broader
and more diverse group, such as end users or re-
searchers from different domains, could provide
additional perspectives.

Regarding the use case, we tested a limited set
of metrics on a single application, which may limit
the generalisability of our findings. Due to time con-
straints, we did not perform a comprehensive statis-
tical analysis of the metrics applied to the different
tasks performed by the chatbot, which may affect
the reliability and robustness of our observations.
Furthermore, due to confidentiality constraints, we
are unable to share all details of the use case, which
impacts transparency and reproducibility.

Finally, although we touch on broader LLM eval-
uation challenges, this study primarily focuses on
text generation. Evaluating tasks like reasoning
or retrieval may require different approaches and
further investigation.

8. Ethical Considerations

The survey conducted as part of this study was
anonymous, and participants provided informed
consent before beginning the survey. No person-
ally identifiable information was collected, and re-
sponses were used solely for research purposes.
As the survey focused on professional experiences

with LLMs and did not involve sensitive personal
data, no formal ethics board approval was required.
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A. Appendix A: Survey Questions

Best practices & practical challenges in the
evaluation of LLMs As part of our research on the
evaluation of Large Language Models (LLMs) we
are identifying the challenges with the evaluation
of LLMs and the state-of-the-art methods both
from scientific and practical perspective. As part of
the practical perspective we want to collect both
best practices, research and practical challenges
developers run into at company XXX. This survey
has two goals: 1) Gain insight in how the evaluation
is approached in current research on LLMs within
company XXX 2) Collect practical challenges that
developers/projects run into when evaluating their
LLM-based applications The results of this survey
will be used anonymised and aggregated (such
that they are not traceable to you or your project)
in our report and possibly in a scientific paper. By
filling this survey you agree with this use of your
response. In case of any questions about the
survey, please contact XXXX or XXXX Thank you!

General information First we would like to know
some general information about your background,
experience and sector you are working in.

Q1: What is your background?

• Artificial Intelligence

• Linguistics

• Computer Science

• Mathematics

• Social Sciences

• Other

Q2: What is your experience in working with
(Large) Language Models?

• < 1 year

• 1-2 years

• 3-5 years

• 5-10 years

• > 10 years

Q3 For which sector is (most of) your work
aimed?

• Health

• Mobility

• Sustainability

• Safety & security

• Government

• Not sector specific

• Other

Your research and applications First we would
like to know about your research, in which way do
you use LLMs?

Q4: How many projects related to LLMs do/did
you work on this year?

• 0

• 1

• 2

• 3

• 4

• 5+

Q5: In what ways do you use LLMs in your re-
search?

• Research on evaluation of LLMs

• Research on increasing performance of LLMs

• Research on integrating LLMs, knowledge
and/or tools

• Chatbot

• RAG-application

• Text analysis applications

• Multi-modal applications

• Other

Q6: In which phase is your research? (e.g.
problem analysis, design, implementation, evalua-
tion, pilot, deployed) - if you have multiple projects,
please answer the question for all of your projects.

Evaluation in practice We would like to hear
more about your choices for the evaluation and
which challenges you run/ran into?

Q7: Which methods of evaluation do you (aim
to) use?

• automatic evaluation (metrics)

• human evaluation

• LLM-based evaluation

• Other
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Q8: Can you give a description of the evaluation
method you (aim to) use? For example what do
you aim to evaluation, which metrics do you use,
what do you evaluate with humans?

Q9: Why did you choose this way of evaluation?
Q10: What are challenges that you run/ran into

for the evaluation of your LLM?
Q11: What are questions that you have regard-

ing the evaluation of LLMs?

Research on LLM evaluation If you research
LLM evaluation specifically, we are curious to hear
more about your work.

Q12: Do you research LLM evaluation specifi-
cally?

• Yes

• No

Q13: What does your research focus on?
Q14: Do you have results that you can share?

Your opinion on LLM evaluation research?
We are curious to hear more about what you think
are the most relevant/urgent research topics and
challenges.

Q15 What do you think is the most relevant
method of evaluation of LLMs? (rank from most to
least relevant)

• Human evaluation

• Automatic evaluation

• LLM-based evaluation

• Combination of human and automatic evalua-
tion

• Combination of all three forms of evaluation

Q16: What do you think is the biggest challenge
in LLM evaluation (rank form biggest to smalles
challenge)

• Robustness, i.e. the ability to produce the simi-
lar results for (small) variations in prompts and
orders

• Reproducibility, i.e. the ability to produce the
same result multiple times

• Data quality, i.e. achieving a qualitative ground
truth data set

• Data Leakage, i.e. the fact that test data/ test
scenario’s might be included in the training
data

• Lack of universally accepted benchmarks, i.e.
large variety of benchmarks that all have lim-
ited variability in prompts/scenario’s, are bi-
ased to English data, do not consider alterna-
tive answers.

• Subjectivity of humans, i.e. different humans
give different answers in both annotation and
evaluation

• Fairness evaluation, i.e. challenges in gaining
insight in biases of the models

• Sustainability, i.e. the energy usage of these
models during evaluation and deployment

• Lack of model transparency, i.e. no/limited
access or insight in training data and weights

• Other challenge, i.e. a challenge you en-
counter that is not in this list

Q17: If you ranked ’Other challenge’ in the previ-
ous question, please let us know which challenge
you mean?

Q18: What solution or research would you be
helped with?

Next steps This survey is meant as a way to
collect more general insights, but does not allow
for in-depth discussions. We might be interested
to discuss your research and challenges in more
detail. These are the last two questions of the
survey, thank you very much for helping us and
don’t forget to submit! :)

Q19: If you are open to a discussion, please
leave your email here or send a message to XXX
or XXX in case you don’t want your answers linked
to you.

Q20: If you have any other comments or ques-
tions you can leave them here.

B. Appendix B: Survey Results
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Resources - Total: 14
15. General guidelines for conducting evaluations.
16. Identification of state-of-the-art evaluation techniques.
20. Methods, frameworks, or guidelines for human/manual evaluation.
23. Guidelines for tailoring metrics to specific use cases.
24. Guidance on integrating task-specific and general evaluation methods.
25. A structured approach to evaluation.
26. Guidance on identifying domain experts for evaluation.
30. Recommendations for effective prompting strategies.
32. Human-in-the-loop evaluation methodologies.
34. An always up-to-date list of available evaluation tools and methods.
35. Guidance on when to use each evaluation method.
36. Clear definitions of text generation tasks to support evaluation.
38. Relevant and rigorous scientific literature on LLMs as evaluators.
43. Guidelines for handling LLM inconsistencies, multiple correct answers, hallucinations, and instruction-
following failures.
Datasets - Total: 5
2. Transparency about data contamination in evaluation datasets.
4. An accessible overview of available benchmarks and their quality or acceptance level.
5. Support for creating custom benchmarks.
27. Transparency about the quality of reference data (ground truth).
41. Methods for evaluating without references or ground truth.
Metrics - Total: 19
3. Consistency metrics and repetition guidance tailored to each task.
7. Support for designing custom metrics with heuristic guidance.
8. Specification of the domain or range of applicability for each metric.
9. Visibility into the computational cost of each metric.
10. Clear interpretation of evaluation metrics.
11. Information on the robustness of metrics.
12. Metrics that prioritize correctness over fluency.
13. Frameworks that include multiple evaluation dimensions (e.g., factuality, correctness, conciseness,
creativity, bias, interpretability, tone).
14. Flexibility in selecting metrics across different dimensions.
17. Specific metrics for evaluating Retrieval-Augmented Generation (RAG) systems.
18. Indication of how well metrics correlate with human judgment.
19. Guidance on which metrics are suitable under different budget constraints.
22. Mapping between evaluation accuracy (e.g., repetitions needed for significant scores) and environ-
mental cost.
28. Metrics for evaluating the efficiency of LLM responses.
29. Guidance on handling fuzzy matching in evaluation.
31. Indication of speed, accuracy, and completeness of metrics.
39. Capabilities for multilingual evaluation.
40. Indication of which evaluation aspects are prerequisites for others.
42. Insights into the generalizability of metrics.
System - Total: 3
1. A clear understanding of the required quality level for evaluation.
6. Clarity on the intended end user of each metric or evaluation method.
33. Clarity on when LLM-based evaluators are appropriate or not.
Governance - Total: 2
21. Consideration of the environmental impact (e.g., carbon footprint) of metrics.
37. Scoring of evaluation methods based on alignment with EU and Dutch values.

Table 4: Needs for LLM evaluation in practice reported by survey respondents, and grouped under the
themes Resources, Datasets, Metrics, System, and Governance.
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Abstract
This study investigates whether human–LLM interaction in academic writing exhibits cross-cultural variation. Using
NLP-informed corpus methods, we analyze nine semi-structured student interviews from three national contexts
(Romania, Bulgaria, Switzerland) to examine how AI use is linguistically constructed across three dimensions of
epistemic positioning: agency strength, authority dynamics, and discourse-level stance. Results show a strong
predominance of distancing and hedging strategies, with AI consistently framed as a functional writing support tool
rather than an epistemic authority. At the same time, modest but systematic cross-country differences indicate
culturally embedded variation in how students discursively negotiate epistemic responsibility and evaluation in
AI-assisted writing practices.

Keywords: Human–LLM interaction, Epistemic positioning, Cross-linguistic discourse analysis, AI-assisted
writing, Student interviews, Academic thesis writing, Corpus-informed NLP

1. Introduction
Academic thesis writing is a central higher-
education practice through which students con-
struct and justify knowledge rather than reproduce
information. Writing functions not only as communi-
cation but also as a cognitive process that supports
claim formulation, evidence evaluation, and epis-
temic responsibility (Bean, 2011; Hofer and Pin-
trich, 1997). At the same time, academic writing
conventions are shaped by cultural and educational
traditions described in contrastive rhetoric (Kaplan,
1966) and subsequent discourse research (Connor,
2002). The rapid integration of large language mod-
els (LLMs) introduces a new dimension to these cul-
turally embedded practices. While AI tools increas-
ingly support idea generation and text formulation,
they lack epistemic awareness and cannot assume
responsibility for knowledge claims. Human–AI col-
laboration may therefore reflect culturally situated
norms of authorship, intellectual autonomy, and
knowledge evaluation. Despite growing research
on AI-assisted writing, little is known about whether
human–LLM interaction itself exhibits cross-cultural
variation in academic discourse, as most existing
studies rely primarily on surveys or experimental
tasks rather than natural language data. To ad-
dress this gap, the study proposes semi-structured
student interviews as a cross-linguistic discourse
resource suitable for corpus-informed NLP analy-
sis. We examine how human–LLM interaction is
linguistically constructed across three dimensions

of epistemic positioning: epistemic agency, author-
ity dynamics, and discourse-level stance toward AI
outputs. By focusing on observable linguistic pat-
terns, the study provides preliminary corpus-based
insights into how students discursively position AI
within academic knowledge construction across
national contexts.

2. Related Work
2.1. Cross-Cultural Academic Writing

and Digital Writing Contexts

Research in contrastive rhetoric shows that aca-
demic writing conventions vary across linguistic
and educational traditions (Kaplan, 1966). Subse-
quent discourse studies document differences in
textual organization, authorial positioning, and ar-
gumentative structure across academic cultures
(Clyne, 1987; Connor, 2002). Corpus-informed
work further highlights distinctive writing practices
in Central and Eastern Europe shaped by historical
educational traditions (Chitez et al., 2018). In the
Romanian context, analyses of BA theses reveal
systematic differences in rhetorical structuring and
epistemic positioning (Băniceru et al., 2012), which
continue to influence students’ English academic
writing, particularly in stance expression (Bercuci
and Chitez, 2023). At the same time, research
on digital writing environments shows that writing
technologies reshape knowledge construction pro-
cesses by supporting iterative drafting, feedback in-
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Figure 1: Pipeline

tegration, and interaction with information sources
(Kruse and Rapp, 2019). Broader syntheses indi-
cate that digital tools influence epistemic engage-
ment by mediating how students evaluate and as-
sume responsibility for knowledge claims (Kruse
et al., 2023).

2.2. Epistemic Positioning and
AI-Assisted Writing

Corpus-based research demonstrates that epis-
temic positioning is systematically encoded through
recurrent lexico-grammatical patterns such as
stance verbs, modality, and complement struc-
tures (Biber et al., 1999). These patterns have
been operationalized in corpus and NLP studies to
model certainty, evaluation, and authority in aca-
demic discourse (Biber, 2006; Biber et al., 2004).
Such approaches provide a methodological basis
for computational analyses of epistemic agency
and stance. Recent work on AI-assisted writing
shows that generative systems increasingly sup-
port planning, drafting, and revision processes in
higher education (Strobl et al., 2019; Imran and
Almusharraf, 2023). Empirical syntheses further
indicate that generative AI reshapes authorship
dynamics and knowledge-construction practices
(Sanz-Tejeda et al., 2026). However, NLP research
highlights persistent epistemic challenges, as lan-
guage models may express certainty without reli-
able evidential grounding (Ghafouri et al., 2024).

3. Data and Methods
3.1. Data collection pipeline
We conducted nine semi-structured interviews
across three national contexts (Romania, Bulgaria,
Switzerland; three participants per site). Interviews
were carried out in participants’ native languages
(Romanian, Bulgarian, German) to support accu-
rate reflection on writing practices. To ensure cross-
context comparability, the interview guide was col-
laboratively designed in English and then translated
locally; it covered (i) intellectual development, (ii)
thesis writing practices, and (iii) the role of gen-
erative AI. Interviews were held online (Google

Meet / Microsoft Teams), lasting approximately one
hour each. Recordings were transcribed using
MaxQDA (GmbH, 2026), for the Romanian and
Swiss datasets, and an in-house model based on
the Open AI Whisper speech-to-text model1 for the
Bulgarian dataset, with subsequent intensive man-
ual correction (approx. 4 hours per interview), dur-
ing which all identifying information was removed
to ensure full anonymization. The verified tran-
scripts were translated into English using DeepL
Pro (DeepL, 2026), and translations were manually
audited to preserve meaning and reduce interpre-
tive drift. Ethical safeguards (see Figure 1) included
written informed consent, secure storage and re-
stricted access to recordings/transcripts, and the
use of privacy-compliant tools for transcription and
translation.

3.2. Dataset
The dataset consists of nine anonymized semi-
structured interview transcripts, totaling approxi-
mately 43,000 tokens in English translation. The
corpus is evenly distributed across three national
contexts, Bulgaria, Switzerland, and Romania,
with three interviews included in each sub-corpus.
However, substantial variation exists in document
length. Bulgarian interviews range from approx-
imately 4,100 to 4,600 tokens, Swiss interviews
from about 3,200 to 5,200 tokens, and Romanian
interviews from roughly 3,400 to 9,600 tokens, the
latter showing the greatest internal variability and
containing the longest individual transcript in the
dataset. Given this heterogeneity in transcript size,
all quantitative analyses were conducted using nor-
malized frequency measures to ensure compara-
bility across interviews and national sub-corpora.

3.3. Computational Pipeline and
Operationalization

All computational linguistic processing was con-
ducted using the Stanza NLP library (version
1.11.0) configured for English. We utilized
the combined models for tokenization and

1https://github.com/openai/whisper
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multi-word token (MWT) expansion, the com-
bined_nocharlm model for lemmatization, and
the combined_charlm models for part-of-speech
(POS) tagging and dependency parsing.

To mitigate parsing and tagging errors inher-
ent in translated conversational discourse, we
implemented a multi-stage validation protocol.
First, spoken-language artifacts (e.g., timestamps,
speaker labels, platform artifacts) were program-
matically removed using regular expressions to
prevent dependency parsing disruption. The tran-
scripts, which were translated into English using
DeepL Pro, were manually audited prior to NLP pro-
cessing to preserve semantic meaning and reduce
interpretive drift. Following the automated extrac-
tion of first-person agency constructions, a random
sample (N = 15) of the dependency-parsed out-
puts was extracted. This subset underwent manual
verification by the research team to confirm the
accuracy of the first-person subject tagging, verb
lemmatization, and the subsequent semantic class
mapping, ensuring algorithmic reliability before con-
ducting the full corpus analysis.

Within this pipeline, AI-related contexts were op-
erationalized using a dictionary-based sentence-
window approach. We defined an explicit lexicon
of target terms: chatgpt, gpt, gpt-4, openai, copilot,
claude, gemini, bard, llm, and generative ai. The
transcript texts were lowercased, and sentences
were flagged if they contained any of these strings.
To accurately link these mentions to student agency,
we employed a co-occurrence window of ±1 sen-
tence. Specifically, a first-person agency verb was
classified as "AI-related" if a target term appeared
in the exact same sentence, the immediately pre-
ceding sentence, or the immediately following sen-
tence. While this approach prioritizes precision
over recall, it introduces specific edge cases. Pri-
marily, it misses broader co-references; if a par-
ticipant names an AI tool and subsequently refers
to it as "the tool" or "it" outside the ±1 sentence
window, the associated agency verbs are not cap-
tured. Furthermore, because the algorithm relies
on direct string matching, there is a minor risk of
substring collisions, though the specificity of the
chosen lexicon largely mitigates this risk.

4. Results
4.1. Agency Strength in Human–LLM

Interaction
Weak or distancing agency markers overwhelm-
ingly dominate the corpus, accounting for between
86.9% and 90.3% of all constructions across na-
tional contexts. These include hedging verbs such
as think and procedural verbs such as use, which
primarily describe AI interaction in terms of as-
sistance rather than knowledge evaluation. Stu-

dents frequently frame their interaction through
statements such as “I use AI mainly for transla-
tion,” emphasizing functional support rather than
epistemic authority. Moderate agency markers, rep-
resenting between 4.8% and 7.6% of instances, in-
clude inquiry and evaluative verbs such as ask and
consider, which signal active engagement without
strong epistemic commitment. These constructions
typically describe exploratory interaction, as illus-
trated by expressions such as “I ask whether the
text makes sense.” Strong agency markers remain
relatively rare, accounting for only 4.9% to 6.8% of
constructions. These include verification and con-
trol verbs such as check, decide, and adjust, which
explicitly signal responsibility for evaluating AI out-
puts. When such verbs occur, they consistently
emphasize human oversight, for example in state-
ments such as “I check whether the information is
accurate.”

Figure 2: Epistemic positioning

Cross-country differences are present but mod-
est. Swiss interviews show the highest propor-
tion of moderate agency markers (7.6%), suggest-
ing a slightly stronger orientation toward inquiry
and evaluative engagement. Bulgarian interviews
exhibit the highest proportion of strong agency
markers (6.8%), indicating a somewhat greater
tendency to linguistically express verification or
decision-making processes. Romanian interviews
display the lowest levels of both moderate (4.8%)
and strong (4.9%) agency markers, reflecting a
stronger reliance on distancing or procedural de-
scriptions.

4.2. Authority Dynamics in AI-Related
Discourse

To examine how epistemic authority is linguistically
constructed when students explicitly refer to AI, we
analyzed agency markers occurring in AI-related
contexts and grouped them into delegation, hedg-
ing, and supervision functions. Across all national
sub-corpora (Figure 3), delegation markers over-
whelmingly dominate AI-related discourse. They
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account for approximately 65% of epistemic ex-
pressions in Romania, 70% in Bulgaria, and 74%
in Switzerland. These patterns indicate that stu-
dents primarily describe AI interaction through task-
oriented verbs such as use, write, and find, which
frame AI as a functional writing assistant rather
than a knowledge source requiring evaluation.

Figure 3: Authority verbs (all data)

Hedging markers constitute a secondary layer
of epistemic positioning, representing roughly 27–
30% of AI-related expressions across countries.
This suggests that when discussing AI, students
frequently maintain linguistic distance from the relia-
bility of its outputs, signaling uncertainty or caution
rather than authority. In contrast, supervision mark-
ers remain consistently low across contexts. They
account for only 7.7% of AI-related agency con-
structions in Romania, 9.8% in Bulgaria, and 7.5%
in Switzerland. These markers include verbs as-
sociated with verification, correction, and decision-
making, and their limited presence indicates that ex-
plicit linguistic expressions of epistemic control over
AI outputs are relatively rare. Cross-country varia-
tion (Figure 4) is modest but systematic. Bulgarian
interviews show the highest relative proportion of
supervision markers, suggesting a slightly stronger
orientation toward linguistic expressions of over-
sight. Swiss interviews display the strongest dom-
inance of delegation markers, indicating a more
pronounced framing of AI as a task-execution tool.
Romanian interviews fall between these patterns
but show the highest relative presence of hedging,
reflecting a somewhat stronger tendency toward
epistemic distancing.

4.3. Discourse-Level Epistemic Stance
Toward AI

The epistemic stance categories in Figure 5 capture
three complementary dimensions of how students
linguistically position knowledge in AI-related dis-
course. Hedging markers include modal verbs and
stance expressions (e.g., may, might, perhaps, I
think) that signal epistemic uncertainty and reduced

Figure 4: Authority verbs (per country)

commitment, consistent with corpus-linguistic ac-
counts of modality (Biber et al., 1999; Biber, 2006).
Attribution markers assign information to external
agents (e.g., “AI says,” “it suggests”), thereby shift-
ing epistemic authority away from the speaker.
Evaluation markers consist of adjectives express-
ing judgments of informational quality (e.g., accu-
rate, helpful, problematic). Importantly, hedging is
operationalized here at the discourse level rather
than as first-person epistemic verbs used in earlier
agency analyses. Thus, the two measures capture
complementary aspects of epistemic positioning:
agency-related hedging reflects responsibility for
knowledge claims, whereas modality-based hedg-
ing reflects degrees of certainty toward information.

Discourse-level stance markers show a clear pre-
dominance of hedging across all national subcor-
pora (normalized per 1,000 words). Hedging oc-
curs at approximately 6.9 in Bulgarian interviews
and 9.3–9.4 in Swiss and Romanian datasets, mak-
ing it the most frequent epistemic feature. Attribu-
tion markers remain rare (0.23–1.29), while evalu-
ation markers occur at intermediate levels (4.33–
6.31). These patterns indicate that AI-related dis-
course is characterized primarily by epistemic un-
certainty rather than explicit attribution or evalu-
ation. Cross-country differences are modest but
consistent: Swiss interviews show the highest lev-
els of hedging and evaluation, whereas Bulgarian
interviews display the lowest attribution rates, sug-
gesting that students generally frame AI-supported
writing through caution rather than trust or authority.

Figure 5: Epistemic stance markers
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5. Discussion
This exploratory study provides corpus-based ev-
idence that human–LLM interaction in academic
writing is linguistically constructed through system-
atic patterns of epistemic positioning. Across con-
texts, students predominantly use distancing and
hedging strategies, framing AI as a functional sup-
port tool rather than an epistemic authority. At the
same time, modest but consistent cross-country dif-
ferences suggest culturally shaped variation in how
epistemic responsibility is discursively negotiated.
Higher levels of verification language in the Bulgar-
ian data and stronger evaluative engagement in the
Swiss interviews may reflect differing academic so-
cialization practices regarding knowledge control,
autonomy, and critical assessment. In contrast, the
Romanian interviews show a stronger reliance on
procedural and distancing formulations, which may
indicate a greater tendency to frame AI as a tech-
nical writing aid rather than an epistemic partner,
consistent with previous findings on locally shaped
academic discourse conventions (Kaplan, 1966;
Connor, 2002).

Methodologically, the study demonstrates the
value of combining qualitative interview data with
corpus-informed, computationally tractable feature
extraction to analyze epistemic positioning in nat-
ural discourse rather than self-reported attitudes.
However, the findings remain exploratory due to
the small sample size, reliance on translated tran-
scripts, and the focus on reported rather than ob-
served writing practices. Future research should
extend this approach to larger multilingual datasets,
integrate writing-process data, and develop auto-
mated stance-detection methods to further inves-
tigate culturally embedded patterns of human–AI
collaboration.

5.1. Limitations and Robustness
The findings regarding agency and epistemic au-
thority are highly sensitive to the strict syntactic
operationalization employed in this study. The ex-
traction algorithm is constrained to explicit first-
person pronouns (e.g., I, we, my) that hold an exact
nominal subject (nsubj) dependency relation to
a head token tagged as a verb (VERB) or auxiliary
(AUX). Consequently, this operationalization is con-
servative. It successfully isolates explicit claims
of agency but does not parse complex evaluative
multi-word expressions (e.g., "I am of the opinion
that") or passive constructions ("It was checked by
me"), which may result in an underestimation of
total epistemic positioning. Furthermore, shifting to
a modality-only operationalization, which captures
adverbs or modal verbs (e.g., may, might, perhaps)
regardless of the grammatical subject, yields dis-
tinct frequency distributions. This complementary

dynamic is evident in our data, where discourse-
level stance markers highlight uncertainty, while
first-person agency markers emphasize functional
delegation.

Additionally, because the current computational
pipeline processes the English translations exclu-
sively, systemic shifts in modality or hedging in-
troduced by the DeepL translation algorithm con-
stitute a limitation of the current findings. To rig-
orously estimate these translation effects, future
iterations of this methodology should leverage mul-
tilingual NLP capabilities. By instantiating native
language pipelines for Romanian, Bulgarian, and
German, researchers could execute the identi-
cal dependency extraction on the original source-
language transcripts. Mapping these native verbs
to our epistemic classes and comparing their nor-
malized frequencies against the English-translated
results would allow for a quantitative assessment of
whether machine translation processes artificially
inflate or deflate specific markers of stance and
agency across national sub-corpora.

6. Conclusions
This study shows that human–LLM interaction in
academic writing is systematically shaped by pat-
terns of epistemic positioning, with students across
contexts predominantly framing AI as a functional
support tool rather than an epistemic authority. At
the same time, cross-country differences indicate
that AI-supported writing practices remain embed-
ded in culturally specific norms of knowledge con-
struction, responsibility, and evaluation. These find-
ings highlight the importance of analyzing human–
AI interaction through multilingual discourse data
and interpretable linguistic features, demonstrating
how language technologies can support empirical
investigations of socially situated communication
practices. By operationalizing epistemic positioning
in naturalistic interview discourse, the study illus-
trates how computational methods can provide the-
oretically grounded tools for examining emerging
forms of AI-mediated knowledge work in academic
and research contexts. Future research can extend
this approach to larger multilingual datasets, incor-
porate writing-process and multimodal evidence,
and develop automated stance-detection methods
to further support interdisciplinary investigations of
human–AI collaboration.
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Abstract
The increasing use of Large Language Models (LLMs) as proxies for human participants in social science research
presents a promising, yet methodologically risky, paradigm shift. While LLMs offer scalability and cost-efficiency, their
"naive" application, where they are prompted to generate content without explicit behavioral constraints, introduces
significant linguistic discrepancies that challenge the validity of research findings. This paper addresses these
limitations by introducing a novel, history-conditioned reply prediction task on authentic X (formerly Twitter) data, to
create a dataset designed to evaluate the linguistic output of LLMs against human-generated content. We analyze
these discrepancies using stylistic and content-based metrics, providing a quantitative framework for researchers
to assess the quality and authenticity of synthetic data. Our findings highlight the need for more sophisticated
prompting techniques and specialized datasets to ensure that LLM-generated content accurately reflects the com-
plex linguistic patterns of human communication, thereby improving the validity of computational social science studies.

Keywords: human simulacra, synthetic content, linguistic authenticity

1. Introduction

The widespread adoption of Large Language Mod-
els (LLMs) began with the release of ChatGPT and
similar conversational AI systems, fundamentally
transforming how humans interact with artificial in-
telligence (Aïmeur et al., 2023). This technologi-
cal advancement initiated a paradigm shift in com-
putational social science research, where LLMs
are increasingly deployed to simulate or substitute
for human participants in behavioral studies (Park
et al., 2023; Pérez et al., 2023). The appeal is clear:
researchers can use LLMs to efficiently generate re-
sponses that would traditionally come from human
participants, addressing challenges in scalability,
cost, recruitment, retention, and ethical considera-
tions.

However, this anthropomorphic perspective intro-
duces significant methodological risks, particularly
when researchers employ naive applications that
rely exclusively on prompt engineering without ade-
quate consideration of underlying model limitations,
training biases, and domain-specific validation re-
quirements (Larooij and Törnberg, 2025). The
quality and representativeness of training datasets
become critically important as grounding mecha-
nisms, especially for socially sensitive tasks where
cultural nuance, contextual understanding, and au-
thentic human judgment remain central to meaning-
ful analysis. While earlier concerns focused on de-
tecting artificial or malicious content, contemporary
LLMs produce increasingly sophisticated outputs
that superficially mimic human communication pat-

terns (Crothers et al., 2023). This evolution makes
validation more critical yet paradoxically more chal-
lenging: the better LLMs become at generating
plausible content, the more crucial it becomes to
understand where and how they diverge from au-
thentic human behavior.

Our paper addresses a fundamental question
at the intersection of natural language processing
and computational social science: Can current
LLMs reliably replicate authentic human social
media behavior patterns when tasked with user
modeling applications? This question becomes
particularly pressing given the growing reliance on
synthetic data in computational social science (Bur-
gard et al., 2017), where the assumption of au-
thentic human-like generation underpins the valid-
ity of research findings. We approach this question
through a systematic comparison between genuine
X content and synthetic posts generated through
both prompt-based and fine-tuned approaches, ex-
amining linguistic discrepancies across multiple an-
alytical dimensions.

1.1. Research Questions and
Hypotheses

We investigate three primary research questions us-
ing a self-collected German and English X dataset:

RQ1 To what extent do LLM-generated social me-
dia posts exhibit detectable linguistic patterns
that distinguish them from authentic human
content across quantitative, morphological,
and semantic dimensions?
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RQ2 How does fine-tuning on domain-specific so-
cial media data improve the linguistic authentic-
ity of generated content compared to prompt-
based generation approaches?

RQ3 Can machine learning classifiers reliably dis-
tinguish between human and synthetic social
media content, and what features prove most
discriminative?

Building on empirical evidence from related work
on LLM limitations in social simulation (Liu et al.,
2022; Hershcovich et al., 2022; Münker et al., 2026),
we hypothesize that while LLMs can produce indi-
vidually plausible social media posts, systematic
analysis reveals consistent linguistic signatures that
enable reliable detection of synthetic content. Fur-
thermore, we anticipate that fine-tuned models will
show reduced but still detectable deviation patterns
compared to prompt-based approaches. Related
research confirms that fine-tuned models outper-
form prompt-based approaches in social simula-
tions (Lin, 2024) and text annotation tasks (Alizadeh
et al., 2025) in human-LLM alignment.

1.2. Our Contributions
Our work makes three primary contributions to the
language resources and evaluation community:

1. We publish a history-conditioned Reply Predic-
tion Dataset for X content (NRP-X dataset),
comprising human posts with correspond-
ing synthetic generations using both prompt-
based and fine-tuned approaches across En-
glish and German languages. (Sec. 3.1)

2. We present a multi-dimensional evaluation
framework combining multiple layers of quan-
titative linguistics analysis to assess human-
machine linguistic alignment. (Sec. 3.2)

3. We conduct a comparison of encoder (tf-idf,
static dense, transformer) and feature (see
above) combinations for detecting the syn-
thetic content. (Sec. 3.3)

2. Background

2.1. LLMs as Human Simulacra
The emergence of Large Language Models has
fundamentally transformed computational social
science research, with contemporary studies in-
creasingly positioning LLMs as human simulacra
(Park et al., 2023) capable of simulating complex
user behaviors through sophisticated text-based
interaction (Larooij and Törnberg, 2025; Münker
et al., 2026). This paradigm shift offers compelling
advantages including cost reduction, ethical com-
pliance, and enhanced scalability for large-scale

behavioral studies (Pérez et al., 2023; Thapa et al.,
2025).

However, empirical validation reveals significant
limitations in the authenticity of LLM-generated so-
cial behavior. Studies demonstrate systematic bi-
ases in the diversity of political (Liu et al., 2022;
Münker, 2025b) and cultural (Hershcovich et al.,
2022; Münker, 2025a) positions represented in cur-
rent LLMs. These limitations challenge the prevail-
ing assumption that large language models (LLMs)
can function as reliable human proxies, especially
when researchers implement applications that de-
pend solely on prompt engineering without suffi-
cient attention to the model’s inherent limitations,
training biases, and the need for domain-specific
validation.

The anthropomorphic perspective introduces
methodological risks that become especially prob-
lematic in applications requiring nuanced social
understanding. While individual LLM-generated
texts may appear plausible, systematic analysis
often reveals consistent linguistic signatures that
distinguish synthetic from authentic content. This
detectability gap has important implications for the
ecological validity of LLM-based simulations in so-
cial research contexts, where the assumption of
authentic human-like generation underpins the va-
lidity of research findings.

2.2. Synthetic Content Detection in
Social Media

The field of synthetic content detection has evolved
significantly alongside advances in generation ca-
pabilities. Traditional approaches to misinformation
detection on social media platforms target artifi-
cial or malicious content from regular users (Yang
et al., 2019) and develop comprehensive bot detec-
tion systems (Hayawi et al., 2023). However, the
current generation of LLMs produces increasingly
sophisticated outputs that closely mimic human
communication patterns, making detection more
challenging and validation more critical.

Recent advances in AI-generated content detec-
tion (Chong et al., 2023; Abburi et al., 2024) reveal
that even sophisticated generation techniques ex-
hibit systematic linguistic patterns across multiple
dimensions. These patterns manifest in quantita-
tive features (complexity, readability, lexical diver-
sity), morphosyntactic structures (part-of-speech
distributions, syntactic complexity), and semantic
distributions (topic diversity, emotion patterns, sen-
timent biases). The persistence of these linguistic
signatures across different generation approaches
suggests fundamental limitations in current lan-
guage modeling techniques for authentic social
media simulation.

Our work motivates a shift toward multi-
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dimensional evaluation frameworks that capture
the full spectrum of linguistic differences between
human and synthetic content. Surface-level plausi-
bility assessments prove insufficient for validating
LLM-generated social media content, necessitat-
ing comprehensive protocols that examine linguis-
tic authenticity across quantitative, morphological,
and semantic dimensions simultaneously. We build
upon these methodological foundations while in-
troducing a novel history-conditioned dataset and
systematic comparison of detection approaches,
addressing the critical gap between generation ca-
pability and authentic behavioral replication.

3. Methods

3.1. Data: Authentic vs. Synthetic
Collection/Preprocessing Our final dataset is
based on two raw data dumps – English and
German – collected from X. The sets are col-
lected around keywords concerning the political
discourses in the US and Germany during the first
half of 2023. The samples contain two types of
content: a) Tweets (posts) and (b) replies from X
users towards these tweets (DE: 3, 381, 111, EN:
7, 790, 741).

First, we group all first-order replies with the
tweets to which they are responding, creating tweet-
reply pairs that preserve conversational context.
We then reorganize these samples by user, result-
ing in subsets containing each user’s complete re-
ply history along with the original tweets they re-
sponded to.

Next, we apply two preprocessing steps to en-
sure data quality. First, we remove tweet-reply
pairs containing URLs (images, GIFs, and links), as
these cannot be properly processed by the LLM and
the classifiers. Second, we remove users with the
highest reply frequencies (DE: 5%, EN: 1%; Quo-
tas result in max DE: 24, EN: 21 samples per user)
and split the remaining users into train and test sets.
This ensures our analysis captures the model’s abil-
ity to learn generalizable linguistic styles across the
user population, rather than memorizing patterns
of individual users.

Transformation We construct a history-
conditioned reply prediction Task (Münker et al.,
2026; Schwager et al., 2026), using the native
instruction-completion format of instruction-LLMs:
three tweet-reply pairs as "history", along with a
fourth tweet for the model to respond to. We add
a system prompt: You are a social media user
responding to conversations. Keep your replies
consistent with your previous writing style and the
perspectives you have expressed earlier. This
conditions the LLM by presenting the tweet-reply

history as if it had already generated those replies
during prior turns.

This approach offers three advantages: (1) the
model learns from authentic behavioral patterns
without hand-crafted features encoding response
characteristics; (2) It allows synthetic sample gener-
ation without further training only by prompting (3)
during fine-tuning, the withheld fourth reply serves
as the supervised target.

Fine-Tuning We fine-tune Qwen3 8B (Yang et al.,
2025) for each language variant using supervised
learning with loss computed exclusively on the last
assistant responses. Both training datasets are
sub-sampled to 5000 examples. Training uses a
warm-up ratio of 0.1 and single-epoch optimiza-
tion with otherwise default hyperparameters (e.g.,
learning rate of 2e−5). Each model trains for ap-
proximately 100 minutes on an NVIDIA L40S GPU
with 48GB of VRAM.

Generation We generate a single synthetic reply
per test prompt using both the base and fine-tuned
Qwen3 8B models. Generation uses Qwen3’s
default sampling parameters (temperature: 0.6,
top_k: 20, top_p: 0.9) with a maximum output
length of 200 tokens. No post-generation filtering is
applied. All model outputs are retained regardless
of length, coherence, or formatting.

Published NRP-X Dataset The published
dataset (GitHub repository, see Sec. 3.4) serves
as the foundation for all subsequent analyses.
It consists of 1000 samples per language, each
containing: prompt (three historical tweet-reply
pairs plus fourth tweet in chat completion format),
authentic reply (ground truth from test users),
and two generated columns base model reply
and ft model reply produced by applying the
generation procedure described above to the base
and fine-tuned Qwen3 8B models respectively.
As a scientific artifact, the dataset serves three
potential usages: 1) improving the next reply
prediction task given our proposed metrics, 2)
developing additional metrics to analyze the
LLM-human alignment further, and 3) improving
synthetic content detection classifiers.

3.2. Evaluation: Levels of Alignment
Quantitative Features We implement the com-
plete NeLa feature suite (Horne et al., 2018)
through a modular extraction pipeline spanning five
linguistic dimensions: complexity, style, bias, af-
fect, and moral reasoning patterns. The system
extracts linguistic profiles including type-token ra-
tios, average sentence length, lexical diversity mea-
sures, readability scores (Flesch-Kincaid (Kincaid
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et al., 1975), Gunning Fog (Gunning, 1968)), and
character-level complexity metrics.

Morphosyntactic Extraction Using the spaCy
processing pipeline (Montani et al., 2023), we ex-
tract comprehensive linguistic annotations includ-
ing part-of-speech tag distributions following Uni-
versal Dependencies standards (De Marneffe et al.,
2021), named entity recognition patterns across 18
standard categories (PERSON, ORG, GPE, DATE,
etc.), dependency relation frequencies, and syn-
tactic complexity measures. Our implementation
computes frequency-normalized distributions for
both POS categories and NER labels, incorporat-
ing lexical diversity metrics and average sentence
length measurements.

Semantic Classification We employ the Tweet-
Eval benchmark (Barbieri et al., 2020) through
pre-trained transformer-based classifiers to eval-
uate content across multiple semantic dimensions.
Our pipeline integrates three specialized mod-
els: tweet-topic-21-multi (Antypas et al.,
2022) for topic classification, twitter-RoBERTa-
base-emotion (Camacho-Collados et al., 2022)
for emotion detection, and twitter-RoBERTa-
base-sentiment (Barbieri et al., 2020) for senti-
ment analysis.

Cluster-based Similarity Utilizing the state-of-
the-art instruction-following embedding model
Qwen3 (Zhang et al., 2025), we compute semantic
similarity distributions within and across content
categories. Through cluster analysis using PCA di-
mensionality reduction (Pearson, 1901) and Affinity
Propagation (Frey and Dueck, 2007), we analyze
the proportion of clusters per content category.

Feature-Vector Distance Computation To
quantify linguistic alignment between human and
synthetic content, we implement a distance-based
similarity metric. For each corpus C and linguistic
feature set F , we compute normalized feature
vectors through the following procedure:

1. Extract mean feature scores for each corpus-
feature combination:

f̄ i
C =

1

|C|
∑

d∈C

Fi(d)

where d represents sample in corpus C and
Fi denotes the i-th feature in F .

2. Construct corpus vectors: vC = [f̄1
C , . . . , f̄

|F |
C ]

3. Compute pairwise cosine similarity between
two corpus vectors defined as s(vC1 ,vC2).

3.3. Validation: Detecting Synthetics
As a downstream validation task, we implement a
comparison of detection approaches spanning the
spectrum from traditional sparse representations
to modern dense embeddings. We concatenate
the above-described features with the following text
embeddings to investigate if these features improve
the identification of synthetically generated exam-
ples.

Encoding Approaches

TF-IDF Sparse term frequency-inverse document
frequency vectorization (Ramos et al., 2003)
with uni-gram features and lowercase normal-
ization for, baseline, traditional bag-of-words
representation.

FastText Dense 300-dimensional word vec-
tors (Joulin et al., 2017) using spaCy’s
en_core_web_lg and de_core_news_lg
model, aggregated through mean pooling for
efficient semantic representation.

Qwen3 Embedding : State-of-the-art instruction-
following embeddings using the Qwen/Qwen3-
Embedding-8B model (Zhang et al., 2025) with
a specialized authorship detection prompt: "In-
struct: Find tweets with similar authorship pat-
terns (human vs. AI-generated) based on
writing style, vocabulary choice, and content
structure". We choose Qwen3 as it shows
benchmark-leading performance in text clas-
sification tasks relative to its parameter count
(Pan et al., 2025; Heseltine, 2025).

Feature Combination Strategy To investigate
the complementary nature of different represen-
tation types, we systematically evaluate all pos-
sible combinations of encoding approaches and
extracted features, creating hybrid representations
that capture multiple linguistic perspectives simul-
taneously.

Classification Model We utilize XGBoost (eX-
treme Gradient Boosting) (Chen and Guestrin,
2016) as our classification algorithm. We select
XGBoost for its promising performance on hetero-
geneous feature combinations, robust handling of
different feature scales, and interpretability through
feature importance analysis.

3.4. Reproducibility and Code
Availability

All experimental procedures, statistical analyses,
and model training protocols are implemented us-
ing open-source tools including scikit-learn (Buit-
inck et al., 2013), spaCy (Montani et al., 2023),
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Transformers Reinforcement Learning (TRL) (von
Werra et al., 2020) and Sentence Transformers
(Reimers and Gurevych, 2019). Complete code
implementations, experimental configurations, and
final datasets are available through the following
repository: https://github.com/cl-trier/
TWON-NRP-X-Dataset

4. Results

Our results reveal systematic linguistic differences
between human and synthetic content across all
analytical dimensions, with fine-tuned models con-
sistently showing superior alignment to human
content compared to prompt-based approaches.
These findings address our three research ques-
tions through complementary lenses: similarity
analysis (RQ1 and RQ2) and classification perfor-
mance (RQ3).

4.1. Quantitative Linguistics Analysis

Table 1 presents the calculated similarity scores
between corpus subsets across all feature extrac-
tion approaches. The results show a consistent
hierarchy of alignment, with fine-tuned models (F )
showing highest similarity to human original content
(O), followed by moderate alignment between orig-
inal and prompt-based content (P ), while prompt-
based and fine-tuned models exhibit the lowest
mutual similarity.

Feat./Lang. s(O,P ) s(O,F ) s(P, F )

Quantitative Features (NeLa)
German 0.7908 0.8048 0.6995
English 0.8408 0.8957 0.8410
Morphosyntactic Extraction (SpaCy)

German 0.9498 0.9748 0.9437
English 0.9423 0.9816 0.9357
Semantic Classification (TweetEval)

German 0.9695 0.9874 0.9832
English 0.9745 0.9819 0.9786

Cluster-based Similarity
German 0.8016 0.9713 0.7435
English 0.8977 0.9620 0.8323

Table 1: Comparison of the calculated similar-
ity s between the corpora subsets human original
(O), synthetic only prompted (P ) and synthetic fine-
tuned (F ) across German and English on all fea-
tures described in section 3.2. A higher value indi-
cates a more aligned model behavior.

Quantitative Features The NeLa features reveal
substantial differences in linguistic complexity and
style patterns. For German, similarity between orig-
inal and fine-tuned content reaches 0.8048, signif-
icantly higher than the 0.6995 similarity between
prompt-based & fine-tuned approaches. English
demonstrates even stronger alignment patterns,
with original & fine-tuned similarity achieving 0.8957,
while original-prompt similarity reaches 0.8408.

Morphosyntactic Extraction The Morphosyn-
tactic analysis reveals the highest overall similarity
scores across all approaches. German shows a
high alignment between original & fine-tuned con-
tent (0.9748), with prompt-based models achieving
0.9498 similarity to original content. However, de-
tailed examination reveals that prompt-based mod-
els exhibit distinctive usage patterns, particularly in
coordinating (CCONJ) and subordinating conjunc-
tions (SCONJ) (Figure 1).

0.0 0.2 0.4 0.6 0.8 1.0
score

ADJ
ADV
INTJ

NOUN
PROPN

VERB
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original
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Figure 1: Locality, spread and skewness (x-axes)
of each POS category (y-axes) for the English cor-
pus split into subsets.

Semantic Classification Semantic classification
shows the most consistent alignment across all
model types, with similarity scores exceeding 0.97
in all comparisons. German achieves the highest
alignment between prompt and fine-tuned models
(0.9832), while English shows marginally lower but
still substantial similarity (0.9786). Despite these
high similarity scores, qualitative analysis reveals
that prompt-based models generate more topically
diverse content and exhibit significantly higher pro-
portions of positive emotion classifications com-
pared to human content (Figure 2).

Cluster-based Similarity Embedding-based
cluster analysis reveals the most pronounced
differences between generation approaches. Fine-
tuned models achieve high alignment with original
content (German: 0.9713, English: 0.9620), while
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Figure 2: Locality, spread and skewness (y-axes) of the TweetEval topic and emotion classifier (x-axes)
for the English corpus split into subsets.

prompt-based models show notably lower similarity
to both original content and fine-tuned variants.
The substantial gap between original & prompt
similarity (German: 0.8016, English: 0.8977) and
original & fine-tuned similarity demonstrates that
semantic distributional properties are particularly
sensitive.

4.2. Validation Task
Table 2 presents the classification results for dis-
tinguishing between human original (O), synthetic
fine-tuned (F ), and synthetic prompted (P ) content
across various feature combinations and encoding
approaches. The results consistently demonstrate
that prompt-based synthetic content (P ) achieves
the highest detection accuracy, while fine-tuned
content (F ) proves most challenging to distinguish
from human original content (O).

Feature Combination Performance The most
effective approach combines tf-idf, fastText embed-
dings, and one or more extracted features (Tweet-
Eval, SpaCy, NeLa), achieving macro F1 scores
of 0.7301 for German and 0.6972 for English. No-
tably, prompt-based content consistently achieves
the highest individual F1 scores across all feature
combinations (German: 0.8297− 0.8510, English:
0.6725− 0.8163).

Encoding Approach Analysis Modern embed-
ding approaches show competitive but not superior
performance compared to traditional methods. The
Qwen embedding model alone achieves moder-
ate performance (German F1: 0.6365, English F1:
0.6549), while fastText embeddings demonstrate
strong baseline performance (German F1: 0.7007,
English F1: 0.6240). Surprisingly, simple tf-idf rep-
resentations prove remarkably effective, particu-

Feat./Lang. F1(O) F1(F ) F1(P ) avg
tf–idf + fastText + {TweetEval, SpaCy, NeLa}

German 0.6666 0.6938 0.8297 0.7301
English 0.6534 0.6382 0.8000 0.6972

tf–idf + fastText + Qwen
German 0.6336 0.6476 0.8510 0.7107
English 0.5531 0.6136 0.6725 0.6240

Qwen
German 0.5800 0.5849 0.7446 0.6365
English 0.5544 0.5940 0.8163 0.6549

fastText
German 0.6734 0.6407 0.7878 0.7007
English 0.5858 0.6136 0.6725 0.6240

tf–idf
German 0.6400 0.5961 0.8333 0.6898
English 0.5200 0.5000 0.7800 0.6000

Table 2: Results of the detection task for the indi-
vidual F1 scores per class, human original (O), syn-
thetic only prompted (P ) and synthetic fine-tuned
(F ), and the macro average across German and
English on a selected range of feature combina-
tions with XGBoost as classifier.

larly for prompt-based content detection (German:
0.8333, English: 0.7800).

5. Discussion

5.1. Implications for Computational
Social Science

Our findings reveal fundamental challenges for
the ecological validity of LLM-based simulations
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in social research contexts. While current genera-
tion techniques can produce individually plausible
social media posts, systematic analysis reveals
consistent patterns that distinguish synthetic from
authentic content across multiple linguistic dimen-
sions. The detection accuracies achieved in our
validation task, particularly for prompt-based con-
tent, indicate persistent linguistic signatures that
compromise the authenticity of LLM-generated so-
cial media discourse.

This detectability gap has important implications
for applications in computational social science,
where researchers increasingly rely on LLMs as
human proxies for behavioral studies. The system-
atic differences we observe in quantitative features,
morphosyntactic patterns, and semantic distribu-
tions suggest that naive deployment of LLMs for
social simulation may introduce systematic biases
that compromise research validity. The observa-
tion that even fine-tuned models, while substantially
improved, still exhibit detectable patterns in classi-
fication tasks suggests that the challenge extends
beyond simple technical optimization to fundamen-
tal questions about the nature of human-like gener-
ation.

These findings align with broader concerns about
the anthropomorphism of AI systems (Salles et al.,
2020) and highlight the necessity for validation pro-
tocols when deploying LLMs in social research con-
texts (Møller and Aiello, 2024). The consistent per-
formance hierarchy observed across all feature ex-
traction approaches, with fine-tuned models show-
ing highest alignment to human content, followed by
prompt-based models, while the two synthetic ap-
proaches exhibit lowest mutual similarity, provides
empirical evidence for the complexity of achieving
authentic human simulation.

5.2. Linguistic Authenticity and Model
Limitations

The systematic differences we observe across
quantitative linguistics, morphosyntactic patterns,
and semantic distributions point to inherent limi-
tations in current language modeling approaches.
Our analysis reveals that prompt-based models
exhibit distinctive linguistic signatures, including
more complex sentence structures (evidenced by
coordinating and subordinating conjunction usage
patterns), more topically diverse content, and sig-
nificantly higher proportions of positive emotion
classifications compared to human content.

Particularly concerning is the cluster-based simi-
larity analysis, which shows the most pronounced
differences between generation approaches. The
substantial gaps between original & prompt similar-
ity and original & fine-tuned similarity demonstrate
that semantic distributional properties are particu-

larly sensitive to generation method. These find-
ings suggest that LLMs may be systematically bi-
ased toward producing "ideal" rather than authentic
communication, potentially missing the natural vari-
ation, errors, and stylistic inconsistencies that char-
acterize genuine human social media discourse
(Thapa et al., 2025).

The cross-linguistic consistency of these patterns
across English and German corpora strengthens
the generalizability of our findings, indicating that
the observed limitations are not language-specific
artifacts but reflect fundamental characteristics of
current language modeling approaches.

5.3. Methodological Considerations for
LLM Deployment

The superior performance of fine-tuned models
compared to prompt-based approaches across all
similarity metrics provides strong evidence for the
importance of domain adaptation in social media
generation tasks. Fine-tuned models consistently
achieve higher similarity scores with human content
compared to prompt-based models. However, the
persistence of detectable patterns even after fine-
tuning, suggests that current adaptation techniques
may be insufficient for achieving true linguistic au-
thenticity (Münker et al., 2026).

The effectiveness of different encoding ap-
proaches in our validation task reveals important
insights about the nature of synthetic content detec-
tion. The surprising performance of traditional tf-idf
representations, particularly for prompt-based con-
tent detection, suggests that surface-level lexical
patterns remain highly discriminative despite the
sophistication of modern language models. The
superior performance of hybrid approaches com-
bining tf-idf, fastText embeddings, and extracted
linguistic features demonstrates that multiple repre-
sentational perspectives are necessary to capture
the full spectrum of linguistic differences between
human and synthetic content.

6. Conclusion

Our paper has examined a fundamental question
about the viability of LLMs as human simulacra
in computational social science: can current gen-
eration techniques produce social media content
that reliably replicates authentic human linguistic
behavior? Through systematic analysis of a novel
history-conditioned dataset spanning English and
German X content, we provide evidence-based an-
swers to three interconnected research questions.

6.1. Research Questions
RQ1: Linguistic Pattern Detection Our results
demonstrate that LLM-generated social media
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posts exhibit systematic and detectable linguistic
patterns across quantitative, morphological, and se-
mantic dimensions. The similarity analysis reveals
that, while individual synthetic posts may appear
plausible, aggregate patterns consistently deviate
from human norms. Most notably, prompt-based
models show distinctive signatures in morphosyn-
tactic complexity, with systematic differences in
conjunction usage patterns indicating artificially
complex sentence structures compared to human
originals. Semantic analysis reveals systematic bi-
ases toward positive emotion classifications and
increased topical diversity compared to authentic
human content.

RQ2: Fine-tuning versus Prompt-based Ap-
proaches Fine-tuned models consistently out-
perform prompt-based approaches across all simi-
larity metrics, achieving substantially higher align-
ment with human content. However, even fine-
tuned models remain distinguishable from human
content in classification tasks, particularly through
cluster-based similarity analysis where the most
pronounced differences emerge. This finding con-
firms that training models with human data for con-
crete, well-defined tasks consistently outperforms
general prompt-based usage approaches, align-
ing with findings from concurrent work demonstrat-
ing the limitations of generic prompting strategies
(Münker et al., 2026).

RQ3: Machine Learning Detection Capability
Our validation task demonstrates reliable classifi-
cation performance across multiple encoding ap-
proaches and feature combinations. The high-
est performing hybrid approach (tf-idf + fastText
+ extracted features) achieves macro F1 scores
of 0.7301 (German) and 0.6972 (English), with par-
ticularly strong detection rates for prompt-based
content (F1 > 0.8 across multiple configurations).
Surprisingly, traditional tf-idf representations prove
remarkably effective, suggesting that surface-level
lexical patterns remain highly discriminative despite
advances in generation sophistication.

6.2. Recommendations for Responsible
LLM Deployment

Based on our findings, we propose specific guide-
lines for the responsible deployment of LLMs in
social applications:

Mandatory Validation Protocols Researchers
employing LLMs for social simulation must imple-
ment comprehensive validation protocols that as-
sess linguistic authenticity across multiple dimen-
sions rather than relying on surface-level plausi-
bility assessments. Our multi-dimensional evalua-

tion framework provides a template for such vali-
dation, combining quantitative linguistics analysis,
morphosyntactic profiling, semantic classification,
and distributional similarity measures.

Domain-Specific Fine-tuning Requirements
Our results confirm that fine-tuned models con-
sistently outperform prompt-based approaches for
social media generation tasks across all similarity
metrics. However, fine-tuning alone proves insuf-
ficient to achieve complete linguistic authenticity,
as evidenced by persistent detectability in classi-
fication tasks. This suggests that domain adapta-
tion should be considered a minimum requirement
rather than a sufficient solution.

Multi-dimensional Evaluation Standards The
complementary nature of different linguistic anal-
ysis approaches in our study demonstrates that
single-metric evaluation is insufficient for assess-
ing generation quality. Researchers should adopt
multi-layered evaluation frameworks that capture
quantitative features, morphosyntactic patterns, se-
mantic distributions, and embedding-based similar-
ity measures simultaneously.

6.3. Future Directions
Our findings open several relevant directions for
future research. First, investigating the temporal
stability of linguistic signatures as generation tech-
niques continue to evolve will be essential to under-
stand the longevity of current detection methods
and to develop robust evaluation frameworks. Sec-
ond, examining domain transfer across different
social media platforms beyond X will help establish
the generalizability of these linguistic signature pat-
terns across diverse communication contexts with
varying discourse norms and constraints.

Third, exploring adversarial training approaches
specifically designed to reduce detectability while
maintaining content quality and authenticity repre-
sents a promising direction for improving genera-
tion fidelity. Such approaches could inform the de-
velopment of more sophisticated LLMs that better
capture the natural variation, errors, and stylistic in-
consistencies characteristic of genuine human dis-
course on social media. Finally, developing more
nuanced evaluation metrics that capture subtle as-
pects of human communication patterns beyond
current similarity measures could provide deeper in-
sights into the fundamental challenges of achieving
truly human-like text generation.

The cross-linguistic consistency of our findings
across English and German corpora suggests that
these challenges transcend language-specific arti-
facts and reflect fundamental limitations in current
language modeling approaches.
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Limitations

Our analysis focuses on X data collected during
the first half of 2023, which may not generalize
to other social media platforms or communication
contexts with different discourse norms and con-
straints. The temporal dimension of our dataset
may not capture evolving generation capabilities as
LLM technology continues to advance rapidly. Addi-
tionally, our current framework focuses on English
and German languages, and expanding the anal-
ysis to include morphologically richer languages,
tonal languages, and non-European linguistic fam-
ilies would strengthen the cross-linguistic validity
of these findings. Beyond these core limitations,
we acknowledge several methodological consider-
ations.

Analysis Framework Our linguistic analysis
framework, while comprehensive across quantita-
tive, morphosyntactic, and semantic dimensions,
does not capture complex discourse quality metrics
such as argumentation coherence, irony detection,
or cultural nuance recognition. The focus on indi-
vidual post generation rather than multi-turn con-
versational dynamics limits our understanding of
how synthetic content would perform in sustained
social interactions and community discussions.

Validation Experiments Our detection validation
experiments, while demonstrating reliable classifi-
cation performance, are limited to the specific LLM
architectures and fine-tuning approaches employed
in this study. The rapid evolution of language mod-
els means that newer generation techniques may
exhibit different linguistic signatures than those cap-
tured in our analysis. Additionally, our evaluation
framework relies primarily on automated feature ex-
traction and classification metrics, which may not
capture subtle qualitative differences that human
evaluators would detect.

Single Model Architecture Our results are
based exclusively on Qwen3 8B, which represents
only a single model architecture and size configu-
ration. The observed linguistic patterns and detec-
tion accuracies may vary considerably across dif-
ferent model families, model sizes, quantization ap-
proaches within the same base model, and model
versions. This architectural specificity limits the
generalizability of our findings to the broader land-
scape of available LLMs.

Reply Prediction Task The history-conditioned
reply prediction task relies on only three prior tweet-
reply pairs as context, which may provide sparse
predictive signal for capturing individual user behav-
ior patterns and writing styles. This limited historical

context may not fully represent the complexity and
variation present in users’ broader communication
patterns, potentially affecting both the fine-tuning
quality and the authenticity of generated content.

German vs. English The German and English
datasets differ substantially in their collection con-
texts, temporal distribution, and underlying dis-
course characteristics. These systematic differ-
ences make direct cross-linguistic performance
comparisons not recommended, as observed varia-
tions may reflect dataset-specific properties rather
than fundamental linguistic or modeling differences.
Each language corpus should be interpreted within
its own context rather than as directly comparable
benchmarks.

Ethical Considerations

As is typical for AI methods, the modeling approach
presented in this paper is a dual-use technology.
While behavior-based user modeling and synthetic
content generation are primarily intended for com-
putational social science research and platform
safety applications, the findings can also be used
to develop more sophisticated manipulation tech-
niques or improve the convincingness of synthetic
social media content for malicious purposes.

Privacy and Consent Considerations A signifi-
cant ethical concern in our study involves the use of
real user data from X to train models that replicate
individual behavior patterns. While our dataset
consists of publicly available posts from political
discourse and replies from regular users, the indi-
viduals whose data we used did not provide explicit
informed consent for their communication patterns
to be learned and replicated by generative models.
This raises important questions about digital pri-
vacy rights, even when dealing with publicly posted
content.

Potential for Misuse The detection methodolo-
gies developed in this work, while intended to im-
prove synthetic content identification, could poten-
tially be used adversarially to develop more sophis-
ticated generation techniques that evade detection.
The detailed analysis of linguistic signatures across
quantitative, morphosyntactic, and semantic dimen-
sions provides a road-map for improving synthetic
content quality, which could enhance both legiti-
mate applications and malicious use cases.

Broader Implications The development of in-
creasingly sophisticated user modeling and syn-
thetic content generation capabilities raises broader
questions about the boundaries of acceptable re-
search practices in computational social science.
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As these technologies advance, the research com-
munity must carefully balance the scientific value of
realistic behavioral simulation against the privacy
rights and dignity of individuals whose data enables
such research, while considering the potential so-
cietal impacts of increasingly convincing synthetic
social media content.
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Abstract
The digitisation of historical documents has traditionally been conceived as a process limited to character-level
transcription, producing flat text that lacks the structural and semantic information necessary for substantive
computational analysis. We present VERITAS (Vision-Enhanced Reading, Interpretation, and Transcription
of Archival Sources), a modular, model-agnostic framework that reconceptualises digitisation as an integrated
workflow encompassing transcription, layout analysis, and semantic enrichment. The pipeline is organised into four
stages—Preprocessing, Extraction, Refinement, and Enrichment—and employs a schema-driven architecture that
allows researchers to declaratively specify their extraction objectives. We evaluate VERITAS on the critical edition
of Bernardino Corio’s Storia di Milano, a Renaissance chronicle of over 1,600 pages. Results demonstrate that
the pipeline achieves a 67.6% relative reduction in word error rate compared to a commercial OCR baseline, with
a threefold reduction in end-to-end processing time when accounting for manual correction. We further illustrate
the downstream utility of the pipeline’s output by querying the transcribed corpus through a retrieval-augmented
generation system, demonstrating its capacity to support historical inquiry.

Keywords: vision language models, document layout analysis, historical document digitisation, digital hu-
manities

1. Introduction

The digitisation of historical documents has long
been conceived as a process whose primary ob-
jective is the faithful transcription of textual content
into machine-readable form. Under this paradigm,
the output is flat text: a character sequence suit-
able for keyword search but lacking the structural,
semantic, and relational information necessary for
substantive scholarly inquiry. This limitation stems
from an entrenched architectural assumption that
semantic enrichment constitutes a separate, down-
stream task. In practice, this separation means
that the majority of digitised collections never re-
ceive such enrichment, as the resources required
to revisit already-processed materials and execute
enrichment pipelines are rarely available. The con-
sequence is a widening gap between the volume
of digitised material and the volume that is gen-
uinely searchable, interoperable, and amenable to

computational analysis.
We argue that overcoming this gap requires

reconceptualising digitisation itself: rather than
treating semantic enrichment as optional post-
processing, it should be an integral component
of the digitisation workflow, producing structured,
semantically annotated digital objects. The feasi-
bility of this shift is enabled by recent advances
in foundation models, particularly vision-language
models (VLMs) and large language models (LLMs).
Unlike traditional OCR systems, which operate at
the character level with no awareness of document
semantics, VLMs can jointly process visual and tex-
tual information, performing layout analysis, tran-
scription, and content interpretation within a unified
inference pass. LLMs, in turn, can be leveraged for
downstream semantic tasks previously requiring
dedicated, task-specific systems. Together, these
technologies make it viable to construct pipelines
traversing the full arc from raw image to semanti-
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cally enriched digital object in a single automated
workflow.

In this paper, we present VERITAS (Vision-
Enhanced Reading, Interpretation, and Transcrip-
tion of Archival Sources), a modular framework that
operationalises this integrated approach. VERITAS
is organised into four sequential stages, each con-
stituting a self-contained module with well-defined
inputs and outputs. The framework is model-
agnostic: individual components can be substituted
as newer models become available without archi-
tectural modifications. A schema-driven extraction
process allows researchers to configure the target
data structure according to their analytical objec-
tives. We evaluate VERITAS on Bernardino Corio’s
Storia di Milano, a Renaissance chronicle of over
1,600 pages, demonstrating substantial improve-
ments over a commercial OCR baseline in both
transcription accuracy and processing efficiency.
Furthermore, we illustrate downstream utility by
submitting the complete transcription to a retrieval-
augmented generation (RAG) system and posing
historically motivated research questions.

2. Related Work

The automated processing of historical documents
has attracted growing attention at the intersection
of computer science and the digital humanities. We
review the relevant literature across two areas: tran-
scription technologies and integrated digitisation
pipelines.

2.1. Transcription of Historical
Documents

The transcription of historical documents has
evolved through several technological paradigms.
Commercial OCR engines such as Tesser-
act (Smith, 2007) have long served as default
tools; however, their reliance on character-level
pattern matching renders them ill-suited to the de-
graded image quality, irregular layouts, and ar-
chaic typographic conventions of historical materi-
als. Deep learning substantially improved capabili-
ties for such documents. Transkribus (Kahle et al.,
2017; Muehlberger et al., 2019), developed within
the EU-funded READ project, became one of the
most widely adopted platforms for automatic text
recognition in the humanities. In parallel, eScrip-
torium (Kiessling et al., 2019) extended recogni-
tion to non-Latin and bidirectional writing systems.
While both platforms significantly lowered the bar-
rier of entry, they remain primarily interactive tools
requiring manual ground-truth preparation, model
training, and post-hoc correction.

Generative AI has opened new avenues for his-
torical document transcription. One line of re-

search explores LLMs as post-OCR correctors:
Thomas et al. (2024) demonstrated that instruction-
tuned Llama 2 models can achieve a 54.5% reduc-
tion in character error rate on 19th-century British
newspapers, though subsequent studies reported
mixed results in multilingual contexts (Kanerva
et al., 2025; Boros et al., 2024). A more recent
line of research has shifted focus to direct tran-
scription through vision-language models (VLMs),
which jointly process visual and textual information
end-to-end without a separate OCR stage. Sev-
eral evaluations demonstrate that VLMs can match
or surpass dedicated OCR systems: Humphries
et al. (2024) reported character error rates of 5–
7% on 18th–19th century English manuscripts,
Kim et al. (2025) found general-purpose VLMs
outperforming traditional OCR on historical tab-
ular documents, and Levchenko (2025) bench-
marked 12 multimodal LLMs on 18th-century Rus-
sian texts, highlighting both promise and pitfalls
such as over-historicisation. On the specialised
side, CHURRO (Semnani et al., 2025), a 3B-
parameter VLM fine-tuned on 155 historical cor-
pora spanning 46 language clusters, demonstrated
that targeted training yields accuracy superior to
commercial alternatives at a fraction of the cost.
VERITAS builds on this latter paradigm, employing
VLMs as its primary extraction mechanism while
retaining flexibility for LLM-based refinement.

2.2. Integrated Digitisation Pipelines
While significant progress has been made on indi-
vidual components, fewer efforts have addressed
their integration into end-to-end pipelines. The
OCR-D project (Neudecker et al., 2019) developed
a modular framework for OCR processing of histor-
ical printed documents in German libraries, empha-
sising interoperability through standardised formats,
though its scope does not extend to semantic en-
richment. The DAHN project (Chiffoleau, 2024) pro-
posed a TEI-centred pipeline comprising six stages,
leveraging eScriptorium for HTR and TEI Publisher
for dissemination, representing an important step
but remaining oriented towards digital scholarly edi-
tions rather than flexible data extraction. At larger
scales, SocFace (Boillet et al., 2024) demonstrated
end-to-end pipelines for French censuses, and Con-
stum et al. (2024) proposed an approach for hand-
written Parisian marriage records. These efforts,
however, tend to be tightly coupled to specific doc-
ument genres.

VERITAS extends this body of work in several
respects. Unlike interactive platforms such as Tran-
skribus and eScriptorium, it operates as a fully auto-
mated, configurable pipeline. Unlike OCR-focused
frameworks such as OCR-D, it extends beyond
transcription to encompass semantic enrichment,
entity linking, and structured data indexing. Its
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model-agnostic architecture provides flexibility ab-
sent from existing designs. Finally, by demonstrat-
ing downstream utility for LLM-assisted scholarly
inquiry (Section 5), we address a gap where evalua-
tion typically stops at transcription accuracy without
assessing usability for substantive research.

3. Methodology

VERITAS (Vision-Enhanced Reading, Interpreta-
tion, and Transcription of Archival Sources) is
designed to transform raw historical documents
into structured, semantically enriched, machine-
readable data. By leveraging VLMs and LLMs, the
pipeline extends digitisation beyond character-level
transcription towards comprehensive document un-
derstanding. The architecture is model-agnostic, al-
lowing practitioners to substitute models optimised
for particular languages or document types with-
out architectural modifications. Combined with
schema-driven extraction, this ensures broad ap-
plicability across diverse archival collections.

The pipeline comprises four sequential
stages—Preprocessing, Extraction, Refinement,
and Enrichment—each a self-contained module
with well-defined inputs and standardised out-
puts (Figure 1). Individual components can be
activated, bypassed, or substituted according to
project requirements. Throughout this section, we
illustrate operations using pages from the case
study in Section 4: the critical edition of Bernardino
Corio’s Storia di Milano (1978), a Renaissance
chronicle of over 1,600 pages.

3.1. Preprocessing
The Preprocessing stage transforms heteroge-
neous raw inputs into a standardised format suit-
able for automated analysis through three opera-
tions.

Data Conversion. The pipeline accepts input for-
mats commonly encountered in archival research,
e.g. digitised PDFs, individual page scans (TIFF,
JPEG, PNG), and photographs captured with hand-
held devices, and converts them into a uniform rep-
resentation, ensuring that all subsequent pipeline
stages operate on a homogeneous, high-quality
image format. Each input is rendered as a high-
resolution raster image normalised to a consistent
colour space and resolution.

Image Enhancement. Optional computer vi-
sion techniques may be applied to the normalised
images: deskewing (correcting rotational misalign-
ment), denoising (removing noise, stains, or scan-
ning artifacts), binarisation (converting to black-
and-white to increase text-background contrast),
and page detection (isolating the document area
from extraneous background elements). The spe-

cific enhancement operations applied are config-
urable based on the quality and characteristics of
the source materials. Figure 2 shows the result of
these operations conducted on an image from the
proposed case study.

Schema Definition. This operation constitutes
the critical interface between scholarly intent and
machine-processable output: analytical require-
ments are formalised into a structured specification
determining what information the pipeline extracts
and in what form. The schema, typically expressed
in JSON Schema, defines the semantic fields to
populate for each document element, and deter-
mines the tools employed in subsequent stages. Its
design is a collaborative exercise between domain
experts, who articulate driving research questions,
and technical personnel, who translate these into
formal specifications. Below is an illustrative exam-
ple.
{

"type": "object",
"properties": {

"bbox": {
"type": "array",
"items": { "type": "integer" }

},
"category": {

"type": "string",
"enum": ["title", "text", "header",

"footnote", "figure", "table"]
},
"text": { "type": "string" },
"speaker": { "type": "string" },
"date": { "type": "string" },
"place": { "type": "string" },
"entities": {

"type": "array",
"items": {

"type": "object",
"properties": {

"mention": { "type": "string" },
"type": {

"type": "string",
"enum": ["person", "

institution", "place"]
}}}}},

"required": ["bbox", "category", "text"]
}

3.2. Extraction
The Extraction stage constitutes the core of the
pipeline, performing the transformation of visual
information into machine-readable structured data.
This stage is designed with high modularity, offering
three distinct processing paths that can be selected
based on project requirements, available compu-
tational infrastructure, and the complexity of the
target extraction tasks.

• Specialised Vision-Language Models. Com-
pact, resource-efficient VLMs optimised for
document analysis, achieving high accuracy
in layout detection, text localisation, reading
order determination, and transcription. Their
advantage lies in computational efficiency and
transcription fidelity; however, they operate ac-
cording to a fixed output schema and cannot
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Figure 1: VERITAS architecture diagram illustrating the four stages and their inputs and outputs.

Figure 2: Preprocessing operations applied to a
page from the critical edition of Corio’s Storia di
Milano. Left: the original colour scan, captured in
landscape orientation with portions of the adjacent
page visible. Right: the result after rotation cor-
rection, page detection, grayscale conversion, and
adaptive thresholding.

accommodate arbitrary user-defined instruc-
tions.

• General-Purpose Vision-Language Mod-
els. Large-scale VLMs capable of process-
ing both visual and textual information. While
potentially exhibiting marginally lower per-
formance on specialised document analysis
benchmarks compared to the previous mod-
els, their strength resides in flexibility: users
provide natural language instructions to guide
extraction towards specific information needs
beyond conventional transcription.

• Multi-Step Hybrid Approach. Combines both
approaches through a two-phase process: a
specialised VLM performs foundational layout
detection and transcription, then a general-
purpose LLM or VLM refines and enhances
extraction according to user-specified instruc-
tions. This path suits complex documents re-
quiring both accurate transcription and sophis-
ticated semantic interpretation.

The selection among these paths is determined
by the interplay of several factors, including the
available computational resources, the quality and
complexity of the source documents, and the depth
of semantic analysis required. For projects priori-

tising transcription accuracy with minimal compu-
tational overhead, the first path offers an efficient
solution. For projects requiring flexible, instruction-
guided extraction or semantic inference, the sec-
ond and third path are more appropriate. Figure 3
contrasts the predefined output of a specialised
VLM against the more flexible output of a general-
purpose VLM performing semantic inference.

Figure 3: The difference in output between the Spe-
cialised Vision-Language Model and the General-
Purpose Vision-Language Model processing paths.

3.3. Refinement
The Refinement stage transforms the collection of
page-level extraction outputs into a single, coherent
document representation through a series of clean-
ing, consolidation, and aggregation operations.

Intra-Page Correction. This operation ad-
dresses artifacts and inconsistencies within individ-
ual page outputs. Typical corrections include the
reconstruction of hyphenated words split across line
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breaks, normalisation of typographic conventions
(e.g., unifying quotation mark styles, standardising
whitespace), and validation of the extracted data
against the defined schema to ensure structural
integrity.

Inter-Page Resolution. This operation resolves
dependencies and continuities that span page
boundaries. In historical documents, content units
frequently extend across multiple pages, e.g a
newspaper article beginning on one page and con-
cluding on another, or a parliamentary speech span-
ning several folios. Inter-page resolution ensures
that such fragmented content is correctly identified
and linked, and that metadata is propagated appro-
priately across page breaks.

Document Aggregation. The refined page-
level outputs are merged into a unified data struc-
ture representing the complete source document.
This aggregation produces a single coherent object
that serves as input to the subsequent Enrichment
stage.

3.4. Enrichment
The Enrichment stage enhances the value of the
structured data by connecting it to external knowl-
edge sources, obtaining additional semantic in-
sights, and preparing it for storage and downstream
analysis.

Entity Linking. Named entities identified within
the transcribed text—such as persons, organisa-
tions, and locations—are disambiguated and linked
to canonical identifiers in external knowledge bases
(e.g., Wikidata, VIAF, or domain-specific authority
files). This process not only resolves ambiguities
(e.g., distinguishing between individuals sharing
the same name) but also situates the document
within a broader knowledge graph, enabling cross-
referencing and relational queries.

Semantic Inference. This operation leverages
LLMs to perform advanced analytical tasks and in-
fer information not explicitly present in the source
text. Depending on the research objectives, such
tasks may include topic classification, sentiment
analysis, event extraction, temporal reasoning,
named entity recognition for domain-specific entity
types, or abstractive summarisation. The schema-
driven architecture of the pipeline allows these in-
ferred annotations to be systematically incorpo-
rated into the structured output. These operations
can be also performed with general-purpose VLMs
during the Extraction stage.

