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The rise of human-water research in hydrology has increased the need for data
on human behavior and decision-making. To address this demand, hydrologists
have embraced methods from the social sciences, such as surveys, interviews,
and agent-based modeling (ABM). However, collecting human data is expensive
and time-consuming. Therefore, some social scientists have started evaluating
whether Large Language Models (LLMs) could serve as a tool for generating
human-like data for surveys and social simulations. This approach have the
potential to transform human-water research by making access to human data
faster and more a�ordable. Yet, human-water researchers should be cautious
about adopting this method. The method has faced criticism in the social
sciences, and similar caveats would apply to human-water research. While LLMs
can provide responses based on di�erent demographic personas, they fail to
replicate human complexity and diversity. They also pose challenges to scientific
rigor due to limited transparency and the risks of hallucinations. Most importantly,
LLM-generated data fails to accurately represent marginalized groups, and
undermines e�orts tomake human–water researchmore participatory, inclusive,
and transformative.
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1 Introduction

Human-water system research has emerged as an important interdisciplinary lens to
understand how humans interact with water systems in the Anthropocene. Examples of
these interdisciplinary research efforts include sociohydrology, social-ecological systems
(SES), and the International Association of Hydrological Sciences (IAHS) scientific
decades’ Panta Rhei and HELPING (Gain et al., 2021; Kreibich et al., 2025; Sivapalan
et al., 2012; Arheimer et al., 2024). To explore these new perspectives, researchers need
to collect human data, such as data on human behaviors, attitudes, and decisions, in
addition to environmental data (Blair and Buytaert, 2016). However, this data collection
is challenging as it requires considerable time, resources, and knowledge of appropriate
data-collection methods (Pande and Sivapalan, 2017; Salganik, 2019; Schwitter et al., 2022).
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Human-water research has previously adopted methods from
the social sciences, including surveys, text mining, and agent-based
modeling (ABM) (Bubeck and Thieken, 2018; Haer et al., 2020;
Madruga de Brito et al., 2020; Di Baldassarre et al., 2015) to address
this new data need. While these methods have enhanced our
understanding of human-water interactions (Kreibich et al., 2025),
the collection is challenging, especially in the last decades, due to
a decline in response rate for surveys (Jabkowski and Cichocki,
2025) or a decreased ability to collect social media data (Murthy,
2024; Trezza, 2023). To address these data collection challenges,
Large Language Models (LLMs) have recently received attention in
social sciences as an alternative tool, capable of producing synthetic
human data to generate new datasets or fill gaps in existing ones
(Kozlowski and Evans, 2025; Grossmann et al., 2023). SinceOpenAI
released ChatGPT in 2022, LLMs have become more accessible
and have changed how people, including researchers, view the
capabilities of AI (Zhang et al., 2025).

In hydrology and human-water research, the adoption of LLMs
remains limited but growing (Ma et al., 2025). Novel approaches
include a hydrology-informed chatbot, WaterGPT (Ren et al.,
2024), or the extraction of hydrological data from a vast collection
of research studies (Miao et al., 2024). However, only three
studies have applied LLMs in human-water research (Kadiyala
et al., 2025; Batista et al., 2025; Zhu et al., 2024), highlighting
a research topic in its infancy. Even so, we should be cautious
about adopting LLMs in human-water research, as the application
of LLM-generated human data is currently debated in the social
sciences due to challenges with scientific rigor and ethics, including
misinformation, replicability, and hidden biases (Rossi et al., 2024;
Weidinger et al., 2022). This critique is also relevant for hydrology,
especially since hydrologists generally lack formal training in
studying human behavior and attitudes.

In this article, I argue that although LLMs offer potential for
addressing data collection challenges in human-water research, we
should be careful to incorporate them. In the following sections,
I will introduce LLMs, review their emerging incorporation in
social sciences and hydrology, and discuss their risks and possible
paths forward.

2 Large language models in science

2.1 Brief introduction to large language
models

Large language models are deep neural networks trained on
vast amounts of data to interpret and generate text. The training
data consists of text that is converted into tokens, e.g., words and
phrases, which are then transformed into numerical presentations,
called word embeddings. Word embedding is a transformation
of a word to a vector so that related words are close in the
vector space. The tokenized text is used to train an unsupervised
transformer model that consists of either an encoder, a decoder, or
both (Vaswani et al., 2017).

