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Abstract

Environmental science addresses critical global challenges, including climate change,
biodiversity loss, and sustainability. These complex topics generate a vast amount of both
structured and unstructured data, from remote sensing output to policy documents,
guidelines, and scientific literature. Effectively processing and utilizing this information is
essential for advancing research and supporting decision-making. Large Language Models
(LLMs) have shown remarkable capabilities in natural language understanding and generation
across various domains. They offer a promising solution for extracting insights and
synthesising knowledge and present potential benefits for environmental science research
and engineering. This study presents a systematic review of 51 peer-reviewed articles on the
use of LLMs within environmental science. We analyze their applications, usage types, and
the challenges or limitations identified by researchers. Key trends show that knowledge
extraction is the most common application, with climate science being the dominant domain.
Our findings map the current landscape, highlight research gaps, and outline open problems
that need to be addressed in future work. This review serves as a resource for researchers
applying LLMs in environmental contexts, supporting more effective and informed decision
making.
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1. Introduction

The increasing urgency of environmental challenges, from climate change and biodiversity loss
to sustainable resource management, demands innovative solutions. However, the large amount
and complexity of environmental data, such as scientific papers, policy documents, citizen science
reports, and remote sensing data, create significant challenges for researchers and policy makers.
For example, aligning national biodiversity targets with global goals remains complex due to the
diversity of data [1]. Traditional retrieval methods for finding information about environmental
events are inefficient [2], and addressing climate misinformation requires scalable Al tools that can
operate at a large scale [3]. Climate change communication differs widely across cultures and
ideological contexts, influencing public perception and policy responses [4].

Given these conditions, there is a growing need for tools that can make sense of vast,
fragmented, and constantly evolving environmental knowledge. Generative Large Language Models
(LLMs), such as GPT [5], PaLM [6], and LLaMA [7], offer a new paradigm for addressing this need by
enabling scalable analysis, synthesis, and interaction with textual environmental data. Their ability
to extract insights, generate summaries, and interact via natural language makes them highly
relevant for supporting environmental decision-making, public engagement, and interdisciplinary
research workflows.

Environmental science, by nature, spans disciplines and requires integrating information from
diverse sources—scientific literature, legal regulations, policy documents, sensor data annotations,
and public discourse. LLMs are uniquely positioned to handle this diversity, not only by retrieving or
summarizing content, but also by generating new hypotheses, detecting misinformation, or
translating technical findings into accessible language. This makes them a potentially transformative
tool in bridging gaps between science, policy, and society.

Despite their promise, the integration of LLMs into environmental science remains limited and
underexplored. This gap raises critical questions about their practical applications, limitations, and
reliability in addressing environmental problems. Our work seeks to fill this gap by systematically
reviewing existing studies that apply generative LLMs in environmental contexts.

The goal is to illustrate how LLMs are being used in various environmental challenges, offering
practitioners a clearer understanding of their potential use cases. For each study, we analyse the
specific environmental science topic, how LLMs were applied in the study, the limitation identified
in the implementation, and the type of evaluation that was carried out.

Upon reviewing existing surveys on this topic, we found that our work stands out in several ways.
Other surveys either concentrate on specific environmental science challenges or do not focus on
LLMs. The study most similar to ours [8] utilized LLMs to extract the latest literature in
environmental science, specifically focusing on studies published between 2021 and 2023, using the
Web of Science database. In contrast, our study explicitly examines research that utilizes LLMs to
address environmental science challenges. We conducted a comprehensive search across both
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Scopus and Web of Science, spanning the period from 2018 to 2025. To summarise, the
contributions of this paper are as follows:

e We present a systematic review focused specifically on the use of generative LLMs in
environmental science, covering 51 peer-reviewed studies.

e We propose a structured categorisation of how LLMs have been applied, including use cases,
evaluation methods, and common limitations across environmental domains.

e We provide a critical assessment of the strengths, weaknesses, opportunities, and threats of
applying LLMs in environmental science, offering a practical reference point for future
research, interdisciplinary collaboration, and responsible development.

This paper is organised as follows. Section 2 introduces the background and foundational
concepts of LLMs. Section 3 details the research methodology used in this review. In Section 4, we
present the results, structured around key research questions. Finally, in Section 5, we discuss our
findings, and in Section 6, we conclude the article and outline future research directions.

