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ABSTRACT The United Nations’ 2030 Agenda for Sustainable Development balances the economic,
environmental, and social dimension of sustainable development in 17 Sustainable Development Goals
(SDGs), monitored through a well-defined set of targets and global indicators. Although essential for
humanity’s future well-being, this monitoring is still challenging due to the variable quality of the statistical
data of global indicators compiled at the national level and the diversity of indicators used to monitor
sustainable development at the subnational level. Associating indicators other than the global ones with the
SDGs/targets may help not only to expand the statistical data, but to better align the efforts toward sustainable
development taken at (sub)national level. This article presents a model-agnostic framework for associating
such indicators with the SDGs and targets by comparing their textual descriptions in a common representation
space. While removing the dependence on the quantity and quality of the statistical data of the indicators,
it provides human experts with data-driven suggestions on the complex and not always obvious associations
between the indicators and the SDGs/targets. A comprehensive domain-specific benchmarking of a diverse
sentence encoder portfolio was performed first, followed by fine-tuning of the best ones on a newly created
dataset. Five sets of indicators used at the (sub)national level of governance (around 800 indicators in total)
were used for the evaluation. Finally, the influence of 40 factors on the results was analyzed using explainable
artificial intelligence (xAI) methods. The results show that 1) certain sentence encoders are better suited to
solving the task than others (potentially due to their diverse pre-training datasets), 2) the fine-tuning not
only improves the predictive performance over the baselines but also reduces the sensitivity to changes in
indicator description length (performance drops even by up to 17% for baseline models as length increases,
but remains comparable for fine-tuned models), and 3) better selected training instances have the potential
to improve the performance even further (taking into account the limited fine-tuning dataset currently used
and the insights from the xAI analysis). Most importantly, this article contributes to filling the existing gap
in comprehensive benchmarking of AI models in solving the problem.

INDEX TERMS Machine learning, natural language processing, representation learning, sustainable
development.

The associate editor coordinating the review of this manuscript and

approving it for publication was Loris Belcastro .

I. INTRODUCTION
The 2030 Agenda for Sustainable Development [1] of
the United Nations (UN), adopted in September 2015,
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represents a plan to take action in the most crucial areas
for the well-being of the planet and humanity. The Agenda
consists of 17 Sustainable Development Goals (SDGs) and
169 targets, which describe what needs to be achieved by
2030 to ensure a sustainable future. For example, SDG
1 is devoted to ending poverty in all its forms everywhere,
while its target 1.1 specifically requires eradicating extreme
poverty, measured as people living on less than $1.25 a day,
by 2030 [1] (for details on the SDGs, see the Appendix A).
Progress is monitored through the Global indicator frame-
work for the SDGs and targets of the Agenda [2], adopted in
July 2017, refined annually, and including 231 unique
indicators at the time of writing.1 The Agenda defines
the SDGs and their targets as integrated and indivisible,
balancing the three dimensions of sustainable development,
i.e., the economic, social, and environmental dimension [1].
Therefore, trying to achieve the SDGs and targets in isolation
can lead to unintended outcomes [3]. The interactions
between the SDGs may be positive when coordinated actions
lead to beneficial outcomes at a lower cost or with a higher
impact, or negative when actions lead to trade-offs [4].
Consequently, achieving the Agenda as a whole requires
knowledge of the SDG dependencies, the strength of the
dependencies, the direction of influence, the reversibility of
the effects and the certainty of the perceived outcomes in
the regional context [3]. However, the interactions between
the SDGs are not defined in the Agenda itself and may
depend on the context (e.g., geographic region, time, level of
governance). As most of the actions supporting the Agenda
take place at local, regional, and national levels [5], achieving
the Agenda requires accurate monitoring of the effects that
the policies/actions taken at those levels of governance
have on progress. Although the role of regional and local
governments was recognized in the Agenda itself [1], the
latest SDG Reports pointed to their central role in achieving
the Agenda since 65% of the targets are actually linked to
their work [6].
However, there are several challenges related to SDG

monitoring through indicators from the Global framework
or other locally relevant indicators reported to date. For
example, the statistical data of the Global indicator frame-
work, collected and compiled at the national level, still
has gaps with respect to its timelines, geographic coverage,
and disaggregation by required dimensions as a result of
the uneven statistical capacity of the countries [6], [7].
For example, the SDG Report 2023 [6] highlights that
more than 50% of the latest available data come from
2020 and 2021, while the lack of internationally comparable
data is particularly noticeable for SDGs 5, 13, and 16,
for which more than half of the 193 countries lack such
data. This makes progress monitoring challenging and was
especially emphasized during the COVID-19 pandemic when
even well-established methods for data collection (e.g., in-
person) became unavailable [7]. The need for innovative

1https://unstats.un.org/sdgs/indicators/indicators-list

data collection methods, non-standard data sources, and data
integration frommultiple sources is evident, but only through
careful design and evaluation [6], [7]. Furthermore, the use
of the Global indicator framework in measuring progress
toward the SDGs is not always a straightforward task at
the regional or local levels of governance [7], [8], [9],
[10], [11]. At those levels, the selection of an appropriate
indicator framework for monitoring sustainability may be
burdened by competing objectives of the process, e.g., the
need for context-specific indicators that are better suited
to local needs vs. indicators from international frameworks
that allow comparability on a global level [9]. Therefore,
it is not uncommon to use locally relevant indicator sets to
monitor sustainability at those levels. For example, a research
article [9] identified 67 initiatives developing indicator sets
for urban areas. On the other hand, not all available indicator
sets for monitoring urban sustainability are aligned with
the 2030 Agenda [8]. Harmonization and homogeneity of the
data are pointed as key challenges when analyzing the SDGs
at the regional level in the European Union (EU), as such data
can be scarce or come from multiple sources [11]. In such
circumstances, many initiatives aim at ‘‘localizing’’ the SDGs
and assisting in their integration into local policies, as further
described in Section II-A. Localization is the process of
defining/implementing/monitoring strategies for achieving
SDGs at the local level, i.e., translating the Agenda into local
results [12].
From our literature review, several key challenges that

motivated this article were identified:

• Variety of indicator frameworks used at different levels
of governance and geographic regions.

• Necessity to properly associate locally relevant indi-
cator frameworks with the SDGs/targets in order to
properly monitor the effects that local policies have on
the 2030 Agenda.

• Necessity to find even the less obvious associations
between locally relevant indicators and SDGs/targets,
which is a nontrivial task due to context-dependent
interactions between the SDGs/targets.

• Necessity to complement/facilitate the nontrivial and
time-consuming manual mapping process done by
human experts through thoroughly evaluated data-
driven methods, capable of inferring such less obvious
associations in a transparent manner.

• Variable statistical data quality and quantity in certain
geographic regions, even for the indicators from the
Global framework, which requires consideration of
alternative types of data available in large volumes but
underutilized for the purpose. An example is textual
data available in the form of SDG-related scientific pub-
lications, Voluntary National/Local Reviews, progress
reports, news articles, and similar (see Section II-B).

• Lack of comprehensive benchmarks of the strengths
and weaknesses of the various artificial intelligence
(AI) models for processing text, e.g., (large) language
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models or sentence encoders, in associating indicators
to SDGs/targets (see Section II-B).

Our contributions to tackle the challengesmentioned above
consist of the following:
• Developing a text-driven model-agnostic framework
Embed4SD, to find associations between indicators and
the (1) 17 SDGs and (2) 169 targets.

• Comprehensive benchmarking of the potential of a
diverse portfolio of publicly available pre-trained
general-purpose sentence encoders in solving the prob-
lem.

• Evaluating the fine-tuned sentence encoders on two
‘‘main’’ tasks, i.e., multi-class classification of an
indicator to one of the (1) 17 SDGs and (2) 169 targets,
as well as two ‘‘auxiliary’’ (zero-shot classification)
tasks, unseen during fine-tuning and validation.

• Evaluating the fine-tuned sentence encoders using five
indicator sets used at national, regional, and local levels
of governance (with around 800 indicators in total),
which differ in their purpose and characteristics.

• Creating a new domain-specific dataset to enable
sentence encoder fine-tuning.

• Post-hoc analyses using methods from explainable
artificial intelligence (xAI) to better understand the
factors influencing the results and gain insight for future
improvements.

• Complementing and potentially facilitating the non-
trivial and time-consuming manual indicator mapping
process done by human experts by providing them with
data-driven suggestions on indicators associations to the
SDGs/targets.

• Public availability of the framework to allow for
reproducibility, critical assessment, and improvement.

Through the proposed framework and experiments, the
following research questions were addressed:

1) How can textual data and general-purpose pre-trained
sentence encoders be used to automate the process of
associating national, regional, and local indicators with
the SDGs and targets from the UN 2030 Agenda?

2) What improvement does domain-specific fine-tuning
of general-purpose pre-trained sentence encoders bring
to their performance in solving the main and auxiliary
tasks?

3) What kind of textual data should be used to describe the
SDGs, targets, and indicators when using the proposed
framework?

The rest of the article is organized as follows. It starts
with a brief overview of different initiatives that facilitate
SDG monitoring at national and subnational levels of gov-
ernance, as well as the related scientific literature studying
the text classification to SDGs/targets. It is followed by
two sections describing the dataset creation process, the
pre-trained sentence encoders benchmarking, fine-tuning,
validation, and testing, as well as the post-hoc analysis of
the factors influencing the test results, both in terms of

the methodology itself and in terms of the experimental
choices. Finally, the validation and test results are presented,
along with a discussion of the research questions. Embed4SD
implementation is available on GitHub [13].

II. RELATED WORK
This section briefly describes initiatives aimed at facilitating
SDG monitoring at the national or subnational level, mainly
by aligning different indicator sets with the SDGs, targets,
or global indicators from the 2030 Agenda. The interactions
between the SDGs, targets, indicators, and policies have
already been studied by the research community, and several
secondary studies [5], [14] have summarized the primary
from different aspects. In the second subsection, we focus on
those using textual data for those purposes.

