
npj | climate action Article

https://doi.org/10.1038/s44168-025-00300-y

Transforming climate services with LLMs
and multi-source data integration

Check for updates

Ivan Kuznetsov1 , Antonia Anna Jost1, Dmitrii Pantiukhin1, Boris Shapkin1, Thomas Jung1,2 &
Nikolay Koldunov1

Integrating Large Language Models (LLMs) with climate model data, scientific literature, and
unstructured text enables a new generation of climate information systems that deliver accurate,
localized, and context-aware insights. Our primary objective is to develop and evaluate ClimSight, a
scalable platform that turns complex heterogeneous data into actionable information. We augment
LLMs with Retrieval Augmented Generation, a method that retrieves relevant climate models and
reports at query time to ground responses. An agent-based architecture orchestrates specialized
modules that route andprocess user querieswith task-specific tools. Real-world evaluations compare
multiple LLMconfigurations and analyze trade-offs between speed, cost, and accuracy. Results show
improved scalability and precision in climate assessments, democratizing access to localized
information. This paradigm shift equips stakeholders in agriculture, urban planning, disaster
management, and policy with effective tools for forward planning and risk management.

Climate change is increasingly affecting societies worldwide, leading to a
growing need for accurate and localized climate assessments. Traditional
climate information systems often struggle to provide tailored insights due
to limitations in data granularity, interpretability, and contextual relevance.
Moreover, the widespread impacts of climate change mean that people
across the globe are facing more climate-related questions regarding future
planning - ranging from agricultural decisions to urban infrastructure
adaptation. This demand necessitates scalable solutions capable of addres-
sing climate-related inquiries at both local and global levels.

Recent advances in artificial intelligence, particularly in Large Lan-
guageModels (LLMs), have opened new possibilities for enhancing climate
services. LLMs, like those developedbyOpenAI and others1–3, are capable of
understanding complex language patterns, synthesizing information from
diverse sources, and generating human-like text. However, standard LLMs
face significant challenges when interpreting specialized climate data,
mainly due to their general-purpose design and lack of domain-specific
training4. Several AI-driven climate information platforms have emerged in
recent years. For example, ChatClimate5 grounds a GPT-4 model’s
responses in the IPCC Sixth Assessment Report to ensure up-to-date, sci-
entifically accurate answers, and ClimateQ&A6 leverages an LLM with a
knowledge base from IPCC/IPBES reports. Other efforts include
ClimateGPT7, which uses climate-specific LLMs trained on inter-
disciplinary literature, andChatNetZero8, a retrieval-augmented chatbot for
climate pledges. Additionally, The Climate Explorer9, while not AI-based,
provides tools and information to help build climate resilience. These

systems represent important advances in climate information delivery, yet
they often rely on specific document corpora or narrow use cases, which
hinder their ability to provide accurate, context-aware climate assessments
at scale.

To meet these challenges, there is a pressing need for climate infor-
mation systems that are not only accurate and localized but also scalable to
address the increasing volume of climate-related questions worldwide.
ClimSight10 aims to bridge this gap by leveraging advanced LLMs and
integrating diverse data sources, including unstructured text and domain-
specific databases, ensuring comprehensive, context-aware, and scalable
climate assessments.

ClimSight integrates advanced LLMs with high-resolution geo-
graphical and climate data, providing localized climate insights tailored to
specific user needs and activities. The system leverages Retrieval-
Augmented Generation (RAG) techniques11,12 and an agent-based
architecture13–15 to overcome the limitations of general-purpose models.
By incorporating domain-specific knowledge and high-resolution spatial
data16–18, ClimSight delivers accurate, reliable, and reproducible climate
assessments at a granular, location-specific level.

The developed approach distinguishes itself from existing climate
information systems through several key advancements:
• Integration of LLMs: The proposed methodology leverages state-of-

the-art LLMs to interpret complex climate-related queries, synthesiz-
ing information from diverse data sources, including scientific reports,
IPCC documents, and geographical databases. This allows the system
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to provide nuanced, context-aware insights that go beyond traditional
numerical models.

• Multi-Source Data Integration: Unlike conventional systems that rely
solely on structured climate data, our platform integrates information
from multiple sources, including unstructured text, domain-specific
literature, and online databases. This approach ensures comprehensive
climate assessments tailored to specific user needs.

• RAG System: ClimSight enhances LLMs’ contextual understanding by
retrieving relevant knowledge from external sources, ensuring
evidence-based and contextually accurate answers. This approach
bridges the gap between static datasets and dynamic, context-aware
insights.

• Agent-Based Architecture: By employing a modular, agent-based
design, the framework ensures scalability, flexibility, and improved
system efficiency. Specialized agents handle distinct tasks, such as data
retrieval, contextual understanding, and result synthesis, leading to
more accurate and coherent outputs.

