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1 | INTRODUCTION While this expansion supports better responses to challenges such

as habitat loss and climate change, it also makes manual literature
Ecology and conservation science are data-driven disciplines that reviews increasingly unscalable. Literature synthesis requires iden-
rely on synthesizing research across diverse fields to shape man- tifying relevant studies, extracting study-level information and in-
agement and policy decisions. Over the past decade, the volume tegrating findings. However, one critical bottleneck is converting
of both peer-reviewed and grey literature in ecology has doubled. unstructured text into structured metadata. Key information such as
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country, biome, taxa and sensors used is embedded in heterogene-
ous texts and must be transformed into structured formats (e.g. CSV
tables) for trend analysis, meta-analysis and evidence synthesis. This
step remains labour-intensive and error-prone, motivating the need
for scalable, automated extraction workflows.

Automatic retrieval of context-based information from unstruc-
tured ecological text has long been a core pursuit in ecology and
conservation (Nundloll et al., 2022). Traditional Natural Language
Processing (NLP) toolkits such as SpaCy (Vasiliev, 2020) provide
off-the-shelf pipelines for named-entity recognition (NER) (e.g. lo-
cation), and text classification (Qiu et al., 2020), but often struggle
with domain-specific vocabulary or novel entity types, requiring
task-specific annotation and fine-tuning (e.g. TaxoNERD via trans-
fer learning; Le Guillarme & Thuiller, 2022). Earlier pre-transformer
sequence models (e.g. RNN/LSTM architectures) can carry context
forward, but had limited ability to capture long-range dependencies
(Pascanu et al., 2012). Transformer architectures overcame these
limitations by using self-attention to model both local and global
context simultaneously (Vaswani et al., 2017). Transformer-based
Large Language Models (LLMs), such as the GPT family, can there-
fore perform zero- or few-shot extraction of structured information
without task-specific training data, enabling more robust and gener-
alizable extraction across diverse unstructured scientific texts.

Since the release of GPT-2 in 2019, the LLM landscape has
exploded with dozens of models from various providers such as
OpenAl, Meta, Google, xAl, DeepSeek, etc. ChatGPT and its use in
academia has been at the centre of an active debate regarding the
ethics of its usage since its launch, in 2022. This debate has predom-
inantly focused on its use in academic writing (Johnson et al., 2024),
coding (Cooper et al., 2024), education (Extance, 2023) and its energy
and water consumption (Ren et al., 2024). At the same time, LLMs
are transforming scientific workflows, particularly in biomedicine,
where they are widely used to extract structured information for
evidence synthesis and meta-analysis (Balasubramanian et al., 2025;
Dagdelen et al., 2024; Huang et al., 2024; Idnay et al.,, 2021;
Sacoransky et al., 2024). Ecology and conservation science have also
begun to see the potential of LLMs for evidence synthesis (Berger-
Tal et al., 2024; Reynolds et al., 2024), and this landscape has ex-
panded sharply over the last 2years. Several studies now show that
general-purpose LLMs can extract key ecological entities such as
taxa and study location with high accuracy from unstructured texts,
in many cases exceeding the performance of task-specific NER pipe-
lines (Castro et al., 2024; Gougherty & Clipp, 2024) and can also infer
ecological relationships among entities (Scheepens et al., 2024).

Despite growing interest, evidence for LLM-assisted metadata
extractioninecology remains fragmented. Recent studies have begun
evaluating multiple models, prompting approaches and metadata
fields within ecological extraction workflows (e.g. Lu et al., 2026).
However, important questions remain about how model choice and
prompting interact across extraction tasks that differ systematically
in contextual ambiguity. Although LLMs differ on general bench-
marks (Hendrycks et al., 2020; Ono & Morita, 2024), their outputs
may reflect biases and domain gaps (Meyer et al., 2023), which is
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particularly relevant in ecology where target fields are often implicit
and context-dependent (e.g. distinguishing focal taxa or overlapping
biome categories). Prompt design is known to influence extraction
quality in other domains (Lee et al., 2025; Sivarajkumar et al., 2024)
and increasingly in ecology (Lu et al., 2026; Scheepens et al., 2024).
Building on this work, we examine prompting across a broader set
of models and explicitly test tasks spanning a gradient of ambiguity,
including whether reasoning-oriented models reduce sensitivity to
prompt design.

To address this gap, we develop an expert-in-the-loop pipeline
combining systematic prompt refinement, evaluation across mod-
els with varying reasoning capacities selected from high-ranking
models on Vals Al benchmarks (Vals Al, 2025; an independent third-
party organization that publishes LLM benchmarks) and quantitative
validation for structured extraction from ecological texts. Using 500
manually annotated abstracts, we compare nine LLMs from four pro-
viders (including reasoning and non-reasoning variants) under four
prompting strategies, from Basic to Directive. We evaluate each
model-prompt combination using F, score alongside API latency
and token cost to quantify cost-time-performance trade-offs. This
design allows us to provide evidence-backed answers to three ap-
plied questions: (1) how strongly model choice influences extraction
performance, (2) how prompting strategy alters performance across
tasks spanning a gradient of ambiguity and (3) which model-prompt
combinations offer the best efficiency-performance balance for
real review workflows. Finally, to support reproducible adoption,
we release LitStructLLM, a cross-platform desktop application that
enables prompt-based metadata extraction from unstructured text
across models from different providers without coding (https://ze-
nodo.org/records/18307181).