A. FACILITATING THE SDG MONITORING AT
(SUB)NATIONAL LEVEL
The 2030 Agenda encourages UN member states to conduct
reviews of their progress in implementing the Agenda
on national and subnational levels on a regular basis [1]
and share experiences through Voluntary National Reviews
(VNRs) of the High-level Political Forum for Sustainable
Development. In addition to the indicators from the Global
framework, in their VNRs, the member states can report
the use of additional national or subnational indicators
to measure the progress in achieving the SDGs and are
encouraged to include an annex with data [15]. Voluntary
Local Reviews (VLRs) are subnational reviews on progress
in achieving the SDGs produced by regional or local
governments. According to the Guidelines for VLRs from
2020 [16], the review should provide information on the
indicator sets used, i.e., if those are already available indicator
sets or newly developed ones. In the later case, details on the
methodology should be provided.

The European Union (EU) SDG indicator set was adopted
in 2017 and consists of 100 indicators, of which 33 monitor
multiple SDGs, and 68 are aligned with indicators from
the Global framework [17]. It allows monitoring of the
progress in achieving the SDGs in the context of EU policies,
and its development was led by the statistical office of
the EU – EUROSTAT in cooperation with other relevant
institutions [17]. The project URBAN2030, supported by the
European Commission Directorate General for Urban and
Regional Policies and realized by the Joint Research Centre,
aimed to offer EU cities a framework for developing VLRs
and to help achieving the SDGs at the local or regional
level [18]. Output of the project was the first edition of the
European Handbook for SDG Voluntary Local Reviews in
2020 [19]. The project URBAN2030-II resulted in a second
edition of the Handbook in 2022 [10]. The 72 example
indicators in the second edition, coming from international
institutions, European institutions, research institutes, and
regional governments, help regional and local governments
in monitoring progress towards the SDGs and 54 targets [10].
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The project REGIONS2030, supported by the European
Parliament and realized by the Joint Research Centre,
aimed to identify indicators relevant for monitoring the
SDG at the regional level [11], [20]. It started with a set
of 83 indicators [20], tested in several pilot regions, and
resulted in a final set of 116 indicators [11]. As part of the
United for Smart Sustainable Cities (U4SSC) UN initiative,
coordinated by the International Telecommunication Union
(ITU), United Nations Economic Commission for Europe
(UNECE), and United Nations Human Settlements Pro-
gramme (UN-Habitat), a set of key performance indicators2

was developed to allow cities to measure their progress in
becoming smart and sustainable through ICT, as well as
measure their progress in achieving the SDGs. The UN
Sustainable Development Solutions Network (SDSN)3 aims
to mobilize various institutions worldwide to take actions to
achieve the SDGs. Among the many initiatives, some aim to
improve the monitoring of the SDGs at the urban or regional
level by aligning local indicators with the SDGs.

B. METHODS FOR TEXT CLASSIFICATION TO SDGs OR
TARGETS
The latest advances in machine learning (ML) have huge
potential to help solve sustainable development problems.
However, some of the obstacles to their application are
related to the required domain-specific knowledge whichML
practitioners usually lack, as well as the unavailability of
standardized benchmarks for the problems [21]. Furthermore,
the use of AI (in general) in achieving the SDGs requires
awareness of the SDG interactions and sufficient oversight
since it can have both positive and negative impacts [22],
[23]. When it comes to the use of natural language processing
(NLP) advances based on deep learning (DL) in solving SDG-
related problems, our literature review showed that it started
attracting attention only in the last few years. The use of
textual data to associate external indicators with the SDGs,
targets, or global indicators from the 2030 Agenda (as done
in this article) is uncommon, but there is a growing interest
in ML-based classification of text to SDGs in general. This
subsection briefly summarizes such research articles.

Soriano et al. [24] presented an approach to classify
short target and indicator descriptions to SDGs using several
language models based on BERT. The dataset consisted of
400 sentences that described global targets and indicators,
and were labeled with SDGs. Two types of experiments were
conducted, the first encoding the descriptions in a common
vector space and classifying them based on their k nearest
neighbors, while the second fine-tuning the models for
multi-class classification to SDGs. ChatGPT was evaluated
as well. The accuracy of the fine-tuned classifiers did not
exceed 0.7, and ChatGPT had an accuracy of 0.84(±0.04).
Matsui et al. [25] fine-tuned a BERT model (pre-trained on
Japanese text) on 3,758 sentences related to the SDGs to

2https://u4ssc.itu.int/u4ssc-kpi/
3https://www.unsdsn.org/

perform multi-label classification of a sentence to the
17 SDGs. The authors then used the predictions for a
set of indicators translated to Japanese to study the SDG
co-occurrence and to visualize SDG interlinks. Li et al. [26]
presented a method for mapping text to SDGs and targets
through a lexicon of search queries relevant to each
SDG/target. The relevance of an SDG/target for a text
was determined using the number of its mentions in the
text. Sovrano et al. [27] presented a method for multi-label
classification of UN Resolutions to SDGs at the paragraph
level. Text representation methods such as Term Frequency
– Inverse Document Frequency (TF-IDF), average GloVe
embeddings, and pre-trained Universal Sentence Encoder
models were used. Meier et al. [28] presented an open-source
R package detecting mentions of SDGs in text using
existing labeling methods already presented in the research
literature. Addition of new methods was also possible. The
methods recognized mentions of SDG-related keywords
in text. Wulff et al. [29] extended the previous research
paper [28] by showing that an ensemble method combining
different labeling methods improved the performance of
a single method. In addition, the authors compared the
performance of the different labeling methods and concluded
that fine-tuning language models for that purpose was a
promising but still unexplored research direction. Hajikhani
and Cole [30] compared models specifically developed to
detect SDGs in text with general-purpose large language
models (LLMs) such as GPT-3.5. The models used TF-
IDF weighting, Word2Vec embeddings, and the Doc2Vec
method [31] in combination with ML classifiers trained
on text from scientific publications. The authors concluded
that specialized models were more robust and precise but
general-purpose LLMs were able to identify SDGs in a
broader set of texts.

The goal of the Open SDG (OSDG) project [32] was to
integrate various methods for classifying text to SDGs based
on ontologies, supervised or unsupervised ML, by creating
an ontology of more than 14,000 relevant keywords and
mapping them to the themes from Microsoft Academic
Graph. Any new text was first classified against those themes
through methods using TF-IDF weighting and then mapped
to the OSDG ontology. The updated framework, OSDG
2.0, was presented in [33]. It combined keyword-based
text classification to SDGs with ML-based classification
models. The OSDG Community Dataset, consisting of text
excerpts labeled with the SDGs from 1 to 16, was made
publicly available. Angin et al. [34] fine-tuned pre-trained
BERT and RoBERTa models on the OSDG Community
Dataset for multi-label text classification to SDGs. They also
considered a conventional NLP pipeline (TF-IDF weighting
and ML classifiers). The highest F1 score in the multi-label
classification was 0.91, achieved with a fine-tuned RoBERTa
model. Hsu et al. [35] classified text against the SDGs
using a combination of conventional NLP methods, i.e.,
a topic model classifier and a semantic link classifier.
Fonseca et al. [36] presented a method for mapping patent
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documents to SDGs. TF-IDF, Word2Vec embeddings, and
Doc2Vec were used for text representation in combina-
tion with ML classifiers trained on text from scientific
publications. Guisiano et al. [37] presented a method for
multi-label classification of text to SDGs. The training/test
data consisted of 724 texts with an average of 374 words
and was used to fine-tune a pre-trained BERT model
for the purpose. Smith et al. [38] applied NLP methods,
including Doc2Vec and network analysis, to yearly UN SDG
Progress and Information reports to study SDG interactions.
Fotopoulou et al. [39] presented a knowledge graph that
facilitates the tracking of the progress in achieving the
SDGs at national and regional level. Several existing ML
approaches (e.g., [25], [38]) werementioned by the authors as
applicable in populating and analyzing the knowledge graph.

Mishra et al. [40] proposed a method that generates
ontologies from text data (e.g., Wikipedia, social media,
blog posts, news articles) to anticipate the impact of
policymakers’ decisions on climate change (SDG 13). The
process consisted of entity extraction, relation extraction, and
ontology formation. A fine-tuned RoBERTa model was used
for entity extraction, while Graph Convolutional Networks
and multi-head attention layers for relation extraction. Cho
and Ackom [41] evaluated national commitments to SDGs
and emissions reduction of 67 countries through comparison
of their action plans reported in VNRs and Nationally
Determined Contributions. TF-IDF weighting was used to
represent VNRs into vector form, multidimensional scaling
to reduce the vector dimension into a lower one, and
cosine distance to analyze vector distribution in space in
relation to economic/geographical/environmental features.
Koundouri et al. [42] analyzed if the SDGs are integrated
into 74 European Green Deal policy documents between
2019 and 2023. A custom dataset of 35,001 text excerpts
describing the SDGs (coming from OSDG Community
Dataset and SDG-Tracker among the rest) was used to
fine-tune a pre-trained BERT model in classifying policy
documents to their related SDGs. Benjira et al. [43] studied
indicator computation using LLMs and knowledge graphs.
They used rule-based filtering and LLMs for schema
mapping, to find links between diverse data sources and
indicator metadata about their computation. They joined
the mappings in a knowledge graph to allow querying the
graph topology on indicator computation. Larosa et al. [44]
used LLMs (ClimateBERT and Gemini 1.0) and prompt
engineering methods to process climate and sustainability
policies to classify them into relevant SDGs and to find
synergies and trade-offs between the SDGs. The authors
state that the 80% match with expert labels was promising
although the score was imbalanced among the SDGs.
Koundouri et al. [45] analyzed the relatedness of 44 Human
Security reports to the SDGs using keyword-based matching,
TF-IDF weighting, and Random Forest classifier. The results
were compared to those achieved by language models such
as BERT, DistilBERT, and ELECTRA, for which the authors

noted that their performance was hindered by the small-
sized domain-specific training dataset. The method was made
available through a web application. Li et al. [46] analyzed
China’s attention towards the SDGs in the Government
Work Reports between 2010 and 2020. To define different
explanatory variables used with econometric empirical mod-
els, among the rest, the authors combined SDG-related word
and phrase frequency analysis, TF-IDF weighting, cosine-
based text similarity. Strelkovskii and Komendantova [47]
used the SDG Mapper tool [48] to find SDG mentions in
66 national hydrogen strategies, quantify the frequencies
of SDG-related keywords, and visualize them. The SDG
Mapper [48] relied on SDG and target-related keywords
defined by text mining and domain experts, followed by
a keyword matching procedure to identify them in text.
Raman et al. [49] performed a variety of SDG-related
analyses of Twitter posts. The analyses included termweight-
ing using TF-IDF, topic modeling with Latent Dirichlet
Allocation, and fine-tuning a pre-trained BERT model to
classify tweets to SDGs which achieves an overall F1
score of 0.82. The fine-tuning and evaluation datasets were
sampled from a dataset consisting of around 57,843 tweets.
Morales-Hernández [50] compared the performance of
multi-label classification models in classifying research
articles to the SDGs. The Dimensions database of research
articles labeled with SDGs was used for training and
evaluation. For the period between 2015 and 2021, 180,852
articles from organic agriculture were selected and repre-
sented through their title and abstract. Naive Bayes, Logistic
Regression, Support Vector Machines, and Random Forest
classifiers were compared. Nedungadi et al. [51] analyzed
research articles between 2013 and 2024 using BERTopic
modeling to detect the influence of big data and AI on the
SDGs. The titles and abstracts of 1,288 articles labeled with
SDGs from the Dimensions database were used. The topics
and their representative keywords were identified.

