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Abstract: The increasing urbanisation and technological advancements have driven the
global adoption of smart city initiatives, yet regional differences persist due to economic,
social, and technological disparities. Despite the numerous studies on smart cities, there
remains a research gap in comprehensive global analyses exploring regional differentia-
tions in smart city development. This study aims to examine how smart cities differentiate,
especially through associations between regions and smart city dimensions. This study
utilises data from the IMD Smart City Index 2023 and applies a multi-step methodology
based on the United Nations’ geographic regions, employing geographical and statisti-
cal analyses. The findings reveal distinct regional differentiations, highlighting a clear
Global North–South divide and notable subregional differentiations, including the North–
South divide in the Americas and the East–West divide in Asia. The correlation analysis
demonstrates significant relationships between smart city dimensions, with smart mo-
bility and smart living exhibiting the highest association. The correspondence analysis
further identifies four major regional concentration groups, notably the Global North,
with equi-distant associations with all dimensions, and Asia, which is closely linked to
smart governance. The findings confirm that smart city development is not uniform and is
shaped by regional socio-economic and technological conditions and emphasises the need
for context-dependent regional policies.

Keywords: smart cities; regional differentiations; smart city dimensions; IMD Smart City
Index 2023

1. Introduction
The world has become increasingly urbanised, with over 55% of the global population

residing in urban areas as of 2018, up from 30% in 1950. This trend is expected to continue,
with projections indicating that by 2050, 68% of the population will live in urban areas [1].
This urban growth has presented opportunities but also new challenges, necessitating
innovative solutions for sustainable urban management. In response to these challenges,
the smart city concept has emerged as a strategic approach to enhancing urban efficiency
through technological and data-driven solutions [2–4]. By leveraging digital innovations,
smart cities aim to improve infrastructure, governance, mobility, and sustainability, making
urban environments more liveable and resilient.

The smart city concept has been widely debated in the academic and policy dis-
course [5–10]. Despite having no universally accepted definition, there is a consensus
around its central theme—technology as the catalyst for the smart city. Early interpretations
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emphasise a technology-driven approach, viewing smart cities as urban spaces optimised
through information and communication technology (ICT), artificial intelligence, and big
data analytics [11–19]. However, recent perspectives endorse a human-centred approach,
integrating socio-economic factors, governance, and environmental issues to enhance urban
life and sustainability [20–26]. This diversity in approaches illustrates the dynamic and
interdisciplinary nature of the smart city concept, which ranges from a purely technological
framework to a more comprehensive perspective encompassing society, economy, and the
environment, along with technology. This study adopts the comprehensive perspective,
defining smart cities as urban environments that integrate advanced technologies while
addressing regional development patterns, governance structures, and socio-economic
conditions. This comprehensive perspective of the definition of smart cities indicates that
smart city development is not solely reliant on the availability of the technological infras-
tructure but is also shaped by the institutional, social, and economic infrastructures [27,28],
as well as the availability and quality of human and social capital [29–31].

Cities are complex systems, necessitating the consideration of various dimensions
to achieve smart outcomes [32,33]. Researchers and institutions employ different dimen-
sions to articulate their perspectives regarding the goals of the research or the smart city
initiative [6,34–36]. An examination of the smart city literature reveals that the most fre-
quently mentioned smart city dimensions are people, governance, economy, living, the
environment, and mobility [22,30,37,38]. Nonetheless, there is also research focusing on
specific dimensions, such as healthcare and education systems, security and safety, energy
and waste management, or public participation [6,15,27,33,39]. This study adopts the
dimensions developed by Giffinger and his colleagues [22] in the most-cited reference on
smart city research, while the other dimensions are considered under the following main
categories: smart contract, smart transaction, and smart agriculture are located under smart
economy; participation is located under smart governance; smart health, smart education,
and smart safety/security are located under smart living; and finally, smart energy and
smart waste management subjects are located under the smart environment dimension.

Smart people are educated, technologically skilled, and socially active individuals who
drive innovation, public participation, and economic growth [40,41]. Smart governance
ensures transparency, efficiency, and citizen participation in decision-making processes
through digital tools and adaptive policies [42,43]. Smart economy leverages techno-
logical advancements, including blockchain systems and online transactions, integrated
national/international markets, and smart agriculture implementations, in order to enhance
the economic competitiveness, productivity, entrepreneurship, trademarks, and flexibility
of the labour market [22]. Smart living utilises emerging technologies to improve overall
quality of life, including different aspects, such as housing, healthcare, education, tourism,
and security services [22]. The smart environment integrates technology into traditional
systems to optimise resource management and energy efficiency to achieve environmental
sustainability [40], while smart mobility employs technology to enhance the local and inter-
national accessibility and connectivity of people through ICT infrastructure and sustainable
urban transportation systems [27]. Together, these dimensions define a smart city’s ability
to foster innovation, efficiency, and sustainability. Not all dimensions need to be observable
or concurrently present in a specific city for it to be qualified as a smart city [33]. Based
on the areas of interest, the smart city dimensions may vary from one city to another [27];
some may be more prominent, while others are less referenced or even omitted.

The rapid evolution of the smart city concept has led to significant regional differentia-
tions in smart city implementations due to economic, social, and technological disparities.
While numerous studies have attempted to assess, evaluate, and compare smart cities at
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different scales [44–59], there are few comprehensive studies addressing regional differenti-
ations in the global context in the smart city literature.

A significant study focusing on regional differentiation was conducted by Al-
izadeh [56], who examined the Global North–South divide in smart city development,
highlighting how Global South cities often adopt Northern models without questioning
their contextual conditions. Analysing IBM’s Smarter Cities Challenge, this study reveals
differing priorities: economic growth and sustainability in the Global North versus ad-
ministrative efficiency in the Global South. To conclude, it calls for context-dependent
smart city frameworks to address governance and equity challenges. However, it struggles
to fully explain regional differentiations, primarily highlighting the Global North–South
divide but not different regional scales. Another study conducting a geographical analysis
of smart cities, directed by Carboni [57], analyses the world’s top-ranked smart cities, iden-
tifying key characteristics and policies that contribute to their success. Using qualitative
analysis and thematic mapping, it compares the top-ranked smart cities from the IMD
Smart City Index, IESE Cities in Motion Index, and Top 50 Smart Cities Governments
Index. To conclude, it underscores the global distribution of smart cities across various
continents, emphasising the international impact and importance of the smart city concept.
However, it overlooks regional differentiations by only focusing on the top-ranked smart
cities, lacking an in-depth analysis of the dimensions that shape smart city development
across different regional contexts. A distinct study focusing on a global review of smart
cities was conducted by Chen [58], which explores the relationship between smart cities,
subjective well-being, and urban liveability, contending that happiness is essential for
fostering sustainable urban growth. It concludes that technological advancements alone
do not provide enhanced quality of life; rather, elements such as green areas, air pollution
management, and recycling services substantially influence urban well-being. The dis-
tinguishing feature of the study is that it underscores regional disparities, indicating that
cities within varying geographies encounter distinct challenges in attaining sustainability
and happiness. One limitation of this study is that it approaches smart city development
primarily from the perspectives of sustainability, liveability, and urban happiness, so the
analyses made use of the smart cities as a tool, rather than an end goal, in response to the
research questions and areas of concentration. The last study examined was carried out by
Kuzior and colleagues [59], who explored the e-governance performance of 68 cities listed
in the IMD Smart City Index by considering economic, social, political, and technological
indicators. Utilising statistical analyses, the research reveals that the Human Development
Index (HDI) strongly influences e-governance, while Gross National Income (GNI) per
capita has no direct impact. The research underscores the role of digital infrastructure and
citizen engagement in smart governance, offering valuable insights for policymakers. By
focusing only on one dimension of the smart city, it faces limitations in its ability to explain
all aspects of the smart city concept and its dimensional diversity in the global context.

A review of the research regarding the differentiations of smart cities at different
scales (Table A1) shows specific shortcomings arising from (1) the broader perspec-
tive that either encompasses global regions [56] or scrutinises particular cities world-
wide [51,52,57,58]; (2) the narrow emphasis on specific cities [45,55], countries [47–49,54]
or regions [44,46,50,53]; and (3) the limited focus on particular dimensions [59]. These
shortcomings generate a research gap in the global evaluation of smart cities. The objec-
tive of this study is to conduct a comprehensive analysis of smart cities to address the
identified research gap, with a particular emphasis on regional differentiations and the con-
current examination of smart city dimensions. The study explicitly addresses the following
research questions:

1. How do smart cities differentiate across regions?
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2. How do smart city dimensions relate to each other?
3. Which associations exist among smart city dimensions and regions?
4. Which factors contribute to the regional differentiations of smart cities?

In order to answer these research questions, the study conducts geographical and
statistical analyses based on the data derived from the IMD Smart City Index 2023 [60]
and explores differentiations at the sub/intermediary regional scale by the United Nations
Department of Economic and Social Affairs, Statistics Division (UNSD) [61]. The main goal
of this study is to deliver a comprehensive geographical analysis of smart cities, providing
novel insights into regional differentiations within a global framework, in contrast to prior
research, which predominantly concentrated on certain cities, countries, or regions. The
findings of the research have significant policy implications, emphasising the need for
context-dependent strategies considering the economic, social, and technological conditions
of each region.

2. Materials and Methods
A multi-step research strategy was employed to fulfil the study’s objective and to

answer the research questions, encompassing (1) the identification of an appropriate data
source, (2) methodical data extraction and aggregation, and (3) statistical data analyses. As
illustrated in the methodology flowchart (Figure 1), the research began with the selection of
the data source as the IMD Smart City Index 2023, followed by a two-stage data extraction
process from records at the city scale. Relevant indicators were then grouped into six smart
city dimensions, and average scores were calculated for each city and sub/intermediary
region. Descriptive statistics and correlation and correspondence analyses were then ap-
plied to explore the differentiations between and associations among regions and smart city
dimensions. Visualisation tools facilitated both statistical and geographic representations
of the findings.
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2.1. Data Source: IMD Smart City Index 2023

The research was conducted utilising the data from the chosen smart city index. The
smart city indices are commonly utilised to assess and compare cities based on their smart
city performances through quantitative indicators [42]. Various researchers and organi-
sations have generated smart city indexing systems [22,30,60,62–66]. These indices vary
in theme, scope, and measurement level, employing unique evaluation criteria and meth-
ods [3,57,67–72]; nonetheless, whether market-orientated or research-based, they all seek to
assess cities based on their smartness level and to publish rankings accordingly. Despite
criticisms regarding their comprehensiveness, flexibility, accountability, accuracy, and uni-
versality [3,67,68,71,72], these indices are useful in monitoring smart city performances and
facilitating comparisons at different scales [73].

Based on the research conducted by Lai and Cole [68] aiming to critically examine
different indices, the IMD Smart City Index (SCI), as “. . .an ongoing initiative. . . since 2019,
has emerged as a pivotal tool within the domain of smart city assessment” [74] (p. 1332).
This study selected the SCI as the data source for the following reasons: (1) it encompasses
a broad range of cities, enabling a geographical analysis in the global context; (2) it evalu-
ates technological, social, and economic dimensions, ensuring a holistic assessment [40];
(3) it assesses the dynamics of the city’s ranking over time; (4) it is a reliable study, carried
out over an extended period of time by a group of researchers and institutes; (5) it dif-
fers from other indices, being citizen-centric by relaying on data gathered through citizen
surveys [74,75]; and (6) its data and/or method are frequently referenced in research exam-
ining smart cities [40,52,57–59,74,76,77] or as an index in research evaluating assessment
tools [68,71,72].

The IMD Smart City Index 2023 (henceforth referred to as the SCI-2023) [60] is the
fourth version of the research carried out by the International Institute for Management
Development (IMD) in collaboration with the World Smart Sustainable Cities Organization
(WeGO). The SCI-2023 assesses 141 cities globally through surveys that capture the percep-
tions of 120 randomly chosen citizens in each city of the smart city developments [78]. The
survey comprises three sections aimed at (1) determining citizens’ priorities for their cities,
encompassing affordable housing, road congestion, employment opportunities, and green
spaces; (2) evaluating their attitudes towards privacy concerns, specifically their comfort
with technologies like facial recognition and the sharing of personal data to reduce conges-
tion; and (3) understanding their perspectives on structure and technology pillars based on
five specific domains: (a) health and safety, (b) mobility, (c) activities, (d) opportunities, and
(e) governance [75]. The structure pillar evaluates issues pertaining to the city’s existing
infrastructure. It reflects how well the physical and institutional frameworks support the
residents’ quality of life, encompassing specific domains. The technology pillar assesses
the availability and utilisation of technological solutions and services within the city. It
examines how technology is integrated to enhance specific domains.

