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ARTICLE INFO ABSTRACT

Handling Editor: Yvan Capowiez The exponential growth of scientific literature challenges traditional synthesis methods, limiting our ability to
derive broad insights into complex environmental processes. Large language models (LLMs) may help address
this challenge by supporting the extraction of structured knowledge from unstructured text. To evaluate and
demonstrate this potential in soil science, we developed a multi-module, LLM-assisted knowledge-extraction
workflow built on a recently published meta-data-analysis of management-biota interactions as a contextual
framework, using an iteratively refined prompt chain to extract directional relationships between agricultural
management practices and soil fauna from scientific abstracts. Benchmarking against manually curated datasets
showed high precision and recall, while expert-guided iterative development indicated that the information
content of abstracts was likely a major practical constraint on extraction performance. To assess interpretative
soundness, we applied the workflow in two use cases: an illustrative comparison with the well-established
literature on reduced and no-tillage effects on soil fauna, and a knowledge-gap application on biochar and
crop-residue retention. The workflow indicated predominantly beneficial reported patterns for crop residue
retention, particularly for earthworms and nematodes, whereas biochar showed a more heterogeneous and
context-dependent pattern. Overall, results show that LLM-assisted workflows can support rapid, large-scale
evidence mapping of soil fauna responses to management practices when formal quantitative syntheses are
unavailable. The proposed framework is best understood as a complementary tool for organising and screening
dispersed ecological evidence, and not as a substitute for full-text synthesis, effect-size-based meta-analysis, or
decision-grade inference. The complete workflow is publicly available and broadly transferable across envi-
ronmental research domains.
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Wang, 2024; Gohr et al., 2025).
In this rapidly evolving Al landscape, recent methodological ad-

1. Introduction

Understanding how human interventions alter ecosystems has
become a scientific challenge, especially in an era of exponentially
growing scientific literature and accelerating technological change
(Keck et al., 2025; McFadden et al., 2023). The surge of artificial intel-
ligence (AI) adds a new dimension to this challenge by accelerating
ongoing transformations in how human-environment interactions are
studied, reshaping not only science but society as a whole (Gao and

* Corresponding author.
E-mail address: ricvl@ci.uc.pt (R. Leitao).

https://doi.org/10.1016/j.geoderma.2026.117890

vances have been particularly transformative for how scientific knowl-
edge can be processed and mapped. Among these advances, large
language models (LLMs) represent a consequential shift, transforming Al
from a specialist domain into a broadly accessible technology, enabling
researchers across disciplines to tackle complex analytical tasks (Birhane
et al.,, 2023; Zhang et al., 2025) and extend its application beyond
conventional AI fields (e.g., computer vision, robotics) to
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methodological tasks such as meta-analysis (Galli et al., 2025).

These developments are supported by a set of technical capabilities
that distinguish LLMs from earlier text mining and rule-based ap-
proaches (Pai et al., 2024). Key strengths include the ability to parse
complex grammatical structures and understand specialized, domain-
specific terminology (especially when fine-tuned on domain-specific
data) (Idan and Einav, 2025), identify semantic relationships between
entities mentioned far apart in the text, and process immense volumes of
unstructured text, far exceeding human capacity (Li et al., 2025).
However, challenges remain. LLMs can be prone to hallucinations,
generating plausible but factually incorrect information, and their per-
formance is susceptible to the specific phrasing of the input prompt
(Chen et al., 2025). Extracting precise quantitative data or navigating
highly nuanced or implicitly stated knowledge can also be difficult
without sophisticated prompting strategies or model fine-tuning.
Furthermore, potential biases embedded in the training data can also
influence outputs (Navigli et al., 2023).

Despite these limitations, an expanding body of research shows that
LLMs can already enable automated knowledge extraction across
diverse scientific and applied domains. In environmental sciences, LLMs
are currently used for a range of tasks, from identifying future research
opportunities (Ji et al., 2025) to informing environmental decision-
making strategies (Nie and Liu, 2025). Soil science offers vast applica-
tion potential, as many key soil processes and management-biota in-
teractions remain poorly resolved across scales (Wadoux, 2025; Wu,
2025), with LLM-assisted data-mining approaches pioneered by Blanchy
et al. (2023).

Among environmental disciplines, soil science is particularly
compelling because of its ecological importance and the complexity of
its management-driven biological interactions. In this context, a healthy
soil, supported by its high biodiversity, forms the foundation of resilient
terrestrial ecosystems and sustainable agriculture, ultimately ensuring
global food and nutritional security (Bardgett and van der Putten, 2014;
Lehmann et al., 2020). The complex subterranean world hosts diverse
biological actors, including soil fauna, (e.g., earthworms, springtails,
nematodes) and vast microbial communities, that collectively drive
ecosystem functions (Delgado-Baquerizo et al., 2020; Wall et al., 2015)
such as nutrient cycling, carbon and climate regulation, water regula-
tion and purification, and disease and pest regulation (Creamer et al.,
2022). The composition, abundance, and activity of these vital soil
communities can be strongly shaped by agricultural management
practices that alter soil physical disturbance and organic matter inputs,
including contrasting tillage regimes and carbon-based amendments
such as biochar and crop-residue retention (Lori et al., 2025, 2017;
Tsiafouli et al., 2015). Consequently, gaining a comprehensive under-
standing of the intricate relationships between specific agronomic in-
terventions and the responses of key soil fauna groups is essential to
ensuring healthy soils for future generations (FAO, 2024; Zwetsloot
et al., 2022). Given the volume and heterogeneity of the literature
addressing soil biota responses to agricultural management, scalable
approaches for rapidly identifying and structuring reported evidence are
increasingly valuable.

Abstracts occupy a central role in scientific communication because
they provide open access, concise, structured summaries of a study’s
objectives, methods, and principal findings, and they are widely used for
relevance screening in systematic reviews and evidence (Haddaway
et al., 2018). Their high information density makes them a practical
resource for rapid, large-scale literature analyses. Additionally, full texts
are often access- or license-restricted, which can impose practical and
legal constraints on large-scale Al-assisted analysis (Esteve, 2024; Mar-
goni and Kretschmer, 2022). At the same time, abstract-based ap-
proaches have recognised limitations that must be considered when
interpreting the resulting patterns. Because abstracts are selective
summaries, they may preferentially emphasise positive or statistically
significant findings, while negative, null, or more nuanced results may
be underrepresented relative to the full text (Duyx et al., 2019). More
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broadly, abstracts tend to foreground high-level claims and often cap-
ture less methodological detail, conditional responses, and finer-grained
biological or ecological information than the main article body (Cohen
et al.,, 2010; Penning de Vries et al., 2020; Schuemie et al., 2004).
Consistent with this, full-text approaches achieve more comprehensive
information coverage than analyses based on abstracts alone
(Westergaard et al., 2018). Nevertheless, for rapid evidence mapping,
abstracts remain a valuable and efficient entry point for identifying
broad study topics and reported response patterns (Glasziou et al.,
2008). Accordingly, abstract-based extraction is most appropriate for
rapid evidence mapping of reported outcomes, rather than for esti-
mating effect sizes, weighting evidential strength, or supporting quan-
titative causal inference.

