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Abstract

Environmental research is facing a growing challenge of data abundance coupled with
knowledge fragmentation. Evidence on pollutant exposure, toxicological effects, and
pollution control is rapidly expanding, but it remains scattered across heterogeneous
literature sources and reported in inconsistent formats. This fragmentation limits the
throughput and efficiency of traditional manual literature screening and data extraction.
Large language models (LLMs) have demonstrated methodological potential in natural
language understanding, contextual integration, and structured output generation, offering
new opportunities for automated environmental evidence extraction and integration. This
review examines the capabilities of LLMs in three interconnected tasks: systematic literature
screening, relational knowledge mining, and quantitative data extraction. Specifically, this
review summarizes progress in how LLMs can support the identification of relevant studies,
the extraction of relationships among multi-level entities, and the conversion of
unstructured texts into structured quantitative datasets. Furthermore, applications across
environmental exposure, toxicological effects, and pollution control are discussed, and key
limitations regarding evaluation frameworks, result traceability, and expert oversight are
highlighted. Current evidence suggests that while LLMs can substantially improve data
extraction efficiency and structured data generation, their reliable deployment still requires
clear task definition, structured constraints, rule-based validation, and human review. In
conclusion, this review highlights that LLMs serve as an important methodological bridge
between rapidly expanding environmental literature and reusable environmental knowledge
systems.

Keywords: Large language models, Environmental research, Systematic literature screening, Relational knowledge mining,
Quantitative data extraction

Highlights

+ LLMs aid environmental evidence synthesis via literature screening, relational knowledge mining, and quantitative data

extraction.

+ LLMs should augment, not replace, experts in constrained, traceable, and validated environmental workflows.
+ Task-specific benchmarks are needed to evaluate LLMs and enable cross-study comparison in environmental research.
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Environmental research is rapidly expanding, yet it is increasingly
challenged by knowledge fragmentation['. With advances in high-
throughput detection and assessment technologies, evidence on
contaminant occurrence, distribution, and potential risks has grown
rapidly!>3], Systematically integrating these fragmented lines of
evidence is essential for understanding contaminant fate, assessing
environmental and health risks, and developing mitigation
strategies!*~", However, much of this evidence remains embedded in
heterogeneous and unstructured literature sources, including narrative
text, tables, figures, supplementary materials, and inconsistent
reporting formats®”). Moreover, environmental data are also inherently
multidimensional, simultaneously involving chemical identity,
environmental media, exposure scenarios, test systems, effect
endpoints, treatment processes, and degradation parameters!'®.. This
complexity creates substantial challenges for extracting, linking, and
organizing meaningful relationships across multi-level environmental
entities. As a result, environmental research increasingly faces a
paradox in which data are abundant, but reusable and structured
evidence remains difficult to obtain!'".

Traditional approaches for evidence integration in environmental
research rely heavily on manual literature screening, manual data
extraction, and expert annotation['2'3], These approaches remain
indispensable for ensuring scientific accuracy, but they are often
labor-intensive, time-consuming, prone to subjective bias, and diffi-
cult to scale with the rapid expansion of environmental
literaturel’3-151, The challenge is particularly pronounced in environ-
mental studies because relevant information is often multidimen-
sional and context-dependent. For example, a single study may
report pollutant concentrations across different environmental
matrices, sampling locations, exposure durations, biological species,
toxicological endpoints, treatment processes, and experimental
conditions. Quantitative values such as environmental concentra-
tions, effect thresholds, bioaccumulation factors, removal efficien-
cies, degradation rates, and risk quotients may be expressed using
different units, formats, and contextual descriptions!'¢l. These char-
acteristics make environmental literature difficult to screen,
compare, and integrate using conventional manual and rule-based
text mining approaches alonel'217],

In recent years, the development of LLMs has provided new
methodological pathways for processing unstructured data in envi-
ronmental research. Owing to their capabilities in natural language
understanding, contextual reasoning, semantic integration, and
structured output generation, LLMs can support the transformation

tion. Compared with conventional keyword-based retrieval or rule-
based text mining, LLMs are better suited to handling complex
inclusion criteria, integrating long-text context, extracting cross-
sentence relationships, and generating structured outputs('8l. These
capabilities are highly relevant to environmental research, where
critical information is frequently scattered across diverse textual
expressions and requires interpretation within specific experimen-
tal or environmental contexts. Recent reviews have shown that LLMs
are increasingly being incorporated into workflows for retrieval
assistance, literature screening, data extraction, and evidence inte-
gration[19-211, Meanwhile, growing attention has been given to eval-
uation consistency, reporting transparency, and human review
mechanisms, which are essential for ensuring the reliability and
reproducibility of LLM-assisted evidence integration!?2l, However,
critical challenges remain in adapting general-purpose LLM capabili-
ties to evidence integration workflows in environmental research.
Unlike generic information extraction, environmental evidence
synthesis requires the coordinated identification of relevant studies,
organization of cross-entity and process-oriented relationships, and
reconstruction of structured quantitative records from heteroge-
neous literature sources.