2. Background: Large Language Models

Large Language Models are a class of artificial intelligence systems designed to understand and
generate human language. Their development has been driven by advances in Natural Language
Processing (NLP), a subfield of artificial intelligence that focuses on enabling machines to process
and interpret human language. NLP techniques such as statistical modelling, Recurrent Neural
Networks (RNNs), and word embeddings laid the groundwork for the evolution of LLMs. However,
these earlier models faced challenges in capturing long-range dependencies and efficiently
processing large-scale text corpora.

A significant breakthrough in NLP came with the introduction of the attention mechanism, which
allowed models to dynamically focus on the relevant parts of the input sequence during processing
[9]. This innovation led to the development of the Transformer architecture, which replaced
sequential computation in recurrent models with a fully parallelisable structure. Unlike RNNs,
Transformers compute word relationships in a single step, drastically improving training efficiency
and enabling models to process vast amounts of text tractably.

In 2018, BERT was introduced and quickly became widely adopted [10]. Although the original
transformer has both encoder and decoder blocks, BERT is an encoder-only model. Around the same
time, other types of LLMs, such as GPT (Generative Pre-trained Transformers), emerged, enabling
task-solving through prompting—providing input text with instructions to a LLM to guide its response
toward generating relevant, coherent, and contextually appropriate output. Unlike BERT, GPT
models are decoder-only, leveraging their generative capabilities to create new content effectively.

The scalability of Transformers led to the realisation that model performance improves
significantly with increased data, computational power, and model parameters. This principle is
encapsulated in the scaling laws for LLMs [11], which demonstrated that larger models trained on
more data with sufficient computation yield superior language understanding and generation
capabilities. The ability to scale LLMs has resulted in models that achieve state-of-the-art
performance on various NLP benchmarks. Table 1 shows the key concepts in LLMs.
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Table 1 An overview of the key concepts related to Large Language Models.

Concept

Description

Transformer Architecture

Tokenization

Embedding

Self-Attention Mechanism

Pretraining

Fine-Tuning

Reinforcement Learning with
Human Feedback (RLHF)

Prompt

A deep learning model structure that enables parallel processing
of text, improving efficiency in understanding and generating
language.

The process of breaking text into smaller units (words,
subwords, or characters) to be processed by the model

Each token is converted into an embedding vector.

A key feature of transformers that allows the model to weigh
the importance of different words in a sentence to improve
contextual understanding

The initial phase where an LLM is trained on vast amounts of
text data

The process of adapting a pretrained model to specific tasks or
domains using labeled data to improve performance

A training approach where human reviewers help guide the
model’s behavior by ranking outputs, improving alignment with
human expectations

Crafting inputs strategically to guide LLM responses

The following section outlines the methodology used to identify, select, and analyse relevant
studies, ensuring a comprehensive and structured evaluation of existing research.

3. Methodology

This systematic review aims to answer four key research questions concerning the use of large
language models (LLMs) in environmental science:

e What were the application domains, that is, the specific environmental science topics, for

which LLM was used?

e What was the use case of LLMs, that is, how LLMs were utilized, along with the model type?

e What evaluation metrics were used to measure performance?

e What were the challenges and limitations addressed?

We followed the PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses)
guidelines [12] to ensure methodological rigor in conducting and reporting this review. In line with

these guidelines, we clearly defined our inclusion/exclusion criteria, sources of information, and
selection procedures. The selection process is visually summarized in a PRISMA-compliant flowchart

(Figure 1).
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# of records identified through database
searching: 153
Scopus (n=102)
Web of Science (n=51)

!

# of records after duplicates removed:
134

# of records screened:

76 # of records excluded: 58

v

# of full-text articles assessed for
eligibility: 76

# of full-text articles excluded with reasons: 25
Insufficient details or out-of-scope (n = 19)
Review and surveys (n = 6)

# of articles included in the
review: 51

Figure 1 Diagram of the article selection process for evaluation.

Since our analysis focuses on the application domains and use cases of LLMs, we did not consider
survey reviews in our evaluation. In Section 1, we clarified how our work differs from these other
surveys.

