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Rapid growth and increasing fragmentation of Earth-system science literature pose a major barrier to
timely, evidence-based assessment of global environmental change and planetary boundary
conditions. Here we present a domain-adapted retrieval-augmented generation framework for Earth-
system research, in which domain adaptation is achieved through curated scholarly corpora and a
structured evaluation design, supporting transparent and reproducible deployment. The system
continuously curates literature from major scholarly databases and integrates it with locally hosted,
open-weight language models to enable source-level traceability, long-term accessibility, and
independence from external commercial services. When queried, it retrieves relevant scientific
sources and generates responses grounded directly in those documents, reducing screening effort
and addressing reliability concerns associated with general-purpose language models. Quantitative
evaluation shows high contextual faithfulness (0.96), strong answer relevance (0.88), and robust
correctness (0.81). Our findings indicate that domain-adapted retrieval-augmented generation can
strengthen the scientific basis for Earth-system assessment by enabling transparent, continuously
updated, source-attributed synthesis across rapidly expanding literature.

Global environmental change ranks among themost pressing challenges of
this century1. Understanding its drivers, interactions, and consequences
requires a holistic Earth-system perspective that integrates work from
atmospheric science, ecology, hydrology, biogeochemistry, and human-
environment research2,3. This scientific landscape is vast, interdisciplinary,
and rapidly evolving4. The volume of peer-reviewed publications grows at a
pace that makes staying current increasingly difficult for researchers,
assessment teams, and policymakers4. As a result, maintaining an up-to-
date, coherent synthesis of knowledge across Earth-system domains has
become a major bottleneck in global-change research.

Within this broader context, the Planetary Boundaries Framework
offers a prominent and well-structured example of an integrated Earth-
system assessment. First introduced by Rockström et al. (2009)5 and sub-
sequently refined by Steffen et al. (2015)2 and Richardson et al. (2023)6, the
framework provides a scientific basis for defining a “safe operating space”
for humanity by identifying biophysical thresholds across nine inter-
connected domains, including climate change, biosphere integrity, fresh-
water use, land system change, ocean acidification, ozone depletion,
atmospheric aerosol loading, novel entities and biogeochemical flows. Its
influence extends across sustainability science, guiding global assessments,

policy debates, and modelling initiatives. The framework also illustrates
broader challenges facing Earth-system assessment and integration5. Lit-
erature relevant to each boundary is highly interdisciplinary and continues
to expand rapidly4,7, increasingly challenging manual review processes. The
heterogeneity of data types, methodologies, and disciplinary languages
further complicates systematic and transparent synthesis. This motivates
the development of approaches capable of keeping pace with rapidly
expanding scientific domains and providing verifiable, up-to-date syntheses
for assessment processes and decision-relevant analysis. This work is
motivated by the need for transparent, continuously updated tools that can
support PlanetaryBoundaries assessments (like the annualPlanetaryHealth
Check report). As an initial demonstration of this approach, we focus on the
Climate Change boundary, which provides both a rich literature base and a
well-defined conceptual structure for evaluating retrieval-augmented
question-answering performance. More broadly, this setting reflects a
common challenge in Earth-system science: integrating rapidly expanding
andheterogeneous knowledge into coherent, assessment-relevant synthesis.

Recent studies have applied natural language processing (NLP)
methods to assist with large-scale literature analysis in climate and sus-
tainability domains8–10.Meanwhile, the emergence of large languagemodels
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(LLMs) has created new opportunities for automating aspects of scientific
synthesis11–13, yet their direct use in specialised scientific contexts is con-
strained by well-documented issues14, including factual unreliability and
lack of domaingrounding.Retrieval-AugmentedGeneration (RAG)aims to
address someof these limitationsby conditioningmodeloutputs onexternal
source documents, and new evaluation approaches, such as the Retrieval-
Augmented Generation Assessment (RAGAs) framework, seek to quantify
how effectively such systems integrate retrieved information15–17.

In this paper, we propose a domain-adapted question-answering (QA)
systemdesigned to support Earth system andplanetary boundaries research
through automated, evidence-grounded synthesis of peer-reviewed litera-
ture supplemented by OpenAlex-indexed preprints to capture emerging
research, with transparent source attribution. Here, “domain-adapted”
refers to adaptation through curated Earth-system corpora, domain-expert
question design, and evaluation criteria reflecting scientific accuracy and
sufficiency within Earth-system research. The system continuously aggre-
gates scientific literature frommajor scholarly databases and integrates these
sources into a structured, searchable knowledge base. A RAG architecture
combines semantic retrieval with generative reasoning, enabling users to
query the system in natural language and receive transparent, source-
groundedanswers. The operationalQA system is implementedusing locally
hosted, open-weight language models, enabling transparent configuration
and reproducible deployment independent of external commercial APIs.

Several recent studies have demonstrated the feasibility of retrieval-
augmented large languagemodels in climate and sustainability contexts. For
example, ChatClimate grounds GPT-4 responses in the IPCC AR6 reports
to enhance reliability in climate-related question answering8, while Cha-
tReport applies LLM-based retrieval to corporate sustainability reports with
traceable outputs and expert-in-the-loop development9. Similarly, Chat-
NetZero employs RAG with additional reference and anti-hallucination
modules to improve factual accuracy in net-zero policy analysis18. These
systems focus on application-oriented implementations within defined
document collections and task settings. Despite recent progress in domain-
specific RAG systems, there remains comparatively limited work focusing
on reproducible and continuously updateable retrieval frameworks
designed for the highly interdisciplinary and rapidly evolving literature of
Earth-system science.