The SCI-2023 presents individual city cards, including basic information, survey
results, and findings regarding the ranking and rating levels (Figure A1). Cities are cat-
egorised into four groups based on the Global Data Lab’s Human Development Index
(HDI) [79], which “. . . is a summary measure of average achievement in key dimensions of
human development: a long and healthy life, being knowledgeable and having a decent
standard of living” [80]. A rating scale (from AAA to D) is assigned within each HDI
category based on the perception scores compared to group averages (Figure A2). Rankings
are presented in two formats: (1) as a smart city ranking, from 1st to 141st in the SCI-2023,
and (2) with a rating for each pillar and an overall smart city rating.
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2.2. Data Process

This study compiled a structured database from individual city cards in the SCI-2023
for the data analysis. Cities listed in the SCI-2023 were coded with their respective coun-
tries and regions. Regions were classified according to the Standard Country or Area
Codes for Statistical Use (M49) [61] by the UNSD “. . . based on continental regions; which
are further subdivided into sub-regions and intermediary regions drawn as to obtain
greater homogeneity in sizes of population, demographic circumstances and accuracy of
demographic statistics” [61]. The scale for the analyses was determined to include the
sub/intermediary regions (Figure 2). Additionally, regional classifications were refined to
reflect the Global North–South divide based on the information from the United Nations
Educational, Scientific and Cultural Organization (UNESCO), Organization for Women in
Science for the Developing World [81]. Cities were also classified according to their popula-
tions. Population groups were obtained from the Size Class of Urban Agglomeration by the
United Nations Human Settlements Programme (UN-Habitat) [82] and reclassified for the
data analysis. Selected economic, social, and technological indicators of sub/intermediary
regions were obtained from UNdata database [83] and the UNSD world statistics [84],
enabling further discussions on the role of different factors in the regional differentiation of
smart cities.
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Subsequent to the establishment of the basic database, primary data were extracted
from SCI-2023 individual city cards in two stages (Figure 3). The smart city ranking,
smart city and technology ratings, HDI group and score, and scores for the attitudes and
technology pillar were encoded in the first stage. This study only included the scores
for attitudes and the technology pillar, excluding the scores of the structure pillar, which
measures the existing public service capacities. The reason of this exclusion was that the
structure pillar does not directly relate to the implementation of the smart city and/or
technological infrastructure. In the second stage, scores concerning the attitudes and
the technology pillar were incorporated into the database to calculate the scores for the
smart city dimensions. To accomplish this, attitudes and technology pillar statements from
individual city cards were paired with six smart city dimensions (Table 1). The average of
the accompanying scores was thereafter assigned as the score of the corresponding smart
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city dimension. Ultimately, sub/intermediary regional smart city scores were derived by
averaging the scores of cities within each region.
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Table 1. Pairing the attitudes and technology pillar statements in the SCI-2023 with the smart city
dimensions.

Pillar/Category and
Domains in the

SCI-2023 [60]
Statements in the SCI-2023 [60]

Smart City Dimensions

Smart
People

Smart
Governance

Smart
Economy

Smart
Living

Smart
Environment

Smart
Mobility

A
tt

it
ud

es

You are willing to concede
personal data in order to improve
traffic congestion

X X

You are comfortable with face
recognition technologies to
lower crime

X X

You feel the availability of online
information has increased your
trust in authorities

X X

The proportion of your day-to-day
payment transactions that
are non-cash

X X

Te
ch

no
lo

gy

Health & Safety

Online reporting of city
maintenance problems provides a
speedy solution

X X

A website or App allows residents
to easily give away
unwanted items

X X X

Free public wifi has improved
access to city services X X

CCTV cameras has made residents
feel safer X X

A website or App allows residents
to effectively monitor air pollution X X

Arranging medical appointments
online has improved access X
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Table 1. Cont.

Pillar/Category and
Domains in the

SCI-2023 [60]
Statements in the SCI-2023 [60]

Smart City Dimensions

Smart
People

Smart
Governance

Smart
Economy

Smart
Living

Smart
Environment

Smart
Mobility

Te
ch

no
lo

gy

Mobility

Car-sharing Apps have
reduced congestion X

Apps that direct you to
an available parking space have
reduced journey time

X

Bicycle hiring has
reduced congestion X

Online scheduling and ticket sales
has made public transport easier
to use

X

The city provides information on
traffic congestion through
mobile phones

X

Activities
Online purchasing of tickets to
shows and museums has made it
easier to attend

X X

Opportunities
(Work & School)

Online access to job listings has
made it easier to find work X

IT skills are taught well in schools X X
Online services provided by the
city has made it easier to start a
new business

X

The current internet speed and
reliability meet connectivity needs X

Governance

Online public access to city
finances has reduced corruption X

Online voting has
increased participation X

An online platform where
residents can propose ideas has
improved city life

X

Processing Identification
Documents online has reduced
waiting times

X

All statistical computations and visualisations were performed using SPSS version
11.0 statistical software, while MapInfo version 9.0 GIS (Geographical Information System)
software was used to generate cartographic materials. These tools were selected due
to their capacity to support both traditional statistical methods and visual geographic
representation, enhancing the findings of the study.

2.3. Data Analysis

This study employs a structured analytical framework to explore the regional differen-
tiations of smart cities. The data analysis was conducted in two stages: (1) using descriptive
statistics to depict the general patterns and geographical distribution of cities listed in
the SCI-2023, and (2) conducting statistical analyses to detect the relationships between
smart city dimensions and the associations among sub/intermediary regions and smart
city dimensions.

To address the first research question—How do smart cities differentiate across
regions?—the study applied descriptive statistics, including frequency distributions and
cross-tabulations, to examine the geographical distributions, population groups, HDI cate-
gories, technology, and smart city ratings. This method facilitated an initial understanding
of the regional representation and differentiation patterns of smart cities.

To explore the second research question—How do smart city dimensions relate to each
other?—a correlation analysis was conducted. Correlation analysis, in general, is a statisti-
cal method employed to ascertain the existence, direction, and strength of a relationship
between two variables. The most commonly referenced correlation coefficients for measur-
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ing relationships between two continuous variables are the Pearson correlation coefficient
for linear relationships and Spearman’s rho for non-linear relationships [85]. Since the
database consists of index scores that approximate normal distribution (Figure A3) and also
considering the linear relationships between smart city dimensions (Figure A4), this study
refers to the Pearson correlation coefficient (r), which is a “. . .dimensionless measure of the
covariance. . .” [86] (p. 1763), ranging from −1 to 1, where values close to ±1 indicate strong
positive/negative correlations while values near 0 suggest a weak or no linear relationship.
The correlation coefficients between dimensions were computed by referring to the scores
of smart city dimensions at the sub/intermediary regional scale. These sub/intermediary
regional scores were calculated during the data aggregation process by taking the aver-
ages of smart city dimensions of all cities within that respected sub/intermediary region.
This method provided a robust measure of the strength and direction of the relationships
between smart city dimensions at the sub/intermediary regional scale.

To respond to the third research question—Which associations exist among smart city
dimensions and regions?—and to further evaluate the results obtained by the correlation
analysis, a correspondence analysis was employed. As a type of multivariate statistics, the
correspondence analysis breaks down contingency tables into their constituent parts [87] to
represent different levels of variation across the rows and columns [88]. It can be considered
a mapping technique that concurrently visualises the associations between the rows and
columns of cross-tabulations [89]. Graphical representations of cross-tabular data, namely
correspondence maps, constitute a form of data description via visualisation. These maps
facilitate the swift analysis of the associations embedded in the data, as the proximity of
the points on these maps indicates strong associations [90–92]. Correspondence analysis
offers several advantages as a statistical technique. Unlike conventional statistical methods,
it does not require any assumptions about the underlying distributions of the data, making
it a versatile tool for various types of analysis [91]. Additionally, it is highly flexible and
can be applied to any kind of cross-tabulation, allowing for researchers to effectively
explore the associations between variables [91]. Moreover, unlike other multidimensional
scaling techniques, correspondence analyses are suitable for categorical and qualitative
data, preserving the distributional characteristics of the initial variables while investigating
associations [93]. This multivariate technique enabled this study to visualise the associations
among smart city dimensions and sub/intermediary regions and to capture both strong
and weak associations, allowing for the identification of associations based on the proximity
on the correspondence map.

To answer the fourth question—Which factors contribute to regional differentiations
of smart cities?—the results derived from the descriptive statistics and statistical analyses
were then discussed, referring to the economic, social, and technological indicators of
sub/intermediary regions (Table A2) to increase the explanatory capacity of the study.
These discussions supported the development of context-depended policy implications at
the sub/intermediary regional scale.

3. Results
The cities listed in the SCI-2023—a total of 141 cities—are located in 71 different

countries all over the world (Figure 4), which reveals the capacity of the SCI-2023 to conduct
research in the global context. The majority of the countries have only one city in the SCI-
2023, whereas 35% of them have more than two cities (Figure 5). Considering the population
sizes and coverage areas of the countries, the SCI-2023 represents specific countries with
more than one city, such as China, the United States, the United Kingdom, and Germany.
The SCI-2023 also reflects a strong representative level in terms of global regions. Out of
the 71 countries, 38 are in the Global North, which is home to 83 smart cities, while the
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33 countries in the Global South host 58 smart cities (Table A3). The SCI-2023 includes cities
from all UNSD continental regions; however, 6 out of the 22 sub/intermediary regions are
not represented: Middle Africa and Central Asia, as inland intermediary regions of the
Sub-Saharan Africa subregion, and the Caribbean, Melanesia, Micronesia, and Polynesia,
as small island subregions of Oceania.
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Figure 5. Statistical distribution of countries concerning the total number of cities in the SCI-2023.

The distribution of cities across regions (Figure 6, Table A4) reveals that Europe exhibits
the highest proportion of cities, at 56.9%, while Oceania demonstrates the lowest at, 6.9%.
The under-representation of Oceania results from the exclusion of small island countries
from the SCI-2023. Regional differentiations in representation are also observable at the
sub/intermediary regional scale. Certain sub/intermediary regions are under-represented,
specifically intermediary regions of Sub-Saharan Africa, along with Southern Asia, while
the highest concentration of cities is observed in the European subregions, except in
Southern Europe.
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Figure 6. Geographical distribution of the total number of cities in the SCI-2023 considering
sub/intermediary region breakdowns.

