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A B S T R A C T

This study aims to evaluate the performance of three prominent LLMs, DeepSeek R1, ChatGPT-4o, and Gemini 2, 
in addressing key questions within four core fields of hydrology and water science: machine learning and 
optimization, remote sensing, flood modeling, and sediment transport. LLMs’ responses are systematically 
compared to benchmark responses derived from review articles in the respective fields. To assess the LLMs’ 
efficiency, a novel evaluation rubric is introduced in this study, incorporating four key criteria: relevancy, ac
curacy, authenticity, and novelty. Findings revealed that each model can address the core aspects of the 
benchmark questions. DeepSeek R1 achieved the highest overall scores in machine learning and optimization, 
flood modeling, and sediment transport, while ChatGPT-4o demonstrated superior performance in remote 
sensing. Notably, DeepSeek R1 and Gemini 2 exhibited the lowest response similarity in 95 % of the evaluated 
questions, whereas ChatGPT-4o and Gemini 2 showed the highest similarity in 70 % of cases.

1. Introduction

Historically, scholars relied on books for scientific inquiries, though 
limited references made the process time-consuming. The internet 
streamlined research, yet finding the best answer still required extensive 
browsing. Nowadays, the advent of Large Language Models (LLMs) has 
revolutionized many fields. In fact, these models are a type of Deep 
Learning (DL) that can generate human-like text based on vast training 
data (Tian et al., 2023). Perspectives on LLMs differ, with some 
emphasizing their advantages, while others question their practical 
applicability (Cheng & YIM, 2024; Reuters, 2023; Yu, 2023). Nonethe
less, LLMs have become a major focus in recent years, with their 
adoption expanding across scientific disciplines alongside the emer
gence of more advanced models.

LLMs have been implemented across various fields, including civil 
engineering (Aluga, 2023), software engineering (Akbar et al., 2025; 
Belzner et al., 2024; Liang et al., 2024; Ozkaya, 2023), public health 
(Biswas, 2023b; Jungwirth and Haluza, 2023; Parray et al., 2023), and 
social media (Hu et al., 2023; Rodríguez-Ibánez et al., 2023; Sadıkoğlu 
et al., 2023). In hydrology and water science, researchers have explored 
LLM applications in programming (Pursnani et al., 2024), data analysis 
(Biswas, 2023a), interpretation of hydrological models (Xia et al., 2025), 

and remote sensing (Guo et al., 2024). Among the many available LLMs, 
ChatGPT, Gemini, and DeepSeek stand out for their broad applicability, 
strong reasoning abilities, and reliability in complex problem-solving 
(Brown et al., 2020). Their advanced multimodal features and ability 
to process hydrological data make them well-suited for water science 
applications (Kadiyala et al., 2024). Therefore, this study aims to assess 
the effectiveness of these LLMs in addressing hydrological challenges.

ChatGPT-4o, launched by OpenAI in May 2024, is an advanced 
natural language processing model. This model has been fine-tuned 
using reinforcement learning and supervised training, enhancing its 
ability to generate human-like text with high accuracy (OpenAI, 2024). 
Building on ChatGPT and GPT-4, it offers improved intelligence, faster 
processing, and expanded capabilities in text generation, vision, and 
audio processing. Studies related to hydrology highlight its ability to 
code at beginner-to-intermediate levels (Foroumandi et al., 2023), 
perform hydrological data analysis without coding (Irvine et al., 2023), 
contribute to flood management and water quality assessment (Kadiyala 
et al., 2024), water resources management (Haider et al., 2024), natural 
disaster prevention and reduction (Xue et al., 2023), and finally, 
multimodal data analysis, intelligent decision-making, and interdisci
plinary knowledge integration (Ren et al., 2024). ChatGPT also dem
onstrates capabilities in image description, edge detection, and 
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segmentation (Guo et al., 2024; Osco et al., 2023). While promising, its 
use in environmental decision-making should be carefully examined, 
given ongoing concerns over reliability (Zhu et al., 2023).

ChatGPT is not the only LLM that has been utilized in water science. 
DeepSeek R1 (Guo et al., 2025), introduced in January 2025, represents 
a significant advancement in LLMs with its open-source nature fostering 
collaboration while raising concerns about misuse (Mercer et al., 2025; 
Sallam et al., 2025). Built on a Mixture of Experts (MoE) architecture 
and reinforcement learning, it enhances reasoning capabilities through a 
multi-stage training process (Olson et al., 2025; Paiva et al., 2025). 
Meanwhile, Google’s Gemini was launched alongside a lightweight 
language model for dialog applications version (LaMDA), leveraging 
Transformer decoders, Tensor Processing Units (TPUs) hardware, and 
attention mechanisms to optimize performance and expand accessibility 
(Sundar Pichai, 2023; Team et al., 2024). Regarding the mentioned 
LLMs, Li et al., 2025 introduced ATMOSSCI-BENCH, a benchmarking 
tool that evaluates models like GPT, Llama, Gemini, and DeepSeek 
across five atmospheric science domains, including hydrology, atmo
spheric dynamics, atmospheric physics, geophysics, and physical 
oceanography. Using a template-based question framework, the study 
assessed LLM performance in instruction tuning, reasoning, mathemat
ical capabilities, and domain-specific climate modeling. In addition to 
this research, the application of LLMs such as GPT-4 Vision, 
Multimodal-GPT, Gemini, and LLaVa in hydrology has been investigated 
by Kadiyala et al. (2024), demonstrating their effectiveness in real-time 
flood severity assessment, water quality monitoring, and water resource 
management. Among them, GPT-4 Vision exhibited the highest accuracy 
in interpreting visual data for hydrological applications. The word cloud 
of the research based on the title of the articles used in the literature is 
shown in Figure (1).

A review of existing studies reveals critical gaps in evaluating LLMs 

for hydrology and water science. Studies focusing on proposing a solid 
assessment framework are limited (Ren et al., 2024; Kizilkaya et al., 
2025). Additionally, previous studies have not thoroughly explored LLM 
applications in machine learning and optimization, remote sensing, 
flood modeling, and sediment transport. These topics are among the 
popular research topics in water science and hydrology and provide 
valuable opportunities to investigate the capabilities of LLMs within 
these fields. To address these gaps, this study introduces three key in
novations. First, we systematically evaluate the performance of Deep
Seek, ChatGPT, and Gemini in key hydrological domains. Second, we 
develop a novel rubric for quantitatively assessing the efficiency and 
reliability of LLM-generated responses. Third, we design benchmark 
questions and responses based on review articles in each topic, ensuring 
a rigorous and domain-relevant evaluation. In fact, the novelties of our 
proposed framework and rubric are both conceptual and technical. The 
conceptual novelty refers to the design of the rubric and its components. 
The proposed framework evaluates four principal components of a 
response: accuracy, relevancy, authenticity, and novelty, which have 
not been considered in the previous studies with sufficient depth. The 
technical novelty lies in the evaluation of different components, 
particularly accuracy and similarity. A word matching algorithm is 
introduced to assess the accuracy of the generated responses by 
comparing them to the key responses in the benchmark set. Further
more, the Spacy library is employed to analyze the semantic similarity of 
LLM responses. Overall, this study proposes a comprehensive rubric and 
associated computational methods to evaluate the quality of LLM re
sponses in water science and hydrology. This integrated approach pro
vides a comprehensive framework for assessing LLMs in hydrology, 
bridging existing gaps, making practical recommendations, and 
enhancing Artificial Intelligence (AI)-driven water science research.

