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Abstract: The development of digital technologies is one of the factors influencing the cities’ readiness
for the COVID-19 breakout. The purpose of this article is to assess cities’ resilience to the COVID-19
pandemic depending on the “smart” level criteria. The article uses the following research methods:
(1) bibliometric analysis to identify the main directions of scientific research regarding “COVID-19”
and “smart city” in Scopus publications for 2019–2022; (2) k-means clustering method to identify
common patterns among smart cities regarding their readiness and responsiveness to COVID-19;
(3) correlation analysis to identify the relationships between smart city performance indicators and
COVID-19 severity in these cities. The Smart City Index 2021 was a key criterion for classifying a city
as smart for this study. The correlation analysis included two stages: (1) correlation analysis of the
Smart City Rank and indicators of COVID-19 readiness and responsiveness; (2) correlation analysis of
the Smart City Rank and its health care components and COVID-19 severity indicators. According to
the study results, smart cities demonstrated higher COVID-19 readiness and lower COVID-19 fatality
rates. However, they lag behind in terms of resilience and sustainability of their health care systems.

Keywords: smart city; digitalization; COVID-19; pandemic; health care; sustainability; resilience

1. Introduction

Digital technologies make an integral part of the information society and modern
digital transformation to improve and optimize processes in modern cities [1–7]. The
COVID-19 pandemic has become an impetus for a more intensive and widespread imple-
mentation of digital technologies in the economy and society. Digital technologies have
become a means of adapting people, businesses and authorities to new living and working
conditions during the lockdown [8–12]. They are also considered as tools for achieving
macroeconomic stability and sustainability in pandemic and post pandemic periods [13–16].
On the other hand, the level and nature of digital technologies implemented in cities and
communities was one of the factors of their resilience to the negative consequences of the
COVID-19 pandemic. The main types of such digital technologies are artificial intelligence,
the Internet of Things, Big Data, etc. [17–24].

The COVID-19 spread and response at the city level is receiving considerable attention
from the world community. There are several reasons: firstly, the growing share of the
urban population, which already makes up more than half of the global population; higher
population density in urban areas, which increases the risk of spreading viral diseases due
to a greater number of social contacts; higher vulnerability to the economic consequences
of the pandemic, etc.
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On the one hand, the increase in the general level of digitalization, and on the other
hand, the increase in the urbanization level, formed a scientific interest in how these two
significant trends of modern development have played during COVID-19 outbreak. Thus,
the purpose of the article is to assess the resilience of cities to the COVID-19 pandemic
depending on the “smart” level criteria. The hypothesis of the study is that smart cities have
higher resilience to COVID-19 compared to conventional cities; thus, the higher the rating
of a city according to the “smart city” criteria, the lower its COVID-19 severity indicators.

While investigating the impact of COVID-19 on smart cities, one should note that
the pandemic affected all spheres of human life and all economic sectors. Certainly, this
impact manifested itself in different ways. Some areas were affected more than others, and
some, in contrast, received an impetus for development (such as e-commerce, telemedicine,
online educational platforms and almost everything that works online).

The studies of Organization for Economic Co-operation and Development (OECD)
highlighted the economic, social and environmental impacts of COVID-19 on cities [25].
Smiianov V. A. and others (2020) analyze the impact of COVID-19 in terms of three compo-
nents: environmental factor, health and population, economic factor [26].

A significant amount of research is devoted to the specific consequences of the COVID-
19 pandemic, such as pandemic impact on the supply chains [27], anti-money laundering
scenarios [28], small and medium-sized enterprises (SMEs) and corporate governance [29],
migrants’ remittances [30], green bond market [31], etc. Another direction of scientific
research consists of works that analyze the issues of COVID-19 response [32,33], post-
COVID-19 recovery [34] and vaccination [35].

Considerable attention is paid to the study of the economic consequences of COVID-19
and its impact on the economic sectors, especially those most affected by the pandemic.
Thus, a significant number of scientific works are devoted to the impact of the COVID-19 on
the transport industry, and in particular, public transport [36–39], retail trade and services
in general [40], etc.