In contrast, the present study addresses themethodological design and
evaluation of RAG systems for scientific knowledge synthesis in Earth-
system science. Specifically, it introduces (i) a cross-database scholarly
corpus that integrates publications from multiple sources with automated,
periodic ingestion, enabling continuous corpus evolution beyond static
collections; (ii) an explicit evaluation framework that separates retrieval and
generation performance under controlled answerability assumptions; and
(iii) a combined assessment strategy that integrates automated grounding
metrics with domain-expert evaluation of scientific sufficiency.

The contribution, therefore, lies not only in applying RAG to Earth-
system science but in providing a structured, reproducible framework for
constructing, evaluating, and deploying RAG-based systems over evolving
scientific literature. This framework is designed to support traceable and
updatable knowledge synthesis in Earth-system research, with potential
applications in large-scale assessments and interdisciplinary analysis.

To evaluate the system’s performance, we constructed a domain-
specific dataset and applied theRAGAs framework to assess retrieval quality
and the grounding of generated answers. The results indicate high con-
textual faithfulness (0.96), strong answer relevance (0.88), and robust
answer correctness (0.81), showing that the retrieval augmentation
improves grounding and factual alignment of generated responses within
the controlled evaluation setting. Complementing these quantitative results,
an expert evaluation found the answers broadly accurate but often inneedof
additional contextualisation, quantitative detail, or methodological nuance.
This highlights a distinction between paragraph-grounded correctness and
the broader expectations of scientific sufficiency in expert assessment. In the
remainder of this paper, we describe the systemdesign, present quantitative
evaluations of its retrieval-augmentedperformance, anddiscuss its potential

to strengthen evidence synthesis for Earth-systemassessment and planetary
boundaries research.

Results and discussion
Experimental configuration
To evaluate the initial performance of the RAG-based prototype, climate
changewas selected as a use case among the nine planetary boundaries. The
retrieval and generation performance have been evaluated separately using
the evaluation framework described in the Methods section. Four open-
weight large language models were used in the experiments, using their
Ollama model identifiers: gpt-oss:20b19, deepseek-r1:70b20, llama4:16x17b21,
and gemma3:27b22, corresponding to models with approximately 20B, 70B,
109B (reported for the 16x17B architecture), and 27B parameters, respec-
tively. Models were run using the default Ollama quantization settings
(MXFP4 for gpt-oss:20b and Q4_K_M for the remaining models). The
experiments were run in a local client-server setup: the web application,
vector database, retrieval, and evaluation components were executed on a
local application server, while language-model inference was served sepa-
rately throughOllama on a dedicatedmachine equipped with twoNVIDIA
V100 GPUs with 32 GB VRAM each and approximately 64 GB system
memory. The models were tested in two modes: (1) retrieval-augmented
generation (RAG), using the system’s semantic search mechanism to pro-
vide grounding evidence, and (2) direct generation without retrieval.

To ensure themodels operate asdeterministically as possible, theywere
invoked via Ollama, setting the temperature parameter to 0.00. An excep-
tion wasmade for Gpt-oss, for which the temperature was set to 0.05 with a
seed parameter set to 42, as using a temperature of 0.00 caused it to return
only short phrase-level answers rather than complete sentences. Perfor-
mance was quantified using RAGAs metrics, which enable separate
assessment of retrieval quality, grounding fidelity, relevance, and factual
accuracy.

Retrieval and generation performance
Retrieval performance. We first evaluated the retrieval component
using the context precision and context recall metrics from the RAGAs
framework. The retriever was configured to retrieve four chunks per
query. Across all 50 question-answer pairs, the system achieved a mean
context precision of 1.00 and a context recall of 0.98.Under the controlled
single-document answerability assumption described in Methods, these
values indicate consistent ranking of the relevant chunks containing the
reference claims among the top retrieved results.Minor variation in recall
was observed for a small subset of questionswhere not all reference claims
were supported within the top retrieved chunks. In these cases, relevant
claims were distributed across chunk boundaries or ranked beyond the
fixed retrieval window.

Generation performance. RAGAs generation metrics were used to
assess how effectively each model used the retrieved evidence. Table 1
reports the mean scores and associated standard deviations for the three
metrics (faithfulness, answer relevancy, and answer correctness), while
Fig. 1 presents the corresponding mean scores together with 95% boot-
strap confidence intervals (based on 5000 resamples). The analysis
reveals variability in performance across the four evaluated LLMs:
Gemma-3, Gpt-oss, Deepseek-r1, and Llama-4.

Faithfulness measures the degree to which generated answers are
grounded in the provided context. Gemma-3 achieved the highest mean
score (0.96 ± 0.08), showing both strong adherence and low variance.
Deepseek-r1 and Llama-4 performed similarly (0.91 ± 0.17 and 0.91 ± 0.19,
respectively), while Gpt-oss showed the lowest and most variable faithful-
ness score (0.86 ± 0.22).