This review provides a framework for understanding how LLMs
can support environmental evidence integration across three inter-
connected tasks: systematic literature screening, relational knowl-
edge mining, and quantitative data extraction. Specifically, it first
examines how LLMs support systematic literature screening
through the identification of relevant studies. It then evaluates rela-
tional knowledge mining through the organization of cross-entity
and process-oriented relationships. Finally, it assesses quantitative
data extraction through the reconstruction of structured records
from heterogeneous literature sources. Across these tasks, we
synthesize applications in environmental exposure, toxicological
effects, and pollution control while assessing methodological
strengths, limitations, validation requirements, and applicable
boundaries. By integrating these perspectives, this review aims to
clarify how LLMs can support traceable, validated, and reusable
environmental knowledge systems and identify priorities for future
research.

LLM-based evidence integration for
environmental research

Building on the challenges outlined above, this review conceptualizes
LLM-assisted  environmental evidence integration as three
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interconnected methodological steps: systematic literature screening,
relational knowledge mining, and quantitative data extraction (Fig. 1).
These steps represent interrelated stages in transforming fragmented
environmental literature into reusable evidence. Systematic literature
screening defines the scope and quality of the evidence base by
identifying studies that meet complex inclusion criteria related to
pollutants, environmental matrices, organisms, endpoints, treatment
technologies, and exposure scenarios. Relational knowledge mining
then organizes cross-entity associations and process-oriented
mechanisms, including source-pathway-receptor chains, toxicity
pathways, pollutant transformation routes, and process—condition—
performance relationships. Quantitative data extraction further
reconstructs record-level numerical information from texts, tables,
figures, and semi-structured sources while preserving the
correspondence among pollutants, environmental or experimental
conditions, indicators, values, units, and evidence provenance.

Importantly, these three steps should be understood as an inte-
grated workflow rather than as isolated applications. Literature
screening determines which studies enter the evidence base; rela-
tional knowledge mining provides the contextual, mechanistic, and
process-level structure needed to interpret environmental evidence;
and quantitative data extraction converts selected evidence into
comparable records for database construction, statistical analysis,
modeling, risk assessment, and decision support!23l, This workflow
can be implemented across several major areas of environmental
research, particularly environmental exposure assessment, toxico-
logical effect evaluation, and pollution control. When guided by
predefined schemas, domain knowledge constraints, validation
rules, traceable evidence sources, and expert review, LLM-enabled
workflows can help transform unstructured environmental litera-
ture into reliable and reusable knowledge systems for environmen-
tal research24,

LLM-assisted precise literature screening

Systematic literature screening serves as the first step in evidence
organization by accurately identifying highly relevant studies. A typical
LLM-assisted literature screening process can be summarized as five

steps: candidate literature retrieval, deduplication and title-abstract
organization, relevance pre-screening and priority ranking based on
inclusion/exclusion criteria, manual full-text eligibility assessment, and
final inclusion of studies into an evidence base (Fig. 2). The resulting
evidence base then provides the input for downstream data
extraction and synthesis. LLMs primarily contribute to the third
step—relevance judgment and priority assignment at the
title—abstract level—whereas final inclusion decisions remain the
responsibility of human reviewers?'!. Although this workflow can
improve transparency and traceability, its application in environmental
research still faces challenges related to broad retrieval scope, complex
inclusion criteria, and the cross-disciplinary distribution of relevant
evidence. Factors such as pollutant type, environmental medium,
exposure or reaction conditions, endpoint category, and study design
often simultaneously constitute the basis for inclusion judgments. In
such cases, conventional keyword and Boolean searches rely primarily
on explicit terms and predefined logical combinations, which may
retrieve low-specificity results when keywords occur outside the
intended context and may overlook relevant studies that use
synonyms, abbreviations, or implicit expressions!'”.. By contrast, LLMs
can interpret titles and abstracts contextually, recognize synonymous
or implicit expressions, and apply multiple inclusion and exclusion
criteria simultaneously. These capabilities can improve specificity by
excluding contextually irrelevant records and improve sensitivity by
identifying relevant studies that do not contain the predefined
keywords. LLMs can also process and prioritize records in batches,
reducing manual screening workload while leaving final eligibility
decisions to human reviewers!??.,

Recent studies have demonstrated the feasibility of LLM-assisted
screening in environmental evidence synthesis. Zuo et al. combined
ChatGPT with domain knowledge to screen 920 records on land
use/land cover and fecal coliform contamination in rivers25l. Their
study showed improved screening efficiency under complex inclu-
sion and exclusion criteria spanning hydrology, public health,
and landscape research, suggesting that LLMs can support front-
end pre-screening in cross-disciplinary environmental evidence
synthesis. Nykvist et al. further found that GPT-4 achieved 100%
recall in title-abstract screening of nearly 12,000 records in an
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Fig. 1 LLM-assisted evidence integration framework in environmental research.
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environmental systematic evidence synthesis study, saving approxi-
mately 50% of manual screening time at the corresponding thresh-
old setting, demonstrating the methodological feasibility of LLMs
for large-scale record pre-screening in environmental researchl2,
Similarly, Nicholson Thomas et al. found that LLMs could complete
relevant literature selection under complex concepts and multidi-
mensional inclusion criteria in a systematic review of ecosystem
condition indicators, suggesting that the applicable scope of such
methods is not limited to pollution effects or toxicological ques-
tions but can extend to screening tasks across the broader environ-
mental domain(27], These studies collectively demonstrate that the
methodological feasibility of LLM-assisted screening has been vali-
dated across different environmental research contexts, with appli-
cability that is cross-thematic and cross-disciplinary.