Drawing on these considerations, LLM-assisted approaches offer a
promising way to extract structured ecological knowledge directly from
large volumes of abstracts. Building on this potential, the present study
examines the effectiveness of state-of-the-art LLMs for targeted and
complex structured knowledge extraction from a curated collection of
agricultural soil science abstracts. More specifically, our workflow is
designed to generate a rapid evidence map of reported relationships
between soil management practices and soil fauna by extracting and
organising directional study outcomes from abstracts. The resulting
summaries are intended to identify broad reported tendencies, knowl-
edge gaps, and areas of inconsistency across fragmented literatures.
Rather than replicating the inferential framework of formal meta-anal-
ysis, our approach provides a complementary tool for quickly mapping
the existing evidence landscape, identifying knowledge gaps, and pri-
oritising topics for future in-depth quantitative reviews, and therefore
does not estimate effect sizes, uncertainty, or variance-weighted pooled
responses. We present a practical workflow that can be adopted across
various domains to support the extraction of structured knowledge from
abstracts.

Building on this rationale, the specific objectives of this paper are:

1. To create and demonstrate an LLM workflow for automated
extraction of structured knowledge on land management practices, soil
fauna, and their reported interactions, from scientific abstracts.

2. To quantitatively and qualitatively evaluate the performance of
the LLM-assisted knowledge-extraction benchmarked against expert-
annotated sets of abstracts.

3. To demonstrate the workflow’s applicability through two com-
plementary use cases: (i) benchmarking its outputs against existing
meta-analyses on reduced and no-tillage effects on soil fauna, and (ii)
applying it to the evidence base on biochar and crop-residue retention,
where comprehensive meta-analyses are lacking.

4. To critically discuss the interpretive scope, key challenges, op-
portunities for methodological refinement, and future research di-
rections for using LLMs to accelerate knowledge mapping within soil
science and related environmental fields, as well as their potential
applications.

2. Methods
2.1. Workflow description

We developed a multi-module, LLM-assisted workflow to extract
domain-specific information on soil management practices, soil biolog-
ical actors, and their interactions from scientific abstracts of peer-
reviewed, published scientific articles (Fig. 1). Technically, this work-
flow can be considered a rapid evidence mapping framework that in-
tegrates elements of systematic maps and rapid evidence assessments
with the directional summarisation approach of vote counting (Dicks
et al., 2017). It is structured around a carefully designed prompt chain
(Supplementary Data 1) and a set of complementary Python and R
programs (SI programs 1 to 4) that ensure contextual relevance, con-
sistency, and reproducibility throughout the knowledge-extraction
workflow. The workflow was grounded in the meta-data-analysis
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Fig. 1. Schematic overview of the LLM-based knowledge extraction. This figure presents the architecture, programs, and output files of the multi-module large
language model (LLM)-assisted knowledge extraction workflow. Module 1 (Abstract selection) is run manually on Web of Science (WOS). Modules 2 (Abstract pre-
filtering) and Module 3 (Knowledge extraction and Terminology unification) use the prompt chain template (Program 1, implemented in Python). Module 4
(Knowledge data standardization) is implemented in Python (Program 2). Module 5 (Knowledge data filtering) and Module 6 (Knowledge data analysis and visu-

alization) are based on R (Programs 3 and 4, respectively).

framework of Lori et al. (2025), a systematic review of meta-analysis,
which provided the context and a template for the knowledge structure
and analytical approach. Although the workflow is LLM-assisted, the
final outputs reflect both LLM performance and human-designed
analytical structure. The LLM performs the core extraction, classifica-
tion, and terminology-unification tasks, whereas the workflow defines
the conceptual elements, prompt logic, controlled categories, and
curation rules used to organise the results. Accordingly, the resulting
evidence maps are shaped both by the language-processing capacity and
by design choices embedded in the analytical framework.

The workflow comprises six sequential functional modules (Fig. 1).
Module 1, Abstract selection, begins with the selection of abstracts, which
is performed through the design of a tailored search string to target the
Web of Science (WOS) Core Collection. In Module 2, Abstract pre-
filtering, the workflow continues with a prompt chain embedded action
that automatically pre-filters the selected abstracts for topical relevance
consistent with the Module 3 configuration. This pre-filtering step en-
sures that only relevant abstracts are passed to Module 3, which con-
stitutes the central knowledge-extraction step of the workflow and is
described in detail below.

Module 3, Knowledge extraction, is implemented as a double-staged
process that applies a prompt chain to identify and extract knowledge
on management practices, biological actors, and their interactions dur-
ing the extraction stage. In parallel, a Terminology unification stage,
through an additional prompt chain action, employs predefined selected
lists (adaptable elements) to map multiple extracted items onto a stan-
dardized set of terminology.

As the central and most technically demanding component of the
workflow, Module 3 was developed through the creation of instructions
for the LLM to perform knowledge extraction (Fig. 1). Built around the
LLM as its core tool, this module was developed through successive

prompt chain templates, each progressively refining the extraction and
structuring of domain-specific information (see Supplementary Data 2,
Section 1 for more details). During its development, the model’s per-
formance was benchmarked across several abstract collections
(Supplementary Data 3) using ChatGPT versions 3.5-40. Considering the
authors’ knowledge background in soil science, certain choices and
applications within the workflow reflect the agricultural soil sciences
context, as well as the use cases adopted in this study (see Section 2.3).
Nonetheless, the workflow was conceived as a flexible framework,
readily adaptable to diverse research domains and analytical objectives
beyond the soil context (Supplementary Data 2, Table S1).

In detail, the prompt chain in Module 3 (named LEPAMTIC template)
instructed the LLM to extract knowledge using a structured format
composed of ten interconnected extraction elements:

Land management practice (L)* — agricultural intervention applied
(e.g., biochar, tillage);

Effect (E)* — direction or outcome of the intervention, limited to the
options: increase, decrease, neutral, or not available;

Property (P)* — measurable characteristic evaluated (e.g., biomass,
richness);

Soil biota actor (A)* - biological entity affected (e.g., earthworms,
nematodes);

Method or measurement (M) — approach used to assess the prop-
erty (e.g., qPCR, microscopy);

Temporal scope (T) - time frame of the assessment (e.g., growing
season, months after management operation);

Locational scope (I) — location of the sampling (e.g., soil layers or
sampling position);
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Contrasting land management practice (C)* - control manage-
ment scenario used for comparison (e.g., unfertilized, conventional
tillage).

Location country — country where the study was conducted

Study type - type of study (e.g., pot, greenhouse)

By using this prompt chain template, the model was instructed to
identify and extract specific, compact knowledge patterns representing
complete and interpretable units of information on the effects of agro-
nomic interventions on biological actors. The extraction elements were
specifically defined to capture these effects in the context of soil bio-
logical actors and their properties. Nonetheless, the workflow is readily
adaptable, allowing different extraction elements to be defined for other
research contexts, as described earlier. The result of the Module 3
extraction stage is the extraction table, a structured flat file in which each
row corresponds to an extraction pattern and each column corresponds
to an extraction element.

Alongside the key extraction elements (highlighted with *) of an
extraction pattern used for the directional evidence map, additional
extraction elements enabled the workflow to capture contextual meta-
data from abstracts (such as method or measurement, temporal scope,
locational scope, country, and study type) when explicitly reported. In
the present study, these variables were retained as complementary
contextual descriptors, although only study type was used operationally
for filtering, because the remaining qualifiers were reported too incon-
sistently across abstracts to support robust, context-resolved analysis at
scale. An additional scoring component was retained in the prompt
structure as an exploratory output to support ongoing testing of whether
abstract reporting quality is associated with extraction performance;
however, because preliminary analyses did not reveal a sufficiently
informative relationship, this output was not used in the main analyses
of the present study.