This paper is structured as follows. Section 2 outlines the research 

Fig. 1. Word cloud of the application of LLMs in various research areas, including water science.

S.H. Hosseini and A. Pourzangbar                                                                                                                                                                                                          Environmental Modelling and Software 196 (2026) 106772 

2 



framework, detailing the prompt engineering, the evaluation rubric for 
LLMs, and the algorithm for assessing word matching in responses. 
Section 3 analyzes LLM-generated responses across key domains, 
including machine learning and optimization, remote sensing, flood 
modeling, and sediment transport, with a comprehensive comparison 
based on overall scores, similarity metrics, word matching, and response 
generation speed. Section 4 provides a discussion on the findings and 
literature, alongside the practical considerations for using LLMs in hy
drology and water science. Section 5 outlines limitations and provides 
recommendations for future research directions. Finally, section 6 con
cludes with the findings of this research. In Table 1 list of abbreviations 
used in this research is presented.

2. Material and methodology

This study evaluates the performance of three LLMs, including 
DeepSeek R1, GPT-4o, and Gemini 2 (all free versions to be accessible 
for all), in four key areas of hydrology and water science: machine 
learning and optimization, remote sensing, flood modeling, and sedi
ment transport. For clarity, the models are referred to as DeepSeek, 
ChatGPT, and Gemini. All LLMs are accessed through their official 
platforms. To establish a robust evaluation framework, key questions in 
each domain are identified through a systematic review of relevant 
literature. Benchmark responses are extracted from these sources as 
reference answers. The LLM-generated responses are then systematically 
compared against these benchmarks using a proposed structured rubric 
based on four criteria: relevancy, accuracy, authenticity, and novelty. 
Each response is assigned a weighted score to ensure a comprehensive 
performance assessment. Additionally, qualitative insights are included 
to capture nuanced aspects of each model’s output. Each response is 
assessed using the proposed rubric, with weighted scoring applied to 
quantify the impact of each criterion. Figure (2) presents a flowchart 
outlining the methodology.

2.1. Design of benchmark questions

To select benchmark questions, peer-reviewed review articles are 
chosen as references. The logic behind considering review articles is 
that, in general, review articles study a phenomenon thoroughly, 
contain a broad knowledge of a specific topic, and are an aggregation of 
many articles. We conducted a targeted literature search using Scopus, 
Web of Science, and Google Scholar to identify review articles relevant 
to four hydrological subtopics. Fourteen articles were selected based on 

their thematic relevance, citation impact, and breadth of synthesis 
across primary studies. The authors’ judgment was applied to ensure 
topical diversity and methodological rigor, to support the transparency 
and reproducibility of our evaluation framework. Selected review arti
cles are among the most cited in the field and are also regarded as 
reliable sources of scientific information. After evaluating the potential 
of several review articles, fourteen review articles for all topics were 
selected to design the benchmark questions, and five benchmark ques
tions were designed for each topic. These five questions, based on the 
authors’ judgment, were considered representative of the topic. In 
formulating the benchmark questions, questions with case-specific or 
quantitative answers were avoided. The main reason for that is to ensure 
the rubric assesses generalizable knowledge and conceptual under
standing applicable across diverse contexts. In other words, the main 
focus of the benchmark questions is on challenges, applications, and 
solutions related to the investigated topics. Therefore, for each topic, 
five subtopics were considered in order to cover important aspects of the 
selected topics based on the authors’ attitudes and expertise.

2.2. Prompt engineering

In general, prompts can guide LLMs towards the topic being inves
tigated. The tone and style of the prompt change the formality, 
complexity, and presentation of the LLM response (“explain simply” and 
“explain as an expert” lead to different forms of response). In addition, 
detailed and more structured prompts usually yield longer responses, 
while brief prompts and vague ones give less detailed responses. For this 
reason, due to their influential nature in the results, designing an 
effective prompt is crucial. In this research, a general view and a role- 
based prompt have been crafted for benchmark questions. Initially, a 
general view is considered. This general view includes information on 
the topic extracted from the review articles, which does not encompass 
the response to the benchmark question. This general view obviously 
varies for each question and is derived exclusively from the review ar
ticle’s content, without incorporating any extra information or the au
thors’ personal views. Subsequently, a role-based prompt is provided to 
the LLM. The purpose of this prompt is to direct the LLM to generate a 
response as if it were an expert in the field of hydrology and provide a 
structured response. Therefore, by using this role-based prompt, LLMs 
are pushed to be domain-specific, and it helps to obtain responses that 
are relevant and avoid vague or generic information. The general view 
and role-based prompt have been presented for each question in the 
appendix. It should be noted that to ensure consistency and fairness, 
each LLM received the same standardized role-based prompt before 
being presented with the question. Finally, after presenting the general 
view and role-based prompt, a question is posed to the LLM. In 
conclusion, a uniform prompt structure was established to minimize 
biases in response generation and ensure a fair evaluation across models. 
The prompt underwent multiple refinements through trials to determine 
the most effective version (aimed at producing a clear and precise sci
entific response, according to the author’s judgment). An example of this 
prompt engineering for the first question related to machine learning 
and optimization has been provided as follows. General views of other 
questions have been provided in the Appendix.

General view: 

The hydrologic community has recently experienced a surge in interest in 
machine learning. This interest is primarily driven by rapidly growing 
hydrologic data repositories, as well as the success of machine learning in 
various academic and commercial applications, now possible due to 
increasing accessibility to enabling hardware and software. Unsupervised 
learning in hydrology can cluster catchments by hydrologic regimes, while 
classification problems distinguish land cover types from satellite images 
using spectral data. Streamflow forecasting is a regression problem, pre
dicting future flow based on meteorological and historical data. Machine 
learning models, trained by minimizing error metrics, use algorithms 

Table 1 
List of abbreviations used in this research.