• Practical Use Cases and Real-World Applications: The solution is
validated throughpractical examples, such as assessing climate risks for
specific agricultural activities and urban planning scenarios. These use
cases demonstrate its potential to support climate-informed decision-
making across various sectors.

The target audience includes researchers, providers of climate services,
policymakers, agricultural planners, urban developers, and other stake-
holders who require detailed climate information. ClimSight is designed to
democratize access to climate data, empowering users with actionable
insights relevant to their specific contexts.

This paper provides a comprehensive overview of the system’s archi-
tecture, methodologies, and evaluation framework. It demonstrates the
platforms’s effectiveness through real-world examples and comparative
analyses, highlighting its contribution to climate services. By addressing the
limitations of traditional systems and leveraging state-of-the-art AI

techniques, ClimSight contributes to the evolving landscape of digital cli-
mate twins and next-generation climate information systems.

Results
This section presents the performance outcomes of ClimSight, including
usage examples with two distinct models and their corresponding
visualizations.

As an example of the concept’s capabilities, we tested its response to a
question previously explored in ref. 10: “What are the potential risks and
benefits of climate change for growing wheat?” at a location in Morocco
(31.6912N, 8.1098W). The answer was generated using GPT-4o and is
shown in Box 1. To illustrate how the response was created, Fig. 1 presents a
visual representation of the process. This diagram shows the different steps
involved, including retrieving relevant information, formatting thedata, and
reasoning through the response. The process relies on several specialized
components, each performing a specific role (In parentheses, the names of
the components are indicated in Fig. 1):
• Location Requests (not in LangGraph):

Retrieves addresses and land/water status from coordinates
• Doorman (intro_agent):

Introductory interface of the system
• API & Local Data Requests (zero_rag_agent):

Retrieves location-specific data from various datasets.
• IPCC (ipcc_rag_agent):

Retrieves climate-related information from IPCC reports.
• Reports (general_rag_agent):

Pulls additional context from broader climate literature.
• Climate model data (data_agent):

Derive data from climate models output
• Smart agent (smart_agent):

Retrieve and synthesize information from multiple heterogeneous
data sources.

• Combine (combine_agent):

Box 1 | ClimSight with gpt-4o: question about wheat near byMarrakech

The potential risks and benefits of growing wheat in Saâda, Morocco,
under the influence of climate change can be evaluatedwith regard to the
prevailing and projected climatic and environmental conditions.

Risks:

1. Temperature Increases: The data indicates a significant rise in
temperatures over the decades. For instance, the average
temperature inAugust is projected to rise from35.11 °C in the 2020s to
36.77 °C in the 2040s. Such temperatures exceed the optimal range for
wheat (15 °C to 23 °C) and approach the absolute maximum
temperature threshold of 27 °C for wheat cultivation. This increase can
lead to heat stress, negatively impacting wheat yields during critical
growth phases.

2. Precipitation Deficits: The annual precipitation levels are well below the
optimal requirement for wheat, which ranges from 750mm to 900mm.
The highest monthly precipitation is expected to be just 10.05 mm in
December by the 2040s, indicating a severe shortfall and potential for
drought stress. Wheat requires consistent moisture, especially during
germination and early growth stages,which this regionmay not be able
to provide without substantial irrigation.

3. Flood Risks: Historical data shows that the region has experienced
floods (in 1995, 1996, 1997, and 2008), which could pose additional
riskssuchassoil erosionorwaterloggedconditions that aredetrimental
to wheat.

Benefits:

1. Extended Growing Season: The rise in temperatures might allow for a
longer growing season, which could be beneficial if managed correctly
with appropriatewheat varieties that are heat-tolerant and have shorter
growing cycles.

2. CO2 Fertilization Effect: Increased atmospheric CO2 levels can
enhance photosynthesis in C3 plants like wheat, potentially offsetting
someyield lossesdue toheatstress.However, thisbenefit iscontingent
upon sufficient water availability, which remains a significant constraint
in this region.

3. Increased Wind Speed: With slight increases in wind speeds over the
years, although generally not beneficial for wheat pollination (as it is
predominantly self-pollinating), it may aid in reducing humidity and
preventing certain fungal diseases that thrive in stagnant, moist air
conditions.

In summary, while the projected climatic changes in Saâda,Morocco,
present several risks to wheat cultivation, particularly concerning tem-
perature increases and inadequate precipitation, there are potential
benefits that could be exploited with careful management. Adaptation
strategies such as selecting heat-tolerant wheat varieties, improving
irrigation infrastructure, and implementing soil moisture conservation
practices will be crucial to mitigating the adverse effects of climate
change on wheat production in this region.
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Synthesizes information to generate a well-structured response.