To answer our research questions, we collected relevant articles from Scopus and Web of Science
using the official APIs of each database. We applied identical search keywords across both
databases, adjusting only for formatting differences. To narrow the scope, we focused only on
generative large language models such as GPT, T5, LLaMA, PalLM, and more. For environmental
science, our search included keywords related to environmental science, policy, communication,
climate-related topics, and biodiversity as core areas. The term environmental science enables us
to explore various subdomains and challenges, including energy, air, and water pollution, as well as
other related issues. For each database, the title, abstract, and keywords were searched in February
2025.

3.1 Inclusion & Exclusion Criteria

For inclusion, we considered studies focusing on LLM applications in environmental science,
published between 2018 and 2025. This time frame captures the introduction and adoption of
generative LLMs. Only articles written in English were included. For exclusion, we did not consider
editorials, conference reviews, or book chapters.

Since our analysis focuses on the application domains and use cases of LLMs, we did not consider
survey reviews in our evaluation.

Figure 1 outlines the screening and selection process. Initially, 153 papers were retrieved (102
from Scopus and 51 from Web of Science). After removing duplicates and ineligible studies, 77
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papers remained. Ineligibility was determined through a quick abstract scan, excluding papers
where “LLM” did not refer to Large Language Models or where the term “environmental” was
unrelated to environmental science topics.

We used ASReview [13] to accelerate the screening process before selecting papers for final
inclusion. ASReview is an open source tool that uses active learning to prioritise relevant studies
efficiently.

Figure 2 illustrates the distribution of publications over the years, highlighting a significant
increase in 2024 and a rapid growth forecast for the future.

30

25

20

15 1

Number of Publications

10 ~

Figure 2 Number of publications per year.

3.2 Data Analysis Methods

For our final screening, we excluded the survey or review papers as they do not fit our analysis.
To answer the research questions, we applied different strategies for each question. For example,
for the first question, identifying environmental science topics, we used a combination of index
keywords, author-provided keywords, and terms found in the abstracts. From these sources, we
extracted all available keywords and manually selected those relevant to environmental science.

However, identifying LLM use cases required a more comprehensive approach, as relying solely
on the provided keywords was insufficient. In this case, we also extracted keywords from the
abstract and performed a manual review of the article to confirm relevance. Some studies included
LLMs as part of a larger system; in those instances, we considered the broader context when
classifying the use case (e.g., [14-17]).

Similarly, for research questions related to evaluation and challenges, we examined the papers
in greater detail, including both the abstract and full text. To conduct the analysis, we grouped
related terms mentioned by the authors into categories, as detailed in Section 4.

4. Results

This section presents the results of the analysis addressing the four research questions outlined
in Section 3. For each research question, we grouped similar articles into 4 to 5 main categories. In
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some cases, a paper fit into multiple categories, which we accounted for accordingly. Table 2
provides an overview of the categorisation, showing which papers fall under each category for each

research question.

Table 2 Classification of papers by topic, usecase, evaluation, and limitation categories.

Paper Topic Usecase Evaluation Limitation
Comparison with base models, .
) . Ethical concerns,
[18] Climate Factual evaluation Human o
Technical issue
feedback

(19]

[20]

[21]

[22]

(23]

(16]

(1]

[24]

[25]

(26]

(27]
(28]

[29]

(30]

(31]

Environmental

science, Sustainability

Marine ecosystem,

Pollution

Climate

Air pollution

Climate
Biodiversity,
Environmental

science

Biodiversity

Climate,
Sustainability

Forestry

Biodiversity

Environmental
science
Climate
Climate,
Crowdsourcing

Climate

Climate

Knowledge extraction

Predictive modelling

Factual evaluation,
Evaluation framework

Knowledge
extraction, Predictive
modelling

Factual evaluation

Knowledge extraction

Decision support

Knowledge extraction

Knowledge extraction,
Agent-based modelling

Knowledge extraction

Question-answering
Factual evaluation

Knowledge extraction

Predictive modelling

Question-answering

Human feedback

Human feedback

Human feedback

Human feedback

Automatic evaluation

Automatic evaluation

Automatic evaluation, Human
feedback.
Train/test evaluation

Human feedback

Comparison with base models,
Human
feedback

Automatic evaluation

Human feedback
Human feedback

Human feedback

Comparison with base models

Human feedback

Unreliable output

Technical issue,
Unreliable output

Ethical concerns,
Interpretability issues,
Technical issue

Technical issue,
Unreliable output

Ethical concerns

Ethical concerns,
Unreliable output

Ethical concerns,
Interpretability issues,
Technical issue

Technical issue

None (limit)

