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Climate change, population growth, and resource constraints are intensifying pressure on urban water systems
(UWSs), prompting a shift toward integrated information management. Due to their agility and reach, small- and
medium-sized enterprises (SMEs) are central to this transition. However, many SMEs lack access to robust in-
formation systems (ISs) that consolidate government initiatives, industry trends, and broader water-related data,
impeding sustainable adoption. This study introduces SustainWater Bot, a chatbot driven by generative artificial
Intelligence (GenAl), including large language models (LLMs) and retrieval-augmented generation (RAG).
Designed to fill this information gap, SustainWater Bot addresses the shortcomings of conventional LLMs, such as
information misalignment, over-complexity, and information deficiencies. RAG enables semantic consolidation
of various sources, such as news, government reports, industry insights, academic research, and social media,
into an integrated IS. The evaluation results showed that RAG with LLM-based methods outperformed traditional
information retrieval (IR) techniques, with Llama3.2:3b achieving top scores in precision (95 %), completeness
(95 %), and exact match (90 %). Traditional IR techniques such as term frequency-inverse document frequency
(TF-IDF) and best matching 25 (BM25) performed lower but offered quicker responses. SustainWater Bot supports
informed decision-making through a question-answering (QA) framework that delivers relevant insights on
sustainable urban water initiatives (SUWIs). It is built on open-source technologies and offers SMEs a cost-
effective, scalable, and sustainable solution to enhance eco-friendly water practices and operational efficiency.

1. Introduction

In 2019, the UK became the first major economy to incorporate a net-
zero emissions target for 2050 into law (Water-UK, 2023). This transi-
tion involves reducing greenhouse gas emissions to nearly zero and
offsetting any remaining emissions (Bataille, 2020). Key strategies for
achieving this include water conservation, leakage reduction, and effi-
cient UWSs (Water-UK, 2023; Werbeloff & Brown, 2016). UWSs are
under increasing strain from climate change, population growth,
resource limitations, and shifting community needs (Werbeloff &
Brown, 2016). These pressures are leading to a shift toward more inte-
grated and sustainable information management approaches. Effective
urban water management (UWM) must address water security, flood
risk, urban heat islands, and waterway degradation while improving
liveability (Werbeloff & Brown, 2016). Achieving these objectives ne-
cessitates a profound shift toward environmentally sustainable
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practices. Emerging research on socio-technical and socio-ecological
transitions provides insights into how systems can shift to more sus-
tainable practices (Werbeloff & Brown, 2016). Sustainable urban water
transitions (SUWTSs) occur at multiple levels, such as individual, com-
munity, SME, and government levels (Dunn et al., 2017). Given their
substantial influence in urban economic systems and their effect on
environmental sustainability, the SMEs’ role in these transformations is
particularly crucial.

In 2023, SMEs, which constitute over 99 % of the UK’s business
population with approximately 5.5 million enterprises, significantly
impact resource consumption and greenhouse gas emissions (Hutton,
2024). Their role in urban water transitions is crucial due to their
involvement in key areas, such as water supply, wastewater manage-
ment, and stormwater infrastructure (Dunn et al., 2017). By adopting
sustainable practices, such as using water-efficient technologies, reusing
water, and reducing runoff, SMEs can enhance the resilience of UWSs
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(Borsacchi & Pinelli, 2020). Their agility in implementing innovative
water management solutions allows SMEs to effectively tackle local
water challenges and contribute to broader urban sustainability goals
(Raya-Tapia et al., 2023; Tan & Yao, 2023). SMEs can reduce their
environmental footprint and support community sustainability through
water stewardship initiatives (Dunn et al., 2017; Borsacchi & Pinelli,
2020). Embracing sustainability-oriented business models, such as
rainwater harvesting, greywater recycling, and green infrastructure,
enables SMEs to drive transformative change in UWSs and set industry
standards, influencing larger corporations and promoting urban
sustainability.

Government policies, incentives, subsidies, and regulations support
SMEs’ transitions to sustainable urban water practices, which are crucial
for encouraging these practices (Alvarez Jaramillo et al., 2019; Vidal--
Lamolla et al., 2024; Garcia et al., 2024). In addition to governmental
support, SMEs benefit from a wealth of information available in various
media formats, including structured databases, semi-structured Exten-
sible Markup Language (XML) files, and unstructured text documents
(Adnan & Akbar, 2019). However, effectively organizing and accessing
this diverse information is challenging (Klewitz & Hansen, 2014). The
current literature (Kolditz et al., 2019; Liu et al., 2021; Munoz-Pascual
et al., 2021; Klewitz & Hansen, 2014; Naeem et al., 2024) identifies a
gap in ISs that can manage and synthesize these varied data formats. A
streamlined system (Rajaram & Tinguely, 2024) that allows SMEs to
easily access and utilize the latest SUWIs and policies is urgently needed.
Developing such an IS would enable SMEs to make informed decisions
and utilize resources, thus supporting broader sustainable UWM efforts
(Rajaram & Tinguely, 2024). This study seeks to address this challenge
by focusing on key questions.

1) How can an IS semantically integrate data from various sources to
benefit SMEs in the urban water sector using advanced open-source
technologies?

2) How can this system improve the decision-making processes related
to SMEs” SUWTSs?

3) How can the system be developed to remain sustainable, enabling
seamless upgrades and customization to adapt to the changing in-
terests of SMEs over time?

Guided by these questions, the study is structured around the
following research hypotheses:

A. A domain-specific IS built with RAG-enabled LLMs provides more
accurate and contextually relevant responses than traditional IR-
based methods (e.g., TF-IDF and BM25).

B. Curated, semantically structured information across key urban water
topics enables users, particularly SMEs, to form more actionable ISs
within the sustainability landscape.

C. A modular and adaptable IS architecture enables the long-term sus-
tainability of IS and decision support capabilities, thereby reducing
the dependence on constant manual information curation.

To address these research questions and hypotheses, this study pro-
poses the development of the SustainWater Bot, a chatbot designed as an
IS to semantically integrate data from multiple sources. Using advanced
open-source GenAl technologies (Kurivella & Lauren, 2023), including
LLMs and RAG, SustainWater Bot is specifically tailored for the water
domain, offering several significant advantages:

1. Comprehensive Integration: SustainWater Bot semantically consolidates
diverse data sources into an integrated system, including news out-
lets, government reports, industry publications, and social media
data. This integration equips SMEs with a broad and up-to-date re-
pository of information and trends on SUWIs.

2. Enhanced Decision-Making: The chatbot supports SMEs in making
informed, data-driven decisions about sustainable water
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management by providing timely and relevant information. This
capability enhances operational efficiency and helps SMEs to adopt
effective and innovative practices more quickly.

3. Adaptable, Cost-Effective, and Sustainable Solution: SustainWater Bot is
designed for easy upgrades and customization, ensuring it remains
relevant as organizational needs evolve. Its adaptability and use of
relevant datasets make it a powerful tool for continuous learning and
improvement. Furthermore, SustainWater Bot offers a practical,
economical, and sustainable solution by using existing LLMs for
ongoing adaptation in UWM with an emphasis on minimizing
development costs.