2 | METHODS

2.1 | Building an LLM-integrated pipeline for
extracting data from literature

A typical literature review pipeline in ecology or conservation
follows four main steps: (1) defining the research question; (2)
searching/collecting publications (e.g. Web of Science, Scopus, or
Elicit; Whitfield & Hofmann, 2023); (3) screening relevant studies;
and (4) extracting structured information (e.g. location, ecosystem
type, outcomes). While LLMs can assist with search and collection
(Berger-Tal et al., 2024), we focus here on structured data extraction
from scientific text. This step is crucial and challenging, requiring
contextual interpretation, consistent categorization, and machine-
readable outputs for downstream analyses. Extracted data can then
support qualitative reviews or quantitative meta-analyses, informing
research, policy and management. LLMs can be integrated into this
step to convert unstructured text into structured outputs (e.g. CSV)
while keeping domain experts in control (Reynolds et al., 2024). In
our pipeline (Figure 1), experts define controlled vocabularies, design
prompts for schema-compliant outputs and validate performance
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FIGURE 1 Overview of our Large Language Model (LLM)-powered literature review pipeline. After collecting publications via
conventional or Al-based databases (e.g. Web of Science), relevant articles are filtered (with or without LLM) before the LLM extracts key
information (e.g. study location). An iterative feedback loop with random validation checks and prompt refinements ensures consistent
performance and results in a structured final dataset for further analyses.

against a manually annotated reference set. Although we focus
on metadata extraction, these structured fields can also support
screening and filtering (e.g. excluding non-target taxa, locations or
platforms; Figure 1).

2.1.1 | Overview of the pipeline

Our workflow recommends two stages for the data extraction

pipeline:

1. Prompt development: Use a small, randomly sampled subset
to iteratively refine prompts, diagnose systematic errors and
stabilize output formatting.

2. Quantitative validation: Evaluate the frozen prompt(s) on a larger,
independently annotated subset and report accuracy metrics (e.g.

F, score).

This separation avoids the common confusion between prompt
development and model evaluation. Prompt development is used to
improve prompts, whereas validation is a quantitative, held-out per-
formance assessment. The prompt development subset should be
large enough to identify recurring error patterns, whereas the vali-
dation subset should be sufficiently large to provide stable estimates
of extraction performance. The exact allocation depends on corpus
size, task complexity and observed error patterns.

2.1.2 | Case study dataset (=500 abstracts)

We evaluated the pipeline on a random sample of 500 abstracts from
the autonomous ecosystem monitoring literature (Qi et al., 2025). We
used 100 abstracts (20%) for prompt development and the rest of the
400 abstracts (80%) for validation. This allocation reflects our primary
aim of assessing LLM performance under a fixed prompt configura-
tion and therefore prioritizes using as much data as possible for held-
out evaluation once prompt development is complete. Each abstract
was manually annotated for seven fields spanning a gradient from ex-

plicit to context-dependent extraction:

Country of study

Biome (e.g. Forests, Savannas, Marine, Coastal)

Taxonomic kingdom monitored (e.g. Animalia, Plantae, Fungi)
Platform deployed (e.g. drone, ground robot, glider)

eSS .

Sensor onboard the autonomous system (e.g. RGB, multispectral,
LiDAR, sampler)
Study type (Methodology vs Ecology)

o

7. Application (Monitoring vs Sampling)

The first three fields were used for the comparative benchmarking
of models and prompting strategies, whereas the remaining four fields
were reserved for evaluating the transferability of the selected model-
prompt configuration. Several of these fields require whole-abstract
interpretation rather than keyword matching. For example, sampling is
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used inconsistently in abstracts and may refer either to physical speci-
men collection or to non-contact acquisition (e.g. imagery-based ‘sam-
pling’ of an area), so disambiguation depends on surrounding context.
Similarly, sensor mentions may include satellites or in situ devices. Our
target label requires identifying the sensor mounted on the autono-
mous platform rather than merely mentioned comparators.

2.1.3 | Annotation procedure

To reduce subjectivity and potential bias in the reference labels, one
researcher completed initial annotations, and a second researcher
independently reviewed a subset and flagged disagreements for
resolution (e.g. whether coral reefs should be coastal or marine). During
prompt development, reviewing LLM's justifications occasionally
revealed genuine human annotation mistakes or inconsistencies,
which were corrected according to the predefined labeling rules. For
example, one UAV disturbance study assessed wildlife responses by
comparing field-observed behavioural reactions during ground-based
and UAV surveys, independent of the drone's onboard sensors (Krause
et al., 2021). Our initial manual label mistakenly implied imaging-based
sensing, but the LLM's response has no mention of onboard cameras,
and we corrected the annotation to NA. We did not systematically
track the number of such corrections, and all adjustments were
restricted to the 100 abstracts used for prompt development; the 400

evaluation abstracts were not modified after prompt finalization.