Data limitations,
Unreliable output
Ethical concerns
Technical issue
Technical issue

Technical issue,
Unreliable output
Technical issue
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(32]

(33]

(34]
(35]

(36]

(37]

(38]

(39]

(17]

[40]

[41]

[42]

[43]

[44]

[15]

[45]

[46]

Carbon footprint,
Climate
Sustainability,
Nuclear energy,
Renewable energy
Carbon footprint,
Climate

Climate

Sustainability

Climate

Climate, Agricultural
sector

Climate

Carbon footprint,
Climate

Biodiversity

Climate,
Environmental

science

Climate

Biodiversity, Marine
ecosystem
Biodiversity

Forest Smoke
detection, Wildfire
containment
Environmental

science

Sustainability, Water
management

Question-answering

Factual evaluation

Decision support
Predictive modelling

Predictive modelling

Knowledge extraction

Question-answering

Factual evaluation

Decision support,
Question-answering

Knowledge extraction

Question-answering

Question-answering

Question-answering

Knowledge extraction

Predictive modelling

Question-answering

Decision support,
Interactive
Question-answering

Human feedback

Automatic evaluation,
Human feedback
Automatic evaluation

Train/test evaluation
Comparison with base models,
Train/test evaluation

Comparison with base models,
Train/test evaluation

Comparison with base models
Comparison with base models,

Human
feedback

None (eval)

Automatic evaluation

Automatic evaluation, Comparison

with base models, Human
feedback.

Train/test evaluation
Comparison with base models,
Human

feedback

Data limitations, Ethical

concerns

Data limitations

Unreliable output
None (limit)
None (limit)

Data limitations,
Ethical concerns,
Technical issue,
Unreliable output
Data limitations,
Ethical concerns,
Technical issue

Ethical concerns
Technical issue
Technical issue,

Unreliable output

Data limitations

Data limitations,
Unreliable output

Automatic evaluation, Comparison Data limitations,

with base models
Human feedback

Automatic evaluation, Comparison

with base models

Human feedback

Automatic evaluation

Unreliable output
Ethical concerns

Technical issue

Data limitations

Data limitations,
Technical issue,
Unreliable output
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[47]

(48]

[49]

(50]

(51]

(52]

(53]

(54]

(55]

(56]

(14]

(57]

(58]

(2]

(3]

(59]

(60]

(4]

Environmental
science, Ocean
science

Climate

Carbon footprint,
Climate

Climate,
Sustainability

Climate

Climate

Climate
Environmental

science
Climate
Climate,
Sustainability

Environmental
science, Marine
ecosystem
Climate,
Sustainability

Climate

Climate,
Environmental events

Climate

Climate

Sustainability

Climate

Knowledge
extraction,
Multi-agent
collaboration

Factual evaluation

Decision support,
Knowledge extraction
Question-answering,
Conversational agent

Factual evaluation

Knowledge extraction

Question-answering

Knowledge extraction

Question-answering

Factual evaluation

Predictive modelling

Knowledge extraction

Question-answering

Decision support,
Knowledge extraction

Factual evaluation

Factual evaluation

Knowledge extraction

Knowledge extraction

Human feedback

Automatic evaluation,
Human feedback

Comparison with base models

Ethical concerns,
Unreliable output

Unreliable output

Interpretability issues,
Unreliable output

Automatic evaluation, Comparison Technical issue,

with base models

Automatic evaluation,

Human feedback

Comparison with base models,
Human

feedback

Human feedback

Comparison with base models

Human feedback

Automatic evaluation, Human
feedback.
Train/test evaluation

Automatic evaluation, Comparison

with base models

Comparison with base models

Human feedback

Automatic evaluation

Human feedback

Automatic evaluation

Automatic evaluation,
Human feedback

Human feedback

Unreliable output
Unreliable output

Interpretability issues,
Technical issue,
Unreliable output
Unreliable output

Unreliable output

Ethical concerns,
Unreliable output

Unreliable output

Technical issue

Ethical concerns,
Unreliable output
Ethical concerns,
Unreliable output
Data limitations,
Ethical concerns,
Interpretability issues
Technical issue,
Unreliable output
Technical issue,
Unreliable output