Abbreviation Description Abbreviation Description

ADCP Acoustic Doppler Current 
Profiler

IoT Internet of things

AI Artificial Intelligence LES Large Eddy 
Simulations

BNNs Bayesian Neural Networks LLM Large Language 
Model

CFD-DEM Computational Fluid 
Dynamics/Discrete Element 
Method

LSTM Long Short-Term 
Memory

CHNS Coupled Human-Natural 
System

ML Machine Learning

DL Deep Learning MoE Mixture of 
Experts

DNS Direct numerical simulation NbS Nature-based 
Solutions

FSM Flood Susceptibility 
Mapping

NLP Natural Language 
Processing

GPU Graphics Processing Unit O & M Operation & 
Maintenance

HPC High Performance 
Computing

TPUs Tensor Processing 
Units
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Fig. 2. Flowchart of the proposed method for assessing the efficiency of LLMs.
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differing in hypothesis space, loss functions, and optimization methods, 
with applications in hydrologic sciences.

Role-based prompt: 

"Respond as an expert in hydrology and water science to the following 
question. Provide detailed, professional answers. Ensure that your re
sponses are specific to the field of hydrology and avoid generalizations. 
Consider including relevant concepts, methodologies, trends, and ad
vancements in your answers to showcase a thorough understanding of 
hydrology and water resources management."

Question: 

The application of machine learning in hydrology and other geosciences 
disciplines has been hindered by three primary challenges. Mention these 
challenges.

2.3. Evaluation of LLMs’ responses

Rubrics are typically used to assess performance, grading, and 
evaluations based on predefined criteria. In this research, a rubric is 
introduced to investigate the generated answers from various aspects. 
Four criteria, including relevancy, accuracy, authenticity, and novelty, 
are proposed to build a rubric for assessing the efficiency of LLMs’ an
swers. The introduction of these criteria is based on the nature of the 
research question and the investigated phenomena. In fact, the rubric 
design is inherently flexible and context-dependent. While standardized 
rubrics exist, researchers often develop custom criteria to address 
unique problems or emerging domains where established frameworks 
are inadequate (Andrade, 2005; Brookhart, 2013; Moskal and Leydens, 
2000). Therefore, in this research, a novel rubric is proposed based on 
four criteria, including relevancy, accuracy, authenticity, and novelty, 
and it can be used for future research in this field. The definition of each 
criterion is presented in Table (2).

In addition, each criterion has a coefficient, which is used to grade 
the LLM performance using equation (1). The coefficients are based on 
the authors’ interpretation of the importance of each criterion. In fact, 
the coefficients are assigned to critical priorities for assessing the per
formance of LLMs. Therefore, the highest coefficient has been given to 
accuracy and authenticity, each receiving 35 %, as an LLM is funda
mentally expected to provide factual responses. In other words, a 
response must first be accurate and authentic compared to the 

benchmark response, which justifies assigning these criteria higher co
efficients. A coefficient of 20 % is allocated to novelty to encourage 
creative and insightful responses rather than mere repackaging of in
formation. Finally, a coefficient of 10 % is suggested for relevancy, 
which is considered less significant than the others; it often serves as a 
prerequisite for a valuable response but is not a defining factor of per
formance. These values reflect evaluation priorities rather than statis
tical optimization. Here, the proposed approach of assigning coefficients 
has been tried to suggest an appropriate balance by emphasizing factual 
accuracy while also fostering creativity and maintaining contextual 
relevance for assessing LLMs. For each question, the generated response 
by the LLM is evaluated using benchmark responses and then scored. 
This rubric is presented in Table (3). 

Overall Score=0.10 × Relevancy + 0.35 × Accuracy + 0.35

× Authenticity + 0.20 × Novelty (1) 

Based on the scores of the proposed rubric, the minimum and 
maximum values for the overall score would be 1 and 5, respectively.

Relevancy, authenticity, and novelty were evaluated using a struc
tured rubric with defined scoring levels. Each LLM-generated response 
to the benchmark was assigned scores by the authors. To ensure 
impartiality, a blind assessment procedure was followed, where the 

Table 2 
The definition of the proposed criterion.

Criteria Definition

Relevancy The quality or state of being closely connected and directly related to 
the specific topic. In other words, it describes the close connection 
and direct relationship between the discussed topic and the 
information or ideas being generated using LLM.

Accuracy The degree to which the generated response aligns with the 
benchmark answers, highlighting the inclusion of key elements or 
information required. It involves ensuring that the response adheres 
to established facts, and logical consistency and correctly reflects the 
critical components expected in the solution. Accuracy is assessed by 
comparing the response to predefined correct answers (key 
responses).

Authenticity It measures the validity of information, statements, or solutions. It 
involves adhering to established rules, principles, or standards and 
aligning with factual and logical information. Authenticity is 
evaluated through verification, fact-checking, logical reasoning, and 
comparison with accepted norms or references.

Novelty The quality of being new, original, and unique is characterized by 
fresh and innovative elements that differentiate it from what has 
previously existed or been known. It can manifest in various domains, 
including ideas, designs, expression, and problem-solving 
approaches. In fact, novelty introduces fresh and unique elements 
that inspire curiosity and fascination, beyond the benchmark 
response.

Table 3 
The proposed rubric for the evaluation of the generated responses by LLMs.

Criteria Coefficient Score Definition

Relevancy 0.10 1 The response is completely unrelated to the 
question

2 The response contains significant unrelated 
information, addressing only a small portion 
of the question

3 The response balances relevant and 
irrelevant information equally

4 The response is mostly relevant, with minor 
unrelated content

5 The response is entirely relevant, addressing 
all aspects of the question

Accuracy 0.35 1 The response mentions a maximum of 20 % 
of core elements and objectives (key 
responses)

2 The response mentions a maximum of 40 % 
of core elements and objectives (key 
responses)

3 The response mentions a maximum of 60 % 
of core elements and objectives (key 
responses)

4 The response mentions a maximum of 80 % 
of core elements and objectives (key 
responses)

5 The response mentions 100 % of core 
elements and objectives (key responses)

Authenticity 0.35 1 The response is entirely incorrect and 
unclear from a scientific standpoint

2 The response is partially correct, but most 
parts are scientifically inaccurate

3 The response contains an equal mix of 
correct and incorrect scientific information

4 The response is mostly accurate, with minor 
doubts about the authenticity of certain 
parts

5 The response is entirely accurate and 
scientifically correct

Novelty 0.20 1 The response lacks any novel information or 
ideas compared to the benchmark response