2.1.4 | Prompting via context engineering

We compared four prompting styles spanning a gradient from minimal
context specification to highly specified contexts and strong extrac-
tion constraints. We refer to this as context engineering, because the
key variation is the amount and structure of context provided to the
model. We evaluated the effect of increasing contextual guidance on
three fields that span a natural difficulty gradient: Country where the
study was conducted (highly constrained and explicit), Kingdom of the
taxa monitored by the autonomous system (limited to a fixed set of
labels (e.g. Animalia, Plantae), yet context-based inferences require
careful prompts, such as distinguishing the organism of primary in-
terest from the organism actually monitored by drones/robots.), and
Biome where the autonomous system was deployed (semantically
ambiguous with overlapping categories, e.g. tropical forest, tropical
rainforest). The remaining four manually annotated fields (Platform,
Sensor, Study type and Application) were reserved for a later ex-
tended end-to-end validation using the selected best-performing
model-context configuration (Section 2.2.4).

1. Basic (Zero-Shot): A minimal, one-sentence instruction (e.g.
‘Extract the country of study from this abstract’.), representing
the simplest out-of-the-box use case most practitioners might

try first (Supplementary Section S1).
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2. Categorical: We constrain the model by listing acceptable output
labels (e.g. 1ISO3 country codes; Kingdom={Animalia, Plantae,
Fungi, ...}; Biome={Forest, Savanna, Marine, Coastal, ...}), reduc-
ing label-set ambiguity (Supplementary Section S1).

3. Chain-of-Thought: We prompt the model to think aloud by laying
out the reasoning steps it should follow and by providing one or
more worked examples of how to apply the rules, testing whether
explicit internal reasoning steps improve extraction fidelity
(Supplementary Section S1).

4. Directive (Iteratively Refined): Our most detailed style, built by
iteratively refining the prompt, combining clear task definitions,
output-format enforcement (clear set of expected labels) and

disambiguation rules (Supplementary Section S1).

We explicitly included an NA category only in the structured
prompting styles (Categorical, Chain-of-Thought and Directive),
where we specify a constrained label set. The Basic zero-shot
prompt was intentionally minimal and did not enforce an NA option.

2.1.5 | How was prompt refinement performed?

During refinement on the prompt development subset (100 out of 500
abstracts), we required the model to provide a brief justification for each
extracted label. Domain experts reviewed these justifications to identify
recurring failure modes (e.g. ambiguous biome boundaries; studied vs
merely mentioned taxa; distinguishing onboard sensors from satellites or
in situ devices) and revised the prompts by adding more context accord-
ingly. Refinement stopped when successive prompt revisions no longer
reduced recurring error patterns on the development subset. Prompt
refinement was performed using a single, consistent reference model
(gpt 40-mini) to keep the development process tractable. The finalized
prompts were then applied unchanged across all benchmarked models.
We therefore treat the refined prompts as a standardized test instru-
ment rather than a per-model optimization strategy. We acknowledge
that additional gains may be achievable through model-specific prompt
or context engineering, since models differ in capabilities, instruction-
following behaviour and sensitivity to contextual framing. However,
such tuning was outside the scope of this study, which instead evaluates

the cross-model robustness of a shared prompting framework.

2.2 | Model selection and evaluation
2.21 | Model selection and settings

In this study, we focus on high-ranking models, including both open-
weight and closed models, accessed consistently via model-provider
APIs to ensure comparable deployment conditions. We acknowl-
edge that including locally deployable open-weight models would
strengthen the reproducibility dimension of this study; however, we

do not restrict our evaluation to open-weight models for two reasons.
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First, the landscape is evolving rapidly, with some previously propri-
etary models later released as open-weight (e.g. Grok-1, initially re-
leased in November 2023 and made available as open weights in March
2024). Second, the most widely used models in practice are typically
the highest-performing ones, regardless of openness and our goal is to
demonstrate their use for literature review tasks under realistic con-
ditions. By evaluating both open-weight and closed models through a
common API interface, we isolate the role of prompting and context
engineering rather than deployment differences. Our aim is not to pro-
mote specific model types, but to show that structured prompting and
validation can improve extraction performance across top-performing
models, with principles expected to transfer to other model families.
We applied the four prompting styles across nine high-ranking
and reasonably priced reasoning and non-reasoning LLMs from top
providers, selected based on their ranks on the MMLU-PRO (Wang
et al., 2024) leaderboard reported on vals.ai (Vals Al, 2025) as of 23
May 2025. Among these, two models (DeepSeek variants) belong
to open-weight families, while the remainder are closed models.
We excluded OpenAl's 03 because it was approximately an order
of magnitude more expensive than the next most expensive model

considered. The models were:

e Non-reasoning variants (5): OpenAl's GPT-40 mini, GPT-40, GPT-
4.1; Google's Gemini-2.0-flash-001; deepseek-chat

e Reasoning-optimized variants (4): OpenAl's GPT-40 mini-Reasoning,
Google's Gemini-2.5-pro-preview-03-25, xAl's grok-3-mini-fast,