The paper is structured as follows: Section 2 outlines the background
of the study and establishes the foundation. Section 3 details the dataset
used to construct the IS. Moreover, the implementation of the IS, Sus-
tainWater Bot, is discussed, along with the system’s evaluation. Section 4
offers a discussion on the system’s benefits, limitations, and future
works. Finally, Section 5 presents concluding remarks.

2. Background

The background has two sections: one on UWSs and sustainability,
and the other on LLMs with RAG and their applications. It highlights the
need for an integrated IS to provide SMEs with up-to-date water
information.

2.1. Urban water systems (UWSs)

UWSs involve managing water in cities, including supply, treatment,
and stormwater management (Daniell et al., 2015). Sustainable man-
agement faces challenges from environmental factors such as resource
scarcity and climate change, socio-economic factors, and governance
issues such as the need for global cooperation (Daniell et al., 2015).
Understanding these drivers is essential for effective UWM. To address
these issues, UWSs must achieve objectives such as ensuring a reliable
water supply, protecting public health, managing flood risks, and pre-
serving environmental and social facilities (Daniell et al., 2015). Various
approaches are used: water supply systems focus on reliable distribution
through centralized infrastructure and treatment; sewered systems
handle wastewater collection and treatment; drained systems manage
stormwater to prevent flooding (Risch et al., 2015); waterways systems
restore natural waterways for ecosystem services and flood control
(Schiessel Harvey, 2021); water cycle systems take a holistic view of
sustainable use (Mitchell et al., 2001); water-sensitive urban systems
integrate design to manage runoff and reduce pollution (Chadfield et al.,
2024); and adaptive urban-rural systems address the urban-rural water
interactions (Wang et al., 2024). Each approach is essential for achieving
urban water sustainability.

To address the complexities of UWM, several innovative studies have
been proposed and demonstrated different systems aimed at improving
the understanding, planning, and efficiency of UWSs. One study, as
described by Stewart et al. (2010), introduced a web-based knowledge
management system designed to integrate smart metering, end-use
water consumption data, wireless communication networks, and ISs.
This system provides real-time insights into water consumption pat-
terns, offering valuable information to both consumers and utilities.
Another significant contribution is the dynamic urban water simulation
model, developed by Willuweit and O’Sullivan (2013). It allows for the
analysis of different urbanization scenarios and climatic changes, of-
fering insights into their effects on the urban water cycle. The integrated
urban water model (Sharvelle et al., 2017) forecasts urban water de-
mand and evaluates the impacts of water conservation and reuse stra-
tegies. Another study (Nguyen et al., 2018) highlights the use of
granular data from an intelligent water management system to help
planners optimize efficiencies across different stages of the urban water
cycle, including supply, distribution, and wastewater treatment.
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Additionally, the creation of an urban building database (Monteiro
et al., 2018) supports innovative city initiatives by supplying the
detailed data required for urban building energy simulations, thus
improving urban energy management systems. Moreover, a study by
Van Ginkel et al. (2018) developed a dashboard with 56 indicators using
the pressure-state-impact-response framework to examine urban water
security, supporting strategic planning and governance. Furthermore, a
study (Garajeh et al., 2024) proposed a geospatial-based method to
optimize the location of drinking water relief posts in Zanjan, improving
the efficiency of the urban water network. Another study (Salam, 2024)
introduced an internet of things (IoTs)-based approach to environmental
quality and monitoring. This approach generates insights into sustain-
able resource management by addressing the impacts of water con-
taminants. Lastly, Raman et al. (2024) outlined the development of a
knowledge-based decision support system to enhance the
decision-making capabilities of water planning experts through a
framework for evaluating water supply management scenarios.

The existing studies (Monteiro et al., 2018; Garajeh et al., 2024; Van
Ginkel et al., 2018; Willuweit & O’Sullivan, 2013) have made significant
contributions to advancing UWM systems, particularly in promoting
sustainability practices. Traditional IR methods, such as TF-IDF (i.e.,
measures how important a word is to a document in a dataset) (Aizawa,
2003; Roelleke & Wang, 2008) and BM25 (i.e., a ranking function that
improves relevance scoring in search results) (Amati, 2009), have been
employed in various systems (Li et al., 2025; Kim et al., 2022) to enable
text-based querying on water-related datasets. However, these ap-
proaches primarily rely on lexical matching, which limits their ability to
capture semantic relevance, especially in complex domains such as
UWM (Marwah & Beel, 2020). Moreover, most of the current systems
(Sharvelle et al., 2017; Nguyen et al., 2018) are constrained by their
reliance on a single type or source of data, are not open-source, and lack
transparency regarding their information sources.

Given the dynamic and multifaceted nature of UWM, it is essential to
continuously update the systems that inform sustainable transitions with
current information about water systems and their surrounding land-
scapes. SMEs, which play a crucial role in this sector, often encounter
resource (i.e., time and finances) limitations that deter their ability to
evaluate and adopt existing ISs tailored to their needs. Consequently,
there is a growing demand for open-source, customizable, and adaptable
solutions that can meet the unique requirements of SMEs. Currently, no
comprehensive IS exists that enables SMEs to efficiently access up-to-
date data on SUWIs and the broader urban water landscape (Roffia &
Dabi¢, 2024; Kirchner-Krath et al., 2024; Maman et al., 2024). This gap
highlights the relevance of LLMs augmented with RAG. The following
section introduces the fundamentals of LLMs and RAG and discusses
their potential to address the limitations of existing ISs while meeting
the evolving needs of stakeholders in UWM.

2.2. RAG with LLMs through GenAI

GenAl refers to algorithms and models designed to create new con-
tent (i.e., text, images, etc.) by learning patterns and language structures
from large datasets (Gupta et al., 2024). This technology enables ma-
chines to produce contextually relevant outputs that mimic human
creativity and problem-solving abilities. LLMs, a key application of
GenAl, are pre-trained on extensive datasets containing billions of pa-
rameters (Yang et al., 2024; Chang et al., 2024). By using deep learning
techniques, LLMs excel at identifying complex patterns and relation-
ships within language, enabling high performance across a wide range of
natural language processing (NLP) tasks. However, they face challenges
with domain-specific queries due to their reliance on broadly trained
datasets, resulting in inaccuracies or irrelevant responses (Arefeen et al.,
2024). The key limitations of LLMs include information misalignment,
excessive complexity, and deficiencies in accessing domain-relevant
data (Fig. 1). To address these limitations, RAG has been introduced
(Lewis et al., 2020). RAG enhances LLMs by addressing challenges such
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e Challenges

1) Information Misalignment
(Incorrect or irrelevant answers.)
2) Over-Complexity
(Responses are overly detailed or hard to understand.)

3) Information Deficiency
(Gaps in responses due to limited knowledge.)

Fig. 1. Key challenges in using LLMs for information extraction.

as information misalignment, over-complexity, and information gaps. It
improves accuracy by retrieving context-specific data, simplifies re-
sponses for clarity, and provides domain-specific information (Fig. 2).
Eventually, RAG-based approaches bridge the gap between user queries
and up-to-date knowledge, refining the LLM output.