Given the objectives of this research, studies devoted to the pandemic impact on the
implementation of digital technologies in smart cities are of great interest. Firstly, COVID-
19 breakout led to a change in priorities in the implementation of smart city projects [41,42];
secondly, it created a demand for faster implementation and active use of smart technologies
in work processes and everyday life [43,44]; thirdly, smart city projects were applied to
combat COVID-19 [45].

Using the method of regression analysis, Yang S. and Chong Z. (2021) empirically
confirmed that the implementation of smart city projects in China decreased the number of
COVID-19 confirmed cases [45]. In the analysis of the Indian cities response to the pandemic,
the researchers came to the opposite conclusion: smart cities in India demonstrated high
COVID-19 morbidity and mortality rates. The authors justified this by the lack of initiatives
to link marginalized citizens with information technologies and the strengthening of the
digital divide during the pandemic [46]. Li F. arguing that there is a connection between
digital exclusion and the pandemic outcomes (such as COVID-19 incidence, mortality and
vaccination) based on county-level analysis in the United States [47].

Thus, currently there are studies on the dependence of the performance and resilience
of smart cities in the conditions of the COVID-19 pandemic on smart technology indicators.
However, these studies are limited to certain regions or countries. At the same time, global
studies of the impact of COVID-19 on smart cities mostly focus on certain industries or
spheres of activity. Thus, there is a research gap in studies of the pandemic impact on
smart cities and their resilience to COVID-19 depending on the smart city rating, which
determined the relevance and scientific significance of this study.

2. Materials and Methods
2.1. Bibliometric Analysis

The methodology of bibliometric analysis includes two stages: (1) data collection and
preparation; (2) data visualization. The Scopus database was chosen as the data source for
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the first stage of bibliometric analysis as one of the most prestigious databases of scientific
journals. The publications in the Scopus database were selected in the field “Title, abstract,
keywords”, according to the following search queries: “smart city” and “COVID-19”. The
obtained results were filtered by language: only English was selected, and by publication
type: articles, conference papers, books and book chapters were included. The period
of publications for analysis is 2019–2022. The second stage of bibliometric analysis was
implemented using VOSviewer v.1.6.18 software (Van Eck and Waltman, Univeristeit
Leiden, Leiden, The Netherlands). Visualization map of scientific publications was formed
based on selected Scopus publications.

2.2. Databases and Index Calculation

Existing measurement frameworks of smart cities usually include several dimensions
and some indicators. Since different lists of indicators are formed and different weights
are applied to them, the results of evaluating the smart cities’ performance can differ
significantly across the studies. Table 1 presents the results of evaluating smart cities
according to some of the existing approaches, which focus on sustainability, living quality,
innovation and smart government.

Table 1. Top 10 smart cities according to different ratings.

Rank Smart City
Index 2021

Smart City
Governments

2020/21

Sustainable
Smart Cities

2021

Sustainable
Cities Index

2018

Quality of
Living City

Ranking 2019

Innovation Cities
Index 2021

1 Singapore Singapore Copenhagen London Vienna Tokyo
2 Zurich Seoul Oslo Stockholm Zurich Boston
3 Oslo London Zurich Edinburgh Vancouver New York
4 Taipei City Barcelona London Singapore Munich Sydney
5 Lausanne Helsinki Stockholm Vienna Auckland Singapore
6 Helsinki New York Singapore Zurich Dusseldorf Dallas-Fort Worth
7 Copenhagen Montreal Amsterdam Munich Frankfurt Seoul
8 Geneva Shanghai Sydney Oslo Copenhagen Houston
9 Auckland Vienna New York Hong Kong Geneva Chicago
10 Bilbao Amsterdam Munich Frankfurt Basel Paris

Source: compiled by the authors based on [48–53].

According to Table 1, some of the cities are in the top 10 of different rankings, although
in different positions. However, according to the considered approaches, the results of
smart cities’ evaluating significantly differ.

Having analyzed the methodology, components and indicators used to evaluate smart
cities performance in various frameworks, the Smart City Index 2021 was chosen as the key
criterion for classifying a city as smart for this study.

The Smart City Index (SCI) is calculated based on survey data in terms of two pillars:
structure and technology. Each of the pillars includes a set of indicators in five key areas.
The number of indicators in each group is different, the general scheme of the formation of
the SCI by pillars and key areas is shown in Figure 1.