Answer relevancy measures how directly a generated response
addresses the user’s question. GPT-oss achieved the highest relevancy
(0.88 ± 0.23), followed by Deepseek-r1 (0.86 ± 0.26). Llama-4 yielded the
lowest score (0.77 ± 0.18). Some queries received a relevancy score of 0
(reducing the overall averages for all four models) because the judge model
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classifies responses as “noncommittal” when they contain words like
“likely”, “uncertain”or “possibly”.However, these termsoftenoriginate from
the retrieved scientific text rather than from model uncertainty. This
behaviour reflects limitations of the judge model in distinguishing con-
textual scientific uncertainty from genuine noncommittal responses, rather
than weaknesses in the underlying generation component.

Answer correctness reflects factual accuracy and semantic similarity of
the generated response to the reference answers. Gemma-3 again obtained
the highest mean score (0.81 ± 0.13), followed by Gpt-oss (0.77 ± 0.18),
Deepseek-r1 (0.75 ± 0.15) and Llama-4 (0.72 ± 0.18).

Overall, these findings indicate that model size (GPT-oss: 20B, Deep-
seek-r1: 70B, Llama-4: 109B, Gemma-3: 27B) does not appear to translate
into higher performance in this retrieval-augmented setting. Gemma-3
provided the strongest balance between faithfulness and factual accuracy,
whereas Llama-4 benefited least from retrieval and more often relied on
internal knowledge, leading to unsupported extrapolations.

Impact of retrieval augmentation
To contextualise the effect of retrieval within the proposed system, we
compared each model’s performance in the full RAG configuration with a
direct-generation setting (i.e., generationwithout retrieved context). Table 2
summarises the differences across answer relevancy and answer correctness.

Across all four models, retrieval was associated with higher answer
correctness, although the magnitude of improvement varied by model
architecture. Gemma-3 demonstrated the largest overall gain in answer
correctness (+0.19), indicating that retrieval gives it substantial factual
support, while Deepseek-r1 benefitedmost in relevancy (+0.22), suggesting
that retrieval helps it stay more focused on user intent. Llama-4 showed
smaller improvements in both metrics.

As illustrated in Fig. 2, retrieval augmentation had limited influence on
answer relevancy formostmodels, as responses often appeared contextually
appropriate even in the absence of retrieved evidence. However, answer
correctness generally increased when retrieval was enabled. This pattern
suggests that language models may produce responses that sound plausible
even when supporting evidence is absent, while retrieval grounding intro-
duces domain-specific information that can improve factual alignmentwith
the literature. Taken together, these observations illustrate how retrieval
grounding influences response quality within the evaluated system config-
uration and align with previously reported benefits of retrieval-augmented
approaches.

Expert evaluation results
Two domain experts independently evaluated 24 retrieval-augmented
responses generated by the Gemma-3 model, selected for expert review
based on its strong balance between faithfulness and answer correctness, in
automated evaluations. The 24 questions were randomly sampled from the
full evaluation set. Responses were assessed using the Scientific Accuracy,
Completeness & Scientific Sufficiency and Alignment with the Source Paper
criteria described in Methods. The individual expert assessments for the
sampled responses are provided in the Supplementary Table 1 and can be
linked to the question-answer dataset using the question IDs.

Both raters gave relatively high scores on the Scientific Accuracy scale
(Rater A mean = 4.46, SD = 0.93; Rater B mean = 4.12, SD = 1.19), indi-
cating that they broadly perceived the answers as scientifically correct and
consistent with the underlying literature. Scores for Completeness & Scien-
tific Sufficiency were moderate (Rater A mean = 3.29, SD = 0.86; Rater B
mean = 3.33, SD = 1.40), reflecting that, while responses captured key
mechanisms, additional contextual detail, quantitative information, or
methodological nuance was often needed. Scores for Alignment with the
Source Paper were also high (Rater A mean = 4.12, SD = 0.99; Rater B
mean = 3.88, SD = 1.33), indicating that responses remained broadly
faithful to the findings and claims of the referenced literature.

Fig. 1 | Performance of four language models
across the RAGAs evaluation metrics. Bars show
mean scores, points show individual model-
response scores, and error bars show 95% bootstrap
confidence intervals of the mean based on 5,000
resamples. Results are shown for three RAGAS
metrics: faithfulness (grounding in retrieved con-
text), answer relevancy (alignment with the user
query), and answer correctness (factual accuracy
and semantic similarity). For each model-metric
combination, n = 50, corresponding to one model
response to each of 50 climate-related queries.
Gemma-3 achieves the strongest overall balance
between grounding and factual accuracy, while
Llama-4 shows the smallest gains from retrieval.
Despite substantial variation in parameter size (Gpt-
oss: 20B,Deepseek-r1: 70B, Llama-4: 109B, Gemma-
3: 27B), the results show no clear positive correlation
between model size and performance.