The cities listed in the SCI-2023 exhibit a range of population sizes (Table A5). There
are six megacities with a population exceeding 20 million; Shanghai ranks first, with
a population of 28,516,903. There are nine small cities with a population under 500,000,
with Luxembourg having the smallest, at 120,000. The majority of cities in the SCI-2023 are
large cities, with a population ranging from 1 million to 5 million, followed by mid-sized
cities with a population ranging from 500,000 to 1 million. The geographical distribution of
cities by population size (Figure 7) reveals that small cities with a population under 500,000
are predominantly located in Europe. In contrast, megacities, which are characterised by
populations exceeding 10 million, are primarily located in the Americas and Asia. Large
cities are prevalent globally, with a notable concentration in Europe, particularly in the
Western subregion. The European subregions, along with the Australia & New Zealand
subregion, lack large cities with a population exceeding 5 million, whereas Asia comprises
cities with a population exceeding 1 million.
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The regional distribution of cities in the SCI-2023 based on HDI groups (Figure 8a)
indicates that Africa ranks lowest, with nine smart cities being located in the lowest HDI
quartile relative to other regions. Asia presents an intriguing situation, as the majority of
cities fall within the third and lowest quartiles, with only three cities positioned in the
highest quartile. On the contrary, the majority of European cities are in the highest or
second quartile. An analysis of sub/intermediary regions based on HDI score (Figure 8b)
reveals that the three highest-ranking smart cities are in Eastern Asia, while Southern
Asia exclusively contains cities in the lowest quartile. The majority of smart cities are
located in Europe, with 24 out of 56 cities being positioned in the highest quartile and
20 cities being located in the second quartile. The Oceanian cities, all of which are
in the highest quartile, yield another significant result. The distinction between the
southern and northern subregions of the Americas is clearly evident. Smart cities in the
first two quartiles are situated in the Northern America subregion, while those in the
third and fourth quartiles are located in the Latin America & the Caribbean subregion.
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The geographical distribution of cities in the SCI-2023 based on their smart city
ratings (Figure 9a) reveals that the Oceanian cities exhibit higher smart city ratings, while
the African cities are characterised by lower ratings. The distribution across Asia, Europe,
and the Americas is notably dispersed, with a concentration of cities exhibiting higher
ratings in Europe, while mid-level ratings are predominantly found in Asia. Examining
the sub/intermediary regional distribution (Figure 9b), the highest ratings in Asia are
observed in the Eastern Asia subregion. In the Americas, a clear distinction is evident
between the northern and southern sub/intermediary regions, with higher ratings being
concentrated in the north and lower ratings in the south. The geographical distribution
of technology ratings reveals similar results to those obtained for the smart city ratings
(Figure 10a). The African cities exhibit lower technology ratings, whereas cities in
Oceania demonstrate higher technology ratings. Cities with diverse technology ratings
exist in Asia, Europe, and the Americas; however, this distribution is not balanced when
considering the sub/intermediary regions (Figure 10b). Differentiations in technology
ratings are observed across the subregions of Asia, reflecting the western and eastern
distinction, as well as within the Americas, highlighting the northern and southern



Systems 2025, 13, 296 13 of 37

differentiation. The comparative examination of smart city and technology ratings
demonstrates a kind of relationship between smartness level and technological capacity,
necessitating further examination.
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In smart city literature, technology is stated to be the main driver of smart cities;
therefore, similar patterns are expected to be observed between the smart city and tech-
nology ratings. Examining the mean values of the differences between the smart city and
technology ratings indicates the higher capacity of specific sub/intermediary regions,
namely Northern and Western Europe and Australia & New Zealand, to translate their
technological capacities into smartness levels (Figure 11, Table A6). On the contrary, all
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Asian subregions, along with the South America and Eastern Europe sub/intermediary
regions, present negative mean values, which means that they have lower smartness
levels with regard to their technological capacities.
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The distribution of smart city rankings indicates a balanced representation in Asia
and Europe (Figure 12a,b). Both continental regions feature smart cities that are cate-
gorised into distinct ranking groups; however, European smart cities are predominantly
found in the first quartile, while Asian cities are primarily located in the middle of the
ranking list. Asia encompasses the cities ranked highest as well as those ranked the
lowest; however, only a limited number of cities were found in the top ten or top twenty
lists (Table A7). Europe exhibits a diverse range of smart cities, with nearly one-fourth of
them positioned within the top 20 rankings. This suggests a relatively uniform level
of development throughout Europe, especially when compared to Asia. The northern
and southern differentiation is again evident in the Americas. Cities in the Northern
America subregion predominantly occupy the upper half of the ranking list, while those
in the Latin America & the Caribbean subregion are primarily found in the lower half.
Nearly all African cities are positioned at the lower end of the rankings, with eight out
of nine cities falling within the bottom 20. In contrast, cities in Oceania occupy the top
positions, with all of them placed in the first quarter of the ranking list.

An evaluation of sub/intermediary regions in relation to the overall average smart
city dimensions (Figure 13) indicates that Europe exhibits a similar clustering of subre-
gions around the overall regional average, which closely aligns with the global average.
Oceania is represented in only one subregion, and its overall average is comparable to
the global average. Nonetheless, sub/intermediary regional differentiations are evident
in other regions. Southern Africa exhibits a lower overall average compared to the
overall average for Africa, while Northern Africa surpasses this average. Comparable
outcomes are observed in the sub/intermediary regions of the Americas, characterised
by a distinct northern and southern differentiation. The dominance of Asian smart
cities is evident when evaluating the overall average of smart city dimensions. Asian
subregions exhibit the highest overall averages, surpassing the global average and that
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of all other subregions, with Eastern Asia at the forefront, whereas Western Asia exhibits
lower overall averages compared to other subregions in Asia.
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The correlation matrix indicates strong and statistically significant positive relation-
ships (at the 0.01 level) between smart city dimensions at the sub/intermediary regional
scale (Figure 14). The Pearson correlation coefficients range from 0.708 to 0.970, indicat-
ing strong relationships between the smart city dimensions. Notably, the smart mobility
and smart living dimensions exhibit the highest correlation coefficient (r = 0.970). Both
dimensions also display very strong relationships with the smart governance dimension.
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The smart governance and smart mobility dimensions display very strong relationships
with three other dimensions. Those dimensions are smart mobility, smart living, and
smart environment for the smart governance dimension, and smart living, smart gov-
ernance, and smart environment for the smart mobility dimension. The smart living
and smart environment dimensions have very strong relationships with two other di-
mensions, which are smart governance and smart mobility. However, the smart people
and smart economy dimensions do not exhibit very significant relationships with other
dimensions, as their correlation coefficients are lower than 0.900—the weakest is the
relationship between smart people and smart environment (r = 0.708).
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Concerning the positions of the smart city dimensions on the correspondence map
(Figure 15), there exist notable strong and weak associations among the smart city di-
mensions, aligning closely with the relationships identified in the correlation matrix. The
strongest association was that between the smart living and smart mobility dimensions
owing to their proximity to each other. They are not only situated closely but also centrally.
Such central positions on correspondence maps imply associations with other dimensions
that gradually decrease. The smart living dimension is primarily associated with smart
people and secondarily with smart economy. The smart mobility dimension is similarly
linked to smart governance. The smart environment dimension is distinctly separated
on the correspondence map, indicating that it possesses the weakest associations with
other dimensions. Aside from the weak association with smart governance, it exhibits no
substantial associations with any other smart city dimensions. A similar association is
observed for the smart economy dimension; it has a distinct location on the correspondence
map and a weak association with only one dimension, namely smart people.

The positioning of smart city dimensions on the correspondence map further echoes
the results of the correlation analysis. The positions of the smart people and smart econ-
omy dimensions on the correspondence map exhibit similar outcomes to the correlation
matrix, with weak relationships with other dimensions. However, the smart environ-
ment dimension, which displays a very significant relationship with smart governance
on the correlation matrix, exhibits a different result, with a more separate location on
the correspondence map. Regardless of the minor variances in the results of the correla-
tion and correspondence analyses, it can be concluded that the smart city dimensions are
interconnected and exhibit strong associations.
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correspondence map.

The correspondence map serves as an essential instrument for evaluating the associa-
tions among smart city dimensions as well as the associations among smart city dimensions
and sub/intermediary regions (Figure 16). The correspondence map identified four areas
of concentrations: the first association group encompasses all subregions in Europe, Aus-
tralia & New Zealand, and Northern America, specifically the Global North, exhibiting
an equi-distant association with almost all dimensions. The second association group
encompasses all subregions of Asia that have a very strong association with the smart
governance dimension. The third group encompasses the intermediary regions of Latin
America & the Caribbean, linked to the smart people and smart economy dimensions.
The fourth association group includes the sub/intermediary regions of Africa that have
a reduced concentration, with varying associations to distinct smart city dimensions.
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There is a remarkable concentration of sub/intermediary regions in the Global North,
including Australia & New Zealand, Northern America, and Eastern, Northern, South-
ern, and Western Europe (Figure 17). This concentration does not exhibit very strong
associations with specific smart city dimensions, but shows a comparable distance from
all dimensions—when arranged in a circular formation—except the smart people dimen-
sion, which has a weaker association compared to other dimensions, being more distant
from the central circle. Upon close examination of this association group, it is evident
that Northern Europe has considerably stronger associations with smart governance and
smart mobility, while Eastern Europe and Northern America are associated with smart
environment, and Australia & New Zealand and Northern Europe are linked to smart
economy. Differing from the other subregions, Southern Europe has no specific association
with any dimensions but stands at an equi-distant position.
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Figure 17. The conceptual representation of the associations among smart city dimensions and
sub-concentrations in the Global North.

Another significant concentration was observed among the Asian subregions, but
this differed to the Global North concentration, being mainly linked to a singular smart
city dimension, namely, smart governance (Figure 18). Considering that the degrees of
these associations vary according to the positions of the subregions on the correspondence
map, the South-Eastern and Western Asia subregions have similar characteristics, as they
nearly overlap on the correspondence map, and both demonstrate very strong associations
with the smart governance dimension. Nonetheless, these associations are comparatively
weaker for the Eastern and Southern Asia subregions. Southern Asia exhibits a weak
association with the smart mobility dimension, whereas Eastern Asia demonstrates a weak
association with the smart environment dimension. These diverse associations and different
positions of the Eastern and Western Asia subregions are parallel with the findings of the
descriptive statistics, demonstrating the regional differentiations within Asia, and the west
and east differentiation.
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Figure 18. The conceptual representation of the associations among smart city dimensions and
sub-concentrations in Asia.

A notable concentration can be seen among the intermediary regions of Latin America
& the Caribbean subregion of the Americas (Figure 19). These intermediary regions, namely
Central and South America, are strongly associated with the smart people and smart
economy dimensions. Given that these regions exhibit comparable distances from these
dimensions on the correspondence map, the levels of association are thus similar. The
regional differentiation indicated by the descriptive statistics regarding the northern and
southern differentiation in the Americas is also evident in this analysis. The Northern
America subregion, which aligns with the European subregions and Australia & New
Zealand on the correspondence map, features associations that are markedly different from
those of the Latin America & the Caribbean subregion.
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The associations among smart city dimensions and sub/intermediary regions are
particularly varied and dispersed over Africa (Figure 20). One of the strong associations in
the correspondence map for Africa is between the smart mobility dimension and Northern
Africa, with no other notable associations with any additional dimensions. The second
strong association is between the smart living dimension and Southern Africa. This is not
the only associated dimension; Southern Africa is also associated with the smart people
and smart mobility dimensions. The Southern Africa intermediary region is distinctive
within Sub-Saharan Africa because of these associations. The other African intermediary
regions, particularly Eastern and Western Africa, are more distant from the smart city
dimensions and other sub/intermediary regions. Their isolated position results in their
only having a weaker association with the smart people dimension. The positions of
sub/intermediary regions in Africa and their associations with the smart city dimensions
on the correspondence map indicate that the dynamics of Africa differ from those of other
continental regions.
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4. Discussion
The study commenced by examining the complex domain of smart cities, exploring

diverse definitions and dimensions to establish a theoretical framework. The literature
review indicated that there is no single and universally accepted definition of the smart city
concept but a consensus on two issues: (1) the importance of technology in formulating
the smart city and (2) the multi-dimensional and interrelated nature of the smart city
dimensions. Previous studies mention the differentiations among countries or regions in
smart city implementations, especially concerning smart city dimensions; however, the few
studies conducted research in the global context. Aiming to address this research gap, this
study explored the regional differentiations and the associations between sub/intermediary
regions and smart city dimensions in the global context by using the SCI-2023 data, a global
index assessing the smartness level of cities all over the world and ranking them accordingly.
The descriptive statistics revealed that the SCI-2023 has a strong capacity and sufficient
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inclusiveness to conduct research on smart cities worldwide, with the following attributes:
(1) a sufficient number of cities from the Global North and South, with 38 and 33 countries,
respectively; (2) the ability to represent 71 countries out of 247 with at least one city; (3) the
inclusion of all continental regions and 16 sub/intermediary regions out of 22; and (4) the
inclusion of cities with varying populations (Tables A3–A5).

The results exhibit the following key findings: (1) there is a clear distinction not
only between the Global North and South but also between sub/intermediary regions;
(2) the smart city dimensions are interconnected; and (3) specific groups of concentrations
exist, which delineate the associations among sub/intermediary regions and smart city
dimensions. All key findings verify the regional differentiations of smart cities in the global
context. In order to discuss the factors contributing to these differentiations, the economic,
social, and technological indicators of sub/intermediary regions (Table A2) are further
evaluated along with the research findings.

4.1. Interpretation of Key Findings

Smart cities are profoundly concentrated in the more developed regions, particularly
in Oceania, Europe, and Northern America, which host the highest number of smart cities
with higher smart city and technology ratings. This aligns with the findings of previous
research [56] indicating that cities in the Global North support smart city implementations
as they have strong governance structures with better access to economic and technological
resources. The higher smart city and technology ratings obtained for both the Europe
and Oceania continental regions and also for the Northern America subregion support
the findings of the previous research, suggesting that investments in digital infrastructure
play a critical role in shaping the success of smart cities [54]. These regions have a strong
ability to translate their technological capacity into smart city implementations as they
have higher smart city ratings than technology ratings. In addition to the Global North,
Asia is identified as one of the leading continental regions in smart city development. In
contrast, the Africa continental region and the Latin America & the Caribbean subregion
display lower smart city ratings and rankings, reinforcing concerns about the economic,
social, and technological challenges in these regions. This study further examined and
compared these regions to further previous discussions on the Global North–South divide.
The geographical analysis of smart cities clearly indicated significant sub/intermediary
regional differentiations.