Each indicator included in SCI is measured on a scale from 0 to 100. The same scale is
used for key areas and pillars, their scores are determined by calculating the average values
of the indicators. The final value of the SCI is a weighted average, which, in addition to the
results of the current year, considers the values of the two previous years in a ratio of 3:2:1.
The Smart City Rank is formed based on the comparison of SCI results, the city with the
highest SCI score is assigned 1st position in the ranking [48].
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The main motives for using the Smart City Index as the main indicator of a smart city
in this research are:

• The purpose of the Smart City Index is to evaluate and rank cities based on the
assessment of structures and technology applications available to the city residents in
different areas, unlike other indices, in which the priority is sustainability, prosperity,
governance, etc.

• The Index is calculated annually; the 2021-report is based on the data of 2019–2021
(survey results for these years are used in the calculation of the final score with the
weight of 3:2:1 for 2021:2020:2019), corresponding to the period selected in the study
of the smart cities’ resilience to COVID-19;

• The Smart City Index provides a comprehensive assessment of cities, including various
aspects of their functioning, such as health and safety, mobility, activities, opportunities
and governance. It is important to have scores for the health and safety component,
allowing a detailed analysis to be carried out in this direction in terms of COVID-19;

• Publicly available data for all cities regarding Smart City Rank indicators and their
scores by specific areas;

• The report on the Smart City Index 2021 includes 118 cities, which ensures the suffi-
ciency of the sample for the analysis.

The COVID-19 pandemic made it necessary to review the indicators used to describe
the development and performance of smart cities. In response to the need to track the
current situation with COVID-19 in the largest cities and administrative centers, The United
Nations Human Settlements Programme (UN habitat) in cooperation with CitiiQ developed
the COVID-19 city tracker [54]. The tracker allows cumulative and average coronavirus
cases to be tracked. In addition, the platform provides integral indicators of the COVID-19
Readiness Score and a COVID-19 Responsiveness Score on a scale of 0–100 for more than
1000 cities.

The Readiness Score is calculated based on five indicators: public health capacity,
societal strength, economic ability, infrastructure and national collaborative will. In turn,
the calculation of the Responsiveness Score includes assessments in four directions: spread
response, treatment response, economic response and supply chain response. In this study,
the above nine indicators were used to analyze the COVID-19 readiness and responsiveness
specifically for smart cities.

In addition, the number of coronavirus cases and number of coronavirus deaths cases
were used to characterize the severity of COVID-19. The statistical base was made up
of data from open sources, including the COVID-19 Data Repository by the Center for
Systems Science and Engineering (CSSE) at Johns Hopkins University [55] and the COVID-
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19 Cities Readiness and Response Tracker [54]. To ensure data comparability, the number
of coronavirus diseases and deaths cases per 100,000 inhabitants were used.

The cumulative number of coronavirus cases and number of coronavirus deaths were
taken on two dates: 1 January 2021, and 1 January 2022. The first period best reflects the
first shocks from the COVID-19 breakout and the response of smart cities to the pandemic.
The second period considers the ability of smart cities to adapt and resist, to ensure
better comparability of smart cities, considering the regional unevenness of the spread of
pandemic waves in 2020. In addition, the second period already includes the first stage of
vaccination of the population.

2.3. Cluster Analysis

Several methods, namely correlation and cluster analysis, were used to reveal the
regularities of the relationship between smart city indicators and COVID-19 indicators. The
authors used cluster analysis methods, namely the k-means clustering, to compare smart
cities with each other and group them according to indicators of COVID-19 readiness and
responsiveness, as well as to identify the criteria by which smart cities can be grouped into
clusters. Cluster analysis allows the studied objects (cities) to be divided into homogeneous
groups or clusters, taking into account several parameters at the same time. In cluster
analysis, the similarity between the studied objects is determined based on the calculation
of distances between points, considering that each clustering object is represented by a
point in an n-dimensional space (where n is the number of object parameters). Accordingly,
the smaller the calculated value of the distance between the points, the more similar
(homogeneous) the studied objects are [56]. The results of cluster analysis depend on the
chosen method of calculating the distance between points. In this study, one of the most
common and universal approaches to distance metrics is used—Euclidean distances.