RAG demonstrates its versatility in enhancing QA across various
domains (Gao et al., 2023; Arslan et al., 2024a, 2024b, 2024c). For
example, MIRAGE (Xiong et al., 2024) uses medical QA datasets to
refine biomedical QA systems. In finance, the RAG (Jimeno Yepes et al.,
2024) leverages financial reports to provide accurate responses to
financial queries. In knowledge management, RAG-augmented knowl-
edge graph reasoning (Sha et al., 2023) enriches knowledge graphs with
commonsense QA, improving commonsense reasoning. LiVersa (Ge
et al., 2023) applies RAG to enhance medical QA for liver health di-
agnostics, while Almanac (Zakka et al., 2024) integrates clinical
guidelines and treatment recommendations to support clinical
decision-making. RAG also benefits educational decision-making
through the assessment of tutoring practices (Han et al., 2024), which
analyzes middle-school dialogue transcripts. It handles out-of-domain
scenarios with textbook QA in the life sciences and earth sciences
(Alawwad et al., 2024) and automates IT project requests via automated
form filling (Bucur, 2023).

In the health sector, the frontline health worker capacity building
system (Al Ghadban et al., 2023) uses RAG to process pregnancy-related
guidelines. Self-BioRAG (Jeong et al., 2024) integrates biomedical in-
struction sets for improved biomedical informatics. Additionally, RAG
contributes to the technical and humanitarian fields, with RAG-Fusion
(Rackauckas, 2024) enhancing technical QA using product datasheets
and FloodBrain Colverd et al. (2023) supporting flood disaster reporting
with timely information. Further applications of RAG with LLMs have
been explored in studies by Fan et al. (2024) and Arslan et al. (2024c,
2024d).

The studies highlight the wide-ranging applications of RAG in
improving IR and generative tasks across sectors such as biomedical,
financial, technical, and humanitarian fields. These advancements are
represented by the development of QA assistants, such as chatbots,
which establish how RAG-based approaches enable interactions with
complex systems. However, the combination of RAG with LLMs in the
urban water sector remains limited. By combining RAG with LLMs, or-
ganizations can efficiently access and synthesize data from diverse
sources, addressing the key limitations of LLMs, including information
misalignment, excessive complexity, and difficulties in accessing
domain-specific data. This approach can create powerful QA systems
that uncover critical insights for informed decision-making in UWM. By
integrating various open data sources, such as news outlets, government

LLM RAG with LLM

1) Information Misalignment —» Context-aware retrieval from a structured knowledge base.
2) Over-Complexity —p» Extracts concise, query-specific information for LLM processing.
3) Information Deficiency —)» Complements LLM by fetching external data sources.
L J L J
RS g
Solutions (offered by RAG)

Challenges

Fig. 2. Addressing LLM information challenges with RAG.
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reports, and industry publications, RAG simplifies data aggregation and
analysis. The following section will outline the proposed approach,
using LLMs and RAG to develop a comprehensive IS that provides SMEs
with an up-to-date repository of information on SUWIs.

3. Proposed system

This section starts by presenting the construction of a focused dataset
to enhance an LLM integrated with a RAG-based IS, SustainWater Bot, a
QA chatbot tailored to the urban water sector. The choice of QA chatbot
is based on existing research highlighting its ability to improve user
interaction and engagement with ISs (Arslan et al., 2024d). Chatbots
streamline querying and IR, offering quick, accessible responses that are
especially useful in complex fields, such as water management, where
information must be communicated clearly and concisely (Nirala et al.,
2022; Samuel et al., 2024; Jasmin et al., 2024). Following the dataset
development process, this section presents the system’s implementation
using state-of-the-art tools and technologies. Finally, the system’s per-
formance is assessed by its ability to generate precise and relevant re-
sponses to user queries.

3.1. Dataset development

The dataset design began with a comprehensive literature review to
support decision-making in SUWTs using the RAG approach with LLMs
(Sharp, 2017). This process established the foundational scope and
identified the core information needs within the urban water sector,
especially for SMEs aiming to implement sustainable practices. Seven
key information topics were identified as critical to this domain: funding
opportunities, community initiatives, industry standards, technological
innovations, emerging trends, regulatory guidelines, and case studies.
These topics address the strategic and operational aspects of sustain-
ability and are essential for evidence-based planning and action. Table 1
presents the significance of each topic and examples of relevant data
sources. To construct the dataset, six primary information source types
were utilised: government reports, industry publications, academic
research, news articles, social media insights, and case studies. These
were selected to ensure a diverse and balanced representation of per-
spectives across the urban water landscape. The collected datasets span
multiple formats, including hypertext markup language (HTML) pages,
portable document format (PDFs), and comma-separated values (CSV)
files, as illustrated in Fig. 3. For the proof-of-concept implementation,
the dataset was intentionally kept narrow to a curated set of authori-
tative data sources. Examples include UK Research and Innovation
(UKRI, 2024) and Innovate UK (2024) for funding opportunities;
Groundwork UK (2024) for community initiatives; BSI (2024) and Water
UK (2024; 2025) for industry standards; The Water Report
(Thewaterreport, 2024) for technological innovations; and BBC Science
& Environment (Science & Environment, 2024) for emerging trends.
Regulatory guidance is drawn from Ofwat (2024), Environment Agency
(2024), and DEFRA (2024), while case studies are provided by UKWIR
(2024).

Open data sources were selected based on transparent methodolog-
ical criteria, including institutional authority, topical relevance, publi-
cation frequency, and UK-specific focus. Preference was given to
regulatory bodies, government agencies, research institutions, and
recognized industry publications known for reliability and consistent
updates. Each topic area was supported by at least one independently
verifiable source to ensure balanced representation and reduce bias.
While the system architecture was designed to support future extensions
and dynamic inputs, this prototype utilized a fixed, manually curated
source set to support reproducibility and consistency in the evaluation.
Data processing followed a structured pipeline encompassing source
collection, cleaning, deduplication, and validation. Although automated
scraping and crawling were not employed, all datasets were manually
retrieved from official UK open data platforms to ensure precision and

Table 1
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Overview of topics with descriptions and examples.

No. Topic Description Example of data
1 Funding Information on grants, UKRI (2024), Innovate UK
Opportunities subsidies, and other (2024), and Community Fund
financial incentives (2024).
available to support
sustainable practices.
2 Community SMEs can learn about Groundwork UK (2024),
Initiatives grassroots movements Transitionnetwork (2024),
and community-led and the wildlifetrust (2024).
water projects that
they can support or
collaborate with.
3 Industry SMEs can adopt The British Standards
Standards guidelines and Institution BSI (2024), Water
benchmarks to UK (2024; 2025), and the
improve water Construction Industry
efficiency and Research and Information
sustainability. Association (CIRIA, 2024).
4 Technological Technologies and The Water Report (
Innovations solutions in water Thewaterreport, 2024), and
management that SMEs Smartwatermagazine (2024).
can implement to
enhance sustainability.
5 Emerging Updates on water Environment Agency (2024),
Trends management, climate the Department for
change, and urban Environment Food & Rural
sustainability provide Affairs (DEFRA, 2024), The
insights into new Guardian’s Environment
challenges and section (Environment, 2024),
opportunities. and Science and Environment
(2024).
6 Regulatory Information on DEFRA (2024), Ofwat (2024),
Guidelines regulations and Environment Agency (2024),
compliance Environment and climate
requirements related to change (2024), and Local
water usage, waste Government Assoication
management, and (2024).
sustainability
practices.
7 Case Studies Successful initiatives in UK Water Industry Research (

UWM, which can serve
as models for SMEs.