To support downstream evidence mapping and enable structured
comparisons, we included in Module 3 an additional Terminology uni-
fication stage for the key extraction elements, resulting in additional
columns in the extraction table. In this process, embedded in the prompt
chain, the LLM was instructed to match the content of each column to a
predefined term from a list of adaptable elements (Supplementary Data
4). These lists, whether provided as external files or included directly
in the model’s prompt, were selected for this study's context and can be
tailored to other research contexts. They were designed to unify termi-
nology and thereby minimize variability arising from inconsistent ter-
minology across abstracts. The effect column, due to its simplicity, was
embedded in the prompt chain instructions and not included in this
stage. The prompt chain was executed via the OpenAI API using a
custom Python program (SI Program 1), and all programs are publicly
available on GitHub (https://github.com/vpodpecan/LEPAMTIC).

Module 4, Knowledge data standardization, was implemented using an
eight-step post-processing data approach using a Python program (for
more details, see Supplementary Data 2, Fig. S2; SI program 2). The
overarching goal was to establish single, unambiguous levels for each
key extraction element, validate the practice—contrast logic aligned with
the adaptable elements of Module 3 (Supplementary Data 4), and elimi-
nate redundancies, resulting in a harmonization table that ensured
comparability of practice-actor combinations across studies.

Module 5, Knowledge data filtering, implemented in R (SI program 3),
tailors the harmonized data to address the workflow use cases to pro-
duce the final extraction table.

The final Module 6, Knowledge data analysis and visualization, also
implemented in R (SI program 4), generates ready-to-publish overview
visualizations adapted to the selected workflow use cases. All analyses
were conducted in R version 4.4.3 within the RStudio environment
version 2024.12.1, with plots generated using the tidyverse (Wickham
et al., 2019) and ggh4x (van den Brand, 2024) packages.
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2.2. Module 3 evaluations: Knowledge extraction and terminology
unification

Module 3 is the only workflow component that relies on probabilistic
LLM outputs and subjective semantic interpretation; therefore, it re-
quires explicit evaluation to assess performance and suitability for
structured knowledge extraction. Accordingly, we evaluated the prompt
chain in the knowledge extraction and terminology unification stages of
Module 3 using expert annotations as the reference standard (SI program
6). To assess the quality of LLM knowledge extraction, a collection of 40
abstracts from peer-reviewed agriculture and soil science journals was
assembled (see the final abstract set in Supplementary Data 3). This
curated set was used as input for LLM Module 3 to generate an extraction
table. Using the same abstract collection, experts independently manu-
ally extracted knowledge (Supplementary Data 5) following detailed
extraction guidelines (Supplementary Data 6), enabling a standardized
and directly comparable evaluation of the LLM’s extraction performance
using the extraction evaluation framework (Fig. 2).

In parallel with the iterative workflow development and evaluation
carried out over the study period, we benchmarked newly released LLMs
against the model initially used for development (GPT-40) to confirm
the most suitable option for structured knowledge extraction in Module
3. A dual LLM- and expert-based assessment was implemented to
compare models' performance (Module 3, SI program 5); however, this
complementary evaluation was used only for model screening, and did
not replace the expert-based benchmark evaluation reported in the
manuscript. In this evaluation step, additional structural metrics,
including the number of extracted patterns and the number of levels per
pattern, were first analysed, after which reports generated by an LLM
(Gemini 2.0 Flash, Google) were reviewed by human evaluators (see
Supplementary Data 2, Figs. S2-S9 and LLMs_ evaluation final report,
respectively). GPT-40 remained the most consistent and human-aligned,
and was therefore retained for this study (see Supplementary Data 2,
Figs. S2-S9).

2.2.1. Evaluation of the knowledge extraction stage

To quantitatively evaluate LLM-assisted knowledge extraction per-
formance, we adopted standard classification metrics: precision (P),
recall (R), and F1 score (F1) (Fig. 2). Performance was assessed by
requiring exact matches between model outputs and expert annotations,
at both the individual extraction element level and the extraction
pattern level.

Precision is the proportion of correctly extracted elements among all
predicted elements, showing the model’s resistance to false positives.
Recall measures the proportion of relevant elements correctly extracted,
capturing retrieval completeness. The F1 score, the harmonic mean of P
and R, balances completeness and correctness. P, R, and F1 were eval-
uated separately for each individual extraction element and for each
extraction pattern. Because Module 3 relies on probabilistic LLM outputs,
robustness and reproducibility were addressed primarily through
prompt-chain design. The LEPAMTIC prompt chain was iteratively
refined to make instructions highly explicit, reduce ambiguity, and ac-
count for recurrent special cases, thereby promoting consistent and
reproducible structured outputs. Repeated runs during development
suggested only minor practical variability, although this was not
formally quantified. Where supported by the model, the extraction
pipeline also allows the specification of seed and temperature parame-
ters to further enhance reproducibility.

For the pattern-level evaluation, extraction patterns were defined by
combining entries from selected extraction elements in the output, with
each unique combination treated as a distinct pattern. Three out of ten
extraction elements (method, temporal, and location scopes) were
excluded here due to irrelevance for downstream analysis. Performance
was assessed by requiring exact matches between the selected combined
extraction elements and the corresponding expert annotations. This
means that even a single mismatch in one of the selected elements
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Fig. 2. Schematic overview of the extraction evaluation framework. This figure illustrates the extraction evaluation framework used to evaluate the performance of
the Knowledge extraction and Terminology unification stages within Module 3, as well as their various components and associated analyses. Precision (P), recall (R) and

harmonic mean of P and R (F1) are used as evaluation metrics.

results in the entire pattern being classified as incorrect. Such an
approach is deliberately conservative, as it magnifies potential dis-
crepancies and thus provides a very stringent baseline for estimating
overall performance across patterns.

For each abstract and expert, we counted true positive elements/
patterns (TP: exact matches between model and expert extractions),
false positive elements/patterns (FP: model extractions not present in
the expert annotation), and false negative elements/patterns (FN:
human extractions missed by the model). From these, we derived, per
abstract:

Precision (P) = TP /(TP + FP)

Recall (R) = TP /(TP + FEN)

F1 score (F1) = 2 x (Px R)/(P+ R)

To remove bias from varying pattern counts, we applied per-abstract
normalization. Inter-annotator agreement was assessed using the same
method as the expert-LLM comparison, but limited to expert-expert
comparisons per pattern. To complement the quantitative evaluation,
the extraction evaluation framework included a qualitative character-
ization of model extraction errors. This approach enabled us to move
beyond binary (correct/incorrect) performance metrics and explore how
model errors were distributed across semantic categories, providing a
more nuanced understanding of model limitations.

2.2.2. Evaluation of the terminology unification stage

To further evaluate the reliability of the Terminology unification stage
(Module 3; Fig. 1) of the LLM’s key extraction elements, four expert an-
notators independently assessed the unified columns as part of the
extraction evaluation framework (Fig. 2). Thus, for each of the 40 ab-
stracts in the abstract set final (Supplementary Data 3), annotators
assessed the model's output for each unified key extraction element and
classified the results (Supplementary Data 5).