Because the erroneous exclusion of relevant studies can substan-
tially bias environmental evidence synthesis, evaluations of LLM-
assisted literature screening should prioritize recall and the trace-
ability of screening errors, while also reporting precision, specificity,
F1 score, and changes in manual workload?2'l. This evaluation princi-
ple has cross-domain applicability in data synthesis methodology;
the automated framework proposed by Marshall et al. in biomedical
evidence synthesis automation similarly emphasizes that auto-
mated screening tools should prioritize high recall, with precision
optimization as a secondary objectivel?8], Accordingly, LLMs should
be positioned as front-end pre-screening and priority-ranking tools
that reduce manual screening burden and support full-text eligibil-
ity assessment and downstream data extraction, whereas final inclu-
sion decisions and the exclusion of potentially relevant studies
should remain under human review.

LLM-assisted environmental relational
knowledge mining

Definition and characteristics of relational
knowledge

Extracting and organizing the relationships embedded in selected
literature is essential for synthesizing environmental evidence.
Evidence related to environmental exposure, toxicological effects, and
pollution control all involves extensive relational knowledge. In

exposure  assessment, the core relationship is  the
"source-pathway-receptor" chain linking pollutant sources,
environmental occurrence, transport pathways, and receptor exposure
scenarios. In toxicological studies, relational knowledge is reflected in
the hierarchical causal pathway connecting pollutants, molecular
initiating events, key events, and adverse outcomes®?®3?, In pollution
control studies, the core relationship is the
process—condition—performance correspondence among pollutant
types, treatment processes, reaction conditions, transformation
products, and removal efficiencies. These relationships differ in types,
hierarchical structures, and organizational purposes, posing
considerable challenges for the systematic organization of
multidimensional  relational knowledge. Therefore, relational
knowledge mining goes beyond simple entity recognition. Its key
objective is to extract directionality, hierarchy, contextual constraints,
and process logic from dispersed literature and organize them into
verifiable, retrievable, and reusable knowledge structures.

Existing reviews in the environmental domain indicate that the
practical value of LLMs in this direction is primarily concentrated in
relationship integration, knowledge organization, and structured
expression’?l, As shown in Fig. 3, LLM-based relational knowledge
mining typically involves four steps: acquiring raw text from rele-
vant literature; identifying and extracting key qualitative elements
such as pollutants, environmental scenarios, hazard characteristics,
action processes, treatment measures, and outcomesB'; on this
basis, establishing associations among elements according to preset
knowledge patterns and organizing them into relationship pairs,
event chains, or multi-tuple structures; and further representing
them as knowledge graphs, relationship networks, or data tables.

From entity recognition to relationship
extraction

Currently, relational knowledge mining in environmental research is
still primarily built on named entity recognition, entity co-occurrence
analysis, and rule-driven relationship extraction. Such methods can
support the identification of elements including pollutants,
environmental media, hazard characteristics, treatment processes, and
outcomes, but their determination of relationships typically relies on
local text windows, preset trigger words, or fixed syntactic patterns,
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resulting in clear limitations in cross-sentence coreference resolution,
conditional ~ context  differentiation,  relationship  direction
determination, and cross-literature data merging. Compared with
traditional methods, the primary methodological advantage of LLMs
lies in long-context integration capability and the ability to extract and
merge multiple types of environmental relationships under pattern
constraints!'®, Relational knowledge in environmental research spans
multiple levels including pollutant source-transport-fate, degradation
and transformation processes, exposure-hazard associations, and
toxicity mechanisms; representative applications of LLMs have
emerged across all these directions. Regarding pollutant source and
transport relationships, work by Chen et al. on oil and gas industry
emission assessment demonstrated that LLMs can systematically
extract associations among emission sources, activity levels, and
concentration responses from unstructured industry reports, providing
a data foundation for constructing source-exposure relationship
networks for atmospheric pollutants®?. Regarding pollution treatment
and control, Xu et al. in water and wastewater management research
showed that LLMs can extract multidimensional relationships among
pollutant types, treatment conditions, and removal efficiencies from
process literature, supporting knowledge organization of pollutant
degradation and  transformation  processest®3.  Regarding
exposure-hazard associations, Li et al. in aquatic risk assessment
research noted that LLMs can not only identify local relationships but
also integrate dispersed data on pollution sources, exposure
backgrounds, and hazard clues, providing relational knowledge
support for prioritizing emerging contaminants®¥. Regarding toxicity
mechanism relationships, Liang et al. established a GPT-based text
mining workflow for chemicals modulating oxidative stress, compiling
17,780 records covering 2,558 compounds from 7,166 publications,
demonstrating that LLMs can be used for systematic compilation of
mechanistic relationship information and construction of specialized
resourcesB?, It is thus evident that relational knowledge mining in
environmental research has moved beyond local relationship
identification and begun to enter the level of relationship integration
and knowledge organization; however, such results are fundamentally
still candidate qualitative data, and relationship direction, hierarchical

classification, and evidence strength determination still require
integration with knowledge frameworks and human verification.