Ukwir, 2024), Waterwise
(2024), and local authorities.

relevance. The collected documents underwent standardized cleaning,
including the removal of formatting artifacts and conversion to plain
text formats where needed. Figures were retained because the RAG-
based architecture with LLMs can interpret both textual and visual in-
formation for downstream query tasks. Importantly, most of the
collected documents included embedded metadata, such as publication
dates and timestamps, specifically in HTML and PDF formats, thus
eliminating the need for manual temporal mapping. A human-in-the-
loop validation step was realized to verify the presence of this tempo-
ral metadata across all data sources. Because each source corresponded
to a distinct topic and originated from a unique organization, the risk of
data duplication was minimal. However, manual checks were conducted
to ensure that the dataset remained free from redundancies and content
overlap.

The following section details the development of the SustainWater
Bot, a QA IS built upon this collected dataset, designed to assist analysts
in extracting relevant insights from the diverse and evolving body of
knowledge surrounding sustainable UWM.

3.2. System implementation

This study developed an advanced version of the SustainWater Bot to
equip SMEs with a powerful IS for exploring SUWIs, leveraging LLMs
known for their capacity to perform complex reasoning across domains.
Following a comprehensive evaluation of several state-of-the-art LLMs,
including BLOOM (Le Scao et al., 2022), Falcon (Almazrouei et al.,
2023), GPT-4 (Achiam et al., 2023), LLaMA (Touvron et al., 2023;
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Emerging
Trends
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Academic
research

Government
publications

Information

Social media Sources

Fig. 3. Data collection on urban water topics from diverse sources.

Dubey et al., 2024), and Chinchilla (Hoffmann et al., 2022), three
models were selected for integration: Llama3.2:3b (Touvron et al., 2023;
Dubey et al., 2024), Gemma3:4b (Team et al., 2025), and Phi4-mini:3.8b
(Abouelenin et al., 2025). These models were selected based on their
strong performance in reasoning tasks, open-source availability,
compact size (enabling efficient deployment), and extensive training on
diverse datasets (de Curto & de Zarza, 2024). The use of models with
relatively small but comparable parameter sizes allows for practical
implementation on limited infrastructure while maintaining
high-quality responses. Developers can select among these models based
on specific resource constraints and performance needs; however, in this
study, the three selected models were explicitly tailored for deployment
in the urban water domain. The integration of RAG technology enables
the SustainWater Bot to accurately interpret and respond to
domain-specific queries by dynamically retrieving relevant content from
curated datasets. The effectiveness of the system in addressing a wide
range of UWM questions relies heavily on the quality, coverage, and
semantic structure of the domain-specific datasets, which provide the
contextual foundation for accurate and relevant responses.

The integration architecture outlined in Fig. 4 was implemented to
adapt selected LLMs with RAG for urban water-specific QA tasks. This
approach seamlessly combines LLMs with Hugging Face models (hug-
gingface.co/models), which are renowned for their advanced NLP ca-
pabilities (Arslan et al., 2024a). The implementation begins with the

installation of essential packages, including Transformers (Devlin et al.,
2018), LangChain (2024), and Llamalndex (2024), which are pivotal for
model deployment, data handling, and embedding operations. Lang-
ChainEmbedding is specifically employed to transform text into vector
representations (Thakur et al., 2020), forming the foundation for se-
mantic understanding and IR. The workflow starts with information
collection, where relevant datasets were gathered from diverse sources
such as CSV files, PDFs, and HTML pages. These sources served as the
foundation of an IS for addressing user queries and constructing a robust
knowledge base. Once collected, the data undergoes preprocessing to
ensure it is clean, structured, and ready for processing. During this
phase, the data is divided into manageable “chunks”, which break down
large datasets into smaller, logical segments. This chunking process fa-
cilitates efficient storage, IR, and processing. Each chunk of data is then
transformed into a numerical representation (i.e., embeddings) that
captures the semantic meaning of the text. These embeddings are stored
in a vector database, a specialized system optimized for managing and
searching extensive collections of embeddings. The vector database
serves as a foundation of RAG architecture, enabling rapid IR of the most
relevant information required to address user queries accurately and
efficiently. When a user submits a query through the system, it is con-
verted into its embedding, which is then compared against the stored
embeddings in the vector database using semantic search techniques.
This process identifies the most relevant chunks of information to the

Preprocess

Information

Text Chunki
Collection © IR

Retrieval

Open Data
Sources
LLM (Answer
Generator)

Chunk Embeddings

Pass Context to LLM

Chunk

Embedding
Generator

Store embedding Retrieve Embedding

Semantic
Search

Vector
Database

Top-K Ranked Chunks

Query Embedding
Query

Embedding
Generator

8 Question

User

>
Answer

User Prompt

Fig. 4. Implementation of SustainWater Bot through RAG and LLM integration.
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query. The retrieved chunks are ranked based on their relevance,
ensuring that the most appropriate information is prioritized. These
ranked results are passed to the LLM as contextual input, equipping it
with highly relevant data for generating responses (Fig. 4).

Once the integration of RAG with LLM is completed for the devel-
opment of the SustainWater Bot, it provides an advanced IS designed to
support water analysts in conducting QA tasks related to SUWIs. The
process (Fig. 5) begins with user interaction through the chatbot inter-
face, where a water analyst initiates the process by posing a question.
This query is routed to the system for processing and generating a
relevant answer. SustainWater Bot improves the system’s ability to
deliver precise answers tailored to the specific needs of each query
through RAG. The system is highly adaptable, allowing analysts to
customize topics and data sources to suit their specific analytical needs.
Its scope is defined by a diverse range of topics and information sources,
which can be customized to meet particular analytical requirements.
Analysts can enrich the system’s database through targeted data cura-
tion efforts. For instance, one water analyst might focus on collecting
data on industry standards, funding opportunities, community initia-
tives, and emerging trends, sourcing information from industry reports,
academic studies, government publications, and social media. Simulta-
neously, another analyst may curate data on regulatory guidelines,
technological innovations, and case studies using academic research,
news articles, and governmental updates. Together, these collaborative
efforts ensure that the centralized database remains accurate, up-to-
date, and comprehensive. This customizability ensures the system’s
ongoing relevance for a wide array of applications in urban water
sustainability.

