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Abstract

Sustainable cities are vital for addressing global environmental and social challenges, yet evaluating their diverse
sustainability aspects remains complex. Traditional Multi-Criteria Decision-Making (MCDM) methods often suffer
from subjectivity, resource intensity, and cognitive burden due to reliance on small expert pools and pairwise
comparisons. This study introduces an integrated framework to overcome these limitations by identifying and
prioritizing key factors for urban sustainability evaluation. We employ BERTopic, a transformer-based topic
modelling technique, to systematically extract 12 relevant factors from the academic literature. Instead of human
experts, we leverage a state-of-the-art generative Artificial Intelligence (AI) model (Gemini 2.5 pro) with chain-of-
thought reasoning to provide structured evaluations for these factors across different importance clusters. The
inherent uncertainty in these Al-generated judgments is modelled using fermatean fuzzy sets. Finally, the factors are
prioritized using the soft cluster rectangle method, eliminating the need for pairwise comparisons. Results indicate
that pollution control, water management, and social equity are the highest-priority factors, followed by sustainable
transportation, urban ecology, population health, and urban resilience. This study presents a more objective, scalable,
and efficient data-driven approach to aid policymakers in strategic urban sustainability planning.

Keywords: Sustainable cities, Multi-criteria decision-making, Fermatean fuzzy, Generative artificial intelligence,
Factor prioritization.

1| Introduction

A sustainable city is a concept of urban development that encompasses various dimensions of self-sufficiency,
including the environmental, social, and economic aspects. A “sustainable” city aims to create the smallest
possible ecological footprint while ensuring a high quality of life for its residents. Environmentally, it
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emphasizes minimizing resource consumption, reducing greenhouse gas emissions, and promoting renewable
energy and efficient public transport systems. Socially, a sustainable city strives for inclusivity, equity, and
access to essential services such as healthcare, education, and housing. Economically, it encourages resilient
local economies, green jobs, and innovation that align with sustainability goals. Overall, the concept reflects
a holistic approach to urban planning [1], [2].

The human population is currently grappling with several significant issues. One of the most pressing among
these is rapid population growth, particularly in developing nations. Rapid population growth places an
immense pressute on already limited resources, contributing to the depletion of essential commodities such
as water, food, and energy [3]. The strain on infrastructure and public services also intensifies, leading to
overcrowded urban environments and inadequate healthcare systems. As a result, socio-economic disparities
widen, and problems such as poverty, unemployment, and social unrest become more pronounced [4], [5].
Increased greenhouse gas emissions driven by industrialization, deforestation, and fossil fuel dependence are

causing climate change, resulting in extreme weather events, sea-level rise, and ocean acidification [6], [7].

Pollution, including contaminated drinking water and air pollution, is a significant health and environmental
issue [6]. The recent COVID-19 pandemic highlighted the vulnerability of global health systems and the
potential for widespread disease outbreaks. It exposed structural weaknesses in healthcare infrastructure,
global supply chains, and crisis preparedness, even in high-income countries [8], [9]. Despite the urgency to
address these complex issues, there remains a persistent lack of consensus on how to address these problems,
which often leads to ineffective or counterproductive policies [10].

Sustainable cities can play a crucial role in addressing these challenges through several strategies. They reduce
their carbon footprint by implementing green technologies, promoting energy efficiency, and enhancing waste
management systems [11], [12]. These cities aim to be inclusive, ensuring that all residents have access to
essential services and opportunities, thereby reducing inequalities [3], [8]. Furthermore, they encourage
participatory governance and community involvement in decision-making processes, which can lead to more
effective and accepted solutions [13]. The concept of sustainable cities has gained popularity in the existing
literature. However, some key research questions could be further addressed:

1. (RQ1) What are the key factors for evaluating the “sustainability” aspects of a city?
II. (RQ2) How should these factors be prioritized?

The literature review reveals that numerous studies have employed Multi-Criteria Decision-Making (MCDM)
techniques to address a wide range of sustainability-related challenges. However, several limitations persist in
the existing approaches. Most MCDM studies rely on manual literature reviews or Delphi-based methods to
identify relevant factors, often depending on a small pool of human experts to determine the priorities of
these factors. These methodologies are not only time-consuming and resource-intensive but also susceptible
to subjective biases. The MDCM methods in the literature for eliciting criteria weights often involve pair-wise
comparisons, which may cause cognitive fatigue to the expert giving the input data, thus resulting in
inconsistent results. There is a pressing need for more structured, data-driven frameworks that can efficiently
identify and prioritize sustainability factors holistically.

In response to these challenges, this study has the following steps:

1. Identification of factors: Instead of relying solely on manual reviews or expert elicitation, the study leverages
transformer-based topic modelling, “BERTopic,” to analyse the existing literature on sustainable cities [14].
This method helps automatically extract prevalent themes and concepts, which are then refined, grouped, and
categorized into meaningful factors relevant to evaluating urban sustainability.

II. Data collection on the factors: Instead of relying on a limited number of human experts who are often biased,
the data is collected from three state-of-the-art generative Artificial Intelligence (AI) based experts with chain-
of-thought capabilities [15]. This data is then modelled using Fermatean fuzzy sets to capture uncertainties
[16].
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III.  Factor prioritization: Finally, the factors are prioritized using the Supply Chain Resilience (SCR) method [17].

The rationale for selecting these particular approaches for developing a decision framework for prioritization
of factors that can be used to evaluate the “sustainability” of a city is as follows:

1. BERTopic is an advanced topic modelling technique that utilizes transformer-based embeddings to generate
semantically meaningful clusters of text [14]. This approach is particularly useful for analysing large volumes
of literature and identifying nuanced patterns that may be missed by traditional topic modeling methods such
as LDA. By applying BERTopic to a corpus of research articles on sustainable cities, the study ensures that
the extracted factors are not only grounded in the literature but also reflective of recent trends and emergent
themes in sustainability discourse. This data-driven and scalable method significantly reduces the dependence
on manual review, making it more efficient and less prone to human bias.

II. Use of generative Al-based expert with chain-of-thought reasoning capabilities enables comprehensive and
logically structured evaluations by simulating human-like reasoning. Compared to traditional human experts,
this approach is faster, scalable, and draws from a vast and diverse knowledge base that these Al models were
trained on. It avoids logistical constraints and common cognitive biases, offering more consistent and objective
insights.

ITII. Fermatean fuzzy set is a q-rung orthopair fuzzy set with q=3 that is used to interpret uncertainty using two
dimensions, i.e, preference/membership and non-preference/non-membership values [16]. Fermatean fuzzy
sets provide a bigger decision space compared to the other eatlier variants of q-rung orthopair fuzzy sets.