2.3. Workflow application

The LLM-assisted knowledge extraction workflow was applied to two
complementary use cases, grounded in the meta-data-analysis used as
guidance (Lori et al., 2025). The first use case consists of an illustrative
comparison with the well-established literature on the effects of reduced
and no-tillage on soil fauna (macro-, meso-, and microfauna). It is
intended to benchmark the workflow against a reference meta-data-

analysis and to clarify its inferential boundaries, rather than to provide a
strong independent validation across heterogeneous or contested topics.

The second use case addressed an area with limited and fragmented
evidence, as identified in the reference meta-data-analysis of Lori et al.
(2025), concerning the impacts of biochar and crop residue retention
on soil fauna, and was intended to generate new evidence-mapping in-
sights through the application of the developed workflow.

In both use cases, the directional outcomes extracted by the LLM-
assisted workflow were summarised through frequency-based aggrega-
tion (vote counting), such that each extraction pattern contributed
equally to the resulting overview (Dicks et al., 2017; Friedman, 2001).
Accordingly, these summaries were intended to characterise the distri-
bution of reported directions across the literature, rather than to esti-
mate effect sizes, uncertainty, or variance-weighted pooled responses.

To facilitate comparative analysis, taxonomic handling followed the
same general strategy adopted in the reference meta-data-analysis of
Lori et al. (2025). When abstracts provided sufficient detail, responses
were retained at the most specific biological actor (e.g., earthworms,
collembola) or trophic-group level (e.g., fungal feeding nematodes)
extracted by the workflow. When abstracts reported only broader cat-
egories (e.g., soil fauna, macrofauna, nematodes), these were preserved
as distinct aggregated categories rather than redistributed across more
specific groups. Thus, broader and finer-resolution categories were
treated as complementary, non-overlapping evidence units, reflecting
the level of taxonomic detail actually available in the source abstracts.
Likewise, where response metrics were not reported consistently enough
to support stable interpretation at finer resolution, results were aggre-
gated to higher biological-actor levels. This approach necessarily sacri-
fices some biological resolution, but avoids imposing unsupported
taxonomic specificity during harmonisation.

To further facilitate comparative analysis and the interpretation of
results, data visualization methods were also aligned with the graphics
and systematic framework established by Lori et al. (2025).

For both use cases, a comprehensive search was conducted in the
Web of Science (Module 1), encompassing all available databases.
Retrieval was strictly limited to original research articles (document
type: article), explicitly excluding review papers, meta-analyses, and
records from the Preprint Citation Index to ensure the acquisition of
primary empirical data. The search for the biochar and crop residue
retention component was conducted on August 26th, 2025. The no-
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tillage and reduced tillage search, later incorporated as the illustrative
comparison with the reference meta-data-analysis, was conducted on
December 16th, 2025.

Following the finalization of the search string and the prompt
chain-model configuration, the complete workflow across all modules
required approximately two working days to run for each component.
All procedural aspects of the workflow remained consistent between the
two use cases, with the exception of Module 1 search string
(Supplementary Data 2, Section 6), Module 5, which was tailored for
filtering each land management practice (no-tillage/reduced tillage vs.
biochar/crop residues), and Module 6, which incorporated minor ad-
justments aligned with the particularities of each knowledge domain
and results.

3. Results and discussion
3.1. Module 3 evaluation

To benchmark the LLM-assisted workflow’s core module knowledge
extraction (Module 3, Stage 1) performance, the results of expert an-
notators were compared with those of the LLM-assisted knowledge
extraction. The highest P, R and F1 values were observed for the ele-
ments land management practice and actor, with values across annotators
ranging from 94 to 97% (P), 83 to 89% (R), and 87 to 92% (F1), and
from 94 to 96% (P), 84 to 91% (R) and 88 to 93% (F1), respectively
(Fig. 3). The contrasting land management practice and property elements
consistently showed the lowest values across metrics, ranging from 80 to
85% (P), 74 to 78% (R), and 76 to 80% (F1), and 85 to 95% (P), 78 to
84% (R), and 81 to 88% (F1) respectively (Fig. 3), suggesting these
extraction tasks were particularly complex for the model. Despite
element-specific limitations, the overall high values observed for P, R,
and F1 provide high confidence in the model's reliability when assessed
from an extraction-element perspective.

When evaluated at the level of complete extraction patterns rather
than individual elements, the performance across annotators remained
consistently high, yielding mean P, R, and F1 across experts of 62-70%,
57-64%, and 59-65%, respectively (Fig. 3). P and R values were com-
parable, indicating balanced performance of the model. This balance is
important, as improvements in one metric come at the expense of the
other. The similar P and R levels indicate a good compromise, rein-
forcing the robustness of the extraction process. These findings
demonstrate that, despite the conservative criteria applied, the model
maintained a relatively strong performance when evaluated at the level
of complete extraction patterns (Wan et al., 2024; Zhao and Goto, 2025).
In the qualitative evaluation of extraction-pattern error characterization,
the all-correct category was dominant, representing the majority of the
model’s extractions across annotators, followed by the partially correct
category, whereas only a small number of extractions were classified as
incorrect (for a more detailed error description, see Supplementary Data
2, Section 7).

Interestingly, performance varied considerably among annotators
and extraction elements. Inter-annotator agreement (Supplementary Data
2, Table S2) revealed substantial differences, despite the use of detailed
expert extraction guidelines (Supplementary Data 6), indicating that
extraction variability was not limited to the model and that discrep-
ancies in P, R, and F1 were often greater among experts than between
the LLM and the experts. These differences can be understood as a
consequence of less clear abstracts, where subjectivity inevitably plays a
role. When information is incompletely reported, vague, or ambiguously
presented, even experts applying standardized criteria may interpret or
prioritize elements differently. Thus, lack of clarity and completeness in
abstracts not only hinders automated knowledge mining but also affects
the consistency of human extractions. In turn, this argues for employing
LLMs to support such tasks, as they can reduce subjectivity and enhance
consistency.

To benchmark the Terminology unification stage of LLM-assisted
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knowledge extraction in Module 3 (Fig. 1), the correctness of the uni-
fied outputs was evaluated. Correctness was defined as agreement be-
tween the model-assigned unified category and the corresponding
expert annotation for each key extraction element. The LLM-assisted
Terminology unification process demonstrated high accuracy across an-
notators and all respective key extraction elements (Fig. 4). The correct
unification category was consistently above 75%, ranging from 76% for
contrasting land management practices to 96% for the actor element. The
incorrect category occurred from 0.5% for contrasting land management
practices to 21% for property. For the multiplexed categories (more than
one element extracted), one-correct cases (one element correctly unified)
ranged from 0.5%, for the actor category, to 18.5%, for the contrasting
land management practice category. Multiple-correct (all elements
correctly unified) had a residual occurrence. For more detailed infor-
mation on unification evaluation and prompt chain versions, see
Supplementary Data 2, Section 9.

These results provided confidence that the Terminology unification
stage, performed exclusively by the LLM and relying only on pretrained
knowledge and relevant sentences, can be trusted for downstream an-
alyses. Some inter-annotator variability was observed, reflecting dif-
ferences in human judgment when aligning terms.