3.3. System evaluation

A test dataset consisting of 105 manually created questions was
developed to evaluate the system’s performance. These questions were
evenly distributed across the seven predefined urban water topics
(Table 1), with 15 questions allocated to each topic to ensure thematic
balance. The question design process was guided by the content within
the constructed dataset linked to the LLM through RAG, ensuring that
each question was contextually grounded in the available source mate-
rial. A diversity of query types, including fact-based (i.e., seeking
objective information), policy-related (i.e., rules, regulations, or

Funding
opportunities

Community
Innitiatives

Industry
Standards Topics
The Water Analyst asks a question to
the Chatbot.
@ Type Question Here. 0
Chatbot Interface
Scope of the system @8 Question

Water Analyst
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research

Funding
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Community

Innitiatives Data formats

Industry
Standards

Technological
innovations

Govemnment
publications

Emerging

e Industry reports

Topics Information

Sources

Regulatory
[e T

Case studies SustainWaterBot
Social media

The overall scope of the system can be tailored by adding or removing topics and information
sources, enabling a flexible and customized Question Answering (QA) process for analysts.

Emeraid W industy reports JClUEISH Coverment
Sources

‘Water Analyst (A)

Generated Answer
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Sustainable Cities and Society 132 (2025) 106793

governance), temporal (i.e., involving time), and entity-specific ques-
tions (i.e., focused on people, places, or organizations), was considered,
thereby reflecting the range of information needs relevant to SMEs and
analysts working within SUWTs. Although the dataset was manually
created, an internal validation process ensured coverage across the full
topical spectrum, avoiding the overrepresentation of any single source.
Although this proof-of-concept evaluation did not focus on external
validity, the methodology can be extended to incorporate domain ex-
perts and validated questions in future iterations.

To assess model performance on domain-specific QA tasks, a con-
structed question set was evaluated using four key metrics: precision,
completeness, exact match, and average response time (RT). Precision (
%), defined in Eq. (1), reflects how accurately each method captured
critical information units such as Named Entities (e.g., “£4.1 billion”),
Core Concepts (e.g., “low-income households”), and Modifiers (e.g.,
“140 % increase”, “£10/month”). Completeness ( %), defined in Eq. (2),
measures the proportion of essential information included in a model’s
response (Le Bronnec et al., 2024). The exact match ( %), defined in Eq.
(3), is the strictest metric, requiring complete coalition with
gold-standard information units, not just partial matches. The compu-
tational efficiency (i.e., RT) of each method is quantified in seconds (s)
as defined in Eq. (4). Based on these evaluation criteria, a performance
comparison was conducted in two stages using the same benchmark
question set. In the first stage, the traditional IR techniques, TF-IDF and
BM25, were assessed against the gold standard answers in terms of
response quality and average RT. Table 2 presents a sample of 6 out of
the 105 manually curated questions. These approaches demonstrated
limited ability to handle semantically nuanced queries, highlighting the
inherent constraints of lexical matching in complex domains such as
SUWIs. In the second stage, three RAG-enabled LLMs (Llama3.2:3b,
Gemma3:4b, and Phi4-mini:3.8b) were evaluated using the same
benchmark, a representative sample of 6 questions selected from the full
set of 105, as stated in Table 3. This stage enabled a more detailed
analysis of the model outputs, particularly in terms of semantic rele-
vance and adaptability to contextual queries. Finally, Table 4 presents a
comparative summary of all evaluated methods, both traditional IR and
LLM-based, across the four key metrics. This structured, two-stage
evaluation reveals important trade-offs and emerging advantages of
LLMs with RAG architectures, particularly in supporting efficient, ac-
curate, and scalable QA for SMEs operating in the urban water sector.

Be
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Fig. 5. SustainWater Bot using RAG with LLM-based QA system.
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Table 2
Comparative performance and response time (RT) analysis of TF-IDF and BM25 approaches against gold standard QA results (Water UK, 2025).
No. Question Gold Standard Answer TF-IDF BM25
Response RT Response RT
(s) (s)
1 How much financial £4.1 billion will be allocated over ~ Over 3 million households are set to 0.003  Over 3 million households are set to 0.002
support will water five years, representing a 140 % benefit from reduced water bills as benefit from reduced water bills as
companies provide for real-terms increase compared to companies commit to a record level of companies commit to a record level of
low-income households? the previous five-year period. investment. investment.
2 What types of support Support includes social tariffs, Customers facing financial difficulties 0.003  Customers facing financial difficulties can 0.002
are available to WaterSure charges, payment can access various support options, such access various support options, such as
customers struggling breaks, debt forgiveness, and as payment breaks and debt relief payment breaks and debt relief.
with water bills? services via the Priority Services
Register.
3 What is the Priority It offers additional non-financial A variety of assistance, beyond just 0.003 A variety of assistance, beyond just 0.002
Services Register? support for vulnerable groups, financial aid, is available through the financial aid, is available through the
including people with disabilities Priority Services Register for people Priority Services Register for people with
and families with babies under 12 with disabilities and parents of babies disabilities and parents of babies under one
months. under one year old. year old.
4 What will be the average ~ The average bill will be around This represents a £123 increase (26 %) 0.003  This represents a £123 increase (26 %) 0.002
annual water bill after £603 per year, or £1.65 per day. compared to the previous year, with the compared to the previous year, with the
April 2025? average annual bill now at £603. average annual bill now at £603.
5 Are 2025 water bills Bills will only be about 5 % higher ~ Despite this increase, water bills remain ~ 0.003 >3 million households are set to receive 0.002
significantly higher than  in real terms than in 2010. just 5 % higher in real terms compared reduced bills and financial aid worth up to
previous years? to 2010. £4.1 billion over the next five years,
representing a 140 % real-term increase
compared to the last five years.
6 Compare the water bill Bills rise by about £10/month in This unprecedented investment comes 0.003  This unprecedented investment comes 0.002

increases in 2025 with
the changes in real terms

2025 but are only 5 % higher in
real terms than in 2010.

after more than a decade of real-term
decreases in bills.

after more than a decade of real-term
decreases in bills.

since 2010.

Number of Correctly Retrieved Information Units
Total Number of Retrieved Information Units

x 100 (@]

Precision (%) =

Matched Information Units

100
Total Gold Standard Information Units x

Completeness (%) =
(2)

0, otherwise

Exact Match = {

. Time per Response
Average Response Time (RT) (s) = Tot% Number of Responses

4

Llama3.2 leads with a precision of 95 %, followed closely by Gemma3 at
90 %. Phi4-mini achieves a lower precision at 75 %, whereas TF-IDF and
BM25 lag at 70 % and 65 %, respectively. Again, Llama3.2 and Gemma3
perform strongly with 95 % and 90 % completeness, respectively. Phi4-
mini follows at 80 %, whereas TF-IDF and BM25 fall short at 65 % and
60 %, often omitting supporting details. Llama3.2 achieves 90 % exact
match, indicating highly consistent and thorough responses. Gemma3
records 80 % and Phi4-mini 60 %, showing a greater tendency toward
partially correct answers. TF-IDF and BM25 trail with 40 %, reinforcing
their limitations in capturing complete semantic content. The traditional
IR methods are speedy (under 0.005 s), with BM25 slightly out-
performing TF-IDF in speed. Among the LLMs, Llama3.2 is the fastest
(2.29 s), followed by Gemma3 (2.91 s), while Phi4-mini is notably
slower at 4.69 s, indicating its higher cost for more detailed outputs.
Llama3.2:3b consistently ranks highest in all quality metrics, making it

1, if Matched Information Units = Total Gold Standard Information Units

the most effective model in both precision and completeness with strong
semantic coverage. Gemma3:4b performs similarly well but is slightly
less consistent on the exact match. Phi4-mini:3.8b offers a good middle
ground with solid completeness and acceptable precision but trades
speed for depth. In contrast, TF-IDF and BM25, while fast, fall short in
producing accurate and complete responses, making them less suitable
for high-quality answer generation.