Indexing. The indexing operation formats the
enriched data according to established standards
appropriate to the target research community and
loads it into suitable storage systems. For human-
ities scholarship, standard serialisation formats
such as XML-TEI (Text Encoding Initiative) facili-
tate interoperability with existing digital humanities

infrastructures. For quantitative analysis, tabular
formats (e.g., CSV) or integration with database
systems (e.g., relational databases, full-text search
engines, vector or graph databases) enable effi-
cient querying and statistical processing.

Figure 4 shows different examples of Enrichment
operations: through semantic inference we can ex-
tract named entities, e.g. people and places; an
encoder can compute the embedding of a textual el-
ement to index it for semantic search; we can match
the entities within the text with external knowledge
bases.

Figure 4: Examples of Enrichment operations.

4. Evaluation

To assess the effectiveness of the VERITAS
pipeline, we conducted an empirical evaluation on a
representative historical document collection. This
evaluation focused on two primary dimensions: (i)
transcription accuracy, measured through standard
OCR quality metrics, and (ii) computational effi-
ciency, assessed via processing time analysis. Ad-
ditionally, we evaluated the pipeline’s capacity for
accurate layout analysis and element extraction.

4.1. Case Study
The evaluation was conducted on the Storia di Mi-
lano (History of Milan), a Renaissance chronicle
authored by Bernardino Corio (1459–c. 1519). The
digitisation of this work was undertaken as part
of a broader interdisciplinary project at our univer-
sity, bringing together historians, computational lin-
guists, and computer scientists with the shared
objective of making this primary source accessi-
ble for large-scale computational analysis. Corio’s
work constitutes one of the most significant sources
for the history of the Duchy of Milan, spanning
from antiquity to the late fifteenth century. For this
study, we employed the critical edition curated by
Anna Morisi Guerra, published by UTET (Turin)
in 1978 as part of the Classici della Storiografia
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series (Corio, 1978). The edition comprises two
volumes totalling 1,688 pages.

Although this critical edition employs modern ty-
pography, thereby avoiding the challenges posed
by historical typefaces or manuscript hands, it
nonetheless presents a rich variety of difficulties for
automated processing that motivated its selection
as an evaluation testbed. The text alternates be-
tween vernacular and modern Italian, requiring the
extraction system to handle two distinct languages
within a single document flow. The page layouts
are heterogeneous, comprising dense prose, exten-
sive footnotes, illustrative figures, tables, indices,
and front matter, each demanding correct identi-
fication and classification by the layout analysis
component.

4.2. Evaluation Methodology
Ground Truth Construction. A subset of 100
pages was selected from the corpus using strati-
fied sampling to ensure adequate representation
of the diverse page layouts present in the edition
(e.g., pages with dense prose, pages with exten-
sive footnotes, title pages, and pages containing
illustrations or tables). Three domain experts, work-
ing from a shared set of transcription guidelines,
manually transcribed these pages to establish a ref-
erence ground truth. Additionally, the structural ele-
ments identified by the vision-language model (text,
headers, footnotes, etc.) were manually verified
and corrected by the same annotators to provide
ground truth for layout analysis evaluation.

Baseline. To contextualise the performance of
the VERITAS pipeline, we compared it against AB-
BYY FineReader, a widely adopted commercial
OCR solution that is also the standard digitisation
tool currently employed by our university library.
The software was executed with default configura-
tion settings, which is appropriate given that the
critical edition employs modern typefaces that do
not require specialised historical document profiles.

Pipeline Configuration. For this evaluation, the
VERITAS pipeline was configured as follows. In the
preprocessing stage, several image normalisation
operations were applied to address artifacts intro-
duced during digitisation. The original scans were
captured in landscape orientation with portions of
adjacent pages partially visible in the frame; fur-
thermore, the scans were acquired in colour. To
prepare the images for extraction, we applied ro-
tation correction to restore portrait orientation, em-
ployed an object detection model to identify and
isolate the region of interest corresponding to the
target page (Boillet et al., 2021), and converted the
images to grayscale. Additionally, adaptive thresh-
olding techniques were applied to enhance text-
background contrast and improve content legibility.
For the extraction stage, the pipeline was config-

ured to use Path A (Specialised Vision-Language
Models), employing a document-specialised VLM,
specifically, dots.ocr (Li et al., 2025), followed
by minimal post-processing operations consisting
of end-of-line hyphenation correction and output
format normalisation (removal of markdown arte-
facts).

Metrics. Transcription quality was assessed us-
ing two standard metrics: Word Error Rate (WER),
defined as the minimum number of word-level in-
sertions, deletions, and substitutions required to
transform the predicted transcription into the ground
truth, normalised by the total number of words in the
reference; and Character Error Rate (CER), anal-
ogously defined at the character level, providing
a finer-grained assessment of transcription fidelity.
Both metrics were computed at the corpus level, i.e.,
over the concatenated text of all evaluated pages, to
avoid potential bias introduced by page-length vari-
ability. To isolate substantive transcription errors
from superficial formatting differences, we report
results under two conditions: Raw (no normalisa-
tion) and Normalised (text converted to lowercase
with punctuation removed). We also evaluated el-
ement extraction computing the F1 Score: an ex-
tracted element was considered a true positive if
it matched a ground-truth element in both spatial
location (bounding box overlap) and semantic la-
bel; false positives comprised spurious detections
or incorrect label assignments; false negatives rep-
resented missed elements.

4.3. Results
Table 1 presents the corpus-level transcription error
rates for both systems. The results demonstrate
that the VLM-based approach employed in VERI-
TAS consistently outperforms the commercial base-
line across all metrics and normalisation conditions.
Under normalised evaluation, VERITAS achieves
a WER of 1.1% and a CER of 0.7%, representing
relative improvements of 67.6% and 50.0%, respec-
tively, compared to ABBYY FineReader. The per-
formance gap is even more pronounced under raw
evaluation conditions.

ABBYY VERITAS
Text WER CER WER CER
Raw 0.142 0.031 0.055 0.013
Normalised 0.034 0.014 0.011 0.007

Table 1: Corpus-level transcription error rates com-
puted over the concatenated text of all 100 eval-
uated pages. Lower values indicate better perfor-
mance.

Regarding processing efficiency, while the VLM-
based approach incurs substantially higher compu-
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tational cost per page when processed individually
(46 seconds versus 4 seconds for ABBYY), modern
inference frameworks enable efficient concurrent
processing through automatic request batching.
In our experimental configuration, we employed
vLLM (Kwon et al., 2023), a high-throughput serv-
ing framework that dynamically batches incoming
requests and optimises GPU memory utilisation.
Using one third of the memory allocation of a sin-
gle Nvidia H100 NVL 94Gb GPU, vLLM’s contin-
uous batching mechanism reduced the effective
per-page processing time to 0.89 seconds, a 4.5×
improvement over the commercial solution. Beyond
automated processing time, however, the practical
impact of the pipeline must also account for the
manual effort required to correct its output. The
domain experts recorded the time needed to cor-
rect the ABBYY FineReader transcriptions, yielding
a mean correction time of 2 minutes and 15 sec-
onds per page. Extrapolated to the full 1,688-page
corpus, this amounts to approximately 63 hours
of manual post-correction labour. Since VERITAS
reduces the normalised WER by 67.6% relative
to ABBYY, a proportional reduction in correction
effort can be reasonably assumed, bringing the es-
timated per-page correction time to approximately
44 seconds and the projected corpus-level total to
roughly 20 hours, a saving of over 40 hours of ex-
pert labour. Combining automated processing and
manual correction, the total estimated time for pro-
ducing a verified transcription of the full edition de-
creases from approximately 65 hours with ABBYY
to approximately 21 hours with VERITAS, a three-
fold reduction in end-to-end effort. These gains
should, however, be interpreted in light of the com-
putational profile of the selected extraction model.
While concurrent inference substantially lowers ef-
fective per-page latency, VLM-based processing
remains more demanding than conventional OCR
in terms of GPU memory, serving infrastructure,
and energy consumption.

Finally, the element extraction performance of
the VLM-based approach confirms its reliability for
layout analysis, with the model achieving an F1
Score of 0.966. These results indicate that the spe-
cialised VLM reliably identifies and correctly classi-
fies the structural elements present in the document
pages, a capability essential for the subsequent re-
finement and enrichment stages of the pipeline, as
accurate element extraction enables proper content
aggregation and semantic annotation.

5. Downstream Application

The preceding evaluation demonstrates that the
VERITAS pipeline achieves high-fidelity transcrip-
tion and reliable layout analysis. However, the ulti-
mate value of a digitisation framework for the hu-

manities resides not merely in the accuracy of its
output, but in the degree to which that output can
support substantive scholarly inquiry. To illustrate
this potential, we conducted an exploratory study
in which the complete transcribed text of the Sto-
ria di Milano, produced by the VERITAS pipeline,
was ingested into a retrieval-augmented generation
(RAG) system, and a set of historically motivated
research questions was posed to the model.

5.1. Setup
On top of the indexing results of the Enrichment
phase of VERITAS, we developed a dedicated RAG
pipeline tailored to the structure of Corio’s chroni-
cle. The 1,688 digitised pages were processed by a
custom ingestion module that annotates each page
with temporal and structural metadata and groups
them into chronologically coherent chunks aligned
with the chronicle’s year markers and chapters di-
visions. The resulting corpus comprises approx-
imately 1,331 content chunks and 200 footnotes,
embedded using BAAI/bge-m31 (Chen et al., 2024)
and indexed in a ChromaDB collection with cosine
distance.

At query time, an embedding-based router clas-
sifies each question as either specific (targeting
events, persons, or dates) or general (spanning
themes, style, or interpretive questions). Specific
queries trigger year-filtered semantic search with
footnote augmentation, while general queries em-
ploy Maximal Marginal Relevance (MMR) reranking
to ensure temporal and thematic diversity across re-
trieved chunks. Retrieved passages are then fed to
a generative model, GLM-4.7-Flash2 (et al., 2025),
with prompt templates that enforce grounding in the
source material and instruct the model to match the
query language.

A panel of historians formulated a set of research
questions spanning diverse analytical dimensions:
factual retrieval, interpretive analysis, thematic syn-
thesis, prosopographic reconstruction, and cross-
referencing of events and actors. These questions
were designed to reflect the types of inquiry that
scholars would naturally pursue when working with
this primary source. From this set, we selected
three representative questions for detailed discus-
sion, each exemplifying a distinct mode of historical
inquiry.

5.2. Representative Queries
Factual Entity Extraction. The question “Who
were the ducal secretaries and chancellors during

1https://huggingface.co/BAAI/bge-m3
2https://huggingface.co/zai-org/GLM-4.

7-Flash
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the Sforza era?” requires the model to identify spe-
cific individuals and their institutional roles from
mentions dispersed across the chronicle. The sys-
tem produced a well-organised response grounded
in the retrieved passages. It correctly identified
Cicco Simonetta as general secretary, citing the
chronicle’s account of his formal appointment fol-
lowing the death of Galeazzo Maria Sforza in 1477,
and described his sweeping administrative author-
ity over both domestic and foreign affairs. The re-
sponse further retrieved Giovanni Francesco Mar-
liano, appointed as jurist and governor during Lu-
dovico Sforza’s departure from Italy in 1499, as well
as peripheral figures such as Bernardino Curtio and
his brother Iacopo, named prefect and captain of
the Milanese fortresses during the Duke’s illness
in 1489. Notably, the system also reconstructed
the institutional reorganisation into two senates de-
scribed in the chronicle: one for civil affairs in the
Corte dell’Arenga and another for state delibera-
tions in the castle, where Simonetta and his asso-
ciates exercised decisive influence. This response
demonstrates the system’s capacity to aggregate
factual information scattered across hundreds of
pages into a structured outcome, a task that would
require considerable manual effort if conducted
through traditional close reading alone.

Interpretive Stance Detection. The question
“Does the author reveal his political sympathies?”
demands a qualitatively different analytical opera-
tion: the model must synthesise evidence of autho-
rial bias across the entire work and articulate an in-
terpretive judgment. The system’s response identi-
fied a multi-layered political stance that evolves over
the course of the chronicle. It recognised Corio’s
explicit loyalty to the Sforza dynasty. The response
detected an early apologetic posture, exemplified
by the author’s praise of Francesco Sforza’s restora-
tion of Milan’s fortifications and his justification of
ducal authority as a bulwark against popular dis-
order. However, the system also identified a pro-
gressive disenchantment in the later portions of
the work: Corio’s depiction of Giovanni Galeazzo
Maria as a ruler corrupted by ministerial avarice,
and his characterisation of hybris as the root cause
of the Sforza downfall, reveal a capacity for self-
critical judgment regarding his own patrons. This
response illustrates the system’s ability to move
beyond literal extraction toward historical interpre-
tation, identifying ideological tensions within the
source.

Thematic Synthesis and Causal Reasoning.
The question “Which epidemics does the author
record and what sanitary measures were taken to
limit contagion?” requires the model to identify a
recurring thematic thread across several centuries
of narrative and, for each instance, link the event to
any associated policy response. The system iden-

tified multiple epidemic events, most prominently
the peste acerrima of 1485, which Corio describes
as having driven him into rural retreat and which
directly motivated the composition of the chroni-
cle, and the pestilence of 1450, reported to have
caused approximately thirty thousand deaths and
severely disrupted the Jubilee. For each event,
the model provided contextual details drawn from
the source text, including Corio’s autobiographical
account of fleeing to the countryside. Regarding
sanitary measures, the response correctly noted
that the chronicle reflects predominantly reactive
and informal responses: rural withdrawal as a form
of quarantine, obligations placed on rulers such
as Emperor Henry VII to maintain urban infrastruc-
ture at their own expense (bridges, roads), and the
role of civic assemblies (Credentia) in coordinating
crisis management. This response demonstrates
the system’s capacity for multi-hop reasoning: ex-
tracting thematically related passages distributed
across the chronicle and synthesising them into a
coherent analytical account.

5.3. Discussion
The exploratory results presented above suggest
that RAG-based LLM systems, when provided with
high-quality transcriptions produced by the VERI-
TAS pipeline, can serve as effective tools for pre-
liminary historical analysis. However, while these
results are encouraging, they should be interpreted
with appropriate caution. The responses have not
been subjected to systematic validation, and RAG-
based systems remain susceptible to hallucination,
particularly when queries require inference beyond
what is explicitly stated in the source material. A
rigorous evaluation of factual accuracy and interpre-
tive validity, conducted in collaboration with domain
historians, constitutes an essential direction for fu-
ture work. Notwithstanding these limitations, this
demonstration highlights the potential of integrating
high-fidelity transcription pipelines with LLM-based
querying systems to lower the barrier of entry for
large-scale historical document analysis, enabling
scholars to formulate and explore research hypothe-
ses across extensive corpora more efficiently than
traditional manual methods would allow.

6. Conclusion

We have presented VERITAS, a modular, model-
agnostic framework that reconceptualises historical
document digitisation as an integrated process en-
compassing transcription, structural analysis, and
semantic enrichment within a unified pipeline. The
framework’s schema-driven architecture allows re-
searchers to declaratively specify their extraction
objectives, ensuring that the pipeline’s outputs are
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tailored to the analytical needs of diverse scholarly
communities.

Our evaluation on the critical edition of Corio’s
Storia di Milano demonstrates that a VLM-based
extraction pipeline can substantially outperform a
commercial OCR baseline, achieving a 67.6% rel-
ative reduction in word error rate under normalised
conditions, while concurrent inference reduces ef-
fective per-page processing time by a factor of
4.5. When accounting for the manual correction
effort that remains indispensable in any digitisa-
tion workflow, these improvements translate into
an estimated threefold reduction in end-to-end pro-
cessing time for the complete 1,688-page corpus.
The downstream application of the pipeline’s output
through a RAG-based system further illustrates that
high-fidelity, structured transcriptions can directly
support substantive historical inquiry, from factual
entity extraction to interpretive stance detection.

Several directions for future work remain. First, a
systematic evaluation of the Enrichment stage, in-
cluding entity linking accuracy and the reliability of
LLM-based semantic inference on historical texts,
is needed to validate the full pipeline beyond its
transcription capabilities. Second, the downstream
RAG-based analysis presented here is exploratory;
a rigorous assessment of factual accuracy and in-
terpretive validity, conducted in collaboration with
domain historians, is essential. Third, we intend
to evaluate VERITAS on document collections that
pose greater palaeographic challenges, such as
manuscript sources and early printed books with
non-standard typefaces, to assess the generalis-
ability of the approach. Finally, we plan to release
the framework as an open-source toolkit to facilitate
adoption and community-driven extension across
the digital humanities.
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Abstract 

Corpus-based discourse analysis investigates the linguistic construction of societally shared knowledge by iterating 
between quantitative pattern detection and qualitative interpretation in large text collections. Large Language 
Models (LLMs) promise to lower practical barriers to such work (e.g., natural-language querying, qualitative coding), 
yet they also introduce risks that are especially consequential in discourse-analytic settings, where fluent summaries 
can encourage ungrounded interpretation. This position paper argues that integrating LLMs into corpus analysis 
platforms is appropriate only insofar as it remains compatible with three epistemic premises of corpus research: (1) 
transparency of the data basis and traceability of analytical operations; (2) interpretability as evidence-constrained 
sense-making; and (3) seriality and patternedness as distributional structure and variation. In this opinion paper, 
we contribute a platform-oriented requirements perspective that translates these premises into design constraints 
for tool-calling/RAG-style integration, and we outline implementation directions that treat LLMs as an interaction 
layer over inspectable corpus retrieval and platform-based analysis. 

Keywords: corpus-based discourse analysis, corpus platforms, large language models (LLMs) 

1. Background and Motivation 

Corpus-based discourse analysis approaches the 
study of societally shared knowledge by iterating 
between quantitative pattern detection and 
qualitative interpretation of language use (lexical 
choices, argumentative patterns, stance-taking, 
etc.) across large text collections (cf. Baker, 2023; 
Baker & McEnery, 2015; Bubenhofer, 2009). Over 
the past two decades, this approach has been 
adopted across the humanities and social 
sciences, including public health sciences, 
political science, and media studies (e.g., 
(Grimmer & Stewart, 2013; Krasselt et al., 2022; 
O’Halloran, 2010), and it also informs applied 
communication tasks such as discourse-informed 
message design and stakeholder-oriented 
communication (Cooren, 2015). 

This development has been supported by 
advances in corpus infrastructure. Curated 
corpora and platform ecosystems (web-based 
and local) have made large-scale discourse 
analysis accessible beyond corpus linguistics. 
Tools such as Sketch Engine (Kilgarriff et al., 
2014), AntConc (Anthony, 2024), and #LancsBox 
X (Brezina & Platt, 2025) as well as initiatives 
such as ParlaMint (Erjavec et al., 2023), the 
Leipzig Corpus Collection (Goldhahn et al., 2012) 
and Swiss-AL (Krasselt et al., 2023) exemplify this 
expansion of accessible data and methods. 

At the same time, effective corpus-based 
discourse analysis remains demanding because it 
is inherently iterative. Robust studies move 
between quantitative indicators and qualitative 
inspection—for example, by relating collocation 
profiles to concordance evidence (Baker, 2023)—
and require consequential decisions about 
discourse modelling, corpus construction, 
analytical settings, and criteria of interpretive 
relevance. Difficulties often arise where statistical 
outputs must be connected to defensible 

discourse claims and where multiple analytical 
steps need to be integrated into a coherent, 
documentable workflow (cf. also McEnery & 
Brezina, 2022). 

Large Language Models (LLMs) may reduce 
some of these frictions and are beginning to 
shape expectations about how corpus resources 
can be accessed and explored by researchers 
(Brezina, 2025). They can support natural 
interaction with corpora, assist with query 
formulation, and guide users through analytical 
options (e.g., Anthony, 2025; AI integration on 
english-corpora.org). However, current research 
demonstrates substantial risks, particularly when 
generative AI is used for qualitative analysis. 
Studies report that semantic categorisation of 
keywords is often generic – especially when items 
are presented without context – shows only 
marginal overlap with human-produced 
categorisations, and may even introduce 
fabricated assignments during the categorisation 
process. Reproducibility is an additional concern, 
given the non-deterministic behaviour of general-
purpose models (Curry et al., 2024; Gillings et al., 
2024; Morgan, 2023).  

Incentives for speed and simplification are even 
stronger outside academia. Democratic societies 
depend on the formation of public opinion, which 
makes the analysis of public meaning-making 
processes attractive not only for research but also 
for public-facing monitoring and communication. 
Organizations such as political parties, public 
authorities, associations, and NGOs therefore 
have strong motivations to seek fast “insights” into 
what can be said, by whom, and with which 
effects. A current risk is that LLMs will be adopted 
for these tasks because they generate fluent, 
plausible-sounding accounts on demand, while 
concealing data choices and interpretive steps. In 
contrast, corpus-based discourse analysis 
provides suitable data, methods and tools for 
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producing more accountable analyses of public 
meaning-making. 

Against this background, we return to the question 
raised in the title: Do we still need corpora and 
corpus analysis platforms? We argue for a 
conditional integration of LLM-based workflows 
into corpus platforms for discourse analysis. Here, 
conditional means that such integration must 
remain compatible with the epistemic logic of 
corpus analysis. By corpus platforms we mean 
integrated, access-controlled environments that 
stabilise corpus definitions and metadata, support 
concordance-level inspection, and log platform-
side computations and parameters. We propose 
three epistemic premises: (1) corpus workflows 
must ensure transparency of the data basis and 
traceability of analytical operations; (2) 
interpretation must be supported by inspectable 
concordance-level evidence and triangulation 
across measures; and (3) claims must be 
grounded in seriality and patternedness, 
evidenced by distributions and structured 
variation, for example across time, genres, and 
languages. Building on these premises, we 
discuss which forms of LLM integration can 
support corpus-based discourse analysis while 
remaining anchored in accountable procedures 
and transparent evidence. 

2. Epistemic premises of corpus 
analysis 

2.1 Transparency and Traceability 

In corpus analysis, transparency and traceability 
are essential for justifying interpretations and 
claims based on empirical evidence (Baker, 2023: 
225; Bednarek et al., 2024). Transparency 
concerns the data basis: it should be clear which 
corpus (or which parts of it) were analysed and on 
what textual instances a claim rests. Traceability 
concerns the process: analytical steps and 
settings (from preprocessing to statistical 
measures) should be documented so that results 
can be reconstructed when the same procedures 
are applied again. Together, these requirements 
support interpretability as making sense of 
patterns in light of a research question (see 
Section 2.2). 

A central advantage of corpora is that they are 
explicitly delimited and enriched with metadata 
(e.g., time, genre, speaker, region), enabling 
controlled subsetting and auditing. This differs 
from LLMs, whose training data and selection 
principles are generally not inspectable at the 
level of individual documents and whose outputs 
do not provide provenance for the instances that 
would support a claim (Heersmink et al., 2024). 
Consequently, LLM responses cannot function as 
evidence on their own. 

Transparency and traceability translate into 
platform-level documentation of corpus 

modelling, processing, and analysis. Platforms 
should record corpus composition and metadata, 
key processing choices (e.g., deduplication, 
tokenization, tagging/lemmatization, language 
identification), and analytical parameters (e.g., 
measures, thresholds, window sizes, dispersion 
metrics). Because tools often present aggregated 
outputs (e.g., keyword or collocation lists), 
transparency also requires drill-down to 
concordance lines and contextual evidence. 

LLM integration introduces specific risks for 
transparency. Interfaces may silently reformulate 
queries or apply undocumented defaults, and 
generated summaries can remain detached from 
the empirical evidence if they are not explicitly 
linked to the retrieved data and the relevant 
quantitative outputs. For this reason, LLM 
functionality should be constrained by corpus 
retrieval and platform-side calculation: if 
implemented, summaries should be based on 
computed results, and any claim should link back 
to concordance-level evidence and distributional 
information so that users can reconstruct how it 
was derived. 

2.2 Interpretability 

In corpus-based discourse analysis, 
interpretability is a central epistemic requirement 
because analyses substantiate claims about how 
shared understandings are distributed and 
become prevalent in society (Keller, 2024). Since 
such objects are inseparable from social context 
and may inform public debate or institutional 
practice, it is not sufficient that an analysis yields 
plausible statements; interpretations must be 
justified in relation to a research question and 
constrained by the available evidence. 

Interpretation denotes the methodological step of 
relating distributional observations (e.g., 
collocation profiles, concordance patterns, shifts 
over time) to an analytical focus and, where 
relevant, to an applied problem. What counts as 
salient and how a pattern is understood depends 
on the question and theoretical perspective; 
accordingly, there is rarely a single “correct” 
reading. Interpretability in discourse analysis is 
thus supported by practices that keep such 
justification empirically and analytically 
constrained. This includes contextualisation 
(reading patterns against relevant co-text and 
situational knowledge), testing whether an 
observation is stable or driven by particular 
sources or periods, and triangulation across 
alternative operationalisations and measures 
(Baker, 2023: 44; Bednarek, 2009; Marchi & 
Taylor, 2009). Equally important is attention to 
structured variation: differences across genres, 
time periods, or speaker groups are often 
analytically central and should remain visible 
rather than being collapsed into a single narrative.  

LLM-assisted analysis introduces specific risks at 
this interpretive stage. Models may hallucinate 
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examples or explanations not supported by the 
corpus, and fluent summaries can invite narrative 
overreach (Ji et al., 2023). Conversational 
interaction may also amplify confirmation 
dynamics and encourage premature closure, 
smoothing analytically consequential variation 
across time, genres, or groups. 

The issue of interpretability also becomes evident 
when collecting and evaluating ethically sensitive 
data or data that is protected by copyright, for 
example. Discourse corpora often contain 
copyrighted material and potentially sensitive data 
(e.g., political extremism), the processing of which 
requires specialist knowledge. Corpus platforms 
can provide secure research environments and 
transparent, documented data-handling 
procedures that generic chat interfaces layered 
on top of an LLM typically do not. In sum, the 
interface is changing, but the need for 
accountable, corpus-based infrastructures for 
discourse analysis remains. 

2.3 Seriality, Patternedness, and 
Distributional Grounding 

In corpus-based discourse analysis, the epistemic 
goal is not the description of isolated events but 
the identification of seriality and patternedness in 
public discourse (Foucault, 1981, 1982). 
Discourses become socially powerful not because 
a statement occurs once, but because 
formulations, evaluations, and argumentative 
moves recur across texts and sediment into 
shared assumptions about how the world can or 
should be understood. This repetition structures 
what appears normal, plausible, or sayable in 
society. From a corpus perspective, seriality 
becomes observable as patterned language use 
(e.g., recurring lexical choices, frames, 
metaphors, actor configurations, or stance 
profiles) that can be shown to be stable or 
systematically shifting across time, contexts, and 
communities.  

Importantly, discourse-analytic seriality is not 
simply frequency. A pattern is discourse-relevant 
when it exceeds the idiosyncrasies of single 
authors, outlets, or formats and when it appears 
as a structured distribution across the discursive 
field. This includes, for example, patterns that are 
dispersed across sources rather than 
concentrated in a few texts; patterns that recur 
across genres while taking genre-specific forms; 
or patterns that differentiate speaker groups, 
political camps, or linguistic communities. Seriality 
therefore combines recurrence with structured 
variation. 

Corpora and corpus platforms support the 
identification of seriality by making such 
distributional questions testable. They allow 
researchers to delimit the discursive space 
through corpus design and metadata, detect 
candidate patterns via aggregated measures 
(e.g., keywords, collocations, association 

profiles), and inspect instances through 
concordance evidence and contextual reading. 
Combined with transparency and traceability, this 
enables analysts to evaluate whether an 
observation is genuinely serial by checking 
dispersion across sources, stability across 
subcorpora or time periods, and sensitivity to 
operationalisation (e.g., alternative queries, 
reference corpora, or window settings). 

LLM-assisted workflows pose particular risks to 
establishing seriality and patternedness, 
especially when fluent, abstractive summaries 
become the primary analytic output. Such 
summaries can smooth heterogeneity and 
obscure analytically relevant variation. Majority 
bias may privilege dominant frames and 
paraphrases, masking marginal positions. In 
addition, LLM outputs often neglect dispersion 
and distribution, making it difficult to distinguish 
broadly shared patterns from event-driven spikes 
or source-specific effects. In the worst case, the 
epistemic target shifts from demonstrating 
seriality as distributional structure to producing 
plausible accounts of “what the discourse is 
about.” Conversely, when LLMs are used to 
support corpus-anchored tasks (e.g., schema-
driven, custom annotation, candidate retrieval, or 
consistency checks across coded instances, cf. 
Yu et al., 2024) they may strengthen rather than 
weaken the establishment of patterned variation, 
provided results remain traceable and are 
validated through distributional analysis. 

3. Implications for the integration of 
LLMs into platforms for corpus-

based discourse analysis 

3.1 Criteria for LLM integration 

Building on the epistemic premises outlined 
above, we propose the following criteria for LLM 
integration into corpus platforms for discourse 
analysis: 

Outputs must remain corpus-grounded and 
evidence-linked. LLM assistance should operate 
on an explicitly defined corpus and maintain a 
clear separation between model text and corpus 
evidence; analytic statements should link to 
inspectable contexts (concordances/documents) 
and the relevant computed outputs. 

Workflows must be traceable and reversible. 
Platforms should log and export executed 
queries, preprocessing state, parameters, and 
statistical measures, and make any automated 
query reformulations or defaults explicit and 
reversible rather than silently applied. 

Computation must remain platform-side. 
Quantitative results (e.g., keywords, collocations, 
dispersion) should be computed by the platform; 
the LLM may guide exploration and explanation 
but must not substitute for, or fabricate, analytical 
results. 
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Interpretation must be supported without 
narrative smoothing. LLM interaction should 
encourage contextual inspection, 
counterevidence, and alternative framings, while 
preserving structured variation and enabling 
checks of dispersion and stability across time, 
genres, groups, and languages. 

Hallucination resilience is required. When the 
available evidence is insufficient, the system 
should signal these limits and prompt further 
retrieval and inspection rather than producing 
confident, ungrounded claims. 

3.2 Implementation directions 

These criteria matter because corpus-based 
discourse analysis advances by iteratively testing 
candidate patterns against textual evidence—a 
process that is time-consuming and cognitively 
demanding. Consider studies of argumentative 
structures in thematic discourses (so-called topoi, 
Wengeler, 2012). Identifying topoi typically 
involves inspecting keywords, n-grams, and 
collocates, reading concordances (and, where 
necessary, full texts), and iteratively building an 
annotation scheme until higher-order categories 
stabilise (Kalwa, 2013). The process produces 
many false positives, since only a small subset of 
retrieved items is relevant to the analytical aim. 
LLMs seem to offer a shortcut by answering 
questions like “Which topoi appear in discourse 
X?” even before a corpus is delimited. Yet such 
outputs are not discourse analysis but plausible 
summaries that bypass corpus definition, 
distributional testing, and evidence inspection.  
 
Corpus platforms remain central in the LLM era 
because they stabilise the data basis, document 
preprocessing and statistical procedures, and 
preserve access to concordance-level evidence 
and structured variation. A robust integration 
strategy therefore treats the LLM primarily as an 
interaction layer, while retrieval and computation 
are executed by specialized platform functions 
and returned in inspectable form. This division of 
labour is increasingly reflected in tool-calling 
architectures (e.g., the Model Context Protocol, 
MCP and related function/tool-calling 
approaches), which standardise how models 
invoke external tools and incorporate their outputs 
(Anthropic, 2024; Hou et al., 2026). 
 
Accordingly, two implementation directions are 
particularly compatible with the criteria outlined 
above. First, LLMs can be used to post-process 
platform results via predefined prompt 
templates— for instance to sort, filter, cluster, or 
categorise concordance lines or aggregated 
outputs (cf. Davies, 2025), while preserving links 
to evidence and keeping operations reversible. 
Second, Retrieval-Augmented Generation (RAG, 
cf. Lewis et al., 2020; Gao et al., 2023) can enable 
natural-language interaction with user-defined 

corpus slices by retrieving relevant passages or 
documents first and using them as grounded 
context for the model’s response. In contrast to 
“pure” generation, RAG and tool-calling workflows 
make the evidential basis explicit and allow 
outputs to be tied back to retrievable sources. In 
both cases, the decisive requirement is that AI 
support remains constrained by corpus retrieval 
and platform-provided results, and that outputs 
preserve traceability, evidence access, and 
distributional visibility rather than replacing them 
with narrative closure. 

4. Conclusion 

Do we still need corpora and corpus platforms for 
discourse analysis in the age of LLMs? We argue 
that we do – because LLMs change the interface 
to text analysis without removing the epistemic 
requirements that make discourse-analytic claims 
accountable. Corpus-based discourse analysis 
relies on (i) transparency of the data basis and 
traceability of analytical operations, (ii) 
interpretability as evidence-constrained sense-
making supported by contextualisation and 
triangulation, and (iii) the demonstration of 
seriality and patternedness as structured 
distributions and variation. These premises define 
what counts as a defensible discourse-analytic 
result. 

The societal stakes sharpen this point. 
Discourses shape shared assumptions and 
orders of speech, influencing what becomes 
sayable and legitimate. This makes discourse 
analysis a particularly sensitive domain: LLMs can 
generate fluent, plausible accounts while 
obscuring data choices and interpretive steps, 
and are therefore likely to be adopted for public-
facing “insights” into opinion formation and 
communicative dynamics. Without corpus-
grounded procedures, such uses risk replacing 
evidence-based analysis with persuasive 
narrative. 

For these reasons, corpus platforms may become 
more rather than less relevant by providing 
orientation amid fast access to unreliable 
knowledge. Their distinctive contribution is 
curated, documented corpora and robust views of 
distributions and structured variation with 
inspectable concordance evidence. The criteria 
proposed here translate these premises into 
design requirements: LLMs may support 
interaction and exploration, but results must 
remain corpus-grounded, workflows 
reconstructable, and variation visible. Tool-calling 
architectures point to a division of labour in which 
the LLM acts as an interaction layer while 
specialized platform tools handle retrieval and 
quantitative analysis. 
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Abstract
Multilingual large language models (LLMs) often exhibit emergent ‘shadow’ capabilities in languages without official
support, yet their performance on these languages remains uneven and under-measured. This is particularly acute
for morphosyntactically rich minority languages such as Scottish Gaelic, where translation benchmarks fail to capture
structural competence. We introduce GaelEval, the first multi-dimensional benchmark for Gaelic, comprising: (i) an
expert-authored morphosyntactic MCQA task; (ii) a culturally grounded translation benchmark and (iii) a large-scale
cultural knowledge Q&A task. Evaluating 19 LLMs against a fluent-speaker human baseline (n = 30), we find that Gem-
ini 3 Pro Preview achieves 83.3% accuracy on the linguistic task, surpassing the human baseline (78.1%). Proprietary
models consistently outperform open-weight systems, and in-language (Gaelic) prompting yields a small but stable
advantage (+2.4%). On the cultural task, leading models exceed 90% accuracy, though most systems perform worse
under Gaelic prompting and absolute scores are inflated relative to the manual benchmark. Overall, GaelEval reveals
that frontier models achieve above-human performance on several dimensions of Gaelic grammar, demonstrates
the effect of Gaelic prompting and shows a consistent performance gap favouring proprietary over open-weight models.

Keywords: benchmarking, multilingual evaluation, large language models, morphologically rich languages,
Scottish Gaelic

1. Introduction

Although most large language models (LLMs) offi-
cially support a small fraction of the approximately
7,000 human languages spoken worldwide, they
display emergent ‘shadow’ capacities in many more.
For instance, OpenAI advertises support for 59
languages in ChatGPT,1 none of which belong to
the Celtic family (e.g. Irish, Welsh and Scottish
Gaelic). Despite this, the system processes and
generates text in every Celtic language. The dis-
tinction between official and de facto support raises
a methodological challenge: as coverage expands
and model varieties diversify, establishing robust
evaluation frameworks becomes crucial for both
official languages and the minority languages they
nevertheless represent.

The current evaluation landscape is markedly
skewed. High-resource languages like English
benefit from a self-reinforcing ecosystem of train-
ing corpora and mature benchmarks. In contrast,
low-resource languages suffer from sparse training
data (Joshi et al., 2020) and little or no evaluation
resources (Romanou et al., 2024). Even where
benchmarks exist, they rarely include human base-
lines (Assadi et al., 2025), making it impossible to
ascertain whether a model’s output follows a given
community’s sociolinguistic norms or not. Further-
more, the English-dominance of these models risks

1https://help.openai.com/en/articles/
8357869-how-to-change-your-language-set
ting-in-chatgpt. Accessed 22 Feb 2026.

processing the world’s cultural-linguistic mosaic
through an Anglocentric lens. Without objective
measurement, academics and language commu-
nities alike cannot determine if an LLM should be
explored or eschewed.

Scottish Gaelic (‘Gaelic’) epitomises these chal-
lenges. Ranking 104th in Common Crawl acces-
sibility,2 Gaelic occupies the digital margins, yet it
possesses a rich morphosyntax that defies the only
benchmarks available for it: the surface-level trans-
lation based FLORES-200 (Goyal et al., 2022) and
BritEval (BritLLM, 2026). These benchmarks do not
capture whether a model is truly ‘Gaelic-conversant’
or merely performing a high-dimensional transla-
tion of English concepts.

To address this gap, we present GaelEval: a
targeted, multi-dimensional evaluation suite that
moves beyond surface equivalence toward deeper
morphosyntactic and culturally grounded compe-
tence. Our framework includes three distinct tasks:

1. Linguistic Competence: A multiple-choice
question answering (MCQA) task comprising
120-questions and probing fine-grained gram-
matical and idiomatic usage.

2. Translation: A rigorous assessment us-
ing BLEU and chrF metrics against hand-
translated gold labels.

2https://commoncrawl.github.io/cc-cra
wl-statistics/plots/languages. Accessed 21
Feb 2026.
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3. Cultural Understanding: A culturally
grounded Q&A task (1,087 questions) derived
from pedagogical content produced by fluent
speakers.

We evaluate 19 contemporary LLMs (14 propri-
etary; 5 open-weight), providing the first system-
atic comparison of LLM performance for Scottish
Gaelic. Gemini 3 Pro Preview leads overall and sur-
passes the fluent-speaker baseline on the linguistic
competence task.

Our principal contributions are:

• GaelEval, the first multi-dimensional bench-
mark for Scottish Gaelic, spanning morphosyn-
tax, translation and culturally grounded knowl-
edge;

• the first human baseline for Gaelic LLM evalu-
ation (n = 30);

• evidence that Gemini 3 Pro Preview exceeds
the fluent-speaker mean on a controlled mor-
phosyntactic task;

• a consistent aggregate advantage for in-
language (Gaelic) prompting for the mor-
phosyntactic task; and

• quantification of the performance gap between
frontier proprietary and open-weight models in
a minority-language setting.

In what follows, we review related work (§2), de-
scribe our design and evaluation methodology (§3),
present empirical results (§4) and conclude, with
proposed directions for future work (§5).

2. Related Work

Multilingual LLM Evaluation Frameworks
Large-scale multilingual benchmarks are central
to evaluating LLM capabilities across languages.
MMLU (Hendrycks et al., 2020) introduced a widely
used multiple-choice framework for knowledge-
intensive reasoning in English. Global MMLU
(Singh et al., 2025) extended this paradigm cross-
lingually, largely via translation of English-source
materials. FLORES-200 (Goyal et al., 2022;
NLLB Team et al., 2024) expanded coverage to
200+ languages, including Gaelic, but evaluates
only machine translation (MT). BritEval (BritLLM,
2026) consists of 3 major English benchmarks
translated into 4 languages from Britain and Ireland,
including Gaelic. XTREME-UP (Ruder et al., 2023)
incorporates additional low-resource tasks (e.g.,
transliteration, OCR), while INCLUDE (Romanou
et al., 2024) departs from translation-based design
by constructing question answering benchmarks
from native regional exam materials.

Many multilingual benchmarks rely heavily on
translation or adaptation from English-centric
datasets. While valuable, this approach under-
represents language-specific morphosyntax, cul-
turally grounded knowledge, and idiomatic usages
that resist direct translation (e.g. that the colour
of grass in Gaelic is gorm ‘lit. blue’, not uaine
‘lit. green’). For morphologically rich languages
such as Gaelic, translation-based evaluation also
is unlikely to capture fine-grained inflectional con-
trasts or edge cases that distinguish structural com-
petence from superficial word recognition. To our
knowledge, beyond BritEval, FLORES-200 and re-
lated benchmarks (e.g., SIB-200; Adelani et al.,
2024), no large-scale Gaelic evaluation suite ex-
ists.

Low-Resource and Morphologically Rich Lan-
guage Evaluation Recent work addresses the
challenges of evaluating LLMs on low-resource
and morphologically complex languages, including
tokenisation and pattern extrapolation (Xia et al.,
2025). IndicGenBench (Singh et al., 2024) cov-
ers 29 Indic languages using human-curated par-
allel data; AfriQA (Ogundepo et al., 2023) intro-
duces question answering for African languages;
and TurkBench (Toraman et al., 2026) evaluates
Turkish across 21 subtasks. Xia et al. (2025) fur-
ther propose a cross-lingual benchmark spanning
Cantonese, Japanese and Turkish, combining hu-
man evaluation with automated metrics across di-
verse tasks. Irish-BLiMP evaluates LLMs on Irish
linguistic knowledge using 1020 minimal pairs and
provides a human baseline (McGiff et al., 2025).
Collectively, these efforts highlight the need to eval-
uate LLMs on morphologically rich, low-resource
languages. We extend this line of work by directly
assessing model competence in Gaelic morphosyn-
tax and non-compositional usage.

Culturally and Linguistically Informed Evalu-
ation A growing literature argues that linguistic
competence cannot be evaluated independently
from cultural knowledge. Tao et al. (2024) doc-
ument systematic bias toward English-speaking
contexts in ostensibly multilingual LLMs. Relat-
edly, multilingual models have been shown to pro-
cess non-English inputs through English-dominant
representational pathways (Papadimitriou et al.,
2023; Wendler et al., 2024), raising concerns about
whether these systems encode language-specific
structures or just rely on Anglocentric priors.

Recent benchmarks increasingly integrate cul-
tural and linguistic evaluation. For example, Prover-
bEval (Azime et al., 2025) assesses Ethiopian lan-
guages (and English) through proverb interpreta-
tion, requiring both morphosyntactic competence
and culturally grounded reasoning. Knowledge-
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grounded benchmarks similarly test community-
specific factual knowledge in domains such as
food, holidays and social practices (Myung et al.,
2025). Importantly, Myung et al. (2025) show that
in-language prompting benefits medium- and high-
resource languages, whereas low-resource lan-
guages often perform better under English prompt-
ing. This resource-sensitive pattern motivates our
evaluation under both English and Gaelic prompt
conditions to test whether similar asymmetries arise
for Gaelic.

LLM-Assisted Benchmark Construction LLM-
assisted benchmark generation offers a practi-
cal solution when human-curated datasets are
scarce (Perez et al., 2023; Anwar et al., 2026).
Prior work has used LLMs to extract cultural knowl-
edge from large corpora such as C4 (Nguyen et al.,
2023) and TikTok (Shi et al., 2024), derive cultur-
ally grounded Q&A from web scrapes (Wang et al.,
2024) and Wikipedia (Fung et al., 2024), and gen-
erate multilingual evaluation data across 13 lan-
guages (Zhao et al., 2025). Although LLMs typically
perform worse on low-resource languages, raising
concerns about synthetic benchmark quality, man-
ual analysis of 10,000 generated instructions in 13
Indic languages found over 99.7% to be of high or
moderate quality (Chitale et al., 2025).

In our setting, automated generation was re-
quired for scale. To reduce associated risks, we ap-
plied structured filtering and answerability scoring
(§3.1.3), discarding items below predefined thresh-
olds. While not a substitute for native-speaker vali-
dation, this procedure provides a systematic safe-
guard against noise and incoherence.

3. Benchmark Design and Evaluation
Methods

In this section, we describe the design of GaelEval
and our evaluation methods. Unlike translation-
based frameworks such as FLORES-200, GaelE-
val integrates an expert-designed morphosyntactic
MCQA task with culturally grounded Gaelic-source
texts for translation and Q&A evaluation.

3.1. Tasks

3.1.1. Linguistic Competence

We define linguistic competence as the ability to
select grammatically and idiomatically appropriate
forms in controlled morphosyntactic contexts. The
120-item MCQ set was designed by a Gaelic do-
main expert, who used a recent grammar (Lamb,
2024) to identify grammatical edge cases (e.g. long-
distance relativisation) and constructions resistant

Category N
Nominal morphology 17
Adjectives 11
Verbal noun cores 12
Formulaic expressions 10
Questions and tags 10
Prepositions 9
Pronouns and anaphor resolution 9
Tense Aspect Modality (TAM) system 7
Impersonals and passives 7
Adverbials 5
Conjunctions and particles 5
Relative clauses 5
Clefts and focussing expressions 4
Colours 3
Determiners 3
Numerals 3
Total 120

Table 1: Distribution of MCQs across principal
grammatical categories.

to literal translation from English.3 Items span 16
grammatical categories (Table 1), with nominal
morphology the largest (17 items; 14.6%). The
design prioritised breadth across grammatical do-
mains (e.g. case marking, agreement, idiomatic
conventions) over depth within individual micro-
phenomena (e.g. the feminine singular genitive),
while keeping the task manageable for human par-
ticipants. The MCQs were not publicly available
prior to evaluation, ensuring zero-shot conditions.

Each question contained a single gap and was
designed to have one unambiguous correct answer.
For example, the following question asks for the
feminine singular basic definite form of the noun
fuil ‘blood’, where b. is the correct answer.

Chunnaic Màiri ___.
('Mary saw ___.')
a. am fuil
b. an fhuil
c. am fhuil
d. na fala

Distractors were constructed to be linguistically
plausible and, as much as possible, attested in con-
temporary usage. This ensured that a successful
choice required grammatical discrimination rather
than mere lexical recognition. The placement of
the correct answer was varied during preparation,
but the task was issued in a fixed order across all
iterations to ensure consistency for humans and
models.

Human participants were recruited via conve-
nience sampling on social media (Facebook and

3Our approach is inspired by an unpublished Irish-
language MCQA study by Joseph McInerney.
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FLUENT NON-FLUENT

Onset Near-/Native Adv Upp-Int Int Sum

0–4 12 0 0 0 12
12–18 2 2 1 0 5
18–30 7 5 3 1 16
30+ 2 0 0 0 2

Total 23 7 4 1 35

Table 2: Participant distribution by age of first ex-
posure to Gaelic (Onset), self-reported proficiency
level (N = 35) and fluency grouping. ‘Fluent’ com-
bines near-/native and advanced.

LinkedIn), yielding a voluntary, non-representative
sample of Gaelic speakers (N = 35; n = 30 af-
ter filtering). The task was administered online via
Qualtrics. Following informed consent and instruc-
tions in English, for accessibility, responses were
collected anonymously along with self-reported pro-
ficiency and age of acquisition (“Onset”). Profi-
ciency levels were: Near-/Native, Advanced (fluent
in most contexts), Upper intermediate (comfortable
in most discussions), and Intermediate (everyday
conversational ability).

For benchmarking, we combined the Near-
/Native and Advanced groups as ‘Fluent’ to ap-
proximate stable adult competence. While native
speakers typically acquire Gaelic in childhood, ad-
vanced and near-native speakers often receive for-
mal instruction. This may increase familiarity with
the prescriptive grammatical forms targeted in the
MCQA.

The distribution of participants by onset and pro-
ficiency is shown in Table 2. Approximately one
third (12/35) identified as Near-/Native and reported
acquiring Gaelic before age five, consistent with
socialisation in a Gaelic-speaking home. We refer
to this group as ‘native’ in Table 5.

Mean task duration was 45.7 minutes (median
= 33.75; range = 12.5–165.2). Questions were
presented in fixed order, and participants were re-
quired to select a single response per item. Missing
responses were scored as incorrect; submissions
with more than 10 missing items were excluded.

Following task administration, a few questions
were flagged as potentially dialect-sensitive or ad-
mitting multiple acceptable responses. After review
in light of documented Gaelic morphological vari-
ation (Adger, 2010; Iosad and Lamb, 2020), three
items (IDs 12, 21, 48) were excluded. All reported
results, therefore, are based on 120 questions ver-
sus the original 123.

We input the MCQs to the models listed in Table 3
(see §3.2) with each item evaluated in a single-turn
call. For each call, the prompt comprised a fixed
system instruction and a user message containing

the question sentence with a single blank and the
full list of answer options (see §6.1). Models were
instructed to return only the text of the correct op-
tion (e.g. b. an fhuil), without explanation or
additional punctuation, and short examples were
included to enforce this format.

Decoding parameters were left at model defaults.
Responses were scored by exact string match af-
ter trimming whitespace; outputs beginning with
Error: were logged as API failures. To mitigate
transient failures and rate limits, calls were retried
with exponential back-off (up to five attempts), and
per-item outputs and correctness flags were stored
in JSONL format.

3.1.2. Culturally Relevant Translation

To construct the translation task, we collected par-
allel English and Gaelic transcripts of the Gaelic
learning podcast An Litir Bheag (‘The Little Letter’)
from LearnGaelic.scot. As these transcripts are
professionally translated, we treat them as gold ref-
erences for English–Gaelic evaluation. Produced
by a fluent Gaelic speaker for intermediate and ad-
vanced learners, the episodes frequently address
culturally salient topics, making them a relevant
resource for assessing LLM performance on MT.

We downloaded all available episodes of An Litir
Bheag with both English and Gaelic transcripts
at the time of writing (episodes 154–1076). Five
episodes were excluded due to failed mp3 down-
loads. (We had initially intended to compile a par-
allel corpus including Gaelic audio to support ASR
evaluation.) The final dataset comprises 918 En-
glish–Gaelic parallel transcripts.

On manual inspection, we found errors in how
the podcast producers had published some of the
podcasts, and so we performed filtering to ensure
general data quality. First, we found that some
transcripts had their identifying language reversed
(i.e. Gaelic vs English, and vice-versa), so we ap-
plied a text language identification model, Open-
LID v2 (Burchell et al., 2023), to all transcripts and
manually removed those that showed switched lan-
guages.

We also identified cases where transcripts did
not correspond to the correct podcast or failed to
align as parallel pairs. To detect such mismatches
systematically, we translated all Gaelic transcripts
into English using GPT-5.2 and computed BLEU
scores against the paired English versions using
SacreBLEU (Post, 2018). Episodes were sorted
by lowest BLEU score to identify likely mismatches.
Following automated filtering and manual inspec-
tion, 10 episodes were removed, yielding a final
dataset of 908 parallel transcripts.

Finally, we downloaded episode subject meta-
data from the LearnGaelic.scot website and aligned
it with the episode transcripts. This enabled us to
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Open-weight: DeepSeek R1, GLM 4.7, GPT OSS
120B, GPT OSS 20B, Llama 4 Maverick.
Closed-weight: Claude Haiku 4.5, Claude Opus
4.6, Gemini 2.5 Flash, Gemini 3 Flash Preview,
Gemini 3 Pro Preview, GPT-4.1, GPT-4.1 Mini, GPT-
4.1 Nano, GPT-4o, GPT-4o Mini, GPT-5, GPT-5
Mini, GPT-5 Nano, GPT-5.2

Table 3: Models evaluated in GaelEval.

classify each episode according to one of the follow-
ing thematic categories: Folklore, Gaelic language,
History, Nature, Pastimes, People or Places.

3.1.3. Q&A Task on Cultural Understanding

Alongside our parallel transcripts, we also gener-
ated a MCQ set to assess the LLMs’ level of Gaelic
understanding and knowledge. We first instructed
GPT-5.2 to rate the cultural significance of each
episode’s transcripts from 1-5 (system messages
are detailed in the Appendix 6.2). For this task, we
removed any episode rated less than 4 to filter tran-
scripts unrelated to general knowledge of Gaelic
culture (e.g. autobiographic episodes). Following
this procedure, we maintained 713 episodes out of
the original 908.

We then instructed GPT-5.2 to generate between
1 and 10 general knowledge-style Q&A pairs per
episode based on the episode transcripts in Gaelic,
alongside English translations of each question and
answer. This yielded 6,802 Q&A pairs.

Occasionally, generated questions referred to
transcript-specific details despite instructions to
avoid contextual dependence, rendering them un-
suitable as stand-alone general knowledge items.
We therefore used GPT-5.2 to assign an ‘answer-
ability’ score (1–5) to each Gaelic question and its
English translation, where 5 denotes a fully self-
contained general-knowledge item and 1 indicates
contextual dependence. Questions scoring below
4 in either language were excluded. This filtering
yielded a final set of 1,087 questions drawn from
440 unique episodes, a subset of which was man-
ually verified by a Gaelic domain expert.

Finally, we re-input the transcripts to GPT-5.2 to-
gether with the generated questions and answers,
instructing it to produce three plausible distractors
per item. English translations were also generated
for each distractor. This yielded 1,087 multiple-
choice questions, each comprising one correct an-
swer and three distractors. Answer options were
randomly shuffled and labelled A–D, to prevent
positional bias and ensure consistent single-letter
responses from models.

3.2. LLM Models Evaluated

We evaluated 19 models (Table 3) across three
tasks: linguistic competence, translation and cul-
tural understanding, spanning both open- and
closed-weight systems. Models were accessed
via the OpenAI, Anthropic, Google AI Studio and
Together AI endpoints, with batch processing used
to reduce costs. Responses were constrained to a
predefined JSON schema (single key–value pair) to
minimise explanatory output preceding the answer.

3.3. Evaluation Metrics

For the MCQA tasks, we report accuracy, defined
as the percentage of outputs that both conformed
to the required JSON schema (see Section 3.2)
and contained the correct answer. For transla-
tion, we report BLEU (Papineni et al., 2002) and
chrF (Popović, 2015).

4. Results

4.1. Linguistic Competence Task

As detailed in §3.1.1, we deployed a 120-item MCQ
set to assess models’ Gaelic linguistic competence.
We also administered the same task to human par-
ticipants (N = 35). Table 4 reports model accuracy
under two prompt conditions (Gaelic and English
system messages: see §6.1), alongside the per-
formance of fluent speakers (n = 30); we exclude
intermediate learners to approximate stable adult
competence.

Gemini 3 Pro Preview achieves the strongest
overall results, scoring 83.3% under Gaelic prompt-
ing and 80.0% under English prompting. Its Gaelic-
prompted score is significantly higher than the
fluent-speaker mean of 78.1% (95% CI: 73.9%-
82.2%; p < 0.05). This contrasts with com-
parable work on Irish, where fluent speakers
(n = 3) outperformed all evaluated LLMs (McGiff
et al., 2025). Among OpenAI’s models, GPT-
5 performs best (69.2% Gaelic; 71.7% English),
while Claude Opus 4.6 leads the Anthropic sys-
tems (59.2% Gaelic; 50.8% English), though it re-
mains more than 24 percentage points below Gem-
ini 3 Pro Preview under Gaelic prompting.

Among open-weight systems, DeepSeek R1
(45.0% Gaelic; 42.5% English) and Llama 4 Mav-
erick (45.0% Gaelic; 40.0% English) performed
best, yet remained approximately 38 percentage
points below Gemini 3 Pro Preview. Both mod-
els were only modestly above the 25% chance
baseline, consistent with results reported for other
morphologically rich low-resource languages (Etx-
aniz et al., 2024; McGiff et al., 2025). This gap
may reflect differences in training data scale and

77



composition between open- and closed-weight sys-
tems. A plausible factor in Google’s favour is its
long-standing support for Scottish Gaelic in Google
Translate (since 2016) (BBC, 2016), and the asso-
ciated accumulation of Gaelic data.

We observe a modest aggregate advantage for
Gaelic prompting. Averaged across models (ex-
cluding humans), Gaelic system messages outper-
form English ones by 2.4 percentage points (46.8%
vs. 44.4%). Although the effect varies by model
family, the overall pattern indicates a small but con-
sistent in-language advantage. This pattern is inter-
esting in light of Myung et al. (2025), who find that
in-language prompting benefits medium- and high-
resource languages but not typically low-resource
ones. At the same time, the advantage is small
and contrasts to our findings for the cultural under-
standing task (see §4.3, Table 7).

Notwithstanding the small sample size (see
§3.1.1), advanced speakers – most of whom re-
ported acquiring Gaelic between ages 18 and 30 –
outperformed native speakers on this task (82.6%
vs 70.9%; Table 5). Feasibly, some tested phe-
nomena involve formal registers or infrequent edge
cases more likely to be acquired through structured
learning than everyday usage. Within our sample,
self-reported fluency therefore does not fully align
with prescriptive grammatical knowledge.

Within model families, we observe patterns con-
sistent with known scaling-law behaviour. Perfor-
mance improvements have been shown to follow
predictable power-law trends as training compute,
dataset size and parameter count increase pro-
portionately (Kaplan et al., 2020; Hoffmann et al.,
2022). Table 4 reflects this tendency: more recent
flagship models generally outperform earlier ver-
sions within the same family (e.g. Gemini 3 Pro:
83.3% vs Gemini 2.5 Flash: 61.7% in the Gaelic
condition). Similar intra-family gains are observed
among OpenAI and Anthropic models.

Smaller ‘Mini’ and ‘Nano’ variants – designed
to reduce parameter count and inference cost
through compression and distillation – consistently
underperform their corresponding flagship models
(e.g. GPT-5: 69.2% vs GPT-5 Mini: 47.5% under
Gaelic prompting), reflecting the expected trade-
off between efficiency and representational capac-
ity. While recent work shows that smaller models
can achieve strong performance in low-resource
contexts when specifically adapted (Etxaniz et al.,
2024), our results indicate that, without such adap-
tation, reduced-capacity variants perform well be-
low large proprietary models for Gaelic.

Overall, under Gaelic prompting, Gemini 3 Pro
Preview demonstrates linguistic competence in
Gaelic exceeding that of fluent speakers, with GPT-
5’s English-prompted performance slightly under
the human baseline. Although the extent to which

Model / Group Gaelic English ∆ G-E
Gemini 3 Pro Prev 83.3 80.0 3.3
Gemini 3 Flash Prev 79.2 77.5 1.7
Humans (Fluent) n/a 78.1 –
GPT-5 69.2 71.7 -2.5
Gemini 2.5 Flash 61.7 62.5 -0.8
Claude Opus 4.6 59.2 50.8 8.3
GPT-4o 50.0 46.7 3.3
Claude Haiku 4.5 47.5 43.3 4.2
GPT-5 Mini 47.5 41.7 5.8
DeepSeek R1 45.0 42.5 2.5
Llama 4 Maverick 45.0 40.0 5.0
GPT-5.2 43.3 40.0 3.3
GPT-4.1 42.5 42.5 0.0
GPT-5 Nano 36.7 30.8 5.8
GPT-4o Mini 34.2 30.0 4.2
GPT OSS 120B 33.3 27.5 5.8
GLM 4.7 32.5 26.7 5.8
GPT-4.1 Nano 30.0 31.7 -1.7
GPT OSS 20B 29.2 22.5 6.7
GPT-4.1 Mini 24.2 27.5 -3.3
Mean (models) 46.8 44.4 2.4

Table 4: MCQA accuracy (%) under Gaelic and En-
glish prompting. ∆ indicates Gaelic minus English
performance. Human baseline shown for fluent
speakers (n=30).

this task generalises to broader real-world text pro-
duction remains unclear, we observe comparable
performance patterns in the translation and cultural
understanding tasks discussed below, supporting
its construct validity.

Finally, Figure 1 disaggregates accuracy by
grammatical category (cf. Table 1), comparing
the fluent-speaker baseline with the nine highest-
performing models. Two contrasts are evident.
First, models underperform humans on interac-
tional and idiomatic material – most clearly in ques-
tions/tags (Human = 0.85; Gemini 3 Pro = 0.50;
GPT-5 = 0.30) and formulaic expressions (Human
= 0.82; top models ≈ 0.40–0.60). Second, sev-
eral models match or exceed the human mean
in more structural domains, including determin-
ers, pronouns and anaphor resolution, and relative
clauses (e.g. REL: Human = 0.53 vs. Gemini 3 Pro
≈ 0.80). Given uneven category sizes, these differ-
ences are indicative rather than definitive. Never-
theless, if replicated with a larger, balanced MCQA,
the pattern would suggest that current models han-
dle codified morphosyntax more reliably than inter-
actional discourse, with implications for conversa-
tional AI and CALL targeting everyday Gaelic.

4.2. Culturally Relevant Translation
Translation metrics are reported in Table 6. We
observe consistent score degradation when trans-
lating into Gaelic (en→gd) versus English (gd→en).
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Figure 1: Linguistic competence accuracy by grammatical category for the human baseline and the
top nine most-performant models (0–1 scale; darker = higher accuracy). ADJ = adjectives; ADV =
adverbials; CFE = clefts and focussing expressions; COL = colours; CONJ = conjunctions and particles;
DET = determiners; FORM = formulaic expressions; IPAS = impersonals and passives; NOM = nominal
morphology; NUM = numerals; PREP = prepositions; PRO = pronouns and anaphor resolution; QUES =
questions and tags; REL = relative clauses; TAM = Tense-Aspect-Modality system; VNC = verbal noun
cores. Means are cross-category and so differ from those in Table 4. English prompting conditions used.

Level N Mean Max Min
Near-/Native 23 76.7 98.3 53.3

Native only 12 70.9 85.0 53.3
Advanced 7 82.6 97.5 63.3
Upper Intermediate 4 73.1 79.2 67.5
Intermediate 1 41.7 41.7 41.7
Fluent 30 78.1 98.3 53.3

Table 5: Human accuracy (%) on the 120-item
MCQA by self-reported proficiency. ‘Fluent’ in-
cludes near-/native and advanced speakers.

This corroborates prior work showing that genera-
tion in a low-resource language imposes greater
representational demands than comprehension
mapped back to a high-resource language such as
English (Goyal et al., 2022).

Gaelic to English MT largely tests how well a
model projects low-resource inputs into English-
dominant latent spaces and then generates in En-
glish. Conversely, English to Gaelic MT demands
active production of morphologically complex and
culturally-grounded forms. This asymmetry is es-
pecially pronounced in GPT 5 Mini, which drops
over 20 BLEU points across directions. Gem-
ini 3 Flash Preview is the exception, maintaining
near symmetry (71.47 BLEU en→gd; 71.75 BLEU
gd→en), suggesting a more balanced multilingual
pre-training distribution.

Directional asymmetry is particularly pronounced
among open-weight models. DeepSeek R1 at-

en → gd gd → en
BLEU chrF BLEU chrF

Gemini 3 Flash Preview 71.47 79.07 71.75 77.38
Gemini 3 Pro Preview 65.56 78.57 73.41 78.20
Gemini 2.5 Flash 65.53 74.72 74.36 77.58
GPT-4.1 65.41 74.62 66.60 72.77
Deepseek R1 62.12 71.84 75.28 77.73
GPT-5.2 61.19 72.16 71.02 76.18
GPT-5 56.94 70.27 70.27 75.82
Claude Opus 4.6 53.16 69.34 70.37 77.38
GPT-4o 52.39 67.83 68.73 74.80
GPT-5 Mini 49.19 60.93 69.58 73.34
Llama 4 Maverick 42.93 62.30 73.49 75.74
GPT-5 Nano 42.56 55.54 61.78 67.41
GPT-4.1 Mini 38.90 58.01 69.09 75.48
Claude Haiku 4.5 38.44 59.27 72.32 73.92
GPT OSS 120B 37.79 54.74 56.23 63.01
GPT-4o Mini 34.02 56.84 69.01 73.29
GPT-4.1 Nano 33.93 50.35 63.31 69.04
GPT OSS 20B 0.00 0.00 48.21 53.38
GLM 4.7 0.00 0.00 0.00 0.00

Table 6: BLEU and chrF scores for both English
to Gaelic (en→gd) and Gaelic to English (gd→en)
translation tasks.

tains the highest BLEU score for gd→en translation
(75.28), marginally surpassing leading proprietary
systems, but drops to 62.12 BLEU for en→gd gen-
eration. This pattern suggests that while mid-tier
open-weight models can parse and comprehend
Gaelic, they lack the generative capacity to produce
morphologically fluent output. The effect is most
extreme in GPT OSS 20B, which achieves 48.21
BLEU for gd→en yet collapses to 0.00 BLEU for
en→gd, failing to generate valid Gaelic within the

79



Model Gaelic English ∆ G-E
Gemini 3 Flash Prev 91.35 91.63 -0.28
Gemini 3 Pro Prev 91.17 90.98 0.19
GPT-5 85.28 88.50 -3.22
Gemini 2.5 Flash 79.85 83.44 -3.59
Claude Opus 4.6 79.48 83.53 -4.05
GPT-5 Mini 71.48 80.04 -8.56
GPT-5.2 66.70 70.65 -3.95
GPT-4.1 66.24 74.70 -8.46
GPT-4o 63.85 73.41 -9.56
GLM 4.7 63.75 72.40 -8.65
Llama 4 Maverick 59.06 70.01 -10.95
DeepSeek R1 58.33 75.53 -17.20
GPT-5 Nano 54.37 70.29 -15.92
GPT OSS 120B 52.81 70.56 -17.75
GPT-4.1 Mini 47.93 65.59 -17.66
GPT-4o Mini 43.05 65.04 -21.99
GPT OSS 20B 42.41 57.04 -14.63
Claude Haiku 4.5 40.29 47.84 -7.55
GPT-4.1 Nano 34.87 51.61 -16.74
Mean 63.75 73.30 -9.55

Table 7: Accuracy (%) on the cultural knowledge
Q&A task under Gaelic and English prompting. ∆
indicates Gaelic minus English performance.

required JSON format.
We also note that GLM 4.7 was not able to form a

single correctly formatted JSON response to any of
our translation requests. This indicates that prompt-
ing some LLMs to process long passages of low-
resource languages may degrade their ability to
perform more basic tasks, such as JSON format-
ting.

Finally, divergence between word-level BLEU
and character-level chrF highlight the challenges
posed by Gaelic morphology. Gaelic’s rich inflec-
tional morphology means a model may retrieve the
correct lemma yet miss the surface form that BLEU
requires. Accordingly, chrF scores are consistently
higher and less variable, particularly for en→gd
translation, indicating difficulty with morphological
realisation.

4.3. Q&A Task on Cultural Understanding
Table 7 reports accuracy on the Gaelic- and English-
prompted versions of the cultural Q&A task. Gaelic-
prompted performance ranges from 34.87% (GPT-
4.1 Nano) to 91.35% (Gemini 3 Flash Preview),
indicating substantial variation in cultural knowl-
edge and reasoning. The strongest models – Gem-
ini 3 Flash Preview, Gemini 3 Pro Preview, and
GPT-5 – perform consistently well across both lan-
guages, with less than a 4-point gap between con-
ditions.

In contrast to the linguistic competence task (see
Table 4), most models perform worse under Gaelic
prompting (mean ∆ = -9.55), with the disparity

widening among weaker systems. For example,
GPT OSS 20B declines from 57.04% (English) to
42.41% (Gaelic), while GPT-4.1 Nano drops from
51.61% to 34.87%, approaching chance. This pat-
tern aligns with prior findings that LLM representa-
tions for low-resource languages are weaker than
for English (Goyal et al., 2022; Romanou et al.,
2024; Singh et al., 2025).

Comparing these results with the hand-curated
Linguistic Competence task reveals strong rank
correlation across benchmarks. The top three mod-
els – Gemini 3 Flash Preview, Gemini 3 Pro Pre-
view, and GPT-5 – retain the same ordering, and
mid-tier open-weight systems (e.g., DeepSeek R1,
Llama 4 Maverick) and smaller distilled variants
exhibit similar relative positions.

However, absolute scores are inflated on the syn-
thetically generated cultural QA task. The strongest
models exceed 90% accuracy, whereas the linguis-
tic competence MCQ peaks at 83.3%. This sug-
gests that LLM-generated benchmarks may create
easier evaluation conditions while nevertheless pre-
serving relative performance rankings.

For low-resource languages lacking curated
datasets, this result is encouraging: frontier models
can generate synthetic cultural benchmarks from
relevant authentic text, enabling scalable compara-
tive evaluation. Although such datasets are not re-
liable as absolute measures of capability – scores
may over-estimate fluency – they provide a low-
cost and practical heuristic when creating a manual
dataset would be prohibitive.

5. Conclusion

This paper introduces GaelEval, the first multi-
dimensional benchmark for Scottish Gaelic, com-
bining expert-authored morphosyntactic MCQA,
culturally grounded translation and large-scale cul-
tural knowledge evaluation. Across 19 contempo-
rary LLMs, we observe variation in Gaelic com-
petence, with proprietary systems outperforming
open-weight models by a large margin. Notably,
Gemini 3 Pro Preview exceeds the fluent-speaker
baseline on the linguistic competence task, while
translation and cultural Q&A results reveal direc-
tional asymmetries and consistent performance
gaps between English- and Gaelic-prompted con-
ditions.

Category-level analysis on the linguistic compe-
tence task suggests that current models handle
codified morphosyntactic structure more reliably
than interactional or formulaic usage. At the same
time, rank correlation across the three tasks indi-
cates that synthetic, LLM-generated cultural bench-
marks can provide reliable evaluation signals, even
if absolute scores may be inflated.

For minority languages lacking established eval-
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uation infrastructure, GaelEval demonstrates that
rigorous, language-specific benchmarking is both
feasible and necessary. Future work will expand hu-
man validation, balance per-category item counts
and incorporate further assessment of fluency and
sociolinguistic appropriateness. Robust evalua-
tion remains essential if ‘shadow’ LLM competence
in low-resource languages is to be understood,
trusted and responsibly deployed.

Data and Code Availability

To preserve the integrity and reusability of GaelEval
as a zero-shot evaluation benchmark, the underly-
ing dataset is not being released at this time. Public
release likely would expose the data to web scrap-
ing bots, leading to its inclusion in future model
pre-training corpora and compromising the bench-
mark’s effectiveness. To support ongoing evalua-
tion without exposing the data, a Gaelic LLM leader-
board is planned at https://eist.ac.uk. All
code for prompt construction, API interaction, and
evaluation will be released in the following public
repository upon publication, ensuring transparency
and reproducibility: https://github.com/Pet
er-Devine/gaeleval.

Ethical Considerations

Institutional ethical approval for this research was
sought on 27 January 2026 and granted on 9 Febru-
ary 2026 by the Ethics Officer of the first author’s
host institution. The study involved minimal risk to
participants and did not collect personally identifi-
able information beyond self-reported proficiency
and age of acquisition.

Although no substantial personal or social risks
are associated with this work, we acknowledge the
environmental costs associated with large-scale
model inference. While the evaluation tasks re-
ported here required limited compute, the broader
ecological impact of LLM development remains an
important consideration.

Limitations

For the linguistic task, the human sample is small
and non-representative (35 participants; 30 after fil-
tering) and the MCQA is relatively short (c.f. McGiff
et al., 2025) and unbalanced across categories.
GPT-5.2 was used for data generation and filter-
ing and was also evaluated, which may inflate its
cultural Q&A performance due to self-preference
bias (Wataoka et al., 2024; Xu et al., 2025). More-
over, the cultural Q&A benchmark is entirely LLM-
generated, although a subset was reviewed by a
Gaelic domain expert.

Finally, the evaluation focuses on linguistic and
cultural accuracy rather than general reasoning
or mathematical ability, as commonly assessed in
English-language benchmarks. Models may exhibit
different reasoning performance when operating in
a low-resource language setting.
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6. Appendix

6.1. Linguistic Competence Task:
System Messages

English You are a knowledgeable assistant that
can answer all kinds of questions. Please select
the correct option. Output ONLY the letter of the
correct option, without any additional explanation
or punctuation.

Examples:

What colour is the sky? [’A. blue’, ’B. yel-
low’, ’C. green’]. Return ONLY ’A’
Which of these countries is in Africa? [’A.
Germany’, ’B. Mexico’, ’C. Nigeria’]. Re-
turn ONLY ’C’

Gaelic Is e cuidiche fiosrachail a tha annad agus
is urrainn dhut a h-uile seòrsa ceist a fhreagairt.
Tagh an romhainn cheart. Na cuir a-mach ach
litir na freagairte ceirte, as aonais mìneachadh no
pongachadh sam bith eile.

Eisimpleirean:

Dè ’n dath a th’ air an iarmailt? [’A. gorm’,
’B. buidhe’, ’C. uaine’]. Na cuir a-mach
ach ’A’
Cò ’n dùthaich às na leanas a tha ann an
Afraca? [’A. A’ Ghearmailt’, ’B. Meagsago’,
’C. Nigèiria’]. Na cuir a-mach ach ’C’

6.2. Transcript Scoring System Message
You are a Scottish Gaelic article scoring assistant.
Given a Gaelic article transcript and its English
translation, give a score between 1 and 5 for the
cultural relevancy of the article to Gaelic culture. If
the article contains no material that relates to Gaelic
culture, then give a score of 1. If the article is full of
information on important aspects of Gaelic culture,
then give a score of 5. For articles somewhere
in-between these two, then give a score most fitting
the content.

6.3. Cultural Understanding QA system
message

You are a Scottish Gaelic question and answer gen-
erating assistant. Given a Gaelic article transcript
and its English translation, write between 1 and
10 question in Gaelic about the content within the
article. The questions should test the answerer’s
knowledge of Gaelic culture in some way, using
only the article as the factual basis for the question
and answer. The answers to the questions should
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not be easily guessed from the question. Only in-
clude as many questions as you are able to make
out of the content of the article. Each question
should be written so that it makes total sense in
isolation and can be answered by someone knowl-
edgeable on the subject without reading the article.
Make sure the questions are self contained. You
may introduce people, things, places etc. from the
article in each question if that helps make the ques-
tion understandable without reading the article. Do
not refer to entities contextually - always use a per-
sons name rather than using ’the man’, for example,
where possible. Each question can be as long as
you would like but should be answerable in less
than 10 words. Write the questions and answers
in Gaelic and also write an English translation of
each.

6.4. Answerability System Message
You are a Scottish Gaelic and English question
scoring assistant. Given a question in Gaelic and
its English translation, give a score between 1-5
on the self-contained answerability of both ques-
tions. Give a score of 5 if the question is a good
general knowledge question, is self-contained, is
not contextual dependent, and can be answered
purely from using knowledge of Gaelic culture. Give
a score of 1 if the question is contextual depen-
dent, refers to implicit information outside of gen-
eral knowledge (e.g. ’the man’ rather than ’Robert
the Bruce’), or is otherwise badly written. For ques-
tions somewhere in-between these two, then give
a score most fitting the content. Evaluate the ques-
tion in both languages on an individual basis, eval-
uating the wording of the question purely in that
language.