3.2. Workflow application outputs and data aggregation

To assess the overall effects of management practices on soil fauna,
we aggregated LLM-extracted and harmonised patterns at the biological
actor level in both application use cases (Fig. 5). While aggregation to
higher levels increases analytical robustness, the workflow captures
knowledge at multiple hierarchical levels, demonstrating the level of
resolution achievable through LLM-assisted extraction. However, at the
property-actor level (abundance, activity, diversity, and ecological
index), the number of extracted patterns was insufficient for meaningful
inference; the corresponding plots are shown in the Supplementary
Material (Supplementary Data 2, Figs. S14 and S17) and are not dis-
cussed further. If needed, actors or trophic groups can be readily re-
aggregated to support alternative groupings. In our use cases, we
included microfauna, mesofauna, and macrofauna, and focused our
discussion of results on those groups that yielded the highest number of
extracted patterns. In addition to the detailed faunal groups, some cat-
egories in our datasets are intrinsically aggregated by their semantics,
such as Soil fauna, Soil macrofauna, or Nematodes. These broader cate-
gories resulted either from the unification process during data harmo-
nization or from the lack of detail reported in the primary abstract.
Importantly, they do not overlap with the more specific categories but
instead contribute complementary information that expands the scope
of our synthesis. For nematode actors, we chose to retain information at
the trophic group level whenever available, while also keeping a natu-
rally aggregated category for the undetailed data; however, as an
exception, the LLM generated a separate category called pest-parasitic
nematodes, which we merged with plant-feeding nematodes after revising
the corresponding abstracts, since both represent the same functional
group. Consistent with the reference systematic framework established
by Lori et al. (2025), studies investigating no-tillage and reduced tillage
were consolidated under a single Reduced tillage category. Also, to ensure
a conservative approach, multiple identical patterns within a single
study were normalized into a single pattern, thereby potentially skewing
the results toward the less dominant effect, which, for the practices
included in both framework application use cases, was the decreasing
effect.

The tailored Web of Science (WOS) searches (Module 1) yielded
distinct datasets for each case-study component (see Supplementary
Data 2, Section 6 for search string information). For the illustrative
comparison component (reduced tillage), the initial search retrieved
998 records, of which 10 had empty abstracts; 374 records were sub-
sequently deemed relevant. In parallel, the search addressing the second
use case (biochar and crop residue retention) returned 2,816 records.
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Fig. 3. Quantitative evaluation of large language model (LLM) performance across extraction elements and complete extraction patterns. Performance was assessed
against expert annotations using Precision (P), Recall (R), and F1 score (F1) evaluation metrics. Columns correspond to the three evaluation metrics, and rows to the
seven extraction elements and the complete extraction pattern: Practice (Land management practice), Actor, Property, Effect, Contrast (Contrasting land management
practice), Country, Study type, and Complete pattern (Extraction pattern). The complete extraction pattern represents the exact combination of the seven extraction
elements. For each panel, four box plots are shown along the x-axis, corresponding to the four independent expert annotators (#1—#4). Individual abstract-level
scores are overlaid as points, and mean values are indicated within each box plot. The y-axis shows metric values as percentages, enabling comparison of extrac-
tion performance across annotators, metrics, and knowledge-extraction levels.
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Fig. 4. Bar plot with relative frequencies showing the evaluation of the large language model (LLM) unification process by expert annotators. Each panel corresponds
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of unification outcomes for each annotator. Outcomes are classified into four categories: Correct, Multiple correct, One correct, and Incorrect. The four expert annotators

are labelled #1 to #4.

Among these, 2,773 abstracts examined the effects of these amendments
on soil fauna, and 773 were ultimately considered relevant. Following
the application of the successive workflow modules (Fig. 1), the final
output tables generated robust datasets for analysis (Supplementary
Data 7). For reduced tillage, the workflow yielded 374 extraction pat-
terns derived from 173 abstracts (Table 1; Supplementary Data 2, Sec-
tion 10). For the biochar and crop residue component, the process
extracted 202 patterns from 118 abstracts (Table 1; Supplementary Data
2, Section 13). This resulted in an average extraction density of 1.91 and
1.71 patterns per abstract for the reduced tillage and biochar/crop
residue datasets, respectively, indicating a diverse source of information
across the selected literature. Within the latter dataset, biochar-related
studies provided a greater volume of evidence (n 115 abstracts)
than crop residue retention (n 87 patterns), reflecting broader
research coverage (see Supplementary Data 2, Section 14). To ensure
methodological comparability with the meta-data-analysis established
by Lori et al. (2025) (Fig. 5A; original figure provided in Supplementary
Data 2, Fig. S18), the synthesis for reduced tillage was strictly limited to
field experiments, by filtering greenhouse and pot studies (N = 7). In
contrast, to maximize evidence retrieval despite varying study avail-
abilities, the synthesis for biochar and crop residue practices encom-
passed experiments conducted in field, greenhouse, and controlled pot
environments. Further details regarding these environmental parame-
ters and the complete dataset distribution are provided in
Supplementary Data 2, Sections 11 and 14.

3.3. Illustrative comparison with a reference meta-data-analysis

Regarding the illustrative comparison component, the extracted re-
sults for reduced tillage indicated an overall predominance of reported
increases in soil fauna responses compared to conventional tillage,
consistent with Lori et al. (2025) (Fig. 5A and B). Overall, the general
pattern converged across approaches; however, some distinct deviations
were apparent, likely reflecting differences in their inferential proper-
ties. Conventional meta-analysis and LLM-assisted evidence mapping
differ fundamentally in what they synthesise and how they aggregate
evidence (Dicks et al., 2017). Meta-analysis uses effect sizes as the unit
of analysis and typically reports pooled estimates rather than individual
primary-study outcomes, which can bias directional heterogeneity
(Gurevitch et al., 2018), for example, by indicating an overall positive
effect even when many primary studies report decreasing responses. By
contrast, the LLM framework relies on pattern-level vote counting, in
which each extraction pattern contributes equally regardless of sample
size or variance (Friedman, 2001). Thus, while the LLM-assisted evi-
dence mapping can capture the diversity and frequency of reported re-
sponses, the meta-analytic framework integrates effect sizes using

variance-based weighting and heterogeneity modelling, thereby atten-
uating extreme estimates (either positive or negative), and potentially
converging toward a non-significant overall effect size and thus a neutral
outcome, as reported by Lori et al. (2025). In addition, because the
workflow operates exclusively on abstracts, it is inherently more sensi-
tive to the selective reporting of scientific abstracts, which tend to
emphasise salient, statistically significant, or directional findings while
compressing null, conditional, or context-dependent results. Accord-
ingly, the LLM-assisted evidence map should be interpreted as a syn-
thesis of reported abstract-level response patterns rather than as a direct
representation of underlying ecological effect distributions.

For nematodes, vote counting indicated a predominance of
increasing effects (48 increases vs. 25 decreases and 4 neutral out-
comes), whereas the meta-data-analysis yielded predominantly no-effect
estimates, with a dominance of increasing over decreasing effects (656
increases vs. 121 decreases and 2,137 neutral effects). For nematodes'
functional groups, a similar pattern was observed in the vote-counting,
except for Omnivores and pest-parasitic nematodes (and Protozoa),
which showed only increasing patterns.

For Collembola and Acari, vote counting based on LLM-extracted
primary studies suggested predominantly increasing responses with a
limited number of decreasing responses (Collembola: 18 increases vs. 2
decreases; Acari: 9 increases, 4 decreases, and 1 neutral effect). The
meta-data-analysis similarly identified an overall increasing trend for
both groups; however, decreasing effects observed in the LLM-assisted
evidence map were largely replaced by neutral outcomes rather than
retained as opposing directional signals. This shift indicates that
decreasing responses reported in primary studies may not be sufficiently
consistent or precise to influence the pooled effect when meta-analytic
between-study heterogeneity and variance-based weighting are taken
into account. Consequently, the meta-data-analytic framework tends to
retain the increasing central tendency while attenuating context-specific
decreasing responses as neutral. At the same time, because the present
workflow is based exclusively on abstracts, the apparent predominance
of increasing responses may also partly reflect the preferential reporting
of directional or statistically salient outcomes in abstracts. However, the
clear dominance of increasing effects seen in the meta-data-analysis was
correctly captured by our LLM-assisted framework.