Unreliable output

Data limitations,
Unreliable output

Page 9/21



Adv Environ Eng Res 2025; 6(3), doi:10.21926/aeer.2503028
4.1 Application Areas of LLMs in Environmental Science

This research question aims to provide an overview of the most common application areas within
environmental science where LLMs have been utilized. In some articles, the authors referred only
to the general term environmental science, which we accepted as a valid topic. Figure 3 and Figure
4 show the most frequently addressed application topics. Among them, climate has the highest
appearance (i.e., about 60%) in our review, highlighting its critical importance within environmental
science research.
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Figure 4 Number of papers per application topics.
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4.2 Usecase of LLMs

In this section, we analyse how LLMs were used in environmental science research. We identified
five main categories of application: knowledge extraction, question answering, factual evaluation,
predictive modeling, and decision support.

The most common use case was knowledge extraction, where LLMs were used to summarise
scientific literature, extract insights from policy documents, and retrieve specific information from
environmental datasets [19, 24, 29]. These models helped reduce the manual workload required to
process large volumes of unstructured and structured text.

Question answering was another prevalent use case, often implemented via chatbots or
conversational agents. These systems enabled both experts and non-specialists to interact with
environmental information through natural language queries. Ferreri-Pic [27] developed an LLM-
based interface for public engagement with environmental guidelines by generating future
scenarios. Giudici et al. [50] created a conversational system that guided users through domestic
sustainability. Similarly, Labonnote et al. [53] developed a chatbot designed to enhance user
accessibility and awareness of climate-related topics.

Another notable application was factual evaluation. In factual evaluation, LLMs were applied to
verify the accuracy of environmental statements, detect misinformation, or perform sentiment
analysis on climate-related discourse. These applications are particularly relevant for monitoring
public narratives or validating the trustworthiness of sources. For example, Christodoulou et al. [23]
leveraged LLMs to detect hate speech and stance in climate-related social media posts. Corral et al.
[48] utilized LLMs to detect and categorize accusations of hypocrisy in climate discourse. Aremu et
al. [18] applied LLMs to assess their reliability in responding accurately to misinformed prompts.

LLMs were also used in predictive modeling tasks, where they contributed to classification,
forecasting, or hybrid modeling approaches. Balcacer et al. [20] integrated LLMs with environmental
sensors to predict pollution levels in marine ecosystems. Grasso et al. [30] used LLMs to forecast
climate indicators by analyzing past event reports and scientific literature. Wei et al. [15]
incorporated LLMs in wildfire containment systems, combining visual context and language-based
prompts to improve smoke detection.

Ultimately, several studies have utilized LLMs to support decision-making processes. In these
cases, LLMs were tasked with synthesising policy recommendations, suggesting mitigation
strategies, or identifying emerging environmental trends from complex datasets. For example,
DeSantis et al. [1] applied LLMs to align biodiversity goals with global policy frameworks, while Li et
al. [34] and Ghinassi et al. [49] used them to inform decisions on carbon footprint management.
Ochieng et al. [17] integrated LLMs as post-prediction recommender tools, and Arslan et al. [46]
demonstrated how LLMs can facilitate interactive support in sustainability and water management
scenarios.

While knowledge extraction dominated the reviewed literature, the diversity of other use cases
highlights the adaptability of LLMs in environmental research. We chose to distinguish between
knowledge extraction and question answering to reflect their different technical structures and
user-facing goals, one being passive, the other interactive and end-user oriented. Figure 5 illustrates
the distribution of LLM use cases identified in our review.
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Figure 5 Number of papers per use case.
4.3 Evaluation Types

For each article, we analysed the evaluation process and associated metrics. We classified the
types of evaluation into four main categories: human feedback, train/test evaluation, automatic
evaluation, and comparison with baseline models. Some papers used more than one method, while
others did not include a clear evaluation strategy for the LLM component.

Human feedback was the most frequently used evaluation method. In these studies, researchers
relied on expert or non-expert reviewers to assess the outputs of LLMs, often judging their
usefulness, accuracy, or relevance. This approach was prevalent in tasks such as summarization or
question answering, where subjective quality matters [18, 47, 52].