2 The response exhibits minimal novelty, 
offering few new insights

3 The response presents moderately novel 
ideas that are underdeveloped

4 The response mainly comprises novel 
solutions or ideas

5 The response is highly novel, entirely 
consisting of new and original ideas
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identities of the LLMs were concealed during evaluation. For accuracy, a 
novel approach titled “Exact and Fuzzy Word Matching Algorithm” is 
proposed. Keywords from benchmark responses are compared with the 
LLM’s responses using this algorithm. The proposed algorithm employs 
a hybrid approach that integrates exact and fuzzy string matching to 
evaluate the presence of predefined keywords extracted from the 
benchmark responses, which were carefully selected by the authors to 
capture the core ideas and gist within the benchmark response. Initially, 
the input keyword list is preprocessed by converting it into a set of 
lowercase words and eliminating extra spaces to ensure uniformity. The 
text is then tokenized using regular expressions to extract valid words 
while preserving case insensitivity. The algorithm first checks for exact 
matches between the keywords and the tokenized text, ensuring a direct 
word-to-word comparison. If any words are not found exactly, the 
function employs a fuzzy matching technique using the RapidFuzz li
brary in Python, which calculates the scores based on the Levenshtein 
distance. If a word achieves an accuracy score above a threshold, which 
is obtained by trial and error, it is considered a valid match. The final 
matching percentage is computed as the ratio of successfully identified 
words to the total words in the keyword list. The pseudo-code of the 
proposed algorithm for accuracy is presented in Figure (3).

Another evaluation used in this research is assessing the similarity of 
LLMs’ responses with one another. In fact, the goal of this analysis is to 
determine the similarity of LLMs’ responses in terms of meaning. For this 
purpose, the spaCy library is used. The spaCy library, built on Python, 
offers a range of efficient text processing tools for multiple languages, 
and here the English package is used. Its models are widely recognized 
as the go-to choice for practical NLP, valued for their speed, robustness, 
and near-state-of-the-art performance (Honnibal, 2017; Neumann et al., 
2019).

Finally, for each topic, the generation speed of each LLM is calcu
lated. Using generation speed allows for a fair comparison of LLM 

performance. In fact, while it is possible to compare the time each LLM 
takes to generate a response and the number of words it generates, 
comparing only these two variables separately may not yield a fair 
comparison. Therefore, in this research, the generation speed of each 
response by dividing the number of words by the time taken is calculated 
and used for further comparisons.

3. Results

This section presents results obtained from LLMs in assessing ques
tions in machine learning and optimization, remote sensing, flood 
modeling, and sediment transport modeling.

3.1. Machine learning and optimization

Five questions were designed for machine learning and optimization, 
and their responses were generated using different LLMs. The questions 
and their interpretations are presented below. It should be noted that 
before each question, a general view related to the questions and the 
role-based prompt was fed to the LLMs. The prompt, questions 
(Mala-Jetmarova et al., 2018; T. Xu and Liang, 2021; Kamyab et al., 
2023; Jayaraman et al., 2024; Tansar et al., 2024), and response to each 
question are presented in Appendix (A).

Across all five questions in the machine learning and optimization 
topic, DeepSeek, ChatGPT, and Gemini demonstrate distinct strengths 
for different audiences. DeepSeek consistently provides highly technical, 
structured, and comprehensive analyses, excelling in mathematical 
formulations, emerging technologies, and solution-oriented recom
mendations. ChatGPT balances practicality with technical depth, 
emphasizing data integration and chronological trends. Gemini priori
tizes field applicability, sustainability, and stakeholder perspectives 
with unique insights into instrumentation, citizen science, and social 

Fig. 3. Flowchart of the proposed exact and fuzzy word matching algorithm to find the similarity percentage between key responses in the benchmark responses and 
LLM responses.
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disruption. It is worth noting that all models advocate hybrid ap
proaches (e.g., machine learning with domain knowledge).

An overall quantitative comparison of LLMs’ performance in 
answering the questions is presented as follows. This comparison con
sists of assessing the overall score, similarity, accuracy, and generation 
speed. Table (4) presents the results of the overall scores for each 
question in the machine learning and optimization topic corresponding 
to DeepSeek, ChatGPT, and Gemini. According to the findings, DeepSeek 
demonstrated superior performance in answering the first and second 
questions, while ChatGPT performed better on the fifth question. On the 
other hand, Gemini excelled in answering the third question. All models 
exhibited the same performance for the fourth question. Overall, the 
summation of scores shows that the ranking of LLMs in responding to the 
machine learning and optimization questions is DeepSeek, Gemini, and 
ChatGPT, respectively.

One important aspect of the responses generated by LLMs is their 
similarity to one another. In this regard, the Spacy library was used to 
measure the level of similarity among the responses. According to the 
findings, for responses related to the machine learning and optimization 
topic, all LLMs exhibit a high level of similarity in their pairwise re
sponses. Out of five questions, in four of them, DeepSeek and ChatGPT 
show the highest similarity with each other. Conversely, in all five 
questions, DeepSeek and Gemini have the lowest similarity in their re
sponses. In addition, the highest correlation is related to the response to 
the third question for DeepSeek and ChatGPT, with a value of 0.97. On 
the other hand, the lowest correlation is related to the response to the 
second question for DeepSeek and Gemini, with a value of 0.85. In 
Figure (4), the results of the similarity analysis for the machine learning 
topic are presented.

Accuracy is one of the criteria used in this research, calculated using 
the exact and fuzzy word matching algorithm. As previously mentioned, 
this algorithm determines the portion of key responses in the benchmark 
response compared to the generated responses by each LLM. The results 
of this analysis for the machine learning and optimization topic are 
shown in Figure (5). The accuracy comparison of Gemini, ChatGPT, and 
DeepSeek across five benchmark questions indicates a high overall 
performance, particularly in the fifth question, where all models achieve 
nearly identical and maximal accuracy. The second question also dem
onstrates strong accuracy across all models. However, variations appear 
in the third and fourth questions. The first question also presents dif
ferences among the models. Overall, findings indicate that the average 
accuracy of all questions for DeepSeek, ChatGPT, and Gemini is 75.48 %, 
73.59 %, and 71.07 %, respectively.

Figure (6) shows the generation speed of each model for the machine 
learning and optimization topic. Based on the results, DeepSeek shows 
the lowest generation speed in all questions. In contrast, Gemini exhibits 
the highest generation speed across all five questions compared to the 
other models. The average generation speeds of all five questions related 
to the machine learning and optimization for DeepSeek, ChatGPT, and 
Gemini are 6.40 (word/second), 13.25 (word/second), and 86.16 
(word/second), respectively.

3.2. Remote sensing

Five questions were designed for remote sensing, and their responses 
were generated using different LLMs. The questions and their in
terpretations are presented below. It should be noted that before each 
question, a general view related to the questions and the role-based 
prompt was fed to the LLMs. The prompt, questions (Bhaga et al., 
2020; Sagan et al., 2020; Chen et al., 2022; Sun et al., 2024), and 
response to each question are presented in Appendix (B).