Network-based representation of relational
knowledge

Among the various types of relational knowledge described above,
some have advanced further toward network-based representation,
with objectives no longer limited to identifying a set of relationship
pairs but oriented toward knowledge objects that are computable,
accessible, and reusable. Among the various types of environmental
relational knowledge, the Adverse Outcome Pathway (AOP)
framework, with its well-defined hierarchical structure and clear
relationship types, represents one of the most mature scenarios for
network-based representation research; the molecular initiating
events, key events, and their associations involved are well suited as
representative cases for organizing local relationship extraction into
networked knowledge resources?”. Shi et al. systematically discussed
the potential and limitations of LLMs in AOP construction, noting that
they can already assist to some extent in identifying molecular
initiating events, key events, and adverse outcomes, and generate
preliminary structures approximating expert organizational logic®°.
Jaylet et al. developed AOP-helpFinder 3.0, achieving automated
identification of stressor-event and event-event relationships and
network visualization, demonstrating that under explicit knowledge
pattern constraints, qualitative relationships can be further
transformed into queryable graph-structured resources®”\. Carvaillo et
al. combined text mining with systems biology to identify associations
between bisphenol S (BPS) and AOP-related events, further organizing
them into adipogenesis- and obesity-related pathways?®. These
studies demonstrate that under explicit knowledge pattern
constraints, AOP-related mechanistic relationships can be further
transformed from candidate relationships into queryable graph-
structured resourcest.,

Relational knowledge mining is expanding toward more
constrained and computable implementation pathways. James et al.
attempted one-shot Biological Expression Language (BEL) relation-
ship extraction using LLMs, directly transcribing causal relationships
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from literature into computable mechanistic networks for compari-
son with expert-constructed biomedical knowledge graphs“?, El
Khettari et al. proposed a two-stage information extraction frame-
work based on ontological constraints, first identifying candidate
processes and then determining process—process relationships at
the document level, thereby organizing implicit mechanistic
processes into structured triplest*’l. The implementation of mecha-
nistic knowledge organization has extended from direct relation-
ship extraction to relationship determination, knowledge represen-
tation, and conceptual expansion under ontological constraints;
however, these methods are still largely at the exploratory stage,
and their results likewise require interpretation and use under
explicit knowledge frameworks and human review conditions.

Current application value and limitations

The value of LLMs in environmental relational knowledge mining is
primarily reflected in three aspects: improving the ability to identify
candidate relationships in complex text; facilitating the transformation
of dispersed narratives into structured knowledge objects; and
providing foundational interfaces for knowledge graph construction,
relationship network analysis, and natural language retrievall*Z,
However, the boundaries of this class of applications also require
clarification. First, model-generated relationships are not equivalent to
verified causal conclusions; textual co-occurrence, semantic relevance,
and environmental process associations must still be strictly
distinguished!. Second, relationship types, hierarchical constraints,
and evidence strength expression vary across different tasks, and
model outputs show substantially higher dependence on knowledge
patterns than general text tasks. Third, model outputs may still exhibit
systematic biases in relationship direction determination, cross-
literature fusion, source tracking, and knowledge deduplicationt*4#%,
Current evidence suggests that LLMs are most feasible when used to
generate and organize candidate relationships within predefined
ontologies, graph patterns, or task-specific rules. Final validation,
archiving, and interpretation should still rely on rule-based checks and
expert review.

LLM-assisted structured quantitative data
extraction

Definition and extraction challenges for
environmental quantitative data

Structured quantitative data are the basis for making environmental
evidence reusable, comparable, and suitable for database
construction. In environmental research, quantitative data refer not
only to numerical values themselves, but also to complete record-level
information that links a pollutant with its corresponding scenario or
condition, indicator, value, unit, and evidence source. Therefore, the
core task of quantitative data extraction is to reconstruct structured
records from dispersed literature while preserving the
correspondence among these fields. All three directions—pollutant

exposure, toxicological effects, and pollution control—involve large
volumes of quantitative data, and the data forms in each direction
are considerably complex. Exposure records require simultaneous
annotation of pollutant identity, environmental medium, sampling
conditions, and concentration values, with monitoring data across
media and regions highly heterogeneous in units and
nomenclature®?., Toxicity records require maintaining complete
correspondence among chemical identity, test species, exposure
conditions, and endpoint values, with the diversity of test systems and
standards further increasing the difficulty of cross-study comparisont!,
Degradation efficiency records must simultaneously cover target
pollutants, treatment systems, reaction conditions, and performance
indicators (removal rate, rate constants, etc.), with the high context-
dependence of process types and operating parameters making
record-level correspondence especially critical. The core field
composition of the three types of quantitative data is shown in Table 1.