A noteworthy finding regarding sub/intermediary regional differentiation is the exis-
tence of certain divides: (1) the North–South divide in the Americas and (2) the East–West
divide in Asia. Northern America outperforms Latin America & the Caribbean in smart city
dimensions, with higher technology ratings and rankings. Similarly, Eastern Asia exhibits
a higher smart city performance compared to Western Asia, with the lowest economic, so-
cial, and technological indicators within the continental region. Differing from the research
indicating a clear East–West divide in Europe in terms of smart city performance [50],
this study does not verify such a differentiation; instead, Northern and Western Europe
performed similarly, whereas Southern and Eastern Europe reflected different patterns
within Europe in terms of smart city and technology ratings. High-income regions, such as
Northern America, Western Europe, and Australia & New Zealand, with a significantly
higher gross domestic product (GDP) per capita, demonstrate a strong digital infrastructure
and high research and development (R&D) investments, facilitating advanced smart city
initiatives. In contrast, regions with a lower GDP per capita, like Sub-Saharan Africa and
Southern Asia, face digital and infrastructural limitations, hindering the widespread im-
plementation of smart technologies. The low levels of internet connection in Sub-Saharan
Africa (37 per 100 people) and Southern Asia (44.3 per 100 people), compared to 97.3 in
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Northern America or 95.6 in Western Europe, illustrate the digital divide, which limits
the effectiveness of digital governance, mobility solutions, and smart environmental man-
agement. In addition to the availability of technology, this gap is also observable in R&D
investments, with Northern America investing 3.3% of GDP, while the investments from
Sub-Saharan Africa and Southern Asia remain below 0.5%. Advanced economies have
a greater financial capacity for infrastructure investments and digital transformation, while
developing regions may struggle due to their reliance on traditional sectors. Moreover,
the digital divide remains a major barrier for smart city development in the Global South.
Investment in digital infrastructure is crucial to bridge this gap. On the other hand, social
factors, such as urbanisation rates, education, and healthcare access, significantly influence
the feasibility of smart city implementations. Highly urbanised regions, such as Northern
America (82.4%), have a natural advantage in implementing smart city frameworks, while
less urbanised regions, such as Sub-Saharan Africa (40.9%) and Southern Asia (39.6%),
require tailored solutions. Moreover, social indicators, such as higher life expectancy, lower
mortality rates, and better access to education services, pair themselves with more devel-
oped regions, which are correlated with higher smart city ratings. These results support
the findings of previous research examining the relation between urban attractiveness and
smart characteristics in Italy, concluding that economic, social, and technological disparities
influence the effectiveness of smart city strategies between specific regions [49]. These
results also reinforce the argument by Alizadeh [56] that smart city development is shaped
by regional socio-economic priorities.

One of the key findings of this study is the identification of strong associations among
smart city dimensions—not all dimensions have a close relation to each other, but some
dimensions are more influential when evaluating the smartness level of sub/intermediary
regions. In line with the results of Barbierato and Gatti [40], smart living and smart
mobility held the central position compared to other dimensions. The results presenting the
strongest association among smart living and smart mobility emphasise the human-centred
and infrastructural aspects of smart cities. This finding suggests that cities investing
in digital mobility solutions, such as smart transportation systems and online public
services, also enhance urban living experiences through digital governance and service
accessibility. This finding complements previous research that emphasises the importance
of integrated transport solutions and digital services for urban efficiency [74]. Meanwhile,
the smart economy and smart environment, although still interconnected, appear to operate
with some degree of independence. Specifically, the weak association between the smart
environment and other dimensions indicates that environmental sustainability is often
treated separately in smart city strategies. This aligns with previous critiques that smart city
initiatives tend to prioritise economic and technological advancements over environmental
concerns, and environmental sustainability often receives less emphasis in technology-
driven urban policies [26,55]. These findings highlight the need for integrated strategies
that prioritise governance-driven approaches to enhance mobility, environmental resilience,
and overall quality of life in smart cities.

The strong association among the smart city dimensions identified by the correlation
and correspondence analyses underlines the fact that the smart city development cannot be
achieved based solely on a single dimension; rather, a comprehensive evaluation of multiple
interrelated dimensions is required. This conclusion aligns with Hammoumi, Maanan, and
Rhinane, who assert that “. . . it is the collective enhancement across governance, health,
mobility, and technology that characterises truly smart cities” [74] (p. 1341). However,
the prominence of the smart governance dimension in smart city performance should be
addressed specifically. Despite not being in the central position on the correspondence map,
smart governance could be considered a key driver [57,59], particularly influencing smart
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mobility and smart environment, as exemplified by the Asian cities. This study detected
a very strong association among all Asian subregions and the smart governance dimension.
This very strong association could provide an explanation for the higher scores obtained by
Asian cities compared to other sub/intermediary regions. This conclusion is reasonable
considering the central role of governance in the implementation and provision of the
services that trigger smart city development, and is aligned with previous research [44,55].

The regional differentiations in the smart city dimensions also provide important
insights. The findings reveal that the regional differentiation of smart cities is not completely
parallel to the United Nations’ geographic regions. The results of the correspondence
analysis displayed four association groups with distinct attitudes (Figure 21). The Global
North group, including all subregions of Europe, Australia & New Zealand, and the
Northern America subregions, showed roughly equal coverage of all dimensions. There are
four sub-concentrations within the Global North. The subregions of the Europe continental
region overlaps with the UNSD geographic region breakdown; however, interestingly,
Northern America overlapped with Eastern Europe, and Australia and New Zealand with
Northern Europe. The Asia group, including all Asian subregions as developing regions in
the Global South, displayed a very strong association with the smart governance dimension.
However, the sub-concentrations within this group reveal a distinct division between
Western Asia and the other subregions of Asia. As the third group, the intermediary
regions of the Latin America & the Caribbean subregion aligned more closely with the
smart economy and smart people dimensions, which clearly overlaps with the UNSD
geographic regions. Different from the other three groups exhibiting close associations with
other sub/intermediary regions and/or smart city dimensions, the fourth group, Africa, has
a dispersed nature in terms of associations. Northern Africa exhibits stronger associations
with the smart mobility dimension, while cities in Southern Africa are linked to the smart
living and smart people dimensions. Different from all other sub/intermediary regions,
Western and Eastern Africa do not have strong associations, but have weak associations
with the smart people dimension.
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4.2. Implications of the Findings

The foremost practical policy implication of the study is the necessity for context-
dependent smart city policies. Cities in the Global South should not imitate the models of
the Global North; rather, specific smart city policies should be formulated that correspond
with their economic and social contexts, as well as their technological capacities, as also
proposed by Alizadeh [56]. However, it is essential to recognise that the relevant regional
differentiation is not merely the Global North–South divide, but the differentiations that
are observable at the sub/intermediary regional scale should also be taken into account
when formulating strategies. Policymakers can be inspired by the achievements of other
smart cities within their sub/intermediary regions. For instance, cities in Asia can focus on
the smart governance dimension to obtain a better smart city performance, since this di-
mension has a stronger influence on the smartness levels in this region. Secondly, the weak
association between the smart environment dimension and other dimensions indicates
a policy deficiency in incorporating sustainability into smart city initiatives. Policymakers
ought to implement cross-sectoral policies that integrate environmental issues with other
digital features [58], such as smart mobility, by implementing sustainable transport systems
to establish a comprehensive smart city framework. Lastly, the combined insights from
correlation and correspondence analyses suggest that smart living and smart mobility hold
a central position, and also have a strong association with the smart people dimension,
which emphasises the social and infrastructural aspects of smart cities. Smart governance,
on the other hand, acts as a key dimension, particularly influencing mobility and environ-
mental sustainability. Distinctly, smart economy and smart environment appear to operate
with some degree of independence, although they are still weakly connected.

These findings highlight the need for integrated strategies that prioritise governance-
driven approaches to enhance mobility, environmental resilience, and overall quality of life
in smart cities.

5. Conclusions
This study aimed to investigate the regional differentiations of smart cities by pro-

viding an analytical framework. Using the IMD Smart City Index 2023 as the data source,
the study employed geographical and statistical methods to identify how smart city char-
acteristics vary across regions worldwide and what factors shape these variations. The
exploratory methodological and analytical frameworks detecting and mapping the complex
associations among regions and dimensions provide a distinctive perspective in the smart
city debates.

The findings of the study directly address the research questions outlined in the
introduction. First, smart cities differ significantly across global regions, with the Global
North generally exhibiting higher smart city and technology ratings than the Global South.
Notable sub/intermediary regional differences were also observed, particularly for the
East–West in Asia and the North–South in the Americas. Second, strong associations were
found among smart city dimensions, particularly between smart living and smart mobility,
suggesting that improvements in urban quality of life are closely tied to transportation,
digital technologies, and related infrastructure. Third, the associations between smart city
dimensions and specific regions showed clear patterns—Asian cities were more aligned
with smart governance, while Latin American cities correlated more with the smart people
and smart economy dimensions. Finally, these regional differentiations appear to be driven
largely by regional disparities in economic, social, and technological development levels.

This study complements the previous research and contributes to the ongoing dis-
course on smart cities by presenting a novel viewpoint based on sub/intermediary regions.
The results revealed significant differentiations in the distribution of smart cities across
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regions, reinforcing previous researchers [56–58]. Notably, while previous studies have
examined specific smart city dimensions [59], this research identified the interrelationships
between dimensions and their associations with different regions. The results highlighted
that certain dimensions are more associated with specific regions. Consistent with previous
studies [46,48], this research confirmed that smart city development is not uniform; rather,
it is shaped by economic conditions, social structures, and the available technological in-
frastructure. Through a globally comparative, multi-dimensional, and regionally sensitive
perspective, this study emphasised the importance of context-dependent smart city strate-
gies that align with each region’s socio-economic conditions and technological capacities.

While contributing to smart city discussions from a different perspective, this study
has certain limitations, specifically regarding its methodology. The SCI-2023 depends on
perception-based data rather than objective performance metrics, which may introduce
subjectivity and limit the accuracy of smart city performance measurements. Moreover, the
fixed sample size of 120 citizens per city, regardless of the population, further constrains
the representational capacity of the SCI-2023. Additionally, the SCI-2023 lacks coverage in
regions such as Middle Africa and Central Asia, limiting its global inclusiveness. Future
research could address these gaps by integrating performance-based indicators, expanding
regional coverage, and adopting mixed-method statistical frameworks.

Further studies are required to examine the specific factors involved in the regional
differentiations in smart city development. An in-depth analysis of governance frame-
works, digital infrastructure, and economic incentives could provide a more nuanced
understanding of why certain smart city dimensions are more influential in specific regions
and why some regions outperform others. Moreover, analysing longitudinal trends using
the time-series dimension of the SCI could reveal how smart cities change over time to help
policymakers design adaptive strategies.
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Table A1. Review of the research aiming to evaluate the differentiations between smart cities.

Research Main Scope/Focus Case Study Scale Methodology Findings

[44]

To analyse how smart
city development
correlates with the
socio-economic
indicators.

OECD countries and
key partners, grouped
into four clusters
(based on GDP per
capita). Special focus
on China and the USA.

Comparative
study utilising
cluster analysis.

- Countries with a higher socio-economic development level have more
smart cities overall.

- Asian countries, especially China, show the fastest growth rate in smart
city development.

- China’s state-led digital transformation policies have significantly
accelerated its smart city growth.

[45]

To evaluate the smart
city development level
of Salatiga, Indonesia,
across smart city
dimensions.

The city of Salatiga, a
medium-sized city in
Central Java, Indonesia.

Calculate scores
for each smart city
dimension in
Cohen Smart City
Wheel.

- Smart Environment, Smart People, and Smart Living are the most
developed dimensions in Salatiga, whereas Smart Mobility and Smart
Economy are the weakest dimensions due to the limited public transport
tech integration and low R&D investment.

- The study demonstrates how localised data-driven assessments can guide
smarter urban policies.