Table 1 | RAGAs generation scores across multiple language
models

Model Faithfulness Answer
Relevancy

Answer
Correctness

Gemma-3 0.96 ± 0.08 0.84 ± 0.28 0.81 ± 0.13

Gpt-oss 0.86 ± 0.22 0.88 ± 0.23 0.77 ± 0.18

Deepseek-r1 0.91 ± 0.17 0.86 ± 0.26 0.75 ± 0.15

Llama-4 0.91 ± 0.19 0.77 ± 0.18 0.72 ± 0.18

Mean ± standard deviation for three RAGAs metrics (faithfulness, answer relevancy, and answer
correctness) computed over 50 climate-related question-answer pairs. Faithfulness reflects the
degree to which generated answers are grounded in the retrieved evidence; answer relevancy
measures alignment with the user’s query; and answer correctness captures factual accuracy and
semantic similarity relative to reference answers (see Methods). The results illustrate substantial
differencesacrossmodels,withGemma-3achieving the strongest overall balanceof grounding and
accuracy.
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These results highlight a divergence between automated evaluation
metrics, which capture retrieval grounding and contextual correctness, and
expert assessments, which more critically evaluate scientific sufficiency,
completeness, alignment with the source literature, and broader domain
consistency. Agreement rates were 0.875 for Scientific Accuracy and
Alignment with the Source Paper, and 0.708 for Completeness & Scientific
Sufficiency.

Qualitative feedback provided further insight into these patterns. A
recurring themeacross thequalitative feedbackwas that scientific evaluation
is inherently open-ended: experts can always identify additional processes,
caveats, uncertainties, or alternative studies that could complement a given
answer. As a result, an answermay be accurate yet still feel incomplete from
an expert perspective. Several responses were judged as factually correct but
missing key qualifiers (such as baselines, scenario dependence, uncertainty
ranges) or relying too heavily on a single source without incorporating
relevant contrasting findings from the broader literature. Experts also
emphasised the importance of scientific precision. In some cases, hedging
language (“may”, “could”, “likely”) present in the source text was reducedor
omitted in the generated responses, which was interpreted as a loss of
precision. This highlights a tension between producing concise, declarative
answers and preserving the qualified statements that are central to scientific
communication. Interestingly, evaluation patterns suggested that greater
domain expertise corresponded to more critical assessments: the more

deeply an expert understood a topic, the more gaps, missing con-
textualisation, or definitional ambiguities they identified. This reflects the
broader challenge that even human literature synthesis struggles with,
namely reconcilingdifferences in baselines, definitions, spatial and temporal
scales, and methodological assumptions across studies.

Finally, several comments indicated that while the grounding
mechanism reliably prevents hallucinations, not all experts prioritised
groundedness in the same way as LLM evaluation frameworks. Experts
tended to assess responses against their broader domain knowledge, which
may extend beyond the retrieved text. This reveals an important distinction:
grounding ensures reliability, but narrow grounding to a single paper can
produce scientifically correct yet less synthetic answers, whereas experts
often expect responses that integrate multiple competing findings, uncer-
tainties, and literatures.

These findings provide indicative insights into expert perceptions of
answer quality and do not constitute definitive performance estimates.

Conclusion
This study provides a domain-adapted Retrieval-Augmented Generation
(RAG) framework for Earth system and planetary boundary research,
supporting automated, evidence-based synthesis of scientific literature. The
framework integrates automated cross-database literature ingestion and a
structured evaluation design, alongside open-weight, locally hosted

Table 2 | Comparison of retrieval-augmented and direct LLM performance

Model Answer Relevancy (RAG) Answer Relevancy (Direct) Answer Correctness (RAG) Answer Correctness (Direct)

Gemma-3 0.84 0.81 0.81 0.62

Gpt-oss 0.88 0.88 0.77 0.60

Deepseek-r1 0.85 0.63 0.75 0.58

Llama-4 0.77 0.73 0.72 0.63

Mean answer relevancy and answer correctness scores for four open-weight models in the RAG and direct-generation settings. Retrieval improves correctness across all models, with varying effects on
relevancy.

Fig. 2 | Effect of retrieval on answer relevancy and correctness acrossmodels.Bars
show mean scores, points show individual model-response scores, and error bars
show 95% bootstrap confidence intervals of the mean based on 5,000 resamples.
Results are shown for direct generation and RAG-supported generation across two
RAGAS metrics: answer relevancy and answer correctness. For each model

generation setting-metric combination, n = 50, corresponding to one response to
each of 50 climate-related queries. Retrieval has limited influence on answer rele-
vancy formostmodels but substantially increases answer correctness, indicating that
grounding responses in retrieved domain literature improves factual accuracy.
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language models to enable transparent and reproducible deployment. By
combining semantic retrieval with generative reasoning, the system pro-
duces context-grounded, verifiable answers that support up-to-date
understanding across multiple Earth-system domains.

Evaluation using the RAGAs framework indicates that the prototype
reliably retrieves relevant context and generates grounded, scientifically
coherent answers. High context precision and recall observed under the
controlled single-document answerability setting reflect consistent chunk-
level rankingperformance.Together, thesefindings support the feasibility of
implementing a fully local, reproducible RAG pipeline for knowledge-
intensive Earth-system research. Although the evaluation was designed as a
controlled prototype-scale benchmark, the results demonstrate the practical
potential of such workflows for continuously evolving Earth-system lit-
erature and establish a foundation for larger-scale scientific evaluation and
deployment.