To visually present the topics prevalent in the related
articles, we analyzed the co-occurrence of keywords in
their abstracts with VOSviewer software [52] (configuration
details given in Appendix B). The results are presented using
a keyword co-occurrence network (Figure 1) and keyword
density visualization (Figure 2). Figure 1 illustrates the
keyword (node) clusters and keyword links. The clusters have
different colors. The thickness of the link corresponds to
the strength of the connection between the two keywords,
i.e., the frequency of their simultaneous appearance in the
abstracts. The size of the nodes reflects the number of
abstracts in which they appear. The most common keyword
is ‘‘SDG’’ (including all its synonyms), but other common
keywords are ‘‘target’’, ‘‘research’’, ‘‘progress’’, ‘‘text’’, and
‘‘data’’. The green cluster (in general) refers to the areas
of sustainable development covered by the articles, where
in addition to keywords such as ‘‘progress’’, ‘‘integration’’,
and ‘‘gap’’, ‘‘climate action’’, ‘‘health’’, ‘‘clean energy’’,
‘‘water’’ are also common, among the rest. The red and
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FIGURE 1. Keyword co-occurrence network created from the abstracts of the articles referenced in Section II-B. Created with the
VOSviewer software [52].

purple clusters are mainly composed of methodology-related
keywords. The first contains common keywords such as
‘‘text’’, ‘‘document’’, ‘‘model’’, ‘‘task’’, ‘‘machine learning,
‘‘classification’’, as well as such specific to those fields like
‘‘performance’’, ‘‘keyword’’, ‘‘BERT’’, and ‘‘TF-IDF’’. The
second contains key-phrases like ‘‘large language model’’,
‘‘language model’’ and their relevant performance-related
attributes (e.g., ‘‘accuracy’’, ‘‘capability’’). Keywords such
as ‘‘transparency’’, ‘‘cost’’, and ‘‘complexity’’ appear near
‘‘large language model’’ and ‘‘artificial intelligence’’ as
well. While the generic keyword ‘‘document’’ is the most
prevalent, specific types of documents are also mentioned
(e.g., ‘‘report’’ and ‘‘policy’’). Figure 2 illustrates the density
of different parts of the network. It brings additional clarity,
as it displays certain keywords that do not appear in Figure 1
due to space limitations.

In the remainder of this section we discuss the identified
gaps in the related work which our method tries to fill
from three aspects, i.e., (1) target classes in the text
classification - SDGs and/or targets, (2) text on which the
methods were evaluated, and (3) comparison of state-of-
the-art NLP methods. First, most of the related methods
for text classification to SDGs and/or targets [24], [25],
[27], [34], [35], [36], [37], [42], [44], [45], [50] only allow
classification to the 17 SDGs, not addressing the more
challenging problem of text classification to the 169 targets,
a gap we tried to fill with our paper (in the context of

indicator descriptions). Only one related paper [26] classifies
text to both SDGs and targets, but it differs from our
work methodologically (they use a more conventional NLP
approach) and in its objective (general text classification
vs. classification of indicator descriptions). Therefore, the
performance of their method in multi-class and multi-
label indicator description classification should be evaluated
additionally. Second, while many related papers address the
problem of general text classification to SDGs/targets, only
few are specifically evaluated in classification of indicator
descriptions [24], [25]. Compared to the work of [24], our
method is mainly a representation learning method that can
be used for non-parametric classification of both SDGs and
targets at the same time, while capturing the relatedness
between the SDGs. Additionally, our work was evaluated on
a larger indicator set, offered comparison of a larger number
of sentence encoders from several categories, proposed a
slightly more complex fine-tuning dataset creation process
(in our opinion), and offered a more thorough post-hoc
analysis of the results. The method presented by [25] does
not allow indicator classification to targets as our method
does, is limited to Japanese input text, and focuses mainly
on the problem of SDG interlink detection. Third, while
several related papers use language models [24], [25],
[29], [34], [37], [42], [45], large language models [24],
[30], [44] and sentence encoders [27] for text classification
to SDGs/targets, a comprehensive benchmarking of the
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FIGURE 2. Keyword density visualization created from the abstracts of the articles referenced in Section II-B. Created with the VOSviewer software [52].

strengths and weaknesses of such models in associating
indicators with SDGs and targets is lacking and is more
than required. In this paper, we contributed in filling that
gap in the context of sentence encoders. This paper further
extends the work presented in [53] by adding preliminary
similarity-based comparison of the fine-tuning and test
datasets (described in Sections III-B and V-A) and adding
four new real-world indicator test datasets in the testing
phase (test datasets 2-5, described in Section IV-A2). As a
result, this paper significantly extends the test result analysis
(SectionV-C) and the discussion of research questions 2 and 3
(Section VI), compared to [53].

III. METHOD
A. OVERVIEW
The model-agnostic Embed4SD framework for associating
indicators with SDGs and targets based on their textual
descriptions is illustrated in Figure 3. It formulates the
solution to the problem as text classification, first by
representing SDG, target, and indicator descriptions in a
common vector space using a shared sentence encoder, then
by classifying the indicator into one or multiple classes
(SDGs or targets depending on the task being solved)
using a classification algorithm. The framework development
involved three phases briefly described below.

The first phase involved creation of custom fine-tuning/test
datasets, preliminary analysis of those datasets, and bench-
marking pre-trained general-purpose sentence encoders on
domain-specific validation tasks formulated as (1)multi-class
classification of indicator descriptions to one of the 17 SDGs
they are the most associated with (abbreviated as MC-
IND-SDG) and (2) multi-class classification of indicator
descriptions to one of the 169 targets they are the most
associated with (MC-IND-TRG), i.e., the two main tasks of
interest. Based on the encoders’ average performance on the
validation tasks, those with the highest performance were
selected for further domain-specific fine-tuning.

In the second phase, the selected sentence encoders were
fine-tuned on domain-specific tasks. The fine-tuning was
done on one task at a time, selected from a set of fine-tuning
tasks formulated as amulti-class classification of short textual
descriptions to the SDGs (abbreviated as FT-SDG) or targets
(abbreviated as FT-TRG) they describe. The fine-tuning used
contrastive representation learning with the triplet network
architecture [54]. The fine-tuned sentence encoders (in
combination with a classifier) were evaluated on two main
test tasks similar to the validation tasks, as well as on two
auxiliary tasks formulated as (1) multi-label classification
of indicators to associated SDGs (ML-IND-SDG) and (2)
multi-label classification of each SDG to related SDGs
(ML-SDG-SDG). The auxiliary tasks were not seen during
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FIGURE 3. Conceptual diagram of the main components and their interactions through different development phases of the Embed4SD framework.

encoder fine-tuning and validation. Therefore, with a small
modification of the classifier to allow it to do multi-label
classification, in a zero-shot learning manner, we evaluated
if the fine-tuned encoders had learned the mutual relations
between the SDGs from the textual fine-tuning data, even
though they had not been explicitly given such information in
the fine-tuning process. In the testing, different indicator sets
used at the national, regional, or local level of governance
were used with each test task, as applicable. To have a
baseline against which to measure the improvement after
fine-tuning, the selected encoders were evaluated on the test
tasks and indicator sets prior to their fine-tuning.

The third phase involved post-hoc analysis of the test
results with xAI methods, to better understand the factors that
influenced them and gain insights for future improvements of
the framework. The remainder of this section describes the
generic aspects of the framework, while Section IV describes
the specific experimental choices.

B. DATASET CREATION PROCESS, PRELIMINARY
ANALYSIS AND ENCODER BASELINE BENCHMARKING
The datasets used to fine-tune the sentence encoders con-
sisted of short textual excerpts describing the SDGs and
targets from various aspects (e.g., their main aim, definitions
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FIGURE 4. Flowchart of the fine-tuning dataset creation process.

of related concepts, statistical data, related challenges, related
organizations). All excerpts were labeled with the SDG they
describe, while those describing a particular target were
labeled with both the SDG and the target label. The excerpts
were also labeled with the specific aspect of the SDG they
described. An initial dataset was created and used to sample
several fine-tuning datasets using different stratified sampling
strategies. The main idea was to analyze how the fine-tuning
dataset size and structure impacted the results (experimental
setup described in Section IV-A1). The fine-tuning dataset
creation process is illustrated in Figure 4.