deepseek-reasoner

This full factorial (? models x4 prompt styles) lets us pinpoint (1) how
much the choice of model matters, (2) whether native reasoning-enabled
architectures perform better than their non-reasoning counterparts and
(3) which prompting strategies are most robust across architectures.
Across providers, we controlled the top-level system instruction,
keeping it constant across all runs: ‘You are an ecological research
assistant focused on extracting information from scientific text.
Do not fabricate data’. This ensured consistent behaviour across all
prompting styles. Where supported, we set temperature=0 to mini-
mize variability (Windisch et al., 2024), although this was not available
for some models (e.g. OpenAl reasoning models and Google Gemini),
where defaults were used. Residual non-determinism can persist (Atil
et al., 2024); in repeated runs (Supplementary Section S3), variability
was low under constrained prompting (~3/50 abstracts) and higher
under Basic prompting (~8/50), with differences limited to boundary
cases or non-semantic phrasing. Outputs were returned in machine-

readable format (e.g. JSON) and exported to CSV for analysis.

2.2.2 | Evaluation metrics, post-processing and
cost-time measurements

We treated each field as a multi-label classification task (an ab-
stract may map to multiple biomes or multiple kingdoms). We
evaluated performance using the weighted F, score (the harmonic

mean of precision and recall, weighted by class support) (Hu &
Zhou, 2024), which reduces sensitivity to rare classes and strong
label imbalance typical of ecological corpora. When prompts did
not constrain outputs (only Basic prompting), models produced
many semantically similar but non-identical strings (e.g. ‘tropical
rainforest’, ‘Amazon forest’, ‘woodland’). To compute label-based
metrics, we normalized these free-form responses to our con-
trolled vocabulary using a two-stage fuzzy-matching pipeline im-
plemented in Python. First, each predicted label was lowercased
and stripped, then mapped through a manually curated synonym
dictionary that links common variants to canonical biome labels
(e.g. ‘rainforest’, ‘tropical forest’ to Forests; ‘estuary’, ‘salt marsh’
to Coastal; ‘reef’, ‘coral’ to Coral reef). If no exact synonym match
was found, we applied approximate string matching using fuzzy-
wuzzy python package with the partial ratio scorer to compare
the candidate string against the list of canonical biome labels. A
prediction was assigned to the best-scoring canonical label if its
similarity score exceeded a fixed threshold (80); otherwise, it was
mapped to NA. For multi-label outputs, we split comma-separated
predictions into individual items, mapped each item indepen-
dently, dropped items mapped to NA and then deduplicated the
remaining mapped labels while preserving order. If all items failed
to match, the final mapped output was [NA]. This normalization
was applied only for the basic prompting style to enable fair com-
putation of F,. Other prompting strategies explicitly constrain the
label set and hence remove the need for post-hoc mapping. For
each model-prompt pairing we recorded: (i) API latency (end-to-
end response time per abstract under our calling conditions) and
(i) token costs per abstract, enabling a cost-time-performance
comparison across all evaluated configurations.

2.2.3 | Statistical analysis

To test whether extraction performance differed across context styles,
we treated each model as a paired replicate (N=9) and compared F;
scores across the four context styles (Basic, Categorical, Chain-of-
Thought, Directive) using the Friedman test (Friedman, 1937), a non-
parametric repeated-measures analogue of one-way ANOVA. Besides,
we conducted planned paired post-hoc comparisons between adjacent
context styles (Basic to Categorical, Categorical to Chain-of-Thought,
Chain-of-Thought to Directive) using Wilcoxon signed-rank tests
(Wilcoxon, 1945). To control the family-wise error rate across the set
of post hoc tests within each field, p-values were adjusted using the

Holm step-down procedure (Holm, 1979).

2.24 | End-to-end pipeline validation on
additional fields

After identifying the best-performing model-context combination
from the three-field benchmark (Country, Biome, Kingdom), we ap-
plied that configuration to the remaining four fields (Platform, Sensor,
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Study type, Application) on the full set of 500 abstracts. This also
serves as an additional held-out validation where the four remain-
ing fields were manually annotated (one annotator, independently
reviewed by a second), with the first 100 abstracts used for prompt
development and the remaining 400 used for quantitative validation.
These fields are deliberately included because they require contex-
tual interpretation (e.g. distinguishing onboard sensors from satel-
lites; disambiguating ‘sampling’ versus ‘monitoring’; and separating
methodological contributions from ecological findings) and therefore
test whether the pipeline generalizes for more nuanced fields. The
full prompts used for all fields in the directive style are provided in the
Supplementary Materials (Section S2).

2.3 | Software implementation

Our methods are implemented in LitStructLLM, a user-friendly,
open-access, cross-platform desktop application (Krishna Moorthy
et al., 2026). LitStructLLM allows users to process directories of PDFs
or CSV files of abstracts, customize extraction prompts via an intuitive
graphical interface and export structured outputs directly to CSV for
analysis. Compared to commercial tools, LitStructLLM offers two
main advantages. First, scalability and cost-effectiveness: it is model-
agnostic and supports any APl-accessible model from four providers
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(OpenAl, Google, DeepSeek and xAl), with throughput limited only
by API quotas rather than fixed publication caps or extraction limits.
This includes both closed models and models from open-weight
families (e.g. DeepSeek and xAl's Grok-1), where available via these
providers. Second, transparency and reproducibility: all user-defined
and system-generated prompts are explicitly recorded, enabling
auditability, customization and reproducible data extraction without

requiring programming expertise.