Train/test evaluation was used in a smaller set of papers, particularly where LLMs were involved
in classification or prediction tasks. These studies split datasets into training and testing subsets to
evaluate performance in a more controlled and reproducible way. For example, Li et al. [35]
employed standard train-test splits to assess predictive accuracy in climate-related models. Lin et
al. [36] followed a similar approach in modeling sustainability outcomes, and Sun et al. [41]
combined train/test evaluation with human review to validate both model performance and user
satisfaction.

Automatic evaluation was another standard method, particularly in tasks like summarization or
sentiment analysis where standardized metrics such as BLEU, ROUGE, or accuracy scores could be
applied. This approach also included cases where another LLM or script was used to evaluate output
quality. For example, Elliott et al. [26] trained a logistic regression model to predict correctness of
LLMs’ answers. Corral et al. [48] applied automatic scoring to sentiment classification outputs, and
Giudici et al. [50] combined scripted evaluation with human judgment in their analysis of chatbot
performance.
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Some studies opted to compare LLMs against baseline models or previously established
methods. This category included both qualitative and quantitative comparisons, aiming to highlight
where LLMs offered improvements (or not) over traditional techniques. For example, Grasso et al.
[30] benchmarked LLM-driven forecasts against existing predictive models for climate variables. Bi
et al. [47] conducted comparisons between LLM-based agents and rule-based systems in ocean
science tasks. Zhou et al. [60] tested the output of LLMs against older NLP models to assess gains in
interpretability and accuracy.

Figure 6 presents the number of papers in each evaluation category. One notable exception was
the study by Ochieng et al. [17], which did not include any evaluation specific to the LLM component.
While the study evaluated a predictive system overall, it lacked metrics or validation strategies for
the language model used in generating recommendations, a gap that reflects the broader challenge
of evaluating LLMs in multi-component pipelines.

Number of Papers

Evaluation Category

Figure 6 Number of papers per evaluation category.

As seen in Figure 6, most studies relied on some form of human evaluation, which can introduce
subjectivity. This trend may be because many use cases fall under knowledge extraction and
guestion-answering, where human judgment plays a significant role. Table 2 provides a more
detailed view of the evaluation approaches.

4.4 Challenges & Limitations Identified

In this section, we provide an overview of the main challenges and limitations reported by
authors when applying LLMs within environmental science contexts. Although the terminology used
to describe these issues varied across studies, we grouped the identified challenges into five key
categories: data limitations, technical matters, interpretability challenges, ethical concerns, and
unreliable outputs.

Data limitations were widely discussed, with several authors noting that existing models often
struggle due to unbalanced datasets, a lack of domain-specific training data, and limited access to
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high-quality, up-to-date environmental information [26, 33, 41]. These challenges often impact the
relevance and accuracy of LLM outputs in environmental applications, where specialized
information is critical.

Technical issues were also commonly reported. These included the high computational and
energy costs associated with deploying LLMs or integrating them with existing data pipelines, the
complexity of prompt engineering, difficulties in incorporating human feedback, and limitations due
to short context windows or low inference efficiency, e.g., [30, 40, 59]. Such barriers were seen as
significant obstacles to practical deployment.

Interpretability presented another area of concern. Several studies pointed to the “black-box”
nature of LLMs, which makes it difficult to trace how outputs are generated or explain model
decisions. This lack of transparency was particularly problematic in cases where LLMs were used to
support decision-making or policy-related tasks that require a clear rationale, e.g. [2, 21, 49, 52].

Ethical concerns were also raised throughout the reviewed literature. Issues such as fairness,
bias, copyright, and privacy were mentioned, particularly in studies that involved sensitive content
or public-facing applications. While these concerns are common in Al in general, they are essential
in environmental domains where trust and public accountability are critical, e.g. [37, 55, 58].

Finally, unreliable output was among the most frequently cited limitations. This included
hallucinated facts, confabulation, factual inaccuracies, inconsistencies, and generalisation, e.g. [22,
42, 60]. Authors emphasized the need for more robust evaluation methods and safeguards,
particularly in high-stakes environmental scenarios where accuracy and reliability are crucial.

Figure 7 shows the distribution of papers across these categories. Some papers, [25, 35, 36], did
not mention any specific limitations or challenges related to the use and implementation of LLMs.
As shown in Figure 7, unreliable outputs and technical difficulties were the most frequently cited
issues. While many of these concerns, such as hallucinations, bias, and scalability, are not specific
to environmental science, a few challenges are more domain-relevant. In particular, issues related
to training data, such as accessibility, data imbalance, and quality, were especially prominent in this
field and can be considered by researchers in the environmental science field.