These components operate partly sequentially and partly in parallel,
processing the request in 41.25 seconds at a cost of about 8 cents, handling
approximately 28,000 tokens (units of text processedby theAI).To compare
performance, we repeated the same query but used a different model, o1-
preview, for the final step (Box 2). This adjustment significantly increased
the response time to 74 seconds, mainly because the final processing step
took 46 seconds instead of 14 seconds. The cost also rose to 39 cents.

Both answers use the same input climate model data and basic infor-
mation but differ in depth and detail. Answer 1 (gpt-4o) provides a concise
evaluation, focusingmainly on temperature increases, precipitation deficits,
and flood risks, with only brief mentions of adaptation strategies. It
emphasizes the direct impact of temperature and moisture on wheat
without addressing broader factors likepests or soil degradation. In contrast,
Answer 2 (o1-preview) offers amore comprehensive analysis, incorporating
decade-specific climate projections and detailed risk factors, such as
increased pest pressure and soil degradation, as well as specific adaptation
strategies like drought-tolerant varieties and efficient irrigation methods.
Answer 2 also includes additional contextual information, such as the
region’s soil type and land use, providing a broader perspective on the
challenges and opportunities for wheat cultivation. Overall, Answer 2 is
more thorough, offering a fuller picture of potential climate change impacts
and adaptive responses for wheat farming in this region.

Despite differences in responses caused by using different models -
referred to here as 4o and o1 - in the final step, the answers are funda-
mentally similar. The similarity comes from the nearly identical input data.
However, since data from the database is first processed by the LLM before
reaching ‘Combine‘, variations arise in the input to ‘Combine‘. The analysis
potential of model o1 is greater. However, using model o1 requires more
financial resources and time. It can be concluded that model o1 is justified
for final decision-making. For quick queries, model 4o is sufficient. It pro-
vides a preliminary impression and a first approximation.

We also conducted experiments with an open Gemma 7B model12.
This model was significantly reduced to 7 billion parameters. Such a size
makes it usable on a personal laptop. However, in our tests, the results were

considerably more modest compared to those of model 4o. However, using
such small models can be justified in intermediate steps. This approach
significantly speeds up queries and reduces costs.

In the current version, we used high-resolution data averaged for the
2020s, compared to the previous version10, which relied on lower-resolution
CMIP6 simulations. While absolute temperature and precipitation values
differ slightly between the versions, both indicate significantly higher tem-
peratures than the critical thresholds for wheat growth. In the older version,
these thresholds were derived from pre-trained datasets, whereas the newer
version employs precise values from the ECOCROP database19, enhancing
accuracy. Furthermore, the updated analysis focuses on short-term climate
impacts (2020-2049), in contrast to the longer-term period (2070-2100)
considered previously, resulting in amore actionable timeframe. The newer
version also introduces additional plots to visualize the data, providing
clearer insights into key climate trends. Finally, the updated analysis inte-
grates nuanced risk factors, such as increases in wind speed, and aligns with
Morocco’s climate adaptation policies, presenting a more comprehensive
and practical assessment. A “References” tabwas introduced, allowing users
to trace the sources of information utilized in generating the report.

Discussion
The proposed framework demonstrates significant potential in providing
accurate and localized climate insights by integrating Large LanguageModels
(LLMs) with diverse data sources, including text, scientific literature, and
climate data. The results highlight ClimSight’s capability to synthesize
complex information into actionable, context-aware assessments. This is
particularly relevant for decision-makers in sectors such as agriculture, urban
planning, and disaster management, where localized climate information is
crucial for informed planning and risk management. We acknowledge that
our study presents a conceptual framework at this stage and requires com-
prehensive validation through user studies, particularly given the involve-
ment of large language models in generating climate assessments.

The evaluation shows that the developed approach enhances the pre-
cision and relevance of climate assessments while maintaining scalability,
enabling it to address the growing volume of climate-related questions

Fig. 1 | ClimSight LangGraph query. Visualization of a LangGraph schema for a question about wheat near by Marrakech using GPT-4o (a) and o1-preview (b).
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worldwide. By leveraging Retrieval-Augmented Generation (RAG) and an
agent-based architecture, this methodology effectively overcomes the lim-
itations of traditional climate information systems, providing a more
nuanced understanding of localized climate impacts. However, the eva-
luation dataset currently consists of only 30 QA pairs, primarily used for
initial system tuning. Future work will expand this dataset to several

thousand QA pairs, enabling more comprehensive system evaluation and
supporting the fine-tuning of open-source models. However, the current
evaluation relies solely on LLM-based scoring, which, while scalable, lacks
external expert validation. This may limit the robustness of the conclusions,
especially in high-stakes or policy-relevant contexts. To address this, future
work will incorporate expert reviews, structured usability studies, and

Box 2 | ClimSight with o1-preview: question about wheat near byMarrakech

Climate change is poised to significantly impact the cultivation of wheat in
Saâda, Morocco (latitude 31.6912, longitude -8.1098). Situated at an ele-
vation of 384 meters above sea level with Luvisols soil - known for their
fertility and suitability for agriculture - the region currently utilizes its land
primarily for orchards. However, the prospect of growingwheat here faces
both challenges and opportunities due to shifting climatic conditions.