This trajectory of increasing responses under reduced tillage prac-
tices was equally evident among Oligochaeta; Enchytraeids showed only
increasing responses (2 patterns), while Earthworms displayed a robust
increasing response, with 92 patterns reporting increases, clearly out-
numbering neutral outcomes (3 patterns) and decreasing responses (6
patterns). In the meta-data-analysis, only increasing effects were iden-
tified; however, because meta-analyses report pooled effect sizes, the
underlying dataset may still include individual studies showing
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Fig. 5. Contextualization of established evidence and practices with limited and fragmented evidence in the global literature on soil management effects on soil
fauna. Panel (A) is adapted and reduced from Lori et al. (2025), a systematic review of meta-analyses (i.e. a meta-data-analysis), and summarizes the overall effect
directions reported across available meta-analyses for different management practice x contrast combinations. In Lori et al. (2025), direction and significance of
effect sizes extracted from individual meta-analyses constitute the unit of analysis; the number within each bar indicates the number of observations contributing to
the overall effect direction, and the x-axis shows the percentage distribution. Panels (B) and (C) present LLM-assisted evidence mapping based on vote counting from
primary studies’ abstracts, in which each LLM-extracted pattern from each study contributes one vote to the reported effect direction. In these panels, the numeric
value within each bar represents the absolute number of harmonized LLM-extracted patterns supporting that effect direction, whereas the x-axis shows the percentage
distribution. Panel (B), highlighted by the green frame, represents the well-established evidence base on the effects of reduced tillage x tillage on soil fauna (macro-,
meso-, and microfauna), where no-tillage and reduced tillage were combined in the present study into a single category termed reduced tillage and used as the
benchmark component. Panel (C), highlighted by the red frame, represents the practices with limited and fragmented evidence addressed here, namely, biochar x no
biochar and crop residue retention x no crop residue retention. Although panel (A) is based on meta-analytic effect sizes and panels (B) and (C) on primary-study vote
counting, the three panels remain structurally comparable because they are organized using management practice x contrast combinations as columns and biological
actor groups as rows. For all panels, the direction of effect is indicated by color (green = increase, red = decrease, grey = neutral/no effect). Patterns are grouped by
fauna size class (macrofauna, mesofauna, microfauna, and microbiome). In panel (A), Red-till = reduced tillage and Microf. = microfauna. In panels (B) and (C),
opacity reflects evidence robustness, with greater transparency indicating fewer underlying observations for a given practice-actor combination. Mesof. = meso-
fauna; Mix = soil fauna not assigned to a specific size class.



R. Leitao et al.

Table 1

Quantitative summary of the data flow across the knowledge extraction work-
flow modules (Fig. 1). Columns display the total number of extraction patterns
and the number of unique abstracts retained at each stage, stratified by the two
workflow application use cases: Reduced tillage (illustrative comparison) and
Biochar/Crop residues (application to limited and fragmented evidence).

Knowledge extraction Reduced tillage Biochar/Crop residues

workflow modules Patterns Abstracts Patterns Abstracts
count count count count

Web of Science search — 1,375 — 2,773
(Module 1)

Abstract screening - 374 - 773
(Module 2)

LLM extraction and 1,375 374 2,929 773
terminology
unification (Module 3)

Knowledge data 593 255 1,095 518
harmonization
(Module 4)

Final curation (Module 5) 334 173 202 118

decreases that are outweighed through variance- and sample-size-based
weighting, yielding an increasing pooled estimate. Likewise, within the
present abstract-based workflow, strongly directional increasing re-
sponses may be more readily captured when they are preferentially
emphasised in abstracts. The observed concordance nonetheless sug-
gests limited between-study heterogeneity and a relatively consistent
response direction across studies, resulting in only a minor divergence
between the LLM-assisted evidence map and the pooled meta-analytic
inference.

Broad aggregate groups, specifically Soil fauna, soil microfauna, soil
mesofauna, and soil macrofauna, were not individually resolved in the
study by Lori et al. (2025), and the other macrofaunal groups also
revealed predominance of reported increasing responses. Because these
broad categories were not directly resolved in the reference meta-data-
analysis, they should be interpreted here primarily as evidence-mapping
outputs that extend the descriptive coverage of the literature, rather
than as directly comparable meta-analytic groupings. Moreover, because
these categories are derived from abstract-level reporting, they may
reflect how responses are framed and aggregated in the scientific liter-
ature rather than discrete underlying ecological processes.

Taken together, these results demonstrate that an LLM-assisted, vote-
counting knowledge-extraction framework can recover broad direc-
tional patterns of abstract-reported responses identified by meta-analytic
references, particularly for biological groups exhibiting consistent re-
sponses. However, these extracted patterns should be interpreted as
signals of reported scientific discourse that can inform ecological
interpretation, but should not be treated uncritically as direct repre-
sentations of underlying ecological effect distributions. Even so, the
illustrative convergence observed despite methodological differences,
together with consistent precision and recall performance, provides a
reasonable basis for applying the workflow to the biochar and crop-
residue knowledge-gap component, within the interpretative con-
straints of abstract-based evidence extraction.

3.4. Workflow application and ecological evaluation

For the second use case focusing on biochar and crop-residue
retention as practices with limited and fragmented evidence, analysis
of the results revealed overall biologically meaningful patterns (Fig. 5C),
consistent with expected responses to practices that enhance soil organic
matter and improve soil physicochemical properties. Due to the limited
number of primary studies, these results should be interpreted
cautiously. The relatively low number of patterns and abstracts is
consistent with previous findings on the effects of other management
practices on macro-, meso-, and microfauna (Lori et al., 2025).

To keep focused on the methodological scope of the workflow and its
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interpretative boundaries, we discuss one illustrative biological actor in
detail for each management practice: nematodes for biochar and
earthworms for crop-residue retention. The corresponding group-level
ecological interpretations for the remaining faunal categories are pro-
vided in Supplementary Data 2, Section 17, where they can be consulted
as complementary descriptive outputs of the workflow.

Biochar, a carbon-rich material produced through the pyrolysis of
organic biomass, can modify soil physicochemical properties and shift
microbial and faunal communities (Bolan et al., 2024; Lehmann et al.,
2011). Owing to its high porosity and recalcitrant aromatic structure,
biochar persists in the soil matrix for extended periods, serving as a
stable soil conditioner that creates distinct microhabitats for soil biota
(Bolan et al., 2024). However, evidence specific to soil fauna remains
limited and fragmented (Lori et al., 2025).