25

Number of Papers
& 5

,_.
o
L

Limitation Category

Figure 7 Number of papers per limitation category.
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5. Discussion

The analysis of the reviewed papers reveals several emerging trends. The climate domain stands
out as the most frequently addressed topic, indicating a strong research interest in using LLMs to
support climate-related studies. The most common use case observed was knowledge extraction,
such as summarisation and information retrieval, demonstrating the value of LLMs in reducing the
manual effort required to process vast and rapidly growing volumes of environmental data. From
the analysis, we also identify several open challenges and future research directions that could help
advance the field:

e Human-in-the-loop integration: A key challenge lies in effectively incorporating human
expertise throughout the development lifecycle, particularly in data selection, feedback, and
evaluation stages. Future work can focus on standard platforms to facilitate this integration
in a structured and reusable way.

e Data limitations: Issues such as lack of domain-specific training data, unbalanced datasets,
and poor data quality were frequently mentioned. Addressing these limitations requires a
greater adoption of FAIR principles (Findable, Accessible, Interoperable, and Reusable) and
open-source frameworks, which can enhance data accessibility and model reproducibility.
Although these practices are not new, they have yet to be widely adopted in the context of
LLMs within environmental science.

e Evaluation frameworks: Evaluation is considered to be a very challenging part of using LLMs.
While human evaluation is regarded as the most accurate and reliable method, it can also
introduce subjectivity and bias. Developing standardized, domain-aware evaluation
frameworks that balance human judgment with automated metrics is an essential direction
for future work.

e Interdisciplinary collaboration: A significant gap exists in collaboration between Al
researchers and environmental science experts. Many challenges, especially those that are
domain-specific, could be addressed more effectively through co-development approaches.

While several studies explored LLMs for knowledge extraction and decision support, we found
limited evidence of their use in processing real-time environmental data streams. As LLMs become
more integrated into decision-making systems, leveraging them for dynamic, time-sensitive
applications — such as responding to sensor data — could be a valuable direction for future
research. Moreover, as LLMs evolve from language understanding to problem-solving, new
opportunities arise. Multimodal LLMs, capable of processing text, images, and other data types,
could support more comprehensive environmental modeling. Furthermore, agent-based LLM
architectures, where individual agents specialize in distinct subfields of environmental science, can
tackle complex and interdisciplinary challenges. These agents could collaborate as part of a larger
problem-solving system, leveraging previously developed models and knowledge extraction tools
to enhance their capabilities. This vision highlights the importance of open-source and FAIR data,
which facilitate reuse and integration across various applications.

While LLMs show potential in various environmental applications, it is crucial to critically assess
their validity through a SWOT (Strengths, Weaknesses, Opportunities, and Threats) lens. Strengths
include their ability to process vast unstructured datasets (e.g., policy, literature, citizen reports)
and generate human-readable outputs, which can support knowledge discovery and
communication. They also lower the barrier for non-experts to access complex environmental
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information. Weaknesses, however, include the lack of transparency, dependency on non-domain-
specific training data, and challenges in evaluating output reliability. These limitations raise
concerns about the direct use of LLMs in high-stakes decision-making without human oversight. On
the opportunity side, LLMs could serve as intelligent assistants for interdisciplinary research, help
automate the synthesis of environmental assessments, and support scalable environmental
communication tools. However, threats include the risk of misinformation (e.g., hallucinations),
model biases, and environmental costs associated with training and running large-scale models. The
risk of overreliance on these systems without proper validation could hinder their safe deployment
in sensitive policy or scientific workflows.

6. Conclusions

This review focuses on the application of LLMs in addressing challenges within environmental
science. By analyzing 51 papers sourced from Scopus and Web of Science databases, we identified
main application topic trends, use cases, and research gaps. The climate domain emerged as the
most frequently targeted area, while knowledge extraction was the most common use case of LLMs.
In addition to mapping these trends, we investigated the evaluation methods used and discussed
the significant challenges and limitations reported across studies. Finally, we outlined several
directions for future research, emphasizing the need for improved evaluation frameworks,
facilitating human-in-the-loop, and the adoption of open and FAIR data practices.
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