Temperature trends and Implications
Atmospheric model simulations indicate a clear upward trend in

temperatures for Saâda:
• 2020–2029: Monthly average temperatures range from 8.36 °C in

January to 35.11 °C in August.
• 2030–2039: Temperatures rise slightly, with January averaging 8.76 °C

and August 36.12 °C.
• 2040–2049: Further increases project January at 9.41 °C and August

at 36.77 °C.

Wheat thrives in optimal temperatures between 15 °C and 23 °C
(ECOCROP database). Temperatures above 27 °C approach the abso-
lute maximum for wheat growth. The projected increases, particularly in
the hottest months, suggest that wheat crops may experience heat
stress, especially during critical growth periods like grain filling. Elevated
temperatures can accelerate plant development unnaturally, reducing
the time for grain maturation and potentially leading to lower yields.

Precipitation patterns and water availability
The region’s precipitation is notably low and is expected to fluctuate:

• 2020–2029: Total monthly precipitation varies from 0.33 mm in August
to 8.4 mm in February.

• 2030–2039: A significant decrease is projected in February, dropping
to 2.66 mm.

• 2040–2049: February precipitation further declines to a mere 0.16 mm,
while December sees an increase to 10.05 mm.

Wheat requires annual rainfall between 750 mm and 900 mm for
optimal growth (ECOCROP database). The current and projected pre-
cipitation levels in Saâda are well below these requirements. This sub-
stantial deficit indicates a high risk of drought stress, making wheat
cultivation heavily reliant on irrigation. Moreover, decreasing rainfall
during crucial planting seasons could exacerbate water scarcity,
increasing the dependency on irrigation systems and elevating
production costs.

Potential Risks

1. Heat stress on Crops: Rising temperatures may surpass wheat’s
tolerable limits, especially during summer, affecting photosynthesis
and leading to reduced grain quality and yields.

2. Water Scarcity: Lower precipitation combined with higher evaporation
rates candiminishwater availability, stressingboth rainfedand irrigated
wheat systems.

3. Increased Pest and Disease Pressure: Warmer temperatures may alter
the lifecycle and prevalence of pests and diseases harmful to wheat,
potentially increasing infestation risks.

4. ExtremeWeather Events: Although the historical data mentions floods
in 1995, 1996, 1997, and 2008, climate change could lead to more
frequent and severe events, threatening crop stability.

5. Soil Degradation: Higher temperatures and erratic rainfall can lead to
soil moisture depletion, affecting nutrient uptake and soil structure.

Potential Benefits

1. CO2 Fertilization Effect: Elevated atmospheric CO2 levels can enhance
photosynthesis in C3 plants like wheat, potentially improving biomass
and grain yields. However, this benefit may be limited by nutrient and
water availability.

2. Extended Growing Seasons: Warmer temperatures might allow for
longer growing seasons or the possibility of double cropping, provided
that water resources are sufficient.

Adaptation Strategies
To navigate these challenges and harness potential benefits, several

strategies can be employed:
• Drought-Tolerant Varieties: Developingor adoptingwheat varieties bred

for heat anddrought tolerance canmitigate someof the adverse effects.
• Efficient Irrigation Techniques: Implementing water-saving irrigation

methods such as drip irrigation can optimize water use and reduce
wastage.

• Soil Conservation Practices: Techniques like mulching, cover cropping,
and conservation tillage can improve soilmoisture retention and reduce
erosion.

• Adjusted Planting Schedules: Shifting planting dates to cooler periods
can help avoid peak temperature stresses.

• Integrated Pest Management: Monitoring and controlling pest
populations proactively can reduce the risk of infestations exacerbated
by climate change.

Conclusion
The cultivation of wheat in Saâda, Morocco, faces considerable risks

due to climate change, primarily from increasing temperatures and
decreasing precipitation during key growth periods. These factors
threaten to exacerbate heat and drought stresses, potentially leading to
reduced yields and increased reliance on irrigation.

While there are potential benefits such as the CO2 fertilization effect
and possibly extended growing seasons, these are contingent upon
effective management of water resources and other agronomic prac-
tices. Proactive adaptation strategies are essential to mitigate risks and
sustain wheat production in this region.