While automated evaluation enables systematic comparison across
models, expert assessment remains essential for understanding perfor-
mance in scientific workflows. Domain specialists judged the responses as
broadly accurate, while frequently identifying the need for additional con-
textualisation, quantitative specification, or methodological nuance. This
reflects the distinction between paragraph-grounded retrieval synthesis and
the broader cross-study interpretation typically performed by domain
experts. In this sense, the system functions as a transparent, evidence-
grounded synthesis aid that supports literature navigation and structured
summarisation within research workflows.

Building on these observations, expert feedback indicates that,
although responses may be accurate relative to a single source, scientific
expectations often extend beyond individual studies to broader con-
textualisation across the literature. This highlights a key challenge for
retrieval-augmented systems: bridging the gap between source-grounded
evaluation and the integrative synthesis required for scientific assessment.
This divergence between automated metrics and expert judgement further
highlights the need for evaluation approaches that combine grounding-
based metrics with domain-informed assessment of scientific sufficiency
and cross-study synthesis.

Addressing this gap, an important next step is the development of
benchmarks that explicitly evaluate multi-document evidence aggregation
in Earth-system science. Constructing such resources will require sub-
stantial expert curation to formulate questions requiring cross-study rea-
soning, reconcile inconsistencies across studies, and annotate distributed
evidence. Establishing community-standard benchmarks therefore remains
a non-trivial but valuable direction for advancing retrieval-augmented
systems in environmental research.

Futurework should extend the framework across planetary boundaries
and publication periods, and strengthen multi-document synthesis cap-
abilities including explicit linkage between synthesized claims and sup-
porting evidence.

This work sits within a growing ecosystem of domain-adapted LLM
tools developed for climate and sustainability applications, including sys-
tems for climate-related question answering8,10, corporate sustainability
reporting9, net-zero policy assessment18, and agricultural climate adaptation
advice23,24. These efforts highlight the value of domain-grounded retrieval
and transparent sourcing in improving reliability. The present system
extends this line of research to the broader, highly interdisciplinary domain
of Earth system andplanetary boundaries science, offering an approach that
emphasises traceability, local control, continuous corpus evolution, and
long-term reproducibility.

Overall, the results provide a foundation for developing an indepen-
dently verifiable, extensible AI-assisted workflow that supports researchers
and assessment teams in navigating rapidly evolving environmental
knowledge while making explicit both the strengths and the current lim-
itationsof retrieval-augmented approaches in scientific assessment contexts.
By enabling transparent, continuously updated synthesis across rapidly
expanding Earth-system literature, this framework can support more

systematic and reproducible planetary boundary assessments and Earth-
system diagnostics.

Methods
The proposed system is designed as a question-answering tool with two
principal components. The data collection component gathers scientific
literature related to the concept of planetary boundaries. The Retrieval-
Augmented Generation provides semantic search and contextualised
responses to user queries. These components are detailed below. Figure 3
shows the complete pipeline of the proposed system, including the data
collection process and the Retrieval-Augmented Generation framework
used for question answering.

Data collection
Relevant literature on planetary boundaries is retrieved, integrated, and
stored to support the Retrieval-Augmented Generation (RAG) system. The
pipeline accommodates both automated and manual ingestion modes.

Automated paper ingestion. For each planetary boundary, a domain-
specific Boolean search query is constructed and executed through the
official APIs of Web of Science, Scopus, and OpenAlex. Other literature
databases can also be included due to the flexible design. The retrieved
results are deduplicated using DOI and metadata fields and stored in the
database.When accessible, open-access or institutionally available papers
are downloaded. If full-text access is unavailable, abstracts are retained in
their place.

Because OpenAlex indexes both peer-reviewed publications and pre-
prints, emerging research outputs may also be included in the corpus. The
inclusion of preprints supports early visibility of evolving scientific discus-
sions in rapidly developing domains. All retrieved sources are stored with
explicit metadata and source attribution, enabling users to distinguish
between peer-reviewed and non-peer-reviewed materials.

The automated fetching process runs periodically (e.g. quarterly) to
ensure continuous integration of newly published literature and tomaintain
an up-to-date database. Each record is stored with its associated metadata,
including title, authors, publication year, DOI, keywords and source.

Manual paper ingestion. In addition to automated retrieval, the system
allows for manual addition of publications. Local PDF papers can be
directly imported and processed. The structured full-text content and
metadata are extracted and stored in the same unified database as the
automatically collected records, ensuring consistency across data sources.

Text processing and embedding. PDF documents are parsed, and full
texts are extracted by the Grobid25 parser. Full texts or, if not available,
abstracts are chunked using LangChain’s26 Recursive Character Text
Splitter. It splits texts into small, overlapping chunks by recursively
dividing them at natural boundaries (e.g. paragraphs and sentences),
preserving context while staying within the given character limit. In this
work, each document is divided into overlapping text chunks with a limit
chunk size of 800 characters and an overlap of 100 characters. This
configuration was chosen to balance retrieval granularity and semantic
coherence in scientific writing. Smaller chunks increase ranking speci-
ficity but risk splitting causal arguments across segments, whereas larger
chunks preserve context at the expense of retrieval precision. The overlap
helps maintain continuity across adjacent segments.