Across all five questions, DeepSeek, ChatGPT, and Gemini show 
unique strengths in addressing the questions in the remote sensing topic. 
DeepSeek demonstrates strong computational depth, incorporating 
advanced AI techniques such as physics-informed models, federated 
learning, and edge computing while excelling in technical specificity. 
However, it sometimes omits practical elements like cloud computing or 
widely used benchmark tools. ChatGPT provides well-structured and 
balanced responses, focusing on AI scalability, integration challenges, 
and cost-efficient solutions. However, it occasionally underemphasizes 
emerging AI techniques and specific benchmark indices. Gemini prior
itizes usability and real-world application, effectively discussing chal
lenges in sensor fusion, field validation, and hydrological interpretation, 
though it sometimes replaces benchmark-recommended tools with al
ternatives or underemphasizes key computational methodologies. 
Across all models, notable gaps include governance frameworks, hy
drodynamic model integration, and explicit prioritization of benchmark- 
recommended remote sensing tools/indices.

In Table (5), the results of the overall scores for each question in the 
remote sensing topic are presented. According to the findings, DeepSeek 
showed better performance in answering the first and third questions, 
while ChatGPT performed better on the second, fourth, and fifth ques
tions. Overall, the summation of scores shows that the ranking of LLMs 
in responding to the remote sensing questions is ChatGPT, DeepSeek, 
and Gemini, respectively.

The results of similarity in the remote sensing topic are presented in 
Figure (7). Based on the results, all LLMs exhibit a strong level of simi
larity in their pairwise responses. In four out of five questions, Gemini 
and ChatGPT show the highest similarity in their responses. Conversely, 
in all five questions, DeepSeek and Gemini have the lowest similarity 
with each other. In addition, the highest correlation is related to the 
response to the fourth question for Gemini and ChatGPT, with a value of 
0.95. On the other hand, the lowest correlation is related to the response 
to the third question for DeepSeek and Gemini, with a value of 0.67.

The accuracy comparison of Gemini, ChatGPT, and DeepSeek across 
five benchmark questions related to the remote sensing topic is pre
sented in Figure (8). According to the findings, all models obtained 
relatively high accuracy for the second and fourth questions. While all 
models show nearly close results (especially ChatGPT and Gemini, 
which demonstrate consistent accuracy for the first and third questions), 
for the fifth question, DeepSeek and ChatGPT show a big difference in 
the obtained accuracy. Overall, results indicate that the average accu
racy of all questions for DeepSeek, ChatGPT, and Gemini is 55.44 %, 
62.06 %, and 57.44 %, respectively.

Figure (9) illustrates the generation speed of each model for the 
remote sensing topic. According to the findings, the generation speed of 
DeepSeek for all questions is low. Conversely, Gemini indicates the 
highest generation speed among all five questions when compared to the 
other models. The average generation speeds for DeepSeek, ChatGPT, 
and Gemini are 8.48 (word/second), 17.03 (word/second), and 96.14 
(word/second), respectively.

3.3. Flood modeling

Five questions were designed for flood modeling, and their responses 
were generated using different LLMs. The questions and their in
terpretations are presented below. It should be noted that before each 
question, a general view related to the questions and the role-based 

Table 4 
Overall score of LLMs in the machine learning and optimization topic.

Question Model

DeepSeek ChatGPT Gemini

Q1 4,30 3,10 3,55
Q2 4,10 3,90 3,90
Q3 3,90 3,90 4,45
Q4 3,75 3,75 3,75
Q5 3,90 4,10 3,90

Sum 19,95 18,75 19,55
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prompt was fed to the LLMs. The prompt, questions (Dhawale et al., 
2024; Ferrario et al., 2024; Pourzangbar et al., 2025; Zhang et al., 2024), 
and response to each question are presented in Appendix (C).

Across the five questions, DeepSeek, ChatGPT, and Gemini exhibit 
distinct strengths and limitations in discussing flood and drought 
indices, urban NbS, flood impact categorization, and machine learning- 
based FSM. DeepSeek provides highly technical and computationally 
advanced responses, integrating AI, machine learning, and hybrid 
modeling, often exceeding the benchmark response in-depth and nov
elty. However, it sometimes lacks structured comparisons or explicit 
discussions on certain aspects of the benchmark response. ChatGPT 
consistently delivers structured, methodologically sound, and practi
cally applicable responses. While it introduces novel methodologies 

compared to the benchmark response, it occasionally falls short in 
addressing sociocultural aspects and cutting-edge AI techniques. 
Gemini, on the other hand, excels in bridging hydrology with real-world 
applications, incorporating uncertainty quantification and observa
tional techniques.

In Table (6), the results of the overall scores for each question in the 
flood modeling topic are presented. According to the findings, DeepSeek 
demonstrated superior performance in answering the first and third 
questions, while ChatGPT performed better on the fifth question. On the 
other hand, Gemini showed a higher overall score in answering the 
fourth question. ChatGPT and Gemini exhibited the same performance 
for the second question. Overall, the summation of scores shows that the 
ranking of LLMs in responding to the flood modeling questions is 

Fig. 4. Similarity of LLMs’ responses with each other for the machine learning and optimization topic.

Fig. 5. Accuracy of DeepSeek, ChatGPT, and Gemini for questions in the machine learning and optimization topic using the proposed word matching algorithm.
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DeepSeek, ChatGPT, and Gemini, respectively.
In Figure (10), the results of similarity analysis related to the flood 

modeling topic are presented. Based on the results, all LLMs exhibit a 
relatively strong level of similarity in their pairwise responses. For all 
questions, responses from Gemini and ChatGPT show the highest simi
larity. Conversely, in four questions, DeepSeek and Gemini have the 
lowest similarity. In addition, the highest correlation is related to the 
responses to the third question for Gemini and ChatGPT, with a value of 
0.94. On the other hand, the lowest correlation is related to the re
sponses to the first question for DeepSeek and Gemini, with a value of 
0.64.

The results of the accuracy analysis for the flood modeling topic are 
shown in Figure (11). The accuracy comparison of DeepSeek, ChatGPT, 
and Gemini demonstrates that all three models achieved better accuracy 
for the first, third, and fifth questions compared to the second and fourth 

Fig. 6. Generation speed of DeepSeek, ChatGPT, and Gemini for questions in the machine learning and optimization topic.

Table 5 
Overall score of LLMs in the remote sensing topic.