Cluster analysis was implemented using Statistica version 10 software (Stat Soft, Inc.,
Tulsa, OK, USA). The analysis was carried out based on the values of nine indicators of
COVID-19 cities’ readiness and responsiveness according to the UN Habitat methodology.
Since all variables have the same measurement scale of 0–100 and are comparable, there
was no need to normalize the indicators.

Cluster analysis can be implemented using different methods. The k-means clustering
method was chosen for this study. The advantages of the k-means clustering method for
the purposes of this study are the ability to adjust the number of clusters; an accurate
distribution of smart cities by clusters and the ability to obtain the average values of the
variables for the cluster as a whole and the deviation of the indicators of each smart city
from the cluster average; and the ability to identify the key parameters by which smart
cities were combined into a cluster. In this study, the number of clusters equal to four
was established based on a gradual increase in the number of clusters, starting with two,
and the analysis of the average values of the variables in the clusters and the Euclidean
distances of the studied objects.

The distribution of cities by clusters in such a way that the cluster includes cities with
the same level of smart technology implementation (neighbouring positions in the Smart
City Rank) will be a confirmation of the proposed research hypothesis. The absence of a
relationship between belonging to a cluster and the Smart City Rank is a refutation of the
hypothesis.

2.4. Correlation Analysis

Correlation analysis was used to identify the presence of relationships between smart
city performance indicators and COVID-19 severity in these cities. Correlation analysis
included two stages. At the first stage, the correlations between Smart City Rank in 2021
and nine indicators of COVID-19 Cities Readiness and Responsiveness were investigated.
At the second stage, the correlations between the Smart City Rank and the components
characterizing the health care system in smart cities on the one hand, and COVID-19
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severity indicators (coronavirus cases, coronavirus deaths and coronavirus fatality rate) on
the other hand, were analysed.

In both cases, Pearson correlation coefficients were calculated for each pair of indica-
tors. The Pearson correlation coefficient is used to determine the direction and strength of
the linear relationship between variables. The correlation direction is determined by the
sign of the correlation coefficient: a negative value of the coefficient indicates an inverse
relationship between the variables (when one variable decreases, the other increases and
vice versa); a positive value of the correlation coefficient indicates that the studied variables
change unidirectionally.

The correlation coefficient can take values from −1 to 1. The closer the value of the
coefficient is to 1 or to −1, the stronger the relationship between the studied variables. On
the other hand, the correlation coefficient close to zero indicates a negligible correlation
between the variables. The statistical significance of correlation coefficients was checked
based on t-values and p-values. T-test allows us to find out if the sample correlation
between variables is repeatable for the entire population. In turn, p-value is the probability
that the correlation between variables in the sample data occurred by chance. The study
used three levels of significance for the p-value: 0.01; 0.05 and 0.1). The correlation analysis
method was implemented using Statistica 10 software.

3. Results
3.1. Bibliometric Analysis Results

The topic, which combines scientific research on COVID-19 and smart cities, has at-
tracted considerable interest of scientists. Analytics of the Scopus database shows more than
1000 English-language articles simultaneously in these two directions during 2019–2022.
There is a trend towards an increase in the number of such scientific publications; there are
already 376 such articles in the Scopus database in the incomplete year of 2022. Consid-
ering the new waves of COVID-19 on the one hand, and the deepening of digitalization
processes in society on the other hand, we can assume that this scientific direction will
remain relevant in the following periods.

Moreover, one should note that scientific research of both smart cities and COVID-
19 includes many scientific studies in different subject areas—computer science, social
sciences, engineering, energy and others (according to Scopus analytics).

A bibliometric analysis based on the co-occurrence of the keywords was carried out
using VOSviewer v.1.6.18 (Figure 2) to identify the key contextual directions of scientific
research, which include the study of smart cities and COVID-19, and to clarify the points of
intersection of research.