Despite originating from different domains, environmental quan-
titative data share several common extraction challenges. First,
record completeness is essential. Unlike qualitative conclusions,
quantitative data render a record unusable for subsequent compar-
ative analysis or database entry if any field is missing (e.g., exposure
concentration lacking sampling medium, toxicity data lacking test
species, degradation data lacking reaction conditions). Olker et al.
noted in ECOTOX database construction that record-level toxicity
data must maintain correspondence among chemical, species, study
design, test conditions, toxicity results, and derived endpoints['9l,
Schilling-Wilhelmi et al. similarly emphasized in a review of chemi-
cal data extraction that the key to chemical data extraction lies in
maintaining record-level correspondence among reaction condi-
tions, substance characteristics, and performance indicatorst7l.
Second, terminology and units are highly heterogeneous. Concen-
tration units, pollutant nomenclature, medium descriptions, and
process types vary widely across publications, requiring external
knowledge resources to support standardization. Third, numerical
values are highly context-dependent. The correct interpretation of
numerical values depends on background information such as
sampling methods, detection limits, and reaction conditions;
extracting values while ignoring context may lead to misuse.

Given these requirements, LLM-assisted quantitative data extrac-
tion should not be treated as simple identification of numerical
values, but as a record-level reconstruction process guided by
predefined schemas and quality-control rules*’l. As shown in Fig. 4,
LLM-based quantitative data extraction typically involves four steps:
data source identification, quantitative information extraction, stan-
dardization and quality control, and structured output. The core
objective is to extract information on chemicals, test systems, expo-
sure conditions, toxicity endpoints, and effect values from unstruc-
tured materials, and to form structured records that are comparable,
verifiable, and database-ready after standardization.

From entity recognition to structured extraction
The core technical challenge of quantitative data extraction lies in
binding multiple fields dispersed across unstructured text into

Table 1 Core field composition of record-level quantitative data in environmental research

Data type Chemical identifier Scenario/system Condition Core indicator Value & unit Quality control
Exposure Pollutant name, CAS  Environmental medium, Sampling time, season, Concentration level ug/L, ng/m3, Sample size, QC method,
record number, chemical sampling location detection method, mg/kg, etc.  data source

categor detection limit
Toxicity CAS, InChlKey, SMILES, Test species, life stage, Exposure concentration, EC50, LC50, NOEC, LOEC mg/L, ng/kg, Test standard, laboratory,
record or database ID tissue/organ duration, route etc. literature source
Degradation Target pollutant Treatment system, pH, temperature, catalyst  Removal rate, rate %, min™', h, Reaction scale, matrix
record name, initial catalyst type loading, light intensity constant k, half-life t;/,, etc. type, literature source

concentration

mineralization rate
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complete records, rather than isolating individual terms or values.
Existing research has begun advancing quantitative information
extraction from field-level identification to record-level structured
output!'®, In exposure data extraction, the Literature-to-Dataset (L2D)
pipeline developed by Cheng et al. specifically addresses complex,
user-customized data extraction needs in environmental research,
demonstrating LLM advantages over traditional NLP methods in multi-
field joint extraction and user-defined data structures*®. Shah-
Mohammadi et al. constructed an LLM-based exposure data extraction
pipeline for extracting and normalizing metadata from full-text PDFs in
exposure-health literature, including pollutant type, exposure medium,
measurement method, and concentration range®’.. In toxicity data
extraction, LLMs have been used to reconstruct structured toxicity
records from complex literature sources. Sonnenburg et al. applied
LLMs to information extraction for bisphenol A bioactivity,
demonstrating that extraction performance is highly dependent on
task definition, output constraints, and evaluation design®?. Moreira-
Filho et al. integrated document parsing and LLMs into the KNIME
workflow platform, achieving end-to-end automation from PDF
documents to structured toxicity records, demonstrating that toxicity
data extraction has extended from text field extraction to structured
reconstruction in complex document environments®.. Paula et al.
established a large-scale meta-analysis pipeline for nanotoxicology
literature using NLP, demonstrating LLM capabilities in handling
nanotoxicology triplet extraction across nanomaterials, biological
systems, and toxicity endpoints®'’. Ha et al. further used LLM-extracted
structured toxicity data directly for machine learning model training,
achieving a complete pipeline from literature mining to toxicity
prediction®?. In degradation efficiency data extraction, Wu et al.
applied LLMs to large-scale data extraction from single-atom catalyst
literature in the advanced oxidation processes (AOPs) domain,
effectively identifying complex correspondences among catalyst types,
target pollutants, reaction conditions, and removal efficiencies?3!.

Together, these studies indicate that LLM-assisted quantitative
extraction should be understood as structured record reconstruction
rather than the collection of independent fields. Its reliability depends
on maintaining correct field pairing, contextual completeness, and
standardized output formats.

Multimodal LLMs for figure-based data
extraction

Quantitative evidence in environmental literature is not limited to text
and tables. Degradation kinetics, dose-response relationships,
temporal trends, and toxicological endpoints are often reported only in
figures and may be missed by text-only workflows. Multimodal LLMs
can jointly interpret figure images and contextual information,
including captions, axes, legends, panel labels, and methods text, and
reconstruct the recovered values in predefined structured fields.
Moreira-Filho et al. implemented an image mode within a KNIME
workflow to process graphical content and non-linear document
layouts using extraction prompts and structured output schemas®™.
Park et al. combined full text with figures, tables, captions, legends, and
methods sections to extract nanotoxicity data. In a benchmark of 17
oxide nanotoxicity articles, GPT-5.4 achieved a mean extraction F1
score of 96.1%, although the F1 score for quantitative assay results was
lower at 86.5%. The workflow was subsequently applied to 821 articles
and generated 16,786 structured records®.