3 | RESULTS

Figure 2 summarizes weighted F, scores for each model across the
four context styles (Basic, Categorical, Chain-of-Thought, Directive)
and all three extraction fields (Country, Kingdom, Biome) and is ref-

erenced throughout the Results.

3.1 | How critical is the choice of model for
structured data extraction?

Model choice affects the final F, score, but differences among the
strongest models are modest and there is no single clear winner
(Figure 2 and Supplementary Table S1). Across all nine LLMs, the

F1 Score (%) by Model and Prompt Strategy Across Categories
(@ = Reasoning Models, O = Non-Reasoning)

(a) Country
@ grok-3-mini-fast @ gemini-2.5-pro-preview-03-25
O gemini-2.0-flash-001 O gemini-2.0-flash-001
O gpt-4o-mini O gpt-4o-mini
@ deepseek-reasoner

@ deepseek-reasoner

O deepseek-chat @ grok-3-mini-fast

Model

O deepseek-chat

O gpt-4.1

@ gemini-2.5-pro-preview-03-25

0 50 100 0
F1 Score (%) F1 S

(b) Biomes

(c) Kingdom

Prompt Strategy
B basic
m categorical
B chain of thought
B directive

O gemini-2.0-flash-001

@ gemini-2.5-pro-preview-03-25

@ grok-3-mini-fast

@ deepseek-reasoner

O deepseek-chat

50 100
core (%)

0 50 100
F1 Score (%)

FIGURE 2 lllustrating the model performance across extraction fields. Weighted F, scores (%) for nine pay-per-token, APl-accessible
LLMs evaluated under four context styles (basic, categorical, chain-of-thought, directive) on three manually annotated fields: (a) Country,
(b) Biomes and (c) Kingdom. Bars show F, for each model-context pairing within a field. Filled circles denote reasoning-optimized variants

and open circles denote non-reasoning variants.
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Directive context generally produced the highest or near-highest F,
score for each field when performance is aggregated across models
(Figure 2), reflecting the benefits of explicit label constraints and
disambiguation rules. Some models nonetheless achieved their
peak F, score under the categorical or Chain-of-Thought context,
consistent with field- and model-specific sensitivity to how
contextual guidance is presented. To provide a consistent, high-
performing basis for model comparison, we therefore summarize
model performance below under the Directive context and refer to
Figure 2 (and Supplementary Table S1) for the full model x context-
style results.

Under the Directive context, Country extraction was con-
sistently high across models (range 88%-97%), while the more
context-dependent fields exhibited comparatively lower F, score
range Kingdom (77%-90%) and Biome (77%-86%). The top-
performing models were closely clustered. For example, the best
three models differed by ~2% F, for Biome and ~1% for Kingdom,
indicating that several models deliver comparable performance
once the context is well specified. GPT-40 achieved the highest
Directive F, for Country (96%) and Biome (86%), while GPT-4.1
was highest for Kingdom (90%). The weakest performers overall
(e.g. DeepSeek-chat, Gemini-2.0-flash and GPT-40-mini under
the Directive context as in Figure 2) lagged primarily on Biome
and Kingdom, whereas Country performance was comparatively
high across all models. Biome had the lowest best-case F, across
contexts, with errors concentrated in boundary categories with
the most frequent confusions involving the Coastal, Marine and
Coral reef labels (see Supplementary Figure S1). In practice, our
results indicate that testing a small set of general high-performing
models across a few context styles, with output validation, can
help identify a high-performing model-prompt configuration for

a given task.

3.2 | To what extent do different context engineering
strategies impact extraction performance?

Prompt design via context specification emerged as a major driver
of extraction F, score across all nine LLMs (Figures 2 and 3 and
Supplementary Figure S2). When using Basic (zero-shot) prompts
without constraining outputs, the raw model responses require
substantial post-processing before evaluation. Basic prompt-
ing yielded 1673 and 47 unique labels for the biome and king-
dom fields, respectively, across 500 abstracts, far exceeding the
predefined categories of nine and six labels (see Supplementary
Section S6 for the full list of returned labels). To match these re-
sponses with our categorical labels, we applied a fuzzy-matching
algorithm that mapped each free-form response to the closest
biome term in our controlled vocabulary before computing F,
scores. In contrast, for the Categorical, Chain-of-Thought and
Directive contexts, no fuzzy matching or post-processing was

performed, and F, scores were evaluated directly on the model

outputs. Across all validation runs, responses adhered strictly to
the predefined label set (including an explicit NA option), with zero
labels outside the permitted categories.