Earlier language models often used the encoder BERT for
natural language processing (NLP) tasks while more recent models,
including Gemma and GPT-4, use a decoder model structure,

commonly a generative pre-trained transformer model (GPT)
(Devlin et al., 2019; Wang et al., 2024). Both approaches utilize an
attention mechanism that determines the importance of each word
in its textual context (Vaswani et al., 2017; Bahdanau et al., 2016).
Hence, LLMs combine linguistic and computational methods to
produce human-like text by predicting the most probable sequence
of words in response to a given prompt (Rossi et al., 2024; Raiaan
et al., 2024).

The vast scale of training data is central to LLMs’ ability to
generate human-like text. To achieve this, LLM companies obtain
text from the internet, including books, and scientific and code
databases (Raiaan et al., 2024). However, the training data and
its sources are rarely disclosed, and concerns have been raised
that LLM companies disregard copyrights and licenses (Bail, 2024;
Stokel-Walker and Van Noorden, 2023). The data are used to train
models containing billions of parameters, a process that requires
extensive computational resources and time (Widder et al., 2024).
Some models, such as GPT-4, are fine-tuned to reduce undesirable
behavior, like hate speech, and promote more polite outputs (Bail,
2024; Törnberg et al., 2023). As with the data, the fine-tuning
process is often undisclosed, and thusmost LLMs are black-box text
predictors (Widder et al., 2024).

2.2 Large language models in social
sciences

LLMs have gained traction for their potential to transform
sociological methods and research (Grossmann et al., 2023; Bail,
2024; Ziems et al., 2024). Grossmann et al. (2023) argue that
the LLMs’ ability to mimic human behavior could redefine social
science, reducing the need for using other methods such as
crowdsourcing. Instead, they envision that LLMs can generate
human-like data without involving participants and thus provide
what Horton (2023) describes as homo silicus, a computational
model of humans. The researcher in favor of this argues that it is
a scalable, fast, and cost-effective method that also protects human
participants (Agnew et al., 2024).

To explore LLMs as stand-ins for humans, sociologists have
investigated how well LLMs can replicate human behavior. For
instance, Dillion et al. (2023) assessed GPT-3.5 on moral scenarios
and found its judgments aligned closely with human responses.
Horton found that LLMs generally reproduced behavior similar to
humans in four socio-economic experiments, and Mei et al. (2024)
explored LLMs’ performance on the “Big Five” personality traits by
employing six psychological games, including prisoner’s dilemma.
Similarly, Aher et al. (2023) introduced the method “Turing
Experiments” to evaluate whether GPT models could behave
indistinguishably from humans in four physiological experiments,
including Milgram’s (1963) shock experiment. However, because
GPT is trained on scientific data, the model may already be familiar
with these experiments. To address this, Aher et al. altered the
experiments’ description, but it is uncertain if they succeeded in
making the LLM unbiased to past experiment results.

In many studies, LLMs are conditioned with personalities and
demographic data to alter the outputs and explore if they can
take the role of a human. The traits can be gender (Mei et al.,
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2024; Aher et al., 2023), surnames representing different ethnic
groups (Aher et al., 2023), or political affiliation (Horton, 2023).
Such conditioning could be useful in applications in human-water
research. For example, an LLM could model flood adaptation
strategies for different demographic groups or explore the safe-
development paradox by simulating risk perception. However,
LLMs are trained on text and not behavior, and although
behavior might be implicit, research shows LLMs’ limitations in
understanding basic human reasoning (Cui et al., 2023; Stevenson
et al., 2025). Thismakes it difficult to interpret howwell homo silicus

mimic real humans.
Other studies have scaled the human-conditioning approach

by incorporating LLMs in survey studies to generate synthetic
responses (Argyle et al., 2023; Bisbee et al., 2023; Hämäläinen
et al., 2023; Kim and Lee, 2024). For instance, Argyle examined
LLMs’ ability to generate opinions about political parties and
voting behavior in the US when conditioning the model with
demographic backstories from the American National Election
Studies (ANES). They showed that LLMs’ answers were similar
to human respondents and argue that LLMs, “when properly

conditioned” can produce human-like opinions along fine-grained
demographic axes.