[46]

To explore how
geography, culture,
strategy, and
governance influence
the development and
implementation of
smart city projects
globally.

Regional scale with
examples from the
following areas:
- Europe and North
America
- Latin America
- East and South Asia

Qualitative
conceptual
analysis.

- Citizen-centric, technology-centric, and governance-centric models vary
across regions due to cultural and socioeconomic contexts.

- Europe and North America: innovation-driven, citizen-focused, and
globally competitive. Latin America: socially focused, influenced by the
Global North, with emerging models.East and South Asia: efficiency- and
tech-driven, largely top-down, with surveillance concerns.

- Governance approach matters: top-down enables speed, as in China and
Singapore, but may limit participation; bottom-up enables inclusion, as in
Milan and Copenhagen, but may slow implementation.

- Calls for balanced hybrid models combining strong governance with
community engagement.

[47]

To assess and compare
the smartness levels of
Brazilian state
capital cities.

All 27 Brazilian capital
cities, grouped into
performance clusters:
Leading, Following,
and Developing.

Adapted a multi-
dimensional,
comprehensive
smart city
assessment model
previously used
in Australia.

- Leading cities have strong innovation ecosystems, smart policy, skilled
labour, and better infrastructure.

- Sustainability and accessibility and connectivity and innovation were
weak points for most cities, even the top performers.

- There is a clear regional divide: Southern/South-eastern cities perform
better than Northern/North-eastern ones.

- The framework can guide localised policy development and
performance benchmarking.

[48]

To identify the spatial
and socio-economic
configurations that
explain why some cities
are more advanced
than others in
developing smart
city initiatives.

22 cities in Switzerland
with at least one smart
city project.

Fuzzy-set
Qualitative
Comparative
Analysis.

- A combination of high service sector employment, the presence of
universities, and urban density is sufficient for greater smart city
development.

- City size and population growth are not key drivers in the Swiss context.
- Smaller cities with strong service sectors and proximity to research

institutions also performed well.
- Knowledge economy and urban form are critical for smart innovation.

[49]

To analyse how smart
city characteristics,
influence urban
attractiveness,
measured by housing
market prices.

103 Italian NUTS-3
province capitals.

OLS regression
and K-means
cluster analysis
based on Giffinger
et al.’s
six-dimension
smart city model.

- Smart Living, Smart Economy, and Smart People are the strongest
predictors of urban attractiveness. Smart Environment had minimal
influence on housing prices.

- Cluster analysis revealed four types of cities: Competitive: strong across
all dimensions; high housing prices. Attractive: good smartness levels;
slightly lower than competitive. Liveable: medium cities with generally
strong characteristics, except for higher unemployment. Specialising:
small southern cities with weaker overall performance but some smart
specialisation potential.

- Geography matters, as Northern cities consistently outperformed
Southern ones.

[50]

To develop a
data-driven,
reproducible ranking of
the European Union
capital cities based on
how smart and
sustainable they are.

All 28 European Union
capital cities.

Hierarchical
clustering,
principal
component
analysis and
correlation
analysis, using the
UNECE-ITU
smart sustainable
cities framework.

- Top cities: Berlin, Stockholm, Helsinki Lowest ranked: Sofia and Bucharest
- Key success factors are wastewater treatment, bicycle infrastructure,

patent applications.
- No significant correlation with population size, but strong positive

correlation with GDP per capita.
- A clear East–West divide in performance, with Western/Nordic

cities leading.

[51]

To evaluate and rank
selected cities in terms
of smart and
sustainable city
performance using a
weighted, multi-criteria
framework.

44 cities worldwide,
selected from the
Global Power
City Index.

ANP (Analytic
Network Process)
and TOPSIS
(Technique for
Order Preference
by Similarity to
Ideal Solution).

- Smart living had the highest priority among all dimensions; Smart
governance the lowest.

- Top-ranked cities: Tokyo, London, New York. However, those cities did
not perform best in terms of the governance, mobility, or environmental
dimensions, highlighting performance gaps.

- The framework helps identify areas where cities need improvement,
offering a comparative benchmarking for policy design.

[52]

To develop a robust
evaluation framework
to assess smart city
performance across
multiple dimensions,
addressing the
limitations of
traditional indices.

17 cities worldwide.

PROMETHEE II,
an MCDA
(Multi-Criteria
Decision
Analysis).

- Top-ranked cities: Singapore and Copenhagen
- New Delhi ranked lowest but showed strength in terms of mobility

technologies and digital governance tools.
- No dominant city across all pillars—performance varies by dimension.
- PROMETHEE II produced robust and nuanced rankings, offering a more

refined view than traditional indices.
- Smart city performance is multi-dimensional, and comparative advantage

varies widely.
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Table A1. Cont.

Research Main Scope/Focus Case Study Scale Methodology Findings

[53]

To enhance traditional
smart region ranking
methodologies by
introducing a relational
dimension based on
regional collaboration,
focusing on how
inter-regional ties
influence smartness
profiles.

266 NUTS-2 regions
across EU28, with
specific attention to
Piedmont (Italy) as
a test case.

PCA (Principal
Component
Analysis) to derive
region-to-region
distance matrices.

- The best-performing regions appear more isolated in traditional
smartness rankings.

- When collaboration data are included, regions like Piedmont shift closer to
their high-performing peers.

- The study shows that regional partnerships can positively influence
smartness convergence.

- A more relational and dynamic approach to smartness evaluation helps
better identify capacity-building opportunities for lagging regions.

[54]

To analyse how specific
technological factors
influence the
development of smart
cities in Kazakhstan
using spatial
econometric
techniques.

Cities in Kazakhstan.
SAR (Spatial
Autoregressive
Model).

- The slight negative spatial autocorrelation suggests minimal spatial
spillover among neighbouring cities.

- Emphasises the need to prioritise digital administrative services over just
infrastructure upgrades.

- Suggests customised, context-sensitive strategies for smart cities in
developing economies like Kazakhstan.

[55]

To critically examine
the smart city
development in China
through the case of
Shenzhen, evaluating
how it aligns with or
diverges from
international smart
city paradigms.

Shenzhen, China—as
a model for China’s
smart city
development.

Mixed-method
case study.

- China’s smart city model is highly technology-centric, focused on
infrastructure and digital innovation, often with limited attention to the
social and environmental dimensions.

- Shenzhen exemplifies a successful transformation into a knowledge
economy, led by high-tech firms like Huawei and Tencent.

- Smart city development is state-driven, with limited citizen participation,
differing from more decentralised international approaches.

[56]

To explore how
geography—
specifically the Global
North vs. Global South
divide—influences
smart city
development.

135 cities (87 Global
North; 48 Global South)
that participated in
IBM’s Smarter Cities
Challenge.

Quantitative and
qualitative
comparative
analysis.

- Global North cities most often prioritised economic development,
environment, and transport.

- Global South cities focused more on administration, transport, and
economic development, but often for revenue recovery and to catch up in
terms of infrastructure.

- Global South cities typically tackled fewer smart dimensions and faced
greater infrastructure deficits.

- Multidimensionality of smart city initiatives was limited in both
hemispheres; IBM’s original vision for holistic transformation was diluted
in practice.

- Smart solutions in the Global South often reflected pressing basic
infrastructure or public service needs, rather than futuristic innovation.

[57]

To analyse top-ranked
global smart cities and
identify the key policies
and characteristics that
contribute to their
smartness.

Comparative analysis
of top smart cities
globally using data
from three main
indices.

Qualitative
analysis.

- Cities like Zurich, Singapore, London, and Oslo consistently topped the
rankings due to their strong performance in digital governance,
infrastructure, and citizen-centred services.

- Smart city success is multi-dimensional, combining technology,
sustainability, and public engagement.

- Geographic diversity: Leading smart cities were found across Europe,
Asia, and North America, showing the global reach of the smart
city movement.

- Different indices emphasise different dimensions (e.g., IMD is
citizen-centric; IESE includes broader governance and international
projection).

- The research highlights the importance of governance models,
adaptability (especially during COVID-19), and innovation policies in
smart city success.

[58]

To investigate the
relationship between
smart cities, subjective
well-being, and urban
liveability, with a focus
on whether smart city
development enhances
happiness and
sustainability.

Global comparative
analysis of 59 cities
using three indices.

Linear and
multiple
regression
analyses.

- A positive correlation was found between smartness and both subjective
well-being and liveability.

- Smart environment is the most significant predictor of happiness.
- Structural factors (infrastructure) matter more for well-being than

technological solutions.
- Cities in the Global South often show optimism (high subjective

well-being) despite low liveability, while some advanced smart cities rank
low on happiness.

- The study highlights the importance of context-sensitive planning and
interdisciplinary approaches to align smart city strategies with human
well-being and sustainability goals.

[59]

To examine global
patterns and the key
enablers of
e-governance in smart
cities by clustering
cities based on
governance indicators
and analysing
economic, social,
political, and
ICT-related factors.

68 smart cities from
different countries and
regions, one per
country, based on the
IMD Smart City Index
2023 data.

Cluster analysis
and VAR/VEC
modelling.

- Four governance clusters emerged: Cluster 1 (highest governance scores)
to Cluster 4 (lowest).

- The Human Development Index and Digital Quality of Life Index had the
strongest positive effects on e-governance.

- GNI per capita had no significant effect in any cluster.
- The Democracy Index had mixed effects, being positive in high-income

democracies but negative or neutral in others.
- Some cities excel in e-governance despite their low democracy

indicators—raising concerns about technocracy vs.
democratic governance.
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Table A2. Selected economic, social, and technological indicators * for the sub/intermediary regions.
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Africa 1,515,141 2,870,757 3.5 2014.8 6.6 41.2 3.7 66.1 62.0 62.4 16,200
Northern Africa 272,131 855,580 3 3298.4 11.3 51.4 2.3 74.6 70 26.9 69.9 64.6 69.3 0.7
Sub-Saharan Africa 1,243,010 2,015,177 3.8 1729.1 5.8 38.8 4.1 64.4 60.3 67.6 33.6 38.3 37.0 0.3

Eastern Africa 500,704 512,915 5 1087.4 4.3 26.6 4.6 68.6 63.1 48.5 33.6 38.3 29.7
Middle Africa 212,916 287,184 4.1 1464.6 6.8 47.9 4.3 64.4 60.0 72.1 35.0
Southern Africa 73,139 44,845 2.1 6484.7 27.6 62.1 2.3 69.5 62.6 33.6 33.6 38.3 75.9
Western Africa 456,251 770,232 3.9 1795.1 3.3 44.5 4.3 59.4 57.5 89.2 33.6 38.3 39.9

Asia 4,806,898 38,004,625 3.6 8048.6 48.0 2.4 77.4 72.3 25.8 1,226,700
Eastern Asia 1,656,115 25,047,265 2.4 15,063.0 4.7 59.8 2.4 82 76.1 7.7 92.1 89.3 79.2 2.7 2249.9
South-Eastern Asia  695,149 3,630,588 5.6 5330.3 2.5 47.2 2.5 75.3 69.3 22.1 69.9 66.6 78.3 1.1 812.1
Southern Asia  2,064,056 4,761,901 6.3 2372.0 5.1 34.5 2.5 73.8 70.3 33.3 62.9 65.9 50.5 0.6 311.2
Western Asia  309,351 4,170,551 6.6 14,216.8 7.6 70.4 2.7 78.1 73.2 20.8 77.4 82.2 78.5 1.1 1215.4
Central Asia 82,226 394,320 4.0 5118.4 4.6 48.1 1.7 76.1 69.4 16.6 87.2 88.3 81.3 0.1 471.5

Oceania 46,089 2,080,031 3.1 46,473.3 3.7 68.1 1.5 81.6 77.1 18.2 115.5 117.0 78.5 1.7 3324.5 18,600
Australia & New Zealand 31,927 2,022,422 3 64,485.0 3.7 85.6 1.5 85.5 82 3.4 178 180 95.1 1.8 4695.9
Melanesia 12,945 48,795 6.0 3930.9 19.2 2.2 69.8 64.7 35.5
Micronesia 527 1304 0 4104.8 67.9 1.0 74.6 68.8 29.1 40.5
Polynesia 690 7509 4.4 11,311.6 44.5 0.6 79.8 75.1 11.6