We quantified the effect of context style by treating models
as paired replicates (N=9) and applying a Friedman test across the
four styles. Context style significantly affected performance for all
three fields: Country (;(2:16.7, df=3, p<0.005), Kingdom ()(2:16.3,
df=3, p<0.005) and Biome (;(2:19, df=3, p<0.005). Planned paired
post hoc comparisons used Wilcoxon signed-rank tests with Holm
correction (Figure 3). The largest and most consistent improvement
came from adding output constraints (Basic to Categorical), which
significantly increased F, for Country (p_adj<0.05) and Biome
(p_adj<0.05). For Biome, adding additional contextual guidance
beyond categorical constraints also provided a measurable gain:
Categorical to Chain-of-Thought was weakly significant (p_adj<0.1),
whereas Chain-of-Thought to Directive was not (p_adj>0.1), indicat-
ing diminishing returns once the label space and key disambiguation
rules are established. For Kingdom, stepwise improvements from
Categorical through Directive were visually consistent across models
but only weakly significant (p_adj<0.1) and non-significant for Basic
to Categorical (p_adj>0.1), suggesting that gains are more variable
across models and may depend on specific inference failure modes
rather than formatting alone.

Overall, these results show that structured context specification,
especially constraining the output label set and explicitly defining
ambiguous categories, accounts for a substantial fraction of achiev-
able performance gains, often exceeding differences attributable to
model choice alone. Even with advanced reasoning-enabled model
architectures, context engineering remains essential for structured
data extraction in ecological texts.

3.3 | What are the cost-time-performance
trade-offs practitioners should consider?

Our measurements of end-to-end response time (elapsed time
from sending an APl request to receiving a model's answer) are av-
eraged over 3-4 days of testing at varying times of day, providing a
realistic estimate of per-abstract latency. We pair this with token-
based cost estimates to map each model-prompt combination on a
time-cost-performance spectrum. We illustrate these trade-offs
using Kingdom extraction under the Directive context (Figure 4).

3.3.1 | Latency

Under Directive prompting, response time varied widely across
models (=1.6-101.9s per abstract; Figure 4). For example, Gemini-
2.0-flash-001 averaged 1.58 s/abstract, whereas deepseek-reasoner
averaged 101.92s/abstract. For large-scale screening (e.g. 10,000
abstracts), a difference of a few seconds per abstract translates into

hours versus days of clock time depending on parallelization.
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Extraction performance across context styles (raw paired data)
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FIGURE 3 Effect of context engineering on extraction performance. Thin grey lines show per-model F, scores across context styles
(Basic, Categorical, Chain-of-Thought, Directive), thick black points/line show the median across models. Brackets indicate planned paired

Wilcoxon signed-rank tests between adjacent context styles with Hol

3.3.2 | Cost

At the high-cost end, GPT-40 not only delivers the best performance
under Directive prompts but also incurs the highest token costs (=$0.0035
per 500-word abstract). In contrast, deepseek-chat sits at the low-cost
end (=$0.0004 per 500-word abstract) and with Directive prompting
achieves an average F, score of 88% across all three categories.

m correction (ns, p>0.1; ., p<0.1; *, p<0.05).

3.3.3 | Overall balance

When jointly considering time, cost and performance, o4-mini
emerges as the winner, offering near-top-tier F, scores under
Directive prompting style (95% on Country, 86% on Biome, 88% on
Kingdom) with moderate latency (7s) and mid-range costs ($0.002
per 500-word abstract).
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Kingdom: Cost vs Time (Color = Best F1)
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FIGURE 4 Scatterplots for Kingdom extraction with token-based cost (USD per abstract) on the x-axis and end-to-end latency (seconds
per abstract) for each LLM on the y-axis. Point colour encodes the model's F, score (under directive context), with black indicating the
lowest F, score and bright yellow indicating the highest. This integrated view highlights how o4-mini achieves top-tier F, scores (harmonic
mean of precision and recall) while maintaining moderate latency and cost, illustrating its favourable balance of speed, expense and

extraction performance.

These trade-offs highlight that the choice of an LLM depends on
a project's priorities with respect to speed, budget or maximum per-
formance and underscore the value of our cost-time-performance
framework for guiding ecologists in selecting the optimal model-
prompt combination for their specific needs.

3.4 | Transfer of the best model-prompt
configuration to additional extraction tasks

Following the benchmark on the three primary fields, the recom-
mended model-prompt configuration, selected based on the over-
all cost-time-performance trade-off (Directive-context OpenAl
o4-mini; Figure 4; Supplementary Section S2 for the full prompt) to
extract the remaining four context-dependent fields. Study Type
(methodological vs ecological) yielded an F, of 94%, Application
(monitoring vs sampling) 99%, Sensor Used 96% and Platform
Deployed 98%. These strong results, even for tasks requiring dis-
ambiguation of terms like sampling or identifying which sensor is
truly onboard the focal autonomous system, demonstrate that
carefully engineered, context-aware prompts can result in reliable

extraction of nuanced metadata from unstructured abstracts.

4 | CONTEXT ENGINEERING GUIDELINES

The perfect prompt does not exist. Instead, domain experts
(e.g. ecologists, conservation biologists) can improve extraction
performance at scale by supplying richer context and refining

it iteratively based on observed errors, a practice we refer to as
context engineering. Drawing on published prompt engineering
best practices (Chen et al., 2025; Lee et al., 2025) and our own
systematic experiments, we summarize a set of context engineering
guidelines that consistently improved extraction performance
from scientific abstracts. These principles focus on structuring the
model instructions, specifying acceptable outputs and demanding
justification from the model, helping the end user to build trust in
the LLM-assisted workflow.