IV. The SCR method [17] is a recent MCDM technique that allows for an effective weight allocation for criteria
based on different importance clusters, while preventing the need for pair-wise comparisons.

From the literature review, it is evident that the development of an integrated decision framework that uses
topic modelling and elicits data from generative Al-based experts could significantly contribute to the body
of literature. Such a framework not only advances methodological rigor but also holds practical value for
urban policymakers, enabling more adaptive, scalable, and evidence-based planning strategies that can

accelerate the global transition toward sustainable and resilient cities.
2| Literature Review

In this section, the extant literature on MCDM for sustainable cities, use of Al for decision-making, topic
modelling with BERTopic, Fermatean fuzzy sets, and the SCR method has been reviewed.

2.1| Multi-Criteria Decision-Making for Sustainable Cities

MCDM has emerged as a widely adopted methodological framework for evaluating sustainability in urban
contexts. Given the inherently multidimensional nature of urban sustainability encompassing interdependent
economic, environmental, and social dimensions, MCDM techniques offer a structured approach to assign
weights and prioritize diverse, and often conflicting, criteria. Urban policymakers and researchers have
increasingly turned to MCDM models to support evidence-based decision-making in areas ranging from
urban planning and green infrastructure to energy efficiency and social equity [18], [21].

Numerous MCDM frameworks have been developed and utilized in the extant literature to assess urban
sustainability. For instance, Tahmasebi Birgani & Yazdandoost [22] have developed an adaptive MCDM
framework that integrates AHP [23], Entropy [24], and TOPSIS [25] to evaluate “resilient-sustainable urban
drainage management plans” and applied the framework on a case involving the urban drainage system of
Tehran city. Han et al. [26] combined a modified Delphi method with the AHP to develop a framework that

<

prioritizes sustainability indicators for addressing issues arising from “construction and demolition waste
management”. Jamali et al. [27] developed a framework that combined the Delphi method and GIS [28] with

MCDM approaches, DEMATEL [29], and ANP [30] to select and evaluate factors affecting urban resilience.

MCDM methods have often been combined with fuzzy set variants to address uncertainty present in real-
wortld problems, particularly those involving sustainability. For instance, Choudhury et al. [31] had used
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Pythagorean fuzzy sets alongside Einstein weighted averaging operator-based MCDM to model a problem
involving the selection of a sustainable urban drainage system for Agartala, the capital of Tripura, India [32].

Kutty et al. [33] utilized spherical fuzzy sets alongside AHP and EDAS for evaluating sustainability, urban
resilience, and liveability performance of smart cities [34], [35]. Seker [36] developed an entropy-based MCDM
framework that integrates interval-valued g-rung orthopair fuzzy for evaluating smart waste collection systems
based on IoTs [37].

Seker et al. [38] integrated neutrosophic fuzzy with DEMATEL to evaluate factors needed for resilient and
sustainable cities [39]. Krishankumar et al. [40] developed an MCDM framework that combines g-rung fuzzy
with CRITIC and MACROS to evaluate zero-carbon measures for sustainable transportation solutions in
smart cities. They applied it to a real-world case involving Coimbatore, India [41], [43]. The studies mentioned
above have been summarized along with the gaps noticed in Tuble 7 for ease of understanding.

Table 1. Description and gaps in the reviewed MCDM for sustainable cities studies.

Source ~ MCDM Model Fuzzy Used Pair-Wise Used Topic Usage of
Comparison Modelling AI/LLM-

Avoided for MCDM Expert
[22] Entropy-AHP- None x x x
TOPSIS
[26] Delphi-AHP None x x x
[27] Delphi-GIS- None x x x
DEMATEL-ANP
[31] Einstein-operator-  Pythagorean v x x
based averaging fuzzy
[33] AHP-EDAS Spherical x x x
fuzzy
[38] DEMATEL Neutrosophic x x x
fuzzy
[40] CRITIC-MACROS  g-Rung fuzzy v x x

2.2| Methods Review

BERTopic was introduced by Grootendorst [14] as a novel topic modelling technique that uses transformer-
based embeddings, such as those from BERT or similar models, combined with algorithms like HDBSCAN
to generate coherent, semantically rich topics [44], [45]. Unlike traditional topic modelling approaches like
LDA, which rely on word frequencies, BERTopic is capable of capturing deeper contextual relationships
within text data [46]. BERTopic has been used widely by researchers to do topic modelling and thematic
analysis for sustainability applications and urban planning. For instance, Kousis and Tjortjis [47] employed
BERTopic to discover key aspects of a smart city. Das et al. [48] used BERTopic to investigate sustainable
tourism themes in the extant literature. Similarly, Raman et al. [49] performed a thematic and topic analysis
of green and sustainable Al research using BERTopic.

Fermatean fuzzy sets, proposed by Senapati and Yager [10], evolve from the generalized orthopair fuzzy sets
by assigning q=3 [41]. This variant of generalized orthopair fuzzy sets offers a larger decision-making space
and greater flexibility to model uncertainty compared to traditional fuzzy, intuitionistic fuzzy, or even
Pythagorean fuzzy sets [32], [50]. The variant of generalized orthopair fuzzy sets makes them particularly
advantageous when dealing with sustainability assessments, where ambiguity, vagueness, and hesitation are
inherent to stakeholder judgments and data interpretations. The SCR method was proposed recently by Zakeri
et al. [17], who saw the need for an MCDM method that elicits criteria weights without using pair-wise
comparisons. The nature of data to be fed to the SCR method not only reduces cognitive load on decision-
makers but also mitigates inconsistencies commonly observed in manual judgment-based methods.
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2.3 | Use of Artificial Intelligence in Decision Making

Al has become increasingly integral to decision-making frameworks, especially in complex, multi-dimensional
contexts like urban sustainability. Al-driven decision-making offers notable advantages, such as scalability,
consistency, and the ability to process vast amounts of diverse information efficiently. Particularly, with the
emergence of large-scale generative AI models with chain-of-thought reasoning capabilities, the AI models
can now be used for structured expert elicitation [15]. Chain-of-thought utilizes step-by-step reasoning
processes, leading to deeper and logically coherent responses compared to direct, answer-based querying.

In the decision-making domain, Al models have the potential to be used by researchers to aid in scenario
analysis and prioritization tasks that were traditionally labour-intensive and subjective. Hackl et al. [51]
conducted a study where OpenAl's GPT-4 was used to rate responses to tasks related to macroeconomics in
higher education based on the content and style. Their study revealed a high interrater reliability metric for
the rating given by GPT-4, indicating that it is capable of generating consistent ratings. Jia et al. [52] explored
the applicability of LLMs in decision-support systems using a framework grounded in behavioural economics
theories and found that the LLMs generally exhibit patterns such as risk aversion and loss aversion similar to
humans. Wang and Wu [53] explored the idea of using ChatGPT model as multi-criteria decision maker and
found that output given by ChatGPT model closely align with those of human experts. These studies suggest
and validate the idea of using LILM model as an expert in giving data for MCDM problems.