Europe 745,084 23,858,902 3.0 32,000.5 73.9 0.3 82.7 75.9 4.1 110.1 109.8 91.6 2.0 3816.6 178,700
Eastern Europe  285,003 4,150,508 −0.2 14,330.6 4 69.3 0 79.8 70 5.1 110 110 91.6 2
Northern Europe  108,964 5,652,647 4.3 53,207.2 5.4 81.4 0.9 83.6 79.5 3.7 110 110 91.6 2
Southern Europe  151,254 4,226,047 4.7 27,853.1 9.4 70.6 0.2 85.1 80.2 3.4 110 110 91.6 2
Western Europe  199,863 9,829,701 2.5 49,648.0 4.7 79.4 0.6 84.7 80 3.6 110 110 91.6 2

The Americas 1,048,761 34,020,481 2.4 32,841.7 5.4 0.9 80.3 74.7 12.7
Latin America & the Caribbean 663,466 6,127,970 4.0 9298.5 6.1 79.9 1.5 78.8 72.9 15.6 89.5 80.8 81.0 0.5 625.4 41,500

Caribbean 44,445 483,941 3.7 11,135.4 6.9 70.0 1.4 76.5 70.1 35.1 74.3
Central America 183,410 1,785,939 4.2 9974.0 3.6 73.7 1.9 77.9 72.4 13.7 89.5 80.8 81
South America 435,611 3,858,090 3.9 8838.5 7 83.5 1.3 79.3 73.5 14.4 89.5 80.8 81

Northern America 385,295 27,892,511 2 74,012.0 4.2 81.6 1 82.3 77.4 5.8 101 100 97.3 3.3 4513.9
World 8,161,973 100,834,796 3.1 12,647.1 6.0 53.9 2.0 76.0 70.7 36.0 69.2 70.2 67.4 1.9 1352.5 1,823,000

(*) All data pertaining to indicators, unless otherwise specified, were sourced from the “World Statistics Pocketbook 2024 edition” by UNSD [84]. (**) UNdata database, “Research and
development (R&D) expenditure and researchers in full time Equivalent, year 2021” [83]. (***) UNdata database, “Patents Resident filings (per million population), grants and patents in
force, year 2022” [83].
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Table A3. Geographical distribution of cities in the SCI-2023 based on global regions.

Global Regions Number of
Smart Cities *

Number of
Countries with
Smart City * (B)

Number of
Countries ** (C)

Share of
Countries with

Smart City
(B/C%)

Global South 58 33 139 23.75
Global North 83 38 108 35.19

(*) The number of smart cities and the number of countries with smart cities were obtained from [60]. (**) The
number of countries in the Global South was obtained from [81]. The number of countries in the Global North
was calculated by subtracting the number of countries in the Global South from the total number of countries
in the UNSD list [61]. The total number of countries in the UNSD list is 248; Antarctica was excluded from
the calculations.

Table A4. Geographical distribution of cities in the SCI-2023 based on UNSD geographic regions.
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Continental Regions  
Subregions  

Intermediary Regions 

Number of Smart 
Cities * 

Number of Countries 
with Smart City (A) * 

Number of 
Countries (B) ** 

Share of Countries with 
Smart City (A/B%) 

Africa 9 8 60 13.3 
Northern Africa 4 4 7 57.1 
Sub-Saharan Africa     

Eastern Africa 1 1 22 4.5 
Middle Africa - - 9 0.0 
Southern Africa 1 1 5 20.0 
Western Africa 3 2 17 11.8 

Asia 45 22 50 44.0 
Eastern Asia 16 4 7 57.1 
South-Eastern Asia  9 6 11 54.5 
Southern Asia  5 2 9 22.2 
Western Asia  15 10 18 55.6 
Central Asia - - 5 0.0 

Oceania 6 2 29 6.9 
Australia & New Zealand 6 2 6 33.3 
Melanesia - - 5 0.0 
Micronesia - - 8 0.0 
Polynesia - - 10 0.0 

Europe 56 29 51 56.9 
Eastern Europe  7 6 10 60.0 
Northern Europe  19 11 16 68.8 
Southern Europe  11 6 16 37.5 
Western Europe  19 6 9 66.7 

Americas 25 10 57 17.5 
Latin America & the Caribbean     

Caribbean - - 28 0.0 
Central America 3 5 8 37.5 
South America 8 2 16 31.3 

Northern America 14 2 5 40.0 
Total/Average 141 71 247 28.7 

(*) The number of smart cities and the number of countries with smart cities were obtained from 
[60]. (**) UNSD continental/sub/intermediary region breakdowns and the number of countries in 
respective regions were derived from [61]. The total number of countries in the UNSD list is 248; 
Antarctica was excluded from the calculations. 

  

(*) The number of smart cities and the number of countries with smart cities were obtained from [60]. (**) UNSD
continental/sub/intermediary region breakdowns and the number of countries in respective regions were derived
from [61]. The total number of countries in the UNSD list is 248; Antarctica was excluded from the calculations.
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Table A5. Geographical distribution of cities in the SCI-2023 according to population groups.
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Africa 1 - 6 1 1 - 
Northern Africa 1 - 2 1 - - 
Sub-Saharan Africa       

Eastern Africa - - 1 - - - 
Southern Africa - - 1 - - - 
Western Africa - - 2 - 1 - 

Asia 1 2 19 10 9 4 
Eastern Asia - - 4 6 4 2 
South-Eastern Asia  - - 5 2 2 - 
Southern Asia  - - 1 - 2 2 
Western Asia  1 2 9 2 1 - 

Oceania 1 1 4 - - - 
Australia & New Zealand 1 1 4 - - - 

Europe 6 27 22 1 - - 
Eastern Europe  - 2 5 - - - 
Northern Europe  2 12 4 1 - - 
Southern Europe  1 5 5 - - - 
Western Europe  3 8 8 - - - 

Americas - 8 9 4 2 2 
Latin America & the Carib-
bean 

      

Central America - 1 1 - - 1 
South America  - - 2 3 2 1 

Northern America - 7 6 1 - - 
Total  9 38 60 16 12 6 

(*) Population groups are classified considering [82]. 

Table A6. The difference between the smart city ratings and technology ratings of cities in the SCI-
2023 at the sub/intermediary regional scale. 

Intermediary  
Regions 

Differences in Ratings * Total Number of 
Cities −1.00 0.00 1.00 2.00 

Northern Africa 0 4 0 0 4 
Eastern Africa 0 1 0 0 1 
Southern Africa 0 1 0 0 1 
Western Africa 1 2 0 0 3 
Eastern Asia 3 12 1 0 16 
South-Eastern Asia 1 8 0 0 9 
Southern Asia 1 4 0 0 5 
Western Asia 1 11 3 0 15 
Australia & New Zealand 0 3 3 0 6 
Eastern Europe 2 4 1 0 7 
Northern Europe 3 8 6 2 19 
Southern Europe 1 9 1 0 11 
Western Europe 2 9 6 2 19 
Central America 0 3 0 0 3 
South America 2 6 0 0 8 
Northern America 2 8 4 0 14 
Total number of cities 19 93 25 4 141 
(*) Differences in ratings are obtained by subtracting technology rating value from smart city rating 
value. Positive/negative values refer to higher/lower smartness levels than technological capacities. 

  

(*) Population groups are classified considering [82].

Table A6. The difference between the smart city ratings and technology ratings of cities in the
SCI-2023 at the sub/intermediary regional scale.

Intermediary
Regions

Differences in Ratings * Total Number of
Cities−1.00 0.00 1.00 2.00

Northern Africa 0 4 0 0 4
Eastern Africa 0 1 0 0 1
Southern Africa 0 1 0 0 1
Western Africa 1 2 0 0 3
Eastern Asia 3 12 1 0 16
South-Eastern Asia 1 8 0 0 9
Southern Asia 1 4 0 0 5
Western Asia 1 11 3 0 15
Australia & New Zealand 0 3 3 0 6
Eastern Europe 2 4 1 0 7
Northern Europe 3 8 6 2 19
Southern Europe 1 9 1 0 11
Western Europe 2 9 6 2 19
Central America 0 3 0 0 3
South America 2 6 0 0 8
Northern America 2 8 4 0 14
Total number of cities 19 93 25 4 141

(*) Differences in ratings are obtained by subtracting technology rating value from smart city rating value.
Positive/negative values refer to higher/lower smartness levels than technological capacities.
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Table A7. Geographical distribution of cities in the SCI-2023 according to smart city ranks.
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Africa 108 138 - - 8 4 9 
Northern Africa 108 137 - - - - 4 
Sub-Saharan Africa 125 138 - - 4 2 5 

Eastern Africa 131 131 - - 1 - 1 
Middle Africa - - - - - - - 
Southern Africa 125 125 - - 1 - 1 
Western Africa 132 138 - - 2 2 3 

Asia 7 140 1 6 3 3 45 
Eastern Asia 12 98  3 - - 16 
South-Eastern Asia  7 115 1 1 - - 9 
Southern Asia  105 120 - - - - 5 
Western Asia  13 140 - 2 - 3 15 
Central Asia  - - - - - - - 

Oceania 3 31 1 2 - - 6 
Australia & New Zealand 3 21 1 2 - - 6 
Melanesia - - - - - - - 
Micronesia - - - - - - - 
Polynesia - - - - - - - 

Europe 1 122 8 12 1  56 
Eastern Europe  14 111 - 1 - - 7 
Northern Europe  2 95 5 - - - 19 
Southern Europe  27 122   1 - 11 
Western Europe  1 101 3 6 - - 19 

Americas 21 141 - -  8 3 25 
Latin America & the Caribbean 118 141 - - 5 3 11 

Caribbean - - - - - - - 
Central America 121 141 - - - 1 3 
South America 118 136 - - 5 2 8 

Northern America 21 98 - - - - 14 
 

References
1. United Nations Department of Economic and Social Affairs Population Division. World Urbanisation Prospects 2018—Highlights

(ST/ESA/SER.A/421). 2019. Available online: https://population.un.org/wup/assets/WUP2018-Highlights.pdf (accessed on
12 January 2025).

2. Etezadzadeh, C. Smart City—Future City? Smart City 2.0 as a Livable City and Future Market; Springer: Wiesbaden, Germany, 2016.
[CrossRef]

3. Patrao, C.; Moura, P.; Almeida, A. Review of Smart City Assessment Tools. Smart Cities 2020, 3, 1117–1132. [CrossRef]
4. Caragliu, A.; Del Bo, D.; Nijkamp, P. Smart cities in Europe. J. Urban Technol. 2011, 18, 65–82. [CrossRef]
5. Bibri, S.E.; Krogstie, J. Smart sustainable cities of the future: An extensive interdisciplinary literature review. Sustain. Cities Soc.

2017, 31, 183–212. [CrossRef]
6. Nam, K.; Dutt, C.; Chathoth, P.; Khan, M. Blockchain technology for smart city and smart tourism: Latest trends and challenges.

Asia Pac. J. Tour. Res. 2021, 26, 454–468. [CrossRef]
7. Keshavarzi, G.; Yildirim, Y.; Arefi, M. Does scale matter? An overview of the “smart cities” literature. Sustain. Cities Soc. 2021, 74,

103151. [CrossRef]
8. Anthopoulos, L.G. Smart Cities and Their Roles in City Competition: A Classification. Int. J. Electron. Gov. Res. 2014, 10, 63–77.

[CrossRef]
9. Cocchia, A. Smart and Digital City: A Systematic Literature Review. In Smart City: How to Create Public and Economic Value with

High Technology in Urban Space; Dameri, R.P., Rosenthal-Sabroux, C., Eds.; Springer: Cham, Germany, 2014; pp. 13–44. [CrossRef]
10. Ingwersen, P.; Serrano-Lopez, A.E. Smart city research 1990–2016. Scientometrics 2018, 117, 1205–1236. [CrossRef]
11. Bakıcı, T.; Almirall, E.; Wareham, J. A smart city initiative: The case of Barcelona. J. Knowl. Econ. 2013, 4, 135–148. [CrossRef]

https://population.un.org/wup/assets/WUP2018-Highlights.pdf
https://doi.org/10.1007/978-3-658-11017-8
https://doi.org/10.3390/smartcities3040055
https://doi.org/10.1080/10630732.2011.601117
https://doi.org/10.1016/j.scs.2017.02.016
https://doi.org/10.1080/10941665.2019.1585376
https://doi.org/10.1016/j.scs.2021.103151
https://doi.org/10.4018/ijegr.2014010105
https://doi.org/10.1007/978-3-319-06160-3
https://doi.org/10.1007/s11192-018-2901-9
https://doi.org/10.1007/s13132-012-0084-9


Systems 2025, 13, 296 34 of 37

12. Petrica, N. Smart City-Organizational and Management Perspectives. In Proceedings of the International Management Conference,
Faculty of Management, Academy of Economic Studies, Bucharest, Romania, 2–4 November 2017; pp. 898–904. Available online:
https://ideas.repec.org/a/rom/mancon/v11y2017i1p898-904.html (accessed on 30 March 2025).