The validation and test datasets consisted of indicators
taken from indicator frameworks used at the national,
regional, or local level of governance, labeled with one
or multiple SDGs and targets they were associated with
(depending on the ground truth labels available in the
indicator frameworks themselves). Two variations of the test
dataset were created from each indicator framework, differing
in the length of the text used to represent the indicators
(experimental setup described in Section IV-A2). The process
of creating the validation and test datasets is illustrated in
Figure 5.
To get apriori insights in the content of the datasets

and eliminate potential biases of the proposed method,
prior to their use, all test set variations were subjected to
similarity-based comparison with the fine-tuning examples in

FIGURE 5. Flowchart of the validation and test dataset creation process.

a completely different vector space than the ones produced
by the benchmarked sentence encoders. All fine-tuning
examples from the fine-tuning datasets were represented
as vectors using the bag-of-words method and TF-IDF
weighting. Using the same model fitted on the fine-tuning
vocabulary, all descriptions of test examples were embedded
in the same vector space and compared with all fine-tuning
examples through cosine similarity. For each description of
a test indicator, only the highest cosine similarity score was
retained. The summary statistics of those similarity scores
was then calculated by test set to see if there are test examples
that are very similar to the fine-tuning examples (indicating
that test examples appear in our fine-tuning sets). In our
future work, we plan to compare the datasets in larger number
of different vector spaces, produced by other pre-trained
sentence encoders. The similarity-based comparison process
is illustrated in Figure 6.
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FIGURE 6. Flowchart of the similarity-based comparison of fine-tuning
and test examples. The fine-tuning dataset creation is shown in Figure 4.

The baseline benchmarking of the pre-trained general-
purpose sentence encoders (their pre-training is outside
the scope of this article) was done on the two validation
tasks MC-IND-SDG and MC-IND-TRG. Although the use
of language models based on DL, which capture general
language characteristics (e.g., [55], [56], [57]), is a common
practice today when it comes to solving NLP tasks (mainly
through the concept of transfer learning), suchmodels usually
do not output ready-to-use sentence embeddings but require
domain-specific fine-tuning. Pre-trained sentence encoders
(e.g., [58], [59], [60]) usually fine-tune such language mod-
els (mainly through contrastive representation learning) to
output meaningful sentence embeddings for straightforward
sentence comparison using a distance metric. Therefore, such
encoders allow for their easy clustering or classification with

FIGURE 7. Flowchart of a sentence encoder benchmarking on all
validation tasks/configurations. For validation set creation, see Figure 5.

non-parametric algorithms, which was the main reason for
our experimentationwith that type of languagemodels. Based
on the encoders’ average performance on the validation tasks,
those with the highest performance were selected for further
domain-specific fine-tuning. The process is illustrated in
Figure 7.
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C. SENTENCE ENCODER FINE-TUNING, VALIDATION, AND
TESTING
The goal of the fine-tuning process was the adjustment of the
pre-trained sentence encoder parameters to achieve improved
results on the main and auxiliary test tasks over their baseline
results. In each domain-specific fine-tuning task (either FT-
SDG or FT-TRG), N represents the number of classes to
which the examples were classified, while K represents the
approximate number of examples by class in the fine-tuning
set (several different values were evaluated in the experiments
described in Section IV-A1). Each fine-tuning task was
represented through its fine-tuning set of m examples, DFT ,
its distance metric measuring the distance between the
embeddings of two examples in the target representation
space, d(z(i), z(j)), and its objective function used to optimize
the sentence encoder parameters, J (θ ). Each fine-tuning
example was a pair (t (i), y(i)) ∈ DFT , i = {1, . . . ,m} of short
text describing an SDG or target, labeled with either the SDG
or the target it describes, depending on the task. The text t (i)

had an initial representation x(i) belonging to a representation
spaceRs, while the sentence encoder implemented a function
f : Rs

→ Rv parameterized by a parameter vector θ with
the purpose of projecting the initial representation x(i) to a
new and more dense representation z(i) = f (x(i)), belonging
to a representation space Rv, where usually v ≪ s. The
learning process optimized the parameter vector θ so that
the representation z(i) was useful for the validation and test
tasks. In this article we use a vector notation for the label,
y(i), to represent its 1-of-N encoding.
We used the triplet network architecture, where triplets

((t (a), y(a)), (t (p), y(p)), (t (n), y(n))) were formed from
fine-tuning examples and used to optimize the parameter
vector θ . Each triplet had an anchor example a, a positive
example p (p ̸= a) that was related to the anchor in some
human-defined way (sharing the same class in this case,
y(a) = y(p)), and a negative example n (n ̸= a) that was
unrelated to the anchor (having a different class than the
anchor in this case, y(a) ̸= y(n)). Therefore, the objective of
the learning process was to bring the projected embeddings
of the anchor and the positive example closer in the target
representation space Rv for at least a margin α than the
anchor and the negative example, i.e., (d(z(a), z(n)) −

d(z(a), z(p))) > α. The three embeddings were combined in
the triplet loss function [61], with the purpose of increasing
the distance between the anchor and the negative example for
a margin α, compared to the distance between the anchor and
the positive example.

In the triplet network architecture, the set of all valid
triplets is task-dependent. Although the number of valid
triplets may be very large, not all triplets contribute to
parameter improvements during training [61]. Instead of
using all valid triplets, the hard triplet mining strategy forms
a triplet for an anchor by searching for its most distant
positive example and its closest negative example, but these
hard triplets may sometimes lead to fast convergence to
local minima [61]. In this work, we used the batch hard

triplet loss [62], which mines the hardest positive and hardest
negative examples in a mini-batch for each anchor based on
a pre-specified margin α, as given in Eq. 1. For a specific
anchor a, the hardest positive example p in a mini-batch
(p ̸= a) was the one belonging to the same class as the anchor
(y(a) = y(p)) and having the largest distance from the anchor
(d(z(a), z(p))) in the target vector space. The hardest negative
example n in a mini-batch (n ̸= a) was the one belonging to
a different class than the anchor (y(a) ̸= y(n)) and having the
smallest distance from the anchor (d(z(a), z(n))) in the target
vector space. The loss function included only those anchors
for which the difference between the two distances exceeded
the predefined margin α, i.e., resulted in a positive value. The
distance metric of choice was the angular distance, defined in
Eq. 2 and based on the well-known cosine similarity.
During validation and testing, we used the fine-tuned

sentence encoders as feature extractors and combined them
with a classification algorithm. The validation and test tasks
were represented through a training set DTR, a validation
DVL or test DTS set, accordingly, a distance metric in the
target representation space d(z(i), z(j)), and a performance
metric p(y(i), ŷ(i)). Within each validation and test task
(MC-IND-SDG, MC-IND-TRG, ML-IND-SDG, and ML-
SDG-SDG) different experimental settings were evaluated,
differing in the approximate number of training examples
by class (approximate K), as described in Section IV-B. The
fine-tuning process of a single sentence encoder is illustrated
in Figure 8.

J (θ ) =
64∑
a=1

[ max
p=1..64
a̸=p

y(a)=y(p)

d(z(a), z(p))

− min
n=1..64
a̸=n

y(a) ̸=y(n)

d(z(a), z(n))+ α]+ (1)

d(z(a), z(p)) = 1−
z(a)z(p)

||z(a)||||z(p)||
, d(z(a), z(p)) ∈ [0, 2] (2)

D. POST-HOC ANALYSIS
To better understand the factors that influenced the evaluation
results, we first tried to identify as many of them as possible
and then analyzed their influence on the results usingmethods
from xAI. These included the various decisions we made
during the fine-tuning and testing processes. The idea was
simple, i.e., all factors of interest were represented as input
features to a meta-model, i.e., linear regression, which was
then trained to predict the performance by SDG that was
actually achieved by our fine-tuned sentence encoders and
classifier on the test sets. The training set on which the
linear regression was trained consisted of all the different
fine-tuning and testing configurations, described through the
mentioned factors. The contribution of each feature to the
prediction made by the linear regression model for each
individual training example was then calculated with the
Shapley Additive Explanations (SHAP) method [63]. The
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FIGURE 8. Flowchart of the fine-tuning process of a sentence encoder on
the task FT-SDG, K=14. The process is the same for all fine-tuning tasks.
The fine-tuning dataset creation is shown in Figure 4. The calculation of
the average validation accuracy follows the process shown in Figure 7.

method is based on concepts from coalition games theory and
explains feature attributions to the predictions made by an
ML model for individual examples [64]. When calculating
the SHAP values for each example, we wanted the algorithm
to take into consideration the feature correlation and spread
the credit between correlated features, as explained in [64].
The process is illustrated in Figure 9.

IV. EXPERIMENTAL DESIGN
A. DATASET CREATION PROCESS, PRELIMINARY
ANALYSIS AND ENCODER BASELINE BENCHMARKING
1) FINE-TUNING DATASET CREATION PROCESS
The datasets used to fine-tune the sentence encoders
were sampled from a custom-created dataset consisting
of 1,815 text excerpts of similar length, extracted from

FIGURE 9. Flowchart of the post-hoc analysis.

18 English-languageWikipedia articles devoted to the SDGs.
Each excerpt was labeled with the SDG and target (where
applicable) it described, based on the article section it
was extracted from. Those articles were (1) the article
titled ‘‘Sustainable Development Goals’’, providing a brief
description of all 17 SDGs, and (2) the articles dedicated to
each of the 17 SDGs, the first called ‘‘general’’ article and the
second ‘‘SDG-specific’’ articles in the sections that follow.
For the exact article URLs and revision IDs see Appendix C.
The text of the 18 Wikipedia articles, downloaded in XML
format, was subjected to custom pre-processing consisting
of four steps, i.e., (1) text extraction, (2) text cleaning,
(3) sentence extraction, and (4) text excerpt extraction,
as illustrated in Figure 10. The pre-processing was followed
by a fifth step, i.e., a process of stratified sampling of
the fine-tuning datasets from the 1,815 similar-length text
excerpts. For an illustration of the process, see Figure 4.
Step 1: Text Extraction. A selected set of article sections

was extracted from the XML files and cleaned from HTML
and Wikipedia-specific XML markup. From the general
article, the sections devoted to each SDG were extracted
and labeled with the SDG they referred to. From the SDG-
specific articles, the lead section and the sections with titles
containing a selected set of phrases were extracted (see the
GitHub repository) and labeled with the SDG the article
referred to. From the section devoted to the targets of an SDG,
each subsection devoted to a specific target was extracted and
labeled with both the SDG and the target it referred to.