For each chunk, vector representations (embeddings) are generated
using the BAAI/bge-base-en-v1.527 model. This model was selected due to
its competitive performance among open-weight English embedding
models on theMassiveTextEmbeddingBenchmark (MTEB) leaderboard28,
as well as its suitability for local deployment. The choice aligns with our
emphasis on reproducibility and independence from proprietary APIs. The
embeddings are stored in the PGVector29 vector database, which enables
efficient similarity search through cosine similarity.
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Retrieval-augmented generation (RAG)
Retrieval-Augmented Generation is an architecture introduced by Lewis
et al. (2020)15 that helps large language models produce more correct and
reliable answers by using information taken from an outside text collection.
In this way, the LLM’s responses are based on real and verifiable sources
instead of only its internal knowledge. In this study, the RAG pipeline is
implemented using Ollama, an open-source framework that facilitates the
deployment andmanagement of local LLMs.Using local LLMsprovides full
control overmodel selection.This approach allows the system to runmodels
entirely on local infrastructure, removing dependencies on external APIs.

The proposed RAG-based system enables researchers to interact with
the literature database through a user interface. When a user submits a
query, it is converted into an embedding vector using the same embedding

model employed for document embedding mentioned above. The system
retrieves the k-most semantically similar document chunks from the vector
database by a similarity search. These retrieved chunks are provided to the
language model as contextual input along with the user’s question. A
structured prompt is formed that instructs the LLM to generate an answer
grounded in the provided evidence. The generated response, together with
the relevant retrieved passages, is presented to the user. The interface
highlights the text segments used by the LLM to formulate its response and
provides direct links to the source publications, as shown in Fig. 4, allowing
users to verify the answer and explore additional context.

The system’s performance was evaluated using a dataset compiled for
this study and multiple RAGAs metrics as well as through expert assess-
ments described in the following sections.

Fig. 3 | Overall pipeline for building a scientific literature knowledge base on
Earth systems and planetary boundaries and for operating a question-answering
system grounded in that knowledge base. A Shows how external sources and local
PDFs are ingested, parsed, chunked, embedded, and stored in a vector database.

B Illustrates how a user’s question is converted into an embedding, matched to
relevant text segments through semantic search, and combined with the retrieved
context to produce an informed, referenced answer.
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Evaluation framework
Evaluation corpus. To assess overall system performance, we con-
structed a corpus of 12,834 climate-related scholarly documents from
Web of Science, Scopus, and OpenAlex for the year 2024, with the
Boolean search query provided in Supplementary Note 1, formatted
appropriately for each source. For 3634 of these documents, full texts
were retrieved, and abstracts were retained for the rest. All documents
were indexed for semantic retrieval.

Evaluation dataset construction. A set of 50 open-ended question-
answer pairs was compiled by domain experts using only the retrieved
texts of randomly selected peer-reviewed climate research articles. The
questions were derived from paragraphs in these papers identified
through the predefined Boolean query described above, ensuring that the
evaluation reflects topics represented in the assembled corpus. They span
major thematic areas including physical climate processes, mitigation
measures, impacts, adaptation, and feedback mechanisms. Because each
question-answer pair required expert formulation and verification
against the source article, the resulting dataset comprises 50 questions

that enable controlled assessment of retrieval and generation perfor-
mance within this experimental framework. The question set therefore
serves as a structured evaluation dataset and does not constitute a
comprehensive benchmark for ranking language models.

Our evaluation adopts a controlled single-document answerability
assumption, whereby each question is constructed to be answerable from a
single research article. Single-document answerability is an established
evaluation regime in reading-comprehension benchmarks such as
SQuAD30, where questions are grounded in a provided passage and answers
are anchored within that same text. In the scientific domain, QASPER
similarly evaluates question answering over individual research papers, with
answers supported by explicit evidence spans within a single article31.
Likewise, LitQA2 constructs scientific questions whose answers appear in
the body of a specific paper, intentionally constraining answer locality32.
Similarly, QASA collects questions generated while reading individual
research articles, with answers grounded in evidential rationales extracted
from the same paper33.

Consistent with these paradigms, our questions are formulated from
selected paragraphs to enable controlled assessment of retrieval

Fig. 4 | User interface of the system. After the user submits a question, the system
retrieves the most relevant text segments and uses them to produce an answer. The
final output presents both the answer and the supporting references, with the specific

parts of the source texts that informed the response highlighted in bold so that users
can directly see the underlying evidence. The text excerpt at the bottom of the figure
is from ref. 45.
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performance at the chunk level. As the automated evaluation relies on
reference answers for each question, this setup ensures that the relevant
evidence supporting the answer is present within the indexed corpus.
Retrieval is performed over the full indexed corpus without access to
document identifiers, such that successful performance corresponds to
correctly ranking the chunk(s) containing the relevant evidence among all
indexed documents.

Automated evaluation. A RAG pipeline consists of two components: a
retriever component that retrieves additional context from an external
database for the LLM to answer the query, and a generator component
that generates an answer based on a prompt augmentedwith the retrieved
information. When evaluating a RAG pipeline, both components should
be evaluated separately and quantitatively.