As surveys are an important tool in human-water research
(Kreibich et al., 2025), for example, to study sociohydrological
concepts such as the near-miss effect (Bogani et al., 2023) or flood
recovery (Bubeck and Thieken, 2018), leveraging LLMs could help
with data collection. However, researchers have shown that while
LLMs can reproduce average answers from specific demographic
groups, their ability to capture the variance and complexity of
human opinions is limited (Bisbee et al., 2023; Boelaert et al., 2025),
and some researchers report misrepresentation of representation
of demographic groups (Wang et al., 2025; Zhou et al., 2025).
This bias is unevenly distributed between demographic groups
and could be worse for marginalized groups. Wang et al. (2025)
found that GPT, to a larger extent, misrepresented marginalized
groups, such as Black and non-binary people. They hypothesized
that out-of-group populations in the training data are influenced
by political discourse. LLMs also perform worse at generating
non-US synthetic opinions (Abeliuk et al., 2025), probably due
to the overrepresentation of English and US-centric text in the
training data. These limitations pose a risk in human-water
research, as individuals subjected to floods and droughts can
be marginalized and may have limited influence on the data
generated about them (Weidinger et al., 2022; Savelli et al.,
2021).

Another important tool for social science and coupled human-
water system modeling is ABMs, where humans are simulated as
computational agents with their behavior governed by decision
rules (Wooldridge, 2009). In earlier ABMs, the agents were often
controlled by simplistic rules, but efforts have been made to
create more elaborate agents to mimic the complexity of society,
for example, reinforcement learning (Hung et al., 2022) and
bounded rationality (Taberna et al., 2023; Wens et al., 2019).
Despite this, the increased complexity of ABMs has not always
contributed to explanatory power, as modeling human behavior
is challenging (Sun et al., 2016), and data scarcity on multi-agent
interactions limits modeling of the human-water system (Schück
et al., 2025).

In light of this, researchers have noted that incorporating
LLMs into ABMs could be a way forward, as it would be
able to generate “social interactions of individuals with specific

characteristics and beliefs” (Grossmann et al., 2023). So far, LLMs
in ABMs have been used to explore echo chambers (Törnberg
et al., 2023), human-like interactions (Kaiya et al., 2023; Park
et al., 2023), and people’s attitudes to gender discrimination and
nuclear energy (Gao et al., 2023). Törnberg et al. (2023) used
ANES data to create LLM agents with demographic personas and
implemented them in an ABM that represented a social media
platformwhere agents could share, comment, and like news articles.
The authors examined how political affiliations and social media
bubbles fostered a toxic environment. The integrated LLM-ABM
approach allowed for controlling the platform’s feed algorithms
without requiring collaboration with social media companies, and
it avoided exposing humans to toxic environments. However, the
setup couldn’t be validated, and the influence of LLMs’ politeness
bias was not evaluated.

2.3 Large language models in hydrology
and human-water research

In hydrology, LLMs have had a limited impact so far. A few
studies have discussed the implications of LLMs in hydrological
research and have mainly focused on the coding and writing
aid abilities of LLMs (Foroumandi et al., 2023; Halloran et al.,
2023; Irvine et al., 2023) and their ability to describe hydrological
concepts (Ma et al., 2025; Halloran et al., 2023; Kadiyala et al.,
2024). Both Ren et al. (2024) and Xu et al. (2025) expanded this
by respectively developing a hydrological-informed LLM, called
WaterGPT, by finetuning an existing GPT model with hydrological
data. Other hydrological studies used LLMs to extract basin areas
from abstracts in their review (Miao et al., 2024) or integrated
ChatGPT as a user interface for an AI-driven flood detection system
(Kumbam and Vejre, 2024).