Examining nematodes at the actor level, biochar application showed
an overall predominance of increasing responses, with nine abstracts
reporting increases, three reporting decreases, and one neutral response
(Fig. 5C). This broad actor-level signal is consistent with the compara-
tively strong performance of the workflow for the actor element, for
which recall ranged from 83.7 to 91.1%, precision from 93.6 to 96.2%,
and F1 from 87.8 to 92.5% across annotators (Fig. 3B), while actor
terminology unification reached 96% correctness (Fig. 4). Applied
illustratively to the 13 extracted nematode patterns, these values suggest
that the actor identity would likely be correct in nearly all cases, with at
most about one extracted pattern affected by actor-level misclassifica-
tion and perhaps one to two additional nematode patterns remaining
unrecovered. However, when evaluated under the deliberately conser-
vative exact-match pattern criterion, recall, precision, and F1 were
lower, ranging from 56.9 to 64.2%, 61.6 to 69.5%, and 58.7 to 65.4%,
respectively (Fig. 3H). If similar performance held for this subset,
roughly 8 to 9 of the 13 extracted complete patterns would be expected
to fully match expert annotation, about 4 to 5 might differ in at least one
element, and approximately 4 to 7 additional complete patterns could
remain unrecovered. These estimates are likely conservative, as some
discrepancies reflect over-extraction or partially correct extractions
rather than entirely incorrect patterns. Operationally, this means that
the dominant actor-level direction is unlikely to reverse, whereas finer
trophic-group contrasts remain more sensitive to individual missed or
mismatched patterns. These nematode patterns should also be inter-
preted in light of the methodological differences between vote-counting
evidence mapping and quantitative synthesis, which may attenuate
directional asymmetries toward weaker or neutral pooled estimates.
Disaggregation by trophic group nonetheless revealed a differentiated
response structure. The nematode functional groups omnivorous (5
patterns), predatory (5 patterns), and omnivore-predatory (2 patterns)
showed exclusively increasing responses. Both bacterial and fungal
feeders exhibited a predominance of increasing responses (3 and 2
patterns, respectively), accompanied by decreasing responses (2 and 1
patterns, respectively). This suggests that, in specific contexts, biochar
may enhance microbial-driven food web pathways (Yuan et al., 2025;
Zhuang et al., 2024). However, the impact of biochar is likely influenced
by additional factors, such as resource availability, soil chemical prop-
erties, and competitive interactions, which may vary depending on the
type of biochar, application rate, and environmental context (Gul et al.,
2015). In contrast, plant-feeding nematodes exhibited an overall
decrease (10 decreases, 1 increase) (Fig. 5C). This reduction could be
attributed to enhanced plant health resulting from biochar application,
which can reduce root damage, lower the attractiveness or accessibility
of roots to plant-parasitic nematodes (Bolan et al., 2024; Murtaza et al.,
2023; Poveda et al., 2021). At the same time, because trophic-level
contrasts are based on smaller numbers of abstract-derived patterns,
and because agronomically desirable or otherwise salient outcomes may
be preferentially highlighted in abstracts, these finer response differ-
ences should be interpreted cautiously.

Retaining crop residues, consisting of the above- and belowground
remains of cultivated plants, is among the most common and
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increasingly adopted organic inputs in agricultural soils (Brichi et al.,
2023; Chen et al., 2014). Unlike biochar, which is more chemically
stable, residues decompose relatively quickly and act as an immediate
source of carbon and nutrients (Brichi et al., 2023; Ruis and Blanco-
Canqui, 2017). Their incorporation is generally associated with im-
provements in soil organic matter, nutrient availability, and structure,
although the magnitude and direction of these effects can vary
depending on residue type, decomposition dynamics, and management
practices such as tillage or mulching (Blanco-Canqui and Lal, 2009; dos
Santos Soares et al., 2019). Similar to biochar, retaining crop residues
can alter soil physicochemical conditions and thereby influence micro-
bial communities as well as broader soil faunal assemblages (Chen et al.,
2014; Ranaivoson et al., 2017; Turmel et al., 2015).

For soil macrofauna overall, residue retention showed a predomi-
nance of increasing responses, with 9 patterns reporting increases and 3
reporting decreases, with an increase in abundance reported across
multiple groups. Within this category, earthworms were the most
frequently extracted actor and likewise showed a clear predominance of
increasing responses, with 16 patterns indicating increases and 5 de-
creases (Fig. 5C). This actor-level signal is consistent with the compar-
atively strong performance of the workflow for the actor element, for
which recall ranged from 83.7 to 91.1%, precision from 93.6 to 96.2%,
and F1 from 87.8 to 92.5% across annotators, while actor terminology
unification reached 96% correctness. Applied illustratively to the 21
extracted earthworm patterns, these values suggest that actor identifi-
cation would likely be correct in nearly all cases, with only a small
number of earthworm patterns potentially remaining unrecovered. By
contrast, under the deliberately conservative exact-match pattern eval-
uation, recall, precision, and F1 were lower, ranging from 56.9 to 64.2%,
61.6 to 69.5%, and 58.7 to 65.4%, respectively, indicating that some
complete patterns may still remain unrecovered or differ from expert
annotation in at least one element. Operationally, this suggests that the
dominant earthworm-level direction is likely robust, even if the exact
balance between increasing and decreasing patterns may be somewhat
sensitive to residual extraction error. However, extracted patterns
should be interpreted cautiously, as vote-counting based exclusively on
abstracts may amplify reported directional asymmetries relative to meta-
analytic synthesis. Within these constraints, the observed patterns can
be explained by the direct contribution of residues to food availability,
both as an organic substrate and through the stimulation of microbial
populations that form the base of the soil food web (Turmel et al., 2015).
In the case of earthworms, residues can serve as a direct food source,
supporting increased abundance and activity while simultaneously
improving soil structure, organic matter content, and moisture reten-
tion, reinforcing their role as ecosystem engineers (Turmel et al., 2015).
At the same time, the persistence of some decreasing patterns indicates
that these responses are not uniformly positive across contexts and
should therefore be interpreted as dominant reported tendencies rather
than invariant ecological outcomes.

3.5. Further limitations and challenges

Overall, the benchmarking evaluation showed that the LLM-assisted
pattern extraction achieved high performance (Figs. 2 and 3). Never-
theless, extraction evaluations were influenced by a small subset of
abstracts exhibiting very low performance, which disproportionately
affected the overall evaluation results. These cases highlight that
knowledge-extraction performance is sensitive to the clarity and
completeness of abstracts, because information that is incompletely re-
ported or presented with linguistic or statistical ambiguity can
compromise extraction accuracy. Similarly, abstracts describing highly
complex experimental designs remain more challenging to interpret, as
essential details are often not explicitly reported, are conveyed in vague
terms, or are restricted to selected practice-contrast combinations.
Based on repeated expert observations made during the iterative prompt
development process and testing across multiple abstract sets, abstract
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reporting quality was therefore considered a major practical constraint
on knowledge mining. However, because this attribution was not iso-
lated through a formal empirical comparison against all model- and
prompt-related sources of variation, it should be interpreted as an
expert-informed assessment rather than as a directly demonstrated
benchmark result; related prospects for improving abstract design to
better support LLM-assisted extraction are discussed in Section 3.6.

A further limitation is that, although the workflow can recover
contextual information when it is explicitly reported in abstracts, such
information is often incomplete and unevenly distributed across the
abstract set. As a result, important qualifiers for soil-fauna responses,
such as local environmental conditions, sampling design, or temporal
context, may be insufficiently represented to support robust context-
resolved interpretation at scale. Accordingly, the resulting patterns are
best understood as broad evidence-mapping outputs, rather than
context-complete ecological synthesis.