1. Fix the top-level instruction: Use a consistent user-specified
system-role instruction (or equivalent ‘instructions’ parameter)
to define the model's role and constraints that explicitly con-
strains the model to be non-creative (e.g. ‘extract only what is
supported by the text; do not fabricate’), and hold it constant
while varying downstream prompts so differences reflect context
design rather than changes in task framing.

2. Control variability when possible: Where supported by the pro-
vider, set temperature=0 (and other determinism-related param-
eters) to reduce run-to-run stochasticity.

3. Be explicit: Create clear and structured prompts with rich con-
text by using delimiters, breaking down complex requests into
manageable steps. Avoid ambiguity by asking for specific out-
put formats or predefined labels for categorical data where
possible. Provide explicit instructions. Ask the model to ex-
plicitly check for relevant information before generating a re-
sponse from a given source. This helps in mitigating or even
eliminating the issue of model hallucinations (Barkley & van
der Merwe, 2024).
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4. lteratively refine prompts with context: Test different context
configurations and continue to refine the prompts iteratively until
the desired outcome is obtained.

5. Demand justification: Request justification for the model's
responses along with the prompt, including evidence to support
its claims (e.g. Provide justification for each extracted entity,
citing the relevant phrase(s) from the text where possible). Also
helps in keeping model hallucinations under check (Barkley & van
der Merwe, 2024).

6. Request structured output: Whenever possible for easier post-
processing of the model's responses, ask for structured output
(e.g. key-value formats like JSON, delimiter-separated rows
like CSV). We chose JSON (JavaScript Object Notation) as the
primary output format due to its robustness for machine parsing
and its straightforward conversion to other representations (e.g.

CSV) during post-processing.

5 | DISCUSSION

Large language models (LLMs) present an unprecedented oppor-
tunity to scale ecological literature reviews enabling automated,
context-aware extraction of metadata and insights across thousands
of documents at a speed and breadth previously unattainable. A re-
cent study has demonstrated the feasibility of LLM-based metadata
extraction in ecological contexts, including across multiple fields and
often with post-processing pipelines (Lu et al., 2026). Nevertheless,
significant gaps persist. Transparent, consensus-driven workflows
for prompt design and output validation remain scarce, and general-
ist models often overlook niche domain nuances without expert-in-
the-loop refinement. Here, we show that transformer-based LLMs
make large-scale, context-based literature mining in ecology both
feasible and affordable, if workflows prioritize effective prompt
design, and that high extraction performance can be achieved
with minimal post-processing under structured prompting. While
OpenAl's models often lead, no single model dominantly outper-
forms others, so practitioners should test several top-ranked LLMs
(e.g. via vals.ai), including open-weight options, and select the one
that best balances cost, speed and performance. Crucially, advanced
prompting styles (Chain-of-Thought and Directive format) boost F,
scores by 10%-27% over basic prompts and are essential for nu-
anced, context-dependent categories (e.g. focal taxa). To support
adoption, we release LitStructLLM, a cross-platform desktop appli-
cation that enables prompt-based metadata extraction across API-
accessible LLMs from multiple providers without coding.

The ability of LLMs to mine thousands of publications at once
unlocks several transformative applications for ecology and conser-
vation biology. First, researchers can now map gaps and trends in sub-
fields such as our case study on autonomous ecosystem monitoring
at a scale previously unattainable, revealing shifts in methods, focal
taxa or geographical regions over time (Qi et al., 2025). Second, by
extracting categorical data en masse, LLMs can highlight geographi-
cal (Lin et al., 2024) and taxonomic disparities (Gaulke et al., 2019) in
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research effort, guiding funders and policymakers to understudied
regions or species and helping to realign conservation priorities more
equitably. Third, LLMs hold promise for evidence synthesis. While
our current study focused on abstracts and thus did not attempt to
pull quantitative metrics, early work in clinical domains shows LLMs
can automate extraction of effect sizes and statistical outcomes from
full texts (Gartlehner et al., 2024). More broadly, LLMs may also assist
with other stages of literature reviews, such as linking concepts across
studies, synthesizing findings and identifying research gaps, once reli-
able structured extraction and validation workflows are in place.

LLM-based extraction workflows can substantially lower technical
barriers to large-scale literature mining by enabling domain research-
ers to run standardized pipelines without building dedicated NLP
models or maintaining ML infrastructure. At the same time, Al can risk
reinforcing inequities by concentrating resources and displacing local
expertise (Reynolds et al., 2024). To address this, our workflow keeps
domain experts in the loop through transparent prompting, justifica-
tion and validation, ensuring that local knowledge remains central.
LLMs also facilitate multilingual extraction, enabling better integration
of local-language literature and indigenous knowledge, while emerg-
ing multimodal models promise to extend extraction to figures and
maps in full-text articles (OpenAl et al., 2023).