Question Model

DeepSeek ChatGPT Gemini

Q1 4,20 3,95 3,65
Q2 3,40 3,55 3,20
Q3 3,45 3,15 2,80
Q4 3,30 4,10 3,40
Q5 3,48 3,56 3,15

Sum 17,83 18,31 16,20

Fig. 7. Similarity of LLMs’ responses with each other for the remote sensing topic.
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questions. In responding to all questions, DeepSeek, ChatGPT, and 
Gemini show relatively close accuracy; however, for the first question, 
an evident difference between ChatGPT’s and DeepSeek’s accuracy is 
observed. Overall, the findings indicate that the average accuracy of all 
questions for DeepSeek, ChatGPT, and Gemini is 76.46 %, 72.29 %, and 
74.30 %, respectively.

Figure (12) illustrates the generation speed of each model in the 

flood modeling topic. Based on the results, a comparison of the gener
ation speed shows that DeepSeek has the lowest and Gemini has the 
highest generation speed for all questions. The average generation 
speeds of all five questions related to the flood modeling for DeepSeek, 
ChatGPT, and Gemini are 7.67 (word/second), 17.51 (word/second), 
and 93.82 (word/second), respectively.

3.4. Sediment transport

Five questions were designed for sediment transport, and their re
sponses were generated using different LLMs. The questions and their 
interpretations are presented below. It should be noted that before each 
question, a general view related to the questions and the role-based 
prompt was fed to the LLMs. The prompt, questions (Afan et al., 2016; 
van Wiechen et al., 2023; Zhao, 2022), and response to each question are 
presented in Appendix (D).

Across all five questions in the sediment transport topic, DeepSeek, 
ChatGPT, and Gemini show capabilities in their responses. DeepSeek 
showed highly technical, structured, and mathematically rigorous 

Fig. 8. Accuracy of DeepSeek, ChatGPT, and Gemini for questions in the remote sensing topic using the proposed word matching algorithm.

Fig. 9. Generation speed of DeepSeek, ChatGPT, and Gemini for questions in the remote sensing topic.

Table 6 
Overall score of LLMs in the flood modeling topic.

Question Model

DeepSeek ChatGPT Gemini

Q1 4,10 3,75 3,55
Q2 3,75 3,90 3,90
Q3 4,10 3,90 3,90
Q4 3,75 3,20 4,10
Q5 3,90 4,45 3,75

Sum 19,60 19,20 19,20
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responses, excelling in hybrid modeling, HPC applications, and inte
gration. It is ideal for computational hydrodynamics researchers. On the 
other hand, ChatGPT balances technical accuracy with structured ex
planations and emphasizes engineering applications, cost-efficiency, 
and real-world adaptability. Finally, Gemini prioritizes field applica
bility, sustainability, and observational approaches, incorporating 
stakeholder considerations, bio-geomorphology, and sensor-based ad
vancements. While all models in responding to the sediment transport 
questions recognize the need for hybrid methodologies, DeepSeek fo
cuses on computational innovation, ChatGPT refines practical model 
implementation, and Gemini enhances real-world integration with un
certainty quantification and novel instrumentation.

In Table (7), the results of the overall scores for each question in the 

sediment transport topic are presented. According to the findings, 
DeepSeek demonstrated better performance in answering the first, third, 
and fifth questions. On the other hand, Gemini showed a higher overall 
score in answering the second and fourth questions. In addition, 
ChatGPT and DeepSeek exhibited the same performance for the fourth 
question. Overall, the summation of scores shows that the ranking of 
LLMs in responding to the sediment transport questions is DeepSeek, 
Gemini, and ChatGPT, respectively.

In Figure (13), the results of similarity analysis related to the sedi
ment transport topic are presented. Based on the results, all LLMs exhibit 
a strong level of similarity in their pairwise responses. In four out of five 
questions, Gemini and ChatGPT show the highest similarity with each 
other. Conversely, in all five questions, DeepSeek and Gemini have the 

Fig. 10. Similarity of LLMs’ responses with each other for the flood modeling topic.

Fig. 11. Accuracy of DeepSeek, ChatGPT, and Gemini for questions in the flood modeling topic using the proposed word matching algorithm.
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lowest similarity in their responses. In addition, the highest correlation 
is related to the responses to the second question for Gemini and 
ChatGPT, with a value of 0.94. On the other hand, the lowest correlation 
is related to the responses to the fourth question for DeepSeek and 
Gemini, with a value of 0.65.

The results of the accuracy analysis for the flood modeling topic are 
shown in Figure (14). The accuracy comparison of DeepSeek, ChatGPT, 
and Gemini demonstrates that all three models achieved better accuracy 
for the second, fourth, and fifth questions compared to the first and third 
questions. In responding to all questions, DeepSeek, ChatGPT, and 
Gemini show relatively close accuracy; however, for the fifth question, a 
difference between Gemini’s and DeepSeek’s accuracy is observed. 
Overall, the findings indicate that the average accuracy of all questions 
for DeepSeek, ChatGPT, and Gemini is 76.66 %, 79.06 %, and 79.72 %, 

Fig. 12. Generation speed of DeepSeek, ChatGPT, and Gemini for questions in the flood modeling topic.

Table 7 
Overall score of LLMs in the sediment transport topic.

Question Model

DeepSeek ChatGPT Gemini

Q1 3,35 3,15 3,20
Q2 3,90 3,50 4,10
Q3 3,75 3,05 3,20
Q4 3,80 3,80 4,00
Q5 3,77 3,37 3,68

Sum 18,57 16,87 18,18

Fig. 13. Similarity of LLMs’ responses with each other for the sediment transport topic.
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respectively.
Figure (15) illustrates the generation speed of each model for the 

sediment transport topic. The results reveal a notable distinction be
tween the generation speeds of DeepSeek and the other models. 
Conversely, Gemini recorded the slowest generation speed among all 
five questions when compared to the other models. The average gen
eration speeds of all five questions related to the sediment transport for 
DeepSeek, ChatGPT, and Gemini are 9.05 (word/second), 24.46 (word/ 
second), and 98.16 (word/second), respectively.

4. Discussion and practical implications

In this research, a novel rubric comprising four criteria (accuracy, 
relevancy, authenticity, and novelty) was proposed to evaluate selected 
questions against benchmark responses. The relevancy, authenticity, 
and novelty scores were assigned by the authors using detailed in
structions aligned with the rubric. In contrast, accuracy was assessed 
using a word-matching algorithm that compared key elements in the 
benchmark and LLM-generated responses, with these key elements 
identified by the authors. Notably, all four criteria involve human 

judgment either directly or in the identification of key components, 
which underscores the rubric’s reliance on expert evaluation to ensure 
interpretative depth and contextual sensitivity.