4. Discussion

3

First, it discusses how the proposed approach alleviates fragmented
access to SUWI-related knowledge. Next, it evaluates model perfor-
mance across various question types and examines the original hy-
potheses’ outcomes. The discussion also emphasizes the influence of
data quality on QA effectiveness and concludes with limitations and
potential directions for future research.

4.1. Fragmented access to SUWI knowledge

SME:s lack an integrated IS to access and consolidate dispersed SUWI
data, impeding progress on SUWTs. Existing systems often miss critical
information, require significant development effort, and are costly
(Cosgrove & Loucks, 2015). To address these limitations, this study of-
fers a solution, i.e., the SustainWater Bot. This system integrates
advanced LLMs with RAG technology to address common LLM limita-
tions, such as information misalignment, excessive complexity, and in-
formation deficiencies. For instance, using the official document from
(BGS, 2025), the first question in Fig. 6 demonstrates that the LLM
generates an overly detailed yet imprecise response. Moreover, the LLM
fails to produce an answer for the second question due to limitations in
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Comparative performance and response time (RT) analysis of LLMs against gold standard QA results (Water UK, 2025).

No.  Question Gold Standard Answer  LLM: Llama3.2:3b LLM: Gemma3:4b LLM: Phi4-mini:3.8b
Response RT Response RT Response RT
(s) (s) (s)

1 How much £4.1 billion will be >3 million households are 1.66  Water companies will 1.01 Water companies will provide 3.02
financial support allocated over five set to receive reduced bills provide £4.1 billion in £4.1 billion in financial
will water years, representing a and up to £4.1 billion in financial support for low- support over five years as part
companies provide 140 % real-terms financial support over the income households over the of affordability packages
for low-income increase compared to next five years, representing next five years. including reduced bills
households? the previous five-year a 140 % real-term increase specifically targeting >3

period. compared to the last five million, predominantly lower-
years. income homes through ’social
tariffs’ or ‘WaterSure’ charges
among other forms of
assistance.

2 What types of Support includes social Support measures for 1.96  The following types of 3.01 Customers who struggle with 6.08
support are tariffs, WaterSure customers struggling with support are available to their water bills can receive a
available to charges, payment water bills include: Payment customers struggling with range of financial and non-
customers breaks, debt forgiveness, breaks, Debt forgiveness, water bills: Social tariffs, financial supports including
struggling with and services via the *Social tariffs’ or WaterSure, charges ’social tariffs’, ‘WaterSure’
water bills? Priority Services "WaterSure’ charges that (specifically for low-income charges that reduce the bill

Register. will reduce their water bills customers who use a lot of amount for eligible
(targeted at low-income water for essential family or households. Additionally,
customers who use a lot of health reasons), Payment there may be payment breaks
water for essential family or breaks, Debt forgiveness, A (pausing payments), debt
health reasons). variety of measures through forgiveness measures
Additionally, customers are the Priority Services available to help customers
encouraged to contact their Register for customers with manage or eliminate
water company directly to difficulties like sight, outstanding debts related to
see what help is available. hearing, or mobility, or unpaid utility services.

parents with babies under
12 months old.

3 What is the Priority It offers additional non- The Priority Services 1.75  The Priority Services 1.12  The Priority Services Register 1.78
Services Register? financial support for Register (PSR) appears to be Register is designed to assist (PSR) provides a variety of

vulnerable groups, a scheme that provides a broad spectrum of people, measures for people who need

including people with support services for from those with sensory or them, including those with
disabilities and families vulnerable customers, mobility challenges to sight or hearing difficulties as
with babies under 12 including those with sight, parents caring for babies well as parents caring for
months. hearing, or mobility under one year old. babies under 12 months old.
difficulties, as well as These services are not limited
parents with babies under 12 solely to financial assistance
months old. but also encompass other
forms of support aimed at
improving accessibility and
quality of life for various
individuals within the
community.

4 What will be the The average bill will be The text does not explicitly 1.51  The average annual water 0.68  £603 1.18
average annual around £603 per year,or  state what the new average bill will be £603.
water bill after £1.65 per day. annual water bill will be. It
April 2025? mentions that customer bills

will rise by about £10 a
month from April 2025, and
provides an example of the
increased bill for households
in England and Wales (£603)
and businesses (£1.32 per
day), but it does not provide
information on the total
amount or percentage
increase.

5 Are 2025 water Bills will only be about5  Despite a £10 monthly 1.67  Water bills will rise by 1.96  Yes, starting April 2025 3.25
bills significantly % higher in real terms increase starting April 2025, around £10 monthly from customer bills will rise by
higher than than in 2010. amounting to a £123 (26 %) April 2025, marking a £123 about £10 per month. Despite
previous years? rise over the previous year, (26 %) increase over last this increase being equivalent

water bills will be only 5 % year. The average annual to an average annual bill set at
higher in real terms bill will reach £603. £603 (26 % on the previous
compared to 2010, making year), in real terms they are
the overall increase only around 5 % higher
relatively modest. compared to what customers
paid back in 2010.
6 Compare the water Bills rise by about £10/ From April 2025, customers 1.66  From April 2025, customer 2.14 In April 2025, customer bills 4.24

bill increases in
2025 with the
changes in real
terms since 2010.

month in 2025 but are
only 5 % higher in real
terms than in 2010.

can expect their bills to rise
by around £10 monthly, a 26
% increase (£123) over last
year. Adjusted for inflation,

bills will rise by about £10 a
month, which equates to an
increase of £123 (26 %). In
real terms, water bills are

will rise by about £10 per
month. Despite this increase
being noticeable on a monthly
basis and an annual total of

(continued on next page)
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No. Question Gold Standard Answer LLM: Llama3.2:3b

LLM: Gemma3:4b LLM: Phi4-mini:3.8b

Response

RT Response RT
(s) (s) (s)

Response RT

water bills are still only

about 5 % higher than they

were in 2010.

around £123 (26 %), when
adjusted for inflation to
measure it against past costs
from similar timespans or the
baseline year provided in real
terms since 2010—water bills
are only approximately 5 %
higher than they were back
then, effectively making them
comparable.

now only around 5 % higher
than they were in 2010.