3| Methodology

In this section, the methodology of the study has been described.
3.1| Preliminaries

Here, some mathematical concepts about Fermatian fuzzy sets have been discussed.

Definition 1 ([41]). For a given reference set R, the g-rung orthopair fuzzy set QF = {r, uge(r), vrf(r)|r € R},

the constraints on the membership degrees of QF are given by

0 < uge(r), vie(r) < 1. €))
0 <ugr(rN? + vge(r)9=<1,q>0, )

where uge(r), and vge(r) represents the membership degree and non-membership degree of r, respectively.

Definition 2 ([16]). A Fermatean fuzzy set is a q-rung orthopair fuzzy set with q = 3. Therefore, for a
Fermatean fuzzy set F = {r, ug(r), ve(r)|r € R}, the constraint on the membership degrees of F is as follows:

0 < ue(r),ve(r) < 1. 3)

0 <ue(r)® + ve(r)®> < 1. “)
Definition 3 ([16]). The accuracy, score, and normalized functions on the Fermatean fuzzy set F =
{r, ug(r), ve(r)|r € R} is given by

microcircuitry between the neurons; its activation function; and its approach to assigning weight to the
connections, which can be either supervised or unsupervised. The artificial neuron found in recent years is
Accuracy: A(F;) = ug(r)® + ve(r)3. (5)
Score: S(F;) = ug(r)3 — ve(r)3. (6)

Normalized score: NS(F;) = SED+ ?)

3.2| Topic Modelling

The initial step of this study involves identifying key factors relevant to sustainable cities directly from the
extant literature. The identification of key factors is achieved through the application of BERTopic, a state-
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of-the-art topic modelling technique [14]. Abstracts of the articles related to sustainable cities are to be
extracted from the Scopus database using the following query:

“TITLE ( "sustainable city" OR "sustainable cities" OR "gtreen city" OR "green cities" OR "eco-city" OR
"eco-cities" ) AND (LIMIT-TO (DOCTYPE, "at" ) OR LIMIT-TO (DOCTYPE, "re" ) ) AND ( LIMIT-
TO (LANGUAGE, "English" ) )”

Once the corpus is assembled, it is to be modelled as a pandas dataframe in Python. The Python library
bertopic is used with embedding model 'all-mpnet-base-v2', representation model KeyBERTInspired,
vectorizer model CountVectorizer with English stop words removal enabled, and ¢-TF-IDF model set to
ClassTfidfTransformer enabled with “reduce frequent words” and BM25-based weighting, to extract
prominent topics and their associated keywords from the corpus [54][57]. These keywords provide an
interpretable summary of each topic, based on which topics are manually reviewed and named to reflect the
underlying themes in the data. During this manual review process, topics that are found to be irrelevant to
the problem statement are systematically excluded, and topics that are too similar are merged together to
ensure that only meaningful, distinct, and contextually appropriate topics are retained.

3.3 | Fermatean Fuzzy Integrated Supply Chain Resilience Method with
Artificial Intelligence Expert

Once the topics are identified as factors for evaluating the “sustainability” aspects of a city, these are then to
be prioritized using the SCR method. In the SCR method, the decision makers assign membership values for
each factor to the clusters “Immaterial”, “Mediocre”, and “Vital”. These cluster membership values are then
used to calculate the weights for the factors. In this study, data obtained from generative Al is modelled using
Fermatean fuzzy sets and is then processed using the SCR method to arrive at a factor ranking. The steps to

do these are as follows.

Step 1. Each of the finalized factors (Topics) detived from the topic modelling is to be framed into structured
prompts designed to solicit evaluations from “Gemini 2.5 Pro preview 03-25,” a recent state-of-the-art chain-

of-thought-based reasoning enabled generative Al model by Google.

I. The prompt template to be used for soliciting the membership values is: “Based on your understanding of
sustainable cities and sustainability aspects of a city, how would you score the membership of <factor> to the
cluster <cluster> on a scale of 0-1 (Use decimal values)”.

II. The prompt template to be used for soliciting the non-membership values is: “Based on your understanding of
sustainable cities and sustainability aspects of a city, how would you score the non-membership of <factor> to
the cluster <cluster> on a scale of 0-1 (Use decimal values)”.

It is to be noted that when soliciting data for membership values, the prompts for all factor-cluster
combinations are given together as a single prompt; this is done to encourage the relative reasoning
capabilities of the model. Similarly, a separate combined prompt is produced in order to solicit data for the
non-membership values from the generative Al model.

Step 2. The membership values and non-membership values for each factor-cluster combination are to be
interpreted as Fermatean fuzzy data. The normalized score values for each Fermatean fuzzy factor-cluster
combination should be found using Eg. (7).

Step 3. A decision matrix X = [Xi]-] is to be formed using the normalized score values. Here, n is the

3Xn
number of topics/factors selected in the previous section, x;; represents the normalized score value for the
j" factor on i cluster, and i€ {a, B,v}. The cluster a represents “Vital”, B represents “Mediocre”, y
represents “Immaterial”. The values of Xjj have to be in range [L, H]. In this study, L = 0.01 and H = 0.99,
where L represents the lowest possible score to be processed, and where H represents the highest possible

score to be processed. We also have a third variable, M = 0.5, where M represents the model-neutral value.
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Step 4. The score decision matrix is to be converted to a fuzzy representation matrix as suggested by Zakeri
etal. [17]. Let the fuzzy representation matrix be FR = [f;;]. The value f;; = (l;j, my;, hy;), where 1;; is the lower
boundary, m;; is the center, and hy; is the upper boundary. The x;; is converted to fj; using Eg. () adapted
from Zaketi et al. [17].

( H + xij\ .
(Xij,Xij,T) 1inj € [M, H],
3H+M ,
( 4 ,H, H) lei]' = H,
<(M 0 M3 yp SHL+ MZ)_f "
- — S’ T ~a 1 X]] = /]
fiy = 3 3H M 8)
(L, L, L) lfxll = L,
Xii( X5 + 2L+ M
< 1]( J 5 ) ,Xi]',Xi]')iin]' < M,
(T ,Xij,Xi]‘)lei]‘ > M and Xij < T

Step 5. The weights for clusters a, 8, and y are set to §, = 0.6, 6g = 0.3, and &, = 0.1. These weights were set
such that a cluster with higher perceived information is assigned a higher weight and vice versa. It must also
be noted that the sum of all cluster weights is equal to Eg. (7). The weight values have been set arbitrarily
following the example given by Zakeri et al. [17].