However, high average performance does not ensure accurate
numerical recovery from figures. Wang et al. reported accuracies
above 85% for plot recognition and domain-knowledge interpreta-
tion with GPT-4V, but below 60% for color perception, with addi-
tional weaknesses in positional inference and counting®l In
CharXiv, GPT-40 achieved 47.1% accuracy on reasoning questions
based on realistic scientific charts, compared with 80.5% for human
evaluatorsb6l, Overlapping curves, similar colors or markers, error
bars, logarithmic or dual axes, multi-panel layouts, and incomplete
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labels can therefore lead to incorrect pairing of values with pollu-
tants, conditions, or treatment groups. Figure-derived records
should retain the source figure, panel, caption, axis, and legend
information and be validated against manually digitized values or
available source data using explicit numerical tolerances. At present,
multimodal LLMs are better suited to candidate data recovery and
structured reconstruction than fully autonomous figure digitization.

Domain adaptation strategies: fine-tuning,
retrieval-augmented generation, and prompt
engineering

Although LLMs show clear potential for record-level quantitative data
extraction, the performance of general-purpose LLMs on specialized
environmental science text is constrained by domain terminology
density, heterogeneous reporting formats, and numerical expression
conventions®’). Therefore, domain adaptation is essential to improve
extraction accuracy and output consistency. Common strategies
include task-specific fine-tuning, retrieval-augmented generation
(RAG), and prompt engineering.

Task-specific fine-tuning enables models to learn domain termi-
nology, annotation boundaries, and task-specific output patterns. It
is particularly useful for large-scale, repetitive extraction tasks when
sufficiently large and high-quality annotated datasets are available.
In a closely related chemical text-mining task, Zhang et al. compared
prompt-engineered GPT-3.5 with the same model after task-specific
fine-tuning for extracting structured metal-organic framework
synthesis information, including reagent amounts, solvent volumes,
reaction temperatures, and reaction times. Fine-tuning increased
exact-match accuracy by more than 20 percentage points for both
single- and multi-reaction paragraphs, reaching 82.7% and 68.8%,
respectively’™, This controlled comparison provides direct evidence
that task-specific fine-tuning can improve structured quantitative
data extraction, although its performance in environmental litera-
ture requires domain-specific validation.

RAG improves evidence grounding by retrieving relevant
passages or domain knowledge before generation, thereby reduc-
ing dependence on the model's internal knowledge and allowing
the supporting evidence to be inspected and the external knowl-
edge base to be updated without retraining the generative
model®8l, Zou et al. developed ESGReveal by integrating report
preprocessing, targeted retrieval, and ESG metadata within an
enhanced RAG framework. In ablation tests with GPT-4, enhanced
RAG increased data-extraction accuracy from 52.2% to 74.0%, while
incorporating ESG-specific knowledge further increased it to
76.9%159),

Prompt engineering can improve extraction consistency by
decomposing complex tasks, specifying output formats, and intro-
ducing iterative verification without changing model parameters.
Cheng and Zhang developed the L2D pipeline by combining
domain-specific multistep prompting with self-validation, achieving
93% accuracy in extracting eight biodegradation-related features
from 79 articles“8l. Similarly, Polak and Morgan developed ChatEx-
tract, which uses engineered prompts and iterative follow-up ques-
tions to identify, extract, and verify quantitative materials data,
achieving precision and recall close to 90% with GPT-4[60],

Overall, task-specific fine-tuning, RAG, and prompt engineering
have demonstrated potential to improve quantitative data extrac-
tion from specialized texts. Fine-tuning primarily improves adapta-
tion to domain terminology and task-specific output patterns; RAG
strengthens evidence grounding and facilitates knowledge updat-
ing; and prompt engineering enhances consistency, traceability, and
numerical verification. However, their applicability varies according

to task scale, terminology density, document structure, and the
availability of annotation and validation resources.