Step 2: Text Cleaning. The text extracted in the previous
phase was subjected to cleaning consisting of four steps
illustrated in Figure 10. The purpose of the indicator title
removal step was to find all mentions of SDG indicator titles
in the text and remove them, as these titles were part of

VOLUME 13, 2025 141445



A. Gjorgjevikj et al.: Benchmarking Sentence Encoders in Associating Indicators With SDGs and Targets

FIGURE 10. Flowchart of the pre-processing of 18 Wikipedia articles to extract candidate examples for fine-tuning datasets.

the test set. It was done by searching for common patterns,
determined with prior text analysis, and their replacement
with general phrases, such as ‘‘indicator’’, ‘‘the indicator’’
and similar. The second step removed mentions of SDG,
target, and indicator labels from the text. Each mention of
an SDG, a target, or an indicator label was replaced with
a generic phrase, such as ‘‘the goal’’, ‘‘the target’’, ‘‘the
indicator’’, or their variation, depending on the sentence
context. The general cleaning removed general patterns such
as list item letters or numbers from the text. The common
phrase removal step removed a small set of very common
phrases from the text, which did not appear as separate
sentences to be filtered by the sentence filtering in the next
phase. They could have negatively affected the learning
process by making the excerpts that contained them appear
similar, even when this was not the case.

Step 3: Sentence Extraction. In the sentence extraction
phase, all paragraphs in each section were divided into their
constituting sentences. The purpose was to remove common
sentences that did not contribute to distinguishing the SDG or
target descriptions from each other. These sentences shared
common terminology, therefore, a simple bag-of-words
method with TF-IDF weighing was used to represent each
sentence in a common vector space. The minimum document
(sentence in this particular case) frequency was set to
min_df=10 documents. Only single words were weighted by
the method after removing the stop words. The vectors were
then clustered using the Density-Based Spatial Clustering
of Applications with Noise (DBSCAN) algorithm [65], with
ϵ = 0.3 and min_samples=10, to identify large clusters of
similar sentences. The sentences that were retained for further
processing were those labeled as outliers by the algorithm
(more than 96% of the total number of sentences). Cosine
similarity was used as a similarity metric, and the clustering

FIGURE 11. Distribution by SDG of all extracted excerpts labeled with
SDG label only and the examples sampled for each of the two FT-SDG
fine-tuning sets.

hyperparameters were selected experimentally. Since the
distribution of the number of retained sentences by SDG and
target was highly imbalanced, with significant variations in
their length, combining them into text excerpts of comparable
length was needed. For clarity, Algorithm 1 summarizes the
sentence extraction process in a simplified form (less relevant
configuration parameters are omitted).

Step 4: Text Excerpt Extraction. After the sentence
extraction phase, the sentences were concatenated into
short excerpts. The exact order in which the sentences
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Algorithm 1 Simplified Version of the Sentence Extraction Algorithm (less Relevant Configuration Parameters Are omitted).
The Implementation Uses the Scikit-Learn Library (abbreviated as sklearn) and Python Built-in Regular Expression Library
(re). The Variable sdg Refers to the SDG Number Described in the Paragraph, trg to the Target Number (if any), sec Refers to
the Title of the Section FromWhich the ParagraphWas Extracted, and par to the Paragraph Text. For the Exact Implementation,
See the GitHub Repository [13]
1: all_sentences← [] /* all sentences in dataset */
2: paragraph_sentences← [] /* sentences by paragraph */
3: filtered_paragraphs← [] /* OUTPUT: paragraphs with common sentences filtered out */
4: paragraphs← [(sdg(1), trg(1), sec(1), par(1)), . . . , (sdg(k), trg(k), sec(k), par(k))], sdg ∈ {1, .., 17}, trg ∈ {1, .., 169}
5: vectorizer← sklearn.TfidfVectorizer(ngram_range=(1, 1), min_df=10, stop_words=’english’)
6: dbscan← sklearn.DBSCAN(eps=0.3, min_samples=10, metric=’cosine’)
7: for (sdg, trg, sec, par) in paragraphs do
8: sentences← re.split(r’. |? |! |;; ’, par) /* split paragraph to sentences */
9: all_sentences.add(sentences)

10: paragraph_sentences.add((sdg, trg, sec, par, sentences))
11: end for
12: tf_idf_vectors← vectorizer.fit_transform(all_sentences).toarray() /* vectorize sentences */
13: clusters← dbscan.fit(tf_idf_vectors) /* cluster sentence vectors */
14: start_index← 0
15: for (sdg, trg, sec, par, sentences) in paragraph_sentences do
16: retained_sentences← []
17: span← len(sentences)
18: end_index← start_index + span
19: current_clusters = clusters[start_index:end_index] /* get labels for sentences in current paragraph */
20: for (sentence, cluster) in zip(sentences, current_clusters) do /* DBSCAN outliers are labeled with -1 */
21: if cluster = -1 then
22: retained_sentences.add(sentence) /* if the sentence is an outlier, retain it */
23: end if
24: end for
25: start_index← end_index
26: filtered_paragraphs.add((sdg, trg, sec, par, retained_sentences))
27: end for

appeared in the original text and the paragraph breaks were
preserved during concatenation, while trying to achieve an
approximate value of 30(±10) words per excerpt. Those
excerpts with less than 5 and more than 55 words were
filtered out. In such a way, sufficient context was captured
in the excerpts while keeping their number of words similar.
Each excerpt was labeled with the SDG and target labels
of the section it was extracted from (see Text Extraction
phase).

Step 5: Stratified Sampling of Fine-Tuning Datasets.
Four different fine-tuning datasets were sampled from the
extracted dataset using stratified sampling strategies. In each
fine-tuning set, based on the task (FT-SDG or FT-TRG),
the number of classes N corresponded to either the number
of SDGs (N=17) or the number of targets (N=169).
We experimented with the number of examples by class
K, to see if a larger number of examples by class in
the fine-tuning set improved the performance or, on the
contrary, made it worse. We hypothesized that in FT-SDG,
the examples extracted from themore general article sections,
e.g., the sections of the general SDG article or lead section
of the SDG-specific articles, would actually result in a less

noisy fine-tuning set and, consequently, sentence encoder that
would perform better on the test tasks. That also applied
to FT-TRG, where we hypothesized again that extracting
examples from the first sentences/paragraphs describing each
target was better. Therefore, in the two FT-SDG datasets,
K was selected according to the mean and maximum number
of excerpts by SDG, extracted from the general article and
the SDG-specific article lead sections, i.e., K=14 in the
first and K=22 in the second. The first fine-tuning set
(K=14) was composed mainly of textual excerpts extracted
from (1) the general article, (2) the lead section, and (3)
the ‘‘background’’ section of the SDG-specific articles.
The second fine-tuning set (K=22) extended the first with
excerpts from the remaining sections of the SDG-specific
article. In FT-TRG, Kwas selected according to the mean and
maximum number of examples extracted by target, i.e., K=6
in the first task and K=17 in the second. The examples were
those extracted from the section that described the targets
in the SDG-specific articles. The distribution of fine-tuning
examples by SDG and target in each of the four fine-tuning
sets is illustrated in Figure 11 and Figure 12, while the
distribution of examples by Wikipedia article section and
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SDG in the two FT-SDG fine-tuning sets is illustrated in
Figure 13 and Figure 14.

FIGURE 12. Distribution by target of all extracted excerpts labeled with
target label and examples in the two FT-TRG fine-tuning sets. The overlap
of the two lines indicates that the second fine-tuning set (K=17) includes
all extracted excerpts.

FIGURE 13. Distribution by SDG and Wikipedia article section of the
examples in the FT-SDG fine-tuning set N=17, K=14.

2) VALIDATION AND TEST DATASET CREATION PROCESS
Due to the lack of ready-to-use datasets for validation/testing
of the proposed framework, we had to adjust several
existing indicator frameworks for their use in our main and

FIGURE 14. Distribution by SDG and Wikipedia article section of the
examples in the FT-SDG fine-tuning set N=17, K=22.

auxiliary validation/test tasks. The validation set consisted
of indicators sampled from the Global indicator framework
of the 2030 Agenda, labeled with SDGs and targets. Five
indicator test sets were created from (1) the Global indicator
framework of the 2030 Agenda (validation/test dataset 1), (2)
the EUROSTAT’s EU SDG indicators (test dataset 2), (3) the
World Bank’s World Development Indicators (test dataset 3,
also abbreviated as ‘‘WDI SDG’’ indicators in the remaining
text), (4) indicators presented in the European Handbook
for SDG VLRs (test dataset 4, also abbreviated as ‘‘EU
Local SDG’’ indicators), and (5) the initial set of European
regional SDG indicators (test dataset 5, also abbreviated
as ‘‘EU Regional SDG’’ indicators). While the indicators
from the Global indicator framework of the 2030 Agenda
(validation/test dataset 1) and EU Regional SDG indicators
were represented only through their titles, two variations were
created from the other three test sets. In the first, the indicators
were represented through their titles, and in the second,
through the indicator title concatenated as a first sentence
with an excerpt from the indicator definition containing
approximately 30(±10) words. The content and order of the
sentences was preserved. The indicators were labeled with
one SDG, multiple SDGs, or one target depending on the
information available in the data source. Consequently, they
were used only in the appropriate main or auxiliary test
tasks. A custom sixth dataset for the ML-SDG-SDG task was
created as well. For an illustration of the process, see Figure 5.
Validation/Test Dataset 1: Global Indicator Frame-

work of the 2030 Agenda. The validation and test set 1 were
sampled from the global indicators of the 2030 Agenda.
The refinement in March 2021 was used, consisting of
247 indicators, including the repeating ones. Each indicator
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was represented by its title and labeled with the SDG and
target it monitored. The repeating indicators were labeled
with the multiple SDGs and targets they monitored. In the
multi-class classification validation/testing tasks, a prediction
that matched any of those multiple labels was considered
a correct prediction. The validation-test set ratio was
25%-75%. To ensure representative sets, two criteria were
taken into consideration in the stratified sampling, i.e., (1) the
SDGs which the indicators measure, and (2) their titles’ word
count. Based on word count, the indicators under each SDG
were divided into three categories, i.e., (1) less than 10 words,
(2) between 10 and 20 words, (3) more than 20 words. This
division worked fine for most of the SDGs, but for several
SDGs, one of the categories contained only one example,
so a representative split was impossible. For those SDGs,
the indicators were divided into two categories, i.e., (1) less
than 15 words and (2) more than 15 words. Finally, based
on this categorization, the indicators in the validation and
test set were sampled. For the multi-label classification of an
indicator to SDGs, the test set examples were sampled in the
same way, but only those indicators that belonged to multiple
different classes (repeating indicators that monitoredmultiple
different SDGs) were retained.