Step 6. The cumulative soft cluster rectangle area @; for each factor j is computed using Eg. (9).

— 2 2 2 2 2 2 2

©))
+ 871 jhy; + 87my; hyi)-

Step 7. The area ¢; is normalized to obtain the weights w; for each factor j. These weights are then used to

rank the factors. The normalization is done using Eg. (70).
wo= D (10)
LYy

4| Results

Following the methodology outlined in the previous section, information from 1448 research documents was
extracted from the Scopus database; out of these 1448, only 1371 had complete abstracts. The abstracts of
these 1371 research documents were fed to BERTopic for topic modelling. A total of 19 topics were extracted
by the BERTopic, from which 12 factors were formed. Table 2 describes the topics extracted and their related
keywords, along with the actions taken (If any) and the factors identified for evaluating the sustainability
aspects of a city. For each topic, the identified factor (If applicable) reflects a key aspect of urban sustainability,
such as innovative city technologies or sustainable transportation, derived from cohesive and relevant

keywords.

The 12 factors identified were prompted to generative Al as per S#p 7 from Section 3. Table 3 shows the
generative Al given ratings in a structured form. These values were converted to normalized score values as
per Steps 2 and 3 from Section 3 and were formed into a decision matrix to be fed to the SCR method. Table
4 shows the normalized score values for each factor-cluster combination. It must be noted that the factor-
cluster combination scores were converted to 0.01 for those values that were 0. The factor-cluster
combination score was done as L = 0.01. The decision matrix is processed by the SCR method using S#zps 3-
7 of Section 3, resulting in factor weights for the 12 factors. These factor weights are used to rank the factors.
Table 5 shows the SCR area mentioned in S7p 6 of Section 3, the factor weights, and the rank assigned to each
factor.
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Table 2. Topics extracted using BERTopic and their conversion to factors for evaluating the
sustainability aspects of a city.

Topic Action Taken  Factor Identified Keywords
(If any)

Topic 1 The keywords - Sustainability, ecological, cities, environmental,
extracted are sustainable, settlements, heritage, land, city,
too broad housing

Topic 2 - Smart city technologies Sustainability, urbanism, cities, sustainable, 10T,

((SN9)] data, environmental, sensors, analytics,
intelligent

Topic 3 - Sustainable transportation  Transportation, vehicles, logistics, transport,

and mobility (F2) commuting, walkability, vehicle, emissions,
freight, traffic

Topic 4 - Urban ecology and green  Streetscape, urbanization, ecological, gardens,

spaces (F'3) ecology, landscapes, garden, ecosystem,
ecosystems, vegetation

Topic 5 - Pollution control (FF4) Sustainability, pollution, climate, emissions,
environmental, eco, economic, Vilnius,
countries, competitiveness

Topic 6 Found to be - urbanization, shenzhen, city, yangzhou,
not relevant to governance, tianjin, zhuhai, towns,
the RQ1) governments, eco

Topic 7 Found to be - agroecology, agriculture, agricultural,
not directly agroecological, floriculture, farmers,
relevant to the horticultural, farms, cultivation, gardens
RQ)

Topic 8 - Building envelope and thermal, roofs, solarcity, rooftop, roof,

thermal efficiency (F5) insulation, buildings, architecture, architectural,
building

Topic 9 - Water management (FG) stormwater, wastewater, drainage, wetlands,
rainwater, irrigation, runoff, groundwater, flood,
freshwater

Topic 10 Found to be - sustainability, branding, environmental, tourism,
not relevant to brands, destinations, brand, tourist, tourists,
the (RQ1) affordability

Topic 11 Merged into F7 ~ Renewable energy (F7) turbines, solar, geothermal, kwh, turbine,
desalination, renewable, biomass, hydrogen,
inverter

Topic 12 Merged into F7  Renewable energy (F7) renewable, climate, emissions, energy, turbine,
energies, buildings, electricity, power, subsidies

Topic 13 - Population health (F8) streets, health, greenness, housing, populations,
obesity, lifestyles, healthier, prevalence,
transport

Topic 14 Found to be - interdisciplinarity, educating, university,
not directly education, universities, disciplines, geography,
relevant to the interdisciplinary, curriculum, teaching
RQD)

Topic 15 - Social equity (F9) gentrification, urbanism, neighborhoods,
greening, environmental, gardens, decolonizing,
cities , segregation, suburbs

Topic 16 - Waste management (IF10)  landfill, waste, recycling, composting, compost,
disposal, sewage, waste, biowaste, pyrolysis

Topic 17 Found to be LSTM, Istms, predicting, predictive, prediction,
not relevant to convolutional, rmse, dataset, neural, accuracy
the (RQ1)

Topic 18 - Utrban climate and urbanization, climate, climates, vegetation,

microclimates (F11) microclimates, climatic, land, landsat,
temperatures, temperature

Topic 19 - Urban resilience (F12) resilience, Katrina, flooding, flood, disasters,

resilient, socioeconomic, pandemic, inundation,
rainstorm
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Table 3. “Gemini 2.5 pro preview 03-25” evaluations of the factors, collected
and structured into a table.

Factor Membership/Non-Membership Vital Mediocte Immaterial

F1 Membership 0.3 0.7 0
Non-membership 0.6 0.4 0.9
F2 Membership 0.9 0.1 0
Non-membership 0.1 0.8 1
F3 Membership 0.9 0.1 0
Non-membership 0.1 0.8 1
F4 Membership 0.95 0.05 0
Non-membership 0.1 0.8 1
F5 Membership 0.8 0.2 0
Non-membership 0.2 0.6 0.9
F6 Membership 0.95 0.05 0
Non-membership 0 0.9 1
F7 Membership 0.9 0.1 0
Non-membership 0 0.9 1
F8 Membership 0.9 0.1 0
Non-membership 0.1 0.8 1
F9 Membership 0.95 0.05 0
Non-membership 0 0.9 1
F10 Membership 0.8 0.2 0
Non-membership 0.1 0.8 1
F11 Membership 0.7 0.3 0
Non-membership 0.2 0.6 0.9
F12 Membership 0.9 0.1 0
Non-membership 0.1 0.8 1

Table 4. Decision matrix with normalized score values to be used for the SCR method.