LLMs have been adopted to a more limited extent in human-
water research, yet NLP has been used before, as several studies
have used it to extract data from newspapers and social media
(Madruga de Brito et al., 2020; Veigel et al., 2025). However, in
the last 2 years, three studies have been published that incorporate
LLMs in human-water research, where one study utilized LLMs
to generate human-like data (Kadiyala et al., 2025). The other
two papers either used LLM to perform sentiment analysis on
meeting notes in a drought-affected community (Batista et al.,
2025) or developed an integrated GIS-LLM chatbot to provide
personalized flood-related information to increase people’s flood
risk perception (Zhu et al., 2024). Kadiyala et al. (2025) developed
an ABM where LLMs were used to create agents with demographic
personas from traits such as age, health, and cultural background.
These LLM agent groups were then tasked with allocating a budget
for different flood mitigation projects. With the LLM responses,
the authors’ could explore how the constellation of personas
influenced the allocation. Similarly to the sociology articles, the
authors noted that LLMs failed to provided variance within
and between different demographic personas but note that LLM
simulations
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“can guide urban planning, infrastructure development,

and disaster risk reduction by providing data-driven insights

tailored to specific community requirements”.

Despite the limited implementation of LLMs thus far,
hydrologist researchers envision that LLMs will radically change
hydrological modeling with automation and knowledge integration
that was previously impossible (Ma et al., 2025). Human-water
research might follow this trend to incorporate LLMs similarly to
how it’s happening in the social sciences.

3 Discussion

This emerging use of LLMs could enable simple
implementations of human data in hydrology, potentially reducing
expensive, time-consuming, and complicated data collection,
preparation, and integration. However, I believe that it poses
significant risks of producing believable yet flawed and unethical
research. Specifically, the application of LLMs in human-water
research runs the risk of increasing the gap between research and
vulnerable communities as public engagement decreases. In the
following discussion, I will outline both the caveats and potential
opportunities to use LLMs with caution.

One issue is that LLMs can hallucinate and provide incorrect
information. This issue has been met with the argument that all
models are wrong, but some are useful and that model output
from any model has to be validated (Rossi et al., 2024; Horton,
2023). However, understanding when the model is incorrect can
be difficult, as there is no indication of uncertainty in the output.
Spitale et al. (2023) called this combination of certainty and
incorrectness compelling disinformation and showed that GPT-3
is better at creating believable disinformation than humans. For
instance, ChatGPT can provide sources to research papers that do
not exist (Foroumandi et al., 2023). Conversely, LLMs can be overly
correct for the purpose of modeling humans, as they can give exact
answers to numerical questions (Aher et al., 2023). This probably
stems from that LLMs are not predicting human behavior, rather
they predict the most likely groups of words (Dillion et al., 2023;
Amirizaniani et al., 2024).

Another issue is that the LLMs exhibit biased behavior when
representing humans. Some researchers see this as a possibility to
steer the LLM by prompting it to mimic certain groups, genders,
etc. (Kadiyala et al., 2025; Törnberg et al., 2023; Aher et al., 2023).
However, models are generally politically left-leaning, altruistic,
and pro-climate action and show insignificant difference when
prompted to represent other groups (Mei et al., 2024; Santurkar
et al., 2023). Since it also has a limited ability to represent
marginalized and non-US populations (Mei et al., 2024;Wang et al.,
2025; Abeliuk et al., 2025), the appropriateness of generated data
from demographic personas should be questioned.

In addition to the limitation of low variance and
misrepresentation of non-Americans, LLMs have a risk of
generating stereotypes; for instance, LLMs have propagated gender
and racial stereotypes (Weidinger et al., 2022; Kotek et al., 2023).
This reproduction of disinformation and stereotypes complicates

validation„ as outputs might align with our own prejudices
and thus reinforce confirmation biases. This is problematic as
researchers have suggested that LLMs can be used to scale research
on underrepresented populations (Rossi et al., 2024). Additionally,
LLMs are prone to value-lock-in; thus, the LLM represents values
present in the training data that are no longer relevant, for instance,
missing the change of the meaning of the word queer (Weidinger
et al., 2022).