Test Dataset 2: EU SDG Indicator Set. As a second
source of test indicators, the EU SDG indicator set consisting
of 100 indicators was used (the version from 20234).
Indicator title and definition given in the Monitoring report
on the progress towards the SDGs in an EU context,
2023 edition [17], were used. The single or multiple SDGs
(for multi-purpose indicators), which the indicators monitor,
were used as labels in the test tasks (1) MC-IND-SDG and
(2) ML-IND-SDG.

Test Dataset 3: WDI SDG Indicator Set. WDI are the
World Bank’s collection of indicators that monitor different
economies on global development. A set of 408 indicators,
classified under an SDG and a target, was downloaded from
the World Bank’s data portal.5 The indicators available under
license other than CC-BY, as well as those that were not
classified under a specific SDG and target in the data source,
were excluded from the dataset, which resulted in a set of
368 indicators. The title and long description taken from
the indicator metadata were used as a source of text. The
indicators were used in the test tasks (1) MC-IND-SDG and
(2) MC-IND-TRG.

Test Dataset 4: EU Local SDG Indicator Set. Test
indicator set 4 consists of 72 indicators presented in the
European Handbook for SDG Voluntary Local Reviews,
2022 Edition [10]. The title and definition of the indicators
given in the document were prepared as described at the
beginning of this section. The multiple SDG and target each
indicator belongs to were used as labels, therefore, the two
variations of this test set were used in (1) MC-IND-SDG,

4https://ec.europa.eu/eurostat/web/sdi/information-data
5https://databank.worldbank.org/source/sustainable-development-goals-

(sdgs)

(2) MC-IND-TRG, and (3) ML-IND-SDG (only those
indicators labeled with multiple SDGs).

Test Dataset 5: EURegional SDG Indicator Set. The test
indicator set 5 consists of the initial 83 European regional
SDG indicators of the project REGIONS2030 [20]. Only the
title of the indicators was available in the document, so this
indicator set had one representation only. The SDG and target
each indicator belonged to were used as labels, therefore, this
test set was used in (1)MC-IND-SDG and (2)MC-IND-TRG.

Test Dataset 6: SDG Relatedness Dataset. For the
multi-label classification of an SDG to multiple related SDGs
(ML-SDG-SDG), the test set consisted of the titles of SDGs
1 to 16, labeled with the SDGs they link to. That information
was extracted from the section ’’Links to other SDGs’’ of each
SDG-specific Wikipedia article. All mentioned SDGs were
considered as linked to the SDG the article referred to. SDG
17 was not included, as it was related to all other SDGs.

3) SENTENCE ENCODER BASELINE BENCHMARKING
Twelve state-of-the-art sentence encoders at the time
of writing, belonging to four diverse categories, were
compared on the validation tasks, of which the ones
with the highest average accuracy over all validation
task experimental configurations were selected for fur-
ther fine-tuning. The first three were variations of the
Universal Sentence Encoder (USE), i.e., the standard
model based on the Transformer architecture [66] (USE-
TRANSFORMER,6 v = 512) and two multilingual
models [67], of which the first based on a convolutional
neural network (USE-MILTILINGUAL-CONVOLUTION,7

v = 512) and the second on the Transformer architecture
(USE-MILTILINGUAL-TRANSFORMER,8 v = 512). The
second group included the Sentence BERT (SBERT) models.
The original models [58] were based on pre-trained BERT
andRoBERTamodels, fine-tuned through Siamese and triplet
network architectures. The sentence encoder based on the
BERT base architecture (SBERT-BERT-BASE,9 v = 768)
was used in this article. On the SBERT website,10 the authors
pointed to a new set of fine-tuned sentence encoders that
had outperformed original SBERT encoders. Four that have
the highest performance, as reported on that website,11 were
used, (1) fine-tuned MiniLM [68] model with 6 hidden
layers (SBERT-MINILM-L6,12 v = 384), (2) fine-tuned
MiniLM model with 12 hidden layers (SBERT-MINILM-
L12,13 v = 384), (3) fine-tuned DistilRoBERTa [69]
model (SBERT-DISTILROBERTA,14 v = 768), and

6https://tfhub.dev/google/universal-sentence-encoder-large/5
7https://tfhub.dev/google/universal-sentence-encoder-multilingual/3
8https://tfhub.dev/google/universal-sentence-encoder-multilingual-

large/3
9https://huggingface.co/sentence-transformers/bert-base-nli-stsb-mean-

tokens
10https://www.sbert.net/
11https://www.sbert.net/docs/pretrained_models.html
12https://huggingface.co/sentence-transformers/all-MiniLM-L6-v2
13https://huggingface.co/sentence-transformers/all-MiniLM-L12-v2
14https://huggingface.co/sentence-transformers/all-distilroberta-v1

VOLUME 13, 2025 141449



A. Gjorgjevikj et al.: Benchmarking Sentence Encoders in Associating Indicators With SDGs and Targets

(4) fine-tuned MPNET [70] model (SBERT-MPNET-
BASE,15 v = 768). The third group of encoders included
those based on the Simple contrastive sentence embedding
framework (SimCSE) [59], which fine-tuned pre-trained
BERT and RoBERTa models through contrastive learning
in unsupervised and supervised settings. BERT base model
fine-tuned in both settings was used (SIMCSE-UNSUP-
BERT-BASE16 and SIMCSE-SUP-BERT-BASE,17 v =

768). The final group included the Sentence T5 (ST5)
models [60] - fine-tuned T5 models through contrastive
learning, optimized for sentence encoding. Two models
were used (ST5-BASE18 and ST5-LARGE,19 v = 768).
As new sentence encoders are constantly being proposed in
the literature, the selected set is not exhaustive and will be
expanded in our future work.

B. SENTENCE ENCODER FINE-TUNING, VALIDATION, AND
TESTING
At each fine-tuning iteration, the examples in a mini-batch
of size 64 were sampled using a stratified sampling strategy,
which ensured a balanced distribution across the 17 SDGs
in the mini-batch, i.e., 3-4 randomly selected examples by
SDG. The SDGs that have either 3 or 4 examples were also
randomly sampled. The same strategy was used for both fine-
tuning tasks. The Adam optimization algorithm was used to
fine-tune the network, with a learning rate η = 2e − 5,
β1 = 0.9, β2 = 0.999, ϵ = 1e − 8. The margin α was set
to 0.4 in the first fine-tuning task (FT-SDG) while 0.2 in the
second (FT-TRG).

For each pre-trained sentence encoder selected for fur-
ther fine-tuning, there was one baseline checkpoint, and
20 checkpoints fine-tuned on each of the four fine-tuning
datasets and five random seeds. Early stopping was used
as a regularization strategy. Validation tasks were used to
evaluate the checkpoint parameters after each 5 consecutive
fine-tuning iterations, and the average performance on all
validation experimental settings (described in Table 1) was
calculated. The model was fine-tuned on each task for
20 iterations and the checkpoint with the highest average
validation accuracy was selected. The process is illustrated
in Figure 8.
During the validation and testing, we were using the

fine-tuned sentence encoders as feature extractors and
combined them with a non-parametric learning algorithm k
Nearest Neighbors (kNN). Within tasks MC-IND-SDG, ML-
IND-SDG, and ML-SDG-SDG, four different experimental
settings were defined, differing in the approximate number
of training examples by class (approximate K). In task
MC-IND-TRG, two different experimental settings were
defined, again differing in the approximate K. Six validation

15https://huggingface.co/sentence-transformers/all-mpnet-base-v2
16https://huggingface.co/princeton-nlp/unsup-simcse-bert-base-uncased
17https://huggingface.co/princeton-nlp/sup-simcse-bert-base-uncased
18https://tfhub.dev/google/sentence-t5/st5-base/1
19https://tfhub.dev/google/sentence-t5/st5-large/1

experimental settings in total were defined and 14 test
experimental settings. Table 1 gives the details on each.

The training sets DTR of the validation and test tasks were
created from those used in fine-tuning. In tasks MC-IND-
SDG, ML-IND-SDG, and ML-SDG-SDG, combinations of
examples from the fine-tuning sets were created. If Sl, l =
{1, . . . , 17}, is the set of all targets under SDG l, with
cardinality n(Sl), then the approximate number of examples
for SDG l in the combined training sets would be K ∈
{14 + n(Sl) ∗ 6, 14 + n(Sl) ∗ 17, 22 + n(Sl) ∗ 6, 22 +
n(Sl)∗17}. In ML-SDG-SDG, while the ‘‘training’’ examples
were initially sampled in the same manner, the actual training
set used by the kNN classifier consisted of the centroids of
the ‘‘training’’ examples by class, i.e., one training example
by class. These centroids, one per class, were then used to
classify the titles of the first 16 SDGs in 16 classes, excluding
SDG 17.

During validation and testing, the parameters of the
sentence encoder were fixed and it was only used to output
embeddings of the training and validation DVL (test DTS ) set
examples. The training set embeddings and labels were used
by the kNN classifier to predict the validation (test) examples
classes based on a weighted sum of their k nearest neighbors’
labels (subset of k examples represented as D(i)

TR ⊂ DTR),
as givenwith Eq. 3. InMC-IND-SDG andMC-IND-TRG, the
performancemetric was the accuracy, while inML-IND-SDG
and ML-SDG-SDG the Normalized Discounted Cumulative
Gain (NDCG) where the predictions given with Eq. 3 were
ranked in descending order, and the five predicted classes
with the highest score were compared to the actual labels.