F1 F2 F3 F4 F5 F6 F7 F8 F9 F10 F11 F12
Vital 0.406 0.864 0.864 0.928 0.752 0.929 0.865 0.8064 0.929 0.756 0.668 0.864
Mediocre  0.640 0.245 0.245 0.244 0396 0.136 0.136  0.245 0.136  0.248 0.406 0.245
Immaterial 0.136  0.010 0.010 0.010 0.136 0.010 0.010 0.010 0.010 0.010 0.136 0.010

Table 5. Ranking of the factors determined;
results of the Fermatean fuzzy integrated
SCR method with an Al expert.

Factors SCR area Factor weight Rank

F1 0.220689  0.02388 8
F2 0.854903  0.092506 3
I3 0.854903  0.092506 3
F4 0.960569  0.103939 1
F5 0.702521  0.076017 5
Fo6 0.954697  0.103304 2
EF7 0.848967  0.091863 4
I8 0.854903  0.092506 3
9 0.954697  0.103304 2
F10 0.690011  0.074663 6
F11 0.489875  0.053007 7
F12 0.854903  0.092506 3

5| Conlusion

This study proposed a novel MCDM framework integrating BERTopic-based factor identification, generative
Al expert elicitation, Fermatean fuzzy sets for uncertainty modelling, and the SCR method for factor
prioritization to evaluate the sustainability aspects of cities. The results presented in Tuble 5 offer a prioritized
list of factors derived through this structured, data-driven approach.
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The top-ranked factor, pollution control (F4), highlights the critical importance of addressing air, water, and
soil pollution in urban environments to achieve sustainability. Pollution control aligns with the pressing global
challenges highlighted in the introduction, where pollution is identified as a significant health and
environmental issue [6]. Following closely are water management (F6) and social equity (I'9), ranked joint
second. Efficient and sustainable water resource management is crucial given population growth and climate
change pressures, while social equity is fundamental to the social dimension of sustainability, ensuring
inclusivity and access to opportunities for all residents [58—61]. The high ranking of these factors suggests
that foundational environmental health and social justice issues are petceived as paramount for urban
sustainability.

Factors such as sustainable transportation and mobility (F2), Urban ecology and green spaces (FF3), population
health (F8), and urban resilience (F12) shate the third rank. This cluster highlights the interconnectedness of
environmental quality (Green spaces, reduced emissions from transport), public well-being (Health
outcomes), and the city's ability to withstand shocks (Resilience). The importance attributed to these factors
reflects the holistic view of sustainable cities encompassing environmental integrity, quality of life, and
preparedness. Renewable Energy (F7) ranks fourth, indicating its significant role, yet perhaps perceived as
slightly less critical than immediate pollution control or water management in this specific evaluation context.
Building envelope and thermal efficiency (F5) and Waste management (F10) follow, ranking fifth and sixth,
respectively. While they are essential components of resource efficiency and environmental management, they
were ranked lower than the top-tier factors.

Interestingly, urban climate and microclimates (F11) and Smart city technologies (F1) received lower ranks
(Seventh and eighth, respectively). The relatively lower ranking of smart city technologies might suggest that
while technology can be an enabler, it is perceived as less fundamental than core environmental, social, and
resource management aspects for achieving sustainability [62], [63]. This finding contrasts with some
narratives that heavily emphasize technology but aligns with perspectives prioritizing foundational
sustainability principles [64—0606]. The lower rank for urban climate might indicate that while related to broader
climate change (Addressed partially by F4, F7), its specific focus on microclimates was deemed less universally
vital compared to immediate pollution or resource issues by the Al expert.

In addressing the research questions posed:

1. (RQ1) What are the key factors for evaluating the “sustainability” aspects of a city? This study identified 12
key factors through a systematic, literature-driven topic modelling approach using BERTopic (Table 2). These
factors span environmental (e.g., F4, Fo6, F7, F10, F11), social (e.g, F8, F9, F12), and
infrastructural/technological dimensions (e.g., F1, F2, F5).

II. (RQ2) How should these factors be prioritized? The study prioritized these factors using an integrated
Fermatean Fuzzy SCR method informed by generative Al expert input, resulting in the ranking presented in
Table 5. An integrated Fermatean Fuzzy SCR method provides a clear hierarchy, suggesting areas for focused
attention by policymakers.

Methodologically, this study successfully demonstrated the integration of advanced techniques to overcome
limitations of traditional MCDM approaches. BERTopic enabled efficient, data-grounded identification of
factors from a large corpus, reducing reliance on potentially biased manual reviews. Using a generative Al
model (Gemini 2.5 Pro) with chain-of-thought enabled reasoning provided scalable and structured expert
input, avoiding the logistical and cognitive load issues associated with human expert panels. Fuzzy sets
effectively captured the inherent uncertainty in the Al's judgments, offering a more nuanced representation
than crisp values. The SCR method facilitated weight elicitation without requiring laborious pairwise
comparisons, mitigating cognitive fatigue and potential inconsistency, aligning with the identified gap in the
Literature (Tuable 7).

The findings have significant practical implications for urban planners and policymakers. The prioritized list
of factors can guide strategic planning and resource allocation towards areas with the highest perceived impact
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on urban sustainability, such as pollution control, water management, and social equity. Furthermore, the
proposed framework itself offers a replicable, scalable, and adaptable methodology for evaluating
sustainability priorities in different urban contexts or as new challenges emerge.

Despite the methodological contributions, this study has several limitations:

1. BERTopic's performance can be sensitive to patameter choices (e.g., embedding model, clustering algorithm
settings). While state-of-the-art techniques were used, the resulting topics still required manual interpretation,
filtering, and merging, introducing a degree of subjectivity. The analysis was also limited to abstracts, potentially
missing nuances present in full texts.

II. While generative Al offers scalability and consistency, it is not without drawbacks. The Al's knowledge is based
on its training data, which may contain biases or be outdated. Its "understanding" lacks the lived expetience
and contextual depth of human experts. Although Chain-of-Thought prompting encourages structured
reasoning, the Al's internal processes remain somewhat opaque (A "black box"). The results are also specific
to the Al model used (Gemini 2.5 Pro); other models might yield different evaluations.

III. The SCR method relies on predefined cluster weights (84, 83, 8y) and boundary parameters (L, M, H). The
choice of these parameters (Set arbitrarily in this study based on the original SCR paper) can influence the final

weights, and determining optimal values requires further investigation.

IV. The study provides a snapshot prioritization. Sustainability priorities can evolve due to changing environmental
conditions, technological advancements, or societal values.

Building on this work, future research could explore several avenues:

I Investigate the impact of different embedding models or clustering algorithms within BERTopic. Compare
the outputs of various generative Al models (e.g., GPT-4, Claude 3) as experts. Explore adaptive or data-
driven methods for setting SCR cluster weights and parameters.