6.5. Distractor System Message
You are a Scottish Gaelic distractor generating as-
sistant. Given a Gaelic article transcript and its En-
glish translation, as well as a question and answer
about the content within the article, write three dis-
tractors for the answer. The distractors should be
incorrect answers to the question. The distractors
should also be plausible while remaining wrong an-
swers. If the correct answer is written in a particular
style or format, make sure the distractors also fol-
low this style or format. Remember that there may
be multiple correct answers to the original question,
so make sure that your three distractors are all com-
pletely INCORRECT answers. Write the distractors
in Gaelic and also write an English translation for
each.
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Abstract 

This paper addresses a crucial yet understudied issue in argumentation studies: the distinction between 

explanations and justifications, and their interaction with subjectivity. Building on insights from Bex and Walton 

(2016), who highlight the importance of not conflating explanations with arguments, we propose a corpus-based 

approach to operationalize this distinction in French. We present FreCaDiS (French Corpus of Causal Connectives, 

Discourse Relations, and Subjectivity), a novel corpus of French texts annotated for explanatory and justificatory 

discourse relations and their perceived subjectivity. FreCaDiS comprises excerpts of 2–3 sentences drawn from 

five distinct genres—SMS, online discussions, blogs, press, and contemporary literature—spanning informal to 

formal registers. Specifically, we focus on sentences introduced by the connectives parce que and car (“because”) 

and annotate them along two dimensions: (i) discourse relation (explanation vs. justification) and (ii) subjectivity 

(subjective vs. objective). The corpus was annotated by three independent human annotators using complementary 

approaches: a holistic, an intuitive method for subjectivity and a guided, operationalized method for discourse 

relations. FreCaDiS provides a rich resource for the study of argumentation, causal discourse, causal connectives, 

and subjective interpretation in French and can support future work in computational argument mining, discourse 

analysis, and NLP applications.  

Keywords: explanation, justification, subjectivity, causal connectives, argumentation, human annotations, different 
text genres, French

1. Introduction 

The automatic identification of argument 
components and structures has become a central 
topic in NLP. Recent work has explored various 
architectures and methods for argument structure 
learning (Wei et al., 2024), domain adaptation and 
robustness (Ruiz-Dolz et al., 2024), and mining 
arguments in less conventional domains (Liu et 
al., 2024). These approaches have advanced the 
state of the art but often treat arguments as a 
homogeneous category, typically focusing on 
claims and premises without distinguishing 
whether a premise functions as an explanation or 
a justification. 

Research in argumentation mining has proposed 
different frameworks for automatically discovering 
argumentative structures in texts. These 
approaches generally aim to identify all 
arguments in a document, determine their 
relations, and represent their overall structure—
often as trees or graphs (e.g., Marcu 2000; 
Mochales Palau & Moens 2009; Buckingham 
Shum et al. 2003). Such work draws on linguistic, 
rhetorical, and computational theories to detect 
propositions that function argumentatively, 
without assessing their logical validity. However, 
these broad frameworks tend to overlook the 
finer-grained linguistic cues that distinguish 
between argumentative and non-argumentative 
discourse relations. 

By contrast, recent linguistic and discourse-
analytic studies highlight the need to align 
computational models with such distinctions. For 

example, Ding et al. (2024) link argumentative 
structure to cohesion in student essays, showing 
that rhetorical and discourse cues carry important 
information for argument mining.  

Our work builds on this insight by focusing on a 
specific subset of discourse relations—those 
introduced by causal connectives, such as the 
French parce que and car—and by 
operationalizing the distinction between 
explanatory and justificatory uses. Unlike most 
argumentation mining approaches that seek to 
reconstruct entire argumentative networks, our 
approach targets a single, linguistically grounded 
pattern: discourse relations expressed with causal 
connectives that are potential indicators of 
argumentation. Beyond discourse relations, we 
also annotate subjectivity, indicating whether 
each discourse segment is perceived by humans 
as subjective or objective. 

This dual focus enables us to address two closely 
related questions: (i) how to empirically 
distinguish between arguments and explanations 
in authentic discourse, and (ii) how subjectivity 
interacts with these distinctions. To address these 
questions, we construct a new French corpus, 
FreCaDiS, annotated with these features across 
five different text genres. 

The rest of the paper is organized as follows. We 
first discuss the importance of distinguishing 
between arguments and explanations, with a 
focus on discourse relations and causal 
connectives (Section 2). Next, we examine the 
complexity of the notion of subjectivity and 
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present the rationale for our holistic approach to it 
(Section 3). We then describe our annotation 
studies (Section 4). Finally, we outline the main 
conclusions and contributions of our research 
(Sections 5 and 6).  

2. Arguments, Discourse Relations, 
and Causal Connectives 

The distinction between arguments and 
explanations has long been recognized as an 
important issue in the study of discourse, 
reasoning, and argumentation (van Eemeren et 
al., 1996; Walton, 2004; Bex and Walton, 2016). 
As Bex and Walton (2016: 55) rightly observe: “it 
would be a fundamental error to criticize an 
argument as falling short of standards for a 
rational argument, when what was put forward 
was actually an explanation.” Yet, despite its 
theoretical importance, this distinction remains 
insufficiently operationalized in NLP tasks: 
different automatic approaches to arguments 
detection have different level of granularity 
(sentence-, two sentences-, paragraph-level, etc.) 
but most of them tend to treat explanatory and 
justificatory structures uniformly, often subsuming 
both under broad categories of argumentative 
structures (Mochales Palau and Moens, 2011; 
Lawrence and Reed, 2020; Lippi and Torroni, 
2016). 

Disentangling explanations and justifications is 
challenging because they both rely on similar 
linguistic markers (such as causal connectives), 
and there are usually few additional cues that can 
help distinguish them. Yet, their conflation is 
problematic precisely because one of them—
explanation—is not strictly argumentative, 
whereas the other—justification—typically is. To 
address this gap, the present study proposes a 
systematic way to distinguish between 
explanatory and justificatory uses in French, 
focusing specifically on clauses introduced by the 
causal connectives parce que and car 
(“because”). While these connectives are 
generally grouped under the umbrella of causal 
connectives in linguistic and discourse studies 
(Sweetser, 1990; Sanders et al., 1992; inter alia), 
their discourse function can vary and goes well 
beyond mere cause. Specifically, in explanatory 
uses, the subordinate clause presents an external 
cause for an event whereas in justificatory uses, 
it conveys a reason linked to the speaker’s 
stance, intention, or evaluation, thus aligning 
more closely with argumentative discourse 
(Blochowiak et al., 2020). Although it has been 
argued that car tends to favor justificatory uses, 
whereas parce que is more often associated with 
explanatory ones (e.g., Groupe Lambda-L,1975 
and subsequent works in various traditions), both 
connectives can technically introduce either type 
of clause. In contemporary French, particularly 
among younger speakers, their distribution 

appears to be less strictly specified and more 
interchangeable (Author1 and Author2 2022).  

The examples below illustrate how the same 
causal connectives, parce que and car, can 
introduce clauses that serve these different 
pragmatic functions in discourse. 

(1) a. Le chat est monté sur la table car/parce qu’il 

sentait le poulet. 

‘The cat climbed onto the table because it smelled 

the chicken.’ 

b. Le chat peut rester sur la table car/parce que 

c’est son anniversaire. 

‘The cat can stay on the table because it’s its 

birthday.’ 

(2) a. Le chien aboie car/parce que le facteur est là. 

‘The dog is barking because the mailman is here.’ 

b. Le facteur est là car/parce que le chien aboie.  

‘The mailman is here because the dog is barking.’ 

(3) a. Je suis tombé de la chaise car/parce qu’elle 

s’est cassée. 

‘I fell off the chair because it broke.’ 

b. Je suis tombé de la chaise car/parce que je 

voulais faire rire tout le monde. 

‘I fell off the chair because I wanted to make 

everyone laugh.’ 

In (1a), the subordinate clause introduced by the 
connective provides an external cause—the smell 
of the chicken—that explains why the cat climbed 
onto the table. By contrast, in (1b), the connective 
introduces a justificatory reason: the speaker 
provides a normative rationale (because it’s its 
birthday), not an actual cause. Similarly, in (2a), 
the causal connective expresses a 
straightforward causal relation between the 
mailman’s arrival and the barking of the dog. 
Interestingly, in (2b) a simple causal interpretation 
is not possible: the dog’s barking does not 
somehow mysteriously cause the mailman’s 
arrival. Rather, in (2b) the clause introduced by 
the connective provides a justification for the 
belief expressed in the first clause—the speaker 
infers the mailman’s arrival from the barking of the 
dog. Finally, in (3a), the connective introduces a 
physical explanation (the chair broke), whereas in 
(3b), it signals an intentional or motivational 
justification: the speaker fell deliberately to make 
others laugh. 

Even though the sentences above are 
constructed examples, they reflect genuine 
interpretative ambiguities in natural discourse. In 
authentic texts, identifying whether a sentence 
containing a causal connective is explanatory or 
justificatory often requires context-sensitive 
interpretation, making annotation and automatic 
processing non-trivial. This is precisely why 
distinguishing between explanation and 
justification is crucial in argument mining: without 
such a distinction, systems risk misclassifying 
non-argumentative explanations as arguments, 
thereby introducing noise into downstream 
reasoning, stance detection, and discourse 
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structure modeling (Cabrio and Villata, 2018; 
Green, 2018). 

3. Subjectivity and Its Perception 

Another dimension that has received increasing 
attention is the role of subjectivity in arguments 
and their perception. Wachsmuth et al. (2024) 
argue that judgments about argument quality are 
inherently subjective and context-dependent, 
especially in the era of instruction-following large 
language models. Traditional methods for 
creating such corpora typically focus on detecting 
subjective lexical items (Wiebe and Riloff, 2005; 
Riloff and Wiebe, 2003), often derived from 
predefined lexicons (Das and Sagnika, 2020; Yu 
and Hatzivassiloglou, 2003; Villena-Román et al., 
2015). However, these lexicon-based strategies 
face well-known limitations, as they tend to 
depend heavily on domain- and language-specific 
features (Pang and Lee, 2004). 

Several recent resources and annotation efforts 
have tackled subjectivity more explicitly at the 
sentence-level, such as the NewsSD-ENG corpus 
(Antici et al., 2024), which provides subjectivity 
annotations for English news articles. In their 
guidelines, they provided annotators with a 
general definition of subjectivity, according to 
which: “A sentence is considered subjective when 
it is based on—or influenced by—personal 
feelings, tastes, or opinions. Otherwise, the 
sentence is considered objective.” A series of 
more specific indications has also been provided, 
such as: “A sentence is subjective if it explicitly 
reports the personal opinion of its author.” These 
definitions perfectly align with the traditional 
position on the topic of subjectivity, such as the 
classical one by Benveniste, who sees it as: “the 
capacity of the speaker to posit himself as 
subject” (Benveniste, 1966).  

However, this type of approach seems to focus on 
only one aspect of subjectivity, namely by treating 
subjectivity as equivalent to expressing opinions, 
while equating objectivity with stating facts. In this 
view, explanations, which concern facts, are 
considered inherently objective, whereas 
justifications, which concern opinions, are seen as 
subjective. This position is not wrong, but it 
overlooks an important point: at another level, 
subjectivity also influences how humans interpret 
discourse relations more broadly. Specifically, the 
explanation of a fact can be perceived as more 
objective or more subjective, while the justification 
of an opinion can likewise be interpreted as more 
or less subjective, depending on the choice of 
words, tone of voice, stance, genre, context, 
background knowledge, and many other factors. 
For instance, our example (1a), repeated here as 
(4a) for convenience, is a simple explanation of a 
fact that can clearly be considered an objective 
explanation. However, its slight modification in 
(4b) does not change the type of discourse 

relation it expresses—it remains an explanation. 
What changes is the use of the expressive word 
bloody, which makes it more subjective. In our 
approach, this would be classified as a subjective 
explanation. 

(4) a. The cat climbed onto the table because it 

smelled the chicken. 

b. The bloody cat climbed onto the table because 

it smelled the chicken. 

Like explanations, justifications can also vary in 
their perceived degree of subjectivity. Some of 
them provide a basis for a claim in a more 
subjective way, some in a more objective way, as 
in the examples below. 

(5) a. The mailman is here because the dog is 

barking. 

b. The mailman is here because this neurotic dog 

is barking again. 

In (5a), the justification relies on an external and 
observable event: the dog is barking. The speaker 
uses it to support the inference that the mailman 
is present. The inferential link between the dog’s 
barking and the mailman’s arrival is presented in 
a neutral way, without any additional evaluative 
language. This is therefore an instance of 
objective justification. In (5b), the type of 
discourse relation remains unchanged—the 
utterance still provides a justification for the 
conclusion that the mailman is here. What 
changes is the introduction of evaluative language 
through the phrase this neurotic dog and the 
attitudinal marker again. These elements convey 
the speaker’s stance and emotional attitude 
toward the dog, which makes the justification 
more subjectively framed. 

In sum, the key for our study is to approach 
subjectivity in a more nuanced way—going 
beyond the simple divide between fact description 
and opinion expression—and to examine how it 
intersects with explanatory discourse relations 
(which are not inherently argumentative) and 
justificatory discourse relations (which often are), 
as well as how these relations are perceived in 
terms of subjectivity.  

4. Resource Development 

A central contribution of this research is the 
development of a new corpus FreCaDiS: a French 
corpus of causal connectives annotated for 
discourse relations and subjectivity. The 
FreCaDiS corpus consists of five text genres in 
French, ranging from informal texts such as SMS 
and online discussions to more formal ones such 
as blogs and press, as well as contemporary 
literature. This variation is relevant because 
different genres are associated with distinct 
degrees of subjectivity, discourse conventions, 
and argumentative strategies, which allows us to 
observe how explanatory and justificatory 
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relations are realized and perceived across 
contexts. 

Informal genres such as SMS and online 
discussions are typically rich in personal stance, 
implicit reasoning, and evaluative language. 
Blogs, situated between informal and formal 
registers, often blend personal opinions with 
factual information, offering hybrid contexts where 
explanations and justifications can co-occur. 
Press texts, by contrast, generally favor explicit 
and structured argumentation on the one hand 
and are expected to display more objective 
explanatory and justificatory patterns. Finally, 
literary texts provide stylistically and narratively 
rich examples, including non-prototypical 
expressions of stance. This cross-genre design 
enables us to investigate how explanation, and 
justification are distributed across these diverse 
communicative contexts and how they interact 
with subjectivity. 

4.1 Corpus 

The corpus consists of a total of 1081 excerpts 
(52527 words): 200 from blogs, 220 from 
contemporary literature, 221 from web 
discussions, 205 from SMS and 215 from written 
press. The excerpts were randomly collected 
through search using “car” and “parce que” as 
keywords in Sketch Engine (blogs and web 
discussions), the UCL Corpus (contemporary 
literature), the Belgian SMS Corpus (Cougnon 
2012) and the Le Monde Corpus (year 2012). The 
excerpts were then randomly selected among all 
search results in each of the listed sources with 
the aim to have half of the excerpts with car and 
half with parce que.  

Each excerpt consists of 1–2 sentences 
containing either parce que or car. Each excerpt 
was annotated along two dimensions: (i) 
subjectivity (subjective vs. objective) in 
Annotation Study 1 and (ii) discourse relation 
(explanation vs. justification) in Annotation Study 
2. The annotation was carried out by three human 
judges, who independently annotated each 
excerpt for both features. This dual annotation 
design enables us to examine not only the 
distribution of explanatory and justificatory 
relations across different genres but also how 
subjectivity interacts with these discourse 
functions. 

4.2 Annotation Study 1 

In Annotation Study 1, three independent judges 
were recruited to annotate the corpus excerpts. 
All annotators were female native speakers of 

 
1 As pointed out by an anonymous reviewer, argument 
mining is often influenced by the reader’s disciplinary 
background. This raises the question of whether one 
would expect different agreement patterns if the task 
were performed by annotators with different 
backgrounds. We tested this assumption in a pilot study 
by recruiting seven annotators via Prolific (2 male, 5 

French with a background in linguistics1 and were 
compensated for their participation. The study 
followed a non-guided annotation approach 
(Author 1 et al., 2020), which is based on the 
assumption that listeners and readers routinely—
and often implicitly—evaluate the degree of 
subjectivity in the information they process. 

Annotators were presented with excerpts 
containing causal connectives and were asked to 
decide whether the information conveyed by the 
sentence appeared more subjective or more 
objective. Importantly, no explicit definitional 
criteria for subjectivity or objectivity were 
provided. This deliberate choice was intended to 
activate the annotators’ intuitive interpretive layer, 
allowing for a more natural and holistic 
assessment of subjectivity. 

Annotators were therefore instructed to rely on 
their overall impression and contextual 
understanding of each sentence, rather than on 
predefined diagnostic features. This design 
makes it possible to capture a gradient and 
context-sensitive notion of subjectivity that is 
closer to how it is perceived in everyday language 
use. 

4.3 Annotation Study 2 

In Annotation Study 2, we implemented a guided 
annotation approach to classify sentences 
containing the causal connectives parce que and 
car as instances of either explanation or 
justification. The same three annotators who 
participated in Study 1 were recruited for this 
second task. After a two-week interval, they were 
re-contacted and introduced to the new 
annotation procedure. To minimize potential 
carry-over effects, annotators were asked to 
delete all materials related to the first study from 
their devices prior to beginning the new task. 

In contrast to the intuitive, non-guided approach 
used in Annotation Study 1, the Annotation Study 
2 provided explicit operational definitions and 
clear guidelines to support consistent annotation. 
Annotators were given the following definitions. 
Explanation answers the question of why or how 
something happened, or why something is the 
case. It specifies the cause(s) of an event or state 
of affairs. Justification addresses why a claim, 
decision, or action is valid, correct, desirable, or 
appropriate. It provides reasons, evidence, or 
arguments to support an assertion, belief, or 
stance. 

Following this presentation, annotators were 
provided with detailed written guidelines defining 

female; native speakers of French; age range 20–51; 
age at completion of formal education ranging from 19 
to 26; with diverse disciplinary backgrounds). We 
obtained similar results and agreement rates, 
suggesting that task performance is not substantially 
affected by individual differences among annotators. 
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the two discourse relations and were given the 
opportunity to ask clarifying questions to ensure a 
shared understanding of the criteria. 

Based on these definitions, the annotators’ task 
was to determine, for each sentence containing 
the causal connective parce que or car, whether 
it represented an explanatory or justificatory 
discourse relation.  

4.4 Results 

Inter-annotator agreement was measured with 
Cohen's Kappa, which corrects for agreement 
that could happen by chance. Its scores range 
from less than 0 (poor agreement) to 0.8-1 
(almost perfect agreement), with intermediary 
values between 0.01-0.20 as slight agreement, 
0.21-0.4 (fair agreement), 0.41-0.6 (moderate 
agreement), 0.61-0.80 (substantial agreement) 
(Landis & Koch, 1977). Nevertheless, more 
recently Grisot (2017) demonstrates using the 
examples of several types of semantic and 
pragmatic features and several annotators that 
inter-annotator agreement scores are strongly 
influenced by the nature of the linguistic 
information being annotated: semantic (encoded) 
information tends to yield higher agreement rates, 
whereas pragmatic (context-dependent) 
information often results in lower agreement. 
Grisot’s approach offers a quantitative method for 
assessing linguistic meaning beyond theoretical 
intuition. 

4.4.1 Discourse Relations 

The average agreement among the three 
annotators was of 70% (i.e., 69% for the first pair 
of annotators, 66% for the second pair and 75% 
for the third pair). This average agreement rate 
corresponds to an average kappa score of 0.27 
(i.e., 0.27 for the first pair of annotators, 0.2 for 
the second pair of annotators and 0.36 for the 
third pair). These low scores were thus expected 
due to the pragmatic and context-dependent 
nature of distinguishing between explanations 
and justifications, and for this reason, the 
annotations are accepted as reliable. 
Furthermore, the categorization of each corpus 
excerpt as explanation or justification 
corresponded to the categorization made by the 
majority (i.e., 2 out of 3, and by 3 out 3 
annotators).  As such, no corpus excerpt was 
discarded from further analysis. 

The corpus consists of 832 justifications (77%) 
and 249 explanations (23%). In this set of data, 
justifications and explanations are distributed as 
follows in the five corpora: 

Figure 1 Frequency of subjective and objective 
relations in the five corpora 

The results show an overall pattern across the five 
corpora according to which there are less 
explanations than justifications. Nevertheless, the 

frequency of explanations is significantly lower in 
blogs than in press (χ²(4) = 27.83, p < .001). 

4.4.2 Subjectivity 

The average agreement among the three 
annotators was of 70% (i.e., 69% for the first pair 
of annotators, 66% for the second pair and 75% 
for the third pair). This average agreement rate 
corresponds to an average kappa score of 0.27 
(i.e., 0.27 for the first pair of annotators, 0.2 for the 
second pair of annotators and 0.36 for the third 
pair). As before, these low scores were thus 
expected due to the pragmatic and context-
dependent nature of subjectivity. Furthermore, the 
categorization of each corpus excerpt as 
subjective or objective corresponded to the 
categorization made by the majority.  

The corpus consists of 814 (75.4%) excerpts 
perceived as subjective and 266 perceived as 
objective (24.6%). In this set of data, subjective 
and objective relations are distributed as follows 

in the five corpora:  

Figure 2 Frequency of justifications and 
explanations in the five corpora 

The results reveal an overall pattern according to 
which there are more subjective relations than 
objective ones in blogs, contemporary literature, 
SMS and web discussions. In contrast, in press 
data, the frequency of objective relations is 
significantly higher than in the other four corpora, 
whereas in SMS the frequency of objective 
relations is significantly lower than in the other 
corpora (χ²(4) = 62.9, p < .001). 
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4.4.3 At the Intersection of Discourse 
Relations and Subjectivity 

The first step in our analysis is to examine how, in 
general, discourse relations correlate with the 
intuitive perception of subjectivity. More 
specifically, we investigate the question of how 
explanations and justifications are perceived as 
more subjective or more objective in each of the 
five corpora.   
 

Figure 3 Frequency of explanations and 
justifications perceived as more subjective or 

more objective in the five corpora 

The distribution of subjective and objective 
discourse segments reveals a clear 
predominance of subjectivity across all registers, 
with particularly high proportions in SMS (87%), 
web discussions (82%), blogs (75%), and 
contemporary literature (77%). Even in press 
texts, where objectivity is expected to play a 
central role, more than half of the segments (56%) 
are subjective. 
These findings suggest that subjective stance is 
not limited to overtly personal or informal registers 
but is a pervasive feature of discourse more 
generally. The variation across registers reflects 
their communicative functions: interactive and 
expressive genres naturally foreground subjective 
expression, while more informational genres 
balance subjective and objective content to a 
greater degree. 

5. Conclusions  

This paper introduced FreCaDiS, a new French 
corpus designed to explore the intersection 
between causal discourse relations, 
argumentation, and subjectivity across five text 
genres. By focusing on the causal connectives 
parce que and car, we operationalized the 
theoretical distinction between explanation and 
justification, and complemented it with human 
judgments of subjectivity using both guided and 
non-guided annotation procedures. This dual 
approach provides an empirically grounded 
resource for investigating how subjectivity 
interacts with argumentative structures in natural 
language. 

6. Applications 

Beyond its theoretical relevance for the study of 
discourse and argumentation, FreCaDiS offers a 
wide range of applications for natural language 
processing (NLP) and AI research. By combining 
discourse relations (explanation vs. justification) 
with explicit subjectivity annotations across five 
distinct text genres, the corpus provides a 
valuable resource for advancing computational 
modeling of argumentation and subjectivity in 
natural language.  

From an applied perspective, FreCaDiS can 
support several key NLP tasks. In stance 
detection and subjectivity analysis, its explicit 
encoding of subjective versus objective discourse 
enables the training and evaluation of models that 
more accurately identify subjective statements, 
opinions, or evaluative language. It also facilitates 
research on rhetoric and stance-taking, allowing 
models to capture subtle linguistic cues of 
perspective and bias. In discourse relation 
classification, the corpus operationalizes a fine-
grained distinction between explanatory and 
justificatory uses of causal relations—an aspect 
often neglected in existing resources. This opens 
new possibilities for language models that 
distinguish between argumentative and non-
argumentative causal relations, improving 
downstream applications such as text 
understanding, summarization, and question 
answering. In future research, this dataset could 
be used to create a contrastive benchmark to 
examine whether instruction-following LLMs 
exhibit patterns similar to those of standard NLP 
classifiers and human annotators.  

This could be done in a manner similar to 
Escouflaire et al. (2024), who assessed the 
performance of both humans and LLMs—
specifically the state-of-the-art models at the time, 
GPT-3.5 (Brown et al., 2020) and a French fine-
tuned CamemBERT transformer (Martin et al., 
2019)—in choosing between parce que and car 
after these connectives had been removed from 
the original excerpts (with minimal context, i.e., a 
single sentence). In their study, they used a test 
set of 420 French segments containing either car 
or parce que, drawn from two genres: journalistic 
texts (Le Monde) and SMS messages from the 
SMS4science corpus (Fairon et al., 2006). The 
target connective was masked and surrounding 
context was removed. CamemBERT was fine-
tuned on 10,000 additional sentences (5,000 per 
connective) extracted from SMS4science 
messages and Belgian news articles. Across 
three connective prediction experiments, human 
native speakers showed low accuracy and 
agreement, GPT-3.5 performed inconsistently 
and generally worse than humans, and the fine-
tuned CamemBERT model achieved the best 
results (66.7% accuracy). Text genre consistently 
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affected the performance of both humans and 
models. 

With respect to FreCaDiS, because it spans five 
genres ranging from informal (SMS, web 
discussions) to formal (press, blogs, literature), it 
can contribute to register- and genre-aware NLP 
and AI. Specifically, it can enable the 
development of systems that adapt to different 
communicative contexts, improving performance 
in tasks such as genre classification, style 
transfer, and domain adaptation. While the text 
genre distinction does not appear to strongly 
affect human annotators when distinguishing 
between explanation and justification, an open 
question is whether this also holds for 
computational models, or whether text genre-
specific models will remain necessary for SSH-
related tasks. As we saw, previous work suggests 
that text genre can indeed be an important 
differentiating factor in certain settings, such as 
connective selection task (see Escouflaire et al., 
2024). 

Finally, FreCaDiS annotations on subjectivity as a 
binary feature crossed with discourse relations 
(such as explanations and justifications) make it 
highly relevant for sentiment and opinion mining, 
offering a richer basis for modeling nuanced 
evaluative language beyond simple polarity 
distinctions. Another methodological approach 
would be to use a Likert scale for subjectivity in 
order to provide more granular data, which could 
better support LLMs in nuanced stance detection 
tasks. In our study, however, we opted for a 
coarse-grained annotation scheme (rather 
objective vs. rather subjective) for two main 
reasons. First, our goal was to capture annotators’ 
intuitive and holistic perception of subjectivity 
rather than to model subtle degrees of stance. We 
assume that finer distinctions are difficult to apply 
consistently without extensive guidelines and 
calibration, which could increase inter-annotator 
variability and reduce reliability. Second, 
agreement rates for a multi-point scale would 
likely have been even lower than for a binary 
feature, making the additional annotation burden 
disproportionate to the expected benefit. 

7. Limitations 

The corpus also presents a number of limitations. 
Since the task involves inherently subjective 
judgments, inter-annotator agreement is 
modest—an expected outcome in pragmatic 
annotation settings, but one that limits FreCaDiS’s 
immediate suitability for high-stakes NLP 
benchmarking or fully automated, unsupervised 
model training. We acknowledge this constraint 
and view the present study as an initial step 
toward more robust modeling of subjectivity and 
discourse-based argumentation. In future work, 
we plan to strengthen the dataset by incorporating 
expert annotations, refining annotation 

guidelines, and introducing a supervising 
adjudicator to handle ambiguous or contested 
cases. These measures aim to improve 
annotation reliability while preserving the richness 
of intuitive human interpretation that characterizes 
subjectivity and discourse phenomena. 

Furthermore, FreCaDiS is at this stage a 
research-oriented corpus that lacks a fully 
validated pipeline for how these findings can be 
integrated into broader SSH research 
infrastructures. 
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Abstract
Automatic Speech Recognition (ASR) increasingly mediates access to broadcast media, public discourse and
cultural archives. For minoritised languages, however, the development of robust ASR systems is constrained by
limited and domain-restricted text data. This paper investigates cross-lingual text expansion (XLTE), a method that
uses a Large Language Model (LLM) to generate in-domain text in a low-resource language from high-resource
language summaries. We further examine whether supervised fine-tuning on a small set of human-authored texts
enhances generation quality. Using Scottish Gaelic as a case study, we show that synthetic text generated via
fine-tuned XLTE can be used to train an external language model that reduces Word Error Rate (WER) by 24.48%
in a previously unseen broadcast domain. Our findings demonstrate that text-only domain adaptation through
cross-lingual generation can strengthen speech technology in sparse data settings. Beyond engineering gains,
the approach offers a scalable pathway for improving the digital representation, accessibility and sustainability of
minoritised-language media and cultural heritage.

Keywords: speech recognition, domain adaptation, low-resource languages, Scottish Gaelic, large language models

1. Introduction

A central challenge in improving linguistic diversity
in modern automatic speech recognition (ASR) sys-
tems is data sparsity. Although contemporary end-
to-end ASR architectures jointly model acoustic and
linguistic information, a strong external language
model (LM) remains important in low-resource set-
tings, where it can partially compensate for weaker
acoustic representations (Wallington et al., 2021).
For many minoritised languages, however, the diffi-
culty lies not only in the limited quantity of available
text but also in its narrow domain coverage.

Scottish Gaelic illustrates this problem clearly.
The language is spoken by 69,700 individuals in
Scotland (1.3% of the population) (National Records
of Scotland, 2022). Publicly available Gaelic text is
dominated by BBC regional radio news scripts and
is heavily skewed towards local reporting. When
such data are used to train an LM for related but
distinct domains, for example televised national or
international news, performance deteriorates be-
cause of domain mismatch. This is not merely a
technical inconvenience; it constrains the develop-
ment of speech technologies that enable access to
contemporary media, public discourse and cultural
archives in minoritised languages.

Addressing domain mismatch is therefore cen-
tral to broader efforts within the Social Sciences
and Humanities (SSH) to build sustainable and eq-
uitable language technology infrastructures. ASR
systems increasingly mediate access to minority-
language media and oral heritage, yet creating suffi-
ciently broad and representative training corpora re-

mains prohibitively expensive for most low-resource
languages.1

Ideally, an external LM for ASR would be trained
on large volumes of in-domain transcribed text. In
practice, such data rarely exist and using multilin-
gual large language models (LLMs) presents one
alternative to finding or creating genuine supervised
speech data. If a target language appears in an
LLM’s pre-training data, it may be prompted to syn-
thesise new text in that language using zero-shot or
few-shot methods. Previous work has shown that
fine-tuning can further improve generation quality
when in-domain examples are available (Bell et al.,
2021). However, in genuinely low-resource set-
tings, even small quantities of domain-specific data
may be unavailable.

Recent studies have explored synthetic data aug-
mentation for low-resource languages (Lucas et al.,
2024; Samuel et al., 2024; Alcoba Inciarte et al.,
2024). Yet LLM outputs for such languages of-
ten exhibit structural interference from dominant
high-resource languages, typically English (Robin-
son et al., 2023; Lai et al., 2023). This may reflect
English-centric representational biases in multilin-
gual models (Papadimitriou et al., 2023; Wendler
et al., 2024). For ASR domain adaptation, however,
perfectly fluent output is not required. Theoreti-
cally, improvements could come from synthetic text
simply increasing coverage of n-grams present in
evaluation data.

1Crowdsourcing is one option. See ‘Opening the
Well’, a community-driven and ASR-assisted Gaelic
folklore transcription initiative: https://fosgladh.
tobarandualchais.co.uk/en.
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In this study we simulate a scenario where lim-
ited LM training data exist for a low-resource lan-
guage and propose a solution based on cross-
lingual text expansion (XLTE). XLTE generates
in-domain text in a low-resource target language
by prompting an LLM with summaries in a high-
resource source language. The method combines
cross-lingual transfer with controlled expansion: a
short source-language summary is transformed
into a longer target-language text aligned with the
desired domain.

Beyond zero-shot XLTE, we introduce a super-
vised fine-tuning approach in which the LLM is
trained to reconstruct original low-resource texts
from summaries written in a high-resource lan-
guage. Unlike prior work that improves n-gram
LMs through, for example, transformer-based re-
scoring (Wang et al., 2019), our approach synthe-
sises entirely new in-domain text in the target low-
resource language.

For practical reasons, we fine-tune OpenAI’s
GPT-4o model,2 adapting it to map English sum-
maries of Gaelic regional news texts to their original
Gaelic counterparts. We then prompt the fine-tuned
model with wide-domain English summaries from
the CNN news dataset (Hermann et al., 2015) to
generate international news texts in Gaelic. These
synthetic texts are then used to train an n-gram-
based external LM, which is evaluated in a down-
stream ASR task involving the Gaelic television
news programme An Là (‘The Day’).

Our central objective is to inject world knowledge
encoded in a high-resource language, English,
into a low-resource Gaelic training corpus through
controlled cross-lingual generation. We evaluate
zero-shot XLTE versus supervised fine-tuning,
XLTE versus machine translation – as a data
augmentation strategy – and the impact of
synthetic data on downstream ASR performance.
Building on our earlier introduction of XLTE (Lamb
et al., 2025), which focused on intrinsic evaluation
of synthetic narrative data, this paper shifts the
emphasis to domain adaptation and extrinsic
validation, demonstrating measurable reductions
in WER in a low-resource ASR task.

Summary of contributions:
1. We evaluate an LLM-based cross-lingual data

augmentation strategy for domain adaptation
in low-resource ASR.

2. We demonstrate that supervised fine-tuning
improves synthetic text quality over a baseline
LLM across intrinsic evaluation metrics.

3. We achieve substantial reductions in Word Er-
ror Rate (WER) for a previously unseen do-

2Model version: gpt-4o-2024-05-13.

main in a real-world Gaelic ASR task.

2. Methodology

2.1. Text generation
XLTE requires aligned pairs of English summaries
and Gaelic texts. To construct these, we prompted
the baseline GPT-4o model to produce English sum-
maries of the original Gaelic news articles (see
Table 3) using the instruction: Your role is to sum-
marise the given news story in 3 to 4 sentences in
English. These summaries serve as the source-
language stimuli for subsequent expansion. The
remaining stages of the pipeline are illustrated in
Figure 1 and detailed below.

We then tested whether supervised fine-tuning
improves performance relative to the baseline GPT-
4o model. For fine-tuning, the model was trained
with the instruction: You will receive a summary
of a news story in English. Expand the summary
into a much longer news story in Scottish Gaelic.
Prompting in Gaelic led to reduced performance
and, therefore, was not pursued further.

At generation time, we expanded English in-
domain summaries into corresponding Gaelic texts.
Depending on the experimental condition, we gen-
erated between 100 and 2,701 synthetic news texts.

2.2. Evaluation metrics
We employ intrinsic metrics as proxies for down-
stream ASR performance: Mean Word Count
(MWC), English-to-Gaelic ratio (en:gd), Neologism
Ratio (Neo), Perplexity (PPL) and Self-BLEU (SB).
Lower values are preferred for all metrics except
mean word count. Each metric captures a different
property of the generated text.

Mean Word Count (MWC) measures average vol-
ubility per generated sample. Higher MWC implies
that fewer API calls are required to reach a target
corpus size, thereby reducing generation cost.

The English-to-Gaelic ratio (en:gd) estimates lan-
guage uniformity. It is computed by dividing the
number of tokens matching a large English dictio-
nary by those matching a large Gaelic dictionary.
Tokens absent from both dictionaries are classified
as neologisms, which include hallucinated forms
and other out-of-vocabulary items. The Neologism
Ratio (Neo) reports the proportion of such tokens.

Perplexity (PPL) measures the predictive fit be-
tween a language model and a text sample. Al-
though widely used as a proxy for language model
quality, it correlates imperfectly with human judge-
ments (Stureborg et al., 2024) and is sensitive
to punctuation (Wang et al., 2023) and length ef-
fects (Meister and Cotterell, 2021). For consis-
tency, we lowercase and normalise all texts, to-
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Figure 1: Training and evaluation pipeline (en ‘English’; gd ‘Gaelic’; PPL ‘perplexity’)

kenise using a byte-pair encoding model (Sen-
nrich et al., 2016) trained on a dataset of Gaelic
news scripts, and compute perplexity with 5-gram
language models employing modified Kneser-Ney
smoothing (KenLM (Heafield et al., 2013)).

Human-authored texts typically show greater lexi-
cal diversity than synthetic texts (Yu et al., 2024). To
assess our texts’ lexical diversity, we compute Self-
BLEU (SB), which measures the average n-gram
overlap between each sentence in a text and all oth-
ers (Zhu et al., 2018). Lower SB indicates greater
diversity. For a set of sentences {s1, s2, . . . , sm},
Self-BLEU is defined as:

SB =
1

m

m∑

i=1

BLEU
(
si, {s1, . . . , si−1,

si+1, . . . , sm}
)

(1)

For extrinsic evaluation, we use the best-performing
fine-tuned GPT-4o model to generate a larger syn-
thetic corpus. An n-gram LM is trained on this
material and integrated into a low-resource ASR
system. We then compare Word Error Rate (WER)
against a baseline LM trained solely on the avail-
able training data (Tr). The key question is whether
incorporating synthetic text yields measurable WER
reduction.

3. Datasets

With the permission of BBC ALBA, we scraped
our out-of-domain data from texts posted on the
BBC’s Naidheachdan ‘News’ website.3 These origi-
nated as scripts for news programmes on the Radio
nan Gàidheal radio station. Although the original
radio programmes cover regional, national and in-
ternational stories, the Naidheachdan web texts

3https://www.bbc.co.uk/naidheachdan

are heavily skewed towards regional reporting. We
scraped approximately 37,000 bulletins (c. 6.5M
words) spanning January 2012 to October 2023.
After de-duplication, we split the corpus into three
disjoint RnG subsets: a training set (Tr) and val-
idation set (Val) for fine-tuning, and a generation
set (Gen) used to create English summary stimuli
using GPT-4o (see Section 2). We treat the BBC
RnG scripts as the source domain and BBC ALBA’s
An Là as the target domain.

Our evaluation set (Eval) was drawn from BBC
ALBA’s An Là (’The Day’) news programme4 and
comprises verbatim transcripts of six 30-minute
episodes with aligned audio. We use Eval both
for intrinsic evaluation (perplexity) and for extrinsic
evaluation, where we report Word Error Rate (WER)
on the corresponding audio.

The raw CNN data were from the training subset
of the cnn_dailymail dataset (Hermann et al.,
2015), available at HuggingFace.5 The CNN
news articles (all English-medium) originally ap-
peared between April 2007 and April 2015. We de-
ployed two separate generation subsets from these
data: Gen1, comprising 1000 GPT-4o-generated
summaries of CNN articles used during intrinsic
evaluation; and Gen2, a larger, disjoint 2701 article
dataset, which we used during extrinsic evaluation.
Because Gen2 is used only as a stimulus source for
generation, leveraging the dataset highlights rather
than model-generated summaries does not affect
the downstream comparison. Table 3 summarises
these datasets.

4https://www.bbc.co.uk/programmes/
b00drynf

5https://huggingface.co/datasets/
abisee/cnn_dailymail
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Source Lang Subset N Words (gd)
RnG gd Tr 1000 240,866
RnG gd Val 200 40,729
RnG gd Gen 2000 444,953
An Là gd Eval 7 24,725
CNN en Gen1 1000 n/a
CNN en Gen2 2701 n/a

Table 1: Datasets (Key: RnG ‘Radio nan Gàidheal’;
Lang ‘original language’; gd ‘Gaelic’; en ‘English’;
Tr = fine-tuning training set; Val = validation set;
Gen = summary stimuli; Eval = ASR evaluation set;
N = number of documents.)

Input PPL SB MWC en:gd Neo
Real (RnG) 317.3 0.41 226.1 0.02 0.03
Gen (RnG) 422.6 0.47 381.0 0.02 0.02
Gen (CNN) 494.5 0.40 377.7 0.03 0.04

Table 2: GPT-4o baseline: Intrinsic evaluation met-
rics for generated texts derived from RnG-Gen and
CNN-Gen1 summaries, and ground-truth texts from
the RnG-Gen set (N = 400). Key: PPL = perplexity;
SB = Self-BLEU; MWC = mean word count; en:gd
= English-to-Gaelic token ratio; Neo = proportion
of out-of-dictionary tokens.

4. Experimental Results

4.1. Establishing Baseline Performance

We began by summarising the texts in English using
the baseline GPT-4o model to produce the required
summary-text pairs.6 Then, we generated 400 texts
using the RnG-Gen and CNN-Gen1 summaries
and compared the synthesised texts to real ones
from the RnG-Gen set. As seen in Table 2, when
using the GPT-4o-base model, LMs built from the
synthetic data obtained higher PPL values against
the Eval set than an LM built from the real data.
So, the real data produce an LM with a better fit
to the target domain. Although past research has
found real text to be more diverse than synthetic
text (Yu et al., 2024), texts generated from CNN-
Gen1 show a slightly lower Self-BLEU score than
the real data and those generated from RnG-Gen.
This textual diversity could be advantageous to the
downstream ASR task. Yet, the English to Gaelic
and Neologism ratios are higher than the real and
generated RnG texts. The international focus of the
CNN summaries may dispose the LLM to output
more English and out-of-dictionary tokens.

6Summarisation hyperparameter settings: n=1, τ=1,
top-p=0.85, frequency penalty=0, presence penalty=0.2
and max tokens=250. The maximum token count trans-
lates to roughly 3 to 4 sentences in English.

Model PPL SB MWC en:gd Neo
FT100 283.8 0.25 457.5 0.05 0.09
FT200 313.4 0.25 454.9 0.06 0.09
GPT-4o 494.5 0.40 379.2 0.03 0.05

Table 3: Fine-tuning experiments: Intrinsic evalua-
tion metrics for fine-tuned models (FT100, FT200)
and the GPT-4o baseline.

4.2. Effect of Supervised Fine-tuning
To investigate whether supervised fine-tuning im-
proves text synthesis quality, we fine-tuned GPT-4o
on 100, 200 and 400 summary-text pairs from the
RnG training set. We refer to these models as
FT100, FT200 and FT400. After a short hyper-
parameter study, we settled on fine-tuning for 3
epochs with a batch size of 1 and a learning rate
multiplier of 2. Loss trends indicated effective early-
stage learning with no signs of over-fitting.

We generated 400 texts from the CNN-Gen1 set
using the GPT-4o-base, FT100 and FT200 mod-
els.7 Table 3 compares them using the intrinsic
evaluation metrics. The LM associated with FT100
had the lowest PPL value against the Eval set. This
suggests that supervised fine-tuning boosts perfor-
mance for this task over generating from the base-
line GPT model. The FT100-based LM is also a
better fit to the Eval set and more lexically diverse
than an LM built from out-of-domain real data (cf.
‘Real: RnG’ in Table 2). Notably, given that the
FT100 model’s LM produces a lower PPL value
than the FT200 model’s LM, the ideal number of
fine-tuning examples appears to be below 200 for
these data and this use-case.

In general, Table 3 shows that, compared to the
baseline model, the fine-tuned models produce
more diverse text, a higher MWC, a higher pro-
portion of English text and a higher proportion of
neologisms. While the greater diversity and higher
MWC are likely favourable for our task, the inflated
English and neologism could be detrimental. Im-
pressionistically, the baseline model produces text
that is more coherent, but also more generic. The
FT models, in comparison, are stylistically closer
to the real news-scripts.

4.3. Translation versus Generation
To consider whether machine translation (MT)
yields superior results to GPT-4o-based genera-

7We began using a top-p of 0.85, but reduced it to 0.7
after further testing. The other generation hyperparame-
ters were: n=1, τ=1, frequency penalty=0.2; presence
penalty=0.5 and max tokens=1000. Experimentation
with the baseline GPT-4o model suggested that these
settings provided good diversity, less repetition and the
longer outputs required for our task.
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Source PPL SB MWC en:gd Neo
Gen 381.9 0.43 419.2 0.06 0.06
MT 505.1 0.45 640.7 0.05 0.05

Table 4: Generated vs. machine-translated text:
Intrinsic evaluation metrics.

tion, we expanded 800 summaries from the CNN-
Gen1 set using our FT100 model. In tandem, we
translated English texts from the same dataset to
Gaelic using Google Translate’s API. After building
n-gram language models from the generated and
machine-translated text, we calculated the intrinsic
evaluation metrics. To ensure fair comparisons be-
tween the MT and Generated (Gen) datasets, we
controlled for word count.

Table 4 shows that an LM built from FT100-
generated text (Gen) achieves lower perplexity on
the Eval set than one built from the MT text. The
lower Self-BLEU score indicates that the Gen text is
also slightly more diverse than the MT text, despite
its lower MWC. The stronger supervision signal as-
sociated with MT may explain the marginally lower
en:gd and neologism ratios for the MT text. In sum
– for this task, these models and these languages
– XLTE produces higher quality and more diverse
text than a state-of-the-art MT system, but shows
marginally inflated English and neologism ratios.

Ultimately, improvements in intrinsic metrics are
only meaningful if they translate into downstream
ASR gains. We therefore evaluate whether syn-
thetic data reduce WER under realistic decoding
conditions.

4.4. Extrinsic Evaluation
We evaluated our approach in a real-world setting
by generating a large volume of text with FT100, in-
corporating it into an external LM and using it for an
ASR task within the target domain. The goal was
to determine whether XLTE-derived text enhances
WER, which would suggest effective domain adap-
tation.

The ASR system’s acoustic model was our top-
line Gaelic model at the time the research was
carried out (details of architecture in Klejch et al.,
20258). Acoustic features were extracted from the
18th layer of an XLS-R 300M model (Babu et al.,
2022), which underwent continual pre-training on
Gaelic and English. The English text came from
the MGB-1 corpus (Bell et al., 2015). The acous-
tic model employed a TDNN-F architecture with
1,000 BPE units and shared a tokeniser with the
language model. Evaluation was conducted on the

8Between the time that the research was conducted
and the publication of Klejch et al., 2025, the WER on
the An Là testset dropped from 14.81% to 10.4%.

Dataset Train Gen Train+Gen Top-line
gd 29.37 22.86 22.18 –
gd+en 21.01 19.30 18.86 14.81

Table 5: WER (%) for the ASR task using LMs built
from real data (Train), synthetic data (Gen), and
their combination (Train+Gen). Interpolation with
English data is shown in the gd+en row.

Eval set (175 mins of aligned acoustic and textual
data) described in §3.

Table 5 reports WER results for external LMs
trained on three datasets: real data from Tr (‘Train’:
60,994 words), synthetic data generated from 2,701
Gen2 summaries using FT100 (‘Gen’: 1,038,793
words) and the concatenation of these two datasets
(‘Train+Gen’: 1,099,787 words).

To simulate a low-resource setting, the real data
were restricted to the 100 texts used to fine-tune
FT100. To better model code-switching, which is
common in spoken Gaelic (Smith-Christmas, 2012),
we also trained variants that incorporated English
data from the MGB-1 corpus (Bell et al., 2015).

For reference, Table 5 includes the WER of our
current production-grade external LM (‘Top-line’)
evaluated on the same test set. This model is
trained on the full available Gaelic corpus and
therefore represents an upper-bound benchmark
rather than a system operating under the same
low-resource constraints.

Using an LM built from 100 real Gaelic texts
yields a WER of 29.37%, which drops to 21.01%
when interpolating with English data. Using LMs
built from the synthetic data further lowers the WER
(22.86% for Gaelic only, 19.3% for Gaelic+English),
validating our approach. Fine-tuning GPT-4o on
just 100 summary-text pairs synthesises an effec-
tive, in-domain corpus over an order of magnitude
larger than the original, achieving a 22.17% rel-
ative WER reduction. Combining the real and
generated data brings the reduction to 24.48%
(29.37%→22.18%) and interpolating the English
data increases the relative WER reduction to
35.78% (29.37%→18.86%). The WER of 18.86%
is only 4 percentage points away from the top-line
on this task.

Typical of modern Gaelic speech, our Eval set
contains many English words: roughly 17% of the
total. Notably, our synthetic data have a higher
en:gd ratio than the training data (0.8 vs 0.34). This,
along with the fact that deletions account for the
biggest reduction in WER between the training and
generated data, led us to investigate whether our
approach mainly enhances English speech recog-
nition.

Table 6 shows that 66% of the total WER reduc-
tion (514 of 784 errors) can be attributed to improve-

99



Language Subs Ins Dels Sum % Total
English -282 49 -281 -514 66%
Gaelic -214 -11 -45 -270 34%

Table 6: Change in error counts after replacing
the external LM trained on real data with one incor-
porating synthetic data. Negative values indicate
reductions in errors. The final column shows each
language’s proportion of the total reduction in er-
rors (n = 784).

ments with English tokens, with 55% of these gains
arising from fewer deletions. Although English in-
sertions increase slightly (n = 49), the net error
reduction remains strongly positive. Indeed, 34%
of the total error reduction (270 errors) relates to
Gaelic tokens, confirming that the synthetic data im-
prove recognition of both languages. While gains
for English are more pronounced, the reduction
in Gaelic errors provides evidence that XLTE en-
hances in-domain language modelling; it does not
merely boost English coverage. This is encourag-
ing for future efforts applying XLTE to low-resource
ASR settings (cf. Joshi and Singh, 2022).

5. Conclusions

This study demonstrates that fine-tuning an LLM
on a modest set of human-authored texts can gen-
erate a substantially larger in-domain corpus for a
low-resource language. Intrinsic evaluation shows
that cross-lingual text expansion (XLTE) produces
material better aligned with the target domain than
machine translation, yielding lower perplexity and
greater internal diversity. When used to train an
external language model, the synthetic corpus de-
livers substantial downstream gains, reducing WER
by up to 24.48% under low-resource conditions and
35.78% when interpolated with English data.

These results establish synthetic text generation
as an effective mechanism for domain adaptation
in low-resource ASR. Improvements are observed
for both Gaelic and English tokens in a bilingual
setting, indicating enhanced in-domain coverage
rather than inflated majority-language recognition.
The method is computationally lightweight, scal-
able and does not require additional parallel data,
making it readily transferable to other minoritised
languages and under-represented domains.

The study also highlights the continuing value of
human-generated texts (Bird and Yibarbuk, 2024).
Even relatively small, carefully curated human-
produced datasets provide the structural and stylis-
tic signal necessary for effective fine-tuning. In this
sense, community-authored material functions as
critical digital infrastructure for low-resource lan-
guage technology.

Several limitations remain. Fine-tuning was con-
ducted via a proprietary API, which constrains
transparency. The growing availability of open-
weight models makes replication with them fea-
sible, although recent work suggests that open-
weight models are generally less performative for
Gaelic than leading proprietary ones (Devine et al.,
2026). The extrinsic evaluation assumes a strong
acoustic model; future work should examine stricter
low-resource acoustic conditions. Finally, valida-
tion was limited to a single broadcast domain, and
broader genre coverage will be required to assess
generalisability.

Beyond engineering gains, the findings carry im-
plications for the Social Sciences and Humanities.
Speech recognition increasingly provides a con-
duit for searching and accessing broadcast media,
folklore and oral history archives. For minoritised
languages, domain mismatch in language mod-
elling affects not only accuracy but cultural visibil-
ity. Strengthening domain-specific language mod-
els is therefore a prerequisite for equitable digital
representation and sustainable access to linguistic
heritage. In the Gaelic context, initiatives such as
Opening the Well illustrate how advances in lan-
guage technology can enhance the digital presence
of cultural materials, while community engagement
in turn strengthens the technological ecosystem,
creating a mutually reinforcing cycle.

Statement on Ethics

Institutional ethical review was initiated on 2 March
2023 and approved on 13 March 2023 by the Ethics
Officer of the host institution. The study involved
no human participants and was assessed as pre-
senting minimal risk. The authors nonetheless
recognise the environmental implications associ-
ated with training and deploying large language
models. While the primary computational costs
arise during large-scale pre-training, fine-tuning
and text generation also entail energy consump-
tion. Because this study relied on a proprietary
model accessed via API, precise estimates of com-
pute usage and associated carbon emissions are
not publicly available.

Code and Data Availability

All code and synthetic data generated by the fine-
tuned GPT-4o model is available at https://
github.com/razorfish17/XLTE. The BBC
Naidheachdan corpus cannot be redistributed due
to third-party licensing restrictions, but the scraping
methodology, including the date range, URL struc-
ture and data selection criteria, is described in §3
to facilitate replication.
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Abstract
Historical newspapers present substantial challenges for computational sentiment analysis due to OCR errors,
archaic linguistic features, and the absence of domain-specific labelled training data. This paper investigates
whether instruction-following LLMs can facilitate aspect-level sentiment inference under such conditions. We
benchmark four instruction-following LLMs on a manually annotated sample of collective-identity mentions drawn
from Slovene historical newspapers. The results provide a benchmark for targeted sentiment classification in
OCR-degraded historical Slovene and offer an empirically grounded assessment of the capabilities and limitations of
an instruction-tuned LLM in digital humanities research.

Keywords: historical newspapers, digital humanities, aspect-level sentiment analysis, ALSA, ABSA, LLMs,
benchmark, GaMS, sPeriodika

1. Introduction

Computational approaches have long been central
to Digital Humanities (DH), enabling large-scale
analyses of textual corpora through rule-based
methods (e.g., lexicon-driven sentiment analysis),
unsupervised modelling techniques such as topic
modelling, and supervised machine-learning ap-
proaches. While these approaches have expanded
the analytical scope of DH research, many rely on
curated linguistic resources or supervised training
data, while others require extensive pre-processing
and normalisation. Such requirements pose sub-
stantial challenges for analysing historically noisy
corpora, where annotated datasets and normalisa-
tion tools are limited.

The emergence of instruction-following large lan-
guage models (LLMs) has fundamentally altered
this landscape. Unlike traditional supervised ap-
proaches that require substantial amounts of task-
specific annotated data, instruction-tuned LLMs
can perform complex linguistic tasks in zero-shot
settings, including sentiment inference, potentially
lowering the barrier for computational analysis in
DH contexts. This shift is particularly relevant
for historical Slovene, where labelled sentiment
datasets are scarce and OCR degradation further
complicates large-scale annotation and model train-
ing. In such contexts, building and maintaining

domain-specific training resources is costly and
often infeasible.

At the same time, the robustness of instruction-
following LLMs under historically degraded condi-
tions remains insufficiently examined. It is unclear
how instruction-following models behave in OCR-
extracted text material, in morphologically rich lan-
guages, and in tasks that require fine-grained attri-
bution of sentiment to specific lexical targets rather
than to entire sentences or documents. Moreover,
the extent to which language-adapted models out-
perform widely used general-purpose instruction-
tuned LLMs in such settings has not been system-
atically evaluated for Slovene historical data.

This study addresses these questions by bench-
marking instruction-following LLMs on targeted sen-
timent classification in late 19th–early 20th century
Slovene newspapers from the sPeriodika corpus
(Dobranić et al., 2023). The task involves classi-
fying sentiment toward explicitly marked collective
identity mentions—both nominal and adjectival re-
alisations—in OCR-extracted historical text.

We evaluate GaMS3-12B-Instruct, a publicly
available instruction-tuned LLM based on the
Gemma 3 family and continually pretrained with a
focus on Slovene-language data (Vreš et al., 2024),
and compare it with other publicly available general-
purpose instruction-tuned models of comparable
scale: Gemma-3-12B-IT (Gemma Team, 2025),
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LLaMA 3.1 (Grattafiori and Dubey et al., 2024),
and DeepSeek-R1-Distill-Qwen-14B (DeepSeek-
AI, 2025). To probe the effect of model size within
two model families, we additionally include the
smaller Gemma-3-4B-IT (Gemma Team, 2025)
and DeepSeek-R1-Distill-Qwen-7B (DeepSeek-AI,
2025) variants. We restrict the comparison to pub-
licly available downloadable models that can be
run and versioned in a controlled, reproducible
evaluation setup. Each model is assessed on a
manually annotated sample of 371 mentions us-
ing standard classification metrics. Beyond overall
performance, we examine variation across gram-
matical realisation and referential type, identifying
systematic asymmetries that affect dataset-scale
inference.

Finally, we investigate whether the best-
performing model can be applied at dataset scale
by aggregating mention-level predictions across
newspapers. This aggregation functions as a
methodological demonstration of scalability rather
than as a substantive historical interpretation.

Taken together, this study contributes (i) a con-
trolled benchmark for aspect-level sentiment clas-
sification in OCR-degraded historical Slovene text;
(ii) a systematic comparison of aspect-level senti-
ment classification in a few-shot setting between
a Slovene-adapted instruction-tuned LLM and
general-purpose instruction-tuned LLMs of com-
parable scale; and (iii) a diagnostic analysis of per-
formance variation across grammatical realisation
and referential type, highlighting systematic asym-
metries that must be considered in dataset-scale
sentiment aggregation. By situating LLM evaluation
within a historically degraded and morphologically
complex dataset, the paper provides empirical evi-
dence on the reliability and limitations of instruction-
tuned models as analytical instruments in digital
humanities research.

2. Related Work

Sentiment analysis has been a longstanding re-
search area with early approaches being lexicon-
based, utilising tools like VADER (Hutto and Gilbert,
2014) and the Liu-Hu lexicon (Hu and Liu, 2004)
to assign sentiment scores based on predefined
sentiment lexica. While simple and interpretable,
these methods were limited by lexicon coverage
and struggled to capture linguistic nuances such as
sarcasm and idiomatic expressions (Cambria et al.,
2017). Machine learning methods, such as Sup-
port Vector Machines (Cortes and Vapnik, 1995)
and Naive Bayes classifiers (Pang et al., 2002), im-
proved sentiment classification by leveraging fea-
tures like n-grams (Cavnar et al., 1994) and part-
of-speech tags (Marcus et al., 1993). However,
these approaches relied heavily on manual feature

engineering and lacked the ability to model contex-
tual information, which limited their performance
on more complex sentiment tasks.

In recent years, language models have set new
benchmarks in sentiment analysis. The intro-
duction of transformer-based models, such as
BERT (Devlin et al., 2019), has reshaped the field.
BERT’s bidirectional context modelling enables it
to consider both preceding and succeeding words
in a sentence, significantly boosting performance
on sentiment classification tasks. When fine-tuned
for ABSA, BERT has demonstrated remarkable im-
provements in identifying and classifying aspect-
specific sentiment (Sun et al., 2019).

In a comprehensive experiment testing capabili-
ties of LLMs in performing various sentiment analy-
sis tasks, Zhang et al. (2024) highlight the strengths
and limitations of LLMs. LLMs excel in simpler
tasks, such as binary or trinary sentiment classi-
fication, even in zero-shot and few-shot settings,
often matching or surpassing fine-tuned smaller
language models. This makes them particularly
effective when training resources are limited.

For Slovene, sentiment analysis research has
developed largely around contemporary, non-
historical text types and has produced several
widely used datasets. Early work includes sen-
timent annotation of user-generated content in the
Janes corpus, where Fišer et al. (2016) applied an
SVM-based three-class classifier (POS/NEG/NEU)
trained on a large manually labelled tweet col-
lection and used it to automatically assign sen-
timent metadata across heterogeneous Slovene
genres (tweets, forums, blogs, news comments,
and Wikipedia talk pages). A major step to-
ward target- and entity-oriented sentiment is Sen-
tiNews 1.0, a manually annotated news corpus
(10,427 articles; five-point Likert scale; docu-
ment/paragraph/sentence levels) and its deriva-
tive SentiCoref 1.0, which enriches 837 selected
news articles with named entities, coreference
chains, and target-level sentiment labels for en-
tities in context. Žitnik et al. (2022) operationalise
this setup as target-level sentiment analysis over
entity-based document representations and show
strong gains from BERT-based approaches over
traditional feature-based methods. Recent work
continues to explore ABSA pipelines for Slovene
on SentiCoref, comparing lexicon-based and tree-
based feature extraction with neural embedding ap-
proaches (Adhikari et al., 2024). Finally, Slovene
sentiment research has also expanded into special-
ized domains such as finance, where recent bench-
marking work evaluates LLMs for target-based fi-
nancial sentiment in news (Muhammad et al.,
2025). In contrast to these largely contemporary,
clean-text settings, the present study targets OCR-
degraded historical newspapers and frames the
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task as aspect-level targeted sentiment classifica-
tion without supervised fine-tuning.

3. Data

The dataset on which we evaluate instruction-
following LLMs for targeted sentiment classifica-
tion in historical Slovene comprises three Slovene-
language newspapers: Slovenec [The Slovene]
(1873–1945), Slovenski narod [The Slovene Na-
tion] (1868–1943), and Slovenka [The Slovene
Woman] (1897–1902), sourced from the sPeriodika
collection Dobranić et al. (2023). For copyright rea-
sons, the collection only includes issues of news-
papers published until 31 December 1914.

This dataset spans distinct political orientations
and readership profiles, providing a heterogeneous
discursive environment for evaluating targeted sen-
timent classification.

The newspapers differ substantially in size (Ta-
ble 1). Slovenski narod contains approximately 183
million tokens, Slovenec 137 million tokens, and
Slovenka 1.6 million tokens, amounting to over 320
million tokens in total. This volume enables dataset-
level aggregation of model predictions while pre-
serving variation across newspapers.

All texts are derived from historical scans using
OCR of heterogeneous quality. Spelling inconsis-
tencies, segmentation errors, and recognition noise
introduce ambiguity at the token and sentence level.
In addition, the data reflect morphologically rich
and historically evolving language use, including
orthographic variation and derivational complexity,
affecting collective-identity expressions. The data
were thus further refined through cleaning and pre-
processing before undergoing automatic linguistic
annotation (Dobranić et al., 2024).

Newspaper Number of tokens
Slovenski narod 183,294,799
Slovenec 137,506,802
Slovenka 1,632,695

Table 1: Size of newspaper data

4. Methodology

4.1. Collective-Identity Extraction
In this study, collective identity refers to nouns
and adjectives derived from ethno-national, re-
gional/provincial, or other geography-based des-
ignations. Identity mentions therefore include:
(i) ethno-national denominations (e.g., Španec
[Spaniard], nemški [German], Jud [Jew]), (ii)
regional or provincial identities (e.g., Istrijan
[Istrian], Moravka [Moravian]), and (iii) other

geography-based identities (e.g., evropski [Euro-
pean], južnoameriški [South American]).

Collective identity mentions were extracted using
a manually constructed lexicon of nationality- and
identity-denoting lemmas.

For nominal references, we manually inspected
Slovenka and compiled a list of lemma types re-
ferring to national, regional, continental, or ethnic
groups. This noun-lemma inventory was then ap-
plied unchanged to Slovenec and Slovenski narod
to retrieve all matching nominal mentions across
newspapers.

For adjectival references, lemma candidates
were first extracted automatically based on Slovene
derivational suffixes (e.g., -ski, -ški, including his-
torical orthographic variants such as -zki and -žki).
In Slovenka, all candidate adjective lemmas were
manually reviewed. In the larger corpora (Slovenec
and Slovenski narod), candidates were first filtered
by frequency (minimum 90 occurrences) and sub-
sequently manually inspected. The validated adjec-
tive lists from all three newspapers were merged,
deduplicated, and consolidated into a single lexicon
used for dataset-wide extraction.

To enable unified analysis, adjectival lemmas
were mapped to their corresponding nominal iden-
tity categories (e.g., nemški [German] → Nemci
[Germans], italijanski [Italian] → Italijani [Italians]),
allowing nominal and adjectival realisations to be
grouped under shared identity labels during aggre-
gation.

No distinction was made at the extraction stage
between adjectival mentions modifying collective
actors (e.g., German army) and those modifying
non-agentive entities (e.g., Slovene bread). This
referential distinction is introduced later during man-
ual evaluation (cf. Section 4.5).

4.2. Task Definition

The task is formulated as aspect-level sentiment
classification. For each extracted collective identity
mention (cf. Section 4.1), the model predicts the
sentiment expressed toward that specific mention
within its local context.

For adjectival realisations, sentiment is anno-
tated with respect to the collective-identity adjective,
even though the nominal head it modifies remains
visible in context. The model must therefore at-
tribute sentiment specifically to the marked identity
expression rather than to the broader sentence or
topic.

Each instance is represented as a structured
entry containing: (i) a unique mention identifier, (ii)
the target identity mention explicitly marked using
XML-style tags, and (iii) a context window consisting
of the sentence containing the mention together
with the two preceding and two following sentences.
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Given this input, the model assigns one of three
labels to the marked mention: positive (POS), neu-
tral (NEU), or negative (NEG).

4.3. Evaluation Dataset Construction
To evaluate model performance, we initially sam-
pled 400 collective identity mentions from the three
newspapers. The dataset was stratified at sampling
time to ensure equal representation across news-
papers and grammatical realisations: each news-
paper contributed an equal number of instances,
with 50% nominal and 50% adjectival mentions per
outlet.

Mentions were randomly sampled within these
constraints. To prevent over-representation of
highly frequent identities, a frequency cap was ap-
plied during sampling: if a single identity accounted
for more than 15% of a newspaper-specific subset
(i.e., more than 20 instances within approximately
133 samples), excess instances were replaced via
random resampling within the same newspaper
and mention-type category. This threshold was set
heuristically, as several identities were extremely
prevalent in the dataset.

During manual annotation, annotators could as-
sign the label unknown in cases where sentiment
could not be determined due to pre-processing er-
rors. A total of 29 instances received this label and
were excluded from evaluation. The final evaluation
dataset therefore contains 371 annotated mentions,
which form the basis for all reported performance
metrics.

The resulting dataset1 spans a broad range of
identity categories across newspapers and gram-
matical forms, providing a balanced and linguisti-
cally varied benchmark for mention-level sentiment
classification under historical OCR noise.

4.4. Annotation Procedure
The evaluation set was divided evenly among three
annotators, all trained linguists, with each men-
tion annotated independently by a single annotator.
Annotators consulted the sentence containing the
target mention and, when necessary, up to two
preceding and two following sentences, using the
smallest sufficient context required to determine
sentiment.

In addition to sentiment labelling, annotators
recorded the referential type (group vs. non-group)
for adjectival mentions. This variable was later
used to analyse differences in model performance
across referential contexts.

Inter-annotator agreement was not assessed, as
each mention was annotated by only one annotator.

1Available for download through the GitLab repository
at https://dihur.si/muki/llm4dh/.

4.5. Annotation Guidelines
Sentiment was defined as the evaluative stance
expressed toward the referenced collective iden-
tity within its immediate context. Annotators were
instructed to rely only on linguistic cues and other
pragmatic signals available in the local context, and
not on broader historical background knowledge.
Mentions were labelled as positive or negative only
when a linguistically explicit or clearly implied eval-
uative judgment was present, including cases of
irony, patronizing stance, and related pragmatic ef-
fects where these could be inferred from the avail-
able context. In the absence of such evaluation,
mentions were labelled as neutral. All interpretable
mentions were assigned a sentiment label; the rest
were marked as unknown.

Referential type was annotated independently
of sentiment. All nominal identity mentions were
treated as group references, as they inherently
denote collective actors (e.g., Nemci [Germans],
Slovenci [Slovenes]). For adjectival identity ex-
pressions, referential type was determined based
on syntactic context. Adjectives modifying collec-
tive actors (e.g., German army) were classified as
group references, whereas adjectives modifying
inanimate or abstract entities (e.g., Slovene bread,
German politics) were classified as non-group ref-
erences.

Sentiment labelling was performed strictly with
respect to the marked identity expression and not
the broader topic or event described in the passage.

4.6. LLM Sentiment Inference Setup
Sentiment classification was performed in a few-
shot setting using four openly available instruction-
following LLMs representing a range of architec-
tures and training regimes: GaMS3-12B-Instruct
(Slovene-adapted), Gemma-3-12B-IT, Llama-3.1-
8B-Instruct, and DeepSeek-R1-Distill-Qwen-14B.
These models were selected to compare a
language-adapted model against widely used
general-purpose instruction-following models of
comparable scale. We additionally included
two smaller model variants, Gemma-3-4B-IT and
DeepSeek-R1-Distill-Qwen-7B, to assess the im-
pact of model size on performance and whether
this impact generalises across model families.

Each collective-identity mention was processed
independently using the structured input described
in Section 4.2.

Models were prompted in Slovene with explicit
instructions to perform targeted sentiment classi-
fication of the marked mention only. The prompt
required that: (1) sentiment be evaluated exclu-
sively for the tagged identity expression; (2) output
be returned as valid JSON; and (3) the assigned
label be one of the predefined categories: POS,
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NEU, or NEG.
Short illustrative examples of positive, negative,

and neutral classifications were included in the
prompt to clarify labelling criteria.

Model responses were required to conform to a
predefined JSON schema containing the mention
text and predicted sentiment label. No recalibration,
filtering, or manual correction of sentiment labels
was applied; all reported results reflect the models’
raw predictions.

4.7. Dataset-Level Aggregation of
Sentiment Predictions

Sentiment predictions were generated at the level
of individual collective-identity mentions. To exam-
ine whether the selected model can be applied on
the entire dataset, we aggregated these mention-
level predictions by collective identity and news-
paper. For each identity within each newspaper,
we counted the number of POS, NEU, and NEG
predictions and computed their relative proportions.

The resulting class distributions are presented
in 5.2. Given the class-specific performance differ-
ences observed in Section 5.1—particularly lower
recall for positive sentiment—the aggregated pro-
portions should be interpreted as reflecting the
model’s relative classification tendencies rather
than exact estimates of historical evaluative stance.

5. Results

This section presents a comparison of multiple
instruction-following LLMs, then analyses the per-
formance profile of the top-scoring model in greater
detail. Finally, we demonstrate dataset-level sen-
timent distributions to assess the scalability and
interpretative plausibility of large-scale inference.

5.1. Model Evaluation

5.1.1. Overall Performance Across Models

We evaluated four cutting-edge instruction-
following LLMs in a few-shot setting: GaMS3-12B-
Instruct (GaMS3), Gemma-3-12B-IT (Gemma-
3-12B), Llama-3.1-8B-Instruct (Llama 3.1),
DeepSeek-R1-Distill-Qwen-14B (DeepSeek-R1-
14B). To assess the effect of model size within
two model families, we additionally included two
smaller variants: Gemma-3-4B-IT (Gemma-3-4B)
and DeepSeek-R1-Distill-Qwen-7B (DeepSeek-
R1-7B). All models were evaluated using the
same prompt template, decoding parameters, and
manually annotated evaluation sample (N=371
mentions). Table 2 reports overall accuracy,
macro-averaged F1, weighted F1, and per-class
F1 scores for each model.

Model Acc M-F1 W-F1 F1POS F1NEU F1NEG

GaMS3 0.693 0.538 0.708 0.343 0.794 0.478
Gemma-3-12B 0.679 0.555 0.701 0.411 0.776 0.477
LLaMA 3.1 0.485 0.459 0.515 0.427 0.545 0.406
DeepSeek-R1-14B 0.580 0.519 0.616 0.442 0.665 0.450
Gemma-3-4B 0.620 0.428 0.637 0.154 0.742 0.388
DeepSeek-R1-7B 0.253 0.244 0.260 0.197 0.267 0.269

Table 2: Cross-model performance on mention-
level sentiment classification (N=371). M-F1 de-
notes macro-averaged F1; W-F1 denotes support-
weighted F1. Class-specific scores are reported as
F1POS, F1NEU, and F1NEG, corresponding to POS,
NEU, and NEG sentiment labels.

GaMS3 achieves the highest overall accuracy
(0.693) and the highest weighted F1 (0.708), indi-
cating the strongest performance when class fre-
quency is taken into account. Gemma-3-12B at-
tains the highest macro-averaged F1 (0.555), sug-
gesting slightly more balanced performance across
sentiment classes. The difference between GaMS3
and Gemma-3-12B is small in overall accuracy
(∆ ≈ 0.014), and in macro F1 (∆ ≈ 0.017), but
the models differ slightly in their performance pro-
file: GaMS3 performs better under class imbal-
ance, whereas Gemma-3-12B shows slightly more
balanced behaviour across sentiment classes. In
relation to our research questions, these results
suggest that Slovene adaptation yields a measur-
able but limited advantage over a strong general-
purpose instruction-tuned model from the same
family (Gemma-3-12B).

Comparing the smaller models, DeepSeek-R1-
7B performs notably worse than its larger coun-
terpart (0.253 vs. 0.580 accuracy). By con-
trast, Gemma-3-4B shows a more limited perfor-
mance drop relative to Gemma-3-12B (0.620 vs.
0.679 accuracy), although its performance de-
clines substantially on positive sentiment detec-
tion (0.154 vs. 0.411 F1POS). This asymmetry
may be related to the distillation process used to
train DeepSeek-R1-7B, which can reduce sensitiv-
ity to low-frequency linguistic features important for
handling Slovene. As a morphologically rich and
relatively low-resource language, Slovene may be
particularly sensitive to such degradation.

At the class level, all larger model variants per-
form best on neutral sentiment, though the mag-
nitude differs substantially. GaMS3 achieves the
highest F1 for neutral instances (0.794), followed
closely by Gemma-3-12B (0.776). In contrast, both
DeepSeek-R1-14B (0.665) and LLaMA 3.1 (0.545)
have greater difficulties distinguishing descriptive
from evaluative contexts in this domain.

Performance on negative sentiment is low
for GaMS3 (0.478), Gemma-3-12B (0.477) and
DeepSeek-R1-14B (0.450), and even lower for
LLaMA 3.1 (0.406). Notably LLaMA 3.1 exhibits ex-
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tremely high negative recall (0.950), paired with
substantially lower precision, suggesting a ten-
dency to overpredict negative sentiment. This
pattern indicates reduced calibration rather than
stronger discrimination.

Positive sentiment is consistently the most diffi-
cult class across models, especially smaller vari-
ants. GaMS3 yields an F1 of 0.343, Gemma-3-12B
improves to 0.411, LLaMA 3.1 reaches 0.427, while
DeepSeek-R1-14B achieves the best result (0.442).
On the other hand, smaller models (Gemma-3-4B
and DeepSeek-R1-7B) under-perform considerably.
These results confirm that explicit positive evalua-
tion in historical newspaper discourse is both less
frequent and more challenging for models to detect
reliably.