As LLMs evolve rapidly, our benchmark should be viewed as a
time-stamped snapshot rather than a lasting ranking. The main con-
tribution of our study is the general workflow of context engineering
and expert-in-the-loop validation, alongside practical guidelines that
consistently improved format compliance and extraction performance.
Even reasoning-optimized models showed limited gains under min-
imal prompting but improved substantially when guided by detailed,
justification-driven instructions, underscoring that context engineer-
ing remains the key skill for reliable LLM-based extraction in ecology
(Chen et al., 2025; Lee et al., 2025; Sivarajkumar et al., 2024). Although
hallucinations remain a concern, prompt-guided, text-grounded ex-
traction is less prone to invention, and no such cases were observed
under explicit constraints in our study (Mittelstadt et al., 2023).

Context-aware prompt crafting is task-specific, and our guidelines
are optimized for API-based workflows rather than web chat inter-
faces such as ChatGPT. API calls are typically stateless, allowing each
abstract to be processed independently with a fixed context, whereas
persistent chat sessions may introduce unintended context drift. APIs
also allow consistent system role instructions and fixed parameters
(e.g. temperature=0) to reduce output variability. Future work could
explore reinforcement-style approaches for prompt refinement, itera-
tively providing examples of correct and incorrect extractions to fur-
ther calibrate model outputs (Ouyang et al., 2022). If careful prompt
engineering remains insufficient, this likely reflects domain-specific
complexity that generalist LLMs struggle to capture. In such cases,
users may either adopt more capable (and costly) models or fine-tune
pretrained transformers on task-specific annotated data, trading lower
inference cost and higher accuracy against added annotation and
training effort (Anisuzzaman et al., 2025; Lu et al., 2025).

Even expert annotators are prone to error, a point underscored

when LLM-generated justifications led us to revise some of our
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own labels during prompt refinement. Manual extraction from sci-
entific texts is known to have nontrivial error rates, particularly as
fatigue accumulates (Gartlehner et al., 2024). In contrast, our best
model-prompt pairing processed abstracts in ~7s, versus 1-1.5min
for human annotation, shifting the expert's role from extractor to
verifier. By focusing on spot-checking justifications and correct-
ing edge cases, domain specialists can reduce overall error burden
while substantially increasing efficiency. We framed extraction as
a multi-label classification task and evaluated performance using
the F, score (Hu & Zhou, 2024). For tasks involving continuous
values, metrics such as MAE or RMSE may be more appropriate.
Ultimately, metric choice should reflect the real-world costs of er-
rors in the intended workflow (Anisuzzaman et al., 2025).

Traditional rule-based or ML-driven NLP pipelines remain effec-
tive for straightforward tasks. Examples include listing every taxon
name mentioned (Le Guillarme & Thuiller, 2022) or geocoding ex-
plicit place names (Vasiliev, 2020), where context is minimal and
well-defined lexicons exist. In contrast, when distinction between
‘mentioned’ versus ‘studied’ taxa matters, or when extracting spe-
cialized fields like sensor types or methodological details for which
no off-the-shelf models exist, LLMs' contextual reasoning and zero-/
few-shot adaptability make them far more robust (Zhao et al., 2023).
As ecological research continues to diversify in techniques and
metadata requirements, LLMs will increasingly fill gaps left by con-
ventional tools, enabling flexible, domain-agnostic extraction of
complex, context-dependent information.

Among the high-ranking models evaluated here, only two are
open-weight, with the remainder being closed models, which limits
openness and reproducibility. Closed models are typically accessed
through model-specific providers, whereas open-weight models may
also be accessed via third-party platforms (e.g. groq), reducing single-
vendor reliance. However, these platforms still control model avail-
ability, with older versions being deprecated and replaced by newer
ones. Consequently, API-based access, whether for open-weight or
closed models, remains externally controlled and does not ensure
reproducibility. Full reproducibility requires local deployment, where
model weights and execution environments can be fixed (Farrell
et al., 2024; Wihl et al., 2025). Accordingly, the absence of locally
deployed models in our evaluation represents a limitation for repro-
ducible benchmarking. Smaller, locally deployable models are there-
fore an important direction for improving reproducibility, although
evidence on their performance remains mixed (Sinha et al., 2025).
While LLMs enable rapid, large-scale metadata extraction, they carry
substantial environmental costs (Alzoubi & Mishra, 2024), highlighting
the value of smaller, domain-specific models developed with Al spe-
cialists (Reynolds et al., 2024). Simple, context-aware prompting can
deliver accurate results, while future efforts can focus on lightweight,
task-specific open models (e.g. BERT-based geocoder like Mordecai)
for efficient extraction of features such as locations and biomes
(Halterman, 2023). Ultimately, combining domain expertise with open
LLM-based workflows can increase the rigour, throughput and repro-

ducibility of ecological literature reviews.
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Additional supporting information can be found online in the
Supporting Information section at the end of this article.

Table S1. Model performance across context styles and extraction
fields.

Figure S1. lllustrating the per-class error profile for biome extraction.
Figure S2. Panels show the mean F, score (harmonic mean of precision
and recall) averaged across the three extraction categories (Country,
Biome, Kingdom) for each of the nine LLMs under four prompting

styles: (a) Basic, (b) Categorical, (c) Chain-of-Thought and (d) Directive.
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