II. Integrate input from human experts alongside Al experts, potentially using a consensus-building approach or
assigning different weights based on expertise domains. Integrating input from human experts alongside Al

experts could combine the breadth of Al knowledge with the depth of human experience.

II. Apply the framework to specific cities or regions, incorporating local data and stakeholder input to tailor the
factor list and prioritization to the unique context.

I17. Develop longitudinal studies to track how sustainability priorities shift over time and how the framework can
be adapted for dynamic decision-making.

V. Extend the framework to model the interrelationships and feedback loops between sustainability factors (e.g.,
using methods like DEMATEL or ANP, potentially adapted to use Al-driven relationship mapping to reduce

pairwise comparison burden).

1. Apply topic modelling to the full texts of relevant articles, rather than just abstracts, to potentially capture
more detailed and nuanced factors.

V1. Compare the rankings generated by this framework with rankings derived from traditional expert panels or
other established sustainability indices for validation purposes.

By addressing these limitations and exploring these future directions, research can further enhance the utility
of integrated, Al-assisted MCDM frameworks for advancing sustainable urban development.

Data Availability

The data extracted from the Scopus database, the normalized score values of the decision matrix, and the
Python Jupyter notebooks written for the BERTopic modelling and SCR method can be found in the
following ~ GitHub  repository:  https://github.com/regiusherder/Prioritizing-Factors-for-assessing-
Sustainablity-of-Cities


https://github.com/regiusherder/Prioritizing-Factors-for-assessing-Sustainablity-of-Cities
https://github.com/regiusherder/Prioritizing-Factors-for-assessing-Sustainablity-of-Cities

119

Yadav | Manag. Anal. Soc. Insights. 2(2) (2025) 108-122

Conflicts of Interest

The authors declare no conflict of interest.

References

(1]

(2]

(3]

(4]
[5]
6]

[7]

8]

(%]

[10]

[11]

(12]

[13]

[14]

[15]

[16]

[17]

(18]

Anastasiadis, P., & Metaxas, G. (2013). Formulating the principles of an eco-city. World transactions on
engineering and technology education, 11(4), 394-399.
http://www.wiete.com.au/journals/WTE&TE/Pages/Vol.11, No.4 (2013)/07-Metaxas-G.pdf

Hemstroém, K., Polk, M., & Smit, W. (2024). Sustainable cities. In the Elgar encyclopedia of interdisciplinarity
and transdisciplinarity (pp. 497-500). Edward Elgar Publishing.
https://doi.org/10.4337/9781035317967.ch109

Vara-Horna, A. (2020). Violence against women and sustainable cities. Building sustainable cities: social,
economic and environmental factors, 123-134. https://link.springer.com/chapter/10.1007/978-3-030-45533-
0_10

Charbit, Y. (2022). Population and development issues. John Wiley & Sons. https://B2n.ir/hp2182

Ishiguro, Y. (2006). Sustainable global civilization. Management of natural resources, sustainable
development, and ecological hazards, 99, 21. https://B2n.ir/mn4015

Barnosky, A. D., Ehrlich, P. R., & Hadly, E. A. (2016). Avoiding collapse: Grand challenges for science
and society to solve by 2050. Elementa, 4, 94. https://doi.org/10.12952/journal.elementa.000094

Elmqvist, T., Andersson, E., Frantzeskaki, N., McPhearson, T., Olsson, P., Gaffney, O., Folke, C. (2019).
Sustainability and resilience for transformation in the urban century. Nature sustainability, 2(4), 267-273.
https://doi.org/10.1038/s41893-019-0250-1

Eleftheriadou, D., Hartog, E., & Gkiaouri, N. (2021). The city's challenge: Driving a green and digital
recovery and social resilience. Computer, 54(5), 70-75. https://doi.org/10.1109/MC.2021.3064439
Scardovi, C. (2021). Sustainable cities: Big Data, artificial intelligence and the rise of green, “cy-phy” cities.
Springer. https://B2n.ir/fs2462

Chan, J. K. H. (2023). The ethics of wicked problems: An exegesis. Socio-ecological practice research, 5(1),
35-47. https://doi.org/10.1007/s42532-022-00137-3

Attinger, S. (2011). US cities get serious about sustainability. International journal of innovation science,
3(1), 29-40. https://doi.org/10.1260/1757-2223.3.1.29

Longo, D., Boeri, A., Gianfrate, V., Palumbo, E., & Boulanger, S. O. M. (2018). Resilient cities: Mitigation
measures for urban districts. A feasibility study. International journal of sustainable development and
planning, 13(5), 734-745. 10.2495/SDP-V13-N5-734-745

Pickerill, J., Chitewere, T., Cornea, N., Lockyer, J., Macrorie, R., Blazek, ]. M., & Nelson, A. (2024). Urban
ecological futures: Five eco-community strategies for more sustainable and equitable cities. International
journal of urban and regional research, 48(1), 161-176. https://doi.org/10.1111/1468-2427.13209
Grootendorst, M. (2022). BERTopic: Neural topic modeling with a class-based TF-IDF procedure. ArXiv
Preprint ArXiv:2203.05794. https://doi.org/10.48550/arXiv.2203.05794

Wei, J.,, Wang, X., Schuurmans, D., Bosma, M., Ichter, B., Xia, F., Zhou, D. (2022). Chain-of-thought
prompting elicits reasoning in large language models. Advances in neural information processing systems
(Vol. 35, pp. 24824-24837). Curran Associates, Inc. https://B2n.ir/hp3323

Senapati, T., & Yager, R. R. (2020). Fuzzy sets. Journal of Ambient Intelligence and Humanized Computing,
11, 663-674. https://doi.org/10.1007/s12652-019-01377-0

Zakeri, S., Konstantas, D., Chatterjee, P., & Zavadskas, E. K. (2025). Soft cluster-rectangle method for
eliciting criteria weights in multi-criteria decision-making. Scientific reports, 15(1), 284.
https://doi.org/10.1038/s41598-024-81027-4

Azmoodeh, M., Haghighi, F., & Motieyan, H. (2023). Capability index: Applying a fuzzy-based decision-
making method to evaluate social inclusion in urban areas using the capability approach. Social indicators
research, 165(1), 77-105. https://doi.org/10.1007/s11205-022-03005-5



Prioritizing sustainable city factors: A generative Al-driven fermatean fuzzy priotitization framework 120

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

[30]

[31]

[32]

[33]

[34]

[35]

Jiang, F., Li, ], Ma, L., Dong, Z., Chen, W., Broyd, T., & Wang, G. (2024). Sustainable urban road
planning under the digital twin-MCDM-GIS framework considering multidisciplinary factors. Journal of
Cleaner Production, 469, 143097. https://doi.org/10.1016/j.jclepro.2024.143097