13. Harrison, C.; Eckman, B.; Hamilton, R.; Hartswick, P.; Kalagnanam, J.; Paraszczak, J.; Williams, P. Foundations for smarter cities.
IBM J. Res. Dev. 2010, 54, 1–16. [CrossRef]

14. Frick, K.; Kumar, T.; Mendonça Abreu, G.; Post, A. Benchmarking “Smart City” Technology Adoption in California: Developing
and Piloting a Data Collection Approach. Berkley Institute of Transportation Studies, Report No. UC-ITS-2020-31. 2021. Available
online: https://escholarship.org/uc/item/3797p0ws (accessed on 22 February 2025).

15. Mohanty, S.P.; Choppali, U.; Kougianos, E. Everything you wanted to know about smart cities: The Internet of things is the
backbone. IEEE Consum. Electron. Mag. 2016, 5, 60–70. [CrossRef]

16. Marsal-Llacuna, M.L.; Colomer-Llinas, J.; Meléndez-Frigola, J. Lessons in urban monitoring taken from sustainable and livable
cities to better address the Smart Cities initiative. Technol. Forecast. Soc. Change 2015, 90 Pt B, 611–622. [CrossRef]

17. Georgescu, M.; Pavaloaia, V.; Popescul, D.; Tugui, A. The Race for Making up the List of Emergent Smart Cities. An Eastern
European Country’s Approach. Transform. Bus. Econ. 2015, 14, 529–549.

18. Kitchin, R. Making sense of smart cities: Addressing present shortcomings. Camb. J. Reg. Econ. Soc. 2014, 8, 131–136. [CrossRef]
19. Yigitcanlar, T.; Desouza, K.; Butler, L.; Roozkhosh, F. Contributions and Risks of Artificial Intelligence (AI) in Building Smarter

Cities: Insights from a Systematic Review of the Literature. Energies 2020, 13, 1473. [CrossRef]
20. Ferreira, A.I.M. The Smart City: The Exponent of a Civilization Transition in the Context of a Global Crisis. In How Smart Is Your

City? Technological Innovation, Ethics and Inclusiveness; Ferreira, A.I.M., Ed.; Springer Nature: Cham, Germany, 2021; pp. 1–16.
[CrossRef]

21. Park, J.; Yoo, S. Evolution of the smart city: Three extensions to governance, sustainability, and decent urbanisation from an
ICT-based urban solution. Int. J. Urban Sci. 2023, 27 (Suppl. S1), 10–28. [CrossRef]

22. Giffinger, R.; Fertner, C.; Kramar, H.; Kalasek, R.; Pichler-Milanovic, N.; Meijers, E.J. Ranking of European Medium-Sized Cities; Final
Report; Centre of Regional Science, Vienna University of Technology: Vienna, Austria, 2007. [CrossRef]

23. Zygiaris, S. Smart city reference model: Assisting planners to conceptualize the building of smart city innovation ecosystems.
J. Knowl. Econ. 2013, 4, 217–231. [CrossRef]

24. Lara, A.; Da Costa, E.; Furlani, T.Z.; Yigitcanlar, T. Smartness that matters: Towards a comprehensive and human-centred
characterisation of smart cities. J. Open Innov. Technol. Mark. Complex. 2016, 2, 1–13. [CrossRef]

25. Samarakkody, A.; Amaratunga, D.; Haigh, R. Characterising Smartness to Make Smart Cities Resilient. Sustainability 2022, 14,
12716. [CrossRef]

26. Yigitcanlar, T.; Kamruzzaman, M.; Foth, M.; Sabatini-Marques, J.; da Costa, E.; Ioppolo, G. Can cities become smart without being
sustainable? A systematic review of the literature. Sustain. Cities Soc. 2019, 45, 348–365. [CrossRef]

27. Silva, B.; Khan, M.; Han, K. Towards sustainable smart cities: A review of trends, architectures, components, and open challenges
in smart cities. Sustain. Cities Soc. 2018, 38, 697–713. [CrossRef]

28. Kasznar, A.; Hammad, A.; Najjar, M.; Linhares Qualharini, E.; Figueiredo, K.; Soares, C.; Haddad, A. Multiple Dimensions of
Smart Cities’ Infrastructure: A Review. Buildings 2021, 11, 73. [CrossRef]

29. Kozlowski, W.; Suwar, K. Smart City: Definitions, Dimensions, and Initiatives. Eur. Res. Stud. J. 2021, XXIV Pt 1, 509–520.
[CrossRef]

30. Lombardi, P.; Giordano, S.; Farouh, H.; Yousef, W. Modelling the smart city performance. Innov. Eur. J. Soc. Sci. Res. 2012, 25,
137–149. [CrossRef]

31. Bogdanov, O.; Jeremic, V.; Jednak, S.; Cudanov, M. Scrutinizing the Smart City Index: A multivariate statistical approach. Zb. Rad.
Ekon. Fak. U Rijeci 2019, 37, 777–799. [CrossRef]

32. Parra-Pulido, R.; Hernandez-Pena, Y.; Zafra-Mejía, C. Systematic Review of Dimensions and Indicators in Sustainable and Smart
Cities: Trends, Interdependencies, and Continental Variations. Urban Sci. 2024, 8, 202. [CrossRef]

33. Al Sharif, R.; Pokharel, S. Smart City Dimensions and Associated Risks: Review of Literature. Sustain. Cities Soc. 2022, 77, 103542.
[CrossRef]

34. Pira, M. A novel taxonomy of smart sustainable city indicators. Humanit. Soc. Sci. Commun. 2021, 8, 197. [CrossRef]
35. Holguin Rengifo, Y.; Herrera Vargas, J.; Valencia-Arias, A. Proposal for a Comprehensive Tool to Measure Smart Cities under the

Triple-Helix Model: Capacities Learning, Research, and Development. Sustainability 2023, 15, 13549. [CrossRef]
36. Gazzeh, K. Ranking Sustainable Smart City Indicators Using Combined Content Analysis and Analytic Hierarchy Process

Techniques. Smart Cities 2023, 6, 2883–2909. [CrossRef]
37. Batty, M.; Axhausen, K.W.; Giannotti, F.; Pozdnoukhov, A.; Bazzani, A.; Wachowicz, M.; Ouzounis, G.; Portugali, Y. Smart cities of

the future. Eur. Phys. J. Spec. Top. 2012, 214, 481–518. [CrossRef]

https://ideas.repec.org/a/rom/mancon/v11y2017i1p898-904.html
https://doi.org/10.1147/JRD.2010.2048257
https://escholarship.org/uc/item/3797p0ws
https://doi.org/10.1109/MCE.2016.2556879
https://doi.org/10.1016/j.techfore.2014.01.012
https://doi.org/10.1093/cjres/rsu027
https://doi.org/10.3390/en13061473
https://doi.org/10.1007/978-3-030-56926-6
https://doi.org/10.1080/12265934.2022.2110143
https://doi.org/10.34726/3565
https://doi.org/10.1007/s13132-012-0089-4
https://doi.org/10.1186/s40852-016-0034-z
https://doi.org/10.3390/su141912716
https://doi.org/10.1016/j.scs.2018.11.033
https://doi.org/10.1016/j.scs.2018.01.053
https://doi.org/10.3390/buildings11020073
https://doi.org/10.35808/ersj/2442
https://doi.org/10.1080/13511610.2012.660325
https://doi.org/10.18045/zbefri.2019.2.777
https://doi.org/10.3390/urbansci8040202
https://doi.org/10.1016/j.scs.2021.103542
https://doi.org/10.1057/s41599-021-00879-7
https://doi.org/10.3390/su151813549
https://doi.org/10.3390/smartcities6050129
https://doi.org/10.1140/epjst/e2012-01703-3


Systems 2025, 13, 296 35 of 37

38. Cohen, B. Blockchain Cities and the Smart Cities Wheel. 2018. Available online: https://boydcohen.medium.com/blockchain-
cities-and-the-smart-cities-wheel-9f65c2f32c36 (accessed on 22 February 2025).

39. Li, G.; Wang, Y.; Luo, J.; Li, Y. Evaluation on Construction Level of Smart City: An Empirical Study from Twenty Chinese Cities.
Sustainability 2018, 10, 3348. [CrossRef]

40. Barbierato, E.; Gatti, A. Decoding Urban Intelligence: Clustering and Feature Importance in Smart Cities. Future Internet 2024, 16,
362. [CrossRef]

41. Gupta, S.; Mustafa, S.Z.; Kumar, H. Smart People for Smart Cities: A Behavioral Framework for Personality and Roles. In
Advances in Smart Cities: Smarter People, Governance, and Solutions; Kar, A.K., Gupta, M.P., Ilavarasan, P.V., Dwivedi, K.Y., Eds.;
Chapman and Hall/CRC: New York, NY, USA, 2017; pp. 23–30; ISBN 978-1-4987-9571-5.

42. Albino, V.; Berardi, U.; Dangelico, R.M. Smart Cities: Definitions, Dimensions, Performance, and Initiatives. J. Urban Technol. 2015,
2, 3–21. [CrossRef]

43. Meijer, A.; Bolivar, M.P. Governing the smart city: A review of the literature on smart urban governance. Int. Rev. Adm. Sci. 2016,
82, 392–408. [CrossRef]

44. Tsymbal, L.; Uninets, I. Development of Smart Cities: Country Analysis. Manag. Theory Stud. Rural Bus. Infrastruct. Dev. 2022, 44,
482–488. [CrossRef]

45. Qonita, M.; Giyarsih, S.R. Smart city assessment using the Boyd Cohen smart city wheel in Salatiga, Indonesia. GeoJournal 2023,
88, 479–492. [CrossRef]

46. Marchesani, F. Geographic Patterns in Smart City Implementation. In the Global Smart City; Emerald Publishing: Leeds, UK, 2023;
pp. 55–74. [CrossRef]

47. Fachinelli, A.; Yigitcanlar, T.; Sabatini-Marques, J.; Cortese, T.; Sotto, D.; Libardi, B. Urban Smartness and City Performance:
Identifying Brazilian Smart Cities through a Novel Approach. Sustainability 2023, 15, 10323. [CrossRef]

48. Duygan, M.; Fischer, M.; Parli, P.; Ingold, K. Where do Smart Cities grow? The spatial and socio-economic configurations of
smart city development. Sustain. Cities Soc. 2022, 77, 103578. [CrossRef]

49. Boscacci, F.; Maltese, I.; Mariotti, I. Smartness and Italian Cities. A Cluster Analysis. TeMA 2014, Special Issue INPUT 2014, 141–152.
Available online: http://www.serena.unina.it/index.php/tema/article/view/2512/0 (accessed on 30 March 2025).

50. Akande, A.; Cabral, P.; Gomes, P.; Casteleyn, S. The Lisbon ranking for smart sustainable cities. Sustain. Cities Soc. 2019, 44,
475–487. [CrossRef]

51. Ozkaya, G.; Erdin, C. Evaluation of smart and sustainable cities through a hybrid MCDM approach based on ANP and TOPSIS
technique. Heliyon 2020, 6, e05052. [CrossRef] [PubMed]

52. Sotirelis, P.; Nakopoulos, P.; Valvi, T.; Grigoroudis, E.; Carayannis, E. Measuring Smart City Performance: A Multiple Criteria
Decision Analysis Approach. J. Knowl. Econ. 2022, 13, 2957–2985. [CrossRef]

53. Occelli, S.; Sciullo, A. Mapping Smart Regions. An Exploratory Approach. TeMA 2014, Special Issue INPUT 2014, 719–728.
Available online: http://www.serena.unina.it/index.php/tema/article/view/2511 (accessed on 30 March 2025).