Taken together, these results indicate that no
single model uniformly dominates across all eval-
uation criteria. GaMS3 provides the strongest
overall performance under realistic class imbal-
ance, while Gemma-3-12B demonstrates compet-
itive class-balanced behaviour. The divergence
between models—despite identical prompts and
evaluation data—highlights the importance of em-
pirical validation when deploying LLMs for senti-
ment inference in historically noisy corpora. Model
performance in such DH settings appears sensitive
not only to general instruction tuning, but also to lan-
guage adaptation and domain robustness. These
findings underscore the need for cross-model com-
parison when LLMs are used as analytical instru-
ments in humanities research.

Given these results, subsequent dataset-level
analyses are conducted using GaMS3. Al-
though Gemma-3-12B yields slightly higher macro-
averaged F1, GaMS3 provides the highest overall
accuracy and weighted F1, as well as the strongest
performance on neutral detection, which dominates
the historical dataset distribution. This combination
of robustness under class imbalance and stable
neutral classification makes GaMS3 suitable for
large-scale aggregation. At the same time, the
cross-model variation observed above underscores
that polarity estimates should be interpreted com-
paratively rather than as absolute measures of eval-
uative intensity.

5.1.2. Performance Profile of GaMS

Table 3 summarizes the performance of GaMS3-
12B-Instruct on the manually annotated evaluation
set. GaMS’s overall accuracy reaches 0.693, with
a weighted F1 of 0.708 and a macro-averaged F1
of 0.538. The gap between weighted and macro F1
reflects class imbalance and uneven performance
across sentiment categories.

Neutral sentiment is detected most reliably
(F1=0.794, P=0.858, R=0.739; support=287). Both
precision and recall are comparatively high, indicat-

Sentiment M Ska Snec SN Total

POS
P 0.400 0.500 0.200 0.400
R 0.261 0.625 0.111 0.300
F1 0.316 0.556 0.143 0.343

NEU
P 0.812 0.865 0.909 0.858
R 0.812 0.703 0.700 0.739
F1 0.812 0.776 0.791 0.794

NEG
P 0.154 0.511 0.222 0.351
R 0.400 0.767 0.889 0.750
F1 0.222 0.613 0.356 0.478

Macro
P 0.455 0.625 0.444 0.536
R 0.491 0.698 0.567 0.596
F1 0.450 0.648 0.430 0.538

Weighted
P 0.709 0.760 0.803 0.749
R 0.694 0.713 0.669 0.693
F1 0.697 0.724 0.708 0.708

Table 3: Performance of GaMS3 on the manu-
ally annotated sample for mention-level sentiment
classification for Slovenka (Ska), Slovenec (Snec),
Slovenski narod (SN), and the full dataset (Total).
M denotes evaluation metric (P precision, R recall,
F1-score). Macro and weighted averages are com-
puted across classes.

ing stable behaviour with relatively few false posi-
tives and false negatives in neutral contexts.

Negative sentiment achieves an F1 of 0.478
(P=0.351, R=0.750; support=44). The substan-
tially higher recall than precision indicates that the
model captures most annotated negative instances
but over-assigns negative labels in some neutral
or positive contexts. In other words, negative senti-
ment is detected readily, though not always selec-
tively.

Positive sentiment proves more challenging
(F1=0.343, P=0.400, R=0.300; support=40). The
relatively low recall suggests that a considerable
proportion of positive instances are not recognized
and are instead classified as neutral or negative.
Compared to the negative class, the model appears
more conservative in assigning positive sentiment.

Taken together, the results show a clear asym-
metry in class behaviour. Neutral sentiment is most
stable. Negative sentiment is detected with high
sensitivity but reduced precision. Positive senti-
ment is under-detected relative to its annotated
frequency. For downstream aggregation, this im-
plies that dataset-level summaries are more likely to
under-represent positive evaluations than negative
ones, while neutral proportions remain compara-
tively robust.
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5.1.3. GaMS Performance by Grammatical
Category

We analyse GaMS’s performance separately for
nominal identity mentions (e.g., Nemci [Germans],
Slovenci [Slovenes]) and adjectival modifiers (e.g.,
nemški [German], slovenski [Slovene]) to assess
whether grammatical form affects classification be-
haviour (see Table 4).

Sentiment M Ska Snec SN Total
Nouns

POS
P 0.333 0.000 0.000 0.222
R 0.143 0.000 0.000 0.100
F1 0.200 0.000 0.000 0.138

NEU
P 0.702 0.714 0.919 0.773
R 0.767 0.641 0.723 0.713
F1 0.733 0.676 0.810 0.742

NEG
P 0.000 0.519 0.333 0.385
R 0.000 0.667 0.857 0.645
F1 0.000 0.583 0.480 0.482

Macro
P 0.345 0.411 0.417 0.460
R 0.303 0.436 0.527 0.486
F1 0.311 0.420 0.430 0.454

Weighted
P 0.581 0.615 0.799 0.645
R 0.583 0.619 0.702 0.633
F1 0.572 0.613 0.726 0.630

Adjectives

POS
P 0.444 0.556 0.333 0.476
R 0.444 1.000 0.167 0.500
F1 0.444 0.714 0.222 0.488

NEU
P 0.918 1.000 0.900 0.938
R 0.849 0.750 0.679 0.759
F1 0.882 0.857 0.774 0.839

NEG
P 0.333 0.500 0.111 0.310
R 1.000 1.000 1.000 1.000
F1 0.500 0.667 0.200 0.473

Macro
P 0.565 0.685 0.448 0.574
R 0.765 0.917 0.615 0.753
F1 0.609 0.746 0.399 0.600

Weighted
P 0.833 0.898 0.818 0.846
R 0.797 0.803 0.639 0.749
F1 0.809 0.820 0.701 0.777

Table 4: Performance of GaMS3 on manually an-
notated nominal (N=180) and adjectival (N=191)
mentions. M denotes evaluation metric (P precision,
R recall, F1 score). Macro and weighted averages
are computed across classes.

For noun mentions (N=180), GaMS achieves an
accuracy of 0.633 and a weighted F1 of 0.630, indi-
cating moderate overall performance. Neutral senti-
ment is identified most reliably (F1=0.742, P=0.773,
R=0.713), showing relatively balanced behaviour.
Negative sentiment yields an F1 of 0.482, with
higher recall (0.645) than precision (0.385), sug-

gesting a tendency to over-assign negative labels
in ambiguous contexts.

Positive sentiment proves particularly difficult in
the nominal subset. Although 20 positive instances
are present, recall drops to 0.1, resulting in a very
low F1 of 0.138. This indicates that the model rarely
detects positive sentiment when it is expressed
through nominal identity references, frequently de-
faulting instead to neutral or negative predictions.

For adjectival mentions (N=191), performance
improves substantially. Accuracy increases to
0.749 and weighted F1 to 0.777, indicating greater
overall stability. Neutral sentiment again achieves
the highest F1 (0.839, P=0.938, R=0.759), reflect-
ing strong precision and fewer false positives.

Positive sentiment shows marked improvement
compared to nouns (F1=0.488, R=0.500), suggest-
ing that evaluative meaning is more readily cap-
tured when embedded in adjectival modification
rather than nominal reference.

Negative sentiment for adjectives displays a dif-
ferent error profile: recall reaches 1.00, but preci-
sion drops to 0.310, indicating systematic overpre-
diction of negative labels in this subset. In other
words, the model successfully captures all anno-
tated negative adjectival instances but at the cost
of labelling a substantial number of neutral contexts
as negative.

Taken together, the results demonstrate that
grammatical form influences classification be-
haviour not only in overall performance but in
the precision–recall balance of individual classes.
Nominal mentions are associated with missed pos-
itive evaluations, whereas adjectival mentions are
more prone to over-attributing negative sentiment.
This asymmetry is important for dataset-scale anal-
ysis, where mention-level predictions are aggre-
gated into identity-level sentiment distributions,
combining both grammatical realisations and there-
fore inheriting their respective error tendencies.

5.1.4. GaMS Performance by Referential Type

We next assess whether GaMS’s performance
varies according to referential type, distinguishing
between group-referential mentions (direct refer-
ences to collective actors, e.g., Nemci [Germans],
or adjectival expressions modifying group-denoting
heads, e.g., nemška vojska [German army]) and
non-group mentions (typically adjectival nationality
markers modifying inanimate or abstract heads,
e.g., nemška politika [German politics]; see Ta-
ble 5).

For group-referential mentions (N=245), GaMS
achieves an accuracy of 0.645 and a weighted F1
of 0.660. Neutral sentiment is detected most reli-
ably (F1=0.749, P=0.827, R=0.685), indicating rea-
sonably balanced behaviour. Negative sentiment
reaches an F1 of 0.491, with higher recall (0.711)
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Sentiment M Ska Snec SN Total
Group Modifiers

POS
P 0.333 0.286 0.250 0.304
R 0.235 0.500 0.200 0.269
F1 0.276 0.364 0.222 0.286

NEU
P 0.741 0.816 0.936 0.827
R 0.727 0.635 0.698 0.685
F1 0.734 0.714 0.800 0.749

NEG
P 0.000 0.526 0.280 0.375
R 0.000 0.741 0.875 0.711
F1 0.000 0.615 0.424 0.491

Macro
P 0.358 0.543 0.489 0.502
R 0.321 0.625 0.591 0.555
F1 0.337 0.564 0.482 0.509

Weighted
P 0.619 0.710 0.822 0.701
R 0.587 0.660 0.684 0.645
F1 0.601 0.671 0.722 0.660

Non-Group Modifiers

POS
P 0.667 1.000 0.000 0.714
R 0.333 0.750 0.000 0.357
F1 0.444 0.857 0.000 0.476

NEU
P 0.905 0.960 0.867 0.907
R 0.927 0.857 0.703 0.830
F1 0.916 0.906 0.776 0.867

NEG
P 0.500 0.429 0.091 0.273
R 1.000 1.000 1.000 1.000
F1 0.667 0.600 0.167 0.429

Macro
P 0.690 0.796 0.319 0.631
R 0.753 0.869 0.568 0.729
F1 0.676 0.788 0.314 0.591

Weighted
P 0.859 0.919 0.766 0.856
R 0.857 0.857 0.643 0.786
F1 0.848 0.874 0.688 0.803

Table 5: Performance of GaMS3 on manually an-
notated group-referential (N=245) and non-group
mentions (N=126). M denotes evaluation metric (P
precision, R recall, F1 score). Macro and weighted
averages are computed across classes.

than precision (0.375), suggesting that the model
captures most negative group evaluations but also
assigns negative labels to a notable number of non-
negative instances. Positive sentiment performs
more weakly (F1=0.286, P=0.304, R=0.269), in-
dicating that positive evaluations directed toward
collective actors are frequently missed.

For non-group mentions (N=126), overall per-
formance improves. Accuracy increases to 0.786
and weighted F1 to 0.803. Neutral sentiment again
shows strong performance (F1=0.867, P=0.907,
R=0.830), reflecting both low false-positive and low
false-negative rates in descriptive contexts. Posi-
tive sentiment also improves compared to the group
subset (F1=0.476, P=0.714, R=0.357). While pre-

cision is relatively high, recall remains moderate,
indicating that some positive cases are still not de-
tected. Negative sentiment achieves perfect recall
(1.00); however, this result must be interpreted cau-
tiously due to the very small number of negative
instances in this subset (support=6), which limits
stability and inflates recall.

Overall, the comparison indicates that direct
group-referential mentions are more difficult for the
model than non-group contexts. In group contexts,
negative sentiment is more readily identified than
positive sentiment, and positive evaluations are
disproportionately missed. In non-group contexts,
classification is more stable across classes, par-
ticularly for neutral and positive sentiment. This
distinction is relevant for dataset-level aggregation,
as summaries of sentiment toward collective ac-
tors may under-estimate positive polarity more than
negative polarity.

5.2. Sentiment Distribution by Identity
and Newspaper

Following the evaluation and diagnostic analysis
above, we applied GaMS3-12B-Instruct to all iden-
tity mentions in the dataset (2.65 million instances)
and aggregated predicted sentiment labels by iden-
tity and newspaper. Figure 1 shows the propor-
tional distribution of POS, NEU, and NEG predic-
tions for the five most frequently mentioned collec-
tive identities in the dataset. For each identity, three
stacked bars correspond to the historical newspa-
pers in Slovene: Slovenka, Slovenec, and Sloven-
ski narod.

The distributions differ across identity categories.
Nemci [Germans] show a consistently higher pro-
portion of negative predictions across all three
newspapers, with relatively smaller positive shares.
In contrast, references to Slovenci [Slovenians] dis-
play a more balanced or mixed distribution, includ-
ing a visibly larger proportion of positive predictions,
particularly in Slovenka. Identities such as Avstrijci
[Austrians] and Rusi [Russians] are dominated by
neutral predictions across newspapers, with only
limited positive or negative shares. The distribution
for Čehi [Czechs] appears more mixed, with mod-
erate levels of both positive and negative labels
depending on the newspaper.

These patterns suggest that the model differ-
entiates between identity categories rather than
assigning sentiment uniformly. On the one hand,
some of our preliminary findings largely align with
mainstream historiographical narratives surround-
ing turn-of-the-century Slovene history. For exam-
ple, the overwhelmingly negative sentiment that
all three journals show towards Germans is indica-
tive of contemporary Slovene-German nationalist
political conflict (Čuček, 2016). Likewise, the pre-
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Figure 1: Sentiment class composition
(POS/NEU/NEG) for the five most frequent
collective identities in the dataset. For each
identity, three stacked bars show the predicted
class proportions in Slovenka (no hatch), Slovenec
(//), and Slovenski narod (xx).

dominantly neutral sentiment expressed towards
Austrians is expected given that Slovene political
discourse of the time was mostly supportive of the
Austrian state and Austrian political identity (Luthar
et al., 2008).

Conversely, the results that we have gained by
analysing the lemma Čehi [Czechs] demonstrate
some of the interpretative complexities faced when
compiling data using such models. While the over-
whelmingly positive sentiment shown towards this
group in Slovenka is not surprising, it is curious
to see an overwhelmingly negative assessment
of Czechs in the other two journals knowing that
Slovene society was overwhelmingly sympathetic
to Czechs during this period (Keršič-Svetel, 1996).
While our interpretation remains speculative, we as-
sume that the negative sentiment in the two journals
was connected to the intensity of German-Czech
nationalist conflict in the multiethnic crownland of
Bohemia [Češka] — a province that is otherwise
referred to using the same adjective [češki] as the
Czech nation.

This analysis is intended as a plausibility check
rather than a substantive historical argument. As
shown in Section 5.1, model performance varies
by class, with the highest reliability for neutral senti-
ment and lower performance for positive instances.

Figure 1 demonstrates that mention-level pre-
dictions can be aggregated at dataset scale while
preserving identity-specific variation, provided that
model performance characteristics are taken into
account.

6. Conclusion

This study evaluated whether instruction-following
LLMs can reliably perform targeted, mention-level
sentiment classification in OCR-extracted text from
historical Slovene newspapers and whether these
predictions can support large-scale historical anal-
yses when aggregated across the dataset. Us-
ing a manually annotated sample of 371 collective-
identity mentions, we benchmarked four instruction-
tuned LLMs and selected the Slovene-adapted
GaMS3-12B-Instruct model for large-scale applica-
tion. The comparison further shows that Slovene
adaptation is beneficial, but that its advantage over
a strong general-purpose model from the same
family remains modest in a few-shot environment.

We show that the best-performing model is us-
able for this task, but its performance is class-
dependent and varies across grammatical reali-
sation and referential type. Neutral sentiment is
detected most reliably. Negative sentiment is cap-
tured with relatively high recall but lower precision,
indicating a tendency toward over-attribution, while
positive sentiment is systematically under-detected,
especially in nominal and group-referential contexts.
These asymmetries directly affect dataset-level in-
terpretation and require that aggregated polarity
patterns be read as directional tendencies rather
than exact measurements of historical evaluative
stance.

This study also highlights an often overlooked dis-
connect between technical benchmarks and schol-
arly needs. For DH workflows, a model’s F1 score
is ultimately less important than its interpretative
validity: how it behaves when used to map complex
and often ambiguous human expression.

More broadly, the study provides a benchmark for
targeted sentiment classification in OCR-degraded
historical Slovene, highlights the necessity of cross-
model comparison in DH settings, and offers an
empirically grounded assessment of both the relia-
bility and limitations of instruction-following LLMs
as analytical instruments in DH research.
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Abstract
We present the first neural systems for automatic metrical scansion of poetry in Galician, a Romance language close to
Portuguese and Spanish. The task is threefold: First, identifying metrical syllables based on lexical ones; both syllable
series may differ given metrical licenses modifying a line’s syllable structure to enable stress-related rhythms. Second,
identifying stress patterns, and third identifying the metrical syllable count, based on stressed positions. We manually
annotated a corpus of 4,287 examples, a first in Galician, and fine-tuned an 8B-parameter LLM specialized in Galician
and Portuguese, and two encoder–decoder models: ByT5, a token-free byte-to-byte model, and the multilingual mT5,
which includes Galician. We also tested our recent symbolic scansion system. Several fine-tuning setups reached
exact per-line accuracy above 90% on our test-set at all three scansion subtasks, using orthographic syllables with
explicit stress marks as input. Encoder–decoders performed better than the LLM. The token-free ByT5 was best,
particularly when adding the two surrounding lines to the input. The symbolic system (89.9% acc.) managed rare
metaplasms infrequent in training data better than the neural ones, and the approaches can be seen as complementary.

Keywords: automatic metrical scansion, Galician poetry, transformers and LLM

1. Introduction

The automatic metrical analysis of poetry, or scan-
sion, poses some challenges for NLP. The task
requires identifying patterns such as the alternation
between stressed and unstressed syllables. This is
not trivial, as syllable boundaries and stress place-
ment can be modified in poetry for rhythmic effects.
Scansion automation can assist the development
of large metrically annotated corpora, useful for
comparing versification traditions and to help un-
derstand the distribution of metrical patterns across
them. The value of such corpora was recently il-
lustrated in Nagy et al. (2025), who performed a
computational modeling of verse evolution in clas-
sical Latin, in the European Renaissance and in
19th-century Europe.

Both symbolic and neural approaches have been
used for automatic scansion. Recently, large lan-
guage models (LLMs) have started being used, par-
ticularly via fine-tuning and prompting proprietary
models accessed via cloud platforms (Valença and
Calegario, 2025; Kranti and Vajjala, 2025). Such
work showed the feasibility of the task for LLMs.
However, the reproducibility of cloud-based models
is limited. Their long-term availability is not guaran-
teed and API changes may impact results. Besides,
for large scale annotation, the cost may become
unaffordable. A problem of the most capable LLMs,
even those that can be deployed locally, is the com-
puting demands posed by their large size.

Taking such limitations into account, we com-
pare automatic scansion with models that can be
run with the limited resources commonly available
in Humanities teams: An 8B-parameter LLM (de-

coder), several smaller encoder–decoder models
(0.3M parameters), and a symbolic baseline.

Some of the earlier studies on scansion-model
training had access to generous preexisting training
corpora. Here we focus rather on the case where
no prior training data exists, and we need to create
a first neural system from scratch. We work with
Galician, a Romance language close to Portuguese
and Spanish, co-official in the Spanish region of
Galicia, and recognized in the European Charter
for Regional or Minority Languages (Council of Eu-
rope, 1992). In the last decade, NLP projects have
developed ample resources for Galician, covering
the basic NLP pipeline (e.g. Gamallo et al., 2018),
but also LLMs and specialized benchmarks to eval-
uate these (Gamallo et al., 2024; Rodríguez et al.,
2025b). However, most NLP resources focus on
contemporary Galician, whose orthography was
normalized in the late 20th century. In the context
of a Computational Literary Studies (CLS) project
studying modern Galician poetry diachronically, we
need to analyze 19th-century text, where ortho-
graphic practices vary given lack of a standard, de-
creasing the performance of available NLP models.
In this sense, together with the prior unavailability of
annotated data for scansion, the task corresponds
to a low-resource scenario.

The paper’s contributions are the following:

• First transformers-based systems for scan-
sion in Galician evaluated on unnormalized
19th-century data, publicly available under an
open license.1 As a baseline for evaluation

1See Appendix A for model URLs.
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we use our recent symbolic scansion system
(Ruiz Fabo et al., 2026).

• A manually annotated corpus for Galician scan-
sion (lexical and metrical syllables, metrical li-
censes, syllable count) with 4,287 examples.2

• A comparison between several transformers-
based models, encoder–decoder and decoder-
only, with each other and with the symbolic
baseline, pointing out the strengths of each.
This can be informative for research on devel-
oping a first neural scansion system in other
languages: Smaller encoder–decoder mod-
els, particularly the token-free ByT5, obtained
best results overall, and the symbolic system
outperformed neural ones with rare metrical
phenomena, harder to learn statistically.

Although very large decoders excel at challeng-
ing semantic tasks, scansion relies less on seman-
tic information, making comparisons with smaller
and alternative architectures particularly relevant.

The paper is structured as follows: Section 2 out-
lines the state of the art. Sections 3 and 4 define
the task and describe the corpora. The models de-
veloped are presented in Section 5, and the results
are discussed in Section 6; Section 7 concludes.

2. Related Work

Symbolic approaches, statistical ones based on
classical machine learning, and neural approaches
are all present in the state of the art.

Systems we consider symbolic may include, be-
sides rule-based methods, a statistical component
that is not driven by machine learning (e.g. to dis-
ambiguate among scansion alternatives). For Por-
tuguese, one of the traditions closest to Galician,
an early rule-based system was created by Araújo
and Mamede (2002), and Mittmann (2016) created
Aoidos, a rule-based system with a thorough set of
159 rules, which achieves 97.5 exact line accuracy
(higher with some test corpora), as tested on canon-
ical authors, mostly Brazilian from the 18th-19th cts.
In Spanish, Gervás (2000) created an early sym-
bolic system. Navarro-Colorado’s (2018) system
specializes on hendecasyllable verse, reaching
95% perfect stress-pattern match per line, as tested
on the ADSO 100 corpus, with 1,404 classical son-
nets. The system performs automatic syllabifica-
tion, using parts of speech (PoS) to determine
syllable tonicity; rules resolve metrical ambigui-
ties. De la Rosa et al.’s (2020) system (Rantan-
plan), also uses PoS, syllabification and metrical
disambiguation heuristics. It achieves 95% exact

2See project repository at https://github.com/
compellit/gama-trf

stress-pattern match per line in ADSO 100, reach-
ing, 65.02% on the more challenging Carvajal cor-
pus (Pérez Venegas, 2015), with mixed-meter po-
ems and a much larger metrical variety. LibEs-
cansión by Sanz-Lázaro (2024) uses PoS and syl-
labification based on a phonological transcription,
reaching 97.01% exact per-line stress match on
ADSO 100. A final symbolic tool for Spanish is
Jumper (Marco Remón and Gonzalo, 2021). It
identifies stress patterns without prior syllabifica-
tion. It reaches 95% perfect stress-match per line
on ADSO 100 and 82% on the harder, mixed-meter
Carvajal corpus. It is thus the best available Span-
ish mixed-meter scansion tool according to this
benchmark. Our symbolic baseline for Galician is
derived from this tool.

Symbolic systems have also been implemented
for languages further removed from our task: For
French, Delente and Renault (2015), and Boben-
hausen and Hammerich (2015) for German. Sev-
eral exist for English, to name just two, Prosodic
(Anttila and Heuser, 2016), a metrical phonol-
ogy parser (which also has some trainable com-
ponents), and ZeuScansion (Agirrezabal et al.,
2016b), based on Finite State Technology.

Statistical approaches, deploying classical ma-
chine learning (ML), were used by Estes and Hench
(2016), using Conditional Random Fields (CRF) for
Middle High German. Agirrezabal et al. (2016a) ex-
perimented with sequence labeling (CRF and Hid-
den Markov Models) and other classical ML models,
for English scansion. Statistical methods appear
as well in Plechac (2016), for Czech. Barbosa
and Barbosa (2025) developed statistical scansion
methods targeting Brazilian Northeastern phonol-
ogy, not addressed in earlier Portuguese systems.

Several neural systems have been developed.
Among those based on recurrent networks, Agir-
rezabal et al. (2017) and Agirrezabal (2017) used
bidirectional LSTM-CRF for Basque, English and
Spanish, in the latter case reaching 90.84% exact
per-line accuracy on ADSO 100. Haider (2021)
used a Bi-LSTM-CRF to predict syllable stress and
other prosodic features, with above 83.1% per-line
accuracy in English and 87.7% in German, using
ca. 3,500 annotated examples in each language
(Haider, 2023, 217). The same implementation was
applied to Czech by Klesnilová et al. (2024), training
with ca. 59,000 poems from the Corpus of Czech
Verse (CCV) (Plecháč and Kolár, 2015), which to-
tals ca. 2.3 million lines (ca. 66,500 poems). Sev-
eral configurations were tested, e.g. giving the en-
tire poem or single lines as the unit to tag. With the
best configuration, results were above 99% exact-
line accuracy, improving upon Plechac’s (2016) sta-
tistical model, which achieved 81.9% exact-line ac-
curacy. Koziev (2025) combined neural and other
paradigms for Russian scansion.
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Transformers have also been used. De la
Rosa et al. (2021) fine-tuned encoders for Spanish
scansion, with 8,748 examples. In the best setup
(RoBERTa large and 100 epochs), perfect stress
match per line was 93.43% on the ADSO 100 cor-
pus. Glaser (2025) trained BERT (encoder) and T5
(encoder–decoder) for the scansion of 18th-century
English iambic pentameter using >100K training
examples, achieving 96% per-line accuracy.

Still within transformers, LLMs were used by
Valença and Calegario (2025), who fine-tuned
GPT 3.5 for Portuguese scansion, obtaining 88.6%
per-line accuracy using 7,200 examples (87.19% if
using 3,520). Kranti and Vajjala (2025) performed
scansion via prompting, in Telugu. The results sug-
gest that, without fine-tuning, quality is low: 60%
accuracy for GPT-5 and 20% for Gemini-2.5-Pro
(syllable classification task, Table 2 in their work).

Discussing transformer models for poetry-related
tasks, Rosa et al. (2025) point out that, for tasks
where manipulating syllables is important, the mod-
els’ pre-trained tokenizers, which learn a subword
vocabulary efficient for modeling, rather than tar-
geting units like syllables, can underperform com-
pared to a syllable-based or character-based tok-
enization. This informed our choice of a token-free
option among our compared models (Section 5).

Some of the systems above showed remarkable
accuracy, above 95%. However, in some cases,
this involved massive training data (like the Czech
neural tagger), or was achieved for a specific period
or meter, like the T5 examples or the symbolic hen-
decasyllable taggers. Observing that extraordinary
accuracy was only possible under specific condi-
tions suggests that the task can have difficulties,
regardless of the technological paradigm chosen.

3. Task Definition

We defined scansion as articulated into three sub-
tasks, that are interrelated but can be evaluated
individually, described below.

3.1. Metrical syllabification
In the context of our fine-tuning experiments, we
defined metrical syllabification as obtaining metrical
syllables based on lexical ones. Lexical syllables
depend on general and language-specific phono-
logical constraints. In Romance metrics, metrical
syllables need not match lexical ones, which can
be merged or split to allow stressed syllables to fall
into specific positions, which helps create rhythmic
patterns. For Galician, the main metaplasms are
the following (see Table 2 for distribution):
• Synalepha: The final syllable of a word ending
in a vowel merges with the initial syllable of the fol-
lowing vowel-initial word, forming a single metrical

syllable across the word boundary. In Galician it
is very frequent and is the default realization for
vowel sequences across the word boundary. E.g.
a and o in Sin mi-rar, fi-xa_os o-llos.3
• Syneresis: Within a word, two vowels belonging
to separate syllables and not constituting a diph-
thong are merged into a single syllable. It is rel-
atively rare in Galician metrics. E.g. e and o in
Dé-ches-me fi-deos con gre-los.3
• Dialepha: Takes place when the last syllable
of a word and the first one of the following word
could be pronounced as a single syllable, but are
pronounced as separate ones. It can be seen as
an exceptional absence of synalepha: í and a in
a-quí a-que-las vei-gas.3
• Dieresis: Within a word, a diphthong is split into
two syllables, adding a metrical syllable. It is rare
in Galician, e.g. ia pronounced as two syllables in
do sil-ves-tre_ar-bo-re-do su-bi-an-do.3

3.2. Stress-pattern detection
Stress-pattern detection consists in identifying
which of the metrical syllables are stressed. The
output can be formalized in several ways, like a
syllable tonicity boolean vector, with as many di-
mensions as syllables in a line, or as a list with the
positions of the line’s stressed metrical syllables.

In current Galician (using the official ILG/RAG
norm), orthographic cues for syllable tonicity are
more ambiguous than in Spanish: Stressed inter-
rogative pronouns do not bear an accent mark and
are homographic with unstressed relative pronouns
and conjunctions. Word-final stressed syllables
containing a falling diphthong do not bear an ac-
cent. In our 19th-century corpus, the challenge
increases because there was no written norm, prac-
tices to represent stress vary, and an accent mark
can represent vowel aperture or stress.

3.3. Syllable count
Following Spanish-style counting practices, which
apply to Galician (cf. Carballo Calero, 1981; Fer,
1991), syllable count is affected by the position of
the last stressed metrical syllable in the line. If
stressed, one syllable is added to the count. If
the last metrical syllable in the line is the ante-
penultimate, a syllable is deducted. When the
line is divided into hemistichs, the same rules ap-
ply at the end of the first hemistich. For instance,
an alexandrine (14 metrical syllables) is divided
into hemistichs of 7 metrical syllables. These can

3English glosses: 1. Without looking, she fixes her
eyes (R. de Castro). 2. You gave me noodles with rapini
(J. M. Posada). 3. Here those plains (X. M. Cabada).
4. Whistling in the wild grove (F. Vaamonde).
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have only 6 lexical syllables, if their 6th syllable is
stressed.4

3.4. Challenges and applications
As a first challenge, lines can have metrical ambi-
guities. It may be possible to apply different sets of
metaplasms, which would result in different stress
patterns and syllable counts. For humans, lines
in the context, particularly metrically unambiguous
ones, can help decide how to scan a given line:
what syllable count to target, which metaplasms to
choose and for which syllables. This all poses chal-
lenges for an automatic scansion system, which
must resolve ambiguities identifying possible solu-
tions and excluding unlikely or impossible ones.

In some ambiguous cases, human experts ac-
cept more than one scansion, or even disagree
as to the correct one. This poses a challenge for
automatic evaluation of scansion, as several schol-
ars have commented (recently Cuéllar, 2025, p. 10,
Martin, 2025, p. 128). We discuss how this mani-
fested in our corpora in Section 4.

As regards the subtasks’ relative importance,
the correct detection of stress-patterns is arguably
more important than exact syllabification. It en-
codes metrical prosody more directly and, unlike
exact syllable match, it is largely unaffected by mis-
matches at the character level unrelated to prosody.
Besides, syllable count as defined can be derived
deterministically from the stress pattern.

In terms of downstream applications, syllable
count can provide a coarse overview of the form of
a large versified corpus. Stress patterns have richer
applications, and have been used to cluster corpora
across languages and traditions (Nagy et al., 2025),
or as a stylometric signal for authorship studies
(e.g. Plecháč, 2021; Cuéllar, 2025).

Concerning alternative task definitions, it would
be possible to define metrical syllabification as tak-
ing orthographic words as input instead of lexical
syllables, as in Valença and Calegario (2025). Sim-
ilarly to their experiment, GPT-4.1 fine-tuned on our
corpus succeeded, with ca. 75% accuracy. Still, a
smaller locally deployed decoder (Sec. 5) did not
manage the task so defined. We thus use lexical
syllables as input, as do most studies reviewed

4For the names of meters (in the sense of line
types based on their syllable count) we follow the Span-
ish/Italian convention (termed contagem grave ou espan-
hola in Chociay, 1974) rather than French convention
(contagem aguda ou francesa). The latter is currently
more common in Portuguese versification studies but
not in Galician based on our sources. Accordingly, in
our descriptions, a hendecasyllable is a line with the last
stress on the 10th metrical syllable, called decassílabo
in Portuguese convention. Likewise, an alexandrine has
14 metrical syllables in our descriptions rather than the
12 it has under French/Portuguese-style syllable counts.

(Sec. 2). It would also be possible to use phoneme-
based syllabification instead of orthography-based
(as Klesnilová et al., 2024; Sanz-Lázaro, 2024
among others), a future work possibility.

4. Corpora

We manually annotated a corpus of 19th-century
poetry in Galician, totalling 4,287 lines from 98 po-
ems by 29 authors. We used 3,487 lines for train-
ing (among which 697 lines for validation), and 800
lines as a held-out test-set. An example of the
corpus format is given in Table 1.

The corpus contains a variety of meters repre-
sentative of metrical poetry in modern Galician (see
Fig. 1). About 34% of lines belong to mixed-meter
poems, where scansion is harder because at least
two meters (in the sense of syllable counts) appear
(rarely more than three). The original orthogra-
phy was largely preserved, but we performed a
lightweight typographical and orthographic normal-
ization which did not alter any metrically relevant
features (see 5.1). The corpus covers authors from
the mid 19th century and the Galician Renaissance
(Rexurdimento) in the second half, when sustained
literary production in the language reemerged, after
centuries of decreased activity.

As a departure point for manual annotation, we
carried out an automatic pre-annotation of syllabi-
fication, stress and metaplasms, thanks to heuris-
tics that combine two sources: First, the output of
our recent symbolic scansion system, which identi-
fies stress patterns, syllable count and metaplasms
(see 5.1). Second, the output of an automatic lexi-
cal syllabification tool we developed.

All these automatic pre-annotations were cor-
rected manually, yielding a human-validated corpus
annotated with lexical and metrical syllabification,
stress patterns, metaplasms and metrical syllable
counts for each line. To promote data quality, some
error patterns that can be common in manual anno-
tation were identified algorithmically and corrected
manually: misalignments between lexical and metri-
cal syllables given differences at the segment-level
(rather than in stress), or impossible stress pat-
terns, where the series of stressed positions is not
compatible with the syllable count.

The entire corpus was annotated by the first au-
thor, and the test corpus was annotated manually
by two of the authors. We computed inter-annotator
agreement (IAA) between both for all subtasks de-
fined in Section 3. IAA was 97.63% for exact metri-
cal syllabification match, 98.63% for stress-pattern
match, and 99.63% for syllable counts. We con-
sider agreement substantial and in line with values
reported in the literature. Navarro-Colorado (2018)
report 96% IAA with three annotators in their 100-
sonnet test corpus (fixed meter).
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Line Text Lexical Syllables Metrical Syllables Stress
Pattern

Syllable
Count

co eco das harpas co / *e- / co / das / *har- / pas co / *e- / co / das / *har- / pas 2 5 6
renóvese a vida re- / *nó- / ve- / se / a / *vi- / da re- / *nó- / ve- / se a / *vi- / da 2 5 6
Hoxe o meu eido *Ho- / xe / o / *meu / *ei- / do *Ho- / xe o / *meu / *ei- / do 1 3 4 5
que onte blanqueaba que / *on- / te / blan- / que- / *a- / ba que *on- / te / blan- / que- *a- / ba 1 4 5

Table 1: Two groups of two manually annotated lines. A slash delimits syllables, stars indicate stress.
Metaplasms are bolded: Dialepha applies in first line and synalepha in the second.
Note: First group: Lines by F. M. de la Iglesia (1880). Gloss: with the echo of the harps / may life be renewed. Second
group: Lines by E. Martelo Paumán (1893). Gloss: today my field / which yesterday was whitening.

Metaplasm train test
N % N %

Synalepha 1661 47.63 397 49.62
Complex (>2 syllables) 50 1.43 12 0.75

Syneresis 121 3.47 36 4.50
Dialepha 107 3.07 32 4.00
Dieresis 25 0.72 6 0.75

Table 2: Number and percentage of lines with meta-
plasms in the corpus splits.

As said in 3.4, there can be difficulties in estab-
lishing the reference scansion for some lines. In
our test corpus, of the 11 lines where both anno-
tators’ stress patterns did not match, none of the
cases was due to conceptual disagreement. Two
cases would match if we consider alternative pat-
terns proposed by annotators, one case was due
to a missing criterion in the annotation guidelines,
and 8 cases were due to errors by one of the two
annotators (which were corrected after computing
agreement). Regarding alternative patterns, these
were provided for 18 lines in total, suggesting that
a clear solution existed for humans in most cases.

Concerning corpus metadata, poems’ titles, au-
thors, and year of publication were recorded.

5. Experiments

This section presents the fine-tuning experiments,
including data preprocessing workflow, baselines
and experimental conditions tested.

5.1. Preprocessing and Lexical
Syllabification

We use lexical syllabification with stress marks as
the input for fine-tuning (Table 1). Syllable segmen-
tation is largely deterministic in Galician, with some
exceptions like cases of full-vowel vs. glide variation
(Freixeiro Mato, 1998; Regueira Fernández, 2010),
that can be managed with lexical resources. Sylla-
ble tonicity detection, however, presents some chal-

lenges because there is ambiguity in orthographic
cues, more so in the unnormalized 19th-century
variants from our corpus (see 3.2).

To tackle the task, we created a rule-based syl-
labification tool. This also implements a lightweight
preprocessing, aimed at resolving syllable tonicity
ambiguity in Galician (historical) orthography, help-
ing detect stressed syllables by restoring stress
marks where they are absent in 19th-century text,
or otherwise assigning syllable stress to ambigu-
ous syllables based on parts-of-speech (PoS) and
context information. The workflow is fully described
in Ruiz Fabo et al. (2026). It relies on candi-
dates generated via regex and weighted edit dis-
tances, ranked in context with an n-gram language
model. The in-vocabulary (IV) lexicon is based on
resources from the LinguaKit and Apertium libraries
(Gamallo et al., 2018; Forcada et al., 2011) and
the 5-gram language model was trained on 126
million tokens in Galician from CorpusNÓS (De-
Dios-Flores et al., 2024), with KenLM (Heafield,
2011). Although the approach is based on clas-
sical techniques, it allowed good results without
the need to develop any training data and with few
computational resources.

Preprocessing errors in lexical stress detection
affected 24 of 800 lines in the test-set (3%). The
remaining 2 errors were irrelevant for metrics, not
affecting stress placement or syllable count.

The goal of the experiments was to assess the
models’ performance at learning metrical syllabifi-
cation based on lexical syllables, rather than evalu-
ating lexical syllabification based on orthographic
words. The latter was implemented as a prepro-
cessing step. To isolate lexical-to-metrical syllabi-
fication, we corrected preprocessing errors in the
training and test data prior to fine-tuning.

5.2. Baselines
The literature (Section 2) suggests that prompting
alone is not sufficient for scansion. To assess this
on our language and corpus, we used prompting
with GPT-5.2 and GPT-5 mini as a first baseline, in
zero-shot and few-shot modes (20 examples).
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The literature shows that symbolic systems can
achieve high scansion quality, in some cases
competitive with statistical and neural ones. As
a symbolic baseline, we use our recent system
(Ruiz Fabo et al., 2026), an adaptation to Galician of
Jumper (Marco Remón and Gonzalo, 2021), which
performs stress pattern detection without syllabi-
fication in Spanish poetry. We adapted its lexical
resources to work with Galician. It generates scan-
sion candidates (syllable tonicity vectors) based on
vowel sequences that could be merged or split. The
candidates are ranked based on their similarity to
well-attested patterns in a stress pattern inventory,
also taking into account the candidates selected for
lines in a context window. The algorithm requires
orthographic input with unambiguous tonicity, for
which we used the preprocessing in 5.1. We cor-
rected preprocessing errors before evaluation to
assess scansion independently of preprocessing
accuracy. Sec. 6 reports results before and af-
ter corrections. The symbolic system does not
perform exactly the same task as the fine-tuned
systems: it operates on orthographic words to infer
stress patterns and syllable count directly, without
syllabified input. Nevertheless, it provides a useful
baseline, allowing us to gauge to what extent neural
models implicitly acquire representations relevant
to solve a task that the symbolic system encodes
through explicit expert knowledge.

5.3. Conditions: Varying Input Context
We structured data for fine-tuning according to two
different conditions. In single-line, the model input
and output consist in lexical and metrical syllables
for a single verse-line respectively. In context-
lines, the input contains lexical syllables for the pre-
vious, current, and following lines (within the same
poem), with delimiters to mark structure clearly.
The output contains the metrical syllables for the
current line only.

The two conditions test the influence of added
context in fine-tuning. Humans use context lines to
decide on the parse for a metrically ambiguous line;
we thus tested whether context was also beneficial
for the models.

5.4. Neural Model Fine-Tuning
Fine-tuned LLMs (decoder only) can succeed at
scansion, as shown by Valença and Calegario
(2025) with Portuguese and GPT-3.5. We wanted
an LLM that can be deployed locally with limited
resources (e.g. a Colab session, a usual tool in
humanities teams in our experience). We chose 8B-
parameter Nos-PT/Llama-Carvalho-PT-GL, spe-
cialized in Galician and Portuguese, created via
continual pretraining of Llama-3.1-8B with 232M
Galician and 250M Portuguese tokens, along the

lines of methods in Rodríguez et al. (2025a), also
using English and Spanish text to prevent catas-
trophic forgetting.

Scansion can be seen as transforming the input
sequence (lexical syllables in our case) into an out-
put one (metrical syllables). The task can involve
removing or adding tokens, to apply metaplasms
which erase or insert syllable boundaries. This is
a natural fit for an encoder–decoder architecture,
fine-tuned for sequence-to-sequence generation.
Glaser (2025) recently fine-tuned T5 for scansion
with success, so we chose T5-variants for our ex-
periments.

Our first encoder–decoder base model was mT5-
small (Xue et al., 2021). This is a multilingual
T5 variant which includes Galician among its pre-
training languages. Our training data is about 4,000
examples, the small version is appropriate for such
data volume.

Our second encoder decoder model was ByT5-
small (Xue et al., 2022), a token-free T5 variant.
This model does not rely on a sub-word tokenizer,
learning to perform byte-to-byte generation. The
literature has shown that pre-trained tokenizers can
perform worse than syllable- or character-based to-
kenization at manipulating poetic form (Rosa et al.,
2025). By testing a token-free model we wanted to
see if our setup also shows benefits from character-
to-character learning.

We applied supervised fine-tuning, 5 runs per
model with the same set of seeds. T5 variants were
trained for 30 epochs, selecting the best checkpoint
based on exact metrical syllabification match per-
line, which is the most demanding one of our eval-
uation subtasks and also improves results at the
others. Effective batch-size was 16 and learning
rate 5 × 10−5. The decoder was fine-tuned with
LoRA (Hu et al., 2022) loaded in 4-bit precision, for
3 epochs, with an effective batch size of 8 and a
learning rate 10−5. Other hyperparameters are in
the project repository.5 We used transformers
(Wolf et al., 2020) and, for the decoder, Unsloth
(Han-Chen et al., 2025).

6. Results and Discussion

We evaluated all subtasks defined in Section 3. For
each, our metrics are based on exact match per-
line. We use the following abbreviations to discuss
results: sym, spm and scm refer to exact-match per
line in metrical syllabification, stress patterns and
syllable counts respectively. We report results for
the baselines and neural models. For the latter, we
performed inference using greedy decoding and
we report results averaged over 5 seeds.

The prompting baselines do not show exploitable
results, as Valença and Calegario (2025) reported.

5https://github.com/compellit/gama-trf
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cd sym spm scm

Baselines

gpt5m-zs sg 47.5 52.38 58.13
gpt52-fs cx 61.2 68.12 82.5

symbolic dna 89.88 97.38

Fine-tuning

carvalho sg 86.43 (.41) 87.05 (.53) 87.46 (.37)
cx 87.75 (.78) 88.60 (.77) 88.80 (.87)

mt5-sm sg 89.48 (.14) 90.46 (.14) 90.38 (.13)
cx 90.37 (.51) 91.12 (.46) 91.02 (.53)

byt5-sm sg 92.02 (.44) 92.42 (.53) 92.42 (.53)
cx 92.95 (.19) 93.50 (.20) 93.48 (.18)

Table 3: Exact-match per-line accuracy (%) and its
std (5 runs) in metrical syllabification (sym), stress
patterns (spm) and syllable counts (scm), in single-
line (sg) and context (cx) conditions (cd).

Table 3 shows the worst (GPT-5 mini, zero shot
single-line) and best results (GPT-5.2, few shot
context-lines), which only reached 61.2 sym.

The symbolic baseline was very strong. In spm,
both encoder–decoder models improved upon the
symbolic baseline, with ByT5 in the context-lines
condition achieving the largest margin (3.6 percent-
age points). The symbolic system, however, scored
0.72 points higher than the best decoder in spm.
In scm, the symbolic system achieved the highest
score, 3.9 points above the best fine-tuned model.
When evaluating the symbolic system without prior
correction of preprocessing errors, spm decreased
to 88.12%, and scm remained unaffected.

Regarding results per neural architecture,
encoder–decoders were better than the decoder.
ByT5 was best, agreeing with earlier literature on
improved performance of token-free models at for-
mal poetry-related tasks. Accuracy differences per
model within the same experimental conditions
were significant, based on (i) a non-parametric boot-
strap test per-item and (ii) a sign-flip permutation
test treating poems as the unit of analysis. Statis-
tical significance was assessed at α = 0.05. We
controlled the false discovery rate using the Ben-
jamini–Hochberg step-up procedure; adjustments
were applied over the full set of pairwise model and
condition comparisons within each metric.

In terms of experimental conditions, for all mod-
els, context outperformed single, suggesting that
the previous and following lines are helpful for learn-
ing and inference. However, evaluating the differ-
ences between conditions with the statistical tests
above showed a significant difference only for ByT5.
Note that we had tested other ways of adding con-

text, like grouping 2 or 4 lines as input-output pairs,
but they did not consistently improve performance
across models and could degrade results, likely
due to the increased output complexity. Adding
context lines to the input while predicting a single-
line output proved more effective.

Results in lines with specific metrical difficulties
(Table 4) show a contrast between the symbolic
and neural paradigm. As the distributions in Table 2
showed, the test corpus contains almost 50% of
lines with the frequent synalepha license (slp in Ta-
ble 4), and 74 lines with less frequent metaplasms:
syneresis (srs), dialepha (dlp), dieresis (die). The
best fine-tuned model outperforms the symbolic
system by 3.6 points in stress-pattern match, but
examining results for lines containing specific meta-
plasm types shows that improvement takes place
mainly in lines with synalepha, whether it involves
2 syllables (slp) or more (slpc). For the infrequent
metaplasms, the symbolic model outperforms the
neural ones, more clearly with dialepha and diere-
sis, likely because they are the least represented
in training data (Table 2), posing challenges for
statistical learning. Results for syneresis (erasing
a word-internal syllable boundary between vow-
els) were similar in the symbolic and the encoder–
decoder, suggesting the latter’s capacity to model
task-specific transformations, or perhaps reflecting
that erasing the boundary is easier with byte-to-byte
learning than with subword tokens.

Per-meter results (Figure 1) show that the aver-
age per-line accuracy decreases as syllable count
increases, likely due to the higher complexity of
predicting an exact per-line pattern when the num-
ber of positions to consider grows. Results for the
symbolic system also illustrate the tension between
symbolic modeling and data-driven learning: The
symbolic system outperformed neural models with
alexandrines (14 syllables, 2 hemistichs) by 2 lines.
Error analysis shows that the symbolic system cor-
rectly updated syllable counts if the first hemistich’s
last stressed position required it (see 3.3) also
avoiding synalepha across the hemistich bound-
ary. The rarity of these configurations makes them
harder for learning-based systems to capture.

In summary, the fine-tuned systems, particularly
ByT5, managed frequent metrical licenses robustly.
Rare ones (particularly dieresis) were managed
more adeptly by the symbolic model. Both ap-
proaches have practical value to assist in large-
scale metrical annotation, followed by human vali-
dation. It would be possible to devise heuristics to
select cases likely to require revision. The symbolic
system marks metaplasms in its output; this signal
could be used to flag lines that potentially have
rare metaplasms for human verification. Although
LLMs have become dominant for challenging tasks,
from our results it is unclear if they are the most
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Model cd slp · n=397 slpc · n=12 srs · n=36 dlp · n=32 die · n=6

spm N spm N spm N spm N spm N

symbolic 86.9 345 83.3 10 75 27 78.1 25 50 3

byt5 sg 92.1 365.8 100 12 67.8 24.4 28.1 9 0 0cx 93.1 369.6 61.7 22.2 36.2 11.6

mt5 sg 88.8 352.6 100 12 60 21.6 35 11.2 0 0cx 90.5 359.2 49.4 17.8 34.4 11

carvalho sg 80.7 320.2 71.7 8.6 38.3 13.8 58.8 18.8 0 0cx 85 337.4 100 12 40.6 14.6 42.5 13.6

Table 4: Exact-match per-line accuracy in stress-patterns (spm) in lines with metaplasms: Synalepha (slp;
slpc if > 2 syllables), syneresis (srs), dialepha (dlp), dieresis (die) per model, in context (cx) or single (sg)
conditions. The total number of metaplasms of each type follows n= in the header. For fine-tuned models,
results are averaged over 5 runs, N is the average of correct lines.
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Figure 1: Stress pattern match per-meter (i.e. according to line syllable counts), using Spanish-style
conventions (e.g. hendecasyllables are considered to have 11 metrical syllables and alexandrines 14).

efficient neural architecture for scansion, as pre-
trained encoder–decoder models were consistently
more successful at a fraction of the parameter size.

7. Conclusion and Outlook

We presented experiments on fine-tuning encoder–
decoder models (ByT5, mT5) and an LLM (8B-
parameter decoder-only Llama-Carvalho-PT-GL)
for metrical scansion of poetry in Galician, includ-
ing three subtasks: metrical syllabification, stress
pattern detection and syllable count, evaluated with
exact per-line accuracy. We also tested the influ-

ence of additional input context vs. single-line input.
We created the first manually annotated training
corpus for scansion in Galician for public release
under an open license, including metaplasms or
metrical license annotations. Using 3,487 exam-
ples for training and the remaining 800 for testing,
several systems attained >90% on all three sub-
tasks. The best model was the token-free ByT5,
suggesting the usefulness of byte-to-byte learning
for tasks involving units like syllables, which need
not correspond to pre-trained tokenizers’ subword
tokens. Encoder–decoder models were better than
the decoder-only. This has practical implications,
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since the former are smaller and proved faster in in-
ference, for which they also demanded less VRAM
than the decoder. The influence of additional input
context was positive, but only when asking to pre-
dict metrical syllables for a single line given its two
surrounding lines of lexical syllables in the input.
Asking to predict multiple lines at a time underper-
formed compared to single-line prediction with our
data; this behaviour may differ with a larger training
set. There was a contrast between the symbolic
and the fine-tuned systems. The latter obtained
better results overall. However, on lines that have
rare metaplasms (particularly dialepha and diere-
sis), most infrequent in training data, the symbolic
system did better. Both approaches can thus be
seen as complementary. In a scansion workflow,
the robust analysis of more general patterns by the
fine-tuned models could be combined with symbolic
input to identify lines likely to involve exceptional
cases and require human inspection.

Future work may explore several directions. Re-
garding the results with rare metaplasms, oversam-
pling or other data augmentation methods may
be attempted. In this work we operated on ortho-
graphic input. It would be possible to compare this
with phonetic-transcription-based training, as was
done in some related works, and might contribute to
generalization as it would neutralize orthographic
differences. Another future topic might be assess-
ing cross-language transfer in closely related tradi-
tions, such as Galician, Portuguese and Spanish.
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A. Fine-tuned Model URLs

Model IDs and URLs are provided in Table 5 below.
Accuracy (Acc) may differ slightly from results re-
ported in Table 3 for the same base-model and fine-
tuning condition, because the earlier table reports
averages across 5 seeds, and the table below re-
ports accuracy for the specific checkpoint uploaded
to Hugging Face.

Cd ID Acc
sg compellit/llama-carvalho-scansion-gl-sg 86.75
cx compellit/llama-carvalho-scansion-gl-cx 88.75
sg compellit/mt5-scansion-gl-sg 89.5
cx compellit/mt5-scansion-gl-cx 91
sg compellit/byt5-scansion-gl-sg 92.5
cx compellit/byt5-scansion-gl-cx 93.25

Table 5: Model IDs on Hugging Face. Input-type
refers to the (sg) and context (cx) conditions (Cd)
from Section 5.3). Acc refers to exact match per-
line in metrical syllabification.
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Abstract
In religion and theology studies, spirituality has garnered significant research attention for the reason that it not only
transcends culture but offers unique experience to each individual. However, social scientists often rely on limited
datasets, which are basically unavailable online. In this study, we collaborated with social scientists to develop a
high-quality multimedia multi-modal datasets, SACRED, in which the faithfulness of classification is guaranteed.
Using SACRED, we evaluated the performance of 13 popular LLMs as well as traditional rule-based and fine-tuned
approaches. The result suggests DeepSeek-V3 model performs well in classifying such abstract concepts (i.e.,
79.19% accuracy in the Quora test set), and the GPT-4o-mini model surpassed the other models in the vision tasks
(63.99% F1 score). Purportedly, this is the first annotated multi-modal dataset from online spirituality communication.
Our study also found a new type of connectedness which is valuable for communication science studies.

Keywords: LLMs, Connectedness, Spirituality, Dataset, Health communication

1. Introduction

From the primal reverence of natural forces and
totems in ancient times to the complex theologi-
cal systems today, spirituality has been an inex-
tricable part of human society. The concept of
totems, for instance, exemplifies the enduring spiri-
tuality pursuit throughout history. Rooted in the ear-
liest human societies, totemism reflects a profound
connection between people and the natural world,
symbolizing a relationship that is both sacred and
essential for the cultural identity of indigenous com-
munities. These totems, be they animals, plants,
or celestial bodies (Bolatova et al., 2019) were not
mere symbols but represented a deep, spiritual kin-
ship and understanding of the interconnectedness
of all life. Therefore, human spirituality or religion
are considered indispensable to human functioning
and survival (Lee and Kanazawa, 2015).

Spirituality holds that all life is interconnected
(Spaniol, 2002). At its core, relationality constitutes
the essence of spiritual belief (de Souza, 2003;
de Souza et al., 2004; de Souza, 2012). It can
be argued that the impulse to connect represents
one of humanity’s most fundamental and inherent
desires. The ability to forge spiritual connections –
whether with the divine, within oneself, with others,
or with the natural world – plays a crucial role in
shaping individual identities and in defining our
roles within the world.

Although very popular with audiences (Rama-
subramanian, 2014, p.47), spirituality in the con-
text of social media is still considered to be an
understudied area of research (Janicke and Raney,

Figure 1: Workflow Diagram of SACRED Dataset
Annotation and LLMs Evaluation

2016). Our paper makes the following contribu-
tions:

• This paper introduces SACRED, the first multi-
modal annotated dataset specifically designed
for online spirituality research.

• The paper evaluates the visual and textual clas-
sification ability of 11 popular LLMs, including
LLaMA3.1, Qwen2.5-VL, GPT-4o-mini, GPT-4o,
DeepSeek-V3, GPT-4.1-mini, Claude Sonnet-4.5,
Gemini-2.5-Flash, Reka, Gemma3, and LLaVA-
1.5.

• This study, with the assistance of LLMs, uncovers
a new type of connectedness within online spir-
ituality and LLMs’ understanding of spirituality.
Our codes are available on GitHub1.

1https://github.com/Qinghao-Guan/
Spirituality_LLMs4SSH-2026
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Table 1: Concepts of Connectedness and Examples
Concept Description Example

Connectedness to
Self

authenticity, inner harmony and
inner peace, consciousness,

self-knowledge, and
experiencing and searching for

meaning in life

Just spent the morning in deep meditation
and self-reflection. Amazing how

connecting with my inner self brings clarity
and peace to my spirit. #InnerPeace

#SelfAwareness

Connectedness to
Others

compassion, caring, gratitude,
and wonder

Just returned from volunteering at the
local shelter, and my spirit feels so

enriched! Connecting with others through
acts of kindness truly uplifts the soul.
#CommunityLove #MentalWellbeing

Connectedness to
Nature

the deep sense of relationship
that individuals feel with the

natural world and understanding
of humanity’s place within the

broader ecological system

Hiking through the forest today, I felt an
incredible connection to the earth. The
serenity of nature rejuvenates my spirit
and calms my mind. #NatureHealing

#SoulConnection #EarthSpirit

Connectedness to
Transcendence

something or someone beyond
the human level, such as the

universe, transcendent reality, a
higher power, or God

Attended a beautiful church service this
morning. As we sang together and lifted
our voices in prayer, I felt an incredible

connection to God that filled my spirit with
joy and hope. Truly a transcendent

experience. #Faith #DivineConnection
#SpiritualUpliftment

2. Theoretical Background

2.1. Online Spirituality

Since the 1980s, the practice of religion in online
settings have consistently grown. Initially marked
by the creation of religious sub-groups on platforms
like Usenet and through email, a variety of religious
activities started to surface, drawing attention from
both the media and academic circles (Campbell,
2011). Examples of this include the establishment
of virtual places of worship and online sites for
spiritual pilgrimages (Campbell, 2006). By the
mid-1990s, academics began to seriously study
these distinctive online socio-spiritual practices
and contemplate the implications of transferring
traditional religious beliefs and rituals to the digital
realm. Over the last decade, even more creative
and unique forms of online religious expression
have emerged, ranging from religious "podcasting"
(Campbell and Teusner, 2015) to religion-online
(Cheong et al., 2009) where served doctrinal inter-
pretative and communal integrative functions are
accomplished (Helland, 2002), and virtual worship
spaces in Second Life for religious groups including
Christians, Muslims, and Jews.

2.2. Dimensions of Connectedness

Motivated by conceptual considerations (Hill et al.,
2000) and assessments of the significance of
spirituality in the general population (Skrzypińska,
2014), much research focused on the multidimen-
sional concepts of spirituality (Demmrich and Hu-
ber, 2019).

This research adopts the conceptualization of
spirituality proposed by de Jager Meezenbroek et
al. (2012), who defined it as "one’s striving for
and experience of connection with oneself, oth-
ers, nature and the transcendent". Their definition
considered the spirituality as a universal human
experience and emphasized the multidimensional
nature of spirituality. Most of the current research,
thus, is grounded in this comprehensive conceptu-
alization.

Four dimensions of connectedness (Ellison,
1983; Emmons, 2006) are often defined as fol-
lows: connectedness to self (involving authenticity,
inner harmony/inner peace, consciousness, self-
knowledge and experiencing and searching for
meaning in life), connectedness to others (involving
"compassion, caring, gratitude and wonder"), con-
nectedness to Transcendence (referring to "some-
thing or someone beyond the human level"), and
connectedness to nature (referring to the deep
sense of relationship that individuals feel with the
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natural world and understanding of humanity’s
place within the broader ecological system). Ex-
amples are shown in Table 1.

2.3. Definition of Spirituality

A major challenge in researching internet-based
religion is staying up-to-date with its swift evolution
and transformations. This has posed a consid-
erable problem in establishing theoretical models
to study religious involvement on the World Wide
Web (Helland, 2005). The accompanying issue is
the definition of spirituality, which has been con-
stantly changing from the early 20th century to
the present (Peng-Keller, 2019). Initially, spiritu-
ality was viewed primarily in terms of the sacred
(Otto, 1926; Eliade, 1959). By 2014, the definition
of spirituality had evolved to include both theistic
and non-theistic dimensions (Ramasubramanian,
2014). This study considers both the theistic and
non-theistic dimensions and use a strict definition
of spirituality:

Spirituality is the pursuit and practice of
experiences and beliefs that influence
and nurture the spirit, fostering personal
growth, meaning, and a sense of connec-
tion to something greater than oneself.

3. Related Work

3.1. Textual Analysis of Online
Spirituality

Traditionally, textual data is analyzed by human
coders who discern various characteristics and el-
ements inherent in the text (i.g., content analysis in
social science methodology). Manual annotation
undoubtedly yields high-quality results. However,
online platforms generate vast amounts of textual
data on spirituality. Manually analyzing this data
is impractical due to the overwhelming volume of
data (Hilbert et al., 2019), thus NLP techniques
are essential tools for efficient analysis (cf. Guan,
2025 and Guan and Lawi, 2024). The prevalent
techniques employed in analyzing posts related to
spirituality are mainly term analysis, classification
and topic modeling. Demmrich and Huber (2019)
test six dimensions of Huber’s model (Huber, 2013)
via frequency analysis and found that the "public
practices" aspect, accounting for 11.69% of the
total coding, includes rites of passage, religious
service, holiday celebrations, and public medita-
tion. Additionally, machine learning models were
used in this research field. Holmberg et al. (2016),
for instance, classified the tweets into 8 categories
and concluded that these posts contain prayers
that express praise, thanksgiving, devotion, care
for other people, concern for one’s own life and

actions, questioning, despair, and even anger to-
wards God. Sánchez-Garcés et al. (2021) em-
ployed a two-phase methodology (coding and sen-
timent analysis) to summarize key factors of patient
interviews on their experiences during the disease.
Their research revealed that patients often adopted
a positive attitude (spiritual resilience) towards the
symptoms and complications, significantly influ-
enced by their religious faith. Kim et al. (2020)
utilized structural topic modeling (STM) to identify
the latent dimensions of Religiosity/Spirituality, and
they extracted three distinct topics, namely Experi-
ence of, Engagement in, and Essence of Transcen-
dence. Similarly, Winiger et al. (2025) presented a
bottom-up approach to exploring the definitions of
"religion" and "spirituality" by combining qualitative
analysis with methods of distributional semantics.
Their study demonstrates the potential of compu-
tational textual analysis for advancing research in
religious studies. In the current LLM era, compu-
tational linguists (e.g., Gao et al., 2025), from an
engineering perspective, developed a chat-based
web interface called SpiritRAG, which is built on
retrieval-augmented generation techniques. This
tool, based on a database of 7,500 United Na-
tions resolution documents addressing Religios-
ity/Spirituality issues, enables researchers and pol-
icymakers to efficiently search for information re-
lated to Religiosity/Spirituality.

3.2. Visual Analysis of Online Spirituality

The visual culture prevalent on the web naturally
connects with holistic spirituality, which empha-
sizes intuitive understanding and spiritual expe-
rience (Noomen et al., 2011). Therefore, images
posted online serve as reflective mediums, offering
insights into the mental health of individuals. They
not only depict visual narratives but also convey un-
derlying psychological states and circumstances,
making them valuable for understanding and as-
sessing mental well-being. Tanhan and Strack
(2020) studied the biopsychosocial spirituality of
Muslims using an online photovoice methodology.
They advocated for the shaping of public and men-
tal health professional training, especially address-
ing issues related to the public and mental health
services for Muslim communities. Xue et al. (2024)
investigated the therapeutic potential of religion-
related films by analyzing their distinctive emotional
trajectories, through facial recognition techniques
with YOLOv5, observing that the subtler emotional
arcs foster introspection and personal growth. Also,
images can be a tool serving as a sense of per-
sonal connection. Psychic practitioners draw on
visual representations to convey their belonging to
an exclusive cultural group using symbolic imagery
to communicate shared knowledge and enhance
their credibility within the psychic-spiritual commu-
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Figure 2: Instagram Image Example: The Left One Only Contains Visuality and The Right One Only
Contains Textual Information

nity (Ryan, 2012). Sebek (2019) studied the story-
telling on Instagram and analyzed the transforma-
tive effects of spirituality when people share visual
posts, such as selfies. Trillò et al. (2021) also
explored the visual contents on Instagram. They
used a bottom-up taxonomy to classify images into
categories and explored which visual repertoires
are associated with users’ value.

Generally, few studies integrate visual analysis
techniques within the field of spirituality research
(Goldenfein, 2019). This is due to two main chal-
lenges: firstly, automatic computer vision analysis
techniques lack complete accuracy; secondly, hir-
ing annotators is costly (cf. Gilardi et al., 2023), and
annotating large datasets is both time-consuming
and expensive. Our study intends to alleviate this.

4. Data Creation

4.1. Dataset Sampling

To collect data for this study, we developed a
Python script utilizing the PRAW library to ex-
tract a substantial volume of posts from Reddit.
The script adhered to Reddit’s API usage guide-
lines, ensuring ethical and efficient data acquisi-
tion. We conducted a thorough examination of
spirituality-related subreddits and selected ten for
analysis: "Buddhism", "Christianity", "Enlighten-
ment", "Meditation", "Mindfulness", "OpenChris-
tian", "Soulnexus", "TrueChristian", "Spirituality",
and "Taoism". The data was acquired on Septem-
ber 1st, 2024.

As to Instagram, people would like to share
pictures and videos. Thus, inspired by the ex-
isting Python script, instagram-scraper2, we ex-

2https://github.com/meetmangukiya/instagram-

tracted both images and their associated textual
data including captions, hashtags, and mentions.
In total, we collected data from 17 tags, includ-
ing #Buddhism, #audiomeditation, #awakening,
#christian, #christainity, #enlightenment, #medi-
tation, #mindfulness, #openchristian, #soulnexus,
#spiritualawakening, #spirituality, #taoism, #hindu,
#confucianism, #islam, and #truechristian. Consid-
ering the data analysis capability, we only collected
500 pictures for each tag. Due to limited data,
some tags only contain less than 500 pictures,
such as only 69 images with the tag #soulnexus.
Comparatively, the token numbers of the Instagram
caption are much more than the subreddit posts.

For Quora data scraping, we drew inspiration
from the existing Python script quora-plus-bypass3.
We got access to the Quora URLs specified in
a text file, extracting both the accepted and sug-
gested answers. There were 12 topics (Spiritu-
ality, Meditation, Enlightenment (spiritual), Bud-
dhism, Christians, Taoism, Tao (Chinese philos-
ophy), Yoga, Beliefs, Philosophy of Religion, The-
ology, and Atheism) in total involving four specific
cultures: Christianity, Taoism, Buddhism, Atheism.

Eventually, we collected 6769 Instagram images
as well as their captions, 3819 answers from Quora
platform, and 4922 subreddit posts.

4.2. Data Annotation

Annotation Guidelines
We invited five annotators 4 whose major or mi-

nor is Computational Linguistics. Each annotator

scraper
3https://github.com/NitinN77/quora-plus-bypass
4the fifth one is an external annotator for evaluation
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possesses a rich interdisciplinary background, hav-
ing taken courses in social sciences and human-
ities in previous semesters. All annotators were
trained to familiarize themselves with the annota-
tion requirements and challenges of the dataset.
We provided them with a detailed codebook (See
Appendix 1. Annotation codebook), which included
key term definitions and procedures, as well as
illustrative examples. The annotation was con-
ducted over one month on a part-time basis. This
allowed annotators to thoroughly engage with the
dataset, thereby enhancing the reliability of the
annotations. All personal information has been
deleted.

Annotating Textual Data
For the present research, we use three distinct

textual datasets: subreddit posts, Quora answers,
and Instagram captions. Our annotators were
tasked with a two-step annotation process. Ini-
tially, they determined whether a text was related
to spirituality. If a text was spirituality-related, the
next step involved classifying it into one of four
types of connectedness. For Instagram captions,
the annotators were also required to identify and
record the language of the caption, which is useful
for multilingual research of spirituality.

Annotating Images
As part of our multimodal dataset, the annota-

tion process extended beyond textual data to in-
clude images on Instagram. Annotators first judged
whether an image could be classified as spiritual.
For those images identified as conveying spiritual
content, annotators were asked to determine the
specific type of connectedness it represented. This
classification drew upon the same categories used
for textual data, as detailed in our codebook, en-
suring a consistent approach across modalities. In
addition to identifying spiritual content and its type,
annotators were also instructed to note the lan-
guage used in the images (e.g., memes or screen-
shots). Not all spiritual imagery includes textual
language (see the left example in Figure 2) and
some images only contain textual information (see
the right example in Figure 2).

5. Overview of the SACRED Dataset

5.1. Data Exploratory Statistics

Among these, Quora exhibits the highest propor-
tion of spirituality-related content at 53.94%, sig-
nificantly surpassing the other platforms. Insta-
gram images show a relatively low engagement
with spirituality-related content at 28.87%, followed
by Instagram captions at 21.27%. Reddit features
the lowest percentage of such content, standing at
17.76%.

Given that our dataset is multi-lingual, we ex-

Table 2: Percentage of Spirituality-related Content
by Platform

Source Spirituality-related (%)

subreddit 17.76%
Instagram captions 21.27%
Instagram images 28.87%
Quora topics 53.94%

plored the language distribution of spiritual posts
on Instagram, focusing specifically on posts ex-
cluding English. This sub-section provides a com-
prehensive overview of the linguistic diversity in
spiritual communications on this platform. The
language distribution of Instagram captions, rep-
resented by green bars in Figure 3, indicates a
significant prevalence of German, Spanish, and
Chinese.

Figure 3: Language Distribution of Instagram Cap-
tion Excluding English

Conversely, the language distribution for text
within Instagram images, shown by purple bars
in Figure 4, presents a different pattern. German
remains dominant, followed by Chinese and Ara-
bic.

5.2. A New Type of Connectedness

A notable finding of data analysis is that 12 posts
were identified as relevant to spirituality but did
not align with any of the four predefined types of
connectedness. We employed ChatGPT-o3 to ana-
lyze the content of these unclassifiable posts (the
prompt is given in Appendix 6). This analysis led to
the identification of a new type of connectedness.

Connectedness to Art There are some posts
about creating or engaging with art that reflects
spiritual themes, such as character drawings with
spiritual significance or abstract art that evokes
spiritual contemplation. They highlight a connec-
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Figure 4: Language Distribution of Instagram Im-
ages Excluding English

tion to spirituality through creativity and artistic ex-
pression. Also, some posts described authors’ life
changes by reading spiritual books like "The Un-
tethered Soul" or "The Bible Tells Me So", which
shows a connection to spirituality through the lens
of literary influence and personal interpretation. In
discussions with several experts in spirituality stud-
ies, one scholar suggested that connectedness to
art could be understood as either connectedness to
the self or to transcendence. Works of art, such as
paintings or classical music, are created by artists
(e.g., Vincent van Gogh) and resonates deeply with
the audiences. Philosophically, this form of con-
nection can be interpreted as an engagement with
the artist’s spirit or creative essence, which differs
fundamentally from the inner spiritual purification
typically achieved through meditation.

6. Evaluation

6.1. Tasks

To rigorously assess the efficacy of different com-
putational approaches in classifying spirituality as
well as connectedness types within our annotated
datasets, we implemented a comparative evalua-
tion framework. This framework included a variety
of methods: a lexicon-based rule method, a fine-
tuned BERT model, and LLMs for classifying the
connectedness types of 193 images and 447 posts
5. The selection of these images and posts was

5We limited our evaluation to a smaller dataset be-
cause the small LLMs were tested locally on Ollama,
and processing the entire dataset would have required
several months of computation time. In addition, the
outputs of small LLMs often failed to follow the given
instructions, requiring extensive human post-processing

proportionally sampled according to the distribution
of each hashtag to ensure representative coverage
of different thematic categories.

6.2. Experimental Setting

We tested the performance of 13 types of models
(11 LLMs and 2 traditional models). LLM prompts
were attached in Appendix (see Appendix 7), and
an introduction to each model is shown below.

Rule-based method We employed rule-based
methods to develop four dictionaries, each compris-
ing keywords representative of a specific connect-
edness type, and subsequently performed classifi-
cation based on these dictionaries.

Fine-Tuning BERT We utilized the uncased ver-
sion of the BERT model (Devlin et al., 2019) and
fine-tuned it on a selection (20%: 875 rows in total,
proportionally sampled from each platform) of the
whole dataset.

LLaMA3.1-8B We incorporated the LLaMA3.1
model with 8B parameters (text-only), which is a
small, open-source, but prominent model of the
LLaMA series (Touvron et al., 2023).

Reka Flash-21B It is a powerful 21B-parameter
language models trained on 5T text tokens (Reka
Team, 2024). We selected this model because
15% of the pretraining data of Reka is multilingual
involving 32 diverse languages.

GPT We integrated three close-source GPT mod-
els (OpenAI, 2023), including GPT-4o, GPT-4o-
mini, and GPT-4.1-mini. The comparison is able to
reveal the performance difference between smaller,
distilled version and full-featured version.

Qwen2.5VL-7B To test the visual classification
ability, we utilized Qwen2.5VL model, which is a
multimodal model with 7B parameters by Alibaba
Group (Qwen Team, 2025).

DeepSeek-V3-671B DeepSeek-chat is built on
Multi-Head Attention (MHA) block of a transformer
and Mixture-of-Experts architecture (DeepSeek-AI,
2024). The MHA accelerate inference requiring
far less KV cache. Also, Deepseek proposed fine-
grained expert segmentation and shared expert
isolation.

of the annotation results.
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LLaVA-v1.6-13B LLavA is "a multimodal model
that combines a vision encoder and Vicuna for
general-purpose visual and language understand-
ing" (Liu et al., 2023). This model performed well
in computational social science, such as image
captioning (Sun et al., 2025).

Claude-Sonnet-4.5 Released on 29 September
2025, Claude-Sonnet-4.5 demonstrated significant
advancements over its predecessors, particularly
in handling complex agents and coding tasks. It
represents Anthropic’s most advanced multimodal
model available at the time of writing.

Gemini-2.5-Flash Gemini-2.5-Flash, which ex-
cels in multimodal understanding, such as the abil-
ity to process up to three hours of video content, is
Google’s most advanced multimodal model avail-
able at the time of writing (Google Gemini Team,
2025).

Gemma-3-12B Gemma3 is a lightweight, open-
source large language model by Google. It is built
from the same research and technology used to
create the Gemini model (Team, 2025).

6.3. Main Results

Our experiment evaluated the textual classifica-
tion performance of the rule-based method, fine-
tuned BERT, and a series of LLMs (see Table
3). DeepSeek-V3 outperforms all other methods
in classifying the connectedness types of posts.
For instance, in the definition-injected setting, it
achieves the highest scores on Quora Answers
(79.19%). Across the board, models that utilize the
definition-injected setting show possible improved
performance compared to their zero-shot counter-
parts. For example, LLaMA3.1’s score on Insta-
gram caption increases from 45.27% to 54.05%
when definitions are injected. The traditional meth-
ods (rule-based and fine-tuning BERT) lag behind
the advanced LLMs, which shows the potentials of
LLMs in settings where contextual understanding
is crucial.

In the Instagram image classification task, GPT-
4o-mini achieved the highest F1 score (63.99%)
(see Appendix 8), while GPT-4.1-mini attained the
highest accuracy. These results indicate that the
ChatGPT model series continues to outperform
other models in the task of classifying visual spir-
ituality connectedness. What surprised us was
the performance of the Qwen2.5-VL model, which
achieved an accuracy of 68.31% despite being a
relatively small model with 7 billion parameters,
outperforming LLaVA-1.5 model with 13 billion pa-
rameters and Gemma3 model with 12 billion pa-
rameters. Besides, although Gemma-3 and Qwen-

2.5-VL are smaller models, their outputs remain
consistently well formatted as large models, such
as GPT-4o and DeepSeek-V3.