A related limitation concerns the balance between the management
and biological dimensions of the extraction framework. Although the
workflow includes explicit biological elements, particularly actor,
property, and method or measurement, the biological component de-
pends more directly on the level of detail reported in abstracts than the
management component, which was more tightly structured to preserve
practice definitions and contrasts. As a result, when abstracts omit
taxonomic specificity, ecological guilds, or response metrics, biologi-
cally meaningful heterogeneity may be compressed during harmo-
nisation and aggregation. Accordingly, downstream interpretation is
generally more robust for broad biological actors and reported direc-
tional tendencies than for finer taxonomic or metric-resolved ecological
inference.

From a methodological perspective, it is also important to note that
workflow performance remains partly dependent on the specific LLM
selected for knowledge extraction and terminology unification.
Although recent OpenAl models tested during workflow development
showed broadly similar behaviour, the present study did not include a
formal robustness assessment across different high-capacity LLM archi-
tectures or alignment strategies. Thus, while the highly explicit prompt
design likely reduces model-related variability, we cannot rule out that
different models may resolve abstracts with limited reporting clarity and
completeness differently, thereby altering extracted patterns. This issue
should be addressed in future cross-model benchmarking studies.

Also from a methodological perspective, prompt robustness and
reproducibility were not evaluated through a formal sensitivity frame-
work. Specifically, we did not quantify stability across repeated runs,
sensitivity to prompt paraphrasing, or the effects of modifying the pre-
defined unification lists, and these aspects should therefore be addressed
in future methodological benchmarking.

An important boundary of the present workflow is that it is not
designed for formal detection-attribution analysis (Gonzalez et al.,
2023; Schrodt et al., 2025) and should not be used as a standalone basis
in assessment or policy-oriented contexts. Although the extraction
structure records directional relationships between management prac-
tices and soil-fauna responses, these outputs represent abstract-reported
patterns rather than formally detected trends or attributed causal ef-
fects. The framework does not include key elements required for
detection-attribution, such as explicit causal modelling, temporal
baselines, time-series structure, or counterfactual comparisons. Instead,
it provides a structured evidence map of reported directional outcomes
that can support hypothesis generation and the screening of broad ten-
dencies in societally relevant management contexts, but not formal
attribution claims or decision-grade environmental assessment.

3.6. Applications and future directions
A promising direction for further development is the selective

incorporation of article sections beyond abstracts to improve contextual
resolution while preserving the scalability that makes the present
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workflow useful. The exclusive use of abstracts is not only a limitation
but also a methodological advantage: abstracts are short, relatively
standardised, and consistently available, making them especially suit-
able for rapid, large-scale screening. At the same time, adding selected
sections could improve the capture of qualifiers, contrasts, and bound-
ary conditions that are often compressed in abstracts (Schuemie et al.,
2004; Westergaard et al., 2018). Rather than moving directly toward
unrestricted full-text extraction, a more practical path may be to
augment abstracts selectively with highly informative sections or met-
adata fields. In this regard, empirical sections appear particularly
valuable, especially the Results section, because it contains substantial
study-specific information, while the Methods and Results together may
better anchor extraction in reported findings rather than broader
interpretative discourse (Penning de Vries et al., 2020; Schuemie et al.,
2004). Conclusions may also represent a useful intermediate target
because they often summarise findings in a relatively condensed form
(Cohen et al., 2010). In parallel, enriched metadata fields, especially
expanded keywords, could further improve evidence detectability at low
additional cost (Duyx et al., 2019). Accordingly, future versions of the
workflow could test targeted hybrid strategies that preserve the effi-
ciency of abstract-based screening while improving contextual resolu-
tion. Where contextual descriptors are reported with sufficient
consistency, such strategies could also support stratified evidence
mapping or subset analyses, for example, by study type, taxonomic
group, temporal scope, or other abstract-derived qualifiers, thereby
improving ecological specificity and reducing overgeneralisation.

Given the limitations associated with abstract-only extraction, a
promising future direction is to retain conventional abstracts while
complementing them with more standardised, machine-readable
reporting formats. One practical option would be to adopt structured
abstracts or parallel metadata repositories in which authors deposit
harmonisable descriptors alongside the narrative abstract, including
taxa, response metrics, management contrasts, study type, and other key
contextual variables. Such formats could remain compatible with con-
ventional scientific communication while providing higher-quality in-
puts for rapid synthesis tools, reducing ambiguity, improving biological
specificity, and preserving scalability. LLMs could further support the
generation, validation, and refinement of these structured reporting
layers. In the longer term, such enriched reporting structures could also
allow LLM-assisted workflows to move incrementally toward detection-
oriented applications by retaining the publication year and study period
for each extracted pattern, linking patterns to explicit study-design and
environmental-context metadata, and selectively integrating compar-
ator or control information when reported, thereby enabling more
structured temporal and counterfactual interpretation while preserving
scalability.

The presented workflow was developed within the context of agri-
culture and soil sciences, with a primary focus on management practices
and their interaction with soil fauna, in line with Lori et al. (2025). The
accompanying workflow application focused on three commonly used
management practices and three major groups of soil biological actors,
and served as a targeted demonstration within this context. While the
use cases presented in this study served as a demonstration, the work-
flow is readily extensible to address other areas with limited and frag-
mented evidence, such as the effects of pest management on soil biota or
the links between soil vegetation management and fauna. For that
purpose, only Modules 5 and 6, as well as the initial search string
(Module 1), were tailored to the specifics of the presented use cases. In
contrast, Modules 2 to 4 were designed to be methodologically gener-
alizable across research questions within this disciplinary context. At the
same time, transferability across contexts depends not only on the LLM
itself, but also on the adaptation of the conceptual elements, controlled
categories, and curation logic embedded in the workflow to the structure
of the target knowledge domain. Moreover, the abstract-based, LLM-
assisted data-mining strategy presented here is well-suited for broader
application across ecology and environmental sciences, as illustrated in
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Supplementary Data 2, Table S1, particularly in fields where large and
fragmented bodies of literature pose challenges for synthesis, such as
pollination ecology, invasive species dynamics, biodiversity—ecosystem
functioning research, or studies on the impacts of climate change on
ecological communities. Given the workflow’s fully transparent, open-
access design, applications beyond the soil and agricultural domain
can be supported through adaptations ranging from straightforward
refinements to more moderate adjustments of the prompt-chain text and
code, depending on the structure of the target extraction patterns and
the specificity of the research context.

4. Conclusions

Overall, this study shows that an LLM-assisted workflow can effi-
ciently extract, structure, and map reported evidence on soil-fauna re-
sponses to agricultural management from large corpora of scientific
abstracts with limited manual input. Rather than providing quantitative
evidence synthesis in the meta-analytic sense, the workflow generates a
rapid evidence map of abstract-reported directional outcomes that is
most informative for identifying broad reported tendencies, in-
consistencies, and knowledge gaps across fragmented literatures. Within
this scope, crop-residue retention emerged as a predominantly benefi-
cial signal in the reported literature, particularly for earthworms and
nematodes, whereas biochar was characterised by a more heteroge-
neous, context-dependent pattern. At the same time, repeated expert-
guided development and benchmarking indicated that the interpreta-
tive value of the outputs is strongly shaped by the scope, quality, and
completeness of abstract reporting, even though this influence was not
identified as a formal benchmark result. Accordingly, the proposed
framework is best understood as a complementary tool for organising,
screening, and prioritising dispersed ecological evidence, and for sup-
porting hypothesis generation and subsequent in-depth review, rather
than as a substitute for full-text synthesis, effect-size-based meta-anal-
ysis, or decision-grade ecological inference.
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