References
• ECOCROP Database: Provides essential crop requirements, indicating

optimal temperatures of 15 °C to 23 °C and annual rainfall needs of 750
mm to 900 mm for wheat.

• AtmosphericModel Simulations (2020-2049): Projected climate data for
Saâda, showing increases in average temperatures and fluctuations in
precipitation.

• Smart Data Extractor Agent Analysis: Highlights the discrepancies
between wheat’s requirements and the projected climatic conditions
in Saâda.
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domain-specific user feedback to assess ClimSight’s outputs. Particular
attention will be given to collecting targeted evaluations from users in
agriculture, urban planning, and policy sectors to guide iterative improve-
ments and validate system credibility. Implementing these stakeholder-
driven studies will require a dedicated mixed-methods effort that lies
beyond the present project’s resources, so this paper intentionally confines
itself to an automated, scalable evaluationas a transparent baseline for future
user-centered validation.

While this version focuses on demonstrating a scalable automated
assessment pipeline, we acknowledge the need for more rigorous empirical
grounding. This includes future integration of observational data and
probabilistic climate model ensembles to capture uncertainty, as well as
broader real-world use cases beyond those presented here.

A key strength of the proposed framework lies in its integration of
LLMswithmultiple data sources, including unstructured text, which allows
for a holistic view of climate information. This approach enables the plat-
form to contextualize data according to specific user needs, enhancing the
relevance and usability of the outputs. The agent-based architecture further
contributes to system efficiency and scalability, ensuring flexible integration
of future data sources and model updates.

However, the implemented methodology also faces limitations, parti-
cularly in its dependency on external APIs and data availability. The quality
and reliability of outputs are influencedby the accuracyof input data and the
limitations of LLMs, including their sensitivity to prompt design and
potential biases. These potential biases include hallucinations, where the
LLM generates plausible but incorrect information not derived from the
provided data, and instances where numerical values are drawn from the
model’s internal parameters rather than validated external datasets. Addi-
tionally, integrating unstructured text and diverse data sources introduces
challenges in maintaining consistency and verifiability of the assessments.
Moreover, the current implementation presents climatemodel datawithout
explicit uncertainty quantification. Further development should also focus
on incorporating explicit uncertainty quantifications, confidence intervals
for projected climate trends, and recalculated biases from climatemodels to
enhance the interpretability and reliability of ClimSight outputs.

Traditional systems typically rely on static datasets and numerical
models with limited contextual adaptation. In contrast, ClimSight dyna-
mically retrieves and synthesizes relevant information, offering evidence-
based insights tailored to user-specific queries. Compared to other AI-
driven climate platforms, the agent-based architecture enhancesmodularity
and flexibility, allowing for targeted data retrieval and contextual under-
standing. This modular approach not only optimizes performance but also
enables the system to adapt to rapidly evolving climate science and
user needs.

The growing impacts of climate change globally necessitate scalable
climate information systems capable of addressing diverse, localized ques-
tions. The presented concept contributes to this need by democratizing
access to localized climate information, empowering stakeholders ranging
from researchers and policymakers to communities and businesses.

Future developments will focus on enhancing real-time data integra-
tionandexpanding the applicationof this approachacrossdifferent climate-
sensitive sectors. Additionally, refining the evaluation framework to include
cross-validation with observed data will improve the reliability and con-
sistency of the assessments. Efforts to minimize risks associated with false
information will include developing additional verification mechanisms.
For instance, agent prompts will explicitly highlight discrepancies when
different datasets provide contradictory information. Additionally, future
plans involve creating ”second-eye” agents to double-check statistical cal-
culations performed by ClimSight and dedicated fact-checking agents to
further reduce misinformation risks. Integrating more advanced LLMs and
expanding the diversity of data sources, including social and economic data,
will further enhance the system’s contextual awareness and usability.

The current reliance on the OpenAI API poses potential cost chal-
lenges with increased usage. Nevertheless, rapid advancements in LLM
technologies are continuously reducing these costs. For example, in 2024-

2025, GPT-4o usage costs decreased significantly, and the introduction of
GPT-4.1 Nano further reduced query expenses to a fraction of the earlier
costs. ClimSight’s flexible architecture, built upon the LangChain frame-
work, allows seamless integration and switching between various LLMs,
including open-source alternatives capable of running locally. Future
research and development efforts will prioritize extending support for these
open-source models, which will further mitigate costs and enhance the
scalability and accessibility of the platform.

This novel methodology represents a paradigm shift in how climate
data is synthesized and utilized, bridging the gap between scientific com-
plexity and practical decision making. As climate change continues to
present complex challenges, scalable and adaptable solutions like the pro-
posed system are essential for supporting informed future planning and
effective risk management.