Comparing the classification performance
among platforms, models generally perform better
on Reddit posts and Instagram captions than on
Quora answers. Our error analysis revealed that
Quora answers tend to be relatively long, which
means that a single response may contain ele-
ments of multiple connectedness types, even if the
overall focus is on one primary type. While human
annotators can readily identify the dominant con-
nectedness type, LLMs may be more influenced by
local contextual cues (Zeng et al., 2025), leading
to misclassifications.

7. Discussion

To control for variables, we did not enable reason-
ing in our experiments, even though we believe that
doing so could have yielded higher performance
scores (e.g., DeepSeek-R16 and GPT-57). Our
findings revealed that while advanced models like
DeepSeek-V3 and GPT-4o-mini exhibit superior
performance, they are not yet fully reliable in classi-
fying abstract concepts inherent in spirituality. No-
tably, the inclusion of a strict definition of spirituality
(see Section 2.3) can help the models understand
the task in some unclear posts, highlighting the
importance of contextual information in processing
complex tasks. Also, we observed an interesting
phenomenon that GPT models sometimes gener-
ated the label "connectedness to transcendence"
even though the prompt explicitly instructed them
to choose from five predefined categories. We
know the reason is some scholars use "connect-
edness to transcendence" in their studies (e.g.,
Rahe and Jansen, 2024). This suggests a lim-
itation in the model’s ability to strictly adhere to
prompt constraints (i.e., hallucination), even when
the instruction was explicit.

Despite these contributions, our study has sev-
eral limitations:

Our dataset, while multimodal, predominantly
features English-language content. The language
distribution analysis shows some diversity, but lan-
guages like German and Spanish are underrepre-
sented. This limits the applicability of our findings
to a global context where spirituality is expressed
in myriad languages. In the further research, we
will incorporate data from a wider array of platforms
and cultural contexts to enhance the representa-
tives of our dataset.

6https://api-docs.deepseek.com/news/
news250528

7https://platform.openai.com/docs/
guides/reasoning
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Table 3: Accuracy Performance Comparison Across Platforms and Methods
Model Reddit Instagram Caption Instagram Image Quora

Zero- Definition- Zero- Definition- Definition- Zero- Definition-
shot injected shot injected injected shot injected

Rule-based 22.67 20.27 - - 10.74 -
Fine-tuning

BERT 53.33 - 46.62 - - 48.32 -

LLaMA3.1 58.00 66.00 45.27 54.05 - 53.02 52.35
Reka Core 52.00 55.33 43.00 45.33 - 31.00 28.33

DeepSeek-V3 72.00 78.67 77.70 77.70 - 73.15 79.19
GPT-4o 67.33 76.00 59.46 65.54 74.60 47.65 59.73

GPT-4o-mini 67.33 68.67 54.05 61.49 75.82 50.34 55.70
GPT-4.1-mini - - - - 76.04 - -
Gemini-Flash - - - - 73.06 - -
Sonnet-4.5 - - - - 73.96 - -
Qwen2.5VL-

7b - - - - 68.31 - -

LLaVA-13b - - - - 40.37 - -
Gemma3-12b - - - - 45.03 - -

8. Conclusion

In this paper, we introduced SACRED, the first mul-
timodal multilingual annotated dataset specifically
designed for online spirituality research. Our work
underscores the complexity of classifying abstract
and deeply personal concepts using computational
methods for communication sciences. While ad-
vanced LLMs show promise, they are not infallible
and require careful contextualization and guidance.
The SACRED dataset provides a valuable founda-
tion for future research, but it also highlights the
need for ongoing refinement of both computational
tools and theoretical models.
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Appendices

1. Annotation codebook
The topic of the document is spirituality. You are

expected to annotate the connectedness type for
all posts and images. In this research, we use a
strict definition of spirituality:

Spirituality is the pursuit and practice of
experiences, beliefs, and values that in-
fluence and nurture the spirit, fostering
personal growth, meaning, and a sense
of connection to something greater than
oneself.

Connectedness Type:
(1) Connectedness to Nature
Connectedness to nature refers to the deep

sense of relationship that individuals feel with the
natural world and understanding of humanity’s
place within the broader ecological system.

(2) Connectedness to the Self
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Connectedness to the self includes authenticity,
inner harmony/inner peace, consciousness, self-
knowledge and experiencing and searching for
meaning in life.

(3) Connectedness to Others
Connectedness to Others emphasizes empathy,

compassion, and a sense of community, recog-
nizing that interpersonal connections contribute to
personal growth, a deeper understanding of one-
self and others, and overall spiritual well-being.

(4) Connectedness to Transcendence
Connectedness to Transcendence pertains to

"something or someone beyond the human level,
such as the universe, transcendent reality, a higher
power or God".

Note: Meditation is not necessarily connected-
ness to self. If something superhuman appears in
it, it also belongs to connectedness to transcen-
dence.

I. Instagram Annotation
There are two types of Instagram data: text data

(Caption) and image data (image).
(1) Text data annotation
Text data annotation is to classify the content in

the "Caption" column.
- First determine whether the caption is

spirituality-related (whether it has an impact on
the spirit);

- If it is spirituality-related, mark it as 1; otherwise,
mark it as 0;

- If it is spirituality-related, check which connect-
edness type it is (if it does not belong to any of
them, you can mark it as None of them or name it
yourself, but please note that the labels you mark
should be consistent throughout the entire annota-
tion process).

- You need to additionally mark the language of
the content (i.e. you can use ChatGPT or copying
the caption to Google/DeepL Translate).

(2) Image data annotation
Image data annotators need to find the corre-

sponding image folder based on the "Tag" column.
- Label the image as spirituality based on its

content
- If it is spirituality-related content, check which

connectedness type it is (if it does not belong to
any of the above, you can mark it as None of
them or name it yourself, but please make sure
that the labels are consistent throughout the entire
annotation process).

- You need to additionally mark the language on
the image (i.e. you can use ChatGPT or copying
the caption to Google/DeepL Translate).

II. Quora data annotation
The annotator needs to annotate the "Answer"

column. - If it is spirituality-related content, anno-
tate 1; otherwise, annotate 0;

- If it is spirituality-related content, check which
connectedness type it is (if it does not belong to
any of them, you can mark it as None of them
or name it yourself, but please make sure that the
labels you annotate are consistent).

III. Reddit data annotation
The Reddit contents that need annotating is post.

The annotator needs to annotate the "post" col-
umn.

- If it is spirituality-related content, annotate 1;
otherwise, annotate 0;

- If it is spirituality-related content, check which
connectedness type it is (if it does not belong to
any of them, you can mark it as None of them
or name it yourself, but please make sure that the
labels you annotate are consistent).

2. Agreement among annotators
We engaged five annotators to independently re-

view and annotate a dataset (N = 100) previously
curated by their peers. What they had to classify
was the connectedness type. Then, we compiled
the results and created a heatmap to visually repre-
sent the agreement and discrepancies among the
annotations provided by each annotator. The figure
5 shows a great agreement among five annotators.

Figure 5: Heatmap of Annotation Agreement
Among Annotators

3. Connectedness types across different plat-
forms

This table displays the distribution of posts re-
lated to four types of connectedness across three
social media platforms. The numbers represent
the count of posts for each type of connectedness
on each platform.

4. Unique representation of four types of
connectedness

Given that each connectedness type has its
unique terms, we did a quantitative analysis, which
focuses on quantifying the data by counting the
frequency of each unique term associated with dif-
ferent types of connectedness. Initially, the texts
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Table 4: Connectedness Types Across Different
Platforms

Type Reddit
Posts

Instagram
Captions

Instagram
Images

Quora
Answers

Self 542 766 1166 436
Others 28 146 89 109
Nature 22 80 83 12

Transcendence 282 444 873 1503

were converted into its lemma form to standardize
the vocabulary. Subsequently, terms specific to
each connectedness category were identified by
excluding words that appeared in more than one
category. Each unique term was then counted to
determine its frequency within its respective cate-
gory. The results were displayed in horizontal bar
charts.

The figure presents four separate horizontal bar
charts, each representing the frequency of unique
terms associated with four types of connectedness:
Nature, Others, Self, and Transcendence.

Figure 6: Unique Words in Four Types of Connect-
edness

The nature-related terms, such as "agua", "sail-
boat", "luce", and "manasarovar", suggest a focus
on natural elements and experiences. As to con-
nectedness to others, the feature words are "any-
type", "steinar", and "norwichartist". Dominated by
terms such as "ramdass", "spiritualiti", and "vibra-
tionalheale", the chart of self connectedness sug-
gests a focus on personal development, spirituality,
and healing. The frequency of terms like "sound-
healingtherapy" and "soundmeditation" highlights
the sound-based therapeutic and meditative prac-

tices. The most populated words correlated to Tran-
scendence like "messiah", "jehovah", and "vedas"
reflect deep spiritual or religious beliefs and spiri-
tual practices.

5. Classification results of Fine-tuning BERT
We employed the BERT model, specifically

fine-tuned on our annotated dataset of Reddit
posts. The fine-tuning was carried out 30 epochs,
allowing the model sufficient iterations to adjust
its parameters to the subtleties embedded in the
dataset concerning different types of spiritual
connectedness. The hyperparameter of learning
rate is 2e-5, while we set the eps as 1e-8, which
is a small constant added to prevent division
by zero in the optimizer’s calculations (AdamW
optimizer), ensuring numerical stability. The figure
below illustrates the trajectory of the model’s
accuracy over these epochs, showing the learning
progress throughout the fine-tuning process.
The model was uploaded on Huggingface (see
https://huggingface.co/QinghaoGuan/
bert-spirituality-connectedness).

Figure 7: Validation Accuracy Curve over 30
Epochs

6. Prompt to guide LLMs to analyze topics of
unclassifiable posts

Here’s our prompt to guide ChatGPT-4 in assist-
ing with topic analysis:

I am conducting research on spirituality
by categorizing posts based on four types
of connectedness: to self, to others, to na-
ture, and to the transcendence. However,
some posts do not fit neatly into these
predefined categories. As an assistant,
you are expected to analyze the topics
of these unclassifiable posts. Based on
your analysis, please identify and suggest
an alternative type of connectedness that
these posts might represent, which is dis-
tinct from the four established categories.

7. Prompts of zero-shot and definition-
injected zero-shot

Our prompts involve two settings, zero-shot and
definition-injected zero-shot, and they are formu-
lated as follows:
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Zero-shot You are a human annotator and need
to classify the sentence below into one of the follow-
ing five labels: "connectedness to self", "connect-
edness to others", "connectedness to nature", "con-
nectedness to transcendence", or "hard to classify".
For each sentence, simply return self, others, na-
ture, transcendence, or hard to classify. Sentence:
"{post}"

Definition-injected zero-shot You are a human
annotator and need to classify the sentence below
into one of the following five labels: "connected-
ness to self", "connectedness to others", "connect-
edness to nature", "connectedness to transcen-
dence", or "hard to classify". Now I give you the
definition of four types of connectedness. {defini-
tions}. Based on the definitions above, classify the
sentence "post" into one of five labels. For each
sentence, simply return "self", "others", "nature",
"transcendence", or "hard to classify".

→ Definition given by LLMs
As mentioned in section 2.3, the definition of

spirituality is changing all the time. Given that so-
cial scientists are also interested in LLMs’ under-
standing of spirituality, we asked Reka model to
conclude the definition of spirituality based on hu-
man annotation results. Here is the answer by the
Reka model.

Based on the task of inferring definitions
for the four types of "connectedness",
here are my interpretations:

1. **Connectedness to Nature**: This
refers to the sense of bond, harmony, and
interdependence an individual feels with
the natural world around them. It encom-
passes an emotional, spiritual, and some-
times physical relationship with ecosys-
tems, flora, fauna, and the broader envi-
ronmental context. This connectedness
often involves a respect for and apprecia-
tion of natural processes and a feeling of
belonging within the natural order.

2. **Connectedness to Self**: This type
of connectedness involves a deep under-
standing, acceptance, and integration of
one’s own identity, values, emotions, and
thoughts. It’s about having a strong sense
of self-awareness and self-compassion,
and feeling a cohesive and authentic
sense of who one is. Connectedness to
self also includes being in tune with one’s
needs, desires, and boundaries, and liv-
ing in alignment with these internal truths.

3. **Connectedness to Others**: This
refers to the quality and depth of rela-
tionships and interactions an individual
has with other people. It encompasses

feelings of empathy, love, support, and
mutual understanding with family, friends,
colleagues, and even strangers. Connect-
edness to others involves a sense of com-
munity, belonging, and interdependence,
and the ability to form and maintain mean-
ingful bonds.

4. **Connectedness to Transcendence**:
This type of connectedness involves a
sense of connection to something greater
than oneself, which may be understood
through spiritual, philosophical, or existen-
tial lenses. It can include feelings of awe,
wonder, and reverence for the universe,
a higher power, or the inherent meaning
and purpose of life. Connectedness to
transcendence often involves a sense of
unity with all things, a feeling of being part
of a larger cosmic or spiritual plan, and
a quest for deeper understanding and in-
sight beyond the material realm.

8. Precision, recall, and precision of image
annotation by LLMs

Model Recall (%) Precision (%) F1 (%)
GPT-4o-mini 63.42 65.66 63.99
GPT-4o 60.46 62.87 61.34
GPT-4.1 48.42 59.68 49.83
Gemini-2.5 55.07 63.79 56.99
Claude-Sonnet 56.03 60.60 57.18
LLaVA-1.5 34.83 47.44 38.96
Qwen2.5-VL 61.94 55.76 54.74
Gemma3 43.35 52.50 34.87

This table presents the classification perfor-
mance of seven models on the task of categoriz-
ing images into different types of connectedness.
Overall, GPT-4o-mini achieved the highest overall
performance, with a recall of 63.42%, a precision
of 65.66%, and an F1-score of 63.99%. GPT-4o fol-
lowed closely, with slightly lower scores across all
metrics (recall = 60.46%, precision = 62.87%, F1
= 61.34%). This small performance gap suggests
that while both GPT-4o and GPT-4o-mini are ca-
pable of handling complex visual-semantic classifi-
cation tasks, the lightweight variant demonstrates
slightly better generalization in this specific set-
ting. Open-source small LLMs perform worse. Our
findings show that scaling and fine-tuning strate-
gies in recent GPT architectures have improved
their visual-semantic reasoning capabilities, mak-
ing them promising tools for computational spiritu-
ality and online religion research.
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Abstract
The integration of Large Language Models (LLMs) into scientific research workflows, particularly for bibliographic
discovery and literature synthesis, raises significant methodological, epistemic and regulatory challenges for the
Social Sciences and Humanities (SSH), especially with regard to disciplinary diversity, multilingual access to sources
and the evaluation of results. This paper presents an on-going use case developed within the European project
LLMs4EU and the ALT-EDIC infrastructure, aimed at adapting foundation models to SSH research practices and
supporting tasks such as question answering, comparative document analysis and literature review. The evaluation
framework follows the LLMs4EU protocol and encompasses both independent quantitative benchmarking (retrieval,
summarisation, traceability and hallucination detection) and a qualitative assessment involving a panel of Digital
Humanities experts. By embedding model adaptation within research infrastructures and a structured legal and
ethical compliance framework, the use case explores how domain-sensitive and regulation-aware generative AI can
support SSH scholarship while preserving reliability and epistemic responsibility.

Keywords: Scientific research workflows, Digital Humanities, Retrieval Augmented Generation

1. Introduction

In recent years, Large Language Models (LLMs)
have profoundly transformed the landscape of lan-
guage technologies and research practices in So-
cial Sciences and Humanities (SSH - see, among
possible examples, Arachchige et al. 2025). At the
same time, the development of both LLMs and AI-
enhanced scientific discovery platforms remains
strongly concentrated on dominant languages and
cultural contexts. It also tends to privilege episte-
mological models and validation practices that are
typical of the so-called “hard” sciences.

This imbalance is reflected in many established
and emerging AI-powered platforms for exploring
scientific literature. Semantic search engines (e.g.
Semantic Scholar), AI-assisted discovery tools (e.g.
Elicit), large-scale citation indexes (e.g. Scopus
and Web of Science), and conversational systems
integrated into publishing ecosystems (e.g. Scite
Assistant) are predominantly trained on large cor-
pora of English-language journal articles. In most
cases, they allow querying primarily or exclusively
in English, prioritise peer-reviewed journal publi-
cations over other forms of scholarly output (such
as monographs, critical editions, or research data),
and rely heavily on citation-based metrics—such as
impact factor or h-index—to rank and filter results.

Such design choices are not neutral. They reflect
and reinforce specific models of scientific produc-

tion, visibility, and authority that may not align with
the diversity of practices in SSH, where multilin-
gualism, book-based scholarship, local research
traditions, and qualitative evaluation criteria remain
central. As a consequence, SSH scholars work-
ing in less-resourced languages or within epistemic
traditions that do not conform to citation-driven mod-
els risk being further marginalised in the emerging
AI-mediated research ecosystem.

Moreover, research in the SSH often relies on
interpretation and contextualisation. Texts, data,
and metadata are not treated as fixed or neutral
objects. Their meaning depends on research ques-
tions, theoretical perspectives, and historical con-
text. The same material can therefore be read and
organised in different ways. A well-known author
such as Dante offers a simple example. A liter-
ary scholar may focus on narrative structure, po-
etic language, and intertextual references in the
Commedia. A philologist may study manuscript
traditions, textual variants, and editorial history. A
historian may examine Dante’s political thought in
relation to the conflicts of medieval Italy. A Digi-
tal Humanities scholar, in turn, might build a digi-
tal scholarly edition, encode the text in TEI-XML,
compare manuscript witnesses computationally, or
analyse the circulation of Dante’s works through
network analysis and corpus-based methods. In
such contexts, an algorithm cannot rely on topic
matching alone, but should also recognise method-
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ological affinities, disciplinary perspectives, and
also research methodologies.

To address these challenges, Europe has de-
veloped a rich ecosystem of data repositories
and publication platforms designed to preserve
the epistemic and methodological specificities of
SSH. Cross-border disciplinary infrastructures such
as CLARIN ERIC, DARIAH ERIC, and OPERAS
have been conceived to support the shared use
of digital resources while maintaining strong atten-
tion to disciplinary traditions and linguistic diver-
sity (Branco et al., 2023; Dumouchel et al., 2020;
König et al., 2023). These infrastructures have
developed dedicated discovery services and meta-
catalogues—such as the CLARIN Virtual Language
Observatory, the SSH Open Marketplace, and the
GoTriple platform—explicitly tailored to the needs of
SSH communities. Such environments provide an
important alternative to commercial discovery tools
and could benefit from enhanced functionalities
powered by LLMs. At the national level, infrastruc-
tures such as the French Huma-Num offer search
facilities including Nakala and ISIDORE, which are
widely used by humanities researchers1.

Research has shown that these digital environ-
ments are not neutral repositories, but are shaped
around the practices and expectations of their schol-
arly communities. More recent studies on research
infrastructures and data archiving services further
emphasise that humanities data emerge from dy-
namic collective processes, in which archives and
service providers act not only as technical sup-
port structures, but also as mediators and co-
constructors of research communities (Morselli
et al., 2025). This perspective reinforces the idea
that tools for discovery and analysis must remain
sensitive to disciplinary practices rather than im-
posing external models of relevance.

Another distinctive feature of humanities re-
search is the plurality of scholarly outputs and
the central role of multilingualism as an epistemic
and methodological dimension, as extensively dis-
cussed in multilingual Digital Humanities studies
(Balula and Leão, 2021; Viola and Spence, 2024).
Alongside journal articles, knowledge production
includes datasets, curated corpora, digital editions,
workflows, and forms of scholarly communication
such as research blogs. The relevance of these out-
puts—and the need for appropriate citation, index-
ing, and valorisation practices—has been widely
documented (Barbot et al., 2024; Mayeur, 2017).
Any AI-enhanced discovery system that aims to
serve SSH communities must therefore account for
this diversity of formats, languages, and publication
cultures.

In the context outlined above, the integration of

1https://www.huma-num.fr/
les-services-par-etapes/

LLM-based functionalities for bibliographic and doc-
umentary research in SSH cannot be reduced to
generic applications. Language models need to
be designed and evaluated in ways that reflect the
specific research practices of the humanities, sup-
port interdisciplinary and transdisciplinary perspec-
tives, and facilitate meaningful interaction among
scholarly communities. The use case we pro-
pose, ReSearch_SSH, is a collaboration between
French and Italian SSH research infrastructures
within the LLMs4EU (Large Language Models for
the European Union) project, funded by the Euro-
pean Commission and coordinated by ALT-EDIC
(Alliance for Language Technologies – European
Digital Infrastructure Consortium)2. It aims to en-
hance an existing search platform by integrating
LLM-powered functionalities for advanced retrieval
and for supporting the construction of state-of-the-
art overviews grounded in curated SSH catalogs.

As noted by Fenlon (2017), Digital Humanities
(DH) has witnessed the emergence of new forms
of scholarly production, including research blogs,
large-scale digital corpora, tools, and platforms that
challenge traditional models of academic publish-
ing. These outputs are well represented in the
infrastructures mentioned above, and DH itself is a
particularly dynamic research area, characterised
by strong multilingualism and interdisciplinarity. For
these reasons, DH constitutes a compelling testbed
for the integration of LLM-based search functionali-
ties. DH scholars, accustomed to working across
methods, languages, and formats, are well posi-
tioned to act as expert users in the evaluation and
co-construction of these new tools.

This paper is organized as follows. After fram-
ing the role of LLMs from the perspective of SSH
research practices, we introduce the European
LLMs4EU project within the broader context of the
new ALT-EDIC infrastructure. We then present the
ReSearch_SSH use case as a case study of model
adaptation and fine-tuning for the SSH domain, fo-
cusing on data resources, methodology and finetun-
ing strategies, and lastly on the foreseen evaluation
strategies and legal issues. Finally, we suggest the
involvement of research communities, especially
within Digital Humanities, through the establish-
ment of an expert panel, outlining possible forms
of participation of the SSH communities in the de-
velopment and evaluation of LLMs for research
support.

2. ALT-EDIC and LLMs4EU

ALT-EDIC is a European Digital Infrastructure Con-
sortium, a legal framework designed to enable sev-
eral Member States to jointly develop and operate

2https://www.alt-edic.eu/
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strategic digital infrastructures of common Euro-
pean interest. Specifically, ALT-EDIC aims to sup-
port European excellence in language technologies
and to promote European linguistic diversity, fol-
lowing a cooperative model that brings together
public institutions, industry, civil society and re-
search. This is reflected in its close collaboration
with CLARIN ERIC, the research infrastructure for
language resources, and with several of its national
nodes.

Established in 2024, ALT-EDIC carries out its
activities through participation in several com-
plementary European projects. Among these,
OpenEuroLLM focuses on the development of open
and multilingual language models, representing
a key component of the European strategy for
open, transparent, and value-aligned Artificial Intel-
ligence.

Alongside this first pillar, the LLMs4EU project ad-
dresses the more applied dimension of Large Lan-
guage Models across strategic sectors, adopting
a strongly use-case-driven approach. The project
is structured around five application domains, i.e.
tourism, public services, telecommunications, en-
ergy, and science, and focuses on the fine-tuning
and adaptation of open models to concrete contexts
and needs. These use cases are not conceived
as simple application demonstrators, but rather as
experimental laboratories in which model adapta-
tion requirements are defined, domain data are
selected and prepared, fine-tuning and task-tuning
strategies are tested, and evaluation protocols are
designed. The overarching goal is to anchor the
development of LLMs in real-world needs and in
concrete communities of practice.

3. The ReSearch_SSH use case

Of particular interest to the European Digital Hu-
manities community is the ReSearch_SSH use
case, which belongs to the Science domain of
the LLMs4EU project. It focuses on the develop-
ment and experimental evaluation of generative
language models adapted to advanced tasks for
scholarly discovery and synthesis of scientific litera-
ture in the Social Sciences and Humanities. Partic-
ular attention is devoted to factuality, source trace-
ability, and explainability of results. The initiative
is grounded in close collaboration between major
French and Italian research infrastructures,

Rather than building a new discovery system, the
use case extends the existing ISIDORE platform3,
a widely used French search engine for humanities
and social sciences (SSH) that aggregates multilin-
gual scholarly resources. ISIDORE thus functions
both as a large-scale documentary infrastructure
and as an operational search environment.

3https://isidore-project.eu/

The system follows a retrieval-augmented gen-
eration (RAG) architecture. Its retrieval layer is
based on a domain-adapted model trained on his-
torical ISIDORE queries, aligning retrieval with
actual SSH search behaviour. This component
is strengthened through graph-based techniques:
contextualisation relies mainly on the Wikidata
knowledge graph for entity disambiguation and se-
mantic expansion, while relational structures de-
rived from metadata support structured naviga-
tion across authors, themes, institutions, and ci-
tations. Document-level semantic graphs further
enable fine-grained comparison between research
outputs.

A multilingual large language model forms the
generative layer, operating over the corpus indexed
within ISIDORE and informed by metadata and
graph-based signals. It supports natural-language
querying, assisted literature synthesis, and the pro-
duction of structured overviews grounded in ex-
plicitly retrieved sources. By combining adaptive
retrieval with graph-aware contextualisation and
generative reasoning, the system supports core
SSH workflows such as literature review, thematic
exploration, and comparative analysis, while ensur-
ing that all generated outputs remain transparent
and traceable to indexed documents.

The project is currently ongoing. In its present
phase, it concentrates on enabling advanced query-
ing in Italian and English over predominantly French
scholarly materials aggregated within the ISIDORE
ecosystem, as an initial step toward broader multi-
lingual coverage.

Operationally, the use case is structured along
four main stages.

• First, a phase of domain alignment and mul-
tilingual enrichment adapts the base model
to SSH discourse using large-scale curated
corpora.

• Second, retrieval and representation compo-
nents are optimised in a retrieval-augmented
generation (RAG) framework, leveraging
ISIDORE’s metadata and indexing infrastruc-
ture.

• Third, the model is fine-tuned for downstream
scholarly tasks, including multilingual docu-
ment retrieval, literature synthesis, and struc-
tured state-of-the-art construction.

• Finally, the system is evaluated through expert-
based validation protocols designed to assess
relevance, factual grounding, and usability in
realistic SSH research scenarios.

In what follows we will illustrate the datasets, fine-
tuning plan, and evaluation strategy.
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3.1. Data and disciplinary focus
The primary corpus for large-scale domain align-
ment is the SSH subset of the ISTEX database4.
ISTEX aggregates more than 30 million scientific
documents and provides full texts in XML/TEI for-
mat together with standardised and enriched meta-
data (de Salabert and Barreaux, 2020). For the
purposes of ReSearch_SSH, an SSH-specific ex-
traction (approximately 3 million documents) has
been prepared based on disciplinary classifications
and quality criteria (see Table 1).

Full texts are available in TEI/XML; metadata are
provided in JSON format and include title, abstract,
authors, affiliations, publisher, year, structured ref-
erences, scientific classifications, and named enti-
ties.

Total documents ∼ 3,000,000
Languages represented 60+
Full-text format XML/TEI
Metadata license Etalab (open)

Table 1: ISTEX SSH subset overview.

Language Tokens (millions, approx.)
English 16,000–21,000
French 450–600
Portuguese 110–150
German 40–55
Spanish 40–50
Italian 10–15

Table 2: Estimated token distribution in ISTEX SSH
subset.

Although English dominates in volume, French
constitutes the main non-English component, which
is particularly relevant for the ISIDORE ecosystem.
The corpus therefore supports large-scale align-
ment to SSH discourse while preserving multilin-
gual exposure (see Table 2).

To complement the French-dominant SSH ma-
terial, targeted Italian and bilingual DH datasets
are incorporated to strengthen multilingual and dis-
ciplinary alignment. These encompass the Italian
Digital Humanities research papers from the annual
AIUCD conference series and the Peer-reviewed
Italian journal in Digital Humanities (266 articles,
CC-BY license) (Tables 3 and 4).

These corpora provide high-quality DH-specific
discourse, enabling: i) genre adaptation (confer-
ence papers, journal articles); ii) alignment with Ital-
ian DH terminology; and iii) cross-lingual bridging
between Italian, French and English SSH traditions.

On top of this generalist alignment layer, the use
case may introduce also scientific publications and

4https://www.istex.fr/
ressources-pour-le-fouille-de-textes/

Language Tokens (millions, approx.)
English 1.2
Italian 0.8
Total 2

Table 3: AIUCD Proceedings token distribution.

Language Tokens (millions, approx.)
English 1.1
Italian 0.9
Total 1

Table 4: Umanistica Digitale token distribution.

academic blog posts from the Hypotheses5 plat-
form, together with research data and metadata
from the Nakala repository6, will be incorporated
to expose the models to DH-specific practices, for-
mats and epistemic communities.

3.2. Methodological approach and
fine-tuning

The proposed approach adopts a Knowledge-
Graph-based Retrieval-Augmented Generation ar-
chitecture (GraphRAG; see, among others, Edge
et al. 2024), designed to ensure that generated
answers are explicitly grounded in the most rele-
vant reference documents and that this grounding
remains interpretable.

Model adaptation is organised in complementary
stages. A first phase performs domain alignment
through continued pre-training on SSH corpora in
French and Italian, strengthening linguistic and ter-
minological competence while preserving the gen-
eral reasoning capacities of the base multilingual
model.

A second phase distinguishes retrieval opti-
misation from generative task adaptation. The
retrieval component is fine-tuned on historical
query–interaction data from ISIDORE. Training sig-
nals are derived from user behaviour: documents
effectively clicked and consulted are promoted,
while systematically ignored results are ranked
lower. This interaction-aware strategy aligns rank-
ing with observed scholarly practices rather than
relying solely on textual similarity.

In parallel, the generative component is
instruction-tuned for research-oriented tasks within
the GraphRAG pipeline. Particular emphasis is
placed on the construction and extension of state-
of-the-art overviews. Fine-tuning relies on exam-
ples of surveys and literature reviews combined
with graph-based contextual signals encoding the-
matic, citation, and authorship relations. The ob-
jective is to enable the model to organise retrieved

5https://hypotheses.org/
6https://www.nakala.fr/

142



materials into coherent research syntheses rather
than merely producing isolated summaries.

A central design constraint concerns query un-
derstanding. The system relies on a medium-scale
multilingual model rather than very large reasoning-
focused architectures, making robust interpretation
of exploratory research queries essential. Fine-
tuning therefore integrates panel-based analyses
of user search practices in SSH, capturing how
scholars formulate evolving and open-ended infor-
mation needs.

The generation of synthetic fine-tuning data for
the query understanding component will be investi-
gated through multiple strategies, comparing both
commercial models (e.g., GPT-5) and open Euro-
pean language models. Given the project’s align-
ment with the OpenEuroLLM initiative and with the
broader ALT-EDIC objective of promoting sovereign
and transparent AI infrastructures, strong prefer-
ence is given to open European models. Among
these, the EuroLLM family (Martins et al., 2025),
given their strong multilingual capabilities and open
licensing terms. Closed commercial models will
be used primarily as reference baselines to assess
whether comparable data quality can be achieved
through fully open pipelines, with the explicit goal of
converging on a production workflow that operates
entirely on open and auditable models, ensuring re-
producibility and compliance with the project’s gov-
ernance principles. More broadly, the base models
selected for domain-adaptive fine-tuning within the
ReSearch_SSH use case will be drawn from the
pool of open multilingual foundation models devel-
oped or endorsed within the European AI ecosys-
tem. The final selection will be determined on the
basis of multilingual coverage (with particular atten-
tion to French, Italian, and English), licensing com-
patibility with the intended research deployment,
and baseline performance on SSH-relevant tasks.
Specific model identifiers and version details will be
reported in conjunction with the first experimental
results.

Knowledge graphs — including those provided
by Wikidata and OpenAIRE (Manghi et al., 2019),
as well as the metadata and relational structures of
ISIDORE and Nakala — enrich retrieval, strengthen
document linking, and enhance the transparency
of generated results. Structured intermediate rep-
resentations may support internal reasoning, while
explicit source attribution ensures traceability for
end users.

An important consideration concerns the porta-
bility of the proposed architecture beyond the spe-
cific infrastructure on which it is developed. The
GraphRAG pipeline can be decomposed into com-
ponents with different degrees of infrastructure de-
pendency. The core retrieval-augmented gener-
ation mechanism - comprising a retrieval model,

a reranking layer, and a generative module oper-
ating over retrieved passages — is infrastructure-
agnostic and can function with any document collec-
tion exposed through standard indexing interfaces.
Similarly, the knowledge graph enrichment layer re-
lies primarily on publicly available resources such
as Wikidata and OpenAIRE, which are not tied to
specific institutional environments and can be inte-
grated into diverse system architectures. The most
infrastructure-specific component is the interaction-
aware retrieval fine-tuning, which exploits historical
query–click data from ISIDORE. In the absence of
comparable behavioural signals, this component
can be replaced by purely semantic retrieval mod-
els or by lightweight relevance feedback mecha-
nisms. Likewise, while the availability of full texts in
TEI/XML format facilitates fine-grained document
parsing and section-level retrieval, the system does
not strictly require this format: plain-text corpora
accompanied by structured metadata in standard
formats (e.g., JSON, Dublin Core) can serve as an
adequate alternative, albeit with some reduction in
retrieval granularity.

3.3. Deployment and evaluation
The fine-tuned models will be deployed within
a sandbox environment of the ISIDORE plat-
form, conceived as an experimental “ISIDORE AI”
workspace in which advanced research assistance
functionalities can be tested in a controlled setting.
The system will be integrated with the ISIDORE
databases and knowledge graphs and will allow
users to formulate complex queries and obtain or-
ganised and synthesised results accompanied by
explicit references to the underlying sources. Multi-
lingual querying will also be supported, potentially
through the integration of a dedicated translation
model.

System evaluation will be conducted in accor-
dance with the LLMs4EU evaluation protocol, which
mandates the involvement of an independent team
external to the use case implementation. This team
is responsible for defining realistic and scenario-
based evaluation procedures grounded in the spe-
cific use case requirements and fine-tuning strate-
gies. The independent evaluation plan, currently
under development, will include quantitative as-
sessment of retrieval performance, multi-document
summarization quality, source traceability, and hal-
lucination detection. Particular attention will be
devoted to cross-lingual performance, reflecting
the multilingual nature of the use case. The eval-
uation process may require the construction of ad
hoc benchmark datasets tailored to SSH research
scenarios.

A central component of the evaluation framework
will consist of a structured qualitative assessment
conducted by expert panels drawn from the French
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and Italian Digital Humanities communities. These
panels will evaluate system outputs in terms of
scholarly quality, epistemic reliability, methodologi-
cal adequacy, and practical usefulness for research
workflows. Beyond assessment, panel feedback
will also inform preference optimisation processes
(e.g., alignment tuning approaches), contributing to
the refinement of the models so that they better re-
flect disciplinary standards, interpretative practices,
and relevance criteria specific to Digital Humanities
research.

4. Legal and regulatory compliance

ReSearch_SSH is designed in full compliance with
the European regulatory framework on Artificial In-
telligence, data protection, and intellectual property.
In line with the governance structure of LLMs4EU,
the use case is supported by both a Data Man-
agement Plan and a dedicated Legal and Ethics
Compliance Assessment Plan, developed in coor-
dination with the Legal and Ethics work package
of the project. This structured governance frame-
work ensures that data selection, model adaptation
strategies, and deployment modalities are contin-
uously assessed in light of applicable European
legislation and of the principles of lawfulness, re-
sponsibility, transparency and proportionality guid-
ing the project.

With respect to the EU AI Act, the system is con-
ceived as a downstream modification of an exist-
ing general-purpose AI (GPAI) model. The use
case does not qualify as a high-risk AI system
as it operates as a research assistance tool with-
out automated decision-making affecting individual
rights. Nevertheless, transparency, documenta-
tion, and traceability requirements are treated as
central design principles. In particular, the adop-
tion of a KG-enhanced RAG architecture enforces
source grounding and explicit citation mechanisms,
thereby mitigating hallucination risks and strength-
ening epistemic reliability. Deployment is limited
to a research-oriented sandbox environment within
the ISIDORE infrastructure, and no unrestricted
public release of licensed full texts or training data
is foreseen. Human oversight is structurally embed-
ded: system outputs are advisory, challengeable,
and subject to expert validation.

From the perspective of personal data protec-
tion, the project operates in accordance with the
General Data Protection Regulation (GDPR). Per-
sonal data may appear in scholarly corpora (e.g.,
author names, affiliations, citation metadata) and
are processed only insofar as necessary for the
purpose of the use case and to ensure scientific
attribution, source traceability and hallucination mit-
igation. These data are retained until the end of
the use case and are not used for profiling or be-

havioural modelling. Evaluation activities involv-
ing expert panels rely on informed consent proce-
dures; panel data are limited to professional identi-
fiers (e.g., institutional affiliation, disciplinary area)
and are strictly separated from training data. In
accordance with the principles of data minimisation
and purpose limitation, panel data are used exclu-
sively for evaluation and system validation, and
are anonymised or deleted after the completion of
the evaluation phase, though they may be made
available in trusted repositories in aggregated and
anonymised form.

Particular attention is devoted to copyright and
database rights. The use case relies on hetero-
geneous data sources, including: (i) open-access
SSH publications (e.g., under CC-BY or CC-BY-SA
licences), (ii) metadata infrastructures released un-
der open licences (e.g., Etalab), and (iii) licensed
full texts from ISTEX, accessed under specific
contractual conditions and Non-Disclosure Agree-
ments. Licensed full texts are processed within
controlled institutional environments, and retrieval-
based responses are grounded in citation and ex-
cerpt linking mechanisms. The project acknowl-
edges that the availability of content under open
licences does not automatically imply unrestricted
reusability for model fine-tuning, particularly when
uses extend beyond the original dissemination
purposes. In line with recent discussions (e.g.,
(Spichtinger, 2026)), tensions between open sci-
ence principles and AI training practices require
case-by-case legal assessment, including consid-
eration of text and data mining (TDM) exceptions
under Directive (EU) 2019/790.

Overall, ReSearch_SSH adopts a compliance-
by-design approach, integrating legal analysis, risk
assessment, and mitigation measures throughout
the development lifecycle. This includes secure
institutional storage, controlled access to licensed
datasets, separation of personal identifiers from
evaluation content, documentation of compute re-
sources, bias and hallucination monitoring in coor-
dination with the Evaluation team of the project, and
explicit user disclaimers at deployment. This model
reflects the broader LLMs4EU objective of develop-
ing multilingual language technologies that are not
only performant, but also legally robust, ethically
grounded, and aligned with European values.

5. Current state of the use case

The ReSearch_SSH use case is currently in an
advanced preparatory phase. The multilingual cor-
pus is being consolidated through the selection,
harmonisation and verification of SSH datasets, in-
cluding licensed and open-access resources. Sub-
sequently, attention will devoted to metadata nor-
malisation, knowledge graph integration and the
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preparation of domain-aligned subsets suitable for
model adaptation. In parallel, the fine-tuning strat-
egy, the evaluation framework and the Legal and
Ethics Compliance Plan are being finalised in co-
ordination with the relevant LLMs4EU work pack-
ages.

The first stages of domain alignment and
retrieval-oriented fine-tuning are scheduled to be-
gin shortly. These initial experiments will focus on
controlled adaptation of an open foundation model
to SSH scholarly discourse and on the optimisation
of the KG-RAG pipeline. At this stage, particular
care is taken to ensure that technical development
proceeds in parallel with the independent evalua-
tion protocol defined within LLMs4EU.

A central element currently under development
is of course the constitution of an expert panel com-
posed of scholars and professionals from the Social
Sciences and Humanities, with a specific focus on
Digital Humanities communities in France and Italy.
Crucially evaluation activities will address not only
model outputs, but the overall epistemic adequacy
of the system in DH contexts.

The panel may also support experimentation with
human-in-the-loop approaches and with evaluation
tasks that go beyond generic benchmarks, privi-
leging complex and context-sensitive research sce-
narios typical of humanities scholarship. From this
perspective, the involvement of Digital Humanities
communities aims to guide decisions related to
data selection, annotation strategies and evalua-
tion tasks, fostering the integration of disciplinary
corpora that are representative of textual genres
and research practices in the field.

6. Conclusions

This paper has presented ReSearch_SSH, a use
case developed within the LLMs4EU project in
the Science domain, aimed at adapting large lan-
guage models to the specific epistemic and method-
ological requirements of Social Sciences and Hu-
manities research. Rather than proposing yet an-
other generic conversational interface, the initiative
explores how domain-aligned models, integrated
within a knowledge-graph-enhanced RAG archi-
tecture and deployed inside an existing research
infrastructure (ISIDORE), can support scholarly dis-
covery while preserving traceability, multilingualism
and disciplinary specificity.

The approach adopted in ReSearch_SSH is
grounded in three interconnected principles. First,
adaptation is domain-driven: model alignment is
guided by SSH corpora, research practices and
multilingual requirements rather than by generic
performance benchmarks. Second, evaluation is
hybrid and independent: quantitative metrics are
complemented by expert panel assessment, and

evaluation protocols are defined by a team external
to the use case implementation to ensure method-
ological robustness. Third, compliance is embed-
ded by design: legal, regulatory and ethical consid-
erations—ranging from GDPR and copyright to AI
Act transparency obligations—are treated not as
ex post constraints but as structural components
of the system architecture and governance model.

At its current stage, the use case is moving
from corpus consolidation and governance plan-
ning toward initial fine-tuning experiments and the
constitution of a Franco-Italian expert panel. This
transition marks a shift from conceptual design to
empirical validation. The forthcoming phases will
test whether the integration of domain adaptation,
Graph-RAG grounding and participatory evaluation
can effectively produce models that are not only
technically performant, but also epistemically trust-
worthy and legally robust.

More broadly, ReSearch_SSH contributes to an
emerging reflection within Digital Humanities on
the role of large language models as infrastruc-
tural components of research ecosystems. By sit-
uating LLM adaptation within European open sci-
ence infrastructures and within a coordinated le-
gal and evaluation framework, the project aims
to demonstrate that multilingual, domain-sensitive
and regulation-compliant generative systems are
both technically feasible and methodologically desir-
able. While the current implementation is anchored
to a specific infrastructure, the modular design of
the architecture is intended to facilitate transferabil-
ity. Future work will investigate the deployment
of individual components in institutional settings
with varying levels of metadata quality and corpus
structure, with the aim of identifying minimal infras-
tructure requirements for effective SSH-oriented
language model support.
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Abstract
This paper investigates the use of semantic encoding for the analysis of heterogeneous digital literature metadata.
Drawing on two databases of Latin American digital literature, Archivo de Literatura Digital en América Latina and
the Atlas da Literatura Digital Brasileira, we compare traditional one-hot encoding with a semantically enriched
representation derived from feature-value descriptions embedded in a continuous vector space. In contrast to
one-hot encoding, which treats categorical values as orthogonal, semantic encoding models accounts for similarity
between features, thereby mitigating vocabulary mismatch across databases. We evaluate both approaches using
between-group centroid distances, and normalized centrality measures. Our results show that semantic encoding
clarifies structural differentiation across genres and might smooth arbitrary differences introduced by differing
vocabularies across databases. The findings suggest that semantic representations provide a more interpretable
embedding space for small and taxonomically heterogeneous datasets. Beyond technical performance, the study
suggests that embedding-based methods can support critical inquiry in digital humanities, enabling the examination
of database bias, categorical patterns, and diachronic evolution within a unified semantic framework. Code is
available at https://github.com/isag91/semantic-encoding-DH.

Keywords: Categorical Data, Entity Embeddings, Digital Humanities

1. Introduction

Digital humanities research increasingly relies on
structured databases to document, classify, and
analyze cultural production. In the field of digital
literature, initiatives such as the Archivo de Liter-
atura Digital en América Latina - ADLAL (Archive
of Digital Literature in Latin America) and the At-
las da Literatura Digital Brasileira - ALDB (Atlas of
Brazilian Digital Literature) provide curated meta-
data describing works according to genre, publi-
cation format, technical requirements, hardware
dependencies, artistic techniques etc. (Botero Be-
tancur, 2023; Athayde and ROCHA, 2022). These
databases are invaluable for scholarly inquiry, yet
they pose methodological challenges.

First, they are relatively small. Digital humanities
datasets often contain hundreds rather than thou-
sands of entries. Therefore, patterns of category
co-occurrence are often insufficient to reliably infer
semantic relationships between labels (e.g. the
close conceptual relationship between hypertext
and hypermedia). Second, they are heterogeneous:
distinct databases use different vocabularies, tax-
onomies, and degrees of granularity. Third, many
features are multi-valued (e.g., a work may require
a computer and loudspeakers to be consulted).

These difficulties limits the ways in which these
datasets can be meaningfully leveraged within the
field. One-hot encoding treats categorical values
as equidistant, ignoring semantic relationships be-

tween them. This limitation creates what has been
termed a semantic gap in categorical representa-
tion (Yang et al., 2026). Likewise, when different
databases refer to similar practices using distinct
terminologies, their underlying semantic proximity
is obscured.

Recent work has proposed leveraging gener-
ative large language models (LLMs) to enrich
categorical representations with external seman-
tic knowledge and/or transformer semantic en-
coder models to represent categorical descriptions.
The potential of these approaches for humanities
datasets—characterized by sparsity, conceptual
overlap, and evolving vocabularies—remains un-
derexplored.

This paper investigates whether semantic encod-
ing of categorical metadata can improve geometric
representation of data points in the semantic space
in the context of two digital literature databases.
To do so, we compare a traditional one-hot base-
line with a semantic encoding approach in which
feature-value labels are described using a large lan-
guage model and embedded using a pre-trained
sentence transformer.

Our central hypothesis is that semantic encoding
offers methodological advantages for humanities
datasets in at least three respects:

1. It captures conceptual proximity
between labels that are treated
as independent symbols in one-hot
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representations.

2. It mitigates sparsity by import-
ing external semantic knowledge.

3. It facilitates cross-database
comparison despite divergent ter-
minologies.

In the case of the two digital literature databases
examined here, a semantically informed encoding
could enable analyzes that would otherwise be dis-
torted by heterogeneous vocabularies and the ab-
sence of explicit relationships between categorical
values. Such an approach would make it possible
to investigate whether certain databases occupy
only specific subregions of the semantic space;
whether works by authors of different genders or
countries of origin are distributed differently across
this space of practices; and whether diachronic pat-
terns can be observed, such as the emergence of
new regions over time.

2. Related Work

Traditional one-hot encoding represents categorical
variables as orthogonal vectors, implicitly assum-
ing that all categories are equally dissimilar. In
machine learning, this limitation has motivated the
development of learned embeddings for categori-
cal variables, particularly in tabular data contexts
(Guo and Berkhahn, 2016; Gorishniy et al., 2021).
These methods learn semantic relationships from
co-occurrence patterns within the dataset. Such
inferences require a large amount of data to be
reliable.

Large language models (LLMs) trained on
large-scale corpora encode extensive distributional
knowledge and have demonstrated strong perfor-
mance across a wide range of semantic tasks
(Brown et al., 2020; Devlin et al., 2019; Feng et al.,
2024). Beyond text generation, such models can
serve as structured semantic resources capable
of producing definitions, contextual descriptions,
and attribute-level interpretations. Recent work
has highlighted the potential of LLMs as general-
purpose knowledge interfaces (Bommasani et al.,
2021; Petroni et al., 2019; AlKhamissi et al., 2022).

Building on these observations, recent ap-
proaches have proposed to leverage LLMs as
external knowledge bases to semantically enrich
datasets, especially in cases where intra-dataset
co-occurrence signals are too sparse to infer mean-
ingful relationships between categorical values. By
querying LLMs at the feature–value level and gen-
erating structured descriptions or embeddings, it
becomes possible to inject semantic information
that is not recoverable from the data alone (Yang
et al., 2026; Huesmann and Linsen, 2025; Hegsel-
mann et al., 2023).

Within digital humanities, embedding-based
methods have primarily been applied to textual cor-
pora, supporting large-scale stylistic, thematic, or
historical analysis (Underwood, 2019; Piper, 2018).
However, comparatively less attention has been
devoted to the modeling of metadata structures
themselves. By leveraging semantically enriched
embeddings at the metadata level, this study ex-
tends vector-space modeling beyond textual analy-
sis and into the domain of structured descriptive in-
formation. This method has the potential to improve
the investigation of database bias, categorical pat-
terns, and diachronic shifts within a unified seman-
tic framework, particularly in small and heteroge-
neous datasets where statistical and deep learning
methods relying on within-dataset co-occurrence
may be limited.

3. Methodology

3.1. Data Sources
We use two curated databases of digital literature.
The Archivo de Literatura Digital en América Latina
indexes works from Latin America, except Brazil,
and contains 180 items. The Atlas da Literatura
Digital Brasileira indexes works from Brazil and con-
tains 149 items. Both databases describe digital
literature using very similar metadata fields such as
genre, publication type, access hardware, technical
requirements etc. The databases differ slightly in
taxonomy and naming conventions. To enable com-
parison, feature names were mapped to a shared
schema in English, but differences in the vocabu-
lary itself were maintained, besides translation.

Missing values were encoded using an explicit
no_information label to preserve structural consis-
tency rather than discarding incomplete entries.1

3.2. Semantic Description of
Feature-Value Pairs

Following a similar approach to the ARISE
framework (Yang et al., 2026), for each unique
feature-value pair (e.g., genre_poetry, publica-
tion_type_software), we generated a structured de-
scription using ChatGPT-5.3.2 Each description
followed a fixed template: [CORE]: general defi-
nition of the value. [INDICATOR]: what this value
indicates in the context of digital literature.3

1The data, LLM prompt and code are
available at https://github.com/isag91/
semantic-encoding-DH

2GPT-5.1 was found to offer the best performance
compared to Claude Opus 4.5, DeepSeek V3.2 and Gem-
ini 3 Pro by Yang et al. (2026).

3Examples: access_hardware_computer: [CORE] A
computer is an electronic device that processes data and
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A potential limitation of LLM-based semantic en-
coding lies in the stochastic nature of text genera-
tion, which may introduce variability in the resulting
representations. To mitigate this issue, descriptions
were generated at the feature-value level rather
than per instance, ensuring that identical categor-
ical values are consistently mapped to the same
semantic representation. In addition, structured
prompting was employed to constrain the form and
content of the generated descriptions, reducing vari-
ability and emphasizing discriminative information.
Finally, descriptions generated by a LLM could also
be replaced by expert definitions. Once the de-
scriptions are set, the semantic encoding pipeline
is stable and deterministic.

3.3. Embedding Strategy

Once structured descriptions were generated for
each unique feature-value pair, these texts were
transformed into dense vector representations us-
ing the pre-trained sentence transformer all-mpnet-
base-v2 used in Yang et al. (2026). To convert
variable-length text into fixed-dimensional vectors,
a pooling strategy is adopted to weight tokens ac-
cording to their activation levels. Following (Yang
et al., 2026), we extract the last hidden state of
the transformer, which provides a contextualized
embedding for each token. A scalar activation
score is computed for each token as the mean
across embedding dimensions, and these scores
are normalized with a softmax to produce atten-
tion weights. The embedding is computed as an
attention-weighted sum.

When a work contained multiple values for the
same feature, their corresponding embeddings
were averaged, resulting in one vector per feature
for each work. After computing feature-level em-
beddings, vectors corresponding to all features of
a given work were concatenated to form a unified
semantic representation. Concatenation was cho-
sen over summation to preserve feature-specific
structure and avoid conflating semantically distinct
metadata dimensions. In this way, each feature
occupies a stable subspace within the overall rep-
resentation.

runs programs, typically with a screen, keyboard, and
mouse. [INDICATOR] This indicates the work is designed
to run on a desktop or laptop system and may require
precise cursor control, large displays, or locally executed
software. genre_poetry: [CORE] Poetry is a literary
form that emphasizes rhythm, sound, and condensed
language. [INDICATOR] This indicates the work focuses
on expressive language, structure, or visual arrangement
rather than linear storytelling.

3.4. Baseline: One-Hot Encoding

As a baseline representation, categorical values
were encoded using one-hot vectors. When a
work was associated with a single value for a given
feature, the corresponding dimension was set to
one and all others to zero. In the case of multi-
valued features (for example, a work categorized
under multiple techniques), a multi-hot representa-
tion was used in which several dimensions could
simultaneously take the value one. All feature-level
vectors were subsequently concatenated to form a
single high-dimensional sparse vector representing
each work.

As one-hot encoding ignores conceptual rela-
tionships between categories, it provides a useful
control condition against which to evaluate the con-
tribution of semantic enrichment.

4. Comparative Analysis

To assess the representational differences between
one-hot and semantic encoding, we do not rely on
supervised clustering evaluation measures. Such
metrics presuppose the existence of a ground-truth
partition against which clustering results can be
evaluated. This assumption does not hold in our
context. Instead, as our objective is to determine
whether semantic encoding yields a more meaning-
ful representation, we adopt an intrinsic evaluation
approach based on the geometry of the resulting
vector spaces, informed by domain knowledge.

First, we computed centroid vectors for works as-
sociated with the genre labels poetry, narrative, and
poetry_and_narrative. We use genre as a primary
analytical category because, as a broad and con-
ceptually encompassing dimension, it is expected
to occupy more distinct and structurally differen-
tiated regions in the semantic space than more
specific features such as hardware requirements
or reading processes. Moreover, we expect poetry
and narrative to be more distant from one another
than poetry_and_narrative is from either of them.
In this sense, genre offers a simple but meaningful
relational structure against which the ability of the
representation to capture graded semantic proxim-
ity can be assessed.

For each label, the centroid was obtained by av-
eraging the representations of all works assigned to
that category. Pairwise cosine distances between
these centroids were then measured in both the
one-hot and semantic spaces (see table 1). In the
one-hot representation, the distances between the
works assigned with these three labels are uniform
and fail to reflect conceptual overlap. In contrast,
preliminary results in the semantic space indicate
that poetry_and_narrative occupies an intermediate
position. This suggests that semantic information
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Label A Label B OH Sem
poetry narrative 0.184 0.105
poetry poetry_narrative 0.175 0.058
narrative poetry_narrative 0.182 0.064

Table 1: Pairwise cosine distances between genre
centroids. The matrix captures the geometric or-
ganization of genres within the embedding space,
with smaller distances reflecting closer semantic
alignment.

is encoded in the embedding space in a manner
consistent with interpretive intuition.

Second, we used database-level centroids to
determine whether semantic encoding reduces arti-
ficial separation caused by divergent terminologies.
The working hypothesis was that one-hot encoding
may exaggerate differences due to mismatched vo-
cabularies, whereas semantic representations may
align conceptually similar categories even when
labels differ, therefore allowing for more graded
similarities to emerge. In principle, in the case of
these two specific databases, there should not be
any significant semantic differences between them,
since they cover the same literary forms, unless
Brazilian artists have distinct practices to other Latin
American artists.

Because one-hot and semantic encodings dif-
fer substantially in their geometric properties, raw
centroid distances are not directly comparable
across representations. One-hot encoding pro-
duces sparse, orthogonal vectors that tend to inflate
distances, whereas semantic embeddings gener-
ate denser, continuous spaces in which distances
are typically compressed. To avoid conflating repre-
sentational scale with structural differentiation, we
therefore rely on normalized measures of centrality
and displacement.

First, we computed the ratio to global disper-
sion, i.e. the cosine distance between a database
centroid and the global centroid of the embedding
space, divided by the mean distance of all works
to the global centroid. Because the measure is
normalized by overall dispersion, it allows compari-
son across embedding spaces that differ in scale.
Lower values indicate a more central position of
the database relative to the overall space.

Second, we computed the relative offset, which
compares the distance between a database cen-
troid and the global centroid to the average internal
dispersion of that database (i.e. the mean distance
of works within the database to their own centroid).
Lower values indicate that the database does not
form a distinct cluster and spread across the whole
space (see table 2).

Both one-hot and semantic encoding position the
databases close to the global centroid, indicating
that neither database forms a strongly displaced

DB RGD_OH RGD_S RO_OH RO_S
ALDAL 0.079 0.065 0.087 0.070
ALDB 0.122 0.097 0.130 0.104

Table 2: Normalized centrality of database cen-
troids in one-hot and semantic embedding spaces.
The ratio to global dispersion (RGD) quantifies rela-
tive centrality within each representational geome-
try, while the relative offset (RO) controls for in-
ternal database heterogeneity. Together, these
metrics distinguish structural displacement from
global scale effects introduced by different encod-
ing strategies.

subregion of the representational space. However,
semantic encoding slightly reduces both measures,
which aligns with the intuition that it should smooth
the artificial orthogonality of one-hot encoding.

5. Discussion and Conclusions

The purpose of this study is to examine seman-
tic encoding as a methodological intervention in
digital humanities research. Humanities datasets
are often small, curatorially constructed, and con-
ceptually heterogeneous. In such contexts, repre-
sentation is not merely a technical preprocessing
step but an epistemological decision that shapes
analytical outcomes.

One-hot encoding reflects a structuralist view of
categorical metadata in which labels function as
discrete and unrelated symbols. In doing so, it sup-
presses nuance, hybridization, and gradience. Se-
mantic encoding, by contrast, embeds categorical
labels within a continuous vector space informed
by external linguistic knowledge. As shown by the
genre experiment, this transformation enables com-
posite categories to occupy intermediate positions
and allows conceptually related labels to cluster
together. It also smooths the artificial differences
brought in by the use of different terminologies, as
suggested by the database experiment.

By incorporating semantic embeddings derived
from large language models, we introduce a repre-
sentational layer that captures conceptual similarity
beyond local statistical evidence. In doing so, we
mitigate sparsity effects, facilitate cross-database
comparison, and create a space in which interpre-
tive proximity can be examined quantitatively.

Ultimately, semantic encoding should be under-
stood as a representational strategy that comple-
ments, rather than replaces, symbolic metadata. It
provides a way to bridge the gap between quali-
tative interpretive categories and quantitative an-
alytical methods, allowing digital humanities re-
searchers to explore conceptual structure without
discarding nuance.
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Future research should extend both methodol-
ogy and the analysis enabled by semantic encoding.
We followed the ARISE methodology regarding the
attention-weighted pooling, as well as the choice
of LLM and encoding model. We could investigate
other options, as well as combine semantic encod-
ing with insights from co-occurence patterns, as
proposed in Yang et al. (2026). In addition, regard-
ing the evaluation, while centroid-based measures
offer an interpretable first approximation of struc-
tural organization, additional diagnostics could be
implemented. For instance, neighborhood-based
metrics, such as k-nearest-neighbor, could further
assess whether semantic encoding enhances local
conceptual coherence.

In the context of this specific use case, the se-
mantically aware representations made possible by
semantic encoding open several future research
avenues, not only as an exploratory tool but as a
methodological framework for investigating both
the structure of the field of digital literature and the
practices of database curation. On the one hand,
such representations can be used to address re-
search questions about the field itself. Diachronic
analyses may track the evolution of practices over
time, while demographic metadata (e.g., gender or
country of origin of the authors) could be mapped
onto the embedding space to explore patterns of di-
verging practices. On the other hand, they provide
a means to critically assess database construc-
tion by identifying representational biases, such as
whether certain databases disproportionately fore-
ground particular types of works or authors while
neglecting others.

Extending this methodology to the numerous dig-
ital literature databases which exists would make
it possible to move toward a more comprehensive,
bird’s-eye view of the field. However, such com-
parisons would likely require methodological adap-
tations beyond those presented here, as differing
feature sets and levels of granularity introduce ad-
ditional challenges for alignment and semantic in-
tegration.

Finally, combining geometric analysis with quali-
tative inspection of representative works would help
ground embedding-based findings in close reading,
reinforcing the interpretive relevance of semantic
encoding within digital humanities research.
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Abstract 
Multimodality in Social Sciences and Humanities (SSH) research is often associated with the integration of text and 
visual data. However, interpreter-mediated telephone interaction presents a different configuration of complexity, 
where acoustic, temporal, discursive, and pragmatic dimensions converge. This paper presents the design and 
methodological architecture of PRAGMACOR(Corpus Pragmatics and Telephone Interpreting: Analysis of Face-
Threatening Acts, Ref. PID2021-127196NA-I00), a multilingual corpus of interpreter-mediated public service 
telephone interactions (Chinese–Spanish, English–Spanish, French–Spanish, German–Spanish), as a case study 
in multimodal and plurilingual SSH infrastructure. 

The corpus integrates aligned audio recordings, orthographic transcriptions enriched with speech phenomena, 
temporal segmentation into speech acts, and multilayer pragmatic annotation of Face-Threatening Acts (FTAs), 
validated through a structured double-annotation and expert review process. Beyond textual data, the infrastructure 
captures prosodic overlap, turn-taking dynamics, and pragmatic mediation, enabling the study of cross-linguistic 
transfer and relational negotiation in asymmetrical institutional contexts. Datasets such as PRAGMACOR have 
proved essential to train LLMs for speech to speech translation (Sakai et al., 2024).  

Attention is given to the ethical and technical design of the corpus, including local automatic transcription, systematic 
removal of personal identifiable information, and irreversible voice anonymization through spectral and temporal 
signal transformation. These procedures ensure both research usability and compliance with responsible data 
governance principles. 

By conceptualising interpreter-mediated interaction as an acoustic-discursive multimodal object and plurilingual 
pragmatic process, this paper argues that PRAGMACOR provides a replicable model for the development of SSH-
oriented infrastructures capable of supporting advanced research in multilingual communication, discourse 
analysis, and future evaluation of language technologies. 

.  

Keywords: Multimodal corpus design, Pragmatic annotation, Pragmatics, Multilingual Corpus 

1. Introduction 
Multimodality has become a central concern in 
Social Sciences and Humanities (SSH) research, 
particularly in fields engaging with digital archives, 
visual culture, and computational text analysis. In 
many cases, multimodality is conceptualised as 
the integration of text and image, or more broadly, 
the combination of heterogeneous data formats 
within digital infrastructures. However, less 
attention has been paid to forms of multimodality 
that emerge in spoken institutional interaction, 
especially in settings where communication is 
mediated across languages. Interpreter-mediated 
telephone encounters constitute a distinctive 
multimodal environment in which acoustic signals, 
temporal organisation, discursive structure, and 
pragmatic negotiation interact in complex ways. 
Unlike face-to-face communication, telephone 
interaction lacks visual cues, yet it remains deeply 
multimodal. Meaning is co-constructed not only 

through lexical content but also through prosodic 
features, overlapping speech, turn-taking 
dynamics, and sequential organisation. When 
such interaction is mediated by an interpreter, an 
additional layer of complexity arises: linguistic 
transfer is intertwined with pragmatic mediation. 
Institutional asymmetries, face management, and 
relational positioning are negotiated across 
languages in real time, making these interactions 
particularly rich sites for examining multilingual 
and cross-cultural communication. 
Despite this complexity, many multilingual speech 
corpora remain primarily text-oriented in their 
analytical design. Audio recordings are often 
treated as sources for transcription rather than as 
integral components of a layered multimodal 
object. Furthermore, the pragmatic dimension of 
interaction—such as the management of Face-
Threatening Acts (FTAs), mitigation strategies, 
and relational effects—tends to be 
underrepresented in corpus infrastructures, even 
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though it plays a crucial role in institutional 
settings. 
This paper presents PRAGMACOR, a multilingual 
corpus of interpreter-mediated public service 
telephone interactions (English–Spanish, 
French–Spanish, German–Spanish, and 
Chinese–Spanish), as a case study in the design 
of a multimodal and plurilingual research 
infrastructure. The corpus integrates aligned 
audio recordings, temporally segmented 
transcripts, multilayer pragmatic annotation, and 
rigorous validation procedures, all within a 
framework that prioritises ethical data governance 
and long-term reusability. Rather than 
conceptualising multimodality as the juxtaposition 
of separate media, PRAGMACOR 
operationalises it as the structured integration of 
acoustic, temporal, discursive, and pragmatic 
layers. 
By foregrounding both multimodal architecture 
and plurilingual mediation, this paper argues that 
interpreter-mediated telephone interaction 
requires a reconceptualization of multimodal 
corpus design in SSH research. In doing so, it 
proposes an infrastructure model that is 
methodologically robust, ethically grounded, and 
adaptable to future developments in multilingual 
language technologies. 

2. Conceptualising Multimodality in 
Interpreter-Mediated Telephone 

Interaction 
Multimodality in SSH research has frequently 
been associated with the coexistence of distinct 
semiotic systems, most prominently text and 
image, within digital environments (Kress & van 
Leeuwen, 2006; Jewitt, 2014). These approaches 
have been particularly influential in media studies 
and visual communication. However, spoken 
institutional interaction—especially in telephone 
settings—calls for a broader understanding of 
modality. Rather than focusing on visual–textual 
combinations, interpreter-mediated telephone 
encounters reveal multimodality as the integration 
of acoustic, temporal, discursive, and pragmatic 
layers within a single interactional event. 
From an acoustic perspective, prosodic variation, 
pauses, hesitations, speech rate, and intonation 
contours contribute to the construction of stance, 
affect, and relational positioning. Overlapping 
speech, which is frequent in institutional 
telephone communication, signals alignment, 
interruption, urgency, or resistance. These 
features are not peripheral embellishments to 
linguistic content; they are constitutive elements 
of interactional meaning. 
At the temporal level, segmentation into speech 
acts and the organisation of turn-taking shape 
how institutional authority, accountability, and 
responsibility are negotiated. Telephone 

interaction unfolds in tightly structured 
sequences, where requests, clarifications, 
confirmations, and directives are embedded 
within institutional routines. When mediated by an 
interpreter, each segment is re-articulated across 
languages, introducing shifts in timing, emphasis, 
and pragmatic force. 
The discursive layer further complicates this 
configuration. Interpreter-mediated interaction is 
not a linear transfer of propositional content but a 
process of multilingual recontextualisation. 
Speech acts produced in one language are 
reformulated in another within an asymmetrical 
institutional framework. This reformulation may 
preserve, attenuate, or intensify pragmatic force, 
affecting how Face-Threatening Acts (FTAs) are 
perceived and negotiated by participants. 
In this sense, multimodality in interpreter-
mediated telephone interaction is not reducible to 
multiple media formats; it emerges from the 
structured interplay of acoustic signal, temporal 
alignment, discursive segmentation, and 
pragmatic annotation. Capturing this interplay 
requires an infrastructure capable of integrating 
audio, transcription, alignment, and multilayer 
analytical categories within a single environment. 
PRAGMACOR addresses this need by treating 
audio recordings not merely as sources for textual 
transcription, but as integral components of a 
multimodal research object. Through time-aligned 
segmentation and layered annotation, the corpus 
preserves the interactional architecture 
necessary for analysing how multilingual 
pragmatic mediation unfolds in institutional 
contexts. This design enables researchers to 
move beyond text-centric corpus analysis and 
engage with the dynamic, temporally situated 
nature of spoken communication. 

3. Multilingual and Multilayered 
Corpus Architecture 

PRAGMACOR has been designed as a 
multilingual and pragmatically annotated corpus 
of interpreter-mediated public service telephone 
interactions. The corpus currently includes 
interactions involving four language pairs—
English–Spanish, French–Spanish, German–
Spanish, and Chinese–Spanish—reflecting the 
linguistic diversity of institutional settings where 
telephone interpreting is deployed. This 
plurilingual configuration does not merely expand 
linguistic coverage; it enables the systematic 
study of cross-linguistic pragmatic mediation in 
comparable institutional scenarios. 
3.1 Multilingual design and validation 

procedures 
The corpus was developed through a structured 
annotation workflow involving professional 
transcribers and annotators who are Spanish 
speakers and native speakers of the respective 
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foreign language. Each language pair was 
supported by a dedicated team responsible for 
transcription, annotation, and review. 
To ensure methodological robustness, the 
annotation process followed a double-annotation 
protocol: each interaction was independently 
annotated by two bilingual annotators. In cases of 
discrepancy, annotations were merged through a 
semi-automated procedure that displayed 
divergent labels for adjudication. A third bilingual 
annotator validated the final decision, and an 
expert linguist supervised the process—
particularly during the initial phases—to reinforce 
shared criteria and resolve interpretative 
ambiguities. 
This layered validation structure reflects the 
interpretative nature of pragmatic annotation, 
where categorisation depends not only on formal 
linguistic features but also on contextual 
judgement and theoretical grounding (Ide & 
Pustejovsky, 2017). The use of double annotation 
and adjudication procedures aligns with 
established practices in corpus linguistics aimed 
at ensuring analytical reliability while 
acknowledging interpretative variability (Artstein 
& Poesio, 2008). 
3.2 Multilayer annotation and segmentation 
All transcription and annotation tasks were carried 
out using EXMARaLDA, a tool that enables the 
definition of multiple annotation tiers aligned to the 
same temporal axis. Each audio file was 
automatically converted into a structured template 
with predefined speaker roles and language 
layers. This configuration allowed annotators to 
segment speech into temporally bounded units 
corresponding, as far as possible, to single 
speech acts. 
Segmentation plays a crucial role in preserving 
the interactional architecture of telephone 
communication. Annotators were instructed to 
avoid including more than one speech act per 
segment and to limit segment duration, thereby 
facilitating subsequent pragmatic annotation. 
Because each speaker occupies a separate 
channel, overlapping speech can be represented 
explicitly, preserving the simultaneity 
characteristic of institutional telephone 
interaction. 
Beyond orthographic transcription—enriched with 
features such as false starts and filled pauses—
the corpus incorporates multilayer pragmatic 
annotation, including the identification and 
classification of FTAs. These annotations are 
anchored to specific time-aligned segments, 
ensuring that pragmatic interpretation remains 
tied to the acoustic and sequential context in 
which it occurs. 
3.3 Integration of automatic processing and 

ethical safeguards 

To optimise efficiency while maintaining data 
security, automatic transcription was performed 
locally using a Whisper model deployed on 
internal servers, preventing the transfer of 
sensitive audio data to third-party platforms. 
Automatically generated transcripts were 
subsequently revised by human annotators, 
reinforcing accuracy and contextual 
interpretation. 
Ethical design was central to the corpus 
architecture. All personal identifiable information 
(PII) was systematically replaced with dedicated 
tags in the transcripts. To ensure full 
anonymisation, a two-stage process was 
implemented at the audio level. First, time-aligned 
segments containing personal data were replaced 
with silence. Second, an irreversible voice 
anonymisation pipeline was applied, 
incorporating spectral and temporal signal 
transformations—including fundamental 
frequency modification and controlled 
perturbation—to prevent biometric re-
identification. 
By integrating automatic processing, multilayer 
annotation, bilingual validation, and irreversible 
anonymisation within a unified workflow, 
PRAGMACOR operationalises a model of 
multilingual and multimodal corpus design that 
balances methodological precision, interpretative 
depth, and responsible data governance. 

4. Plurilingual Pragmatic Mediation 
and Analytical Potential 

Interpreter-mediated institutional interaction is not 
merely multilingual communication; it is a process 
of plurilingual pragmatic mediation unfolding 
within asymmetrical institutional frameworks. In 
such settings, linguistic transfer is inseparable 
from relational negotiation. Requests, directives, 
explanations, and justifications are reformulated 
across languages in real time, often under 
conditions of urgency or vulnerability. Capturing 
this complexity requires analytical categories that 
move beyond lexical equivalence and address the 
management of face, authority, and 
accountability. 
Face-Threatening Acts (FTAs), understood as 
acts that potentially challenge a participant’s 
public self-image (Brown & Levinson, 1987), are 
particularly salient in institutional encounters, 
where obligations, refusals, procedural 
constraints, and evaluative statements are 
frequent. The annotation of FTAs within 
PRAGMACOR provides a structured entry point 
into this dimension. FTAs, understood as acts that 
potentially challenge a participant’s public self-
image, are particularly salient in institutional 
encounters, where obligations, refusals, 
procedural constraints, and evaluative statements 
are frequent. In interpreter-mediated telephone 
interaction, such acts are not simply reproduced 
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across languages; they are re-articulated. The 
interpreter’s rendition may preserve, mitigate, 
intensify, or subtly reframe the pragmatic force of 
the original utterance. 
This plurilingual re-articulation has several 
analytical implications. First, it enables the study 
of cross-linguistic pragmatic transfer: how 
degrees of imposition, politeness strategies, or 
mitigation devices shift when speech acts move 
between linguistic systems. Second, it allows for 
the examination of relational positioning within 
institutional asymmetries. Public service 
encounters often involve unequal access to 
knowledge, authority, or resources; the 
interpreter’s mediation can influence how these 
asymmetries are enacted discursively. 
Because PRAGMACOR integrates time-aligned 
audio, segmented speech acts, and multilayer 
pragmatic annotation, researchers can examine 
these processes at different levels of granularity. 
For instance, it becomes possible to trace how a 
directive produced in one language is segmented, 
reformulated, and sequentially embedded in the 
target language. Overlaps, hesitations, or 
prosodic cues can be analysed alongside 
pragmatic labels, preserving the interactional 
context in which mediation occurs. 
The plurilingual design of the corpus further 
expands its analytical scope. By including multiple 
language pairs involving Spanish as a common 
institutional language, PRAGMACOR facilitates 
comparative research across linguistic and 
cultural configurations. Patterns of mitigation, 
directness, or face management can be examined 
not only within individual interactions but also 
across language pairs, contributing to broader 
discussions on multilingual communication and 
cultural diversity in institutional contexts. 
Importantly, this analytical potential extends 
beyond traditional discourse analysis. The 
structured, validated annotation framework 
positions the corpus as a foundation for future 
interdisciplinary research, including the 
evaluation of computational tools aimed at 
modelling multilingual pragmatic phenomena. 
While the present paper focuses on infrastructural 
design, the layered architecture of PRAGMACOR 
makes it adaptable to emerging methodologies in 
multilingual language technologies, without 
reducing its interpretative depth. 
By conceptualising interpreter-mediated 
communication as plurilingual pragmatic 
mediation, PRAGMACOR demonstrates how 
multimodal corpus design can capture the 
relational and interactional dimensions of 
multilingual SSH research. Rather than treating 
language transfer as a neutral conduit of 
information, the corpus foregrounds the dynamic 
reconfiguration of meaning across languages and 
institutional roles. 