ŷ(i) =
k∑
j=1

[1− d(z(i), z(j))]y(j), (z(j), y(j)) ∈ D(i)
TR (3)

C. POST-HOC ANALYSIS
To better understand the factors that influenced the test
results, all factors of interest were represented as input
features to a meta-model, i.e., linear regression, which was
then trained to predict the accuracy or NDCG by SDG that
was actually achieved by our fine-tuned sentence encoders
and kNN classifier on the test datasets from (1) the Global
indicator framework of the 2030 Agenda (task MC-IND-
SDG) and (2) SDG relatedness (task ML-SDG-SDG). The
training set on which the linear regression was trained
consisted of all different fine-tuning and test experimental
configurations. The same process was repeated twice, once
for MC-IND-SDG and ML-SDG-SDG, resulting in a total of
5,440 labeled examples for the first and 2,560 for the second.
The input features are described in Table 2. Different linear
regression algorithms were compared, i.e., regular linear
regression without regularization, Ridge regression (varying
regularization hyperparameter α), Lasso regression (varying
α), and ElasticNet (varying α and r), where α, r ∈ {1e −
6, 5e − 6, 1e − 5, 5e − 5, 1e − 4, 5e − 4, 1e − 3, 5e −
3, 1e − 2, 5e − 2, 0.1, 0.5, 1.0}. The contribution of each
feature to the prediction made by the linear regression model
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TABLE 1. Description of the validation and test tasks, together with all experimental settings. Note: In the task ML-SDG-SDG, one centroid by SDG is
calculated from the training examples (6th column).

for each individual training example was then calculated with
the SHAP method (see Figure 9).

V. RESULTS
A. PRELIMINARY ANALYSIS
For each indicator test set and two variations of the indicator
descriptions (title or concatenated title with definition
excerpt), Table 3 first gives the average number of words
in the specific indicator set and then the average similarity
of all indicators to their most similar fine-tuning example.
The results indicate that this average similarity is rather
low for most indicator sets, i.e., between 0.20 and 0.25.
It is the highest for the test indicator set sampled from
the Global indicator framework of the 2030 Agenda, i.e.,
0.35. The results further show that this average similarity is
slightly higher when the indicators are represented by their
titles (which are quite short in most cases), compared to the
average similarity when they are represented through their
concatenated title with definition excerpt (which are longer
– around 30 words). Therefore, it can be concluded that the
test examples do not show much similarity to the fine-tuning
examples, i.e., test examples do not appear among the fine-
tuning examples.

B. SENTENCE ENCODER BASELINE BENCHMARKING
The validation accuracy of the twelve pre-trained sentence
encoders averaged over the six validation experimental
settings and two values of kNN k ∈ {1, 3}, is summarized
in Table 4. The average accuracy varies between the
different categories of sentence encoders and within the cat-
egories themselves. Two sentence encoders achieving the
highest average accuracy were selected for further domain-
specific fine-tuning, i.e., SBERT-MINILM-L6 and SBERT-
MINILM-L12. In general, the encoders from the SBERT

category, i.e., SBERT-MINILM-L6, SBERT-MINILM-L12,
SBERT-MPNET-BASE, SBERT-DISTILROBERTA, (with
one exception – SBERT-BERT-BASE presented in a sep-
arate research article [58], prior to the remaining four
encoders), have the highest average accuracy, followed
by the encoders from the USE and SimCSE categories,
i.e., the USE-TRANSFORMER and SIMCSE-SUP-BERT-
BASE. The ST5 encoders are among those with the lowest
average accuracy, but it is comparable to that of some of the
encoders from the USE and SimCSE categories, as well as
to the SBERT-BERT-BASE encoder. We believe that such
validation accuracy may be a result of the encoders’ pre-
training tasks/datasets and their similarity to the main tasks
solved in this article. Solving the main tasks requires sentence
encoders that capture the differences between the topics
covered by the SDGs/targets in a common vector space,
i.e., a very diverse set of topics. The four best-performing
encoders have been pre-trained on a large and diverse set
of tasks and datasets (for more details see the SBERT
website20), which has probably enabled them to better
capture the differences between the SDGs and targets.
It should be noted that all the aforementioned conclusions
apply solely to the tasks solved in this article and should not
be generalized.

C. SENTENCE ENCODER TEST RESULTS AFTER
FINE-TUNING
The test results of the two selected sentence encoders
in the 14 test experimental settings, (1) MC-IND-SDG
(4 settings), (2) MC-IND-TRG (2 settings), (3) ML-IND-
SDG (4 settings), and (4) ML-SDG-SDG (4 settings) are
presented in Tables 5, 6, 7, and 8, appropriately. The tables
first give the highest baseline test results for any of the two

20https://www.sbert.net/
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TABLE 2. Description of the input features of the linear regression. ‘‘FTn’’ refers to the examples from the fine-tuning set of the fine-tuning task
experimental setting, while ‘‘kNN’’ refers to the training set of the test task experimental setting used by the kNN classifier.

TABLE 3. Average word count and similarity to a fine-tuning example (max value) of the different indicator sets and indicator representations,
(1) through their title and (2) through their title concatenated with definition excerpt.

TABLE 4. Average validation accuracy of the twelve pre-trained sentence
encoders on the six validation experimental settings and two values of
nearest neighbors k ∈ {1, 3}. The two selected for further fine-tuning are
given in bold.

encoders (prior to their fine-tuning) by test task and test
dataset combination. Then, they give the highest average
result over five random seeds after the encoders fine-tuning
with all fine-tuning datasets, again by test task and test dataset
combination. These average results are accompanied by the
best test results of that same fine-tuning/test configuration but
with one specific random seed. This result is given along with
the improvement over the highest baseline result for the same
test task and dataset combination.

In the first test task, MC-IND-SDG, the highest kNN
classifier accuracy@1 (k=3) on all datasets is above 80%

or very close to it (in the case of EU Regional SDG test
set), as given in Table 5. The accuracy@1 is 90% for the
test set sampled from the Global indicator framework from
the 2030 Agenda. For the test sets having two indicator
description variations (title and concatenated title with
definition excerpt), it is visible that the classifier accuracy
is higher when the indicators are represented through their
title, both before and after the encoder fine-tuning. However,
the fine-tuning makes the classifier accuracy less sensitive
to changes in the indicator description length. A decrease in
the accuracy of the baseline classifiers due to an increase in
the length of the indicator description is present for all test
sets, ranging from more than 15% for the EU SDG and EU
Local SDG test sets to 3% for WDI SDG. However, after
the sentence encoder fine-tuning, for the EU SDG and EU
Local SDG test sets, the accuracy decreases by 5% and 3%
appropriately, which is much less than its decrease with the
baseline classifiers. For the WDI SDG test sets, there is an
increase of 1%.

In the second test task MC-IND-TRG, which requires
distinguishing between 169 highly interconnected targets, the
kNN classifier accuracy@5 (k=20) is around 80%or above in
most cases, as given in Table 6. Measuring the accuracy@1
was a rather strict test criterion, considering the high level
of inter-relatedness between the targets and our aim to find
even the non-obvious associations of the indicators with the
targets. In that sense, we expected to have more than one
associated target with the test indicators. As in the first task,
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TABLE 5. Highest baseline result in test task MC-IND-SDG and highest average result over five random seeds after encoders fine-tuning by test set. The
best test results of that same fine-tuning/test configuration are given, along with the improvement over the highest baseline result for that test set.

TABLE 6. Highest baseline result in test task MC-IND-TRG and highest average result over five random seeds after encoders fine-tuning by test set. The
best test results of that same fine-tuning/test configuration is given, along with the improvement over the highest baseline result for that test set.

TABLE 7. Highest baseline result in test task ML-IND-SDG and highest average result over five random seeds after encoders fine-tuning by test set. The
best test results of that same fine-tuning/test configuration are given, along with the improvement over the highest baseline result for that test set.

the fine-tuning makes the classifier less sensitive to changes
in the description length, particularly for the EU Local SDG
test set.

The third task, ML-IND-SDG, appears to be the most
challenging for the EU Local SDG test set compared to the
rest which have a relatively high NDCG@5 score both before
and after the fine-tuning. Similarly to the previous two test

tasks, there is performance degradation as the length of the
indicator description increases for test sets EU SDG and EU
Local SDG. However, such performance degradation is either
not present or much lower with a fine-tuned encoder, as given
in Table 7.

The improvement of the NDCG@5 value in the test task
ML-SDG-SDG is around 7.9% after fine-tuning, as given

VOLUME 13, 2025 141453



A. Gjorgjevikj et al.: Benchmarking Sentence Encoders in Associating Indicators With SDGs and Targets

FIGURE 15. SHAP value distribution by input feature (test task
MC-IND-SDG).

in Table 8. The improvements in ML-IND-SDG and ML-
SDG-SDG indicate that although information on the mutual
SDG relations was not explicitly provided during fine-tuning,
it was still learned from the text in the fine-tuning datasets.

D. POST-HOC ANALYSIS
In task MC-IND-SDG, the lowest mean squared error (MSE)
of 0.0073 was achieved with Ridge regression (α = 1e− 6),
as in taskML-SDG-SDG, where the lowest MSEwas 0.0059.
The distribution of SHAP values by feature in task MC-IND-
SDG is illustrated in Figure 15, while in task ML-SDG-SDG
in Figure 16. The suffix FTn or kNN simply indicates that
the feature refers to the examples in the fine-tuning set of the
fine-tuning tasks or to the examples in the kNN training set of
the test tasks. In both tasks, the structure of the kNN training
set had a larger influence. In the task MC-IND-SDG, the
large number of words in the text excerpts extracted from the
section devoted to the targets, the ‘‘background’’ section, and
the lead section had the largest positive influence, as well as
the mean number of examples by target and the low standard
deviation of the number of words in the lead section excerpts.
During fine-tuning, the large mean number of examples
for the SDG targets in the fine-tuning set had the greatest

FIGURE 16. SHAP value distribution by input feature (test task
ML-SDG-SDG).

positive influence, as well as the large number of words in
the excerpts from the ‘‘background’’ section. Contrary to our
expectations, the large number of excerpts from the general
Wikipedia article or their large number of words did not have
a positive influence on the accuracy by SDG. The presence
of excerpts extracted from sections such as ‘‘organizations’’
or ‘‘challenges’’ did not affect accuracy positively, and this
observation also applies to the taskML-SDG-SDG. However,
in this task the large number of examples from the general
article in both the fine-tuning and kNN training set had
negative influence, while the large mean number of words
in the excerpts from the ‘‘background’’ section in both the
fine-tuning and kNN training set a positive one. The large
mean number of words in the excerpts from the lead section,
which are part of the kNN training set, had positive influence
as well.