Methods
This section outlines the methodology and system architecture behind
ClimSight. Additionally, the evaluation subsection provides a comparative
analysis of the system’s responses across multiple queries, supported by
relevant statistical data.

ClimSight: concept and architecture
ClimSight leverages LLMs to generate climate assessments tailored to user-
defined locations and activities. The initial concept, introduced by10,
demonstrated that supplementing LLMpromptswith localized climate data
improves the accuracy and relevance of climate information. In this work,
we extend this approach by integrating additional environmental datasets,
high-resolution climate model outputs, and contextual knowledge from
climate reports and scientific literature.

Tomanage the increasing data volume and complexity, ClimSight now
follows a modular architecture, with specialized components handling
specific tasks (Fig. 2). The system follows these key steps:
1. User Input—The user provides a question and geographic coordinates.
2. Location Processing—ClimSight determines the location details and

contextual information.
3. Data Retrieval—The system queries online and pre-downloaded

climate databases, extracts relevant climate model outputs, and
retrieves climate reports.

4. SmartAnalysis—Aspecialized agent interprets data based on the user’s
request (e.g., applying climate thresholds relevant to a specific crop).

5. Information Filtering—The LLM processes and refines relevant con-
tent from databases and reports.

6. FinalReportGeneration—A ”combine agent” synthesizesfindings into
a user-friendly climate impact assessment.

To evaluate the system’s reliability, ClimSight includes an evaluation
module that systematically assesses the quality of its responses (see Eva-
luation section). ClimSight is primarily developed in Python, with a
Streamlit-based web interface and a command-line version. It uses Lang-
Chain and LangGraph frameworks20 for managing agent interactions and
LLM calls. The modular design enables easy integration of different LLMs,
and while OpenAI models are currently used, preliminary tests have been
conducted with the open-source Gemma 7B model. The system’s mod-
ularity allows seamless adaptation to different applications and continuous
updates through a CI pipeline. ClimSight is open-source (BSD 3-Clause
License) and available for public use, modification, and expansion. Below,
we describe the core components in more detail.

Core components
User input. The user submits a question along with geographic coordi-
nates (longitude and latitude).

Location requests. This module determines the location’s address (via
the Nominatim API21) and whether it is on land or water (using Natural
Earth datasets22).
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Query filtering. The ”Doorman” serves as an initial filter, evaluating
whether the user’s query is relevant to climate-informed decision-mak-
ing. If so, it extracts preliminary contextual information before passing
the request to specialized components.

Data retrieval. ClimSight collects location-specific environmental and
climate information from multiple sources:
• Natural hazards - EM-DAT / GDIS datasets (1960-2018)23,24

• Population data - UNWorld Population Prospects (2022)25

• Biodiversity records - GBIF API26

• Elevation data - Open Topo Data API27,28

• Land use - Overpass API (OpenStreetMap)29

• Soil types - ISRIC SoilGrids API30

• Coastline proximity - Natural Earth datasets22

Climate reports and literature. Two modules provide contextual cli-
mate knowledge,

1. IPCC Reports Module—Focuses on the IPCC 6th Assessment Report,
ensuring high credibility.

2. Scientific Reports Module—Includes a broader set of WMO reports,
German climate-health reports (RKI), and others.

By keeping these databases separate, ClimSight ensures users receive high-
quality assessments based on both authoritative global perspectives and

localized insights. If no relevant information is found, these sources are
omitted from the final output.

Climate model data processing. ClimSight analyzes four primary cli-
mate variables: 2m air temperature, precipitation, wind speed, and wind
direction. It incorporates:
• Coarse-resolution climate model data (100 km) from AWI-CM

(CMIP6), covering past (1985-2004) and future (2070-2100) climate
scenarios.

• High-resolution simulations fromnextGEMS (9 km), coupledwith the
FESOM ocean model, spanning 2020-204931,32.

Smart agent analysis. The Smart agent (Fig. 3) functions as a specialized
analytical component that evaluates climate-relevant parameters based on
user queries. This LLM-powered component synthesizes information from
multipledata sources toprovide contextually appropriate climate assessments.
The agent operates through four primary information retrieval mechanisms:
• Encyclopedic Knowledge: Conducts targeted Wikipedia searches to

establish baseline environmental parameters and thresholds for spe-
cific activities or crops.

• Scientific Literature Integration: Queries a vector database of agri-
cultural and climate research papers to identify climate sensitivity
factors and environmental constraints.