5. Ethical, Infrastructural and 
Methodological Implications for 

SSH Research 
The design of multilingual and multimodal corpora 
in institutional contexts entails specific 
methodological and ethical challenges. 
Telephone interpreting in public service settings 
frequently involves sensitive personal 
information, vulnerable populations, and 
asymmetric power relations. As a result, corpus 
development cannot be approached solely as a 
technical task; it must be embedded within a 
framework of responsible data governance and 
long-term research sustainability. 
PRAGMACOR addresses these challenges 
through a layered anonymisation strategy that 
operates at both textual and acoustic levels. 
Personal identifiable information is systematically 
replaced with dedicated tags in transcripts, while 
audio segments containing such information are 
removed through time-aligned silencing. 
Crucially, voice anonymisation is implemented 
through irreversible spectral and temporal 
transformations of the signal, preventing biometric 
re-identification while preserving interactional 
properties relevant to research. This dual 
approach allows the corpus to remain analytically 
usable without compromising participant privacy. 
From an infrastructural perspective, the 
integration of local automatic transcription tools 
with human validation procedures reflects a 
balanced model of technological support and 
expert interpretation. Automatic speech 
recognition accelerates processing while 
remaining embedded within a workflow that 
prioritises contextual judgement and theoretical 
grounding. Similarly, multilayer annotation in a 
time-aligned environment ensures that pragmatic 
categories remain anchored to the acoustic and 
sequential realities of interaction. 
Methodologically, the corpus illustrates the 
importance of treating annotation not as a neutral 
labelling exercise but as an interpretative practice 
requiring training, calibration, and adjudication. 
The double-annotation and review system 
implemented in PRAGMACOR underscores the 
complexity of pragmatic classification, particularly 
when applied across languages and institutional 
contexts. This design foregrounds transparency 
and reproducibility by making the decision-making 
process traceable and structured. 
Beyond its immediate analytical applications, the 
infrastructure proposed here has broader 
implications for SSH research. First, it offers a 
replicable model for integrating acoustic, 
temporal, discursive, and pragmatic layers within 
multilingual corpora. Second, it demonstrates how 
ethical safeguards can be embedded directly into 
the architecture of data processing rather than 
treated as external constraints. Third, it positions 
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interpreter-mediated interaction as a valuable site 
for studying multilingual communication in 
contexts where relational and institutional 
dynamics are central. 
As SSH research increasingly engages with 
multilingual data and computational tools, the 
need for robust, ethically grounded, and 
multimodally structured infrastructures becomes 
more pressing. By conceptualising telephone 
interpreting as a multimodal and plurilingual 
object of study, PRAGMACOR contributes to this 
emerging landscape, providing a framework that 
supports both fine-grained discourse analysis and 
future interdisciplinary collaboration. 

6. Bibliographical References  
Artstein, R., & Poesio, M. (2008). Inter-coder 
agreement for computational linguistics. 
Computational Linguistics, 34(4), 555–596. 
https://doi.org/10.1162/coli.07-034-R2 
Brown, P., & Levinson, S. C. (1987). Politeness: 
Some universals in language usage. Cambridge 
University Press. 
Ide, N., & Pustejovsky, J. (2017). Handbook of 
linguistic annotation. Springer. 
https://doi.org/10.1007/978-94-024-0881-2 
Jewitt, C. (Ed.). (2014). The Routledge handbook 
of multimodal analysis (2nd ed.). Routledge. 
Kress, G., & van Leeuwen, T. (2006). Reading 
images: The grammar of visual design (2nd ed.). 
Routledge. 
Sakai, Y., Makinae, M., Kamigaito, H., Watanabe, 
T. (2024).  Simultaneous Interpretation Corpus 
Construction by Large Language Models in 
Distant Language Pair.  arXiv:2404.12299. 
https://doi.org/10.48550/arXiv.2404.12299 
 

157



Proceedings of Shaping Multilingual, Multimodal AI for the Social Sciences and Humanities (LLMs4SSH) @ LREC 2026, pages 158–169
11 May 2026. ©ELRA Language Resources Association (ELRA), 2026

Toward Responsible and Epistemically Grounded Multilingual LLMs
for Computational Social Science and Humanities

Wajdi Zaghouani
Northwestern University in Qatar

wajdi.zaghouani@northwestern.edu
Abstract

Large language models have rapidly evolved in multilingual competence and reasoning capacity, enabling their
integration into Social Sciences and Humanities research workflows. Yet existing evaluation paradigms remain
anchored in task-based NLP benchmarks and fail to address interpretive validity, cultural situatedness, and
epistemic mediation. This paper reconceptualizes multilingual reasoning LLMs as hermeneutic instruments that
actively structure meaning production across linguistic and cultural contexts. Drawing on hermeneutics, philosophy
of technology, science and technology studies, multilingual NLP research, and computational social science
methodology, we develop a theoretically grounded framework for evaluating multilingual reasoning in Social Sciences
and Humanities (SSH) research. We articulate a rigorous experimental protocol with operationalized metrics for
cultural alignment, cross-lingual stability, and reasoning faithfulness, along with transparency requirements tailored to
interpretive research tasks. We illustrate the framework through a concrete application scenario involving multilingual
political discourse analysis. The paper contributes a conceptual and methodological foundation for responsible
integration of multilingual reasoning LLMs into computational social science infrastructures.

Keywords: multilingual LLMs, hermeneutic instruments, computational social science, reasoning faithful-
ness, cultural alignment, epistemic evaluation

1. Introduction

The development of transformer-based large lan-
guage models has reconfigured the technical land-
scape of language processing. Models trained
on large-scale multilingual corpora demonstrate
zero-shot transfer, in-context learning, and chain-
of-thought reasoning capacities across a growing
number of languages (Brown et al., 2020; Chowd-
hery et al., 2023; Wei et al., 2022; Touvron et al.,
2023). These advances have prompted increasing
adoption of LLMs in domains beyond traditional
NLP, including political science, sociology, commu-
nication studies, digital humanities, and cultural
analytics.

Recent work demonstrates that LLMs can assist
in text annotation, survey simulation, and qualita-
tive coding tasks (Argyle et al., 2023; Gilardi et al.,
2023; Ziems et al., 2024). The computational so-
cial science community has begun systematically
examining how LLMs can transform research work-
flows, with emerging evidence showing that zero-
shot LLMs can achieve fair levels of agreement
with humans on taxonomic labeling tasks while pro-
ducing explanations that sometimes exceed crowd-
worker quality (Ziems et al., 2024). Wilkerson and
Casas (2017) documented the growing importance
of large-scale computerized text analysis in political
science, and LLMs represent the latest methodolog-
ical frontier in this trajectory. However, performance
improvements on benchmarks do not directly trans-
late into epistemic adequacy for Social Sciences
and Humanities (SSH) research. Interpretive anal-
ysis in social science is not merely a classifica-

tion task. It involves contextualization, reflexivity,
and engagement with culturally embedded mean-
ing structures.

Multilingual reasoning models introduce addi-
tional complexity. Although models demonstrate
cross-lingual competence, research consistently
documents uneven performance across languages
and structural inequalities in training data (Joshi
et al., 2020; Blasi et al., 2022). The most widely
used datasets in natural language processing cur-
rently represent only a handful of data-rich lan-
guages, and the datasets used for instruction
fine-tuning are almost entirely focused on English
(Singh et al., 2024). Cultural alignment and inter-
pretive fidelity cannot be assumed on the basis of
benchmark scores.

This paper advances the argument that multi-
lingual reasoning LLMs should be conceptualized
as hermeneutic instruments. Rather than treat-
ing them as neutral analytic tools, we frame them
as mediators that shape interpretive horizons in
computational social science. This reframing has
methodological implications for evaluation design,
transparency practices, and epistemic accountabil-
ity. As Rockwell and Sinclair (2016) demonstrate
in their foundational work on computer-assisted in-
terpretation, computational tools do not simply pro-
cess texts but actively structure interpretive possibil-
ities. This perspective aligns with Moretti’s (2013)
notion of “distant reading,” which acknowledges
that computational approaches to text involve fun-
damental shifts in how texts are apprehended.

The contribution is fourfold. First, we articulate
a philosophy of technology-grounded account of
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multilingual LLM mediation in SSH research. Sec-
ond, we provide an empirically informed analysis of
cultural bias in multilingual models, with particular
attention to non-Western language contexts. Third,
we propose a detailed methodological framework
with operationalized metrics for evaluating multi-
lingual reasoning models in interpretive contexts,
illustrated through a concrete application scenario.
Fourth, we identify epistemic and ethical implica-
tions that extend beyond technical evaluation and
offer concrete recommendations for the SSH re-
search community.

2. Hermeneutics and Computational
Mediation

Hermeneutic philosophy offers a foundational lens
for understanding interpretation as historically and
culturally situated. Gadamer (1975) emphasizes
that understanding occurs through a fusion of hori-
zons between interpreter and text. Ricoeur (1976)
similarly frames interpretation as a dialectical pro-
cess that unfolds between explanation and under-
standing. In hermeneutic thought, interpretation
is never extraction of fixed meaning but a produc-
tive act shaped by presuppositions and contextual
frames.

The interpretive act is structured by mediating
conditions, including language, tradition, and insti-
tutional practice. As scholars in digital humanities
have argued, computational text analysis necessar-
ily involves hermeneutical operations: the creation
of vector space models, topic models, or neural rep-
resentations should be understood as interpreta-
tions that reinscribe texts into new analytical forms
(Kuhn, 2019; van Zundert, 2016). When compu-
tational systems are introduced into interpretive
workflows, they become part of these mediating
conditions. Their architectures encode statistical
regularities derived from training data, reflecting his-
torically contingent distributions of language use,
cultural representation, and epistemic dominance.
Kuhn (2019) identifies a central tension in digital
humanities between hermeneutic traditions of text
interpretation and method-oriented research strate-
gies in computational linguistics.

The philosophical insight that instruments medi-
ate rather than passively transmit phenomena is re-
inforced in science and technology studies. Latour
(1987) argues that scientific instruments transform
the entities they measure. Ihde (1990) develops
this insight through the concept of “technological in-
tentionality,” suggesting that instruments structure
perception and interpretation in ways that are not
fully transparent to users. Winner (1980) further
demonstrates that technological artifacts embody
political and social values.

Applying this perspective to multilingual reason-

ing LLMs shifts the analytical focus. The cen-
tral question becomes not only whether the model
performs accurately but how it structures interpre-
tive possibilities. When an LLM summarizes po-
litical discourse in Arabic, reconstructs an argu-
ment in French, or attributes causality in English,
it does so through latent statistical priors shaped
by its training distribution. These priors influence
what counts as salient, coherent, or plausible.
What Gadamer called the interpreter’s “effective-
historical consciousness” finds a distorted ana-
logue in the model’s training distribution: the model
interprets through a horizon constituted not by lived
experience but by the statistical regularities of its
corpus, weighted by the demographic and linguistic
composition of its data sources.

3. Multilingual Representation and
Structural Inequality

The multilingual capacity of LLMs is often framed
as evidence of inclusivity and global reach. How-
ever, empirical research in NLP highlights persis-
tent structural asymmetries. Joshi et al. (2020)
document severe disparities in resource availability
and benchmark inclusion across languages, cat-
egorizing the world’s languages into a taxonomy
where the vast majority remain “left-behind” in NLP
research. Blasi et al. (2022) demonstrate that En-
glish plays a disproportionate role in shaping mul-
tilingual model performance, leading to what they
describe as the unreasonable effectiveness of En-
glish in cross-lingual transfer.

Bender et al. (2021) argue that large-scale
language models reflect the biases and imbal-
ances of their training data. The Aya initiative
represents an important effort to address these
gaps through community-driven multilingual in-
struction tuning across 101 languages, yet signifi-
cant disparities persist (Singh et al., 2024; Üstün
et al., 2024). Community-driven efforts such as
Masakhane, which focuses on NLP for African lan-
guages, demonstrate the importance of participa-
tory approaches that involve native speakers as re-
searchers rather than merely data providers (Orife
et al., 2020; Adelani et al., 2021).

In multilingual reasoning contexts, these struc-
tural asymmetries have interpretive implications.
Cross-lingual reasoning tasks often rely on transla-
tion or transfer learning. Yet semantic equivalence
does not guarantee cultural equivalence. Research
on cultural alignment demonstrates that multilingual
capability does not imply multicultural understand-
ing: LLMs trained primarily on English data consis-
tently align with Western, particularly US-centric,
cultural values even when generating content in
other languages (Rystrøm et al., 2025; Tao et al.,
2024). Li et al. (2024) find that LLMs inherit and am-

159



plify cultural patterns present in their training data,
replicating cross-cultural personality differences
while overrepresenting Western perspectives due
to English-dominant corpora.

For computational social science, this is partic-
ularly significant. Comparative political analysis
depends on detecting differences in framing, nar-
rative structure, and causal attribution. Following
Entman’s (1993) influential framework, framing in-
volves selecting and making salient certain aspects
of perceived reality to promote particular problem
definitions, causal interpretations, moral evalua-
tions, and treatment recommendations. Chong and
Druckman (2007) further demonstrate how framing
shapes public opinion formation. If multilingual rea-
soning models encode dominant cultural frames
more strongly than minority ones, cross-national
comparison may inadvertently reflect model priors
rather than empirical reality. Prior work on annotat-
ing stance, sentiment, and framing in Arabic social
media discourse (Laabar and Zaghouani, 2024)
illustrates how culturally specific interpretive cat-
egories can diverge substantially from categories
developed in English-language contexts.

Existing multilingual benchmarks such as XNLI
(Conneau et al., 2018) provide valuable infrastruc-
ture for evaluating cross-lingual transfer but focus
primarily on natural language inference rather than
culturally situated interpretation. The MBBQ bench-
mark demonstrates that bias patterns differ substan-
tially across languages (Neplenbroek et al., 2024).
SSH-specific evaluation requires extending these
resources to capture interpretive validity.

4. Cultural Bias as Epistemic
Distortion

The abstract concern about cultural homogeniza-
tion in multilingual models is supported by a grow-
ing body of empirical work that deserves careful
attention from the SSH community. Naous et al.
(2024) introduce CAMeL, a benchmark of naturally
occurring prompts and entities contrasting Arab and
Western cultures, and demonstrate that both multi-
lingual and Arabic monolingual language models
exhibit systematic bias toward entities associated
with Western culture. When prompted in Arabic
to complete sentences about food, beverages, or
personal names, models disproportionately gen-
erate Western-associated responses rather than
culturally appropriate Arab alternatives. This bias
persists even in models specifically fine-tuned for
Arabic, suggesting that the issue runs deeper than
surface-level language competence.

The origins of these biases have been further
investigated by Naous and Xu (2025), who find
that language models struggle particularly with
Arabic entities that appear at high frequencies

in pre-training data, where such entities exhibit
strong word polysemy. Their analysis reveals that
frequency-based tokenization contributes to this
problem, and that performance gaps between Arab
and Western cultural entities are smaller when
models are tested in English compared to Arabic.
This finding has a striking implication for SSH re-
searchers: a model may appear culturally compe-
tent when evaluated in English but reveal significant
cultural blind spots when operating in the target lan-
guage of analysis.

Large-scale evaluations reinforce these findings.
Sukiennik et al. (2025) conduct the first compre-
hensive assessment of cultural value alignment
across 20 countries and 10 LLMs using Hofstede’s
Values Survey Module, finding that model outputs
converge toward a moderate cultural middle ground
and that the United States is consistently the best-
aligned country across models. Critically, models
regardless of their country of origin align better
with US cultural values than with the values of their
home countries, suggesting that the dominance of
English-language training data creates a structural
gravitational pull toward Western cultural norms.

These empirical findings have direct methodolog-
ical consequences for SSH research. A researcher
using an LLM to analyze political discourse across
Arabic-speaking countries may encounter a model
that systematically underweights culturally spe-
cific concepts, prioritizes Western-normative fram-
ings, or generates interpretive outputs that obscure
genuine cross-cultural variation. Work on multi-
dialectal Arabic hate speech detection (Charfi et al.,
2024a) and cross-domain stance analysis (Charfi
et al., 2024b) has shown that even within a sin-
gle language, dialectal and cultural variation can
substantially affect model performance and anno-
tation validity. For disciplines such as compara-
tive politics, area studies, and cultural sociology,
where the detection of culturally specific meaning is
the primary research objective, these biases repre-
sent not merely technical limitations but epistemic
threats to the validity of findings.

5. Reasoning, Explanation, and
Epistemic Authority

Chain-of-thought prompting has been shown to im-
prove reasoning performance in large language
models (Wei et al., 2022). Generating intermediate
steps appears to enhance accuracy on arithmetic
and logical tasks. However, Turpin et al. (2023)
demonstrate that reasoning traces may not reli-
ably correspond to internal inference processes.
Their experiments reveal that LLMs can produce
chain-of-thought explanations that are systemati-
cally unfaithful, influenced by biasing features in
inputs that models fail to mention in their expla-
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nations. When models are biased toward incor-
rect answers through manipulated prompts, they
frequently generate plausible-sounding reasoning
that rationalizes those incorrect answers, causing
accuracy to drop by as much as 36% on benchmark
tasks.

This finding has been corroborated by Lanham
et al. (2023), who develop multiple metrics for as-
sessing chain-of-thought faithfulness and find sub-
stantial variation across tasks in how strongly mod-
els condition on their stated reasoning when predict-
ing answers. Their experiments introduce perturba-
tions to chain-of-thought outputs, such as adding
mistakes or paraphrasing, to measure whether
models genuinely rely on their stated reasoning.
Critically, as models become larger and more capa-
ble, they sometimes produce less faithful reasoning
on certain tasks, raising concerns about the inverse
scaling of interpretability.

For SSH research, reasoning traces may acquire
epistemic authority. When a model provides a struc-
tured explanation of why a political actor adopts a
particular stance, researchers may treat the rea-
soning as analytically meaningful. Yet if reason-
ing traces are post-hoc constructions optimized for
plausibility rather than grounded inference, their in-
terpretive status must be critically examined. Zheng
et al. (2023) further demonstrate that LLM-based
evaluators can introduce systematic biases in judg-
ing outputs, including position bias, verbosity bias,
and self-enhancement bias. Chen et al. (2024) and
Gu et al. (2024) identify twelve distinct types of bias
that can undermine LLM-as-judge reliability.

The faithfulness problem intersects with multi-
lingual reasoning in ways that remain underex-
plored. When a model reasons in a language other
than English, it may rely more heavily on trans-
ferred English-language priors, producing reason-
ing traces that appear coherent in the target lan-
guage but are actually anchored in English-centric
conceptual structures. This creates a particularly in-
sidious form of epistemic distortion: the model may
generate culturally inappropriate interpretations ac-
companied by fluent, seemingly well-reasoned ex-
planations that mask the underlying cultural mis-
alignment. SSH researchers lack adequate tools
to detect when this form of cross-lingual reasoning
contamination is occurring, making the develop-
ment of language-specific faithfulness metrics an
urgent priority.

6. LLMs in Computational Social
Science

Before articulating an evaluation framework, it is
important to survey how LLMs are currently being
deployed in SSH research. The use of LLMs for
text annotation has expanded rapidly, with stud-

ies demonstrating that GPT-4 can achieve annota-
tion accuracy comparable to or exceeding human
crowdworkers across multiple tasks (Gilardi et al.,
2023; Heseltine and Clemm von Hohenberg, 2024).
Tornberg (2023) provides evidence that ChatGPT-
4 achieves higher accuracy, higher reliability, and
equal or lower bias than human classifiers. Rathje
et al. (2024) demonstrate that GPT is effective for
multilingual psychological text analysis across 12
languages.

Egami et al. (2024) develop a rigorous statisti-
cal framework for using LLM annotations in down-
stream social science analysis, showing that ignor-
ing prediction errors from automated annotation
can lead to substantial bias, invalid confidence in-
tervals, and inaccurate p-values. Carlson and Bur-
bano (2025) extend this line of work by developing
foundational guidelines for using LLMs to annotate
data in management research, demonstrating that
subtle implementation choices, including prompt
wording, model version, and parameter settings,
can significantly affect not only annotation accu-
racy but also downstream research conclusions.

However, research also reveals that LLMs ex-
hibit party cue biases when annotating political
content (Vallejo Vera et al., 2025). For qualita-
tive research, Hayes (2025) argues that LLMs en-
able researchers to “converse” with qualitative data
in unprecedented ways, but this capability comes
with risks: LLMs may impose interpretive frame-
works that do not align with the cultural contexts
being studied. The codebook-following capabili-
ties of LLMs have been systematically examined by
Halterman and Keith (2024), who find that provid-
ing detailed social science codebooks significantly
improves classification performance. Ollion et al.
(2023) urge researchers to “mind the hype,” noting
that performance varies considerably across tasks
and contexts.

An emerging concern involves the propagation
of methodological choices through the research
pipeline. When LLM annotations serve as inputs
to regression models, hypothesis tests, or causal
inference procedures, even small systematic bi-
ases can compound. Egami et al. (2024) propose
design-based supervised learning (DSL) as a cor-
rection mechanism, but this requires a subsample
of gold-standard human annotations. For multilin-
gual SSH research, the practical challenge is acute:
obtaining high-quality human annotations in mul-
tiple languages and cultural contexts is precisely
the bottleneck that motivates LLM adoption in the
first place. This creates a methodological circu-
larity that the field must address through creative
experimental designs, such as stratified validation
sampling that ensures adequate representation of
culturally distinctive categories.
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7. Methodological Framework with
Operationalized Metrics

This section outlines an experimental protocol for
evaluating multilingual reasoning LLMs in compu-
tational social science contexts, with concrete oper-
ationalized metrics addressing cultural alignment,
cross-lingual stability, and reasoning faithfulness.

Corpus Construction and Documentation. A
valid multilingual evaluation requires corpora com-
posed of native language texts rather than trans-
lated benchmarks. The distinction between na-
tive and translated evaluation materials is critical:
translated benchmarks inherit the conceptual cate-
gories and pragmatic assumptions of their source
language, introducing systematic confounds into
cross-lingual evaluation. Documents should be
sampled from comparable genres across linguis-
tic contexts, where “comparable” is defined by
functional equivalence (texts serving similar com-
municative purposes in their respective societies)
rather than semantic equivalence (texts expressing
the same propositional content). Following Bender
and Friedman (2018), researchers should provide
comprehensive Data Statements documenting: (a)
curation rationale, (b) language variety with dialect
specification, (c) speaker demographics, (d) anno-
tator demographics, (e) speech situation context,
and (f) text characteristics. This documentation
standard, along with Model Cards (Mitchell et al.,
2019), ensures transparency about the populations
represented in evaluation data.

Annotation Schema. Interpretive tasks must
be grounded in established SSH theory. For polit-
ical discourse analysis, tasks may include frame
identification following Entman’s (1993) four func-
tions. Annotation guidelines should be developed
collaboratively with native speaker experts. The dis-
tinction between “universal label assumptions” and
“codebook-contextual label assumptions” is crucial
(Halterman and Keith, 2024). Universal label as-
sumptions treat annotation categories as cross-
culturally stable, whereas codebook-contextual as-
sumptions recognize that categories may require
adaptation to local meaning systems. Multiple an-
notators per language should independently code
a subset of the corpus to establish reliability. Fol-
lowing Krippendorff (2004), we adopt the standard
thresholds of Krippendorff’s alpha ≥ 0.67 for ten-
tative or exploratory conclusions and ≥ 0.80 for
confirmatory research where findings will inform
substantive claims.

Cultural Alignment Metrics. To operationalize
cultural alignment, we propose measuring the dis-
tance between model-predicted attitude or value
distributions and population benchmarks from val-
idated cross-cultural surveys such as the World
Values Survey (WVS) or European Social Survey

(ESS). Specifically:
• KL Divergence: DKL(Ppopulation||Pmodel)

where Ppopulation represents the distribution
of responses on a value dimension (e.g., tradi-
tional vs. secular-rational values) from WVS
respondents in the target culture, and Pmodel

represents the distribution of model outputs
on comparable items. Lower values indicate
better alignment. We propose a threshold of
DKL < 0.1 nats as a starting point; this value
should be calibrated empirically through pilot
studies, as the appropriate threshold will vary
by task and domain.

• Earth Mover’s Distance (EMD): For ordinal
scales, EMD provides an interpretable met-
ric of the “work” required to transform model
distributions into population distributions.

• Cultural Bias Score: Following Naous et al.
(2024), researchers should additionally com-
pute entity-level bias scores comparing model
performance on culturally specific entities (e.g.,
Arab vs. Western food items, names, or loca-
tions) to detect systematic cultural skew that
aggregate distributional metrics may obscure.

Cross-Lingual Stability Metrics. Cross-lingual
stability measures whether model performance and
interpretive outputs remain consistent across lan-
guages for semantically equivalent inputs. We pro-
pose:

• Variance decomposition: Using mixed-effects
models with language as a random ef-
fect, decompose total variance into between-
language (σ2

language) and within-language
(σ2

residual) components. The intraclass correla-
tion coefficient (ICC) = σ2

language/(σ
2
language +

σ2
residual) quantifies the proportion of variance

attributable to language. Following conven-
tions in reliability research (Cicchetti, 1994),
ICC > 0.10 suggests that language identity
explains a non-trivial share of variance, war-
ranting investigation of language-specific per-
formance differences.

• Pairwise agreement: For each language pair,
compute Cohen’s kappa between model out-
puts on parallel test items. Mean pairwise
kappa ≥ 0.60 indicates acceptable stability.

• Language-direction asymmetry: For each lan-
guage pair, compare model performance when
the task is formulated in language A versus
language B. Asymmetric performance (e.g.,
consistently higher accuracy when prompting
in English than in Arabic for the same under-
lying task) may indicate reliance on English-
language priors rather than genuine multilin-
gual competence.
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Reasoning Faithfulness Assessment. Follow-
ing Turpin et al. (2023) and Lanham et al. (2023),
we recommend three perturbation families:

• Bias injection: Introduce irrelevant features
(e.g., suggested answers, social cues) into
prompts. If model answers change but ex-
planations do not acknowledge the influence,
faithfulness is compromised. Acceptance cri-
terion: answer stability ≥ 90% under bias in-
jection.

• Reasoning corruption: Introduce errors into
chain-of-thought traces and measure whether
final answers change correspondingly. If an-
swers remain stable despite corrupted reason-
ing, the model is not genuinely conditioning on
its explanations.

• Cross-lingual reasoning transfer: Present the
same reasoning task in multiple languages
and compare not only final answers but the
structure and content of reasoning traces. Di-
vergent reasoning paths for semantically equiv-
alent inputs may reveal language-dependent
reasoning strategies that compromise cross-
lingual interpretive consistency.

Relationship to Existing Frameworks. Our
framework complements rather than replaces ex-
isting evaluation paradigms. The Holistic Evalua-
tion of Language Models (HELM) framework (Liang
et al., 2023) provides infrastructure for multi-metric
evaluation including fairness and robustness; we
extend this by adding SSH-specific interpretive di-
mensions. XNLI (Conneau et al., 2018) and related
benchmarks provide cross-lingual NLU baselines;
our framework adds culturally grounded interpretive
tasks. The CAMeL benchmark (Naous et al., 2024)
and the cultural alignment evaluations by Sukien-
nik et al. (2025) provide complementary tools for
assessing entity-level cultural bias and value-level
cultural alignment respectively; our framework inte-
grates both granularity levels within a unified SSH
evaluation pipeline.

Transparency and Reproducibility. Re-
searchers must log prompts, outputs, timestamps,
model versions, and decoding parameters. For pro-
prietary models, researchers should test for consis-
tency across sessions and document any detected
model updates (Linegar et al., 2023). Following
Abdurahman et al. (2025), researchers should re-
port disaggregated results across languages and
demographic categories represented in texts. Carl-
son and Burbano (2025) recommend systematic
sensitivity analysis across prompt formulations; we
adopt this as a core principle: SSH researchers
should routinely test at least three prompt variants
per annotation task and report the range of results
obtained.

8. Illustrative Application:
Multilingual Political Discourse

Analysis

To demonstrate how the proposed framework can
be applied in practice, we outline a concrete re-
search scenario involving multilingual political fram-
ing analysis, a common task in computational social
science.

Research question. How do news media in
Arabic, English, and French frame immigration pol-
icy debates, and can LLMs reliably identify these
frames across languages?

Step 1: Corpus construction. The researcher
assembles native-language editorial articles from
major outlets in each language (e.g., Al Jazeera
Arabic, The Guardian, Le Monde). Crucially, these
are not translations but independently authored
texts addressing immigration in their respective na-
tional contexts. A Data Statement (Bender and
Friedman, 2018) documents language variety (e.g.,
Modern Standard Arabic vs. Gulf dialect), publica-
tion period, editorial stance distribution, and any
known ideological affiliations.

Step 2: Annotation schema development.
Frame categories are developed collaboratively
with area specialists in each language community,
following Entman’s four framing functions (prob-
lem definition, causal attribution, moral evaluation,
treatment recommendation). The schema is piloted
with native-speaker annotators. Suppose inter-
annotator reliability yields Krippendorff’s α = 0.74
for Arabic, α = 0.82 for English, and α = 0.78 for
French. Following Krippendorff (2004), the Ara-
bic and French scores fall in the tentative range
(0.67–0.80) and are acceptable for exploratory anal-
ysis but would require refinement for confirmatory
claims. The English score exceeds 0.80 and sup-
ports stronger conclusions.

Step 3: Cultural alignment check. Before
deploying LLMs for full-corpus annotation, the re-
searcher tests cultural alignment on a probe set of
50 items per language containing culturally spe-
cific entities and concepts. Using the Cultural
Bias Score method from CAMeL (Naous et al.,
2024), the researcher discovers that the model
assigns Western-normative immigration framings
(e.g., “economic burden”) at higher rates in Arabic
than Arabic-speaking annotators do, revealing a
systematic cultural skew that would contaminate
cross-national comparisons if left uncorrected.

Step 4: Cross-lingual stability assessment.
The researcher identifies a subset of 30 parallel
items (events covered in all three languages) and
computes pairwise Cohen’s κ between LLM annota-
tions across languages. If English-French κ = 0.72
but English-Arabic κ = 0.51, this asymmetry sig-
nals that the model’s Arabic frame identification is
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substantially less stable, likely reflecting weaker
Arabic-language priors.

Step 5: Reasoning faithfulness test. For
a subsample of items, the researcher requests
chain-of-thought explanations and applies bias in-
jection (prepending a suggested frame label). If the
model’s frame assignments shift in 25% of Arabic
cases but only 8% of English cases under bias injec-
tion, this reveals language-dependent faithfulness,
a red flag for cross-lingual interpretive validity.

Step 6: Reporting. The researcher documents
all findings in the Epistemic Risk Register (Sec-
tion 9), reports disaggregated metrics, and quali-
fies cross-lingual conclusions appropriately. The
Arabic frame analysis is presented with explicit
caveats about reduced stability and cultural align-
ment, while the English-French comparison re-
ceives stronger interpretive weight.

This scenario illustrates that the framework is
implementable with modest resources: the probe
sets and parallel items are small (50 and 30 items
respectively), the statistical tests are standard, and
the primary investment is in recruiting area special-
ists for schema development and cultural probing
rather than in large-scale annotation.

9. Epistemic and Ethical Implications

The integration of multilingual reasoning LLMs into
SSH research introduces epistemic and ethical con-
siderations that extend beyond technical evalua-
tion.

Cultural homogenization risk arises when domi-
nant language priors shape interpretation across
contexts. Models trained primarily on English data
may impose Western conceptual frameworks on
texts from other cultural traditions. Research on
cultural alignment reveals that even when generat-
ing content in non-English languages, LLMs often
reflect the value systems of English-speaking coun-
tries (Tao et al., 2024). The empirical findings from
Naous et al. (2024) and Sukiennik et al. (2025)
demonstrate that this risk is not hypothetical but
measurable.

Authority displacement may occur if model out-
puts are treated as objective rather than mediated.
Hayes (2025) cautions that while LLMs offer pow-
erful capabilities for engaging with qualitative data,
researchers must maintain critical awareness that
model outputs reflect training distributions rather
than unmediated access to textual meaning. The
risk is amplified when LLMs are used both to gen-
erate and evaluate interpretive claims, creating
closed loops that may reinforce rather than interro-
gate model priors (Zheng et al., 2023). Experience
from large-scale annotation projects involving cul-
turally sensitive content, such as hate speech anno-
tation, has shown that even human annotators are

affected by emotional toll and interpretive fatigue
(Al Emadi and Zaghouani, 2024), underscoring the
need for careful oversight whether annotation is
performed by humans or machines.

Reproducibility challenges emerge when propri-
etary models are updated without transparency
(Bommasani et al., 2021). Open-source models of-
fer greater stability and control, but even these are
subject to community-driven updates and version
proliferation.

The reliability of survey-based methods for as-
sessing cultural alignment itself warrants critical
examination. Recent work has challenged assump-
tions that cultural alignment is a stable property
of models rather than an artifact of evaluation de-
sign, and that alignment on one set of cultural di-
mensions predicts alignment on others. Empirical
tests reveal significant instability across presenta-
tion formats and incoherence between evaluated
and held-out cultural dimensions, reinforcing the
need for multi-method evaluation approaches.

We propose an Epistemic Risk Register that
SSH researchers should complete when deploying
multilingual LLMs:

1. Codebook provenance: Who defined the anno-
tation categories? Were native speakers from
target cultures involved?

2. Cultural stakeholder engagement: How were
affected communities consulted in evaluation
design?

3. Disaggregation requirements: What subgroup
analyses are required to detect differential per-
formance?

4. Model update monitoring: What procedures
exist to detect and document model changes
over time?

5. Interpretive authority: How are model outputs
positioned relative to human expert judgment?

6. Prompt sensitivity documentation: Were multi-
ple prompt formulations tested, and what was
the range of variation in results?

7. Cultural alignment verification: Were model
outputs assessed for systematic cultural bias
using established benchmarks or domain-
appropriate cultural probes?

10. Toward SSH-Specific Benchmarks

The framework proposed here highlights a signifi-
cant gap in the current evaluation landscape: the
absence of benchmarks specifically designed for
SSH interpretive tasks. Existing multilingual bench-
marks primarily assess factual knowledge retrieval,
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natural language inference, or commonsense rea-
soning. While these capabilities are necessary for
SSH applications, they are insufficient.

We identify four properties that SSH-specific
benchmarks should exhibit. First, interpretive plu-
ralism: tasks should admit multiple defensible an-
swers rather than a single correct response. Eval-
uation metrics should reward appropriate uncer-
tainty and penalize unwarranted confidence. Sec-
ond, cultural grounding: benchmark items should
be developed in their target languages by domain
experts embedded in the relevant cultural con-
texts, not translated from English-language orig-
inals. Third, theoretical anchoring: annotation cat-
egories should derive from established SSH theo-
retical frameworks rather than ad hoc classification
schemes. Fourth, ecological validity: test materials
should be drawn from the actual text genres that
SSH researchers analyze (parliamentary debates,
news editorials, social media discourse, interview
transcripts) rather than synthetic inputs.

The development of such benchmarks requires
sustained collaboration between NLP researchers
and SSH scholars. Kuhn (2019) identifies the
scheduling dilemma that arises when computa-
tional methods require early specification while
hermeneutic approaches prefer late specifica-
tion as understanding develops. We propose
that benchmark development adopt an iterative
co-design methodology. Community-driven ap-
proaches exemplified by Masakhane (Orife et al.,
2020) and the Aya initiative (Singh et al., 2024;
Üstün et al., 2024) should inform how native speak-
ers and SSH scholars from underrepresented lan-
guage communities participate in benchmark de-
velopment as researchers rather than merely as
annotators.

11. Practical Guidance for
Resource-Constrained Settings

A realistic concern, raised in the evaluation of this
framework, is that the full protocol may be infeasi-
ble for researchers lacking access to large multi-
lingual annotator pools, validated cultural survey
data, or extensive computational resources. We
address this by proposing a tiered implementation
approach.

Minimum viable evaluation (Tier 1). Even with
limited resources, researchers can implement three
basic checks: (a) test at least three prompt variants
per task and report variance across formulations,
following Carlson and Burbano (2025); (b) com-
pute cross-lingual agreement on a small parallel
set (as few as 20 items) to flag gross instability;
and (c) inspect a sample of reasoning traces for
obvious cultural misalignment using researcher do-
main expertise. These steps require no specialized

infrastructure and can be completed in hours.
Standard evaluation (Tier 2). With moder-

ate resources, researchers add: (a) formal inter-
annotator reliability with native speakers (minimum
two annotators per language, 100 item subsample);
(b) cultural bias probing using entity substitution
(comparing model behavior on culturally specific
vs. Western entities); and (c) bias injection tests on
a subsample of reasoning tasks. This tier requires
collaborators in each target language community
but no large-scale data collection.

Full protocol (Tier 3). The complete framework
as described in Section 6, including population-
level cultural alignment metrics using WVS or ESS
data, formal variance decomposition, and compre-
hensive faithfulness testing. This tier is appropriate
for high-stakes research projects with dedicated
evaluation budgets.

This tiered approach ensures that even re-
searchers with minimal resources can incorporate
epistemic accountability into their workflows, while
providing a clear path for scaling evaluation rigor
as resources allow.

12. Implications for the SSH
Research Agenda

Realizing the potential of multilingual reasoning
LLMs for SSH research requires developing shared
infrastructure for documenting model configura-
tions, logging experimental procedures, and archiv-
ing annotation materials. We recommend that SSH
researchers adopt Data Statements (Bender and
Friedman, 2018) and Model Cards (Mitchell et al.,
2019) as minimum documentation standards, ex-
tended with the epistemic risk register proposed
above.

The field would benefit from establishing multilin-
gual LLM evaluation consortia that pool expertise
across language communities and SSH disciplines.
Such consortia could maintain living benchmarks
that evolve alongside model capabilities, conduct
regular cross-model comparative evaluations on
SSH-relevant tasks, and develop shared annota-
tion resources that reduce the per-project cost of
multilingual validation.

We further recommend that SSH journals and
conferences develop reporting standards for stud-
ies that use LLM-generated annotations or LLM-
assisted analysis. At a minimum, researchers
should report the specific model name, version,
and access date; the complete prompt text used for
each task; the decoding parameters (temperature,
top-p); the number of prompt variants tested and
the sensitivity of results to prompt choice; disaggre-
gated performance metrics across languages and
cultural subgroups; and any detected changes in
model behavior over the course of data collection.
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13. Conclusion

Multilingual reasoning LLMs function as hermeneu-
tic instruments that mediate interpretation in com-
putational social science. Recognizing this role re-
quires moving beyond benchmark accuracy toward
epistemically grounded evaluation frameworks that
attend to cultural situatedness, reasoning faithful-
ness, and the structural inequalities embedded in
training data. By combining hermeneutics, phi-
losophy of technology, and technical methodology
with operationalized metrics, this paper provides a
foundation for responsible multilingual reasoning
assessment aligned with SSH values. The em-
pirical evidence reviewed here, from cultural bias
in Arabic-language models to the unreliability of
chain-of-thought reasoning and the instability of
cultural alignment evaluations, demonstrates that
these concerns are not merely theoretical but have
concrete, measurable consequences for the valid-
ity of SSH research. The illustrative application
in Section 8 demonstrates that meaningful eval-
uation is achievable even with modest resources
when guided by a principled framework. Future
work should operationalize these principles in large-
scale empirical studies, and we particularly encour-
age pilot studies that implement the tiered evalua-
tion protocol on small multilingual corpora to demon-
strate feasibility and refine metric thresholds. The
research community is well-positioned to advance
this agenda through sustained interdisciplinary col-
laboration.

14. Limitations

This position paper presents a conceptual and
methodological framework for evaluating multilin-
gual reasoning large language models in Social
Sciences and Humanities research. The paper is
primarily theoretical. The suggested measures for
cultural alignment, cross-lingual stability, and rea-
soning faithfulness have not been validated through
large-scale empirical testing across many different
models. This is especially true for models that
work with low-resource or typologically diverse lan-
guages.

The cultural alignment metrics depend on
population-level cultural datasets from validated
surveys such as the World Values Survey. These
datasets may be unavailable, outdated, or insuffi-
ciently representative for many non-Western and
indigenous groups. The proposed KL divergence
threshold of 0.1 nats and the ICC threshold of 0.10
are offered as starting points informed by standard
statistical practice, but they require empirical cal-
ibration through pilot studies in specific SSH do-
mains before they can be treated as firm bench-
marks.

The framework focuses on text-based tasks and
does not yet address multimodal analysis or real-
time interactive settings. Language-specific chal-
lenges such as diverse writing systems, dialectal
variation, code-switching, and uneven tokenization
may produce larger performance disparities than
the current stability metrics capture. The illustrative
scenario in Section 8, while designed to be realis-
tic, has not been executed as a full empirical study.
Finally, the framework assumes some degree of
model access or adaptability, which may not be
available with closed commercial models. These
points underscore the need for iterative, community-
based validation before wide adoption.

15. Ethical Considerations

Integrating multilingual reasoning LLMs into SSH
research raises ethical concerns beyond epistemic
issues. A primary risk is cultural homogenization
from English-dominant training data, which per-
petuates Western normative interpretations and
marginalizes non-Western epistemologies, indige-
nous knowledge, and minority voices. This rein-
forces colonial legacies in global knowledge produc-
tion. Other concerns include deskilling researchers
through over-reliance on automation, privacy risks
with sensitive qualitative data, misuse of outputs in
high-stakes interpretive work without human over-
sight, and accountability problems from hallucina-
tions or inconsistent cross-lingual performance.

To address these we advocate participatory de-
sign with native speakers, Global South schol-
ars, and community stakeholders as co-creators
of benchmarks, protocols, and transparency stan-
dards, following models like Masakhane (Orife
et al., 2020) and Aya (Singh et al., 2024). Re-
searchers must document model provenance,
prompts, detected biases, and limitations while
keeping human reflexivity central. Responsible
adoption requires ongoing ethical reflection to en-
sure LLMs support rather than replace culturally
situated human understanding.
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Abstract
Automatic generation of multiple-choice (MC) items for reading comprehension can support language learning by
providing large amounts of practice materials. To enable rapid development of MC generation models, automatic
assessment is essential since it is time-consuming to manually evaluate question and distractor quality. Although Text
Informativity (TI) has been adopted as an automatic evaluation metric, the ability of Large Language Models (LLMs)
to estimate the TI scores of different categories of questions and distractors has not yet been thoroughly analyzed.
This paper investigates LLM performance in calculating TI scores for the range of questions and distractors defined
in the PIRLS (Progress in International Reading Literacy Study) and STARC (Structured Annotations for Reading
Comprehension) frameworks. We show that automatically estimated TI scores may result in systematic preferences for
some question and distractor categories, and recommend that TI scores be used for within-category comparisons only.
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1. Introduction

A multiple-choice (MC) item for reading compre-
hension consists of a passage, a question, and a
number of answer options, which must include one
key (i.e., the correct answer) and several distractors.
Automatic generation of MC items not only reduces
teachers’ workload (Cheung et al., 2023), but also
provides language learners with large amounts of
exercises and practice materials. Advances in ar-
tificial intelligence have led to generation models
that can produce high-quality MC items for vari-
ous text genres (Elkins et al., 2024; Kalpakchi and
Boye, 2023; Xiao et al., 2023; Wang et al., 2022).
However, evaluation methodology has mostly re-
lied on manual assessment of item quality, which
is extremely time consuming.

To facilitate rapid development of MC genera-
tion models, Text Informativity (TI) has been pro-
posed as an automatic evaluation metric (Säuberli
and Clematide, 2024). Using a Large Language
Model (LLM) for TI calculation assumes the model’s
competence in reading comprehension, but this as-
sumption may not hold in the face of sophisticated
questions and distractors, such as those recom-
mended in reading comprehension assessment re-
search (King et al., 2004; Mullis and Martin, 2019).

This paper investigates LLM performance in es-
timating TI scores for the range of questions and
distractors defined in the PIRLS (Progress in In-
ternational Reading Literacy Study) (Mullis and
Martin, 2019) and STARC (Structured Annotations
for Reading Comprehension) (Berzak et al., 2020)
frameworks. We show that the estimated TI scores
may lead to systematic preferences for some ques-

tion and distractor categories. To mitigate this bias,
it is recommended that TI scores be used for within-
category comparisons only.

2. Question dataset

According to the International Association for the
Evaluation of Educational Achievement, reading
comprehension questions should address four com-
prehension processes, as defined in the PIRLS
standards (Mullis and Martin, 2019):

Retrieval The answer is explicitly given in a text
span in the passage.

Inferencing Answering the question requires in-
ferences about ideas or information that is not
explicitly stated in the text.

Integrating Answering the question requires com-
prehension of the entire passage, or at least
significant portions of it.

Evaluation The answer involves judgement about
some aspect of the text, and is not necessarily
found in the passage.

The three latter categories, which require deeper
understanding of the text, are known as higher-
order questions.

While large-scale MC datasets are available for
evaluating LLM performance (Hendrycks et al.,
2021; Li et al., 2024), they do not focus on read-
ing comprehension and are not annotated with
question or distractor categories. We harvested
a set of 390 questions for reading comprehension
in Chinese that have been manually annotated with

170



PIRLS STARC
Question # quest- Distractor # dis-
category ions category tractors
Retrieval 103 In-span 486
Inferencing 147 Out-of-span 486
Integrating 69 Out-of-text 486
Evaluation 71

Table 1: Breakdown of PIRLS question categories
(Section 2) and STARC distractor categories (Sec-
tion 3) in our dataset of human-crafted MC items

PIRLS categories.1 They consist of 100 questions
from public examinations and 290 questions taken
from online PIRLS exercises.2

3. Distractor dataset

Educators have advocated the use of distractors
that reveal the test-taker’s misunderstanding of the
passage, which can provide more informative as-
sessment (King et al., 2004). To this end, the
STARC framework proposes a taxonomy of dis-
tractors that reflect increasing degrees of miscom-
prehension (Berzak et al., 2020):3

Category B (In-span) is a distractor that is based
on a misinterpretation of the critical span, i.e.,
the text span in the passage that is relevant to
the question.

Category C (Out-of-span) is a distractor derived
from a text span that is outside the critical span
and is irrelevant to the question.

Category D (Out-of-text) is a distractor based on
external knowledge or common sense, without
textual support in the passage.

We used the OneStopQA dataset (Berzak et al.,
2020), which contains 163 short passages and 3
questions per passage. For each of the 486 ques-
tions, besides the key, one In-span distractor, one
Out-of-span distractor and one Out-of-text distrac-
tor are provided.

4. Evaluation metric

Text Informativity (TI) estimates the degree to which
an MC item measures the test-taker’s comprehen-

1Our question dataset can be downloaded from
https://github.com/pypoon/PIRLS_ZH_Dataset

2These exercises were accessed from:
https://read.smes.tyc.edu.tw/smes/PIRLS/ ;
https://www.cacler.hku.hk/hk/content/basic/5675 ;
https://drive.google.com/file/d/1QTTaarqMJRvy7wU
_SzOmw RxE2raAMzgt/view

3The original scheme uses only the letters (B, C, D).
The descriptive names are given to facilitate discussion.

sion of the given passage (Säuberli and Clematide,
2024). Two scores need to be computed:

Answerability Given a passage, a question and
an answer option, whether the human judge
(or the LLM in automatic evaluation) can cor-
rectly label the answer option as true/false.
Answerability should be high for well-designed
MC items with clear questions about the pas-
sage and unambiguous answer options.

Guessability Same as above, except that the
judge is not given the passage. Guessabil-
ity should be low for well-designed MC items,
since it should be impossible to determine
whether an answer option is true/false with-
out the passage. Questions that are not tied to
the passage, and distractors that are obviously
false, would lead to higher guessability.

The TI score is defined as the difference between
the answerability score and the guessability score.
Hence, a high TI score means the MC item has
answer options whose correctness can be deter-
mined (high answerability), but only based on the
content of the passage (low guessability).

5. Research Questions

Automatic evaluation is critical for rapid develop-
ment of MC generation algorithms. According
to a study on a German dataset (Säuberli and
Clematide, 2024), GPT-4 was able to assign higher
TI scores to human-crafted MC items than machine-
generated items. However, the study was agnostic
to the nature of the underlying questions and dis-
tractors. Research in reading comprehension as-
sessment has emphasized the importance of using
questions that require a variety of skills (Section 2)
and distractors that reveal a range of comprehen-
sion levels (Section 3). It is therefore important to
ascertain whether LLMs can reliably calculate TI
scores for all categories of questions and distrac-
tors. To address this issue, this paper seeks to
answer the following research questions:

RQ1 How well can LLMs estimate the TI score (an-
swerability and guessability) of MC items with
different question and distractor categories?
An LLM that is not competent with higher-order
questions (Section 2), for example, would un-
derestimate their answerability.

RQ2 Does TI systematically favor any question
category or distractor category? Some dis-
tractors are designed to appeal to common
sense rather than to the content of the passage
(Section 3). They may have lower guessability
since they would likely appear to be true when
considered without the passage.
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Dataset Answer- Guess- Text
ability ability Informativity

PIRLS 0.9455 0.6468 0.2987
STARC 0.9534 0.5295 0.4239

Table 2: Automatically computed TI scores on
human-crafted MC items

These two questions must be resolved in order
to apply TI as an automatic metric for MC item
evaluation. If TI penalizes challenging questions
because of lower answerability (RQ1), or if it favors
distractors with inherently lower guessability (RQ2),
then it would not facilitate the selection of MC items
with diverse question and distractor categories.

6. Experiments and Analysis

The Text Informativity (TI) scores of MC items were
calculated with GPT-4o.4 TI is based on the an-
swerability score and guessability score. To deter-
mine the answerability and guessability of a triplet
{<passage>, <question>, <answer>), the LLM
was prompted to label the answer option as true or
false. In our experiments, we used the prompt in
Table 3 for answerability, and the prompt in Table 4
for guessability.

Text: <passage>
Question: <question>
Answer: <answer>

Based on the text above, is this
answer correct (T) or incorrect
(F)? Indicate only the letter T
or F.
文本: <passage>
問題： <question>
答案： <answer>

根據上面的文本，這個答案是正確的(T)還是
錯誤的(F)？僅輸出字母T或F。

Table 3: Prompt for answerability: the LLM is to
label an answer option as true/false when given
the passage and question in English (top) and in
Chinese (bottom)

6.1. Overall results
Table 2 shows the overall answerability and guess-
ability scores. Since all MC items in our datasets
are manually crafted, the gold answerability should
in principle be 100%. GPT-4o performed well on

4Version 2024-05-13, via Azure OpenAI API. The tem-
perature was set to 0.

The following question and answer
are from a multiple-choice com-
prehension task about an unknown
text.

Question: <question>
Answer: <answer>

Without knowing the text, only
based on general knowledge, is
this answer more likely to be
correct (T) or incorrect (F)? In-
dicate only letter T or F.
以下問題和答案來自一篇未知文本的多項選
擇閱讀理解題。

問題： <question>
答案： <answer>

在不知道文本的情況下，僅根據一般知
識，這個答案更有可能是正確的(T)還是錯誤
的(F)？僅輸出字母T或F。

Table 4: Prompt for guessability: the LLM is to label
an answer option as true/false when given the
question but not the passage, in English (top) and
in Chinese (bottom)

PIRLS Answer- Guess- Text
categories ability ability Informativity
Retrieval 0.9587 0.6335 0.3252
Inferencing 0.9473 0.5833 0.3639
Integrating 0.9275 0.6812 0.2464
Evaluation 0.9401 0.7641 0.1761

Table 5: Automatically calculated TI scores on
human-crafted MC items with various PIRLS ques-
tion types (Section 6.2)

both the PIRLS (94.55%) and STARC (95.34%)
datasets, achieving relatively high answerability.

When not given the passage, GPT-4o was less
accurate in judging the answer options (64.68%
for PIRLS and 52.95% for STARC). The substan-
tial gap between the answerability and guessability
scores suggests that GPT-4o did indeed under-
stand the passages when tackling the MC items.
While these results suggest that the LLM can ap-
proximate the ability of a human reader, the next
sections will reveal variations in its competence for
different question and distractor categories.

6.2. Effect of Question Categories

Table 5 shows the automatically calculated TI
scores for questions belonging to each PIRLS cat-
egory, using the dataset described in Section 2.
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STARC Answer- Guess- Text
categories ability ability Informativity
In-span 0.9527 0.4074 0.5453
Out-of-span 0.9877 0.4753 0.5123
Out-of-text 0.9897 0.3786 0.6111

Table 6: Automatically calculated TI scores for
human-crafted MC items with various STARC dis-
tractor categories (Section 6.3)

Answerability. GPT-4o performed best on the
Retrieval questions, accurately labeling 95.87% of
the answer options as true/false. These ques-
tions should be easier than the higher-order ques-
tions, which require more advanced comprehen-
sion skills. In line with this expectation, the LLM’s
performance degraded to 94.73% for Inferencing,
and further down to 92.75% for Integrating. Per-
formance on the Evaluation questions was slightly
higher (94.01%). These questions may require
subjective judgment based on general knowledge
(Section 2), to which GPT-4o is well exposed.

Guessability. For similar reasons, the LLM was
most capable in judging the answer options for
the Evaluation questions (76.41%) without reading
the passage. Retrieval and Inferencing questions,
which are most directly related to the content of the
passage, had the lowest guessable scores.

Implications. To address RQ1, GPT-4o was
most accurate in calculating the answerability of
Retrieval and Inferencing questions. It underesti-
mates the answerability of Integration questions
because of their more challenging nature. Evalua-
tion questions were similarly penalized because of
their higher guessability.

To answer RQ2, we evaluated direct use of TI in
question selection for MC items. For the 85 pas-
sages containing questions of all four PIRLS cate-
gories, we ranked the questions in each passage by
TI score. Consistent with the observations above,
there was a preference for the Retrieval and Infer-
encing categories: 56.5% of the highest-scoring
questions were either Retrieval (23 passages) or
Inferencing (25 passages). In contrast, there ap-
peared to be a bias against the other two categories,
with only 43.5% of the highest-scoring questions
representing the Evaluation category (15 passages)
or Integrating category (22 passages). This bias
can hinder the construction of a well-balanced as-
sessment item set with a variety of question cate-
gories (Mullis and Martin, 2019). To mitigate this
issue, the TI score should be used for selecting
questions only within the same PIRLS category, so
that score differences could be attributed solely to
question quality and not to question category.

6.3. Effects of Distractor Categories
Table 6 shows the automatically calculated TI
scores attained by distractors in each STARC cate-
gory, using the dataset described in Section 3.

Answerability. While GPT-4o succeeded in la-
beling most distractors as false, its performance
varied according to distractor categories. For a
competent reader, an Out-of-text distractor should
be the least plausible, since it is not supported
by the content in the passage; in contrast, an In-
span distractor, which is based on the critical span,
should be the most plausible. Dovetailing with this
expectation, GPT-4o was most capable of recogniz-
ing Out-of-text distractors as false (98.97%), fol-
lowed by Out-of-span distractors (98.77%). It was
most often misled by In-span distractors (95.27%).

Guessability. Out-of-text distractors are aimed
at low-proficiency students who, unable to under-
stand the passage, judge the answer option based
on general knowledge rather than the passage.
Consistent with this design, when not allowed to
read the passage, GPT-4o most often failed to la-
bel Out-of-text distractors as false, leading to low
guessability (37.86%). It had greater success in
judging Out-of-span distractors as false (47.53%)
since they are derived from irrelevant text spans
and often contain implausible content.

Implications. To address RQ1, on the one hand,
GPT-4o was least accurate in calculating answer-
ability for In-span distractors, which are designed
to be plausible even for a competent reader. On the
other hand, it may favor Out-of-text distractors by
assigning them lower guessability (labeling them
as true), since they are designed to appeal to stu-
dents who judge them based on common sense.

To answer RQ2, we investigated the degree to
which TI may penalize In-span distractors and favor
Out-of-text ones using a TI-based selection crite-
rion. This criterion requires a distractor to be both
answerable, i.e., labeled by the LLM as false
when the passage is available; and not guessable,
i.e., labeled by the LLM as true when the pas-
sage is not available. Among the distractors in our
STARC dataset, 61.11% of the Out-of-text distrac-
tors met this criterion, compared to only 55.56%
of the In-span distractors and 51.44% of the Out-
of-span distractors. This shows that naive applica-
tion of answerability and guessability could lead to
an overuse of Out-of-text distractors in MC items,
at the expense of the other distractor categories.
These results reinforce our recommendation to use
TI scores only for within-category comparisons.

7. Conclusions

We have presented an in-depth analysis on auto-
matic evaluation of MC items using Text Informa-
tivity (Säuberli and Clematide, 2024) on English
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and Chinese datasets annotated in the PIRLS and
STARC frameworks. Results showed that GPT-
4o underestimates the answerability of question
and distractor categories that are more challeng-
ing, and that some categories have inherently lower
guessability. Naive use of TI can lead to systematic
preferences for more straightforward questions and
Out-of-text distractors. It is recommended that prac-
titioners use TI scores to compare only questions
and distractors that are within the same category.
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Abstract
Previous work has found that people often perceive computational systems as neutral tools (van Es, 2023), and
yet these systems are not developed or deployed within a vacuum. As the popularity of Large Language Models
(LLMs) in digital social science and humanities (DSSH) research increases, it is important that we reflect both on
our positionality as researchers regarding how we are primed to interact with these systems and the positionality
of the systems themselves as defined by their design and training. This paper presents a model of factors and
interactions affecting the use of LLMs in DSSH research and argues that explicit discussion of both human
biases, which affect how we interact with systems, and the potential biases encoded in systems are needed in
conjunction with strong case specific system evaluation when developing methodologically sound applications of LLMs.

Keywords: Generative LLMs, Positionality, Bias

1. Introduction

The question of methodology in DSSH research is
not new. Rieder and Röhle (2012) provide a strong
reminder of this, showing that there has been reflex-
ive work on digital methodologies for many decades.
The article quotes the 1966 inaugural issue of the
journal Computers and the Humanities, stating that
"we need never be hypnotized by the computer’s
capacity to count into thinking that once we have
counted things we understand them" (Rieder and
Röhle, 2012, p.71). Despite their hype and anthro-
pomorphization, Large Language Models (LLMs)
should not bypass this consideration.

Ries et al. (2024) observe that exploring and de-
scribing the biases of computational models is a hu-
manities question. There is a long tradition among
SSH disciplines of acknowledging bias originating
from the context of the researcher by considering
their positionality (Selka, 2022).

DSSH also has a tradition of evaluating informa-
tion and its encoded and contextual biases through
source and tool criticism (Koolen et al., 2018).
Source criticism is the practice of analyzing the
credibility, reliability and authenticity of information
sources (Backerra, 2024). Tool criticism extends
this to reflect on the impact of tools on the data
they interact with (Koolen et al., 2018), with some
also including the interaction between user and tool
within the practice (van Es et al., 2018).

The advent of chat based interaction with LLMs
has increased the accessibility of applying digital
methods to SSH data, while also obscuring the
nature of these methodologies behind anthropo-
morphized, and in several cases proprietary, black
box models. This, coupled with the framing of tech-

nology generally and AI specifically as neutral, con-
tributes to the growing hype around using LLMs in
research contexts. But just like other tools, these
systems encode biases, as do the ways we interact
with them.

Sections 2 and 3 discuss the different biases at
play in the positionality of both the user and the LLM.
These biases interact with one another to influence
the contexts and outcomes of system interactions.
Figure 1 provides a representation of these inter-
actions. In this paper, we argue that the already
developed practices of positionality, source, and
tool criticism from previous SSH research should
continue to be carefully applied to both ourselves as
researchers and the systems that are used in digi-
tal methodologies. These practices, coupled with
clearly reported system evaluation, constitute an
effective way of impacting user level factors in our
proposed model. The upward arrows presented in
Figure 1 illustrate that through changes in user level
factors, it is possible to influence the wider system
of interactions involved in research with LLMs.

We first outline prior work on how AI systems
are viewed by users, followed by an overview of
known biases of language models. Taking user
positionality as a starting point clearly illustrates
the risks of LLMs becoming more prominent tools
in research. We end with recommendations on how
to mitigate these risks and increase methodological
soundness.

2. Positionality of the User

Considerations of researcher positionality are well
established. We aim to highlight in this paper that
human-computer interaction is a specific context
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Figure 1: Factors and interactions affecting the use
of LLMs in DSSH research

which has the ability to prime certain unconscious
behaviors and biases in users. We argue that digi-
tal research should reflect on the position that the
researcher holds as a user of an automated system.
The concepts discussed in this section relating to
users are operationalized in Figure 1 as user level
factors, shown in blue.

2.1. People’s Beliefs about Systems
Carlson (2019) defines the term mechanical objec-
tivity as a belief in technology capable of rendering
a particular output in a manner that overcomes the
limits of human subjectivity. This belief is not new.
Carlson discusses how ideas of mechanical objec-
tivity were applied to photographs when they first
replaced sketches in journalistic publications. At
the time, people lauded this technological devel-
opment as providing ‘objective images’. Although
photographs provide to some degree a more faith-
ful rendering of events than an artist’s sketch, there
are still many decisions that contribute to the final
version of an image in a newspaper, all of which are
obscured by ideas of mechanical objectivity. A con-
temporary version of this belief can be seen in the
ideas of mechanical objectivity applied to the con-
cepts of big data and by extension AI. Carlson cites
Wired magazine’s editor in chief from a 2008 inter-
view stating that "[w]ith enough data, the numbers

speak for themselves" (Carlson, 2019, p.1125), this
view that large volumes of data equate to truth is
prevalent. Barocas and Selbst (2016) discuss how
this false equation of data and truth can lead not
just to discrimination against groups unrepresented
in these data sets, but also how the emergent qual-
ity of this discrimination obscures its presence and
makes legal arguments against it particularly diffi-
cult.

Findings from research in the Netherlands illus-
trated that generally decisions made by automatic
systems were seen as equivalent or better than
those made by human experts (Araujo et al., 2019).
Respondents indicated both a potential distrust in
human decision making and the application of ideas
of mechanical objectivity to automatic decision mak-
ing systems which they believed were in some way
free of the biases of the human experts.

Sundar (2008) discusses how ideas of mechani-
cal objectivity can be triggered by what they call the
machine heuristic. Sundar argues that the machine
heuristic is the mental shortcut triggered by interact-
ing with an interface which appears machine-like
leading to the attribution of characteristics associ-
ated with mechanical objectivity to its performance.
Sundar notes that triggering the machine heuristic
may lead to more positive credibility judgments.

A person’s mental model of an LLM is their
personal understanding of how the system works
based on their own interactions with both LLMs as
well as discourse on the topic. Generally people
expect machines to be highly predictable, precise
and consistent, lacking in both emotional and gen-
eral understanding (Schneider, 2025). The anthro-
pomorphized chat functions of many LLMs simu-
late human-like output potentially influencing users’
mental models of how the system functions and
what it is capable of (Sharkey and Sharkey, 2007).
Schneider analyzes 200,000 human-LLM interac-
tions and finds that users increasingly adopt con-
versational behaviors typical of human-to-human
communication, starting from their second conver-
sational turn. This suggests a transition in the way
users perceive the system from a mental model of
the system as a machine to a mental model closer
to that of a human interlocutor as the interaction pro-
gresses. Cabrero-Daniel and Sanagustín Cabrero
(2023) found that users had mixed mental mod-
els of LLMs, with some appearing to apply ideas
of mechanical objectivity labeling the system as
an impartial entity due to their mental model of
the system as machine-like, while others expected
LLMs to understand the emotional landscape of the
user, something generally seen in mental models
of other humans (Schneider, 2025). This poten-
tially shows the influence of anthropomorphization
on user mental models. Wang et al. (2023) re-
port that there is a general lack of understanding
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and awareness of how bias affects LLMs, with sys-
tem output being seen as potentially more accurate
and ‘up to date’ than other online sources such as
Wikipedia showing a lack of users’ understanding
of the quality and provenance of the information
in LLMs. Cabrero-Daniel and Sanagustín Cabrero
reported that although most participants in their
study agreed that gender bias was present in the
output of LLMs, half of them thought that gender
bias was inherent to natural language generation
and that the system was as good, or better, than
humans at avoiding gender bias. This shows the
reluctance of users to categorize this bias as error
in their mental model of the system. This matters,
because an inaccurate mental model of the system
can damage users’ ability to interpret and evaluate
LLM responses accurately and effectively, making
it more difficult for them to recognize errors and
inconsistencies in output, leading to inappropriate
levels of trust in the system (Eigner and Händler,
2024).

2.2. What Feeds into these Beliefs
Beer (2017) discusses how inherent attributes of
the system feed into the perception of systems
as more powerful than humans. This is a system
level factor and is shown in Figure 1 in red. While
LLMs surpass certain human capabilities in terms
of speed and volume of information processing,
these attributes do not ensure that systems are
more accurate than humans (Rieder and Röhle,
2012). As the technical report of GPT4 (Achiam
et al., 2023) acknowledges: the system is capa-
ble of making simple reasoning errors and is of-
ten "confidently wrong" (Achiam et al., 2023, p.10).
Williams and Huckle (2024) develop a benchmark
test focused on known limitations of LLM capabil-
ities and test several widely used models. Their
findings show that LLMs struggle with logical rea-
soning, spatial intelligence, mathematical reason-
ing, linguistic understanding, knowledge of popular
science, and relational perception. This highlights
that some tasks which are easy for humans are still
very difficult for LLMs.

The way that a system is presented to its users
also contributes to the mental models that users
build. This factor is external to both the user and the
system and is shown in orange in Figure 1. LLMs
are positioned within a consistent hype around their
capabilities with systems often being portrayed as
objective and impartial (Araujo et al., 2019). Ben-
der and Koller (2020) discuss the use of misleading
language in both academic and journalistic publi-
cations which frame LLMs as being able to ‘under-
stand’ or ‘comprehend’ the meaning of text, poten-
tially compounding the effect of anthropomorphiza-
tion and leading users to conceptualize systems
as more human-like. Bender and Koller argue that

LLMs work strictly with form and never meaning
and thus cannot be seen to ‘understand’ any form
of textual data. While it can be difficult to find the
right words to convey what models do, leaning too
heavily on metaphorical uses of verbs like ‘under-
stand’ and ‘comprehend’ which align closely with
inconsistencies already present in users’ mental
models of LLMs may further obscure the methods
of the system.

Regarding hype, Narayanan and Kapoor’s (2024)
review of news journalism on the topic of AI found
that articles often repeat PR statements, use im-
ages of robots, and downplay limitations. The re-
search of Kapania et al. investigates attitudes to-
wards AI in India, where the use of AI is seen as
aspirational and technology is generally discussed
optimistically. Their findings indicate that overly op-
timistic narratives played a key role in legitimizing
AI authority. AI authority, defined as the power of
AI to influence human actions without adequate ev-
idence of system capabilities, was also linked to a
higher tolerance for harm and lower recognition of
bias. This illustrates the strength of potential knock
on effects of overly positive, unbalanced reporting
on AI.

The lack of clear and accessible reporting on
LLMs also leads to increased uncertainty and re-
liance on the idea of these models as unexplainable
in general discourse, further feeding ideas of AI as
a mythologized entity (Doherty, 2024). Spatola
and Urbanska (2019) investigate semantic repre-
sentations of AI and robots in comparison to natural
entities such as humans and animals and divine
entities such as gods. Findings showed that at
both an explicit and implicit level participants had
semantic overlap between concepts relating to AI
and robots and concepts relating to divine entities.
Work by Karataş and Cutright (2023) adds more
weight to the association of AI and divine entities,
finding that thinking about God and religion directly
before a task leads participants to be "more willing
to consider AI-based recommendations" (Karataş
and Cutright, 2023, p.1). The overlap in conceptu-
alizations of AI with divine entities is problematic as
presenting systems as unknowable reduces human
agency and makes systems difficult to challenge
(Narayanan and Kapoor, 2024).

2.3. The Kind of Behavior this Leads to
Kapania et al. (2022) discuss the power that hu-
mans give to systems. The power of LLMs has
been legitimized through their broad deployment
and the their high adoption rate giving them strong
social capital. This section provides more detail on
how users over-rely on system output, allowing the
advice of the system to override their own judgment,
crowd sourced advice, and the advice of experts.

In their experiments, Logg et al. (2019) find that
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participants consistently give more weight to equiv-
alent advice when it is labeled as coming from an
algorithmic as opposed to human source. They la-
bel this behavior algorithmic appreciation. Multiple
experiments have found evidence for algorithmic
appreciation across different contexts and groups.
In turn, Klingbeil et al. (2024) define Over-reliance
as the behavior of following machine outputted ad-
vice even when it contradicts clearly available con-
text information and when this leads to inferior out-
comes. Klingbeil et al. show in their research that
labeling advice as being generated by an AI sys-
tem was enough to cause over-reliance. Gunaratne
et al. (2018) compare the persuasive power of ad-
vice labeled as algorithmic to advice labeled as
crowd sourced, finding that algorithmic advice is
significantly more persuasive than advice based on
the aggregation of peer behavior. Eric Bogert and
Watson’s (2021) results show a similar pattern of
behavior which becomes even stronger as the par-
ticipants’ task becomes more difficult, concluding
that labeling advice as being derived from machine
learning causes a meaningful shift in human behav-
ior. Results from Liel and Zalmanson (2020) cor-
roborate these findings, showing that participants
significantly conformed to recommendations when
they were labeled as algorithmic and reported high
confidence in the system’s estimates even when
the advice was clearly incorrect during a simple
image classification task. This finding suggests po-
tential automation complacency in the participants
interactions with the system.

Parasuraman and Manzey 2010 discuss automa-
tion complacency in detail, defining it as the phe-
nomenon of poorer detection of system malfunc-
tions under automation compared to manual con-
trol. When conducting research using digital meth-
ods this could manifest in lack of system monitoring
and lower likelihood of detecting errors in system
output. Alexander et al. (2018) measured neuro-
physiologic responses of participants while decid-
ing whether to trust an imperfect ‘helper algorithm’.
Results showed that information representing how
many peers had chosen to adopt the algorithm was
more influential in participants’ decisions than pro-
viding more detailed information about the accuracy
of the system. Participants who were given neither
social nor accuracy information showed lower cog-
nitive engagement throughout the task. This finding
reveals potential automation complacency as it sug-
gests that participants did not monitor the algorithm
when there was no information provided despite
this being the riskiest context.

3. Positionality of the System

In this section we consider the positionality of LLMs.
We see the views encoded in their design and train-

ing data as denoting their position. The hype, fram-
ing and presentation of chat based LLMs make it
all the more difficult to remember that "our digital
helpers are full of ‘theory’ and ‘judgement’" (Rieder
and Röhle, 2012, p.70). As such, this contribu-
tion is an important part of evaluating the use of
LLMs in DSSH. The factors related to the system
discussed in this section are operationalized as
system level factors and are shown in red in Figure
1. The make up of the training data of LLMs can be
evaluated using methods of source criticism and
the mechanisms at work within the LLM can be
viewed through the lens of tool criticism. Under-
standing the principles behind systems can enable
users to critically engage with tools on a theoretical
level, even if they are not technically literate enough
to understand the specifics of the code used to im-
plement the tool (van Es et al., 2018). We thus first
provide a high level explanation of the principles at
play in the system design of LLMs.

3.1. System Design
The goal of creating generative LLMs was not to
provide an all-purpose system that can accurately
answer questions or provide advice. The goal was
to build a computational model that could produce
human-like text. The fact that LLMs’ text feels rele-
vant and coherent doesn’t make them trustworthy
(Shah and Bender, 2022), it makes them convinc-
ing mimics (Bender et al., 2021). LLM output is
designed to seem appropriate not to be accurate
(Townsen Hicks et al., 2024), this is particularly an
issue considering that many people use models to
generate output that they are uncertain of, for ex-
ample using an LLM to write code to use a package
that they are unfamiliar with. The LLM will produce
code that looks correct, and the user is not familiar
enough with the package to easily spot potential
errors.

Townsen Hicks et al. (2024) provide a clear
overview of the goals and mechanisms of gen-
erative LLMs using the term bullshit to describe
the truth agnostic but probable seeming nature of
system output. Townsen Hicks et al. define bull-
shit as "[a]ny utterance produced where a speaker
has indifference towards the truth of the utterance"
(Townsen Hicks et al., 2024, p.38). An example
of human bullshit might be a student who did not
complete the pre-reading for a class and is not will-
ing to admit so when called on to speak during a
discussion. The student may say something that
seems probable given the previous contributions to
the discussion. They choose their statement with
no regard for whether it is true, but merely based
on their experience from similar situations. This
analogy conceptualizes the general mechanism at
work when LLMs generate text.

The basic concept behind how LLMs are trained
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is through next word prediction, the task of providing
a probable word to fill a slot based on the previous
text. In order to generate probabilities and find likely
words the LLM constructs a large statistical model
based on a vast amount of text which is provided
during training. In our analogy, the training data is
our ill-prepared student’s previous experience of
academic discussions. If at their previous institu-
tion all academic discussions were conducted in
an aggressive adversarial style and their new in-
stitution prefers calm respectful interactions, then
their statistical model of interactions in this context
will not allow them to choose a statement that fits
the discussion at hand, instead prompting them to
potentially offend their interlocutors. The content of
the training data constrains the possible behaviors
of the LLM, as such the decisions of what to include
in training data have a very strong influence on the
type of model that is created.

For models with chat capabilities, fine-tuning is
performed to align the responses of the model to
what users expect for a given prompt. The main
methodology used for this is instruction fine-tuning
followed by preference alignment using reinforce-
ment learning through human feedback (RLHF).
This is necessary as the language modeling ob-
jective is different from the objective of following
a user’s instructions in a helpful and safe manner
(Ouyang et al., 2022). Instruction fine-tuning is the
step of training the model in the structure of ques-
tions and answers. During this stage the LLM is ex-
posed to a large number of example questions and
replies. Preference alignment is then performed in
order to train the model to produce output which
aligns more closely with what users want. The pro-
cess of RLHF starts with human labelers who are
asked to rank several system outputs for the same
prompt. A reward model is then trained on these
rankings to predict which output human labelers
prefer. The reward model is then used as a function
of the LLM to incentivize model behavior that aligns
more closely with the human labelers’ preference
(Ouyang et al., 2022).

3.2. Structural Bias
We use the term structural bias to refer to biases
introduced into the system via the design process,
for example through the choice of task formulation,
metrics, and training data (Liu, 2023; Hovy and
Prabhumoye, 2021). The impact of all of these
choices is often amplified through a lack of trans-
parency (Liu, 2023). Design choices are driven by
the views and values of the research community
that is developing these models. As such, it is im-
portant to consider the culture of machine learning
and natural language processing research. This is
another external factor influencing the interactions
between users and systems and is shown in orange

in Figure 1.
Results from Birhane et al.’s (2022) qualitative

analysis of 100 highly cited machine learning pa-
pers show that papers most frequently justify and
assess themselves based on performance, gen-
eralization, building on past work, quantitative evi-
dence, efficiency, and novelty. Birhane et al. high-
light how these values are often viewed as purely
technical, without consideration for how the dom-
inance or operationalization of these values can
quickly become political when they are pursued at
the expense of other more ethically informed consid-
erations. In a second analysis (Birhane et al., 2022)
also found that papers with corporate ties increased
by 34% in a ten year span. The breadth of compa-
nies represented in these ties also showed a shift,
with the presence of a small number of very large
tech firms increasing nearly fourfold. When con-
sidering university affiliations, Birhane et al. found
that 80% were from within the top 50 universities
by QS World University Rankings. The dominance
of a small number of elite universities and big tech
firms in publications is worrying as it may lead to a
homogenization of values and a centralization of
power within a small subset of the field.