The comparison of LLM responses using descriptive criteria and 
qualitative analysis has been conducted in a few studies. Ren et al. 
(2024) evaluated the descriptive short-answer questions generated by 
LLMs based on completeness, truthfulness, and logical consistency, each 
scored from 0 to 10. Both the generated and benchmark responses were 
input into GPT-turbo, which was prompted to score them using a 
one-line, brief set of scoring criteria. WaterGPT outperformed other 
models, achieving top scores of 8.76 for completeness, 9.39 for truth
fulness, and 9.18 for logic. Kizilkaya et al. (2025) assessed open-ended 
questions by measuring semantic similarity between LLM responses 
and benchmark answers using cosine similarity. GPT-4o-mini and Lla
ma3:70B achieved the highest scores, demonstrating strong capabilities 
in producing coherent and detailed answers. Llama3:8B showed slightly 
lower performance but still captured key information effectively. 
Meanwhile, Xu et al. (2024) evaluated LLM outputs solely based on 
accuracy, defined as the inclusion of specific keywords from the 
benchmark response and the overall meaning of the response.

Fig. 14. Accuracy of DeepSeek, ChatGPT, and Gemini for questions in the sediment transport topic using the proposed word matching algorithm.

Fig. 15. Generation speed of DeepSeek, ChatGPT, and Gemini for questions in the sediment transport topic.
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Compared to the qualitative analyses used in previous studies, the 
rubric proposed in this paper offers broader and more nuanced evalu
ation criteria, providing a more comprehensive framework for capturing 
the quality of responses. The rubric involves a well-defined definition of 
the criteria, scoring framework, and presence of custom weights 
assigned to each criterion, reflecting a realistic prioritization for evalu
ating LLMs. Inclusion of four criteria, accuracy, relevancy, authenticity, 
and novelty, helps to capture various aspects of the generated responses 
by LLMs. Moreover, the integration of expert judgment enhances 
interpretative depth and contextual sensitivity beyond what automated 
scoring can provide (Van Cauwenbergh et al., 2008), but it may also 
introduce potential biases and subjectivity, as acknowledged in the 
limitations of this study. This approach is particularly prevalent in 
performance assessments, where human raters are essential for evalu
ating complex competencies and ensuring the validity of the assessments 
(Huang, 2025; Jonsson and Svingby, 2007; Kan and Bulut, 2015; Kim, 
2015; Tekin, 2023). In water science, expert judgment is widely incor
porated into various methods. For instance, the Analytic Hierarchy 
Process (AHP), Multi-Criteria Decision Making (MCDM), and Weighted 
Linear Combination are among the methods that benefit from expert 
knowledge to assign weights to conditioning factors (Benítez et al., 
2011; Golfam et al., 2019; Mao et al., 2019). In these approaches, the 
relative importance of factors is determined by experts rather than 
purely by statistics. Therefore, the involvement of expert judgment en
hances the reliability of the LLM responses evaluation and helps to 
address the limitations of automated metrics (such as those used by 
LLMs) and provides a more nuanced evaluation of model outputs 
(Chiang and Lee, 2023; Szymanski et al., 2025; Wu et al., 2025). It is 
important to note that since the evaluation method applied in this study 
is a blind assessment, meaning that scoring was performed without 
knowledge of the LLMs’ identities, the potential biases do not undermine 
the performance of a special LLM model.

Findings regarding the averaged accuracy values across all questions 
of different fields indicate that DeepSeek and Gemini achieved the close 
level of accuracy in machine learning and optimization, and flood 
modeling topics. ChatGPT attained the highest accuracy in remote 
sensing. Finally, for sediment transport, all LLMs exhibited the close 
level of accuracy. Based on the proposed algorithm for calculating ac
curacy, a high score in this criterion indicates that benchmark responses 
were well-aligned with the LLMs’ training data. On the other hand, re
sponses with low accuracy show that increased complexity or ambigu
ity, particularly with words distant from the benchmark response, can 
cause this issue.

Another criterion used in this research was novelty. Novelty refers to 
the introduction of new, original, and distinctive elements that set 
something apart from existing ideas, designs, or approaches. Studies on 
LLM capabilities have shown these models can generate novel responses 
(Lin et al., 2024; Si et al., 2024; Zhang et al., 2025). Therefore, this 
criterion was included both to assess the novelty of the generated re
sponses and to address a gap left unexamined in previous related studies. 
As mentioned earlier, the level of novelty was scored by authors, and 
that is because inclusion of the expert’s opinion helps to assess complex 
and subjective criteria, such as novelty, which are difficult to measure 
using automated metrics alone (Huang, 2025; Szymanski et al., 2025). 
The aim of proposing and using novelty was to determine how well LLMs 
generate innovative responses and solutions beyond the benchmark 
response. In this regard, for machine learning and optimization, Deep
Seek showed a higher level of novelty compared to ChatGPT and 
Gemini. This pattern was also observed for remote sensing and flood 
modeling. For sediment and transport, Gemini generated more novel 
responses compared to other LLMs. Overall, the models mentioned in 
certain fields can give researchers in hydrology and water science better, 
innovative ideas for their questions.

In this research, the Spacy library was used to assess the similarity of 
LLM-generated responses. The findings show that DeepSeek and 
ChatGPT have a high level of similarity in the machine learning and 

optimization topics. On the other hand, Gemini and ChatGPT showed 
high similarity in responses to remote sensing, flood modeling, and 
sediment transport topics. In addition, across 95 % of questions, Deep
Seek and Gemini showed the lowest similarity with each other, while 
ChatGPT and Gemini, across 70 % of questions, showed the highest 
similarity in their responses. It is worth noting that for most questions 
where the two models received the same overall score, the similarity of 
their LLM was the highest compared to other pairwise models. However, 
this pattern was not generalizable to all questions with the same overall 
score.

Another evaluation used in this research was the generation speed of 
LLMs, which, to our best knowledge, has not been investigated in any of 
the previous related studies in this field. Based on the findings, using 
Gemini to achieve responses “faster” is recommended. Across all topics 
and questions, Gemini responded in a shorter time to the provided 
questions compared to DeepSeek and ChatGPT. Using Gemini would be 
suitable for researchers in water science who want to find their answers 
quickly. On the other hand, DeepSeek, due to its reasoning ability, 
showed the lowest speed for generating responses across all topics and 
questions. Therefore, if a response raised from a reasoning approach is 
needed and enough time is available, DeepSeek is recommended.

Finally, an overview of the responses obtained from the researched 
LLMs indicates that using DeepSeek is advisable for achieving more 
technical responses that may interest researchers and experts seeking 
detailed information. ChatGPT responses demonstrate that when there is 
a demand for the interdisciplinary integration of various methods, its 
inputs are useful and reliable. The responses from Gemini indicate that 
this LLM can be advantageous if practical solutions and real-world 
applicability are required.