Fig. 3 | Smart agent schematic. Dashed lines indi-
cate conditional calls. Solid arrows represent the
mandatory path. wikipedia_search
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Fig. 2 | ClimSight schematic. Dashed lines indicate
conditional calls. Solid arrows represent the man-
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show the key steps mentioned in the section
“ClimSight: Concept and Architecture”.
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• Agricultural Requirements Database: For crop-specific queries,
consults the ECOCROP database19 to determine optimal growing
conditions and climate thresholds.

• Climate Data Retrieval: Accesses pre-processed climate model outputs
for the specified geographical coordinates, extracting temperature,
precipitation, and wind parameters relevant to the query.

The agent employs a two-phase workflow. first determining which
environmental parameters are relevant to the user’s query through
knowledge base consultation, then retrieving and analyzing the specific
climate data for those parameters.

Final report generation and accessibility. After data retrieval and
analysis, ClimSight synthesizes findings into a user-friendly climate
assessment report. The system can be accessed via a web browser or
terminal, requiring an OpenAI API key for operation. Essential datasets
are preloaded, while additional data is fetched dynamically via API
requests. This structured approach ensures ClimSight remains flexible,
scalable, and accessible for climate-informed decision-making across
various applications.

Evaluation
We employed amodified version of the evaluation framework proposed by
Liu et al.33 to assess the quality of responses generated by ClimSight. This
framework adopts a reference-based approach, in which the generated
answers are compared against predefined reference answers using LLMs
(see Fig. 4). Consistent with33, we incorporated chain-of-thought (CoT)
reasoning by instructing the LLM to evaluate responses across multiple
criteria: Completeness, Accuracy, Relevance, Clarity, and Coherence. Each
answer is assigned a score from1 to 5 for each criterion, and these scores are
compiled to produce an overall assessment of response quality. Detailed
explanations for each evaluation criterion are provided in the

Supplementary Note section “Prompt for evaluation”. Our evaluation
prompt guides the LLM through a structured process:
• Understand the Question Context
• Analyze the Provided Answers
• Compare Answers for Completeness
• Assess Accuracy and Relevance
• Evaluate Clarity and Coherence
• Rate the Answer
• Provide Feedback and Suggestions

By leveraging LLMs with CoT reasoning, this evaluation framework
provides a systematic analysis of ClimSight’s responses. As demonstrated
by33, such an approach correlates strongly with human judgments. This
evaluator is actively employed in application development to assess mod-
ifications including the addition or removal of components, and to identify
specific issues related to modernization, such as changes in the sequence of
components calls.

In the context of evaluating system performance, we used ques-
tions derived from IPCC reports to verify the system’s ability to address
general inquiries and to test the effectiveness of its RAG. We also
compiled a set of 30 question-answer pairs generated by the o1 model
using ClimSight, which we verified based on our expertise in climate
research and climate assessments. As an example, one of the questions
was, “Will expanding wheat fields in this region ensure consistent
harvests over the next decade?” supplemented with geographic coor-
dinates in Spain. Questions for evaluation were grouped into several
thematic categories: “General Climate Risks,” “Business-Specific Con-
cerns,” “Agriculture and Food Production,” “Renewable Energy and
Infrastructure,” “Urban and Community Planning,” “Coastal and
Water-Related Risks,” “Community and Ecosystem Impacts,” “Energy
and Supply Chain Resilience,” “Industry-Specific Impacts,” and “Long-
Term Sustainability.” Within each category, questions were divided
into “general” and “specific” types; for example, a general question
included “How will climate change impact agricultural yields at this
location?” while a specific question was “Can we continue growing
grapes at our vineyard located here under future climate scenarios?”
The locations associated with each question were randomly selected
globally, ensuring each point lies on land. To evaluate how our system’s
responses depend on different LLM models, we used ClimSight to
answer the same set of questions, while varying the final model.

In experiments involving gpt-4o and higher-level models, we
employed gpt-4o for textual RAG and changed only the model in the
final step “Combine” since the o1 family does not integrate tools well in
the current LangChain environment. The comparative results (see
Table 1) indicate that using more advanced models for combining
information, as expected, yields higher scores. We do not show a direct
comparison with o1 itself alone because it tends to self-score at max-
imum (5), diminishing its utility for direct comparison. The last row in
Table 1 (“Pure gpt-4o, no ClimSight”) provides a control experiment in
which gpt-4o was used without ClimSight. Although gpt-4o typically

Table 1 | Results of the evaluation using different LLM models, with and without ClimSight and the ’smart’ agent, based on 30
pairs of questions and answers, as well as MMLU (Massive Multitask Language Understanding) and GPQA (General-Purpose
Question Answering) benchmarks