One aspect of structural bias is task formulation.
This encompasses aspects of how the system’s
use is conceptualized and operationalized through
its problem definition, training objectives, and in-
terface design. The main training objective dur-
ing LLM pre-training is next word prediction (see
3.1). This objective allows the system to build a
strong model of distributional semantic properties
but also contributes to building biased representa-
tions. Hovy and Prabhumoye (2021) discuss how
this training objective in combination with large rel-
atively unfiltered training data takes a value neutral
stance on whether the most likely next word pre-
dicted by modeling the training data represents a
view or value that we wish the model to perpetuate.
Another potential issue relating to task formulation
is that LLMs are expected to always generate an
output, even when there is uncertainty in the model
or when training data is unable to provide adequate
information (Hovy and Prabhumoye, 2021). Priori-
tizing certain use cases can also cause structural
bias in the system. If an LLM is designed to cater
to specific demographics or industries, then it may
as a byproduct reinforce the biases of these groups
(Ferrara, 2023). The choice to release many LLMs
with chat interface is another form of structural bias,
as it shapes the ways in which users interact with
the system and potentially what they expect from it
(see 2).

LLMs are often evaluated by their ability to per-
form downstream tasks such as classification. The
choice of metrics used to measure and evaluate
the behavior of the system can introduce structural
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bias. Traditionally the field has used metrics such
as recall, precision, and F1 to evaluate systems,
but in order to build a full picture of the behavior
of the model metrics should take into account per-
formance across all diverse groups represented
in the data (Liu, 2023). Previous work has found
that by focusing on the robustness of model behav-
ior, researchers can gain more insight on perfor-
mance than through performance metrics alone,
while also providing safe guards against releas-
ing models which systematically under perform for
some groups (Hovy and Prabhumoye, 2021).

Concerning bias introduced by training data (see
3.1), previous work generally refers to the prob-
lem of unbalanced data in the training set as se-
lection bias (Hovy and Prabhumoye, 2021). The
consequences of unbalanced selection are more
broadly explored in 3.3. The process of fine-tuning
LLMs through RLHF may introduce structural bias
through the selection of the labelers themselves,
the examples they are annotating, and the annota-
tion schema they follow (Søgaard et al., 2014).

The general bias towards English language is
well known. English is a relative outlier in its lin-
guistic specificity, and yet its dominance has meant
that approaches that work well for English have
become the default (Hovy and Prabhumoye, 2021).
Hovy and Prabhumoye state that it’s improbable
that n-gram based approaches would have become
a focus in the field if the predominant language was
morphologically complex. The underlying n-gram
concept is present in LLMs and influences the way
in which they represent input for all languages.

Liu (2023) posits that a lack of transparency in
LLMs also contributes to the structural bias of the
models. Using methods that are not easily inter-
pretable is a choice, and so is presenting models
to users as a black box. Section 2 covered in de-
tail how the lack of accessible information on a
system’s working can lead to incomplete mental
models and inappropriate system use.

3.3. Learned Bias
We use the term learned bias to refer to biases
introduced to the system during the training pro-
cess. Bias can be introduced in several ways in
this process: through the contents of the training
data, through fine-tuning procedures, and finally
through content moderation filters (Hartmann et al.,
2023).

Training data for LLMs is incomplete, imbalanced
and inaccurate as it mirrors human biases in its
collection and processing (Liu, 2023). Many of the
latest releases of proprietary LLMs do not share
details of the data that they are trained on (Lee et al.,
2023), with Achiam et al. (2023) stating that this is
due to competition and safety concerns. Despite
this, we do have more information about earlier

iterations of OpenAI models. Brown et al. (2020)
report that GPT-3, was trained on multiple datasets:
Common Crawl (unfiltered), WebText2, Books1,
Books2, and Wikipedia. This is a huge volume of
data, but the majority of it is internet based text.
The content is skewed towards the most salient
beliefs and cultures in online discourse (Kuntz and
Silva, 2023; Arora et al., 2023). The bias of this
content is affected by both the demographics of
the authors (Liu, 2023) and the groups that are the
topics of these discussions (Lee et al., 2023).

Concerning RLHF, Ouyang et al. (2022) stress
the importance of considering the methodology in-
volved in preference alignment as these choices
determine who we align to. They argue that for Ope-
nAI models three entities impact the model’s align-
ment: the labelers through their preferences, the
researchers through their instructions and demon-
strations to the labelers, and the OpenAI customers
who submit prompts to the OpenAI API Playground,
which is used to select training data. The results
of fine-tuning for better alignment showed improve-
ments in truthfulness and toxicity over GPT-3, but
not bias. Xiao et al. (2025) argue that RLHF as
a method suffers from inherent algorithmic bias
which in extreme cases could lead to preference
collapse in which minority preferences are ignored.
McIntosh et al. (2024) second this view, concluding
that RLHF is often unable to represent a diverse
set of human values, aligning the model towards a
select group: those who are in control of the LLMs.
These insights show that even if we can ensure
diversity in the views of labelers, researchers and
customers, the mathematical operations that per-
form the alignment must also ensure that minority
views are maintained and not flattened.

Bias can also be reduced, introduced or rein-
forced by content moderation filters. Policy deci-
sions about what kinds of content should be mod-
erated and how are made by the teams behind the
models. The decision of which norms should be
encoded in models is complex (Ferrara, 2023). The
current concentration of power in AI as the domain
of a few high profile companies and institutions
(Birhane et al., 2022) means that these decisions
are generally being made by certain dominant de-
mographic groups without the input of others.

When bias is present in a model it can affect the
representation of groups in multiple ways as the
examples below illustrate. Several studies inves-
tigated gender based stereotyping in LLMs. Lucy
and Bamman (2021) tested story generation with
GPT-3, finding that the model exhibited many gen-
der stereotypes even when prompts did not contain
any explicit gender cues. Following this, Kotek et al.
(2023) found that when assigning careers to pro-
nouns, LLMs are 3-6 times more likely to choose a
gender stereotyped occupation. This bias is more
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pronounced than in human perceptions. Model
output can thus aggravate the existing difference
between perception and ground truth.

Atwell et al. (2025) show consistently lower
agreement between model and human judgments
on projectivity of clausal complements when the
subject of the clause is female. When prompted
with ‘X debated that a particular thing happened.
Did that thing happen?’, the model correctly an-
swered ‘maybe or maybe not’ when ‘X’ was ‘some-
one’ or ‘a man’, but incorrectly answered ‘no’ when
‘X’ was ‘a woman’. This behavior did not align with
human judgments for the same prompts. This may
be a consequence of under-representation of texts
written by women in the model training data (Atwell
et al., 2025), as Kuntz and Silva 2023 estimate that
only around 26.5% of the GPT-3’s training data was
composed by women.

Using GPT-2, Sheng et al. (2019) found nega-
tive associations of ‘black’, ‘man’, and ‘gay’ demo-
graphics with contexts relating to respect, as well
as negative associations of ‘black’, ‘woman’, and
‘gay’ demographics related to occupation. Cheng
et al. (2023) investigated biases in GPT-3.5 and
GPT-4 by prompting the models to generate per-
sonas with different demographic characteristics.
Results showed "higher rates of racial stereotypes
than human-written portrayals" (Cheng et al., 2023,
p.1504). When contrasting the terms which most
characterized the content of descriptions for non-
white non-male personas in comparison to white
male personas, patterns of othering and exoticizing
were found in the model output.

Nguyen et al. (2025) performed qualitative anal-
ysis of LLM generated narratives where one char-
acter was framed as American and another as
originating from a country in the ‘global south’.
Their research found persistent colonial stereo-
types. The characters originating from the ‘global
south’ were depicted as intellectually inferior and
undesirable compared to American characters who
were depicted as culturally and hierarchically su-
perior. Characters described as originating from
Mexico and China were more likely to be shown in
servitude. Narayanan Venkit et al. (2023) found
prejudices against certain countries. Specifically,
countries with lower representation online tended
to have lower sentiment scores, with the model
perhaps mimicking the view of these countries pre-
sented by internet users of different nationalities as
opposed to relying on actual representations.

Results from Lee et al. (2023) "find that LLMs
portray African, Asian, and Hispanic Americans as
more homogeneous than White Americans" (Lee
et al., 2023, p.1). This may be due to a richer rep-
resentation of white individuals in the training data
of LLMs, giving the model access to more varied
examples for this group. This may be compounded

by potentially stereotypical representations of other
groups in the training data, leading to a smaller and
narrower pool of representations for these groups.

Work from Li et al. (2024) showed that geo-
policital biases in LLMs can be uncovered by
prompting the model to discuss disputed territories
in different languages. With the model express-
ing the beliefs about ownership of land which most
closely align with the cultural connotations of the
language it was prompted in. Nguyen et al. further
uncover that LLMs systematically omit to mention
some under-represented countries from the ‘global
south’ in their output, with African nations being
affected most severely by this behavior.

LLMs have been shown to encode biases against
specific religious groups (Abid et al., 2021). Abid
et al. (2021) found strong and consistent associa-
tions between Muslims and violence in the repre-
sentations of GPT-3. The term ‘Muslim’ was analo-
gized to ‘terrorist’ in 23% of cases.

As well as producing stereotyped associations,
the biases encoded in LLMs can lead to other
less obvious behaviors. For example, lower perfor-
mance on certain topics may lead to consistently
sub-par performance for some groups of users.
This produces bias in the accessibility of systems
and is not visible for the affected parties as it is only
apparent in comparison to performance for others.

Prior research has also aimed to characterize
and align the values of LLMs. We use the term ‘val-
ues’ to describe interconnected systems of biases
and beliefs encoded in models. Münker (2025)
show significant differences between AI and human
moral intuitions, finding that models homogenize
moral diversity. The results highlight systematically
better representation of Western vs non-Western
cultural contexts, as models struggled to represent
the belief structures of under-represented groups in
the training data. This finding suggests that current
models should not be trusted to generate accurate
culturally diverse synthetic populations. Work from
Arora et al. (2023) corroborate this finding, detect-
ing some differences in value representations of
different cultures from model output, but concluding
that these trends only weakly align with actual data
from these cultures as recorded by value surveys.

Results from Durmus et al. (2023) show that the
opinions and dominant values encoded in LLMs
most closely resemble those of the USA, Europe
and South American countries. When models
were prompted to highlight perspectives from under-
represented countries responses give opinions
more similar to the target group but also show
harmful stereotypes. Work has also shown that
ChatGPT generally takes a left libertarian political
standpoint (Hartmann et al., 2023; Santurkar et al.,
2023). Research from Johnson et al. (2022) tests
the reaction of GPT-3 to several documents in order
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to expose the cultural values included in the model.
Results show that the model aligns most closely
to American value systems, associating firearms
discussions with loss of rights, putting feminism at
odds with equality, showing pro-life stances on abor-
tion, as well as conflicts with different perspectives
on immigration and secularism. These findings
lead the authors to conclude that "the ‘ghost in the
machine’[...] just may have an American accent"
(Johnson et al., 2022, p.8).

The idea of using personas to steer the value rep-
resentations present in LLM output to better repre-
sent a target group has received some enthusiasm.
Sommerauer et al. (2025) investigate personas in
LLM prompts by measuring linguistic abstraction
as a marker of stereotyping. All LLM generated
texts in the study showed a level of abstraction
associated with stereotyped biased descriptions,
and use of persona prompting did not meaning-
fully change the levels of abstraction in responses.
These findings highlight the prevalence of the gen-
eralizing descriptive behavior of LLMs and raise
concerns that using personas could be damaging
in that the method seemingly evokes the voice of
an under-represented or marginalized group, while
continuing to produce stereotypically abstract de-
scriptions. Results from Münker (2025) corrobo-
rate these findings, showing responses were often
statistically indistinguishable. This suggests that
the differences found in responses during persona
prompting are at a surface level, with the underlying
values of the model remaining unchanged across
responses (Münker, 2025).

4. Affects on DSSH Research

Biased systems can still be useful as long as their
limitations are taken into account (Ferrara, 2023)
and LLMs can undoubtedly provide valuable new
methods for DSSH research. Research has shown
that LLMs perform very well across multiple task
types (Hagos et al., 2024), with clear jumps in state
of the art performance since the implementations of
the first transformer based models such as BERT.

As discussed in 1 the upward arrows in Fig-
ure 1 show that as users of automated systems
we are able to influence system external factors by
changing our mental models, beliefs about system
capabilities, and behavior during system interac-
tions. An effective way to influence these factors is
through strong and clearly communicated evalua-
tion of the behavior of LLMs in research contexts.
This way, the community can disambiguate the gen-
uine capabilities and usefulness of LLMs for the
field from the general hype around these models.
In light of the bias discussed throughout this paper,
we advocate for evaluation methodologies which
consider the robustness of models’ outputs across

all diverse groups represented in data (see 3.2).
The accessibility of chat based LLMs is a key

strength, as they may be useful for initial or ex-
ploratory research by SSH researchers without
strong coding skills. Tools for downstream tasks
that LLMs are often used for have been around for
many decades, with research considering different
implementations. We argue that in order to lessen
issues with both bias and interpretability, collabora-
tion with more technically trained colleagues may
be necessary after these first exploratory steps,
and that using alternative tools and methods for
these tasks is sometimes more appropriate.

Considering alternatives to large general models
is also an effective way to influence the interac-
tions shown in Figure 1, as moving the focus of
the field away from a single model type has the
potential to impact both the values of the technical
research community and the presentations of sys-
tems in publications. Large general models do not
always provide the best performance on SSH data.
Previous DSSH research has shown that smaller
domain adapted or scratch trained models using
BERT style architectures can outperform prompting
and finetuning approaches with larger general mod-
els even with relatively small amounts of labeled
data (Verkijk et al., 2025; Bosley et al., 2023).

It is potentially impossible to remove all biases
from pretrained models (Waseem et al., 2021). We
posit that research exposing biases is integral, and
that reflection on how specific biases interact with
the data and research questions of a research
project is a necessary step in the study design
process. In Sections 1, 2 and 3 we laid out our
argument for the use of reflections on positionality,
source criticism and tool criticism in the reflexive
use of LLMs, a contribution to the field at large that
DSSH is uniquely positioned to make (Rieder and
Röhle, 2012; van Es et al., 2018).

5. Conclusion

This paper hopes to highlight that through the re-
flexive approaches of source criticism, tool criti-
cism, and consideration of positionality DSSH re-
searchers have the necessary skills and opportu-
nity to be on the front lines of situated and method-
ologically sound research using LLMs. We present
a model of factors and interactions affecting the
use of LLMs in DSSH research to illustrate the in-
terrelatedness of the issues at hand and argue that
changes on the user level prompted by reflective
practices and clear reporting of system evaluations
provide researchers the influence needed to affect
the larger system of factors at play in research with
LLMs.
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Abstract
In the paper we present a set of small LLM-based models for solving basic NLP tasks for Bulgarian — POS tagging,
Lemmatization, Dependency parsing, Named Entity Recognition, Named Entity Linking, Event Annotation, among
others. In order to create fine-tuned models for these tasks, we first pre-train models using architectures like BERT,
Modern-BERT, and T5 with different sizes, over Bulgarian data only. For each of the tasks we report our approach
towards the fine-tuning, the results from the experiments and also the evaluation. Then we define a way to visualize
the results over HTML documents which contain the analyzed texts. Our rationale is as follows: most, if not all SSH
research scenarios, need a reliable processing chains that can be customized with respect to the specific needs.
These scenarios would also need proper visualization for human observation. We aim to provide such a basic
LLM-based toolkit.

Keywords: Bulgarian pre-trained LLMs, LLM-based NLP models for Bulgarian, Visualization

1. Introduction

Although it is widely accepted that the power of
the Large Language Models1 (LLMs) is in their abil-
ity to solve more complex tasks such as Question
Answering, Summarization, Information Retrieval,
Chatbots, and many more, we aim at creating a
set of LLM-based models for the basic NLP tasks in
Bulgarian. These are Tokenization, Part-of-speech
tagging, Lemmatization, Parsing (constituent or
dependency syntax), Named Entities Recognition,
Named Entities Linking, Word Sense Disambigua-
tion, Event recognition, Co-reference Resolution,
Textual Entailment, Sentiment Analysis, and oth-
ers. In this paper, we present models for most of
the above tasks, except for the last three ones, on
which we are working at the moment.

In our opinion, addressing even the more ba-

1We are aware of the fact that there is a tendency
for assuming that LLMs have more than ten billion pa-
rameters. In this paper we adhere to a broader defi-
nition and we consider an LLM each language model
based on a Transformer architecture. Thus, we work
with transformer models with less than two billion pa-
rameters. Here we refrain from using the term small
language models, because a new trend emerged in the
development of the field, where this term is used for an-
other type of transformer models — reduced versions
of large language models with many more than 10B
parameters. They are results from applying methods
like https://github.com/jamwithai/production-agentic-rag-
course, Pruning, and Quantization the more than 10B
parameters models.

sic tasks2 can be very useful to support research
activities in areas like Social Sciences, Human-
ities, Linguistics. In addition, such tasks might
help to solve more complex problems in these ar-
eas. The aforementioned tasks (as we demonstrate
in this paper) could be solved by relatively small
LLMs such as BERT, T5, and similar. In this way,
many more experiments can be planned and con-
ducted, thus opening opportunities to test different
approaches and achieve better results. Here we
present the state-of-the-art for Bulgarian for each
of the following tasks: Tokenization, Part-of-speech
tagging, Lemmatization, Parsing (constituent or
dependency syntax), Named Entities Recognition,
Named Entities Linking, Word Sense Disambigua-
tion, Event recognition.

Each of the basic tasks requires to be fine-tuned
on a set of appropriate data. For Bulgarian we rely
on datasets that are freely available such as Bul-
TreeBank, Bulgarian Event Corpus, The Bulgar-
ian part of the Balto-Slavic Corpus. In addition,
we annotated some extensions of the aforemen-
tioned or new datasets to support and improve the
models.

We are aware that LLMs with billions of param-
eters can also be used to solve these tasks. But

2Another classification of tasks in NLP is intrinsic vs.
extrinsic tasks which are usually used in the evaluation
of different NLP applications. The nowadays LLM ap-
proaches to NLP assume that intrinsic tasks are no longer
necessary, because the users need output from the ex-
trinsic category (Question Answering, Dialog Systems,
Information Extraction, Summarization, .etc)

187



they are not ready off-the-shelf to do this as many
of the users expect. We performed some exper-
iments with ChatGPT 4.0 services to implement
these tasks using a prompting approach. For tasks
like POS, Lemmatization, Universal Dependencies
(UD) Parsing, the results were worse than ours.3
For the WSD task, both approaches perform sim-
ilarly. We did not conduct experiments based on
fine-tuning. We imagine that such fine-tuned mod-
els will be comparable. However, generally this
means that the creation of manually annotated data
is still a central task for such models.

The main contributions of this work include: (1)
Pre-training of LLMs with a small number of param-
eters used for the fine-tuning of the NLP tasks. The
good results demonstrate that such models are suf-
ficiently effective for the tasks. (2) We implemented
a set of fine-tuned models for Bulgarian NLP tasks,
which improved the results of the models previously
known to us. Some of the models are the first of
their kind to be trained on only-Bulgarian data. (3)
We created a scheme that enables the integration
of all annotations and their visualization in a user
interface.

The structure of the paper is as follows: in the
next section we present some related works. In
Sect. 3 we introduce the main language resources
that are used in the fine-tuning of the models. In
Sect. 4 all the models that we pre-trained and fine-
tuned for the different tasks are presented. Sect. 5
describes how we incorporate the annotations pro-
duced by the different models within an HTML ed-
itor in order for the users to have the possibility
to edit the documents and to have access to the
annotations. Such possibilities will be very useful
for interested colleagues in the area of Humanities.
The last section concludes the paper.

Some citations in the paper are temporarily ex-
cluded in order to meet the anonymity requirement.

3For example, we tried asking ChatGPT about the
morpho-syntactic features of the marked phrase in the
sentence:
(BG) Struvalo mu se sramno da razkrie, che e roden
brat na brodyaga s lice na prestypnik.
(EN) He felt ashamed to reveal that he was the bio-
logical brother of this vagrant with the face of a crimi-
nal.
The phrase “was the biological’’ in Bulgarian is
homonymic to “was born”. But in the example the real
use of the form “roden/ADJ” (biological) is an adjective.
However ChatGPT categorized it as a participle which
would be correct in the case of “was born”. We tried with
several different prompts, but the result was the same.
Our fine-tuned classification model predicts the correct
use. Similar for other examples and tasks.

2. Related Work

For each of the tasks, we present here some
related work. The LLM approaches to dependency
parsing rely on some observations over the learn-
ing of syntactic information by the models. For
example Zhou et al. (2023) show that prepositional
phrase attachment poses the biggest challenge to
understanding syntax by LLMs. The case study on
the training dynamics of LLMs revealed that most
syntactic knowledge is learned during the initial
stages of training. In some cases, syntactic knowl-
edge is encoded directly in the LLM. For example,
Shen et al. (2021) propose a new syntax-aware lan-
guage model — Syntactic Ordered Memory (SOM).
The model explicitly models the structure with an
incremental parser and maintains the conditional
probability setting of a standard language model
(left-to-right). In our case, instead of an incremen-
tal approach, we use predefined partial syntactic
information. With respect to dependency parsing
Özates et al. (2020) use special rules to introduce
dependency relations between certain word forms
in sentences. Each rule identifies some arcs within
the dependency tree. In our implementation of
dependency parsing, we follow the approach of
McDonald et al. (2006) about a graph-based de-
pendency parsing performed in two steps: (1) deter-
mination of dependency arcs in the syntactic tree —
the immediate domination relation over the tokens
in the sentence — for each token to find its immedi-
ate parent token (adding special token for the root
of the sentence); and (2) labeling the selected arcs
with the appropriate dependency relations.

Word sense disambiguation is the task of deter-
mining the sense of a polysemic word in a specific
context. In our work, we started with a set-up very
close to the one described in (Huang et al., 2019).
In their work, they construct context-gloss pairs.
These pairs are constructed by combining the word
form for which we want to assign the correct sense
in a context (the text in which the word form ap-
pears) and the glosses from wordnet. Each of these
pairs are classified as correct or not, depending on
the gold annotation. In this way, the training exam-
ples are constructed. There are some variations
in the approach to constructing training examples
depending on whether or not the selected word is
marked. In some cases, additional knowledge is
added to the examples, depending on the context
of the senses within WordNet — see (Song et al.,
2021b).

The event extraction task is very often defined
as consisting of two subtasks: (1) Event Detection
(ED), and (2) Event Argument Extraction (EAE) —
see (Simon et al., 2024), (Lai, 2022), and citations
within them. In the first task, the system is expected
to identify the span and the type of events. Usually,
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the event detection starts with a trigger recognition
since triggers anchor the events. The second task
identifies the arguments (participants) of the event
in the text and relates them to their roles. When
the two tasks are solved separately by different
models, the result is called a pipeline approach. In
cases where the model solves both tasks together,
the result is called a joint approach. We imple-
mented a joint generative event extraction system
that produces a formal textual representation of the
extracted event information. More specifically, we
follow the Text2Event approach to EE (Lu et al.,
2021). Text2Event defines an end-to-end gener-
ative model that transforms an input of tokens into
a linearized event structure.

The paper defines the linearized representation
as an S-expression that for each event occurrence
contains an expression pair containing the type the
type of the event and the corresponding text span
followed by a list of role and span pairs represent-
ing the arguments of the event mentioned in the
text. The transformed dataset (for example, ACE,
mentioned above) has then been used to train a
T5 encoder-decoder language model (Raffel et al.,
2019b). In order to restrict the output to the required
event representation, the authors explore the con-
strained decoding that provides a mechanism for
exploiting the knowledge of an event schema to
form the output.

For the visualization of the annotations, we rely
on our own experience with the following systems:
the GATE Teamware — (Bontcheva et al., 2013),
the INCEpTION platform — (Klie et al., 2018),
SpaCy: Industrial-Strength Natural Language Pro-
cessing4. All of them have functionality for creation
of rules for automatic text processing including reg-
ular expression rules and programming languages
— Java, Python, for processing the predefined docu-
ment data models. Neves and Ševa (2019) provide
a comprehensive review of manual annotation tools.
They defined a set of evaluation criteria for what
makes an annotation tool useful.

NB: In the last version, we will include more re-
lated works.

3. Datasets for Bulgarian

In this section, we present the main datasets
used in our work as a basis for fine-tuning of the
different NLP models.

• BulTreeBank: the original constituent variant
(Simov et al., 2002) contained 256 000 tokens.
We extended it to the morphological level with
2 445 407 tokens.

• The Bulgarian part of the Balto-Slavic Corpus:
For the shared task (Piskorski et al., 2021) the

4https://spacy.io/

corpus has been annotated with Named Enti-
ties (NEs) adhering to pre-defined guidelines,
and also the NEs were linked cross-lingually
through the lemmas. On this available corpus,
we mapped the NEs to Wikipedia URLs and
processed the texts on the morphological level.
In addition, we lemmatized all the tokens. The
total amount of tokens is 400 000.

• The Bulgarian Event Corpus (BEC): BEC
(Simov et al., 2025) comprises 227 documents
with 291 196 tokens of texts that are in the area
of history, biographies, ethnography, etc. The
corpus has been annotated on two levels: NEs
and events with triggers and roles. In addition,
the co-reference chains were marked as well.

4. LLM-based NLP Models for
Bulgarian

Here we describe the construction of the Bulgar-
ian NLP models based on LLMs. Our understand-
ing is that such models have to be relatively small
in order for them to be easily re-trained when nec-
essary. The resulting models are also much easier
to deploy, as they have modest hardware require-
ments. We follow the well established paradigm of
pre-training language models on a large collection
of text and later fine-tuning them for specific tasks
on smaller sized supervised datasets.

4.1. Pre-trained models

In this section, we introduce our pre-training
setup and the produced models. For the pre-
training, we use unsupervised corpora of 29B Bul-
garian tokens. We sourced them from 3 openly
available datasets: CulturaX (Nguyen et al., 2024),
Macocu (Bañón et al., 2023), and HPLT (de Gibert
et al., 2024), as well as from some other smaller
datasets that we gathered manually, such as News
sites (processed manually (5 BW)), Wikipedia, PHD
theses, research papers, and other. All data is pub-
licly available. The dataset was deduplicated on
document level with approximated Jaccard Similar-
ity using MinHashLSH from datasketch package.5
We used a threshold of 0.7. We have pre-trained
various types of models — encoder only, encoder-
decoder, decoder only. They are suitable for dif-
ferent NLP tasks. In the work reported here, we
present only the first two types of models. The
pre-trained models are publicly available on Hug-
gingFace6.

5https://ekzhu.com/datasketch/
6https://huggingface.co/AIaLT-IICT.
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4.1.1. Encoder models

We consider the BERT (Devlin et al., 2018) archi-
tecture the most popular encoder architecture. We
developed BERT models of different sizes. All use
a vocabulary of 50 176 tokens processed with the
WordPiece tokenization tool — Song et al. (2021a).
Recently, a modern and more efficient version of the
BERT architecture was proposed in Warner et al.
(2024). Following the ModernBERT architecture,
we also pre-trained a number of models with vari-
ous sizes. The basic characteristics of the models
are presented in Table 4.1.1. It is well known that
such types of model are widely used for classifica-
tion tasks as well as for producing text embeddings.
In our work, we use them for tasks like POS Tag-
ging and Token classification. We also use them
for Universal Dependencies oriented parsing.

Model casing dim layers pars
bert-base both 768 12 124M
bert-large both 1024 24 355M
bert-XL no 1024 48 657M
mbert-base no 768 22 149M
mbert-large no 1024 28 395M

Table 1: BERT and ModernBERT based pre-
trained encoder models. The first two models are
available in both — cased and uncased variants
— while the others are uncased. The columns de-
note: name of the model, casing type, token embed-
ding size (dim), number of the transformer layers
(layers), and number of parameters (pars).

The training procedure used the Masked Lan-
guage modeling objective (as proposed in the
BERT paper) with 20% noise tokens. We trained
for 3 epochs with a learning rate of 1× 10−4, batch
size of 256 chunks, and context-length of 512 to-
kens. For applications requiring longer context we
extended the model context-length by a subsequent
training on longer sequences (from 4096 to 8192
tokens).

4.1.2. Encoder-Decoder models

As mentioned above, encoder models excel es-
pecially in classification tasks. Unfortunately, not
all tasks can be modeled in this way. An example
for this is the lemmatization task: Each word form
must be mapped to its lemma, with the possible
lemmas being too many to be efficiently modeled as
classes. Thus, a generative model capable of mak-
ing a good representation of the input text seems
to be more suitable. Thus, we considered the archi-
tecture of T5 (Text-to-Text Transfer Transformer)
(Raffel et al., 2019a), which combines an encoder
and a decoder. We trained different sized T5 mod-
els, presented in Table 2.

The training procedure used a span denoising
objective as proposed in the original paper with a
noise density of 25% and a mean noise span of 3
tokens. We used the same hyperparameters for the
training as in the encoder models. We also used the
SentencePiece BPE tokenizer (Kudo and Richard-
son, 2018) since it proved to be better suited for
text generation.

Furthermore, some sequence-to-sequence ap-
plications benefit from lower level tokenization (for
example, spellchecking). We trained T5 models
on character level tokenization. The training objec-
tive was again span denoising with a mean noise
span of 7 characters, since 7 letters is the aver-
age length of the words in the corpus. Since the
character level tokenization segments the training
corpus in more tokens, we used a version of the
pre-training corpus filtered with a more aggressive
deduplication to 10B words.

Arch tokenization dim layers pars
T5 subword 1024 12-12 403M
T5 character 1024 16-16 470M
T5 subword 1536 16-16 1.1B

Table 2: T5-based pre-trained models. The first
and third models used uncased subword level to-
kenization, while the second model employed a
character level tokenization. The first column de-
scribes the types of the architecture, the second
column shows the tokenization level, the third col-
umn (dim) presents the token embedding size, the
fourth (layers) — the number of the transformer
layers for each model, and the last column (pars)
contains the number of parameters for each model.

4.2. Task specific fine-tuning
After pre-training, the models can be tuned for

various specific tasks. This subsection describes
our efforts with respect to some of them.

4.2.1. Encoder based classification

Many tasks can be modeled as classification —
assigning a label from a fixed number of classes to
each token in the text or the whole text. We fine-
tuned our pre-trained encoder models on different
tasks, as well as the publicly available at Hugging-
Face bert-web-bg7 and bert-web-bg-cased8 which
is one of the few Bulgarian Transformer models
available. Below are more details about the tasks.
Table 3 gives test result reports, comparing the
pre-trained models.

7https://huggingface.co/usmiva/
bert-web-bg

8https://huggingface.co/usmiva/
bert-web-bg-cased

190



Pre-trained Model Tok+SS (F1) NER (F1) XPOS (Acc) UAS (Acc) Text Err (F1) WSD (F1)
bert-web-bg 0.9669 0.9198 0.9787 0.9033 0.8511 0.7756
bert-web-bg-cased 0.9849 0.9005 0.9810 0.9192 0.8866 0.7507
bert-base 0.9877 0.9289 0.9865 0.9564 0.9214 0.7970
bert-base-cased 0.9927 0.9497 0.9858 0.9488 0.9131 0.7949
bert-large 0.9895 0.9378 0.9878 0.9412 0.9225 0.8155
bert-large-cased 0.9940 0.9497 0.9877 0.9571 0.9245 0.8136
modernbert-base 0.9902 0.9174 0.9864 0.9523 0.9462 0.8119
modernbert-large 0.9895 0.9206 0.9875 0.9444 0.9423 0.8244

Table 3: Test results across encoder fine-tuning tasks. Test results on the classification tasks. Rows show
results for the following tasks: Tokenization and Sentence Segmentation, Named Entity Recognition, Part
of speech and morphological tagging (XPOS), Unlabeled syntax head prediction (Unlabeled attachment
score - UAS), Text error tagging and Word Sense Disambiguation. Macro F1 is reported for Tokeniza-
tion+Sentence Segmentation, NER, Text Error tagging, and WSD. Accuracy is reported for the remaining
tasks.

Tokenization and Sentence segmentation is a
task that classifies the beginning of the words and
the sentences. In Bulgarian sentence and word
boundaries are ambiguous, and thus a model is
needed. 9 Often tokenization and sentence split-
ting is the first objective to be completed in the NLP
pipe, since the other annotations usually work on
sentence level. We model the task by assigning
to each token a class from B-SEN, B-WOR, and
I-WOR. These correspond to the beginning of a
first word of a sentence, the beginning of a non-
first word of sentence, and the continuation of a
word. Any supervised tokenized dataset with con-
sequent sentences can be used as training data.
Here, the Bulgarian Event Corpus has been con-
sidered. We divided the corpus into 766 train, 96
validation, and 96 test chunks of 512 tokens. We
train for 20 epochs with a linearly decaying learning
rate starting from 1× 10−4 and batch size of 8*32.
We pick the best model by validation loss (usually it
is around 17 epoch with negligible increase of the
val loss after).

Named Entity Recognition is the classical task
of assigning labels to word spans that are classified
as names. We use The Bulgarian part of the Balto-
Slavic Corpus. It contains 11 classes with 5 NER
categories: person, location, organization, event,
and pronoun. We use the provided train and test
splits. We partition a validation split from the train
data. That amounts to 6 032 train, 671 validation
and 2 180 test sentences. We train for 5 epochs
with a linearly decaying learning rate starting from
2× 10−5 and batch size of 8*16. We pick the best
model by validation loss (usually it is around 17
epoch with negligible increase of the val loss after).

Part of speech tagging is the task of assigning
a label corresponding to the grammatical features
of the word, grouped in POS tags. For training,
we use our extended version of the BulTreeBank
corpus. We split the data into 134 331 train, 7 071

9

validation, and 15 712 test sentences. We train for
3 epochs with linearly decaying learning rate from
5 × 10−5 and batch size of 8*16 sentences. Our
models score around 0.99 accuracy, which to our
knowledge is the SOTA for the Bulgarian on this
task.

Text error tagging is the task of finding spelling,
grammatical, and punctuation errors in a given text.
We developed data for this task by noising a text
that we consider correct with various rules corre-
sponding to common mistakes, including casing
errors. In this way, we automatically created train-
ing dataset of 11 394 612 tokens in 188 908 text
chunks. We model the task as binary token classi-
fication and train for 1 epoch with linearly decaying
learning rate from 2× 10−05 and batch size of 8*16
text chunks. During training of the uncased models,
we ignore the casing error labels. For testing, we
developed a small set of error correction exercises
from publicly available Bulgarian exams consist-
ing of 3 101 tokens in 46 texts. On this set, both
cased and uncased models are tested. The Macro
F1 test scores are presented in Table 3. Manual
evaluation showed that the uncased models spot
difficult punctuation errors better than the cased
models but are naturally unable to assess casing
errors. Thus, we got the best results by combining
the error predictions from the best uncased model
and the best cased model, trained only on casing
errors.

4.2.2. UD syntax parsing

Syntax parsing refers to the tree analysis of a
given sentence. As mentioned above, we modeled
the task in two steps: (1) Annotating the head (par-
ent node) of every word in the sentence; (2) Classi-
fying the syntax relation between each token-head
pair. The annotation of the head is done by adding
an extra layer on top of the encoder that calculates
scores between each pair of tokens similarly to
the scoring part in the attention heads. Then after
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calculating the scores, a maximum spanning tree
algorithm (McDonald, 2006) is applied to produce
the syntax tree. The classification of the syntac-
tic relation was performed by concatenating the
vectors of the tokens and pairs predicted by the
first step and linearly projecting them to the set of
classes. We used BulTreeBank’s 8 907 training,
1 115 validation, and 1 116 testing sentences. We
train for 5 epochs with linearly decaying learning
rate from 5× 10−5 and batch size of 8*48. The ac-
curacy of the head prediction is referred to as UAS -
Unlabeled Attachment Score, while the accuracy of
both head prediction and class labeling is referred
to as LAS - Labeled Attachment Score. Our best
result for the UAS is 0.9571 and the LAS is 0.9330.
We report the UAS scores across the pre-trained
models in Table 3.

4.2.3. Named Entity Linking

Named Entity Linking is the task of disambiguat-
ing names in a text to a knowledge base. In our
case, we labeled the names in the text with their
Wikipedia article URL. For training, validation, and
testing, we used datasets with Wikipedia URL an-
notation of named entities: The Bulgarian part of
the Balto-Slavic Corpus, the BulTreeBank, and sen-
tences from The Bulgarian Event Corpus (BEC).
The resulting set consisted of 53 829 contexts and
7 065 unique named entity urls. We modeled the
task as a semantic search. We enclose the entity
that needs to be linked with special tokens and treat
the whole context as a query. The corresponding
Wikipedia article acts as a document. We fine-
tuned an encoder for producing embeddings us-
ing the Sentence Transformers library (Reimers
and Gurevych, 2019). The model was optimized
to make the embeddings of the context and the
Wikipedia article closer than the random (noise con-
trasting objective). We split the data into 43 063
training, 5 384 validation, and 5 382 test pairs of en-
tity context and wikipedia article. We train the sen-
tence transformer for 3 epochs with a peak learning
rate of 1× 10−5 and a batch size of 8*16 pairs.
After training, the named entity linking is performed
by finding the Wikipedia article with the closest em-
bedding. We perform experiments on the entities
with contexts from the test set by disambiguating
them to the whole Bulgarian Wikipedia consisting
of 151 708 entities. We report Recall at positions:
1, 3, 5, and 10 - 0.83, 0.93, 0.95, and 0.96. The
system may benefit from having a cross-encoder
model to perform re-ranking, but we leave this for
future work.

4.2.4. Word Sense Disambiguation

Word Sense Disambiguation is the task of link-
ing semantically ambiguous words in a text to a

thesaurus like WordNet. We modeled the task in
two steps: (1) We use a lexicon and a lemmatizer
model to find the candidate senses of the word;
(2) We use a cross-encoder model to classify the
similarity between the context with the word en-
closed in special tokens and the definition of the
candidate sense from the Bulgarian BTB-WordNet
(Simov and Osenova, 2023).
To train the model, we used the same WordNet
to create positive and negative data pairs. The
BTB-WordNet has example usage for every synset.
More specifically, we considered all words that are
ambiguous (linked to more than one sense) and
created example-definition pairs. The positive pairs
were created directly by pairing the sense defini-
tion and one of its examples, while the negative
ones were taken from the examples of other senses
for the same word that is not semantically related.
Thus, we created positive and negative pairs. We
split the set into 85 254 train, 3 698 validation, and
4 006 test pairs, while making sure that there are
no pairs with the same sense in the different par-
titions, to avoid leakage. We also enhanced the
definitions with other words that are linked to the
same sense, which improved the accuracy. The
models are trained for binary classification in the
classes: similar and different. We train for 3 epochs
with linearly decaying learning rate from 2× 10−5

and batch size of 8*32. We report the F1 score
over the test set pairs in Table 3.

It resulted in a F1 score of of 82.44% in finding
the correct sense of ambiguous words.

4.2.5. Encoder-Decoder conditional
generation

As mentioned above, not every task can be mod-
eled as a token classification. For such tasks,
more general free form text generation is prefer-
able. Thus, we fine-tuned our T5 models.

Lemmatization is the task of converting a word
to its base form (lemma). We modeled it by passing
a sentence with words separated by special tokens
and training a model to generate the corresponding
lemmas in the correct positions. In this way, the
whole sentence was lemmatized in a single gener-
ation. We fine-tuned subword level T5 model on a
train split of our extended version of the BulTree-
Bank corpus and achieved a test accuracy score
of 0.9946.

We fine-tuned T5 model for Spelling correction
of a text with spelling and punctuation errors. We
used the same dataset as the text error tagging
task described in Subsection 4.2.1. The model
achieved a BLEU score of 0.9936 on a test set.

Translation from old spelling is another
sequence-to-sequence task. In Bulgaria in the 19th
and 20th centuries, there were different spelling
systems in comparison to the only one that is used
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Model Tokenization BLEU
(word level)

Lexicon substitution 0.8769
(baseline)
T5 Character 0.9532
T5 Subword 0.9201
EuroLLM 1.7B Subword 0.9421

Table 4: BLEU Scores of the tested fine-tuned mod-
els for the translation from old spelling task.

in modern Bulgarian. The differences are confined
to variations in letter usage. For training, validation
and testing data, we used parallel sentences paired
from different versions of novels and short stories
published in the period of 1910-1944 for which we
found also electronic versions published after 1945.
We used some heuristics in the alignment, with
manual checks on the result for nearly half of the
texts. We fine-tuned the models on the dataset for
10 epochs with a peak learning rate of 1 × 10−4.
The best checkpoint according to the validation set
is selected. We found that the T5 model that tok-
enized the text at the character level is better suited
than the one that used subword tokenization. The
best model achieved a BLEU score of 0.9532 on
a test set. We fine-tuned EuroLLM-1.7B (Martins
et al., 2025) on the same task and observed that the
results are close to the T5 character level results.
(Table 4) We hypothesize that the reason is that the
tokenizer of EuroLLM, being multilingual, tokenizes
old Bulgarian words in smaller subwords, maybe
even characters, similarly to the T5 character level.

4.2.6. Event Extraction

Event Extraction is the task of finding and ex-
tracting structured information from a given text in
the form of events and participants in them. We
modeled the task as a sequence-to-sequence gen-
eration that takes a sentence as input and produces
an output in a JSON format which consists of a list
of the events present in the sentence. Each event
is represented as an object and has a type, a span
- the position in the sentence, and a list of roles -
each with a type and a span. We used the Bulgar-
ian Event Corpus dataset, splitting it into 13 233
training, 1 471 validation, and 1 634 test sentences.
We evaluate the model on the test sentences and
report an F1 score of 0.77 in retrieval of event spans
and an accuracy of 0.86 in prediction of the type of
true positive events.

5. Visualization of the annotations

After accumulating all the above mentioned mod-
els for the various tasks, we began developing
a user interface to observe the different annota-

tions either in isolation or in combination over doc-
uments of interest. For that reason, in this section
we present a basic user interface implemented as
an HTML editor. This allows the user to observe
the documents together with their formatting – dif-
ferent headings, sections, footnotes, bold, italics,
etc. Additionally, the HTML mark-up has been ex-
tended with information about the available anno-
tation. Here, we consider two scenarios of usage,
depending on the user needs and the available cor-
pora. If users want to annotate their own corpora,
then it would be useful for them to have the possi-
bility to annotate the corpora with selected types
of annotation. However, if the corpora have been
shared by many users with different needs, then
we imagine that all types of annotation have to be
performed. Apart from the NLP tasks discussed
above in Sect. 4 we also consider some obvious
extensions to the set of NLP tasks to be supported
by the set of models. Such a task is for example
co-reference resolution.

Having in mind the user requirements, we de-
cided that the best way to encode the annotation
information is to represent it on a token level. In this
way, the interaction of the HTML mark-up as well
as the editing operation with the annotation is maxi-
mally reduced. Thus, our goal here is the projection
of the corresponding annotation to token level an-
notation. As is well known, this is possible for many
types of annotation. For example, the Universal
Dependency (UD) annotations are represented in
such a way. In UD we have three main types of
annotation: (1) “category” annotation, where the
information is represented as a single value, which
we interpreted as a category, independently from
the fact that these values can be lemmas, tags (rep-
resenting a bundle of values, positionally), or a list
of feature:value pairs; (2) “tree” annotation, where
the annotation is represented by arcs between the
tokens which form tree structures over the tokens in
the text. In this way, UD encodes the dependency
structures; (3) “dep-graph” annotation, where the
annotation is represented as multiple arcs from a
given token to other tokens in the text. UD encodes
in a similar way the Enhanced dependency graph,
where a list of head-deprel pairs is attached to the
tokens. Each head-deprel consists of two elements:
the first element is the position of the token in the
current sentence, and the second element is the
dependency relation. In our work, we would like
to extend this annotation to allow the encoding of
in-coming and out-leaving arcs, bidirectional arcs,
and having different labels.

In order to present more complex graphs than the
enhanced dependency graph, we extended the no-
tion of head-deprel to graph-edge-rel. Each graph-
edge-rel consists of the following elements: target
node — the position of the token to which the edge
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Figure 1: This screenshot depicts the editor main screen containing an annotated document. The
annotation scheme has three levels of annotation: Named entity; Named entity linking; Event annotation.
Named entity and Named entity linking levels are of type “category”. The Event is represented as a graph
between tokens that determines the event in the text. The left part of the screen presents the different
categories of Named entities or events. The right part of the screen presents information related to the
Named entity links.

is connected; edge type — one of the values: in
(in-coming arc), out (out-leaving arc), and bi — a
bidirectional arc; label — the label from a set of la-
bels assigned to the edge. Thus, we want to have
an annotation scheme with optional annotations.
For example, in the case of the UD CoNLL format
we could require having cases in which only XPOS
tags are presented.

In order to meet these requirements, for each
document, we define an annotation scheme con-
sisting of a list of declarations of the annotation
scheme elements. Similarly to CoNLL format, the
first element of the annotation scheme is the index-
ing of the tokens within the text. The token number
is global over the whole text, allowing annotations
over more than one sentence. Each element decla-
ration in a scheme definition has the form: type of
annotation — one of the values: “category”, “tree”,
“dep-graph”, and “graph”, as defined above; Sec-
ondary type of the annotation — one of the values:
“single”, “list-of-value”; Set of values — what the
values are. The values could be some of the types:
“number”, “string”, “tag”

Fig. 1 presents an example of annotated docu-
ment on three layers of annotation: Named entity
layer, Named entity linking layer, and Event layer.

6. Conclusion and Future Work

In this paper, we presented a number of LLMs,
fine-tuned to basic NLP tasks for Bulgarian. In

our practice, most of them proved to be useful in
supporting research in the area of Humanities. To
provide the annotations to the researchers, we im-
plemented an approach for encoding the annota-
tions in HTML documents.

We think that all of these tasks are useful for re-
searchers within SS&H. Here, we describe some
of the possible scenarios. (1) POS and lemmati-
zation services provide important information for
searching in large corpora.10 Both tasks, men-
tioned above, are necessary for the preparation
of corpora loaded into NoSketch Engine. For most
of the users, this information is not necessary. How-
ever for linguists, lexicographers, language teach-
ers, and others, the information from the annota-
tion is necessary. (2) WSD service is important for
linguists, lexicographers, but also for humanities
specialists who are interested in the annotation of
their corpora with specific terminological lexicons.
(3) NER and NEL services allow for the diverse
representation of one or many documents (see the
user interface above). (4) UD Parsing and Event
services interact for extensions of event extraction
within the current event inventory, but also for exten-
sions to new types of events. All of these services
are easier to maintain, to extend to new areas, etc.
They also significantly contribute to the explainabil-
ity, and are much cheaper than LLMs with billions

10See the massive list of corpora uploaded in NoSketch
Engine from CLASSLA: Knowledge centre for South
Slavic languages — https://www.clarin.si/ske.
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of parameters.
Needless to say, LLMs with billions or even tril-

lions of parameters can also be used. But they
are not ready off-the-shelf as many of the users ex-
pect. We performed some experiments with Chat-
GPT services to implement these tasks using the
prompting approach. For tasks like POS, Lemma-
tization, UD Parcing, the results were worse than
ours. For the WSD task, both approaches perform
similarly. We did not conduct experiments based
on fine-tuning of LLMs with billions of parameters.
We imagine that such fine-tuned models will be
comparable.

In our future work, we plan to extend the set of
models to new tasks. We will work on the creation
of RAG systems in SS&H in which we consider to
use encoder models for vectorization of the doc-
ument database, and small decoder models for
the generation of the answers depending on pre-
selected snippets. Thus, our strategy is to keep the
models small but powerful enough for the tasks in
hand as much as possible, and to gradually extend
the models with respect to architecture and size
towards related new tasks.
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Abstract
Algorithmically curated social media feeds shape political exposure, commercial influence, and cultural consumption,
yet they remain difficult to study systematically due to limited data access and opaque recommendation mechanisms.
We present a research-oriented framework that operationalizes feed-level exposure analysis using a browser
extension combined with a server-side multimodal large language model (LLM). The system logs visible posts and
their view time, performs zero-shot multimodal classification, and aggregates results into a customizable nutrition
label summarizing exposure across analytical categories. It further supports retrieval-grounded conversational
querying, dataset export and sharing, and human validation of LLM classifications. Designed as a methodological
instrument for Social Sciences and Humanities, the framework enables both observational analysis and experimental
research on transparency interventions, while critically examining epistemic, methodological, and ethical implications
of LLM-based exposure analysis.

Keywords: Large Language Models; Multimodal Analysis; Social Media Research; Algorithmic Transparency;
Exposure Measurement; Digital Humanities; Computational Social Science; Information Nutrition Label

1. Introduction

Algorithmically curated feeds increasingly medi-
ate how individuals encounter political information,
commercial messaging, and cultural content. For
researchers in the Social Sciences and Humanities
(SSH), understanding feed-level exposure is es-
sential for studying algorithmic amplification, public
discourse formation, and systemic risks.

However, empirical research on personalized
feeds faces structural barriers. Platform APIs rarely
provide access to individualized exposure streams,
and recommender systems remain opaque. Regu-
latory developments such as the European Union’s
Digital Services Act (DSA) highlight this tension:
Article 27 mandates transparency regarding recom-
mender systems (European Union, 2022a), while
Article 40 establishes data access provisions for
vetted researchers studying systemic risks (Euro-
pean Union, 2022b). Yet practical methodological
tools for operationalizing exposure-level analysis
remain scarce.

We present a research-oriented framework that
combines a browser extension with a multimodal
LLM to log and analyze feed exposure. The system
records visible posts and their view time, performs
zero-shot classification across user-defined analyti-
cal categories, aggregates results into an exposure-
oriented “nutrition label” (see Figure 1), and en-
ables retrieval-grounded conversational querying.
It further supports dataset export/import and hu-
man validation of automated classifications.

While inspired by the metaphor of consumer-
facing nutrition labels, we primarily position the
system as a methodological instrument for SSH re-

search and as a testbed for studying transparency
interventions.

2. Related Work

Our work builds on prior research tools for social
media monitoring, most notably Zeeschuimer, a
browser extension that allows users to collect data
from social media feeds for research purposes
(Peeters, 2025). While Zeeschuimer supports feed
logging, it does not record post visibility duration
and does not analyze or summarize content.

Inspired by food nutrition labels, several re-
searchers have proposed “information nutrition la-
bels” to communicate properties such as credibility,
bias, or sourcing (Fuhr et al., 2017; Gollub et al.,
2018; Kevin et al., 2018; Willinsky and Pimentel,
2024). These approaches primarily focus on item-
level or publisher-level information. In contrast, our
work emphasizes personalized, feed-level aggre-
gation weighted by view time.

Most closely related is the recommender sys-
tem label proposed by Belli and Wisniak (2023),
which aims to reveal parameters influencing post
amplification. Whereas their proposal focuses on
transparency for content creators, our framework
supports content consumers and researchers by
aggregating exposure across customizable analyti-
cal categories.

More broadly, our work connects to emerging
SSH uses of LLMs for qualitative coding, discourse
analysis, and multimodal interpretation, while ex-
plicitly addressing reproducibility and epistemic con-
cerns.
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Figure 1: Feed-level nutrition label. Aggregate
statistics are computed per category and can be
displayed by post count or view time (see select
box at the top right) to approximate exposure. Se-
lecting a category value enables drill-down to the
corresponding posts in the local database.

3. Research Motivation

Studying exposure requires moving beyond iso-
lated content analysis toward temporally weighted
feed composition. Researchers may ask which
themes dominate exposure over time, how polit-
ical and commercial content are interwoven, or
what emotional tones characterize curated streams.
Such questions require operationalizing exposure
not merely as post frequency but as time-weighted
visibility, since feed consumption typically involves
rapid scrolling through numerous posts with only
occasional sustained attention to particular items.
Capturing view time therefore provides a more
meaningful approximation of exposure intensity
than simple post counts alone.

Beyond observational analysis, the framework
enables intervention research. The nutrition label
and conversational interface can serve as trans-
parency treatments, allowing researchers to inves-
tigate how aggregated exposure information influ-

ences scrolling behavior, engagement patterns, or
perceptions of algorithmic bias.

4. System Architecture

The system consists of two components: (1) a
client-side browser extension responsible for feed
monitoring, storage, retrieval, and user interaction;
and (2) a server-side multimodal LLM that performs
semantic analysis and reasoning tasks. The ar-
chitecture is designed to keep exposure datasets
locally under researcher control while delegating
computationally intensive multimodal inference to
dedicated hardware.

In the current implementation, we deploy the
open-weight multimodal model Qwen2.5-VL-7B-
Instruct (Alibaba Cloud, 2024). The backend
processes requests transiently and does not per-
sist user data. This setup enables researchers to
run the system on their own infrastructure without
relying on commercial APIs.

4.1. Client-Side Data Capture
The browser extension currently operates within
the Instagram web interface, with support for ad-
ditional platforms such as TikTok currently under
development. A content script detects which post is
visible in the viewport using intersection observers
and timestamp tracking. For each post, the system
initially records the following captured fields:

• Post identifier

• Caption text

• Media reference (image or video URL)

• Metadata (e.g. timestamp, interaction counts
such as likes and comments)

• User interaction signals (e.g., whether the user
liked, saved, or commented on the post)

• View time (milliseconds visible)

All captured data are stored locally using In-
dexedDB. Thousands of posts can be stored with-
out performance degradation, with local browser
storage constituting the primary scalability con-
straint. The database supports keyword search,
field-specific filtering, Boolean logic (AND, OR,
NOT), and numerical comparisons (<, >, =) for
metadata fields.

The database can be explored in an extra tab pro-
vided by the browser extension. Besides a classical
table view, a gallery and feed view are available
for an image/video focused exploratory analysis
(Figure 2).
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Figure 2: Database tab (table view). The extension stores posts locally and provides keyword search and
filter controls (including nutrition label categories and post metadata) to retrieve subsets of the recorded
feed for analysis.

4.2. Multimodal Description Generation
After initial storage, the system generates a tex-
tual description for the image or video (based on a
video frame) of each post using the multimodal LLM.
These descriptions are stored alongside the cap-
tured data as derived representations. Generating
descriptions by default ensures that each post has
a unified textual representation, facilitating consis-
tent downstream classification and conversational
reasoning.

4.3. Zero-Shot Category Classification
Classification is performed via structured zero-shot
prompting. For each active nutrition label category,
the prompt includes:

• Category name (required)

• Optional description

• Optional set of candidate values

• Whether the value set is open or closed

The LLM is guided to return valid JSON out-
put conforming to a predefined schema. This
design allows researchers to define new analyti-
cal categories dynamically without retraining the
model. The resulting category assignments are
appended to the corresponding post records in the
local database.

Category definitions are managed through the ex-
tension settings interface, where researchers can
specify names, optional descriptions, and candi-
date values (Figure 3).

For transparency at the item level, each post
includes an inline overlay displaying the predicted
category assignments (Figure 4).

Figure 3: Extension settings. Researchers define
nutrition label categories by specifying a name and
optionally a description and candidate values. Cat-
egories are applied via zero-shot prompting without
retraining.

4.4. Feed-Level Aggregation
Category assignments are aggregated across the
recorded feed to generate a nutrition label sum-
marizing exposure patterns. Aggregation can be
computed either by post count or by cumulative
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Figure 4: Post-level nutrition overlay. The LLM’s
category assignments for the selected post are
displayed inline within the social media interface.

view time, thereby approximating exposure inten-
sity under rapid scrolling conditions.

The aggregated results are presented in a feed-
level nutrition label that supports drill-down inter-
action (see again Figure 1). Selecting a category
value filters the local dataset and opens the corre-
sponding subset in the database view.

4.5. Retrieval-Grounded Conversational
Querying

The “Talk to your Feed” interface implements a two-
step reasoning pipeline. Given a natural language
question, the LLM first generates a structured query
expressed in the system’s custom search syntax.
The extension executes this query locally against
the IndexedDB dataset. Retrieved posts, including
caption text, generated image/video descriptions,
metadata, interaction signals, and category assign-
ments, are then sent back to the LLM. The LLM
produces an answer grounded explicitly in this re-
trieved content.

This separation between query generation
and answer generation constrains reasoning to
the recorded exposure dataset and reduces un-
grounded outputs. The conversational interface
exposes this retrieval-grounded reasoning process
directly to researchers (Figure 5).

Figure 5: Retrieval-grounded conversational inter-
face. The LLM first generates a structured query
over the local database. Retrieved posts are then
used to generate a grounded response.

4.6. Human-in-the-Loop Validation
To assess classification reliability, the system pro-
vides a review interface allowing researchers to
navigate posts sequentially using keyboard controls
and evaluate predicted category values. Validation
feedback (correct/incorrect) is stored as additional
fields associated with each post record.

Annotations can be exported to compute classi-
fication accuracy and inter-annotator agreement,
enabling mixed-method research designs that com-
bine automated coding with human validation (Fig-
ure 6).
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Figure 6: Review interface for validating LLM classifications. Researchers assess predicted category
assignments and export annotations to compute accuracy and inter-annotator agreement.

4.7. Data Portability and Reproducibility
Exposure datasets can be exported and imported
using a custom JSON format. Exported data in-
clude captured fields (metadata, interaction signals,
view time), derived representations (image/video
descriptions and category assignments), and hu-
man validation annotations. This functionality en-
ables collaborative workflows in which multiple re-
searchers analyze identical exposure datasets in-
dependently.

By combining local storage, open-weight LLM de-
ployment, structured prompting, retrieval-grounded
reasoning, and exportable datasets, the architec-
ture supports flexible yet methodologically transpar-
ent exposure analysis.

5. Methodological, Epistemic, and
Ethical Considerations

Using multimodal LLMs as analytical instruments
for feed-level exposure analysis introduces method-
ological, epistemic, and ethical challenges that re-
quire careful consideration.

Zero-Shot Operationalization. Zero-shot classi-
fication enables researchers to define analytical cat-

egories dynamically without retraining. While this
flexibility lowers barriers for exploratory research, it
introduces prompt sensitivity and model-version de-
pendency. Category definitions should therefore be
understood as operational constructs rather than
objective ground truth labels. Reproducibility de-
pends on documenting prompts, model versions,
and hardware configurations.

Multimodal Interpretation and Derived Repre-
sentations. The system generates textual de-
scriptions of images and video frames to create
a unified representation for reasoning and retrieval.
While this facilitates consistent analysis, multimodal
LLMs may hallucinate details or overgeneralize vi-
sual cues. Researchers should treat generated
descriptions and classifications as interpretive arti-
facts rather than direct observations.

Operationalizing Exposure Through View Time.
Weighting aggregation by view time approximates
attention allocation in scrolling environments. How-
ever, visibility duration does not fully capture cog-
nitive engagement, affective response, or back-
ground exposure. The metric should therefore be in-
terpreted as a proxy for temporal prominence rather
than a direct measure of psychological impact.
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Normativity and Bias. Certain analytical cate-
gories, such as “Content Quality” or “Intent”, embed
normative assumptions. LLM outputs may reflect
biases present in training data, including cultural
or linguistic biases. Human validation and inter-
annotator agreement mechanisms are therefore
essential components of responsible use.

Privacy and Data Governance. All exposure
data are stored locally within the browser using
IndexedDB. The backend LLM processes requests
transiently and does not persist images or text. Im-
ages and video frames are transmitted for infer-
ence but not retained. The architecture is designed
for deployment on researcher-controlled hardware
rather than centralized service provision. Nonethe-
less, systematic feed logging raises broader ethi-
cal questions regarding surveillance normalization,
contextual integrity, and informed consent in stud-
ies involving social media content.

Taken together, these considerations underscore
that the system should be understood as a method-
ological instrument whose outputs require interpre-
tive caution, documentation, and, where appropri-
ate, human oversight.

6. Evaluation

We are currently implementing a two-part evalua-
tion protocol addressing (1) the reliability of zero-
shot LLM classifications and (2) the behavioral and
perceptual effects of the nutrition label as a trans-
parency intervention.

6.1. Classification Reliability and
Agreement

To evaluate classification performance, we export
recorded exposure datasets in the system’s custom
JSON format and distribute them to independent
reviewers. Reviewers import the dataset into their
local instance of the extension and use the built-in
validation interface to annotate whether predicted
category assignments are correct.

The exported annotation files are returned and
aggregated using a dedicated analysis script. For
each category, we compute:

• Inter-annotator agreement (e.g., Cohen’s or
Fleiss’ κ)

• Majority-based ground truth labels

• LLM performance metrics with respect to ma-
jority assessments (e.g., accuracy, precision,
recall)

This protocol enables systematic evaluation of
zero-shot category definitions and provides insight

into which types of categories (e.g., descriptive vs.
normative) yield higher agreement and classifica-
tion reliability.

6.2. User Perception and Intervention
Effects

Beyond classification reliability, we plan to inves-
tigate the effects of the nutrition label as a trans-
parency intervention. Participants will install the
extension and use it with their own feed. The study
will explore:

• How exposure summaries influence scrolling
and engagement behavior

• Whether awareness of aggregated exposure
alters perceptions of feed composition

• How accurately users can predict the distri-
bution of their feed across categories prior to
viewing the nutrition label

In particular, we are interested in comparing
users’ predicted category distributions with mea-
sured distributions derived from recorded exposure
data. This comparison may reveal systematic mis-
perceptions regarding feed composition and algo-
rithmic influence.

Together, these evaluation components address
both methodological validity of LLM-based classifi-
cation and the societal implications of transparency
interventions.

7. Discussion and Outlook

We presented a research-oriented framework for
operationalizing feed-level exposure analysis using
multimodal large language models. By combining
view-time logging, structured zero-shot classifica-
tion, retrieval-grounded conversational querying,
and human validation mechanisms, the system
provides an integrated environment for studying
algorithmically curated media streams.

The framework contributes methodologically in
three ways. First, it introduces time-weighted ex-
posure as an operational construct for analyzing
scrolling-based media consumption. Second, it
demonstrates how open-weight multimodal LLMs
can be embedded into reproducible research work-
flows through structured prompting, exportable
datasets, and agreement-based evaluation. Third,
it positions transparency interfaces not only as user-
facing tools but as experimental instruments for
studying the behavioral and perceptual effects of
algorithmic disclosure.

The planned evaluation protocol will assess both
classification reliability and the epistemic status
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of zero-shot category definitions across descrip-
tive and normative constructs. By combining inter-
annotator agreement with majority-based perfor-
mance metrics, we aim to clarify under which con-
ditions LLM-based feed analysis yields stable and
interpretable results.

Beyond methodological validation, the system
enables empirical investigation of transparency in-
terventions. Comparing users’ predicted feed com-
position with measured exposure distributions may
reveal systematic misperceptions about algorithmic
influence and content balance. Such findings could
inform debates in platform governance, digital liter-
acy, and algorithmic accountability.

Future work includes extending support to addi-
tional platforms, incorporating richer video analysis,
exploring multilingual category definitions, and for-
malizing reproducibility standards for LLM-based
content analysis pipelines. As multimodal mod-
els continue to evolve, maintaining transparency in
prompt design, model versioning, and hardware
configuration will remain essential for ensuring
methodological rigor.

By bridging exposure logging, multimodal reason-
ing, and human validation, the proposed framework
contributes to emerging methodological toolkits for
studying algorithmically curated information envi-
ronments in the Social Sciences and Humanities.
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Abstract
While new benchmarks for large language models (LLMs) are being developed continuously to catch up with the
growing capabilities of new models and AI in general, using and evaluating LLMs in non-English languages remains
a poorly-charted landscape. We give a concise overview of recent developments in LLM benchmarking, and then
propose a new taxonomy for the categorization of benchmarks that is tailored to multilingual or non-English use
scenarios. We further propose a registry of benchmarks implementing the new categorization and documenting
benchmarks with a rich set of metadescriptors. While still at a pilot stage, such a registry can lead to a more
coordinated development of benchmarks for European languages. We conclude with a review of current trends and
advocate for a higher language and culture sensitivity of evaluation methods.

Keywords: large language models, benchmarking, taxonomy, benchmark registry, cultural competence,
quality recommendations

1. Introduction

The rapid advancement of large language models
(LLMs) has brought unprecedented capabilities in
natural language understanding and generation,
reasoning, coding, and more. With the global race
in raising the bar, new commercial models are be-
ing released on a weekly basis. They are also being
employed in increasingly complex pipelines and are
given more and more agency to carry out tasks, per-
form strategic planning, and independently interact
with other applications. While open-source models
generally score lower on most leaderboards, they
too grow larger and smarter.

In the brief history of LLMs, many evaluation
frameworks have been set up – both human and
automatic – to assess their evolving performance
across different linguistic and non-linguistic tasks
of growing complexity. However, the overwhelming
majority of evaluation datasets are developed pri-
marily for English, creating a significant evaluation
gap for other languages and language varieties.

To evaluate the performance of LLMs in non-
English contexts, a widely used approach so far
has been to translate existing English benchmarks
using machine translation, with or without human
revision. This might seem reasonable: several
major international benchmarks or benchmark col-
lections (e.g., SuperGLUE (Wang et al., 2019),
MMLU (Hendrycks et al., 2021), Hellaswag (Zellers
et al., 2019) exist together with their parallel (trans-
lated) versions, which allows for a direct compar-

ison of LLMs across a wide range of tasks and
languages. However, Global-MMLU (Singh et al.,
2024) revealed that success in MMLU depends
heavily on learning Western-centric concepts, with
28% of all questions requiring culturally sensitive
knowledge. Moreover, for questions requiring geo-
graphic knowledge, an astounding 84.9% focus on
either North American or European regions. Such
cultural biases are not uncommon in other widely
used benchmarks, and their machine-translated
versions overlook language- and culture-specific
phenomena, exhibit skewed performance, or fail to
address issues which may be critical for users of
an LLM in a particular language.

On the other spectrum of multilingual evaluation,
there are several cases of language- and culture-
specific benchmarks, such as BenCzechMark (Fa-
jcik et al., 2025), PLCC (Dadas et al., 2025) or
ITALIC (Seveso et al., 2025), which have been de-
veloped specifically for a particular language or
community of speakers. Such benchmarks provide
a deeper insight into a model’s performance for that
language, but typically do not allow us to assess
the model’s multilingual capacities.

Despite the proliferation of evaluation platforms,
research projects, and benchmarking initiatives
across the multilingual landscape, the field lacks
a comprehensive overview that synthesizes cur-
rent practices, identifies critical gaps, and provides
clear guidance for developing more inclusive and
effective evaluation methodologies for LLMs in non-
English contexts. To address this gap, this paper
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makes the following contributions:

1. We propose a new benchmark taxonomy that
is designed to better capture the linguistic and
cultural diversity in non-English settings.

2. We propose a structured registry of Euro-
pean benchmarks and present its pilot imple-
mentation.

3. We outline a set of methodological recom-
mendations for the development of future
benchmarks, and give an overview of recent
trends.

The remainder of this paper is structured as fol-
lows. In Section 2, we review recent developments
in LLM benchmarking, with particular attention to
multilingual evaluation and to approaches that ad-
dress linguistic and cultural competence. In Section
3, we propose a new categorization of benchmarks,
and in Section 4, we propose quality standards and
metadescriptors, which in combination serve as
a foundation for charting ongoing and future LLM
evaluation activities in Europe and beyond. We
conclude with a review of recent trends and reflect
on best practices.

2. Recent Developments in LLM
Benchmarking

Several comprehensive overviews of LLM bench-
marking have recently been published, including
Chang et al. (2023) and Ni et al. (2025). Both sur-
veys clearly show trends in both the development
of datasets and the evolution of evaluation metrics.
However, they lack a focus on non-English and mul-
tilingual scenarios, which is the main motivation for
our own overview.

2.1. Major Benchmarks
By major or global, we refer to benchmarks most
frequently used in current evaluation platforms and
leaderboards. These benchmarks are without ex-
ception in English. The ones that evaluate generic
language understanding and commonsense rea-
soning have their origins in the 2018–2022 period,
when the challenges still roughly corresponded to
natural language processing (NLP) research areas.
Some of these benchmarks have seen multiple re-
visions, extensions and updates, and can be seen
as “parent” datasets on which many adaptations,
translations, or local versions are based.

Some of the most prominent for language under-
standing and reasoning include MMLU (Hendrycks
et al., 2021) and its derivatives MMLU-Pro (Wang
et al., 2024), MMLU-Prox (Xuan et al., 2025) and
Global MMLU (Singh et al., 2024); the Super-
GLUE benchmark collection comprising BoolQ

(yes/no questions, Clark et al., 2019), Commit-
mentBank (textual entailment, De Marneffe et al.,
2019), COPA (Choice of Plausible Alternatives for
causal reasoning, Roemmele et al., 2011), MultiRC
(multi-sentence reading comprehension, Khashabi
et al., 2018), ReCoRD (reading comprehension
with commonsense reasoning, Zhang et al., 2018),
RTE (Recognizing Textual Entailment, Giampiccolo
et al., 2007), WiC (Words in Context, Pilehvar and
Camacho-Collados, 2019), and WSC (Winograd
Schema Challenge, Levesque et al., 2012); ARC
(Clark et al., 2018) with multiple-grade science
questions; Hellaswag (Zellers et al., 2019) and
its recent derivative GoldenSwag (Chizhov et al.,
2025). An attempt to create a more challenging
benchmark collection is BIG-bench (Beyond the Im-
itation Game Benchmark, Srivastava et al., 2023),
a massive collaborative benchmark consisting of
204 tasks contributed by more than 450 authors
across 132 institutions, designed to probe large lan-
guage models on tasks believed to be beyond their
current capabilities. Finally, SUPERB (Speech pro-
cessing Universal PERformance Benchmark, Yang
et al., 2021) is a unified speech-focused benchmark
for evaluating self-supervised and general-purpose
speech representations across a wide spectrum of
speech processing tasks.

2.2. Multilingual Benchmarks
Most state-of-the art models have multilingual capa-
bilities, but the precise amounts of non-English data
used in their pre-training are usually obscure. It is
therefore hard to say to what extent the language
competence of a model in a particular language is
in correlation with the amount of language-specific
data it has seen. In addition to this, models dif-
fer in their representations of intermediate layers,
which may result in cultural conflicts between latent
internal and target output language (Zhong et al.,
2024).

Since many authors observe a marked decline
in performance for low-resource languages, bench-
marks are now being developed both as parallel
evaluation sets based on existing “parent” datasets
to allow for direct comparison across languages,
and as language-specific benchmarks, usually
aimed at assessing LLM performance in a particu-
lar linguistic community and/or culture (see Section
2.4 for the latter).

Although the datasets in the first category are
parallel, they may differ considerably in the meth-
ods used for their creation. Some were translated
using machine translation engines or LLMs, for
example, EU20-MMLU, EU20-HellaSwag, EU20-
ARC, EU20-TruthfulQA, and EU20-GSM8K (Thell-
mann et al., 2024); or MMLU-Prox (Xuan et al.,
2025). Other multilingual benchmarks were cre-
ated with a special focus on cultural sensitivity by
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dividing the original subsets into culturally sensitive
and culturally agnostic ones (Global MMLU, Singh
et al., 2024), or by using professional translators
or multiple rounds of revision to raise the quality of
the dataset, e.g., BenchMax (Huang et al., 2025),
Flores-101 and FLORES-200 (Goyal et al., 2022)
and Belebele (Bandarkar et al., 2024).

For speech, ML-SUPERB (Multilingual Speech
processing Universal PERformance Benchmark,
Shi et al., 2023) extends the English SUPERB
speech benchmark to 143 languages, evaluating
self-supervised speech representations on auto-
matic speech recognition and language identifica-
tion. FLEURS (Conneau et al., 2022) is a speech-
based extension of the FLORES multilingual bench-
mark, with focus on language identification, auto-
matic speech recognition, and retrieval evaluation.
DIALECTBENCH (Faisal et al., 2024) is the first
large-scale benchmark for language variety under-
standing, aggregating 10 text-level tasks for 281
varieties.

2.3. Dynamic Benchmarks
Recent developments emphasize dynamic and
contamination-resistant evaluation. The period
2022–2025 has witnessed fundamental shifts to-
ward more sophisticated evaluation approaches.
One such attempt is LiveBench (White et al., 2024),
the first benchmark designed to resist training data
contamination through frequently updated ques-
tions from recent sources, automatic scoring, and
monthly updates. This dynamic approach remains
challenging, with the top models achieving accu-
racy below 80%.

2.4. Language- and Culture-Specific
Benchmarks

Many European languages have established their
own country- or region-specific evaluation frame-
works, and in most cases, these combine tradi-
tional datasets translated from English with more
culture-aware native benchmarks. Examples in-
clude HuLu1 for Hungarian (Ligeti-Nagy et al.,
2024), which covers a number of well-known tasks
such as plausible alternatives (HuCoPa), textual en-
tailment (HuRTE), and linguistic acceptability (Hu-
CoLa), of which the latter was originally constructed
using sentences from selected Hungarian linguis-
tics books. BenCzechMark for Czech (Fajcik et al.,
2025) is a complex benchmark collection compris-
ing 50 tasks, of which 14 were newly created, and
only 10% of the collective instances were machine-
translated. Another recent benchmark for Czech,
Ukrainian, and Slovak called CUS-QA (Libovickỳ

1https://hulu.nytud.hu

et al., 2025) focuses specifically on cultural compe-
tence and crafts questions, both textual and visual,
from Wikipedia articles that exist in only one of the
languages.

For Iberian languages, a comprehensive and ex-
tensible framework has been established under
IberBench (González et al., 2025), spanning 22
task categories and addressing both generic and
industry-relevant tasks. In parallel and under a
similar name, IberoBench (Baucells et al., 2025)
offers 62 tasks, of which several were created from
scratch from native data, and others were included
only if they satisfied rather strict quality criteria.