5. Limitations and future directions

This study has a few limitations that present opportunities to be 
investigated for future research. One limitation is the selection of the 
review articles. While in this paper, review articles were selected 
because of their synthesis of knowledge in each topic, based on a curated 
pool of candidates screened by journal reputation, citation impact, and 
manual review of the content, this approach may inadvertently reflect 
the biases or thematic priorities of individual authors. Moreover, the 
formulation of the questions relied in part on the authors’ expert judg
ment, which, while informed, introduces an element of subjectivity. 
Therefore, future research would benefit from a framework for guiding 
paper selection and question design, where experts provide supervision 
rather than full reliance on their judgment, thereby reducing subjec
tivity and enhancing consistency.

Beyond the selection of articles and the design of questions, the 
scoring process of the proposed rubric involves rating generated re
sponses by experts. However, the rubric is equipped with a well-defined 
definition of the criteria and also a detailed scoring framework; in
terpretations of the criteria may vary across evaluators. As a practical 
solution, asking a group of experts to score the responses helps to reduce 
this bias. However, expert judgment inevitably involves a degree of 
subjectivity.

Regarding the proposed rubric, a rigid scoring boundary was pro
posed for accuracy in this research. For instance, a slight difference in 
the percentage of matched words, 59 % and 61 %, leads to an accuracy 
score of 2 and 3, respectively. In this case, however, the word matching 
percentages do not have much of a difference; the scoring approach 
causes a one-score difference. Improvements to this criterion can 
enhance its ability to accurately capture score differences, thereby 
increasing the effectiveness of evaluation methods in future work.

The structure of the questions (for example, asking for the order of 
challenges based on their importance from LLM instead of just asking to 
name the challenges) can influence the responses and affect the overall 
evaluation. However, the primary objective of this study was to assess 
model performance based on benchmark responses rather than 
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variations in question design. Therefore, while question sequencing may 
introduce some variability, the focus remained on comparing how well 
each model aligned with the benchmark answers. This variability in 
designing questions and assessing LLM responses can be a potential area 
for future research.

Regarding the use of LLMs, in this research, the official websites of 
each LLM and their free version were used to generate responses. For 
DeepSeek, in some instances, when generating a response, the message 
displayed was: “The server is busy. Please try again later.” This shows that 
in the case of an overload traffic of the website due to the users’ requests, 
using this model might cause delays in responding. Additionally, uti
lizing the reasoning capability of DeepSeek prolonged the response time. 
It should be noted that, generally, the generation speed of responses 
depends on the server’s processing power and internet bandwidth; in 
this research, a stable internet connection with a speed of 300 Mbps was 
used. In fact, internet conditions influence access speed but not the 
content of the generated response, which is derived from pre-trained 
LLMs. Over time, as training data evolves, LLM responses will likely 
change; thus, our focus was on assessing reliability against benchmark 
responses, with improvements expected over time. Moreover, the 
manual assessment of response generation time introduces potential 
inefficiencies, and it can be improved by adopting local LLMs rather 
than web-based tools, which could streamline this process.

To assess the semantic similarity among the responses generated by 
different LLMs, we employed the spaCy library, which offers an efficient 
method for comparing textual content. However, it is important to 
recognize the inherent limitations of this approach, particularly in 
specialized domains. Notably, spaCy assigns zero vectors to out-of- 
vocabulary (OOV) terms, words not included in its pre-trained lan
guage model, thereby excluding them from similarity calculations and 
potentially leading to incomplete assessments (Kandi, 2018). Moreover, 
spaCy relies on static word embeddings, which lack contextual nuance 
and are often insufficient for accurately capturing the meaning of 
domain-specific terminology (Honnibal et al., 2020). Given the tech
nical and specialized nature of our study in hydrology and water science, 
these limitations made spaCy unsuitable for evaluating accuracy within 
our rubric framework, though it remained useful for general semantic 
comparisons among LLM outputs.

It is important to note that differences in LLMs’ responses naturally 
stem from their training datasets and the architecture of each model. 
Additionally, prompts influence LLM’s responses (Naveed et al., 2024). 
In this research, these factors were also considered. In other words, to 
minimize potential biases in the analysis, a uniform prompt was used 
across LLMs for each benchmark question. Nevertheless, it is crucial to 
recognize that LLM responses are somewhat time-dependent. In fact, 
asking a question at different times may yield varying responses; how
ever, although regarding the context, some words may change, the 
general concept remains consistent, but asking one question several 
times from LLMs and checking responses in more detail can be a topic for 
future research.

Finally, it should be noted that advancements in the field of LLMs are 
occurring rapidly. While developers are introducing new LLMs, the re
sponses of these models to new topics that have not been exposed to 
them remain questionable. This research was not subject to this issue, as 
benchmark responses from review articles were available. Otherwise, 
researchers should be cautious about posing questions on very novel 
topics to LLMs that have not been trained on that data, since these 
models may offer unreliable responses. This also opens a new avenue for 
researchers in hydrology to explore new and unexplored topics that have 
not been presented to LLMs. However, concerning the current LLMs, 
unreliable responses are still possible; as mentioned on the Gemini 
website, “Gemini can make mistakes, including about people, so reevaluate 
their answers.”

6. Conclusions

Large Language Models (LLMs) have garnered significant attention 
in recent years, and their applications across various fields intrigue re
searchers to apply them. This study investigated the efficiency of 
DeepSeek R1, ChatGPT4-o, and Gemini 2 in generating responses to 
benchmark questions in the domains of machine learning and optimi
zation, remote sensing, flood modeling, and sediment transport. 
Benchmark questions were selected from review articles, and to evaluate 
the LLM responses, a novel rubric was proposed for rating the models. 
Overall, the evaluation framework consisted of a novel scoring rubric, 
word-matching algorithm, similarity checking, and generation speed 
analysis.

The findings of this research showed that each LLM has its own ca
pabilities and deficiencies. Based on the proposed rubric, in response to 
machine learning and optimization, flood modeling, and sediment 
transport, DeepSeek achieved higher overall scores compared to other 
LLMs. For the remote sensing topic, ChatGPT showed a higher overall 
score in responding to the questions. Moreover, concerning novelty, 
DeepSeek demonstrated more novel responses in machine learning and 
optimization, remote sensing, and flood modeling. For sediment trans
port, Gemini exhibited a higher level of novelty in its responses. More
over, Gemini demonstrated the highest generation speed, while 
DeepSeek exhibited the lowest due to its reasoning ability across all 
questions. Finally, the generated responses demonstrate the ability to go 
beyond the benchmark answers by highlighting points mentioned in 
other scientific publications, which show the capabilities of LLMs.

Overall, this research provided a comprehensive analysis of LLMs’ 
responses and demonstrated each LLM’s capability in addressing ques
tions related to hydrology and water science. The application of the 
proposed rubric to evaluate responses generated by other LLMs and 
across broader topics is suggested for future work. Further suggestions 
were also offered to introduce new aspects to enhance this research.
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