Kshanh, I., & Tanaka, M. (2024). Comparative analysis of MCDM for energy efficiency projects
evaluation towards sustainable industrial energy management: Case study of a petrochemical complex.
Expert systems with applications, 255, 124692. https://doi.org/10.1016/j.eswa.2024.124692

Lin, S. H., Zhao, X., Wu, ], Liang, F., Li, ]. H,, Lai, R. J., Tzeng, G. H. (2021). An evaluation framework for
developing green infrastructure by using a new hybrid multiple attribute decision-making model for
promoting environmental sustainability. Socio-economic planning sciences, 75, 100909.
https://doi.org/10.1016/j.seps.2020.100909

Tahmasebi Birgani, Y., & Yazdandoost, F. (2018). An integrated framework to evaluate resilient-
sustainable urban drainage management plans using a combined-adaptive MCDM technique. Water
resources management, 32, 2817-2835. https://doi.org/10.1007/s11269-018-1960-2

Saaty, T. L. (1980). The analytic hierarchy process (AHP). McGraw-Hill, New York.

https://www .scirp.org/reference/ReferencesPapers?ReferencelD=1943982

Shannon, C. E. (1948). A mathematical theory of communication. The Bell system technical journal, 27(3),
379-423. https://doi.org/10.1002/j.1538-7305.1948.tb01338.x

Hwang, C. L., Yoon, K., Hwang, C. L., & Yoon, K. (1981). Methods for multiple attribute decision
making. In Multiple attribute decision making: Methods and applications, a state-of-the-art survey (pp. 58-191).
Springer. https://doi.org/10.1007/978-3-642-48318-9_3

Han, D., Kalantari, M., & Rajabifard, A. (2023). Identifying and prioritizing sustainability indicators for
assessing demolition waste management in China using a modified Delphi-analytic hierarchy process
method. Waste management & research, 41(11), 1649-1660. https://doi.org/10.1177/0734242X231166309
Jamali, A., Robati, M., Nikoomaram, H., Farsad, F., & Aghamohammadi, H. (2023). Urban resilience
assessment using a hybrid MCDM model based on DEMATEL-ANP method (DANP). Journal of the
indian society of remote sensing, 51(4), 893-915. https://doi.org/10.1007/s12524-023-01670-8

Maguire, D. J. (1991). An overview and definition of GIS. Geographical information systems: Principles and
applications, 1(1), 9-20. https://B2n.ir/uk2636

Gabus, A., & Fontela, E. (1972). World problems, an invitation to further thought within the framework of the
DEMATEL battelle institute. Geneva Research Centre.

https://www scirp.org/reference/referencespapers?referenceid=1847240

Saaty, T. L., Vargas, L. G,, Saaty, T. L., & Vargas, L. G. (2013). The analytic network process. In Book
decision making with the analytic network process (pp.1-26). Springer. http://dx.doi.org/10.1007/0-387-33987-
6_1

Choudhury, S., Saha, A. K., Bhowmik, D., & Simic, V. (2024). A Pythagorean fuzzy Einstein weighted
averaging operator-based MCDM model for the selection of sustainable urban drainage systems.
Environment, development and sustainability, 1-31. https://doi.org/10.1007/s10668-024-05496-3

Yager, R. R. (2013). Pythagorean membership grades in multicriteria decision making. IEEE transactions
on fuzzy systems, 22(4), 958-965. https://doi.org/10.1109/TFUZZ.2013.2278989

Kutty, A. A., Kucukvar, M., Onat, N. C., Ayvaz, B., & Abdella, G. M. (2023). Measuring sustainability,
resilience, and livability performance of European smart cities: A novel fuzzy expert-based multi-criteria
decision support model. Cities, 137, 104293. https://doi.org/10.1016/j.cities.2023.104293

Kutlu Giindogdu, F., & Kahraman, C. (2020). Spherical fuzzy Analytic Hierarchy Process (AHP) and its
application to industrial robot selection. In Intelligent and fuzzy techniques in big data analytics and decision
making: Proceedings of the INFUS 2019 conference, Istanbul, Turkey, July 23-25, 2019 (pp. 988-996). Springer
International Publishing. https://doi.org/10.1007/978-3-030-23756-1_117

Keshavarz Ghorabaee, M., Zavadskas, E. K., Olfat, L., & Turskis, Z. (2015). Multi-criteria inventory
classification using a new method of evaluation based on distance from average solution (EDAS).
Informatica, 26(3), 435—451. https://doi.org/10.3233/INF-2015-1070



121

Yadav | Manag. Anal. Soc. Insights. 2(2) (2025) 108-122

[36]

[37]

[38]

[39]

[40]

[41]

[42]

[43]

[44]

[45]

[46]

[47]

[48]

[49]

[50]

[51]

[52]

Seker, S. (2022). IoT-based sustainable smart waste management system evaluation using MCDM model
under interval-valued gq-rung orthopair fuzzy environment. Technology in society, 71, 102100.
https://doi.org/10.1016/j.techsoc.2022.102100

Wang, J., Gao, H., Wei, G., & Wei, Y. (2019). Methods for multiple-attribute group decision making with
g-rung interval-valued orthopair fuzzy information and their applications to the selection of green
suppliers. Symmetry, 11(1), 56. https://doi.org/10.3390/sym11010056

Seker, S., Aydin, N., & Tuzkaya, U. R. (2024). What is Needed to design sustainable and resilient cities:
Neutrosophic fuzzy-based DEMATEL for designing cities. International journal of disaster risk reduction,
108, 104569. https://doi.org/10.1016/j.ijdrr.2024.104569

Das, S., Roy, B. K., Kar, M. B,, Kar, S., & Pamucar, D. (2020). Neutrosophic fuzzy set and its application
in decision making. Journal of ambient intelligence and humanized computing, 11, 5017-5029.
https://webvpn.york.ac.uk/10.1007/,Danalnfo=doi.org,SSL+s12652-020-01808-3

Krishankumar, R., Mishra, A. R., Rani, P., Ecer, F., & Ravichandran, K. S. (2023). Assessment of zero-
carbon measures for sustainable transportation in smart cities: A CRITIC-MARCOS framework based on
Q-rung fuzzy preferences. IEEE internet of things journal, 10(21), 18651-18662.
https://doi.org/10.1109/JI0T.2023.3293513

Yager, R. R. (2016). Generalized orthopair fuzzy sets. IEEE transactions on fuzzy systems, 25(5), 1222-1230.
https://doi.org/10.1109/TFUZZ.2016.2604005

Diakoulaki, D., Mavrotas, G., & Papayannakis, L. (1995). Determining objective weights in multiple
criteria problems: The critic method. Computers & operations research, 22(7), 763-770.
https://doi.org/10.1016/0305-0548(94)00059-H