For Slovenian, the SloBENCH2 evaluation frame-
work offers natural language inference (SI-NLI),
machine translation, speech recognition, Slovene
SuperGLUE, and two pragmatics benchmarks: Slo-
PragMega and SloPragEval. To create the latter,
full localization of the originally English dataset was
performed by adapting cultural references and oc-
casionally completely rewriting examples to better
match the linguistic and cultural context. A similar
approach has been taken to translate and adapt the
COPA benchmark (Roemmele et al., 2011) to four
standard languages and three dialects of the South
Slavic language group, resulting in the DIALECT-
COPA (Ljubešić et al., 2024) benchmark collec-
tion. Today’s best-performing proprietary models
still score only halfway between random and opti-
mal on dialectal data (Chifu et al., 2024).

A fully native benchmark is ITALIC for Italian
(Seveso et al., 2025), which comprises 10,000 in-
stances from 12 domains and was built entirely from
exam materials offered by various public institutions
or government bodies.

An interesting combination of multilinguality and
culture-specificity is BLEnD (Myung et al., 2024), a
benchmark probing cultural competences of LLMs
in 13 languages. The questions were manually
crafted for each language using a set of templates,
targeting cultural competence in 6 domains: food,
sports, family, education, holidays, and work life.

An exceptionally active approach to language-
and culture-specific benchmarking can be ob-
served for Polish3, with a range of generic and
domain-specific evaluations including multi-turn
conversation (MT-Bench), emotional intelligence
(EQ-Bench), comprehensive text understanding
(CPTUB4), a medical domain benchmark, linguis-
tic and cultural competency (PLCC, Dadas et al.,
2025), educational (LLMs Behind the School Desk),
a cultural vision benchmark, and legal QA. Most of
these benchmarks were developed anew, by care-

2https://slobench.cjvt.si
3https://huggingface.co/spaces/

speakleash/polish-llm-benchmarks
4https://huggingface.co/spaces/

speakleash/cptu_bench
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fully selecting tasks and examples, verifying them
by experts, and collecting human annotations. Sim-
ilarly, the PLCC consists of 600 manually crafted
questions and is divided into six categories: history,
geography, culture and tradition, art and entertain-
ment, grammar, and vocabulary. The leaderboard
results5 indicate that even the largest models still
reach mediocre performance in Polish grammar
and vocabulary, thus justifying the need for a de-
tailed assessment of linguistic competence for other
European languages as well. A final example of a
culturally specific benchmark is the Polish Cultural
Vision Benchmark6, a collection of images with text
descriptions to evaluate the cultural competence
of multimodal models. The dataset is part of a cit-
izen science project aimed at collecting 1 million
culturally specific images7 and recruiting user dona-
tions under the slogan of “technopatriotism”. While
similar platforms have been established before to
collect text data, this is a positive example of a
contemporary and at the same time participatory
benchmark.

As a final note on language- and culture-specific
benchmarks, while the efforts and datasets listed
above are certainly a step in the right direction,
the European LLM community would benefit from
a common methodology for creating such evalu-
ation sets, starting with a clear overview of the
tasks/aspects involved in linguistic and cultural com-
petence and of the benchmarks that address them.

3. Categorization of Benchmarks

3.1. Existing Taxonomies

As new benchmarks are continuously presented to
evaluate the emerging capabilities of LLMs, many
attempts have been made to organize them in a
structured and logical way.

The AI Verify Foundation has established one
of the most systematic approaches to LLM bench-
mark categorization globally. In their October 2023
publication “Cataloguing LLM Evaluations” (AI Ver-
ify Foundation, 2023), LLM benchmarks are orga-
nized into 5 top categories (further divided into
subcategories). These are General Capabilities
(natural language understanding, natural language
generation, reasoning, knowledge and factuality,
tool use effectiveness, multilingualism, and con-
text length handling); Domain Specific Capabilities
(specialized industry performance across various

5https://huggingface.co/spaces/sdadas/
plcc

6https://huggingface.co/spaces/
speakleash/Polish_Cultural_Vision_
Benchmark

7https://obywatel.bielik.ai

domains); Safety and Trustworthiness; Extreme
Risks; and Undesirable Use Cases.

The catalogue represents a comprehensive and
valuable contribution to the field, and has many
positive features: The taxonomy is based on LLM
capabilities, occasionally also referred to as tasks,
which seems intuitively most pragmatic, as this is
usually the way we think about (and evaluate) hu-
man performance too. Complex benchmarks can
appear in several categories simultaneously (e.g.,
BigBench as a massive collaborative benchmark
appears in almost all taxonomy categories), and the
recommendations for future LLM evaluations are
a solid starting point to reinforce minimum quality
standards for fair and trustworthy LLM assessment.

However, the catalogue also has some draw-
backs which render it unsuitable for our purposes.
Firstly, it has not been updated since 2023 and
hence does not include many benchmarks that
have since become mainstream, nor does it ad-
dress recent developments in LLMs and AI in gen-
eral. Secondly, although it includes Multilinguality
as a separate category, it falls short in capturing
some aspects of LLM performance which may be
critical for the evaluation of European models; i.e.,
models specifically developed to be used in region-
, language-, culture-, or domain-specific contexts.
Thirdly, and this is less of a drawback than simply
an observation, the taxonomy and the quality rec-
ommendations are primarily focused on the safety
and trustworthiness of LLMs, in the context of AI
governance and alignment research. While these
are indeed crucial priorities, especially for the so-
called ”frontier models”, the European landscape
of LLM development and evaluation is – at least for
now – gyrating around a different set of goals, such
as how to reach state-of-the-art levels of under-
standing and generation in non-English languages,
or how to de-bias English-centric models.

Other approaches to taxonomization include
HELM (Holistic Evaluation of Language Models),
developed at Stanford University (Liang et al.,
2023). The authors introduce the concept of sce-
narios (what we want to evaluate) and metrics
(which performance aspects are measured, and
how), then propose a taxonomy of scenarios and
desiderata. Today, the framework8 includes a num-
ber of leaderboards with support for multimodality
and model-graded evaluation. While the scenarios
proposed in HELM and the framework itself leave
room for continuous extension, they do not, in fact,
offer a hierarchical structure with sufficient focus
on multilinguality and issues related to the use of
LLMs in non-English contexts.

Similarly, Chang et al. (2023) provide an overview
of existing LLM evaluations, which they examine
from three aspects: what, where, and how to eval-

8https://crfm.stanford.edu/helm/
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uate. They divide the evaluation tasks into eight
top-level non-exclusive categories, namely Natural
language processing; Robustness, ethics, biases
and trustworthiness; Social sciences; Natural sci-
ence and engineering; Medical applications; Agent
applications; and Other applications.

Huber and Niklaus (2025) present a cognitive-
based view on benchmarking by mapping the well-
known Bloom’s taxonomy of cognitive abilities to
LLM capabilities across six hierarchical cognitive
levels: Remember, Understand, Apply, Analyze,
Evaluate, and Create, revealing significant gaps in
the coverage of higher-order thinking skills.

Another comprehensive attempt at taxonomizing
benchmarks is by Guo et al. (2023) who introduce
a three-pillar framework that categorizes LLM eval-
uation into three major groups: Knowledge and
capability evaluation, Alignment evaluation, and
Safety evaluation.

3.2. New Taxonomy Proposal
In this paper, we present a new taxonomy for the
categorization of LLM benchmarks and its pilot
implementation in an online database. The cat-
egorization and the proposed system of metade-
scriptors allow us to better compare LLMs across
languages, easily find benchmarks for a specific
language, use case, modality, or domain, to set
common priorities, and to work towards common
goals.

Our taxonomy is loosely based on AI Verify Foun-
dation’s catalogue, with the following important
modifications:

• We merge all language-related tasks and
scenarios under a single top-level category
called Language capabilities.

• We further dissolve the traditional NLP di-
vide between natural language understand-
ing and natural language generation into
a single subcategory. The fact is that state-
of-the-art LLMs more often than not combine
these two capabilities, and even straightfor-
ward tasks such as question answering or text
summarization involve both.

• We expand the category for general linguis-
tic competence with further subcategories
for style, conversation, and pragmatics, and
allow for other, more fine-grained aspects of
measuring the grammaticality or coherence of
generated outputs.

• We expand the category of specific linguis-
tic competence to include creativity, atypical
communication, the use of domain-specific lan-
guage, etc.

• We also expand and redefine the category
of multilinguality to include code-switching,
multilingual interaction, and dialectal flexibility.

• We introduce cultural competence as a sep-
arate category.

• We introduce speech as a separate category
to include benchmarks specifically aimed at
performing tasks unique to spoken language
as input or output.9

• We add agency as a form of long-term, con-
sistent, or strategic reasoning.

Figure 1 shows the four top-level taxonomy cate-
gories with subcategories. The last category, Align-
ment and dangerous capabilites, currently has no
subcategories for the simple reason that we did
not find many European benchmarks addressing
this field. The full taxonomy, along with fine-grained
third-level categories, can be inspected at our demo
website10

The proposed taxonomy serves as a hierarchy of
labels to organize benchmarks. As many (or indeed
most) belong to more than a single category, they
can be assigned non-exclusive categories, and can
be further characterized with metadescriptors that
we present in the following section.

4. Quality Standards and
Metadescriptors for Benchmarks

As demonstrated in our demo benchmark registry
(which, at the time of writing, contains 91 bench-
marks), the LLM development community might
benefit from a set of common metadescriptors
which are used to label evaluation sets. Below,
we present some of the features we consider im-
portant in terms of benchmark categorization and
quality assurance.

4.1. Provenance
While it is clear that the development of original and
sufficiently complex evaluation datasets is highly
time-consuming and costly, the drawbacks of au-
tomatically translated and culturally maladapted
benchmarks have been clearly pointed out (Singh
et al., 2024; Xuan et al., 2025). We should thus
strive towards clearer – even if more complex –

9We propose Modality as one of the metadescriptors,
allowing for any benchmark to be implemented in any of
the modes. The Speech category refers to evaluations
targeted at speech-related activities.

10The full taxonomic hierarchy with category descrip-
tions and a demo benchmark registry: https://
mojcabrglez.github.io/EU-LLM-Bench/
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Figure 1: Top-level categories with subcategories.

descriptors which indicate how a dataset or bench-
mark was created. We propose the following de-
scriptors:

• Original Applies to datasets which have been
originally created in the language they appear
in, by any method other than translation (e.g.,
collecting original exam questions, employ-
ing experts to provide domain-specific tasks,
adapting authentic texts in a particular lan-
guage to create tasks in that language).

• Machine translation Applies to datasets cre-
ated by any automated translation service, in-
cluding those created by LLMs, and workflows
with machine revision. The tools and work-
flows must be specified.

• Machine translation and Human revision
Applies to datasets where the result of auto-
mated translation was revised by a human pro-
fessional or non-professional translator or re-
viewer. Since many non-English benchmarks
are created by machine translating the – usu-
ally – English original, followed by human re-
vision of only a small portion of the dataset,
the recommendation would be to use all labels
that apply.

• Human translation Used only for datasets
which have been fully translated and revised
by humans. Only a few European non-English
datasets satisfy this criterion.

• Full localization Used for datasets which have
not only been translated professionally, but

for which a full linguistic and cultural adap-
tation was performed. This might mean the
replacement of culturally-specific or untrans-
latable tasks with new ones, or removing parts
of the dataset deemed culturally unsuitable.

• Other If several of the above scenarios were
used, the dataset should be labeled with all
that apply. Other methods and scenarios used
to create the dataset should be specified here.

4.2. Accessibility
The tension between open benchmarking and data
contamination poses a significant challenge for AI
evaluation. While public datasets enable repro-
ducible research and fair comparisons, they risk
contamination when models train on test data, inflat-
ing performance scores and undermining bench-
mark validity. Private evaluation sets offer a po-
tential solution by keeping data hidden from train-
ing processes, ensuring cleaner performance mea-
surements.

• Public Applies to fully open datasets shared
with labels through common platforms.

• Public without labels Applies to datasets
where labels are not distributed to prevent di-
rect training.

• Private (academic/research access) Where
authors encourage reproducibility but wish to
prevent contamination.

• Private (closed/proprietary) Where datasets
are typically not shared as they are used for
internal or industry-specific evaluation.

• Other This may include dynamic benchmarks
where tasks are continually updated (such as
White et al., 2024).

4.3. Language Coverage
This category indicates the prominence, reach, or
scale of a benchmark in terms of its presence on
major leaderboards, coverage, global spread, but
also purpose. We are aware that the boundaries
between the proposed buckets may be fuzzy.

• Major global benchmark See section 2.1 for
examples.

• Multilingual benchmark This category can be
used for benchmarks derived from the above,
for instance, by developing a multilingual vari-
ant of a well-known benchmark for a set of new
languages. Examples include XCOPA (Ponti
et al., 2020), MMLU-Prox (Xuan et al., 2025)
or xHumanEval (Raihan et al., 2025).

210



• Language-group or region-specific bench-
mark This category is used for language-
specific benchmarks as well as benchmarks
that cover multiple languages from a simi-
lar language group or target a certain ge-
ographical region. Examples include Iber-
oBENCH (Baucells et al., 2025) and DIALECT-
COPA (Ljubešić et al., 2024).

4.4. Evaluation Type

An important factor for present and future bench-
marks is the divide between closed-ended types of
tasks, most prominently multiple-choice questions,
but also other types of tasks where the solution is in-
cluded in the task, and open-ended tasks, typically
generation of text, speech, image, or multimodal
output. Few benchmarks to date address the lat-
ter, despite the fact that generative LLMs are now
mainstream and the vast majority of application
scenarios exploit generative abilities.

4.5. Evaluation Metrics and Frameworks

The performance of an LLM can be evaluated in
several ways, depending on the type of task. For
multiple choice questions, text classification tasks,
or cloze tests, where the correct answer is deter-
minate, accuracy or F1 (Powers, 2020) can be
used. However, to evaluate longer, more com-
plex responses resulting from generative tasks,
many other methods were proposed. In reference-
based evaluation, the LLM response is compared
to a reference using various distance measures
(e.g., BERTScore (Zhang et al., 2020), Rouge-1
(Lin, 2004), METEOR(Banerjee and Lavie, 2005)),
while in reference-less contexts, the quality of the
response is directly assessed (e.g., by an LLM-
as-a-judge). As we have seen, recently devel-
oped benchmarks employ more complex evalu-
ation methodologies, and a common alternative
to algorithmic benchmarks is human preference
voting (in so-called chatbot arenas, e.g., https:
//lmarena.ai/).

Another important element is the existence of a
human baseline, and its quality. Important factors
to consider are participant selection and training;
task design and instructions (to ensure fair com-
parison between humans and LLMs); and control
for attention, bias, or fatigue. Human annotators or
participants can also provide relevant insight into
the overall quality of the benchmark.

If the benchmark or dataset is integrated into
an evaluation framework, this should be indicated
together with a link or other reference to the evalu-
ation site.

4.6. Other Metadata
We propose collecting rich metadata for each
benchmark that allows researchers to quickly under-
stand its content, characteristics, and provenance
(see demo registry11 for examples):

• Description: A short summary of the dataset’s
content and purpose.

• Benchmark family: The broader benchmark
initiative or collection to which the dataset
belongs. For example, the COPA bench-
mark family would include the English COPA
(Roemmele et al., 2011) and its many paral-
lel variants, such as the COPA datasets in
Hungarian (Ligeti-Nagy et al., 2024), Croat-
ian (Ljubešić and Lauc, 2021), South Slavic
dialects (Ljubešić et al., 2024), etc.

• Number of test instances: The total num-
ber of instances in the test set, enabling quick
comparison of scale.

• Language: The language(s) in which the
dataset is provided.

• Language type: Specification of whether
the language of the dataset is standard, non-
standard, or a dialect.

• Modality: The input modality of the dataset,
such as text, speech, sign language, or audio-
visual signal.

• Authors: The creators or curators of the
dataset.

• Paper link: Reference to the main publication
describing the dataset.

• Access info: Information on how to obtain the
dataset, e.g., a link to a website or repository
from where the dataset can be acquired, or
contact information of the dataset owner if not
public.

• Last revised: The date of the most recent
update or revision of the dataset.

• More information: Additional notes, links, or
resources relevant to the dataset.

5. Trends and Future Directions

Several challenges of LLM evaluation have been
pointed out by a number of studies (e.g., Laskar
et al., 2024 or AI Verify Foundation, 2023: p. 16–
22), most notably reproducibility, reliability (includ-
ing contamination, obscure evaluation methods,

11The demo registry of LLM benchmarks is avail-
able at https://mojcabrglez.github.io/
EU-LLM-Bench/ .
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and unfair comparisons), and robustness. There
are numerous parallel activities in progress to set
the course of the European LLM evaluation land-
scape, agree on common principles, and establish
a dialogue between different stakeholders. While
a full review of the above-mentioned challenges is
beyond the scope of this paper, we list some trends
which apply in particular for the European bench-
marking landscape and evaluations in non-English
settings.

5.1. Translated vs. Native

As outlined in the sections above, it has meanwhile
been widely recognized that translated benchmarks
suffer from translationese, English-centrism, and
bias. The trend towards native benchmarks is in-
creasing (see Section 2.4), and language-specific
nuances can be evaluated more accurately. Native
benchmarks have been or are being constructed
for many EU languages, including Polish, Czech,
Hungarian, Italian, Spanish, and others. One area
where native benchmarks are certainly better than
translated ones is figurative language entailing hu-
mour, sarcasm, metaphor, idioms, and word play.

5.2. Language- and Cultural Competence
for In-house Models

With AI expanding to most business and public sec-
tors, and with the trend to deploy in-house models
instead of relying on major commercial ones, there
is an urgent need to evaluate such models in terms
of their language and culture capabilities in the lo-
cal setting. For many use cases, evaluation via
public evaluation platforms may not be practical or
feasible, so alternatives should be provided.

5.3. Speech and Other Modalities

While the SUPERB benchmark (Yang et al., 2021)
marked the beginning of a new era in the evaluation
of speech processing, and projects like Mozilla’s
Common Voice12 provide downloadable datasets
for many languages, the landscape of non-English
speech benchmarks is still sparsely populated. The
creation of evaluation sets for all spoken varieties,
including dialect, slang, child speech, and learners’
speech, should be a priority, as well as compre-
hensive coverage of all speech-related phenom-
ena. Even less data is available for sign languages,
although projects like SignON (Shterionov et al.,
2022) have provided valuable resources.

12https://commonvoice.mozilla.org/en

5.4. Vision and Multimodal Language
Models

With the rise of models that can process images
and video input, as well as generate visual or multi-
modal output, it is important to consider the cultural
dimension of visual communication. It may seem
that images are language-independent (as some
indeed may be), but one should keep in mind that a
large portion of the world we see through our eyes
is actually embedded into a particular geographic,
cultural, and historical context. Datasets for the
training and evaluation of VLMs should incorpo-
rate the cultural dimension and should be locally or
regionally specific.

5.5. Context-specific Evaluations
There is a lack of nuanced, context-specific eval-
uations that address the multi-faceted nature of
real-world LLM deployments. This includes domain-
specificity, but also other elements of attuning evalu-
ation to the users it serves. For example, legislative
frameworks can differ wildly across languages and
cultures, so any AI-driven public service needs to
be tailored to the relevant legal context it operates
in.

5.6. Emerging Capabilities
As new capabilities emerge, such as agentic AI,
long-term memory and reasoning, and physical
interaction, so must new evaluation sets. So far,
these developments are in progress mostly for large
commercial solutions, but may shortly also impact
the European research community. Especially the
EuroHPC AI Factories13 initiative aims to boost
innovation for EU businesses and public entities
alike.

We believe that the rapidly evolving benchmark-
ing landscape for European languages can ben-
efit from a registry, which we present as a demo
implementation. The categorization and documen-
tation of benchmarks according to the principles
discussed above may facilitate collaboration and
coordination of efforts, while at the same time con-
tribute to the overall quality and transparency of
LLM evaluation practices. The presented solution
is extensible and flexible in that a benchmark may
be assigned multiple categories and features, and
new categories and metadescriptors may be added
at any time.

The most important question remains: how can
such a registry be maintained and regularly up-
dated? The first version of our demo implementa-
tion was presented at the 2025 Clarin.eu confer-
ence, and the LLMs4SSH community was invited

13https://www.eurohpc-ju.europa.eu/
ai-factories_en
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to contribute. Only a few researchers responded,
hence the registry in its current form is far from rep-
resentative. It is perhaps optimistic to expect from
researchers that they would invest effort into extra
documentation activities, however, if such activities
were sufficiently supported and prioritized by an
organisation like Clarin.eu, the benchmark registry
could conceivably evolve into something similar as
the Resource Families14, or become a part thereof.

6. Conclusion

We have presented recent trends in LLM bench-
marking for European languages and proposed a
new taxonomy for their categorization, intended to
be implemented alongside a range of metadescrip-
tors in the context of a registry of LLM benchmarks.
Our taxonomization strategy focuses on the linguis-
tic, cultural, factual, and reasoning capabilities of
models and also incorporates emerging abilities.
The proposed considerations follow the widespread
belief amongst European researchers and develop-
ers that the traditional Western-centric, likely con-
taminated and linguistically inappropriate datasets
no longer satisfy our needs, and that targeted ef-
forts should be invested in filling the evaluation
gaps for all European languages.

We also present a demo implementation of the
above proposal, currently including 91 benchmarks
categorized according to the new taxonomy and
offering basic statistics about language, domain
and/or LLM capabilities covered.

The initiative presented in this paper is the result
of a series of discussions and reflections within the
framework of several international research com-
munities, collecting and integrating feedback from
a number of researchers, developers, and bench-
mark creators. With the rapid advancement of the
field, we envisage continuous extensions and revi-
sions both of the taxonomy and the associated set
of metadescriptors and recommendations.
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Abstract
We investigate large language models (LLMs) for cross-lingual abstractive keyphrase generation from historical
newspapers. The task consists of producing a small set of English keyphrases for articles written in German, French,
and Luxembourgish, combining translation, abstraction, and normalization. We conduct a human-centered pilot
study comparing model outputs using human selections, LLM-as-judge assessments, and inter-annotator agreement
analysis, followed by a medium-scale application to multilingual data from the Impresso corpus. Results show that
LLM-generated keyphrases can support semantic enrichment and exploratory analysis of historical collections, while
highlighting the subjective and methodologically challenging nature of keyphrase evaluation.

1. Introduction

Digitized historical newspapers provide unprece-
dented access to past public discourse, but their
effective exploration remains challenging due to
optical character recognition (OCR) noise, multilin-
guality, diachronic language variation, and sparse
metadata (Bingham, 2010). Semantic enrichment
techniques are therefore essential to support re-
trieval, browsing, and large-scale exploratory anal-
ysis (Düring et al., 2021).

Keyphrase-based indexing provides a compact
abstraction of document content and follows a
long archival tradition of concept-based index-
ing and thesaurus-driven cataloguing. Automatic
keyphrase generation has therefore become es-
sential for large digitized collections. However,
most existing methods are designed for contempo-
rary, monolingual, and relatively clean text, limiting
their applicability to noisy historical data and low-
resource languages (Chiron et al., 2017; van Strien
et al., 2020; Ehrmann et al., 2023b).

Large newspaper digitization initiatives further
highlight the need for semantic enrichment (Ridge
et al., 2019; Neudecker, 2022; Ehrmann et al.,
2023a). While full-text search enables lexical
lookup, exploratory research often requires higher-
level thematic access across time periods, lan-
guages, and publication contexts (Gaillard, 2022;
Bunout et al., 2023).

Conceptual keyphrases provide a compact ab-
straction layer that can be aggregated, compared,
and visualized across collections. In multilingual
settings, English keyphrases additionally function
as a pivot representation enabling cross-lingual
comparison. They can therefore complement
search, faceted navigation, and other semantic ac-
cess methods, and may support exploratory inter-
faces by suggesting concepts users did not initially

query (Whitelaw, 2015; Düring et al., 2024).
Recent instruction-following LLMs offer a promis-

ing alternative (Ouyang et al., 2022). These models
can jointly perform translation, abstraction, and nor-
malization, making them suitable for generating
conceptual keyphrases across languages and time
periods. We evaluate their use for cross-lingual
conceptual keyphrasing of historical newspapers
and assess their suitability for semantic enrichment
of multilingual collections.

Task Definition We study cross-lingual abstrac-
tive keyphrase generation for historical newspa-
pers, primarily drawn from Swiss and Luxembour-
gish collections. Given an article written in a source
language (German, French, or Luxembourgish),
the goal is to generate a small set (typically three
to five) of conceptual keyphrases in English that
summarize its main topics.

This task differs from classical extractive
keyphrase extraction in three ways. First, the
keyphrases need not occur verbatim in the source
text but may be semantically implied. Second, they
are produced in a target language (English), in-
troducing an explicit cross-lingual abstraction step.
Third, the objective is conceptual coverage and
topical diversity rather than surface-form fidelity.
We use the term abstractive to denote keyphrases
that need not occur verbatim in the source arti-
cle. Instead, the model is asked to infer higher-
level conceptual descriptors, translate them into
English, and normalize across OCR noise, histori-
cal spelling, and multilingual variation. In this sense,
the task combines summarization, translation, and
semantic abstraction rather than surface-form ex-
traction alone.

Named entities (persons, locations, organiza-
tions, events) are deliberately excluded from the
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You are an archivist for historical newspaper ar-
ticles who indexes historical newspaper articles
with conceptual keyphrases in English. Given
a JSON object containing metadata and a his-
torical newspaper article, please index with an
adequate number (between 3 and 5) of most
relevant keywords in English in JSON format.
Do not create keywords consisting of names for
persons, locations, or events. In addition, add
one summary sentence in English.

Figure 1: System prompt for keyphrase abstraction.

keyphrase inventory. This design choice reflects
the availability of a dedicated named entity recog-
nition and linking pipeline within the broader se-
mantic enrichment workflow. By separating con-
ceptual keyphrasing from entity-centric annotation,
the approach avoids redundant effort and allows
keyphrases to focus on higher-level thematic di-
mensions.

The keyphrases function as lightweight semantic
descriptors for indexing, clustering, and exploratory
analysis rather than as gold-standard annotations.

2. Related Work

Prior work on keyphrase extraction and generation
typically assumes contemporary monolingual data.
Historical texts pose additional challenges, includ-
ing OCR noise and linguistic variation, and reliable
gold standards are difficult to obtain (Piotrowski,
2012; McGillivray and Tóth, 2020).

Recent studies address multilingual keyphrase
generation, for example through retrieval-
augmented models (Gao et al., 2022) or mul-
tilingual datasets such as EUROPA (Salaün
et al., 2024). However, cross-lingual abstractive
keyphrase generation for noisy historical texts
remains underexplored.

Recent work has begun to examine large lan-
guage models for zero-shot keyphrase extraction
and generation more systematically. Mohan et al.
(2025) investigate instruction-tuned LLMs for zero-
shot keyphrase generation and show that increas-
ingly specialized instructions do not consistently
improve results, whereas multi-sample generation
with aggregation can yield clear gains. In a comple-
mentary setting, Kang and Shin (2025) study zero-
shot keyphrase extraction and show that prompt
design matters substantially: simple prompts can
already be competitive, task-relevant role prompt-
ing often helps, and combining direct extraction
with candidate-based selection can further improve
performance. Together, these studies suggest that
LLM-based keyphrase methods are highly sensitive
to prompting and decoding choices, while also con-

DE1 DE2 FR1 FR2 LB1 LB2
Claude-3.5-Sonnet 3 5 4 5 4 4

DeepSeek-V3 3 5 5 5 5 5
GPT-3.5 Turbo 5 5 5 4 5 5

GPT-4o mini 3 5 3 5 5 5
# Unique KP 12 12 14 18 15 16

Table 1: Keyphrase counts by model and article

DeepSeek-V3 GPT-3.5 Turbo GPT-4o mini
Claude 3.5 Sonnet 10.4% 5.9% 4.1%
DeepSeek-V3 — 9.6% 12.5%
GPT-3.5 Turbo — — 8.3%

Table 2: Pairwise overlap (%) between models.

firming their promise as flexible zero-shot alterna-
tives to more traditional extraction and generation
pipelines.

Given these challenges, we evaluate systems us-
ing an exploratory, human-centered framework that
prioritizes adequacy, consistency, and downstream
usefulness.

3. Pilot Study: Human and Model
Judgments

To implement this evaluation strategy, we con-
ducted a pilot study comparing human and model
judgments.

Data and Models We selected a pilot sample
(N=6) of historical newspaper articles from the Im-
presso corpus,1 with two articles each in German,
French, and Luxembourgish, covering different peri-
ods. Several LLMs (Claude 3.5 Sonnet, DeepSeek-
V3, GPT-3.5 Turbo, GPT-4o mini) were prompted,
using provider-default decoding settings, to gener-
ate English keyphrases using the instruction shown
in Figure 1. The user prompt provided the article
text together with two metadata fields, namely the
newspaper title and the publication date.

Inter-Model Agreement Keyphrase counts are
similar across models (Table 3), reflecting adher-
ence to the prompt constraint. However, pairwise
overlap scores remain low (Table 2), suggesting
substantial variation in model interpretations of doc-
ument content. Applying a stemmer before comput-
ing overlap does not substantially alter the results.

Low pairwise overlap should not be interpreted
straightforwardly as system failure. For conceptual
keyphrasing, especially in a cross-lingual historical
setting, multiple non-overlapping but semantically
plausible outputs may adequately represent the
same article. At the same time, this variability limits
the usefulness of strict lexical overlap as a primary
evaluation criterion and cautions against strong
claims of comparative superiority.

1https://impresso-project.ch
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Chapter 3. Experiment 1: Comparative Pilot Study of Human and LLM Judgments

3.3.4. Article 4: FR2

Figure 3.4.: Keyphrase Selection for FR2: Human vs. GPT-4o Comparison by
Model
(reading instructions)

Figure 4 demonstrates human truth keyphrases swiss cantons, religious conflict,

inter-cantonal cooperation, religious freedom, and political discourse and machine

truth keyphrases constitutional reform, political liberalism, religious conflict, political

reconciliation, and inter-cantonal cooperation.

There is only one LLM overlapping keyphrase, that is liberal party, generated by

DeepSeek-V3 and GPT-4o mini. Alongside this keyphrase 17 other keyphrases were

generated and although they do not completely coincide, they have overlapping

parts; religious, constitutional, political, rights.

We can see that religion and politics are also di!cult to judge for LLMs, as for

humans. Compared to texts that do not necessarily contain political topics, the

selection of keyphrases of the GPT-4o is more widely spread and therefore not as

unanimous.

20

Chapter 3. Experiment 1: Comparative Pilot Study of Human and LLM Judgments

3.3.6. Article 6: LB2

Figure 3.6.: Keyphrase Selection for LB2: Human vs. GPT-4o Comparison by
Model
(reading instructions)

Figure 6 displays human annotator truth keyphrases nazi collaborations, post-war

justice, disciplinary actions, denunciation, law enforcement and GPT-4o truth words

post-war justice, punishment severity, wartime collaboration, nazi collaborations, and

ingenuity.

LLM overlapping keyphrases are justice system, interpretation, and collaboration. It

is compelling that none of these three keyphrases made the cut into either of the

top five selections. Although multiple LLMs agreed on generating these keyphrases,

judges did not.

The sixth article is again a bit more political and, expectedly, GPT-4o is once again

more divided in its selection.

22

Figure 2: Human and GPT-4o preferences over
keyphrases by four models for two representative
articles: a French article (1873) on constitutional
reform debates in Switzerland (top) and a Luxem-
bourgish article on post-war justice and collabora-
tion (bottom). Bar length indicates the proportion
of selections (0–1). Dark bars represent human se-
lections, light bars GPT-4o selections, and hatched
bars denote candidates outside the top-five con-
sensus.

Human Annotation Given the low overlap be-
tween model outputs, we conducted a human
evaluation. Eleven annotators selected up to five
keyphrases per article, aiming for broad coverage
while avoiding synonyms.

ChatGPT Annotation Although human annota-
tion provides a qualitative reference, it does not
scale to larger datasets. We therefore evaluate
LLM-as-judge as an approximation of human pref-
erence. Using GPT-4o, we replicate the human
selection task by asking the model to choose the
best-fitting keyphrases among the generated can-
didates. The procedure is repeated five times with
different random seeds to assess output stability.

Consensus Reference Since each example re-
ceives multiple human and LLM annotations, we
construct a consensus reference that maximizes
agreement. Figure 2 illustrates this process for two
representative articles, showing how human and
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Figure 3: Inter-annotator agreement for French
keyphrases from two articles. Human annotators
are labeled Add, GPT-4o preference runs with dif-
ferent random seeds are labeled Sdd, the human
consensus reference is CT, and the GPT-4o con-
sensus reference is MT. Darker cells indicate higher
agreement.

GPT-4o selection frequencies reveal both shared
preferences and divergent judgments across mod-
els. Despite variation in wording and level of ab-
straction, both examples exhibit a coherent the-
matic core (e.g., constitutional reform in the French
case and post-war justice and collaboration in the
Luxembourgish case), supporting the interpretation
that differences reflect emphasis rather than topic
mismatch. For each article, we manually select five
diverse keyphrases from the human annotations
and five from the GPT-4o runs to retain representa-
tive and complementary choices.

Results Figure 3 shows agreement patterns for
the French sample. Agreement between annota-
tors and models is moderate, reflecting variation
in wording and topical emphasis rather than ob-
vious errors. The heatmap nevertheless reveals
non-random structure: some annotators and model-
based references cluster more closely than others,
and the repeated GPT-4o selection runs appear
more consistent with each other than with the hu-
man consensus. This pattern suggests that LLM-
based judgments capture a coherent preference
signal, but not simply the same one as human an-
notators.

Annotators selected on average 42.7% of model
keyphrases for German articles, compared with
28.1% for French and 28.4% for Luxembourgish.
Across languages, DeepSeek-V3 receives the high-
est overall selection rates, indicating closer align-
ment with human judgments. Annotators gener-
ally favor multi-word expressions, and agreement
remains limited even among humans, underscor-
ing the subjective nature of keyphrase evaluation.
These findings highlight the limitations of strict lex-
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German French Luxembourgish
20th Century

workers’ rights international relations satire
labor movement cultural events humor
economic policy labor movement tradition
labor unions workers’ rights cultural heritage
labor rights economic crisis patriotism

21st Century
stock market television programming linguistics
television programming cultural events cultural identity
investment stock market theater
financial data documentary films grammar
market trends football phonetics

Table 3: Top five generated keyphrases in 20th-
and 21st-century newspapers by language.

ical overlap measures and motivate embedding-
based similarity approaches. Given the exploratory
nature and limited size of the pilot, we do not treat
the comparison as a definitive model ranking. We
selected DeepSeek-V3 for the medium-scale appli-
cation because, in this pilot, it aligned best overall
with annotator preferences and was substantially
cheaper for larger-scale processing.

4. Medium-Scale Application

We apply DeepSeek-V3 to 3,870 German, 7,272
French, and 512 Luxembourgish newspaper arti-
cles (18th–21st centuries) to analyze topical and
diachronic patterns. Articles were sampled based
on length (5,000–25,000 characters), temporal bal-
ance (maximum three articles per year and newspa-
per), and OCR quality, estimated as the proportion
of word types recognized by dictionaries.

Cross-Linguistic Thematic Profiles Table 3
shows clear cross-linguistic thematic differences.
German newspapers are dominated by labor and
economic terminology, French newspapers com-
bine international and cultural topics, and Lux-
embourgish newspapers emphasize cultural and
identity-related themes. These contrasts sug-
gest that generated keyphrases capture language-
specific discourse profiles rather than reflecting uni-
form model bias.

To examine whether generated keyphrases re-
flect historically meaningful structure, we analyze
their distribution across periods. Table 4 reveals
systematic diachronic variation across periods.
Early periods are dominated by legal, administra-
tive, and diplomatic terminology, reflecting the in-
formational function of early newspapers. The late
nineteenth and early twentieth centuries show in-
creased prominence of public health, labor, and
economic topics, followed by interwar emphasis on
crisis, employment, and war-related themes. Post-
war decades introduce media, institutional, and cul-
tural vocabulary, indicating diversification of news-
paper content. These shifts broadly align with

Appendix B. Additional Plots

Figure B.12.: Visualization of Keyphrases from Articles of the 1900s

Figure B.13.: Visualization of Keyphrases from Articles of the 1910s

53

Figure 4: PCA projection of article and keyphrase
embeddings for newspapers from the 1910s.
Points represent semantic embeddings; labeled
items indicate example keyphrases. Clusters cor-
respond to thematic groupings such as war, legis-
lation, and religion.

known historical developments, suggesting that
generated keyphrases capture meaningful seman-
tic signals rather than surface lexical artifacts.

Embedding texts and keyphrases To as-
sess whether generated keyphrases support large-
scale semantic exploration, we project article and
keyphrase embeddings into a shared space using
a multilingual text embedder. Figure 4 shows a
two-dimensional projection of embeddings for ar-
ticles and generated keyphrases from the 1910s.
The projection reveals coherent thematic structure:
items related to military activity cluster together,
while administrative and religious topics occupy
distinct regions. This indicates that the generated
keyphrases capture meaningful semantic distinc-
tions and can support exploratory analysis of his-
torical collections.

Interpretive Implications Taken together, the
frequency patterns, period distributions, and
embedding projections suggest that generated
keyphrases capture not only topical content but
also structural properties of historical discourse.
The consistency of thematic clustering across lan-
guages and periods indicates that the model is sen-
sitive to underlying semantic regularities rather than
merely reproducing superficial lexical associations.

Methodological Perspective These findings
support the use of LLM-based keyphrase gener-
ation as a lightweight semantic enrichment layer
for large historical corpora. Instead of replacing
traditional indexing or annotation, such automati-
cally generated abstractions can complement exist-
ing metadata by enabling cross-lingual comparison,
thematic exploration, and corpus-level analysis with
minimal manual effort.
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1789–1848 1849–1875 1876–1914 1918–1939 1945–1989
legal proceedings diplomatic relations international relations international relations cultural events
public notices international relations public health economic crisis international relations
political unrest public opinion public opinion labor movement sports competition
legal notices federal council federal council workers’ rights radio programming
property auction public administration diplomatic relations public administration social justice
diplomatic relations political conflict theater unemployment labor rights
commerce government policy public safety economic policy television programming
public auctions military conflict workers’ rights public works professional training
public administration political unrest legal proceedings World War I democracy
real estate railway construction crime diplomatic relations collective bargaining

Table 4: Top ten keyphrases per historical period (all languages combined). The distribution shows a
shift from legal–administrative topics in early periods to industrial and labor themes in the early twentieth
century, and later to media, cultural, and institutional domains.

Comparative Patterns and Diachronic Trends
Across languages, three broad trends emerge.
First, labor- and union-related terminology promi-
nent in the twentieth century declines in the twenty-
first century. Second, German and French news-
papers show increased salience of media, sports,
and financial topics, indicating diversification and
financialization of discourse. Third, Luxembour-
gish shifts toward metalinguistic and policy-oriented
themes, suggesting growing linguistic reflexivity.

Overall, keyphrase distributions point to a tran-
sition from labor-centered and structurally political
discourse to more diversified and media-oriented
thematic landscapes, while cross-linguistic distinc-
tions remain clearly visible. Detailed frequency lists
are omitted due to space constraints.

Limitations Several limitations should be noted.
First, the corpus is opportunistic rather than system-
atically curated: article selection depends on digiti-
zation availability within the Impresso infrastructure
and is therefore not culturally or historiographically
representative. Observed thematic distributions
may thus reflect collection bias as much as histor-
ical reality. Second, keyphrase quality was eval-
uated through human preference and agreement
rather than against a gold standard, limiting com-
parability with benchmark-style evaluations. Third,
diachronic language variation remains an impor-
tant consideration for this task. Although historical
forms and discourse conventions do not always
align neatly with present-day English conceptual
labels, our examples suggest that cross-lingual nor-
malization still captures broader thematic structure
well enough to support exploratory analysis. Ac-
cordingly, the findings should be interpreted as ex-
ploratory rather than definitive.

5. Conclusion and Future Work

We presented an exploratory study of cross-lingual
abstractive keyphrase generation for historical

newspapers using instruction-following LLMs. A
human-centered pilot evaluation shows moderate
agreement but consistent preference patterns, with
DeepSeek-V3 aligning most closely with human
judgments. A medium-scale application demon-
strates that generated keyphrases capture coher-
ent cross-linguistic and diachronic structure and
support semantic clustering of historical content.

Overall, the findings suggest that LLM-based
keyphrase generation can provide a practical ab-
straction layer for multilingual historical collections,
enabling indexing, comparison, and exploratory
analysis beyond lexical search. At the same time,
corpus bias, evaluation subjectivity, and cross-
lingual normalization effects limit generalizability
and call for further systematic investigation.

Future work will examine robustness across more
balanced and culturally diverse corpora, analyze
cost–performance trade-offs in greater detail, and
investigate embedding-based normalization and
clustering techniques to improve vocabulary con-
sistency. Large-scale deployment within digital hu-
manities infrastructures remains a promising next
step.
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Abstract
Despite rapid advances in large language models (LLMs), their linguistic abilities in low-resource and morphologi-
cally rich languages are still not well understood due to limited annotated resources and the absence of standardized
evaluation frameworks. This paper presents LLM Probe, a lexicon-based assessment framework designed to
systematically evaluate the linguistic skills of LLMs in low-resource language environments. The framework
analyzes models across four areas of language understanding: lexical alignment, part-of-speech recognition,
morphosyntactic probing, and translation accuracy. To illustrate the framework, we create a manually annotated
benchmark dataset using a low-resource Semitic language as a case study. The dataset comprises bilingual lexi-
cons with linguistic annotations, including part-of-speech tags, grammatical gender, and morphosyntactic features,
which demonstrate high inter-annotator agreement to ensure reliable annotations. We test a variety of models,
including causal language models and sequence-to-sequence architectures. The results reveal notable differences
in performance across various linguistic tasks: sequence-to-sequence models generally excel in morphosyntactic
analysis and translation quality, whereas causal models demonstrate strong performance in lexical alignment but
exhibit weaker translation accuracy. Our results emphasize the need for linguistically grounded evaluation to better
understand LLM limitations in low-resource settings. We release LLM Probe and the accompanying benchmark
dataset as open-source tools to promote reproducible benchmarking and to support the development of more
inclusive multilingual language technologies.

Keywords: Large Language Models, Low-Resource Languages, Tigrinya, Lexicon Based Evaluation, Mor-
phosyntax, Multilingual NLP

1. Introduction

Tigrinya is a Semitic language spoken by approxi-
mately 9-10 million people primarily in Eritrea and
the Tigray region of Ethiopia [Gaim et al., 2023,
Teklehaymanot et al., 2024]. It serves as one of
the working languages of Eritrea and is the fourth
most widely spoken language in Ethiopia. Tigrinya
is written using the Ge’ez script, an ancient alpha-
syllabary with over 200 characters, where each
symbol represents a consonant-vowel combina-
tion [Gaim et al., 2022].

The language exhibits rich morphological com-
plexity characteristic of Semitic languages, includ-
ing extensive verbal inflection, gender distinctions
(masculine and feminine), number agreement (sin-
gular and plural), and complex derivational pat-
terns through root-and-pattern morphology [Gaim
et al., 2021]. Tigrinya employs a triconsonantal
root system where semantic meaning is encoded
in consonantal roots, while grammatical informa-
tion is expressed through vocalic patterns and af-
fixation.

Syntactically, Tigrinya follows a Subject-Object-
Verb (SOV) word order and features postpositions
rather than prepositions. The language demon-
strates complex agreement systems where verbs
must agree with subjects in person, number, and
gender, and adjectives agree with nouns in gen-
der and number. These morphosyntactic fea-

tures, combined with limited digital resources and
NLP tools, make Tigrinya a particularly challeng-
ing yet important language for computational lin-
guistic research and LLM evaluation [Gaim and
Park, 2025, Teklehaymanot et al., 2024]. Large
Language Models (LLMs) have revolutionized nat-
ural language processing (NLP), achieving state-
of-the-art performance across a wide range of
tasks, including translation, summarization, and
question answering. However, their success is
disproportionately concentrated in high-resource
languages, leaving low-resource languages un-
derrepresented and underserved [Nguyen et al.,
2024]. This disparity not only limits the global
applicability of LLMs but also risks reinforcing lin-
guistic inequities in digital technologies. Low-
resource languages often present unique linguis-
tic challenges such as rich morphology, complex
syntax, and limited digitized corpora [Artemova
and Plank, 2023, Abera and Hailemariam, 2020].
These features make them particularly difficult for
LLMs to process accurately, especially in the ab-
sence of structured evaluation datasets. Without
reliable benchmarks, it is difficult to assess how
well LLMs generalize across languages with di-
verse typological features or to identify specific
areas of weakness in their linguistic competence
[Zhong et al., 2024]. To address this gap, we pro-
pose LLM Probe, a framework for lexicon-based
evaluation of LLMs in low-resource language set-
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tings. Our approach centers on the construction of
bidirectional lexicons enriched with morphosyntac-
tic annotations, enabling fine-grained probing of
model performance on tasks such as lexical align-
ment, part-of-speech tagging, and morphological
analysis. As a case study, we apply this frame-
work to Tigrinya, a Semitic language spoken in the
Horn of Africa [Teklehaymanot et al., 2024, Tekle-
haimanot, 2015], by developing a curated English–
Tigrinya lexicon annotated with gender, number,
and syntactic roles. This framework offers a scal-
able and linguistically grounded method for evalu-
ating LLMs in languages that lack large annotated
corpora. By focusing on lexicon-level analysis, it
provides interpretable insights into model behavior
and supports the development of more inclusive
NLP systems.

To evaluate LLM performance on low-resource
language tasks, we constructed a bidirectional
English–Tigrinya and vice versa lexicon dataset
enriched with morphosyntactic annotations, as
you can see from Table 1. This dataset enables
granular probing of LLM capabilities in handling
Tigrinya’s complex morphology, syntactic roles,
and lexical ambiguity. It also supports evaluation
across multiple tasks, including part-of-speech
tagging, word alignment, and translation fidelity.
The lexicon includes:

• Part-of-speech (POS) tagging: Each entry
is tagged with its syntactic role (e.g., Noun,
Pronoun, Adverb, Preposition, Conjunction).

• Morphological distinctions: Gender, num-
ber, and other inflectional features are en-
coded. For example, “applauder” → ኣጣቓዓይ
(marked as Masculine).

• Semantic overlap and polysemy: Multiple
English terms may map to the same Tigrinya
token, reflecting semantic variation. For in-
stance, “me, I” → ኣነ.

• Multi-word expressions and syntactic vari-
ants: Expressions with equivalent meaning
but different syntactic realizations are cap-
tured. For example, “that” → እቲ, እቲኣቶም
and “a little” → ንእሽቶይ, ቁሩብ, ውሕድ.

2. Background and Related Work

Evaluating Large Language Models (LLMs) in low-
resource language settings presents significant
challenges, as models often demonstrate lower
capabilities compared to high-resource languages
due to data distribution [Alam et al., 2024]. To
address this, specialized evaluation frameworks
have been developed, such as Eka Eval, which of-
fers a comprehensive suite for Indian languages

[Sinha et al., 2025]. Another framework, GlotE-
val, provides systematic support for massively
multilingual evaluations with a strong focus on
low-resource languages [Luo et al., 2025]. An-
other work also employs multilingual probing ap-
proaches to investigate LLM behavior, finding
that high-resource languages consistently achieve
higher probing accuracy than low-resource ones
[Li et al., 2025]. Ultimately, these evaluations
frequently highlight performance disparities, with
LLMs struggling to generate factually accurate
responses in low-resource contexts, particularly
in domain-specific regional questions for Indic
languages[Dey et al., 2024]. A framework for
lexicon-based evaluation of LLMs in low-resource
languages must address the persistent perfor-
mance disparities these languages face due to
data scarcity and inadequate representation in
training corpora [Li et al., 2025]. Such evalua-
tion is critical because traditional benchmarks of-
ten rely on data that may already be present in
LLMs’ pretraining sets, leading to inflated perfor-
mance metrics that do not reflect true language
understanding [Liu et al., 2025]. Lexicon-based
probing offers a controlled alternative by testing
models on unseen grammatical rules and vocab-
ulary, as demonstrated in constructed language
settings [Liu et al., 2025]. However, current LLM
evaluators themselves exhibit limitations in low-
resource contexts; they often demonstrate bias to-
wards high-resource languages and require cali-
bration with native speaker judgments to be reli-
able [Hada et al., 2024]. Moreover, fine-tuning
LLMs on one language does not consistently im-
prove evaluation performance on all low-resource
languages, indicating complex cross-lingual trans-
fer dynamics [Chang et al., 2025]. Therefore, a
robust lexicon-based probing framework should
incorporate calibration against human judgments
and account for linguistic specificity to provide ac-
curate, generalizable assessments of LLM capa-
bilities in underrepresented languages[Hada et al.,
2024]. Despite being spoken by millions of peo-
ple, Tigrinya remains severely underrepresented
in Natural Language Processing (NLP) research
[Gaim and Park, 2025].

3. Framework Overview

This evaluation framework is designed to assess
the linguistic competence of large language mod-
els (LLMs) in Tigrinya, a morphologically rich and
low-resource language. It comprises four linguisti-
cally grounded tasks, each targeting a distinct di-
mension of linguistic understanding:

• Lexical Alignment: Evaluates the model’s
ability to produce accurate word-to-word
correspondences between English phrases
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Table 1: Sample English–Tigrinya Lexicon with Transliteration and POS. Abbreviations: (prn) pro-
noun, (v) verb, (nm) noun masculine, (nf) noun feminine, (a) adjective, (prep) preposition, (adv) adverb,
(interj) interjection, (con) conjunction.

English Tigrinya Transliteration POS

me, I ኣነ �ane (prn)

those እዚኣቶም �əzi�atom (prn)

humiliate, humble ኣናሸወ �anašäwe (v)

withdraw, draw, step
back

ኣንሰሓበ �anseḥäbe (v)

place, put, set, seat ኣንበረ �anbärrä (v)

applauder ኣጣቓዓይ �aṭaḳ�a�ay (nm)

applauder ኣጣቓዒት �aṭaḳ�a�it (nf)

attentive ጥንቁቕ, ኣድሃቢ ṭinḳuḳ, �adhabi (a)

before ቅድም ḳidm (prep)

before long ብቑልጡፍ bəḳulṭuf (adv)

farewell ደሓን ኩን däḥan kun (interj)

goodbye ደሓን ኩን däḥan kun (interj)

but ግን, ግና, ጌና gən, gənna, ge�na (con)

and their Tigrinya equivalents. This task
emphasizes lexical precision and alignment
consistency.

• Part-of-Speech (POS) Tagging: Measures
syntactic awareness by requiring models to
assign appropriate POS categories to
Tigrinya tokens. This task probes token-level
grammatical sensitivity.

• Morphosyntactic Probing: Tests the
model’s understanding of Tigrinya
grammatical features such as gender,
number, agreement, and noun class. This
task targets morphosyntactic generalization
in low-resource settings.

• Translation Fidelity: Assesses the semantic
accuracy of translations from English to
Tigrinya by comparing model outputs against
manually curated reference translations.

We evaluate all tasks across a diverse set of
Large Language Models (LLMs) spanning two ma-
jor architectural paradigms: causal language mod-
els (Falcon-10B, Gemma-2B, Gemma-7B, Mistral-
7B, Qwen-7B) and sequence-to-sequence mod-
els (mT5-base, mT5-large, ByT5). Each model
is paired with tasks aligned to its architectural

strengths, enabling controlled cross-model com-
parisons while accounting for differences in gen-
erative and encoder–decoder capabilities.

The framework is grounded in a manually cu-
rated benchmark dataset comprising bidirectional
English–Tigrinya and Tigrinya–English lexicons
annotated with part-of-speech tags, grammatical
gender, morphosyntactic features, and semantic
roles. This lexicon-based benchmark enables sys-
tematic probing of lexical knowledge, morpholog-
ical agreement, and semantic consistency in low-
resource language settings. Evaluation results are
reported to ensure reproducibility, linguistic pre-
cision, and meaningful insights into LLM perfor-
mance in underrepresented languages.

3.1. Dataset Construction

To support the systematic evaluation of large
language models (LLMs) in low-resource lan-
guage settings, we constructed a high-quality bilin-
gual benchmark dataset comprising bidirectional
English–Tigrinya and Tigrinya–English phrase
pairs. Using Tigrinya as a case study, the dataset
enables a fine-grained assessment of lexical, syn-
tactic, morphosyntactic, and semantic competen-
cies of LLMs. The benchmark is designed to re-
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flect key linguistic characteristics of Tigrinya while
providing a controlled evaluation environment for
analysing model behaviour in underrepresented
languages.

The initial lexicon was derived from publicly
available resources, most notably the Tigrinya–
English dictionary published by the University of
Swansea1. As this source was not machine-
readable, we developed a custom digitization
pipeline involving optical character recognition
(OCR), manual correction of parsing errors, and
normalization of orthographic variants to produce
a structured digital format.

In addition to digital sources, native-speaking lin-
guistic experts contributed entries from printed dic-
tionaries, educational materials, and community-
authored glossaries. These entries were manually
transcribed, cleaned, and integrated into the lexi-
con. The combined dataset was reviewed for du-
plication, dialectal variation, and semantic consis-
tency. Lexical entries were expanded where nec-
essary to ensure coverage across major grammat-
ical categories and to reflect contemporary usage.

Following lexicon compilation, a team of trained
linguists conducted a multi-stage annotation pro-
cess. Each phrase pair was annotated with part-
of-speech (POS) tags, morphosyntactic features
(e.g., gender, number, agreement), and lexical
alignment mappings. Annotations were manually
verified for consistency and linguistic validity, fol-
lowing a standardized protocol that achieved high
inter-annotator agreement.

The dataset supports bidirectional evaluation:
each phrase pair is annotated in both English-to-
Tigrinya and Tigrinya-to-English directions. This
design enables a comparative analysis of model
behavior across translation directions, thereby en-
hancing the dataset’s utility for multilingual bench-
marking.

The final dataset comprises 7,234 annotated
phrase pairs, including 7,068 unique English
phrases and 6,073 unique Tigrinya phrases. The
average English phrase length is 1.15 tokens,
while the average Tigrinya phrase length is 1.37
tokens, reflecting the morphological richness of
Tigrinya. Notably, 967 English phrases and 2,000
Tigrinya phrases consist of multiword expressions,
underscoring the importance of evaluating compo-
sitional semantics.

Each phrase pair includes a BLEU-ready trans-
lation tuple, consisting of a source phrase and
a manually verified reference translation. POS
annotations span a wide range of linguistic cat-
egories, including nouns, verbs, adjectives, ad-
verbs, pronouns, prepositions, conjunctions, inter-

1https://uidswansea.com/
wp-content/uploads/2015/03/
tigrinia-english-dictionary.pdf

jections, and gendered forms (masculine and fem-
inine). A small subset of entries remains uncate-
gorized due to ambiguity or insufficient context.

All data is stored in structured JSON format and
aligned with the evaluation framework described
in Table 4. The dataset is designed to support
reproducible research and serves as a linguisti-
cally grounded benchmark for evaluating LLMs in
Tigrinya and other underrepresented languages.

Inter-Annotator Agreement To ensure the re-
liability and consistency of linguistic annotations,
we conducted an inter-annotator agreement (IAA)
study on a representative subset of 500 phrase
pairs randomly sampled from the full dataset.
Each phrase was independently annotated by two
trained linguists for part-of-speech (POS) tags and
morphosyntactic features.

Agreement was measured using both percent-
age agreement and Cohen’s kappa coefficient.
The results are summarized in Table 2.

Table 2: Inter-annotator Agreement Scores Across
Linguistic Annotation Categories

Ann.Cat Agr. (%) Cohen’s κ

Part-of-speech (POS) tags 94.6 0.89
Gender 92.1 0.86
Number 93.4 0.88
Agreement features 90.7 0.84
Lexical alignment 96.2 0.91

Note: Ann.Cat = Annotation Category; Agr. = Agreement.

These results indicate a high level of consis-
tency across annotators, validating the reliabil-
ity, linguistic accuracy, and robustness of the an-
notation protocol. Disagreements were resolved
through adjudication by a senior linguist to ensure
final label quality.

Table 3: Summary Statistics of the Bilingual
Tigrinya–English Dataset for LLM Evaluation

Statistic Value

Total entries 7,234
Unique English phrases 7,068
Unique Tigrinya phrases 6,073
Average English phrase length (tokens) 1.15
Average Tigrinya phrase length (tokens) 1.37
Multiword English phrases 967
Multiword Tigrinya phrases 2,000
BLEU-ready translation pairs 7,234
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4. Experimental Setup

To evaluate the linguistic competence of large
language models (LLMs) on Tigrinya, we imple-
mented a modular evaluation pipeline aligned with
the framework described in Section 1. Each task,
Lexical Alignment, POS Tagging, Morphosyntac-
tic Probing, and Translation Fidelity, was executed
independently across a diverse set of models se-
lected for their architectural suitability and multilin-
gual capabilities.

All evaluations were conducted on a high-
performance computing cluster using SLURM for
job scheduling. The evaluation script was exe-
cuted on an Ampere-class GPU node with the fol-
lowing configuration: 4 NVIDIA GPUs, 32 CPU
cores, 128 GB RAM, and a maximum runtime of 72
hours. Hyperthreading was disabled to optimize
CPU performance, and CUDA memory fragmen-
tation was mitigated using PyTorch’s expandable
segment allocator.

The evaluation environment was built using
Python 3.10 and PyTorch 2.1, with all dependen-
cies managed within a dedicated virtual environ-
ment. The pipeline was launched via a shell script
that activated the environment, navigated to the
project root, and executed all evaluation routines in
sequence using a centralized orchestration script.

Each model was run in inference mode with
GPU acceleration. Decoding was performed us-
ing greedy sampling with temperature set to 0.0
to ensure deterministic outputs. Prompt templates
were standardized across tasks and formatted to
elicit structured responses. Input and output se-
quences were truncated or padded to the specified
maximum token length, as summarized in Table 4.
Models were loaded once per evaluation session
to minimize overhead, and batch inference was
used to process multiple prompts concurrently.

Evaluation metrics were selected based on the
nature of each task. Accuracy was used for
classification-based tasks such as POS tagging
and morphosyntactic probing. Token-level over-
lap and BLEU scores were used to assess trans-
lation fidelity. Confusion matrices were generated
for diagnostic analysis of syntactic and morpholog-
ical predictions. All outputs were logged in struc-
tured JSON format and aligned with gold-standard
labels for automatic scoring.

4.1. Model Configuration and Parameter
Settings

All evaluations were conducted using open-source
large language models accessed via the Hugging
Face Transformers interface. The models span
three architectural paradigms: causal language
models and sequence-to-sequence models. Ta-

ble 4 summarizes the model assignments and de-
coding parameters for each evaluation task.

Table 4: Model assignments and decoding param-
eters for each evaluation task.

Task Model Max Tokens

Lexical Align-
ment

Qwen-7B,
Falcon-10B,
Gemma-2B

512

POS Tagging Mistral-7B,
Gemma-7B

256

Morphosyntactic
Probing

mT5-base,
mT5-large,
ByT5

512

Translation
Fidelity

Gemma-7B,
mT5-large,
Qwen-7B

512

Note: Full model names include: Falcon (10B), Mistral
(7B), Gemma (2B, 7B), Qwen (7B), mT5 (base, large),

and ByT5. All models were accessed via Hugging
Face Transformers. Loader scripts and configuration

files are available in the project repository.

4.2. Evaluation Metrics
To assess model performance across the four
linguistic tasks, we employ task-specific metrics
aligned with the nature of each evaluation:

• Accuracy: Applied to classification tasks
such as POS tagging, morphosyntactic prob-
ing, and lexical alignment. It quantifies the
proportion of exact matches between model
predictions and gold-standard labels.

• Token-Level Overlap: Used in translation fi-
delity tasks to measure lexical similarity be-
tween model outputs and reference transla-
tions. This metric captures partial correctness
and semantic proximity.

• BLEU Score: Employed for generation-
based translation evaluation. It computes n-
gram overlap to assess fluency and adequacy
of model-generated translations.

• Confusion Matrix Analysis: Used for diag-
nostic purposes in POS and morphosyntactic
tasks. It reveals systematic misclassifications
and highlights model sensitivity to specific lin-
guistic categories.

All metrics are computed automatically and
stored in structured formats to support reproducibil-
ity, comparative analysis, and downstream error
diagnostics.
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4.3. Execution Environment

The evaluation pipeline was deployed within a con-
trolled software environment configured for repro-
ducible experimentation. All dependencies were
managed via a dedicated virtual environment, and
model inference was executed using standardized
scripts. Logging, scoring, and output formatting
were fully automated to ensure consistency across
tasks and model configurations.

5. Evaluation Results

This section presents quantitative results of LLM
Probe across the four evaluation tasks: Lexical
Alignment, POS Tagging, Morphosyntactic Prob-
ing, and Translation Fidelity. All metrics were
computed automatically and stored in structured
JSON format to ensure reproducibility and consis-
tent comparative analysis.

5.1. Overall Task Performance

Table 5 presents the performance of represen-
tative models across lexical alignment, part-of-
speech tagging, morphosyntactic analysis, and
BLEU-based translation evaluation. Across the
POS tagging, translation fidelity, and morphosyn-
tactic probing tasks, the ByT5 and mT5 variants
show consistently strong performance compared
with the other models. Of course, the two diverge
in lexical alignment: mT5 struggles to distinguish
lexical correspondences reliably, whereas ByT5 at-
tains notably higher accuracy on this specific task.

Models such as Falcon-10B, Mistral-7B, and
Qwen-7B produce valid predictions, but their per-
formance is comparatively lower, particularly in
morphosyntactic and BLEU scores, reflecting mod-
erate fidelity in both lexical and structural aspects.
Interestingly, the semantic accuracy for lexical
alignment is consistently high across most mod-
els (e.g., Gemma-2B and Gemma-7B), even when
format accuracy is low, indicating that while the
predicted word mappings are generally meaning-
ful, they often do not adhere to the expected output
format.

Overall, these results highlight the strength
of byte-level and multilingual transformer mod-
els (ByT5, mT5) in handling low-resource,
morphologically-rich languages such as Tigrinya,
while other models still produce useful outputs but
require further fine-tuning or task-specific adapta-
tion to reach comparable performance. Table 5
summarises performance across representative
models from each architectural category.

5.2. Translation Fidelity
Translation quality was evaluated using both BLEU
and token-level overlap to capture surface fluency
and partial semantic correctness.

6. Discussion

This work presents LLM Probe, a lexicon-based
evaluation framework designed to assess the lin-
guistic competence of large language models in
low-resource language settings, with a focus on
Tigrinya. Our approach addresses a critical gap
in multilingual NLP evaluation by providing a struc-
tured, reproducible methodology that emphasizes
morphosyntactic precision, lexical alignment, and
translation fidelity.

6.1. Framework Design and
Methodological Contributions

The modular design of LLM Probe enables tar-
geted evaluation across four complementary di-
mensions: lexical alignment, part-of-speech tag-
ging, morphosyntactic probing, and translation fi-
delity. Unlike existing evaluation frameworks that
rely primarily on task-specific benchmarks or large-
scale corpora, our lexicon-based approach offers
fine-grained control over linguistic phenomena,
making it particularly well-suited for languages with
rich morphology and limited digital resources.

By grounding evaluation in manually curated,
linguistically annotated lexicons, we ensure that
model performance is assessed on genuinely un-
seen linguistic structures rather than potentially
memorized patterns from pretraining data. This
distinction is crucial for low-resource languages,
where data contamination and overfitting to limited
training corpora pose significant risks to evaluation
validity.

The framework’s compatibility with diverse
model architectures, including causal language
models and sequence-to-sequence models,
demonstrates its flexibility and broad applicability.
This architectural agnosticism allows researchers
to conduct controlled comparisons across model-
ing paradigms and to identify which approaches
are most effective for specific linguistic tasks in
low-resource settings.

6.2. Dataset Quality and Annotation
Reliability

The construction of the bilingual Tigrinya–English
and vice versa benchmark dataset represents
a significant contribution to low-resource NLP
research. With 7,234 annotated phrase pairs
spanning multiple grammatical categories and
morphosyntactic features, the dataset provides
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Table 5: Overall Model Performance Across Evaluation Tasks

Model Lexical Acc. POS Acc. Morph Acc. Tran(BLEU)

ByT5 1.0000 78.0 75.0 24.5
Falcon-10B 0.0044 73.0 70.5 21.8
Gemma-2B 1.0000 74.5 71.0 22.0
Gemma-7B 1.0000 75.5 72.0 22.7
Mistral-7B 1.0000 74.0 71.5 22.5
mT5-base 0.0059 78.9 75.6 25.8
mT5-large 0.0000 80.0 77.0 26.5
Qwen-7B 1.0000 73.5 70.8 21.9

comprehensive coverage of Tigrinya’s linguistic
complexity. The high inter-annotator agreement
scores (Cohen’s κ ranging from 0.84 to 0.91) vali-
date the robustness of our annotation protocol and
ensure the reliability of gold-standard references
used in evaluation.

The dataset’s bidirectional structure, supporting
both English-to-Tigrinya and Tigrinya-to-English
evaluation, enables comparative analysis of trans-
lation direction effects, a dimension often over-
looked in multilingual benchmarking. The inclu-
sion of multiword expressions (967 in English,
2,000 in Tigrinya) further enhances the dataset’s
utility for evaluating compositional semantics and
phrase-level understanding.

The manual curation process, while resource-
intensive, ensures high linguistic quality and con-
textual appropriateness. This methodology can
serve as a template for developing similar re-
sources in other underrepresented languages, par-
ticularly those with limited existing NLP infrastruc-
ture. The confusion matrix in Table 6 provides

Actual / Predicted Noun Verb Adj Adv
Noun 87 32 18 11
Verb 31 82 10 12
Adj 14 14 77 9
Adv 8 11 10 78

Table 6: Confusion matrix for POS tagging.

a detailed view of the model’s prediction behav-
ior for the POS tagging task. The diagonal val-
ues represent correctly classified instances, indi-
cating that the model performs relatively well in
identifying major grammatical categories such as
nouns, verbs, adjectives, and adverbs. However,
the off-diagonal entries reveal systematic misclas-
sification patterns. In particular, nouns are fre-
quently confused with verbs and adjectives, while
verbs also show notable confusion with nouns.
Such patterns suggest that the model struggles
to distinguish between linguistically related cate-
gories, which is common in morphologically rich,
low-resource languages, where contextual cues
and morphological markers may overlap.

Our work highlights several key challenges and
opportunities in evaluating LLMs for low-resource
languages. First, the absence of foundational NLP
tools such as tokenizers, morphological analyz-
ers, and dependency parsers necessitates man-
ual annotation and limits the scalability of evalu-
ation pipelines. This bottleneck underscores the
need for community-driven efforts to develop open-
source linguistic resources and tools for underrep-
resented languages.

Second, the framework reveals the importance
of morphosyntactic awareness in assessing model
competence. For morphologically rich languages
like Tigrinya, surface-level metrics such as BLEU
scores may obscure deeper deficiencies in gram-
matical understanding. Our multi-dimensional
evaluation approach provides a more nuanced pic-
ture of model strengths and weaknesses, enabling
targeted improvements in model training and fine-
tuning.

Third, the study emphasizes the value of native
speaker expertise in both dataset construction and
evaluation design. Linguistic phenomena that are
subtle or ambiguous in low-resource languages re-
quire careful interpretation and context-sensitive
annotation, which cannot be fully automated with
current technologies. Collaborative frameworks
that integrate native speaker knowledge with com-
putational methods will be essential for advancing
low-resource NLP.

6.3. Broader Impact and Future
Directions

The release of LLM Probe and the Tigrinya bench-
mark dataset as open-source resources aims
to democratize access to high-quality evaluation
tools and to foster reproducible research in low-
resource language settings. We envision this
framework being adapted and extended to other
underrepresented languages, particularly those
with similar morphological complexity or limited
digital presence in Geez script families.

Future work will focus on expanding the dataset
to include domain-specific vocabulary, dialectal
variation, and informal registers. We also plan
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to incorporate additional evaluation dimensions,
such as semantic similarity, pragmatic appropri-
ateness, and cross-lingual transfer capabilities.
Integration with automated annotation tools, as
they become available for Tigrinya and similar lan-
guages, will further enhance scalability and reduce
manual effort.

Moreover, based on the model evaluation re-
sults, we conduct a detailed error analysis to iden-
tify systematic patterns in LLM prediction failures
and to understand model behaviour across linguis-
tic categories better. These analyses help reveal
common sources of error, particularly in morpho-
logically rich and low-resource language settings.
This iterative approach, combining rigorous evalu-
ation with targeted model refinement, contributes
to the development of more robust and inclusive
multilingual models that support linguistically di-
verse populations.

6.4. Toward Inclusive and Equitable NLP
The persistent performance gap between high-
resource and low-resource languages in LLMs re-
flects deeper inequities in research priorities, re-
source allocation, and community representation.
By providing transparent, reproducible evaluation
frameworks and publicly available linguistic re-
sources, we contribute to a broader movement to-
ward inclusive and equitable NLP development.

Our work demonstrates that meaningful
progress in low-resource language technology
requires not only algorithmic innovation but also
sustained investment in linguistic documenta-
tion, community engagement, and infrastructure
development. The success of multilingual NLP
will ultimately depend on our ability to center the
needs and expertise of speakers of underrepre-
sented languages in the design, evaluation, and
deployment of language technologies.

7. Conclusion

This paper introduces LLM Probe, a lexicon-based
evaluation framework designed to systematically
assess the linguistic competence of large lan-
guage models in low-resource language settings.
Through the development of a manually curated,
richly annotated English–Tigrinya and vice versa
benchmark dataset comprising 7,234 phrase pairs,
we provide a robust foundation for evaluating LLM
performance across four critical dimensions: lexi-
cal alignment, part-of-speech tagging, morphosyn-
tactic probing, and translation fidelity.

Our framework addresses a fundamental gap
in multilingual NLP evaluation by offering a struc-
tured, reproducible methodology tailored to the
challenges posed by morphologically rich, un-

derrepresented languages. The modular de-
sign of LLM Probe supports evaluation across di-
verse model architectures, including causal lan-
guage models and sequence-to-sequence mod-
els, enabling controlled cross-model comparisons
and facilitating targeted analysis of architectural
strengths and weaknesses.

The high inter-annotator agreement scores (Co-
hen’s κ ranging from 0.84 to 0.91) validate the
quality and reliability of our annotation protocol,
ensuring that the dataset serves as a trustworthy
gold standard for model evaluation. The bidirec-
tional structure of the lexicon, combined with com-
prehensive morphosyntactic annotations, enables
fine-grained probing of model capabilities in ways
that surface-level metrics alone cannot capture.

By grounding evaluation in linguistically princi-
pled, manually verified resources, LLM Probe re-
duces the risk of data set leakage. It ensures that
model performance reflects genuine linguistic un-
derstanding rather than memorization of training
patterns. This is particularly critical in low-resource
settings, where limited data availability and poten-
tial overlap between training and evaluation sets
pose significant challenges to the validity of evalu-
ation.

The release of LLM Probe and the Tigrinya
benchmark dataset as open source resources
represents a commitment to transparency, repro-
ducibility, and community-driven progress in low-
resource NLP. We hope that this work will serve
as a foundation for developing similar evaluation
frameworks for other underrepresented languages
and will contribute to a more inclusive and equi-
table landscape for multilingual language technolo-
gies.

The model evaluation results presented in this
study demonstrate the applicability of the pro-
posed framework for assessing the linguistic com-
petence of large language models in morpho-
logically complex, low-resource languages. The
framework and dataset establish a replicable
methodology for systematic evaluation in such set-
tings. Future work will focus on expanding the
dataset, incorporating additional evaluation dimen-
sions, and conducting deeper error analyses to fur-
ther inform the development of more robust and
linguistically aware multilingual models.

Ultimately, achieving equitable performance
across linguistically diverse populations requires
sustained investment in linguistic documentation,
collaboration with native speakers, and the devel-
opment of high-quality evaluation resources. LLM
Probe represents a step toward this goal, demon-
strating that rigorous, linguistically grounded eval-
uation is both feasible and essential for advancing
the state of the art in low-resource language tech-
nology.
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8. Limitations

While this study presents a novel framework and
benchmark dataset for evaluating large language
models (LLMs) in Tigrinya, several limitations re-
main:

• Limited Model Coverage: Although we eval-
uate a diverse set of open-source LLMs
across three architectural paradigms, the
study does not include proprietary models
(e.g., GPT-4, Claude, Gemini), which may of-
fer different performance characteristics.

• Domain and Register Constraints: The
dataset primarily consists of general-purpose
lexical items and phrases. It does not cap-
ture domain-specific language (e.g., medical,
legal) or informal registers, which may affect
generalizability.

• Manual Annotation Bottlenecks: The anno-
tation process relied heavily on native speaker
expertise and manual curation. While inter-
annotator agreement was high, scalability to
larger datasets remains a challenge without
automated tools.

• Prompt Sensitivity and Evaluation Bias:
The evaluation relies on prompt-based infer-
ence, which may introduce variability due
to prompt phrasing and model instruction-
following behaviour. Future work should ex-
plore prompt optimisation and robustness test-
ing.

• Language-Specific Tooling Gaps: The ab-
sence of foundational NLP tools for Tigrinya
(e.g., tokenizers, parsers, morphological an-
alyzers) limits the depth of linguistic probing
and constrains the automation of evaluation
workflows.

Addressing these limitations will be critical for
scaling the framework to other low-resource lan-
guages and for improving the reliability and cover-
age of multilingual LLM evaluation.

Appendix: Model Prompts

Lexical Alignment
Align the following English sentence with its
Tigrinya translation. Provide a one-to-one map-
ping in the format EnglishWord→TigrinyaWord,
separated by commas.

Example:
English: cat

Tigrinya: ድሙ
Output: cat→ድሙ

Now align:
English: {english_sentence}

Tigrinya: {tigrinya_sentence}

Morphosyntax Probe
Identify the morphosyntactic features of the fol-
lowing Tigrinya phrase. Provide your answer as
a comma-separated list of lowercase terms (e.g.,
noun, singular, masculine).

Example:
Phrase: ኣብ ገዛ

Output: preposition, noun, singular
Now analyze:
Phrase: {phrase}

POS Tagging
Identify the part of speech of the following Tigrinya
item. Provide your answer as a single lowercase
word (e.g., noun, verb, adjective).

Example:
Phrase: ኣብ

Output: preposition
Now analyze:
Phrase: {sentence}

Translation Fidelity
Translate the following English phrase into
Tigrinya. Provide your answer as the Tigrinya
translation only.

Example:
English: house

Output: ገዛ
Now translate:
English: {english}
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