Table 4
Performance comparison of information retrieval and LLMs on QA task.
No. Method Precision ( Completeness ( Exact Response
%) %) Match ( Time (s)
%)
1 TF-IDF 70 65 40 0.003
2 BM25 65 60 40 0.002
3 Llama3.2:3b 95 95 90 2.29
4 Gemma3:4b 920 90 80 291
5 Phi4- 75 80 60 4.69
mini:3.8b

its training data. The SustainWater Bot semantically integrates diverse
information sources by utilizing the RAG, offering a comprehensive and
highly relevant information base to support decision-makers in the
urban water sector.

4.2. Evaluating performance across question types rather than topics

The evaluation of the SustainWater Bot employed a diverse set of
question types (see Table 3), including fact-based, list-based, compara-
tive, summary, and impact-driven questions, to assess the performance
of small-scale RAG-enabled LLMs (Llama3.2, Gemma3, Phi4-mini). The
model’s performance was influenced more significantly by the type of
reasoning tasks it was asked to perform rather than the specific topic
domain involved. This means that whether the question related to
funding opportunities, community initiatives, industry standards, tech-
nological innovations, emerging trends, regulatory guidelines, or case
studies signified less than whether the model needed to engage in
reasoning, inference, or pattern recognition. Fact-based and list-type
questions (e.g., Q1-Q2, Q4 in Table 3) were answered well by all
models, particularly Llama3.2 and Gemma3. In contrast, impact-
oriented and comparative questions (e.g., Q5-Q6) were more chal-
lenging and exposed meaningful differences. Phi4-mini excelled in
nuanced reasoning and regulatory interpretation, Gemma3 offered the
most balanced and structured summaries, and Llama3.2 was fastest but
less robust on multi-layered logic.

4.3. Hypothesis validation and insights

Table 4 provides empirical support for Hypothesis A, confirming that
RAG-enabled LLMs deliver more accurate and contextually relevant
responses than traditional IR methods, such as TF-IDF and BM25. Pre-
cision and completeness scores were consistently higher across the
evaluated models, suggesting that the semantic integration and gener-
ative capabilities of LLMs significantly enhance domain-specific IS.
Hypothesis B is also supported: the constructed, semantically structured
dataset, balanced across seven SUWT themes, enabled coherent re-
sponses, indicating that the system can help users, especially SMEs, form
more actionable ISs within the sustainability landscape. The quality and
clarity of its responses suggest strong potential for supporting users in

understanding complex urban water issues. Although a direct evaluation
of the IS’s impact on user cognition was beyond the scope of this study.
Finally, the system design aligns with Hypothesis C, demonstrating how
a modular and adaptable architecture can support the long-term sus-
tainability of an IS. The SustainWater Bot demonstrates cost-effectiveness
and environmental sustainability (Beloskar et al., 2023; Weidinger et al.,
2021). Rather than relying on resource-intensive end-to-end model
training, the system integrates pre-trained, open-source LLMs via RAG,
significantly reducing development time, computational overhead, and
financial barriers, particularly for SMEs. This modular structure enables
easy updates by simply replacing data sources, eliminating the need for
full retraining or dependence on proprietary platforms. Although this
proof-of-concept did not include detailed carbon accounting, existing
studies have estimated that LLM inference typically consumes approxi-
mately 0.0003 kW-hour (kWh) per query (Maliakel et al., 2025; Jegham
et al., 2025). In contrast, training LLMs from scratch can require thou-
sands of kWh, leading to a significantly higher carbon footprint
(Weidinger et al., 2021). By leveraging lightweight, domain-specific
adaptations of pre-trained models, SustainWater Bot achieves substan-
tial energy savings.

4.4. The critical role of data quality

Beyond the adaptability, cost-effectiveness, and modular architec-
ture of the SustainWater Bot, the quality and relevance of its outputs are
fundamentally dependent on the quality of the data it processes. It is
essential to ensure that the input data meets the rigorous criteria out-
lined in Table 5 to sustain and enhance its effectiveness. These factors
directly influence the system’s ability to generate meaningful insights
(Liu et al., 2024; Alan et al., 2024; Dam et al., 2024; Dubey et al., 2024).
The results emphasize the need for systematic, high-quality dataset
construction, although strict data selection was not the focus. In future
work, robust methods should be developed to ensure reliable and
context-aware chatbot performance in sustainable UWM.

4.5. Limitations and directions for future research

This study has several limitations that need to be acknowledged and
addressed in future work.

1) Manual Data Collection and Source Scope: The dataset used for the
RAG was collected manually from open data sources. Automated
methods, such as web scraping or real-time application programming
interfaces (APIs) integration, were not implemented. The system will
incorporate programmatic data ingestion via APIs and automated
parsers in future iterations, alongside periodic human validation to
ensure data quality and enable real-time system updates. Addition-
ally, while the SustainWater Bot focuses on a selected set of open-
access UK-based sources, many valuable data streams remain unex-
ploited. These include public opinion surveys (YouGov, 2024),
market intelligence (IBISWorld UK, 2024; The Economist, 2024),
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Question: What are the four stages of Sustainable drainage systems (SuDS) design, and what activities are involved in each stage?

Answer Using RAG Answer Generated by the LLM.
The four stages of SuDS design typically involve the following activities:
The four stages of SuDS design are
**Stage 1: Problem Definition and Site Investigation*™
* |dentify the problem to be addressed (e.g., flooding, stormwater runoff, water quality issues)
* Conduct site investigations to gather data on:

1. Stage 1: Set Objectives (Strategic surface water management) *This stage involves setting
the objectives for the SuDS system, which includes strategic surface water management.

2. Stage 2: Conceptual Design (Initial design and layout) *In this stage, a conceptual design is + Topography and land use

developed, including the initial design and layout of the SuDS system. + Rainfall patterns and intensity
+ Soll types and properties

3. Stage 3: Outline Design (Sizing and optimization) *This stage involves sizing and + Existing drainage infrastructure

optimizing the SuDS system based on the site-specific conditions and the design * Analyze data to determine the extent of the problem and potential solutions
requirements.
**Stage 2: Design Development™
* Develop design concepts based on site investigations and problem definition
* |dentify the goals and objectives for the SuDS design (e.g., flood mitigation, water quality improvement)
* Select from a range of SuDS strategies, such as:

+ Permeable pavers or surfaces

+ Rain gardens or bioswales

+ Wetlands or ponds

+
The LLM-Generated Answer introduces a o S{,f,ee?g'ﬁ,’ﬁ:d°;;’;?;'§e TAnkE
Al o RO R RS Clo M6 VETloll * Create detailed designs and calculations for the selected strategy

from the original design framework.

4. Stage 4: Detailed Design(Testing and finalizing the scheme) *In the final stage, the detailed
design of the SuDS system is developed, which includes testing and finalizing the scheme.