Model Completeness Accuracy Relevance Clarity and coherence Mean MMLU 0-shot CoT GPQA

gpt-3.5-turbo-0125 2.4 (0.5) 2.9 (0.5) 2.8 (0.5) 4.0 (0.3) 3.0 (0.4) 69.8 30.8

gpt-4o-mini 2.9 (0.5) 3.3 (0.6) 3.5 (0.6) 4.2 (0.4) 3.5 (0.4) 82.0 40.2

gpt-4o 3.2 (0.6) 3.7 (0.7) 3.6 (0.7) 4.4 (0.5) 3.8 (0.5) 88.7 53.6

o1-mini 4.0 (0.7) 4.0 (0.8) 4.3 (0.6) 4.9 (0.3) 4.3 (0.5) 85.2 60.0

gpt-4o without “Smart agent” 2.9 (0.4) 3.3 (0.6) 3.4 (0.6) 4.2 (0.4) 3.5 (0.4)

Pure gpt-4o no ClimSight 2.2 (0.4) 2.9 (0.4) 2.9 (0.7) 4.1 (0.3) 3.0 (0.3)

Mean values are reported with standard deviation in parentheses.
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Fig. 4 | Schematic of the evaluation module.
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recognized the geographic context of a question often pinpointing a city
or region its answers lacked the additional data that ClimSight provides.
As a result, the overall performance of a pure gpt-4o system approached
that of gpt-3.5 paired with ClimSight. Notably, the gpt-4o-only
responses often contained vague statements or very broad tempera-
ture ranges (e.g., “average temperaturesmay increase by 1-5 °C”), which
offer limited value for a detailed climate assessment.

By comparison, simpler based models like Gemma 7B were generally
unable to link geographic coordinates to relevant geographic attributes and
therefore performed significantly worse in similar tests (results not shown).
Furthermore, when we supplemented our system with the “Smart agent”,
the average response quality (mean score) increased from 3.475 to 3.76,
largely because of improvements inCompleteness andAccuracy. This effect
wasmost pronounced in questions related to crops, where the system could
leverage information from an ECOCROP database tied to the specific plant
in question.

In practice, this evaluation methodology helps identify how much the
system’s responses improve aftermodifications, such as adding or removing
components, and supports quantitative assessments when the underlying
LLM is changed. As shown in Table 1, the o1 models tend to be more
computationally expensive and slower compared to gpt-4o. For more effi-
cient deployment, one could use ClimSight with gpt-4o or even gpt-3.5 to
handle preliminary inquiries, reserving o1 for final, complex queries where
its enhanced capabilities justify the additional cost.

In addition, we observe that GPQA (A Graduate-Level Google-
Proof Q&A Benchmark) has an exceptionally high correlation with our
own evaluation metrics (Table 1), on the order of 0.97, while the cor-
relation with MMLU (Massive Multitask Language Understanding
Benchmark) is 0.8. This result seems intuitive when looking at o1-mini
and GPT-4o: although o1-mini’s MMLU score (85.2) is slightly lower
than GPT-4o’s (88.7), its GPQA score (60.0) exceeds GPT-4o’s (53.6),
reflecting o1-mini’s stronger performance on our custom metrics (4.29
vs. 3.76 mean score). In other words, o1-mini appears to offer more
robust domain-specific reasoning and completeness, likely due to a
more STEM-focused training that better matches the specialized tasks
in ClimSight. Given this near-perfect correlation between GPQA and
our custom metrics, we consider GPQA a crucial indicator when
selecting LLMs for ClimSight.

In conclusion, our evaluation framework, adapted from Liu et al.33,
demonstrates how integrating ClimSight and specific components can
enhance response quality and providemeasurable improvements in various
criteria.Moreover, these findings clearly illustrate ClimSight’s superiority in
handling climate-specific inquiries, as it consistently provides more spe-
cialized, accurate and contextual responses than LLMs alone. Including
domain specificdatabases and task-orientedagents, the developedapproach
delivers deeper insights that are critical for robust climate assessment.
Nevertheless, explicitly verifying the accuracy of specific numerical values,
such as seasonal mean temperatures or precipitation, remains a challenge
that requires additional verification mechanisms, currently under devel-
opment in an updated version of ClimSight. This approach is particularly
valuable during systemdevelopment, allowing for systematic assessments of
how each component contributes to overall performance.

Data availability
The Climsight code used in this publication is available at https://github.
com/CliDyn/climsight (release v1.0.0) and can also be found on Zenodo:
10.5281/zenodo.14945362, along with evaluation results. Reference to data
is provided within the manuscript or the supplementary information files.
The datasets are also listed in the Climsight YAML configuration file and
can be downloaded using the corresponding Climsight script.

Code availability
The ClimSight code used in this publication is available at https://github.
com/CliDyn/climsight(release v1.0.0) and can also be found on Zenodo:
https://doi.org/10.5281/zenodo.14945362, along with evaluation results.
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