54. Nurbatsin, A.; Kireyeva, A.; Gamidullaeva, L.; Abdykadyr, T. Spatial analysis and technological influences on smart city
development in Kazakhstan. J. Infrastruct. Policy Dev. 2024, 8, 3012. [CrossRef]

55. Hu, R. The State of Smart Cities in China: The Case of Shenzhen. Energies 2019, 12, 4375. [CrossRef]
56. Alizadeh, T. Global Trends of Smart Cities: A Comparative Analysis of Geography, City Size, Governance, and Urban Planning; Elsevier:

Amsterdam, The Netherlands, 2021. [CrossRef]
57. Carboni, S. Smart Cities in comparison: An analysis of the best Smart Cities. Smart Cities Reg. Dev. J. 2024, 8, 65–78. Available

online: https://www.scrd.eu/index.php/scrd/article/view/480 (accessed on 14 April 2025). [CrossRef]
58. Chen, C.-W. Can smart cities bring happiness to promote sustainable development? Contexts and clues of subjective well-being

and urban livability. Dev. Built Environ. 2023, 13, 100108. [CrossRef]
59. Kuzior, A.; Pakhnenko, O.; Tiutiunyk, I.; Lyeonov, S. E-Governance in Smart Cities: Global Trends and Key Enablers. Smart Cities

2023, 6, 1663–1689. [CrossRef]
60. International Institute for Management Development. IMD Smart City Index Report 2023. 2023. Available Upon Request

from IMD Smart City Observatory. Available online: https://www.imd.org/smart-city-observatory/home/ (accessed on
30 March 2025).

61. United Nations Department of Economic and Social Affairs Statistics Division. Standard Country or Area Codes for Statistical
Use (M49). Available online: https://unstats.un.org/unsd/methodology/m49/ (accessed on 12 January 2025).

62. Lazaroiu, G.; Roscia, M. Definition Methodology for the Smart Cities Model. Energy 2012, 47, 326–332. [CrossRef]
63. IESE Business School University of Navvara. IESE Cities in Motion Index. 2024. Available online: https://www.iese.edu/media/

research/pdfs/ST-0649-E (accessed on 12 January 2025).
64. Eden Strategy Institute. Top 50 Smart City Governments Ranking. 2018. Available online: https://www.edenstrategyinstitute.

com/wp-content/uploads/2018/07/Eden-OXD_Top50SmartCityGovernments.pdf (accessed on 22 February 2025).

https://boydcohen.medium.com/blockchain-cities-and-the-smart-cities-wheel-9f65c2f32c36
https://boydcohen.medium.com/blockchain-cities-and-the-smart-cities-wheel-9f65c2f32c36
https://doi.org/10.3390/su10093348
https://doi.org/10.3390/fi16100362
https://doi.org/10.1080/10630732.2014.942092
https://doi.org/10.1177/0020852314564308
https://doi.org/10.15544/mts.2022.47
https://doi.org/10.1007/s10708-022-10614-7
https://doi.org/10.1108/978-1-83797-575-420231004
https://doi.org/10.3390/su151310323
https://doi.org/10.1016/j.scs.2021.103578
http://www.serena.unina.it/index.php/tema/article/view/2512/0
https://doi.org/10.1016/j.scs.2018.10.009
https://doi.org/10.1016/j.heliyon.2020.e05052
https://www.ncbi.nlm.nih.gov/pubmed/33117896
https://doi.org/10.1007/s13132-021-00847-1
http://www.serena.unina.it/index.php/tema/article/view/2511
https://doi.org/10.24294/jipd.v8i2.3012
https://doi.org/10.3390/en12224375
https://doi.org/10.1016/C2019-0-00713-3
https://www.scrd.eu/index.php/scrd/article/view/480
https://doi.org/10.25019/fh5e2408
https://doi.org/10.1016/j.dibe.2022.100108
https://doi.org/10.3390/smartcities6040078
https://www.imd.org/smart-city-observatory/home/
https://unstats.un.org/unsd/methodology/m49/
https://doi.org/10.1016/j.energy.2012.09.028
https://www.iese.edu/media/research/pdfs/ST-0649-E
https://www.iese.edu/media/research/pdfs/ST-0649-E
https://www.edenstrategyinstitute.com/wp-content/uploads/2018/07/Eden-OXD_Top50SmartCityGovernments.pdf
https://www.edenstrategyinstitute.com/wp-content/uploads/2018/07/Eden-OXD_Top50SmartCityGovernments.pdf


Systems 2025, 13, 296 36 of 37

65. Mohan, A.; Dubey, G.; Ahmed, F.; Sidhu, A. Smart Cities Index: A Tool for Evaluating Cities. 2017. Available online: https:
//shaktifoundation.in/wp-content/uploads/2014/02/Smart-Cities-Index.pdf (accessed on 22 February 2025).

66. Aragao, F.; Chiroli, D.; Zola, F.; Aragao, E.; Marinho, L.; Correa, A.; Colmenero, J. Smart Cities Maturity Model—A Multicriteria
Approach. Sustainability 2023, 15, 6695. [CrossRef]

67. Sharifi, A. A critical review of selected smart city assessment tools and indicator sets. J. Clean. Prod. 2019, 233, 1269–1283.
[CrossRef]

68. Lai, C.; Cole, A. Measuring progress of smart cities: Indexing the smart city indices. Urban Gov. 2023, 3, 45–57. [CrossRef]
69. Zuccardi Merli, M.; Bonollo, E. Performance Measurement in the Smart Cities. In Smart City: How to Create Public and Economic

Value with High Technology in Urban Space; Dameri, R.P., Rosenthal-Sabroux, C., Eds.; Springer: Cham, Germany, 2014; pp. 139–156.
[CrossRef]

70. Alderete, M.V. Exploring the Smart City Indexes and the Role of Macro Factors for Measuring Cities Smartness. Soc. Indic. Res.
2020, 147, 567–589. [CrossRef]

71. Shi, F.; Shi, W. A Critical Review of Smart City Frameworks: New Criteria to Consider When Building Smart City Framework.
ISPRS Int. J. Geo-Inf. 2023, 12, 364. [CrossRef]

72. Toh, C.K. Smart city indexes, criteria, indicators and rankings: An in-depth investigation and analysis. IET Smart Cities 2022, 4,
211–228. [CrossRef]

73. Rozalowska, B. The functioning of smart city in the context of global city rankings. Sci. Pap. Silesian Univ. Technol.—Organ. Manag.
Ser. 2020, 146, 413–425. [CrossRef]

74. Hammoumi, L.; Maanan, M.; Rhinane, H. Characterizing Smart Cities Based on Artificial Intelligence. Smart Cities 2024, 7,
1330–1345. [CrossRef]

75. Lanvin, B. Asian and European Citizens See Their Cities as the ‘Smartest’, Finds 2023 IMD Smart City Index. April 2023. Available
online: https://www.imd.org/news/competitiveness/asian-and-european-citizens-see-their-cities-as-the-smartest-finds-20
23-imd-smart-city-index/ (accessed on 17 February 2025).

76. Liu, Z.; Wu, J. A Review of the Theory and Practice of Smart City Construction in China. Sustainability 2023, 15, 7161. [CrossRef]
77. Gelmez, E.; Özceylan, E. Evaluation of the Smart Cities Listed in Smart City Index 2021 by Using Entropy Based Copras and Aras

Methodology. Found. Comput. Decis. Sci. 2023, 48, 153–180. [CrossRef]
78. WeGO. IMD Smart City Index 2023 Published, in Partnership with WeGO. Available online: https://we-gov.org/news-2023

/imd-samrt-city-index-2023-published-in-partnership-with-wego/ (accessed on 19 February 2025).
79. Global Data Lab. Subnational HDI (v8.1). Available online: https://globaldatalab.org/shdi/table/shdi/ (accessed on

22 February 2025).
80. United Nations Development Programme. Human Development Index (HDI). Available online: https://hdr.undp.org/data-

center/human-development-index#/indicies/HDI (accessed on 12 January 2025).
81. UNESCO. Organization for Women in Science for the Developing World. Countries in the Global South (by Region). Avail-

able online: https://owsd.net/sites/default/files/OWSD%20138%20Countries%20-%20Global%20South.pdf (accessed on
12 January 2025).

82. United Nations Human Settlements Programme. Global State of Metropolis 2020—Population Data Booklet. 2020.
Available online: https://unhabitat.org/sites/default/files/2020/09/gsm-population-data-booklet-2020_3.pdf (accessed on
15 February 2025).

83. UNdata. UNdata—A World of Information. Available online: https://data.un.org/Default.aspx (accessed on 12 January 2025).
84. United Nations Department of Economic and Social Affairs Statistics Division. World Statistics Pocketbook, 2024 Edition. 2024.

Available online: https://unstats.un.org/UNSDWebsite/Publications/StatisticalPocketbook/ (accessed on 17 February 2025).
85. Zou, K.; Tuncali, K.; Silverman, S. Correlation and Simple Linear Regression. Radiology 2003, 227, 617–628. [CrossRef]
86. Schober, P.; Boer, C.; Schwarte, L. Correlation Coefficients: Appropriate Use and Interpretation. Anesth. Analg. 2018, 126,

1763–1768. [CrossRef] [PubMed]
87. Hardle, W.; Simar, L. Applied Multivariate Statistical Analysis; Springer: Berlin, Germany, 2003. [CrossRef]
88. Everitt, B.; Dunn, G. Applied Multivariate Data Analysis; Arnold: London, UK, 2001. [CrossRef]
89. Alt, N. Exploring Hyberspace: A Non-Mathematical Explanation of Multivariate Analysis; McGraw-Hill: London, UK, 1990;

ISBN 978-0077073381.
90. Greenacre, M. Correspondence Analysis in Practice; Academic Press Ltd.: London, UK, 1993; ISBN 978-0122990526.
91. Greenacre, M.; Blasius, J. Correspondence Analysis in the Social Sciences; Academic Press Ltd.: London, UK, 1994;

ISBN 978-0121045708.

https://shaktifoundation.in/wp-content/uploads/2014/02/Smart-Cities-Index.pdf
https://shaktifoundation.in/wp-content/uploads/2014/02/Smart-Cities-Index.pdf
https://doi.org/10.3390/su15086695
https://doi.org/10.1016/j.jclepro.2019.06.172
https://doi.org/10.1016/j.ugj.2022.11.004
https://doi.org/10.1007/978-3-319-06160-3
https://doi.org/10.1007/s11205-019-02168-y
https://doi.org/10.3390/ijgi12090364
https://doi.org/10.1049/smc2.12036
https://doi.org/10.29119/1641-3466.2020.146.29
https://doi.org/10.3390/smartcities7030056
https://www.imd.org/news/competitiveness/asian-and-european-citizens-see-their-cities-as-the-smartest-finds-2023-imd-smart-city-index/
https://www.imd.org/news/competitiveness/asian-and-european-citizens-see-their-cities-as-the-smartest-finds-2023-imd-smart-city-index/
https://doi.org/10.3390/su15097161
https://doi.org/10.2478/fcds-2023-0007
https://we-gov.org/news-2023/imd-samrt-city-index-2023-published-in-partnership-with-wego/
https://we-gov.org/news-2023/imd-samrt-city-index-2023-published-in-partnership-with-wego/
https://globaldatalab.org/shdi/table/shdi/
https://hdr.undp.org/data-center/human-development-index#/indicies/HDI
https://hdr.undp.org/data-center/human-development-index#/indicies/HDI
https://owsd.net/sites/default/files/OWSD%20138%20Countries%20-%20Global%20South.pdf
https://unhabitat.org/sites/default/files/2020/09/gsm-population-data-booklet-2020_3.pdf
https://data.un.org/Default.aspx
https://unstats.un.org/UNSDWebsite/Publications/StatisticalPocketbook/
https://doi.org/10.1148/radiol.2273011499
https://doi.org/10.1213/ANE.0000000000002864
https://www.ncbi.nlm.nih.gov/pubmed/29481436
https://doi.org/10.1007/978-3-031-63833-6
https://doi.org/10.1002/9781118887486


Systems 2025, 13, 296 37 of 37

92. Greenacre, M.; Hastie, T. Geometric Interpretation of Correspondence Analysis. J. Am. Stat. Assoc. 1987, 82, 437–447. [CrossRef]
93. de Nooy, W. Fields and Networks: Correspondence Analysis and Social Network Analysis in the Framework of Field Theory.

Poetics 2003, 31, 305–327. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

https://doi.org/10.1080/01621459.1987.10478446
https://doi.org/10.1016/S0304-422X(03)00035-4

	Introduction 
	Materials and Methods 
	Data Source: IMD Smart City Index 2023 
	Data Process 
	Data Analysis 

	Results 
	Discussion 
	Interpretation of Key Findings 
	Implications of the Findings 

	Conclusions 
	Appendix A
	References