It is argued by some social scientists that LLM methods
can be more ethical than traditional methods since LLMs can
generate data where experiments would either be unethical to carry
out on humans or for vulnerable groups where there are data
gaps (Horton, 2023; Aher et al., 2023). However, this approach
risks that communities that have historically been excluded will
continue to be neglected and misrepresented as researchers take
control of their story (Agnew et al., 2024). Thus, LLM-generated
data of marginalized communities can reproduce patterns of
historical colonialism (Rossi et al., 2024; Couldry and Mejias,
2019). I argue that this exclusion and misrepresentation of local
communities is the opposite of the aim of human-water research,
where interdisciplinary and participatory efforts are important
(Nakamura et al., 2025). For instance, a goal of the IAHS
scientific decade HELPING is to embrace local and indigenous
knowledge (Arheimer et al., 2024). The use of LLMs to represent
people, especially non-Western vulnerable communities, would
be a step backwards for the human-water aim of participatory
efforts and engaging local communities. Additionally, understudied
human-water interactions might remain hidden when there is less
interaction between researchers and communities due to higher
reliance on LLM-data.

The lack of replicability and transparency in LLM-generated
data poses a critical challenge for rigorous research. For instance,
Bisbee et al. (2023) found that the generated personas were
not reproducible between different versions of ChatGPT, even
if identical prompts were used. The behavior of the model can
also change in the same model version (Rossi et al., 2024). This
becomes problematic as studies most often can only include model
versions and prompts in their methods, as training data and
model parameters are undisclosed by the LLM companies. As
the training data is unknown, researchers also have difficulties
assessing LLMs’ biases (Bail, 2024). Thus, following the FAIR data
standard (Wilkinson et al., 2016) and assessing the external validity
will be challenging. On top of LLMs being potentially harmful
to scientific rigor, the use raises ethical concerns of infringing
copyright (Rahman and Santacana, 2023), environmental impact
(Rillig et al., 2023), and exploitation of workers (Perrigo, 2023).

Another question is how thorough technical understanding of
LLMs’ we need. I believe that since most LLMs are opaque in
terms of their biases, training data, and limitations, researchers
must have sufficient knowledge to use them responsibly. This also
includes ethical concerns, such as environmental impact. While
a complete technical expertise may be unnecessary, we should be
cautious about adopting technologies simply because they are easy
to use.

How should we then use LLMs in human-water research?
Arguably, LMs are powerful coding and writing aids. LLMs
also have a strong capability in analyzing and summarizing vast
amounts of text, though we should carefully check the outputs.
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Additionally, they have been suggested for prototyping research
ideas (Dillion et al., 2023; Park et al., 2023). For instance,
researchers can test concepts before employing expensive data
collection campaigns. However, it is uncertain how helpful it will
be, as the results should always be validated with real data due to
problems with hallucination and bias (Rossi et al., 2024).

Another possibility is open-source LLM projects built for
research purposes, where the training data, model training, and
fine-tuning processes are shared, like EleutherAI (Widder et al.,
2024). Open-source models could thus provide more transparency
and replicability, and new results show that the performance
of open-source models is getting closer to that of proprietary
LLMs (Bail, 2024). Another benefit is that research would
become more independent of large tech companies. For instance,
Meta’s LLM model was open source but gradually became more
opaque (Bail, 2024). Despite this progress and the prospect of
open-source LLMs, there are still challenges to be addressed,
such as the representation of groups, ethical considerations of
collecting data, and environmental impact, as well as whether
generating human data is epistemically sound (Rossi et al.,
2024).

4 Conclusions

The use of LLMs could fundamentally transform how human-
water research is conducted. They have the potential to simplify
complex data collection and make it more accessible, potentially
leading to new insights about human-water interactions. However,
as illustrated in this article, it remains unclear how well these
insights will translate into real-world applications and to what
degree of certainty we can use the model outputs. From my
perspective, LLMs pose more risks than benefits, particularly
concerning ethics related to inclusion and representation. The
HELPING decade and human-water research are just as much
about understanding human-water systems as they are about
engaging communities affected by climate change and hydrological
hazards. Therefore, LLMs might steer us in the wrong direction
by excluding those with knowledge and those who might need
our help.
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