**Stage 3: Detailed Design and Modeling™

* Refine design concepts based on detailed analysis of site conditions and climate data

* Develop computational models to simulate rainfall, runoff, and water quality

* Model water flow, velocity, and hydraulic loading on SuDS components (e.g., ponds, wetlands)

Information * Conduct sensitivity analyses to evaluate the effectiveness of different design options
Misalignment and
Over-Complexity Stage 4: Implementation and Testing

* Prepare for construction by:
+ Obtaining necessary permits and approvals
+ Coordinating with stakeholders (e.g., landowners, neighbors)
+ Scheduling and sequencing construction activities
* Carry out the SuDS design and construction work
* Test and validate the system during operation to ensure it meets design objectives and regulations.

Question: What is Severn Trent's investment plan for Mansfield, and how does it involve Sustainable Drainage Systems (SuDS)?

Answer Using RAG
Answer Generated by the LLM.

Severn Trent has allocated £76 million as part of its investment into the town of Mansfield.

This investment includes the development of a new Sustainable Drainage System (SuDS) to | don't have specific information on Severn Trent's investment plan for Mansfield.
improve water management and enhance sustainability in the area.

The LLM lacks sufficient information to provide

an accurate and complete answer to the
question.

Information
Deficiency

Fig. 6. SustainWater Bot addressing information misalignment, over-complexity, and information deficiencies in IR.

scientific data (UKCEH, 2024; BGS, 2024; The Royal Society, 2024), other regional contexts. However, the system’s modular architecture
and long-term projections from research institutions (MetOffice, supports straightforward adaptation. By replacing the underlying
2024; National Infrastructure Commission, 2024; UKCIP, 2024). data sources with region-specific or domain-relevant datasets (either
Public sentiment and real-time operational data (Assets Publishing open-access or proprietary), the chatbot can be extended to support
Service, 2023; Greenpeace, 2024) could also provide SMEs with rich water-related decision-making in other countries or entirely different
insights. Integrating these sources would significantly expand the domains, such as energy, waste, or agriculture. To improve rele-
practical relevance of the system. vance, SME experts who understand local and sectoral priorities
Open vs. Proprietary Data Integration: The current implementation should be involved in dataset selection. Since SME interests can vary,
relies exclusively on open-access datasets to ensure SMEs’ broad future work should explore methods to balance diverse perspectives
accessibility and cost-effectiveness. However, the system architec- and precisely integrate them into the data selection process.

ture is designed to be modular and extensible, thereby supporting 4) LLM Selection: SustainWater Bot currently uses three selected LLMs for
future integration of proprietary or subscription-based sources. This all RAG-based operations. These models were selected based on
hybrid model, which combines open and licensed datasets, could accessibility and baseline performance. However, future work should
significantly enhance the system’s decision-making capabilities by explore a broader range of LLMs, both open-source and commercial,
incorporating high-resolution news data, detailed commercial ana- to identify those best suited for specific query types, data charac-
lytics, or restricted policy documents. teristics, or operational limitations.

Geographic and Domain Specificity: The SustainWater Bot has been 5) Scalability, System Architecture, and Response Latency: The current
specifically tailored to the UK context, drawing primarily on UK- implementation of the SustainWater Bot supports only one user ses-
based public datasets relevant to SUWTs. Although this targeted sion at a time and operates on a basic input-output loop, which limits
approach enhances the relevance for local decision-makers, it also its scalability in multi-user settings. Although the response latency
introduces a potential limitation in terms of external validity. The was reasonable, averaging between 2s and 4s across the tested
current knowledge base of the system may reduce its applicability in prompts, the system is not yet optimized for concurrent access.

10
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Table 5
Key factors influencing the quality of information in the Chatbot.
No.  Factor Description
1 Relevance M Domain-Specific Data: Ensure that the selected

data aligns with the specific goals of the
system.

M Contextual Appropriateness: Select data that

directly answers or is related to the anticipated

questions.

Peer-Reviewed Articles: Prefer information from

reputable academic journals.

M Official Data Sources: Government publications,
standards organizations, and established think
tanks should be prioritized.

W Industry Reports and Case Studies: Use well-

regarded industry reports and case studies that

are specific to the context of the system’s focus.

Up-to-Date Information: Prioritize recent

sources, especially for fast-evolving fields like

technology or policy.

W Historical Context: If historical data is important

for comparison, make sure to distinguish

between recent and older sources based on
relevance.

Variety of Perspectives: Use a diverse set of

sources to avoid bias, including academic,

industry, and governmental perspectives.

B Geographical Representation: Ensure the data

includes regional differences, especially for

fields like sustainability, which may have
global or industry-specific variations.

Ethically Sourced Data: Ensure the data is

ethically collected and respects privacy laws.

M Licensing: Verify that the data can be used

legally, especially if feeding proprietary

information into the system.

Citations: Prefer data that is well-cited, allow-

ing users to trace the information back to its

origin.

Sufficient Detail: Ensure that the data is

sufficiently granular to answer detailed

queries.

2 Quality and Credibility W
of Sources

3 Recency and [ ]
Timeliness

4 Diversity and Coverage WM

5 Ethical and Legal ]

Considerations

6 Data Verifiability | |

7 Granularity and Detail [ |

Future iterations should adopt an asynchronous representational
state transfer (RESTful) architecture, introducing stateless API end-
points, session management, and backend concurrency controls to
support simultaneous users. Additionally, the system’s reliance on
the RAG technology may introduce additional latency as the dataset
scales. Although only a selected set of sources is currently integrated,
expanding the number of data sources or increasing query volumes
could result in slower RTs. This limitation underlines the need for
optimization of performance.

6) System Evaluation: The system was tested with a limited set of ques-
tions, which may not fully reflect the diversity of urban water
queries. Future evaluations should include a broader range of real-
world and user-generated questions for greater robustness. Howev-
er, this proof-of-concept system did not focus on external validation.
The evaluation framework can be expanded to include domain
expert-validated queries, enabling more generalizable insights
across various use cases and user groups. Such an approach will
strengthen the credibility and applicability of the model in practical
deployments.

7) Performance and Sustainability Considerations: Although the current
implementation emphasizes cost-effectiveness, further research
should measure the system’s energy consumption per query and
evaluate the environmental impact. Benchmarking against com-
mercial models would help assess the trade-offs between perfor-
mance, cost, and sustainability.
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5. Conclusions

SMEs play a crucial role in the UK’s journey towards net-zero
emissions, especially by promoting efficient urban water systems.
However, many SMEs face a substantial knowledge gap in sustainable
UWM, leading to inefficiencies and higher costs. To make well-informed
decisions, timely and comprehensive access to information is required,
covering government policies, technological advances, market trends,
and environmental considerations. Unfortunately, current systems often
struggle to unify these diverse data sources, hindering SMEs’ ability to
implement sustainable practices effectively. This study presents the
SustainWater Bot, an innovative LLM-based IS driven by RAG technol-
ogy, designed to address challenges such as information misalignment,
complexity, and data insufficiency. The system delivers relevant insights
into the urban water sector while leveraging open-source technologies
to reduce the carbon footprint of its development. Although promising,
the SustainWater Bot requires further evaluation to refine its precision
and efficiency. Future work should address challenges such as potential
delays caused by incorporating additional data sources and exploring
alternative LLM models to optimize performance. By addressing these
areas, the system can better empower SMEs to achieve SUWTs.
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