VI. DISCUSSION
This article proposed a model-agnostic method for finding
associations between sustainable development indicators
used at the national or subnational level of governance with
the SDGs and targets from the UN 2030 Agenda. By relying
on textual descriptions of SDGs, targets, and indicators,
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TABLE 8. Highest baseline result in test task ML-SDG-SDG and highest average result over five random seeds after encoders fine-tuning by test set. The
best test results of that same fine-tuning/test configuration are given, along with the improvement over the highest baseline result for that test set.

the dependence on indicator statistical data quantity and
quality was removed. The article proposed a new formulation
of the problem in the ML domain – text classification
and divided the problem into two main and two auxiliary
tasks to make the evaluation easier. The proposed method
used (1) short text to describe the SDGs, targets, and
indicators, (2) general-purpose pre-trained sentence encoders
to represent those descriptions in a common vector space,
(3) contrastive representation learning and domain-specific
datasets to fine-tune their parameters, and (4) kNN classifier
in the experimental setting, to ‘‘associate’’ indicators with
SDGs and targets by comparing their embeddings outputted
by the shared encoder with a distancemetric. Themethodwas
evaluated on five real-world indicator sets used at different
levels of governance. This section analyzes the results in the
context of the three research questions and summarizes the
limitations of the method.

Regarding the potential of textual data and general-
purpose pre-trained sentence encoders in solving the main
and auxiliary tasks (RQ1), the test results showed that text is
a promising type of data for solving the tasks. The validation
results showed that certain sentence encoders are particularly
well suited to solving the tasks even before the domain-
specific fine-tuning, i.e., they have already captured useful
knowledge to solve the tasks even during their pre-training
on general NLP tasks. This particularly refers to the SBERT
category of sentence encoders. Furthermore, in all of the
test configurations, their performance was further improved
by fine-tuning with domain-specific datasets, even though
the datasets were quite limited in size. That suggests the
possibility of even greater performance improvements with
larger fine-tuning datasets and better selected examples based
on the insights from Section V-D.

In terms of performance improvements through domain-
specific fine-tuning of the pre-trained encoders (RQ2), the
presented results by test task category and dataset showed that
the domain-specific fine-tuning improved the baseline results
in all test task categories for all test datasets. Although the
fine-tuning datasets were quite limited in size, their use with a
contrastive representation learning method still improved the
baseline results. The best-performing fine-tuning and kNN
configuration was specific to the test indicator dataset, which
can be attributed to the different purposes of the datasets,
resulting in different writing styles, as well as length of
the titles and definitions of their indicators. A more diverse
validation set sampled from different indicator sets may help
in selecting a model that better fits diverse indicator sets,
a possible research direction for future work. Furthermore,

fine-tuning with other contrastive representation learning
methods is possible as well and should be considered in future
work.

The results also showed that the textual data used in
describing the SDGs, targets, and indicators has a significant
influence on the test results when using the proposed
method (RQ3). This especially applies to the structure of
the fine-tuning and kNN training set, as shown by the
SHAP analysis on the Global indicator framework test set
in Section V-D. Those results showed that the differences
between the topics covered by the SDGs were better captured
in the excerpts extracted from the abstract and ‘‘background’’
section of the SDG-specific Wikipedia articles, but not
so well in the excerpts extracted from sections such as
‘‘challenges’’ or ‘‘organizations’’. On the contrary, the
sections of the articles devoted to the targets were more
useful in associating indicators with the SDGs and targets,
compared to associating SDGs to their related SDGs. The
length of the indicator descriptions also influenced the results,
but that influence was less pronounced when using fine-tuned
sentence encoders. When using fine-tuned encoders, there
was either no performance degradation or it wasmuch smaller
compared to the case of encoders which were not fine-
tuned. Therefore, it can be concluded that the benefit of
domain-specific fine-tuning of the sentence encoders was
twofold, i.e., (1) it improved the predictive performance of
the evaluated classifiers over the baseline and (2) it resulted
in classifiers that were less sensitive to changes in indicator
description length.

Most of the limitations of this study were mainly a result
of the experimental choices we had to make to keep the
study within a reasonable scope, given the many challenges
that had to be addressed. These challenges included (1) a
large number of SDGs and targets with complex mutual
interlinks which the method had to learn to distinguish,
(2) the lack of ready-to-use fine-tuning datasets for the
problem, i.e., the need to create them ourselves, and, finally,
(3) the non-trivial representative text extraction process
from the Wikipedia articles. Therefore, the limitations and
directions for overcoming them in future work are given
in Table 9. Table 9 shows that the insights from this study
have opened several promising research directions to improve
the presented results. Those research directions range from
benchmarking more advanced ML models on the problem,
such as more recently published sentence encoders or LLMs,
to creation of larger and more diverse text datasets for
model fine-tuning and evaluation, definition of additional
fine-tuning and evaluation tasks to be combined with those
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TABLE 9. Limitations of the study and directions for future work.

TABLE 10. Titles of the 17 SDGs [1].

proposed in this paper, as well as use of more advancedmodel
fine-tuning methods.

In addition to scientific contribution, the proposed method
has practical significance as well. The results achieved on
several real-world indicator sets showed that the method
could be useful in complementing and facilitating the
non-trivial process of manual mapping of indicator sets used
at different levels of governance to multiple SDGs and targets
with which those indicators are associated, which was the
main goal of this work. The method can provide human
experts with data-driven suggestions for such associations,
which is particularly useful when associating indicators with
the 169 highly interlinked targets from the Agenda. In that
context, one particularly relevant use case that could benefit
from the proposed method is the association of locally rele-
vant indicator sets used in different geographic regions with
the SDGs and targets, in order to facilitate the monitoring of
the effects that local policies have on the Agenda.

VII. CONCLUSION
Monitoring progress toward achieving the 2030 Agenda
for Sustainable Development of the United Nations is
of the utmost priority in the current decade. Sustainable
development policies/actions are taken at different levels of
governance, andmonitoring of their effects on the Sustainable
Development Goals (SDGs) and targets is essential due to
SDGs/targets complex and not always obvious interactions.
Indicators relevant to a specific context (e.g., level of
governance, geographic region) are commonly used for this
purpose, but the associations of such indicators with the
SDGs may not always be easy to determine. This article
presents a model-agnostic framework (Embed4SD) to asso-
ciate indicators with SDGs and targets by comparing their
textual descriptions. In that way, it removes the dependence
on the variable indicator statistical data quantity/quality and
facilitates human experts’ manualmapping process with data-
driven insights. Our experiments include a comprehensive

141456 VOLUME 13, 2025



A. Gjorgjevikj et al.: Benchmarking Sentence Encoders in Associating Indicators With SDGs and Targets

TABLE 11. 18 English-language Wikipedia articles and their revision IDs used as data source for the fine-tuning datasets.

TABLE 12. Baseline and fine-tuned configurations achieving the highest result in test task MC-IND-SDG (Table 5).

TABLE 13. Baseline and fine-tuned configurations achieving the highest result in test task MC-IND-TRG (Table 6).

domain-specific benchmarking of 12 sentence encoders,
fine-tuning of the best ones on a newly created dataset,
evaluation with five real-world indicator sets consisting of
around 800 indicators in total, and measuring the influence
of 40 factors on the results using explainable artificial
intelligence (xAI). The results show that certain sentence
encoders are better suited to solving the task than others,
potentially due to the diversity of their pre-training datasets.
Furthermore, not only does fine-tuning improve predictive

performance over baselines, it also reduces the sensitivity
to changes in indicator description length, i.e., while the
performance drops even by up to 17% for baseline models
as length increases, it remains comparable for fine-tuned
models. We believe that Embed4SD makes a step in filling
the current gap of comprehensive benchmarking of AI
models on the problem and opens a promising research
direction, that is, solving the problem through textual
data.
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TABLE 14. Baseline and fine-tuned configurations achieving the highest result in test task ML-IND-SDG (Table 7).

TABLE 15. Baseline and fine-tuned configurations achieving the highest result in test task ML-SDG-SDG (Table 8).

APPENDIX A
SUSTAINABLE DEVELOPMENT GOALS
Each of the first 16 SDGs is devoted to a specific area,
while SDG 17 is devoted to the means of implementation
of the other 16 SDGs and global partnership. For each
SDG, there are targets that describe what needs to be
realized by 2030, i.e., (1) outcome targets and (2) means of
implementation targets, both types of equal importance [1].
A brief description of the 17 SDGs in terms of their title
and targets is given in Table 10. For further details, see the
UN 2030 Agenda [1].

APPENDIX B
KEYWORD CO-OCCURRENCE ANALYSIS
The keyword co-occurrence analysis of abstracts of related
articles referenced in Section II-B was performed using
the VOSviewer software,21 version 1.6.20. To construct the
co-occurrence network, binary counting was used. It only
considered whether a keyword appeared in an abstract, not
the number of times the keyword appeared there. Keywords
that appeared in at least two abstracts were included in the
analysis. To remove irrelevant keywords from the text (e.g.,
‘‘use’’, ‘‘type’’, ‘‘number’’, ‘‘link’’) and map synonyms to
one same keyword (e.g., ‘‘(UN) sustainable development
goal(s)’’ or ‘‘sdgs’’ were mapped to ‘‘sdg’’), a thesaurus file
was used. The link weights were normalized using the co-
occurrence counts. The clustering used the default parameters
suggested by the tool, resulting in six clusters. For a more
detailed description of the parameters, see the VOSviewer
manual.22

APPENDIX C
WIKIPEDIA ARTICLES USED AS DATA SOURCE
The 18 English-language Wikipedia articles used as a source
of text for fine-tuning datasets are listed in Table 11. The

21https://www.vosviewer.com/
22https://www.vosviewer.com/getting-started

table contains the article URLs and revision IDs.23 The text of
the articles was downloaded using Wikipedia’s export page24

which allows download of a specific set of articles in XML
format. The date of the download was 2021-12-28. Only the
current revision (the most recent version) of the articles at
the specified date was downloaded, without their full history
(all versions of the article). For details on Wikipedia article
history, see Wikipedia pages on the topic.25 ,26

APPENDIX D
SELECTED CHECKPOINT DETAILS
The fine-tuning and test configuration details of the selected
checkpoints referenced in Tables 5, 6, 7, and 8 in Section V-C
are given in Tables 12, 13, 14, and 15, accordingly. The four
tables given in this section are organized in the same way as
the tables given in Section V-C.
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