Quality control and external constraints
Quality control in quantitative data extraction is a critical step in
constructing reliable and reusable databases. Because model outputs
may contain numerical misextraction, unit errors, field misalignment,
unsupported values, and inconsistent terminology, external
constraints are required beyond the extraction model itselfl?4,
Ontological constraints can support the consistency and traceability of
term recognition. Specifically, they map synonymous expressions to
standardized entities through controlled vocabularies and canonical
identifiers. Predefined entity types, attributes, and relationships can
then be used to identify undefined terms, missing attributes, and
schema-incompatible records. Ontological relations and semantic rules
can further flag logically inconsistent combinations. Hodgson et al.
evaluated OntoGPT, an ontology-grounded Al tool for environmental
evidence synthesis, and found higher agreement with human
reviewers when extracting standardized information than when
identifying study-specific or interpretation-intensive attributes®®'.. As
an example of external validation, Bauer et al. combined literature
mining with Al language models to derive hepatotoxicity scores for
more than 50,000 compounds. Validation against a drug-induced liver
injury (DILI) reference set yielded an AUC of 0.85 for the LLM approach
and 0.87 when combined with text mining and word embeddings®?.
A practical deployment mode is a collaborative framework
combining model extraction, rule validation, and human review:
LLMs handle initial extraction and record reconstruction; rule
systems handle numerical range checking, unit consistency verifica-
tion, and required field completeness checking; and human review
handles final quality control and anomalous records processing.
Specifically, a post-extraction quality-control workflow comprises
three stages: data validation, consistency alignment, and error
correction. First, each extracted record should retain its supporting
text and page, table, or figure location to enable evidence tracing.
Automated validation should further check data types, plausible
ranges, cross-field relationships, and duplicate records. Second,
consistency alignment should map chemical names, environmental
media, endpoints, and units to controlled vocabularies and stan-
dardized formats. Unit conversion should preserve the original
reported value and unit alongside the harmonized value to main-
tain traceability. Third, records failing these checks should be re-
extracted from the original context or corrected using deterministic
rules when the supporting evidence is unambiguous. Because
exhaustive expert review is infeasible for large and structurally
complex datasets, automated checks should cover all records,
whereas expert review should prioritize low-confidence extractions,
rule conflicts, implausible values, and records with potentially high-
impact errors. Low-risk records can instead be evaluated through
random sampling to estimate the residual error rate. This risk-based
workflow shifts the role of experts from checking every record to
defining validation rules, resolving ambiguous cases, and auditing
recurring error patterns. Finally, the proportion of records reviewed,
correction rate, and residual error rate should be reported to make
the workload and reliability of quality control transparent. Source
evidence, correction decisions, and model and rule versions should
also be retained for auditing. Overall, the practical positioning of
LLMs in quantitative data extraction is most appropriately as an
assistive tool rather than a fully automated system, with term
mapping, parameter standardization, and quality control still requir-
ing external knowledge resources and rule systems.
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Current application value and limitations

Overall, the methodological value of LLMs in quantitative data
extraction for environmental research is primarily reflected in joint field
extraction, structured data reconstruction, and database update
support. However, related research also clearly reveals their
boundaries: although LLMs achieve relatively high accuracy on discrete
information and process substantially faster than humans, they
perform markedly worse on coordinate conversion, time ranges, and
some continuous quantitative information®3, LLMs depend on
relatively stable document structures, well-defined data dictionaries,
and strict field constraints; once tasks shift toward complex literature,
cross-paragraph  information pairing, or multi-source context
integration, error risk increases substantially. For environmental
research, the more operationally feasible deployment mode remains a
collaborative framework combining model extraction, rule validation,
and human review, rather than treating model outputs directly as final
data ready for database entry or evaluation.

Challenges and future directions of LLM
applications in environmental research

Task evaluation and result reliability

A key limitation of LLM applications in environmental research is that
task evaluation frameworks, result reliability, and cross-study
comparability remain insufficient'”. A systematic review by Raeissi et
al. on generative LLMs in environmental science showed that while
existing research has covered multiple directions including literature
analysis, information extraction, and knowledge support, there is
substantial variation in task definition, evaluation metrics, and
validation approaches, and no stable consensus framework has yet
emerged!. Kleinstreuer et al. noted that the application value of
artificial intelligence in environmental research should be assessed
through evaluation systems consistent with real-world tasks, rather
than relying solely on single-metric accuracy performancel®. On this
basis, differentiated evaluation systems should be established for
different tasks: literature screening should report recall, precision,
specificity, F1, and changes in manual workload; mechanistic
knowledge mining should focus on relationship correctness,
directional consistency, and source traceability; and quantitative data
extraction should distinguish between extraction and matching
accuracy, and identify key error types including numerical mis-
extraction, unit errors, and field mismatching.

Reproducibility, traceability, and reporting
standards

Methodological transparency and result auditability are fundamental
requirements for deploying LLMs in environmental research. Hartung
et al. noted in a review of validation of Al-based new approach
methods that applicability domain definition, external validation, error
analysis, and independent replication are basic prerequisites for Al
methods entering environmental applications’®; Gant et al. similarly
emphasized, in the context of Al integration into chemical risk
assessment, that transparent task definitions, clearly documented
input sources, traceable output pathways, and explicit human review
mechanisms are essential prerequisites for building regulatory
confidence and practical trust®. Accordingly, LLM research in the
environmental domain should at minimum explicitly report model
name, exact version, access date, prompting strategy, input
preprocessing, validation sample sources, and major error types, and
should preserve source tracking and human verification mechanisms
wherever possible.