Stevié, 7., Pamuéar, D., Puska, A., & Chatterjee, P. (2020). Sustainable supplier selection in healthcare
industries using a new MCDM method: Measurement of alternatives and ranking according to
Compromise Solution (MARCOS). Computers & industrial engineering, 140, 106231.
https://doi.org/10.1016/j.cie.2019.106231

Devlin, J., Chang, M. W.,, Lee, K., & Toutanova, K. (2019). Bert: Pre-training of deep bidirectional
transformers for language understanding. In Proceedings of the 2019 conference of the North American
chapter of the association for computational linguistics: Human language technologies, volume 1 (Long and short
papers) (pp. 4171-4186). https://aclanthology.org/N19-1423.pdf

Campello, R. J. G. B.,, Moulavi, D., Zimek, A., & Sander, J. (2015). Hierarchical density estimates for data
clustering, visualization, and outlier detection. ACM transactions on knowledge discovery from data (TKDD),
10(1), 1-51. https://doi.org/10.1145/2733381

Blei, D. M., Ng, A. Y., & Jordan, M. L. (2003). Latent dirichlet allocation. Journal of machine learning
research, 3, 993-1022. https://www jmlr.org/papers/volume3/blei03a/blei03a.pdf

Kousis, A., & Tjortjis, C. (2023). Investigating the key aspects of a smart city through topic modeling and
thematic analysis. Future internet, 16(1), 3. https://doi.org/10.3390/fi16010003

Das, P., Mandal, S., Nedungadi, P., & Raman, R. (2025). Unveiling sustainable tourism themes with
machine learning based topic modeling. Discover sustainability, 6(1), 280.
https://link.springer.com/content/pdf/10.1007/s43621-025-01065-4.pdf

Raman, R., Pattnaik, D., Lathabai, H. H., Kumar, C., Govindan, K., & Nedungadi, P. (2024). Green and
sustainable Al research: An integrated thematic and topic modeling analysis. Journal of Big Data, 11(1), 1-
28. https://link.springer.com/content/pdf/10.1186/s40537-024-00920-x.pdf

Atanassov, K. T. (1986). Intuitionistic fuzzy sets. Fuzzy sets and systems, 20(1), 87-96.
https://doi.org/10.1016/50165-0114(86)80034-3

Hackl, V., Miiller, A. E., Granitzer, M., & Sailer, M. (2023, December). Is GPT-4 a reliable rater?
Evaluating consistency in GPT-4's text ratings. In Frontiers in education (Vol. 8, p. 1272229). Frontiers
Media SA. https://doi.org/10.3389/feduc.2023.1272229

Jia, J., Yuan, Z,, Pan, ], McNamara, P. E., & Chen, D. (2024). Decision-making behavior evaluation
framework for llms under an uncertain context. Advances in neural information processing systems (Vol. 37,
pp. 113360-113382). Curran Associates, Inc. https://B2n.ir/qk9689



Prioritizing sustainable city factors: A generative Al-driven fermatean fuzzy priotitization framework 122

[53]

[54]

[55]

[56]

[57]

[58]

[59]

[60]

[61]

[62]

[63]

[64]

[65]

[66]

Wang, X., & Wu, X. (2024). Can ChatGPT serve as a multi-criteria decision maker? A novel approach to
supplier evaluation. ICASSP 2024-2024 IEEE International Conference on Acoustics, Speech, and Signal
Processing (ICASSP) (pp. 10281-10285). IEEE. https://doi.org/10.1109/ICASSP48485.2024.10447204
McKinney, W. (2011). pandas: A foundational Python library for data analysis and statistics. Python for
high performance and scientific computing, 14(9), 1-9. https://B2n.ir/yn7850

Song, K., Tan, X., Qin, T, Lu, J., & Liu, T. Y. (2020). MPNet: Masked and permuted pre-training for
language understanding. Advances in neural information processing systems (Vol. 33, pp. 16857-16867).
Curran Associates, Inc. https://B2n.ir/hw6197ml

Sperandeo, S. (2025). homer6 / all-mpnet-base-v2. https://github.com/homer6/all-mpnet-base-v2
Robertson, S., Zaragoza, H. (2009). The probabilistic relevance framework: BM25 and beyond.
Foundations and trends in information retrieval, 3(4), 333-389. http://dx.doi.org/10.1561/1500000019
Bozorg-Haddad, O., Bahrami, M., Gholami, A., Chu, X., & Lodiciga, H. A. (2024). Investigation and
classification of water resources management strategies: Possible threats and solutions. Natural hazards,
120(11), 9867-9892. https://doi.org/10.1007/s11069-024-06589-y

Pandya, A. B, Singh, S., & Sharma, P. (2022). Climate change and its implications for irrigation,
drainage, and flood management. In Water security under climate change (pp. 95-110). Springer.
https://doi.org/10.1007/978-981-16-5493-0_6

Karpilow, Q. (2015). Strategies for integrating equity into urban sustainability: Reflections from
cleveland. Sustainability: The journal of record, 8(4), 185-191. https://doi.org/10.1089/SUS.2015.29011
Lima, J. J. (2016). Urban reform and development regulation: The case of Belém, Brazil. In Designing
sustainable cities in the developing world (pp. 135-150). Routledge. https://B2n.ir/dn1504

Nikolov, N. (2024, June). Smart cities as a tool for environmental sustainability: Opportunities and
challenges. In Environment. Technologies. Resources. Proceedings of the international scientific and practical
conference (Vol. 1, pp. 261-266). https://doi.org/10.17770/etr2024vol1.7948

E. Mabee, W., Jean Blair, M., T. Carlson, J., & & N.M. DeLoyde, C. (2019). Sustainability. In International
encyclopedia of human geography, second edition (pp. 157-163). Elsevier. https://doi.org/10.1016/B978-0-08-
102295-5.10014-9

Sao, A., & Gupta, J. (2023). Sustainability indicators and ten smart cities review. 2023 IEEE International
conference on contemporary computing and communications (INC4) (Vol. 1, pp. 1-6). IEEE.
https://doi.org/10.1109/InC457730.2023.10263236

Webster, C. W. R, & Leleux, C. (2019). Searching for the real sustainable smart city? Information polity,
24(3), 229-244. https://doi.org/10.3233/IP-190132

Yigitcanlar, T., Kamruzzaman, M., Foth, M., Sabatini-Marques, J., Da Costa, E., & Ioppolo, G. (2019). Can
cities become smart without being sustainable? A systematic review of the literature. Sustainable cities and
society, 45, 348-365. https://doi.org/10.1016/j.scs.2018.11.033