RAGAs (Retrieval-Augmented Generation Assessment) is a frame-
work for evaluation of RAG pipelines, providing a set of metrics that assess
how well the retriever selects relevant context chunks, how effectively the
LLM uses those chunks, and the overall answer quality. The evaluation is
performed automatically by a judge LLM, without any human scoring or
manual assessment17. RAGAs metrics were computed using the RAGAs
Pythonpackage, version0.4.2. In this study,GPT-4oMini served solely as an
external evaluation model within the RAGAs framework, with the tem-
perature parameter fixed at 0.00 to encourage deterministic behaviour.
However, because language models remain inherently non-deterministic,
small variations in scoring may occur across repeated runs. The deployed
QA system itself relies exclusively on locally hosted, open-weight language
models; GPT-4o Mini was not part of the operational pipeline.

FiveRAGAsmetrics that together capture the key components ofRAG
performance have been computed: context precision and context recall
measure how effectively the retriever selects relevant information; faithful-
ness, answer relevancy and answer correctness assess the model’s ability to
generate responses that are grounded, relevant, and factually accurate.
Higher scores indicate higher overall RAG performance.

Context retrieval metrics. Context precision evaluates how well the retriever
ranks the most relevant pieces of information at the top of the retrieved
results for a given query. It shows whether the retrieved context primarily
consists of relevant chunks andwhether these appear early in the ranking. It
is computed as the average of precision@k values for each chunk in the
retrieved context, where precision@k represents the ratio of relevant chunks
among the top k-ranked chunks34.

Context recall assesses how completely the retriever captures the rele-
vant information for a given query. It measures the proportion of relevant
documents or chunks that were successfully retrieved and emphasises the
system’s ability to avoid missing important content. It is calculated as the
ratio of the number of claims in the reference answer supported by the
retrieved context over the total number of claims in the reference answer.

Under the single-document answerability assumption described
above, successful retrieval corresponds to correctly ranking the chunk or set
of chunks containing the claims reflected in the reference answer. In this
setting, context precision evaluates whether those relevant chunks appear
among the highest-ranked retrieved results, while context recall measures
the proportion of reference claims supported by the retrieved context.
Because each reference answer is derived from a source paragraph that is
segmented into retrievable chunks, retrieval of the relevant chunk(s) yields
near-maximal recall by design. In this setting, high mean precision and
recall values reflect consistent chunk-level ranking performance within this
controlled evaluation setting and should be interpreted in light of the single-
document answerability assumption.

Generation metrics. Faithfulness assesses how factually consistent a gener-
ated response is with the information contained in the retrieved context. A
response is considered faithful when all of its claims can be directly sup-
ported by the retrieved context. To calculate this metric, three steps are
followed: all the factual claimsmade in the generated response are identified.

Whether each claimcanbe inferredor substantiated by the retrieved context
is verified. Finally, the ratio of the number of claims in the generated
response supported by the retrieved context over the total number of claims
in the generated response is calculated.

Answer relevancy evaluates howwell amodel’s response alignswith the
user’s original question. A response is considered relevant when it directly
addresses the user’s question and stays focused on the intended topic.
Therefore, this metric indicates how well the model understands and
responds to the user’s query, independent of factual accuracy. To compute
thismetric, the following steps are performed: the judge LLMgenerates a set
of questions (three questions by default) based on the generated response by
RAG. The cosine similarity between the embedding of the user’s question
and the embedding of each generated question is computed. These cosine
similarity values are averaged to obtain the final score.

Answer correctness determines the correctness of the generated
response with respect to the reference answer as a weighted sum of factual
correctness and semantic similarity. The weights are 0.75 and 0.25 by
default, respectively. Semantic similarity measures how alike the generated
response and the reference answer are in meaning. The similarity score is
computed to quantify the semantic similarity between the embedding of the
generated response and the embedding of the reference answer35. Factual
correctness evaluates whether the generated response contains factually
consistent information. It evaluates the consistency of factual statements in
the generated response with those in the reference answer. This assessment
is based on the following concepts:

• TruePositive (TP):Factsor statements that appear inboth the reference
answer and the generated response.

• False Positive (FP): Facts or statements that appear in the generated
response but are not found in the reference answer.

• False Negative (FN): Facts or statements that are present in the refer-
ence answer but missing from the generated response.

Factual correctness is quantified by calculating the F1 Score, which is
formulated as:

F1Score ¼ jTPj=ðjTPj þ 0:5 × ðjFPj þ jFNjÞÞ

Expert evaluation. To complement the automated RAGAs metrics, we
conducted an expert evaluation focusing on the scientific reliability of
retrieval-augmented responses. A randomly sampled subset of 24 ques-
tions from the full set of 50 was evaluated for the model that achieved the
strongest overall performance under automated evaluation, reflecting the
need for domain-specific expertise in this analysis. As such, this assess-
ment provides an exploratory qualitative evaluation of scientific accuracy
and sufficiency. Twodomain experts independently scored each response
along three dimensions using a 1–5 scale: Scientific Accuracy (factual
correctness relative to retrieved papers and domain knowledge), Com-
pleteness & Scientific Sufficiency (inclusion of keymechanisms, processes,
or estimates required for correct scientific interpretation), andAlignment
with the source paper (consistency with the findings and claims of the
referenced literature) The detailed scoring rubric, including scale anchors
and evaluation criteria, is documented in the Supplementary Note 2.
Ratings were conducted independently by the two experts without con-
sultation. Agreement between expert scores was assessed using the pro-
portion of responses with an absolute difference of ≤1 point. In this
evaluation setting, this serves as a descriptive measure of consistency.