Model-specific variability and legal/ethical
considerations

Reporting the exact model name, version, and access date is
particularly important because model selection can materially affect
task performance. Performance differences among LLMs reflect not
only the model itself but also differences in training strategies, context
capacity, reasoning ability, and task-specific configurations. Model
performance should therefore be interpreted within the specific
dataset, prompt, adaptation strategy, and evaluation setting rather
than inferred from the model family alone. Comparative studies have
demonstrated the influence of model selection on environmental and
toxicological information extraction tasks. Using the same dataset and
prompt, Nykvist et al. found substantial differences between GPT-3.5
and GPT-4 in environmental literature screening’®.. Moreira-Filho et al.
compared proprietary and open-weight models under a common
toxicological data-extraction workflow. The evaluated models included
Claude 3 Opus, Claude 3.5 Sonnet, Claude 3 Haiku, GPT-40, GPT-40
mini, and Llama 3.1%., Among these models, Claude 3 Opus and Claude
3.5 Sonnet performed best in text-mode extraction, both achieving an
accuracy of 81.14% and an F1 score of 84.70%. These studies suggest
that larger proprietary models often perform better in complex
reasoning, instruction-following, and zero- or few-shot extraction tasks,
whereas open-weight models provide advantages in local
deployment, customization, and reproducibility. Therefore, model
selection should be determined by the specific application scenario,
considering factors such as task complexity, data sensitivity, available
computational resources, and the need for validation and long-term
maintenance.

Reliance on proprietary API-based models also raises copyright,
confidentiality, privacy, and data-governance concerns. Transmit-
ting full-text articles, figures, unpublished manuscripts, or identifi-
able environmental-health data to third-party services may conflict
with applicable licenses, institutional policies, or data-protection
requirementsl®”), Locally deployed open-weight models can reduce
external data transfer and improve version control, but they do not
automatically resolve licensing, cybersecurity, maintenance, or
performance limitations(®8l. Model selection should therefore
consider accuracy, reproducibility, reuse rights, data sensitivity,
provider terms, and deployment requirements.

Applicable boundaries

LLMs should currently be regarded as assistive tools rather than fully
autonomous systems for environmental assessment. Given the
complexity of environmental mechanisms, data heterogeneity, and
regulatory requirements, mature end-to-end LLM workflows for
complete environmental risk assessment are not yet available!®. The
value of LLMs in environmental research is primarily reflected in
improving data discovery efficiency, facilitating structured data
generation, and enhancing the operability of data integration, but their
application remains constrained by result traceability, domain
knowledge constraints, absence of evaluation benchmarks, and
regulatory acceptability.

Future application directions in the
environmental domain

Future progress will depend on integrating LLMs more deeply with
environmental domain knowledge and validation systems. LLMs in
environmental research are better understood as collaborative tools
rather than fully autonomous analytical agents. Kim et al. noted that
high-quality databases, standardized formats, and domain knowledge
constraints remain the foundational conditions for converting Al
methods into usable results!®. Four directions warrant particular
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attention. First, deep integration of retrieval-augmented generation
with  domain  knowledge bases—combining LLMs with
environmental ontologies, chemical databases, and standard
terminology tables can improve term recognition accuracy and
result consistency. The reliability of this approach will depend on the
quality, coverage, and updating of the underlying knowledge
resources. Second, because different LLMs may exhibit
complementary strengths and failure modes, heterogeneous
models can independently extract the same records, with
disagreements examined through cross-critique, source verification,
or human review. Cross-domain studies suggest that multi-LLM
consensus can improve extraction accuracy and reduce hallucination,
although stricter agreement may reduce data yield”%’". Such
agreement should therefore be treated as a validation signal rather
than proof of correctness. Third, cross-scenario transfer should be
evaluated beyond current domain-specific applications, such as water-
conservancy risk decision support”?. This requires testing whether
models developed for one pollutant, environmental medium, or
endpoint retain their performance under different terminology and
evidence structures. Fourth, task-specific benchmarks are needed for
literature screening, relational knowledge mining, and quantitative
data extraction!’?.. Shared datasets, common metrics, human-reference
baselines, and task-specific error analyses would enable more reliable
cross-study comparison. Overall, future applications should prioritize
constrained, traceable, validated, and expert-guided workflows rather
than fully automated knowledge generation.

Conclusion

This review systematically examined advances in LLM applications for
literature screening, relational knowledge mining, and quantitative
data extraction, starting from three core areas of environmental
research: environmental exposure, toxicological effects, and pollution
control. In literature screening, LLMs have demonstrated
methodological feasibility in large-scale record pre-screening;
however, given the potential bias introduced by false negatives, their
role should remain limited to front-end pre-screening and priority
ranking. In relational knowledge mining, mechanistic relationship
extraction under the AOP framework has relatively mature
implementation pathways, while process-oriented relationship mining
for pollutant source-transport-fate and degradation transformation
remains at an exploratory stage. In quantitative data extraction,
domain-adapted tools have emerged across the exposure, toxicity, and
degradation directions, but maintaining record-level completeness
and cross-study comparability remain common bottlenecks.

The more feasible development pathway for LLMs in environmen-
tal research is not the pursuit of full automation, but rather the
construction of a collaborative data processing framework jointly
composed of retrieval augmentation, structured output, rule
constraints, knowledge graphs, resource integration, and expert
review. Within this framework, the role of LLMs should be defined as
a supportive tool for improving data discovery and structured
output efficiency, rather than an independent decision-making unit
operating outside domain knowledge and quality control.
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