Tools and technologies
Theprototype has beendeveloped inPythonusing theDjango framework36.
The LangChain26 library was employed to implement the RAG pipeline,
while open-weight language models were accessed through a locally hosted
Ollama37 server. The entire application operates within a Docker38 based
architecture, consisting of independent containers for the application,
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PostgreSQL39 database, the Grobid PDF parser25, and the Ollama server.
Containerization ensures reproducibility, scalability, and portability across
computing environments.

Reporting summary
Further information on research design is available in the Nature Portfolio
Reporting Summary linked to this article.

Background
Natural language processing (NLP) for climate and environ-
mental science
NLP techniques have been employed in climate and environment-related
text analysis, including financial disclosure analysis40,41, corporate climate
disclosure analysis42, detecting environmental claims43, question answering
for climate adaptation in agriculture23 and detecting sustainable develop-
ment goals in environmental reports44.

Question answering (QA)
Recent work explored LLM-based question-answering systems for climate
and sustainability domains, which inform the design of the proposed
approach. Four related QA systems are briefly reviewed below.

ChatClimate (Vaghefi et al., 2023)8 is a domain-adapted conversa-
tional AI system designed to enhance the reliability of large language
models (LLMs) in climate-related question-answering tasks. It is built
upon GPT-4. The system integrates access to the Intergovernmental
Panel on Climate Change’s Sixth Assessment Report (IPCC AR6), which
is an authoritative scientific source in the domain, to mitigate issues of
hallucination and outdated knowledge that are common in general-
purpose LLMs. ChatClimate is evaluated in three configurations: stan-
daloneGPT-4, ChatClimate relying solely on IPCC reports, and aHybrid
model combining GPT-4’s internal knowledge with targeted retrieval
from IPCC sources. Expert evaluations demonstrate that the hybrid
model delivers more accurate and contextually grounded responses and
highlight the efficacy of augmenting LLMs with domain-specific and up-
to-date external data.

ChatNetZero (Hsu et al., 2024)18 is an LLM-based chatbot for sup-
porting net-zero emissions research and planning by analyzing net-zero
related text documents and serving as a question-answering platform for
climate policy-specific information. It is a RAG-based system that incor-
porates specialized anti-hallucination and reference modules to ground its
responses in verified, domain-specific sources. Comparative evaluations
against leading LLMs, including GPT-4, Gemini, Coral, and ChatClimate,
show that ChatNetZero gives more factually accurate answers when
benchmarked against source documents. In addition to quantitative vali-
dation, the expert surveys they conducted revealed that ChatNetZero pro-
ducesmore accurate outputs; however, it sometimes falls short in providing
the contextual richness and response length preferred by users.

CHATREPORT (Ni et al., 2023)9 is an LLM-based system designed to
automate the analysis of corporate sustainability reports, which are tradi-
tionally too voluminous and complex for efficient human review. In light of
increasing concerns about corporate transparency in the climate change
context, such automation tools are gaining interest. Challenges in scalable
report analysis are the hallucination issues of LLMs and the difficulty of
integrating domain expertise into the AI development process. CHATRE-
PORTaddresses these challengeswith two strategies: ensuring traceabilityof
generated content to mitigate hallucination, and incorporating domain
experts directly into the iterative prompt engineering and system develop-
ment loop. They evaluated the system on over 1000 sustainability reports
and demonstrated the system’s potential for enabling scalable, reproducible,
and transparent report analysis.

My Climate Advisor (Nguyen et al., 2024)24 is a domain-specific QA
system developed to support climate adaptation efforts in agriculture by
delivering trustworthy, relevant information to farmers and agricultural
advisors. The system uses an in-house LLaMA 3 model with RAG to

synthesize scientific publications and high-quality grey literature to provide
grounded answers with clear resources. Initial user studies show that My
Climate Advisor does not yet surpass leading proprietary systems in all
dimensions; however, it performscomparably in termsof scientific accuracy
and excels in explainability through transparent sourcing.

Each of the above systems contributes insights to our proposed QA
system for Earth system and planetary boundaries science. They highlight
the importance of domain-specificknowledge integration.Buildingon these
advances, the proposed system aggregates the latest planetary boundaries
literature and employs a similar RAG methodology to ensure that answers
are both up-to-date and verifiable.

Data availability
The question-and-answer dataset generated for this study is publicly
available at https://github.com/ozgeozge/PB_Assistant/tree/main/paper/
data. The public release includes the large majority of records and is lim-
ited to those derived from openly licensed source publications. The
numerical source data underlying Figs. 1 and 2 are available at https://doi.
org/10.6084/m9.figshare.32939171.

Code availability
The code used to implement the RAG system is available at: https://github.
com/ozgeozge/PB_Assistant.
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