A bibliographic analysis conducted based on 1042 articles in Scopus during 2019–2022,
using the co-occurrence criterion of all keywords that appeared in the publications at least
five times, made it possible to identify five contextual clusters:

(1) Smart city and sustainable development (red cluster);
(2) Decision making (green cluster);
(3) COVID-19 (blue cluster);
(4) Machine learning (yellow cluster);
(5) Internet of things (violet cluster).

Thus, scientists consider smart cities most often in the context of sustainable develop-
ment, sustainable cities and innovation. At the same time, studies, where COVID-19 is one
of the key aspects, form a separate cluster. In addition to publications directly about the pan-
demic and COVID-19, this cluster also includes those related to health policy, public health,
urban planning and development. Given the significant share of publications related to
COVID-19 and smart cities within computer science and engineering, several clusters have
formed around the main types of digital technologies and innovations, namely the Internet
of Things and machine learning. In addition, a significant share of publications on smart
cities and COVID-19 is devoted to decision making, city management and data mining.
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In more detail, the thematic orientation of publications on smart cities and COVID-
19 is considered on the example of the most cited publications in Scopus for the period
2019–2022 (Table 2).

Table 2. Ten most cited Scopus publication on intercept of «smart city» and «COVID-19» for the
period 2019–2022.

Authors Title Year Source Title Cited by

Allam Z., Jones D.S. [57]

On the coronavirus (COVID-19)
outbreak and the smart city network:

Universal data sharing standards
coupled with artificial intelligence (ai)

to benefit urban health monitoring
and management

2020 Healthcare (Switzerland) 189

Moreno C., Allam Z., Chabaud
D., Gall C., Pratlong F. [58]

Introducing the “15-minute city”:
Sustainability, resilience and place

identity in future post-pandemic cities
2021 Smart Cities 109

Tan L., Xiao H., Yu K., Aloqaily
M., Jararweh Y. [59]

A blockchain-empowered
crowdsourcing system for 5G-enabled

smart cities
2021 Computer Standards

and Interfaces 69
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Table 2. Cont.

Authors Title Year Source Title Cited by

Yigitcanlar T., Butler L., Windle
E., Desouza K.C., Mehmood R.,

Corchado J.M. [60]

Can building “artificially intelligent
cities” safeguard humanity from
natural disasters, pandemics and

other catastrophes? An urban
scholar’s perspective

2020 Sensors (Switzerland) 69

Outay F., Mengash H.A.,
Adnan M. [61]

Applications of unmanned aerial
vehicle (UAV) in road safety, traffic

and highway infrastructure
management: Recent advances

and challenges

2020
Transportation Research

Part A: Policy
and Practice

65

Shorfuzzaman M., Hossain
M.S., Alhamid M.F. [62]

Towards the sustainable development
of smart cities through mass video

surveillance: A response to the
COVID-19 pandemic

2021 Sustainable Cities
and Society 59

Rahman M.M., Manik M.M.H.,
Islam M.M., Mahmud S., Kim

J.-H. [63]

An automated system to limit
COVID-19 using facial mask detection

in smart city network
2020

IEMTRONICS
2020—International IOT,

Electronics and
Mechatronics Conference,

Proceedings

58

Allam Z., Jones D.S. [64]

Pandemic stricken cities on lockdown.
Where are our planning and design

professionals [now, then and into
the future]?

2020 Land Use Policy 55

Yigitcanlar T., Cugurullo F. [65]

The sustainability of artificial
intelligence: an urbanistic viewpoint

from the lens of smart and
sustainable cities

2020 Sustainability
(Switzerland) 52

Pineda V.S., Corburn J. [66]
Disability, Urban Health Equity, and

the Coronavirus Pandemic: Promoting
Cities for All

2020 Journal of Urban Health 51

Source: compiled by the authors based on Scopus data as of 1 August 2022.

In most of works listed in Table 2, the authors focus their attention on the use of smart
city technologies in the fight against the COVID-19 pandemic, as well as the problems and
features of using these technologies during pandemic.

For example, Allam Z. and Jones D.S. (2020) [57] focused on the lack of standardization
between smart city technology suppliers, which in the case of a pandemic makes productive
communication between cities and data platforms impossible. The authors proposed
to improve enhance standardization protocols for increased data sharing for a better
understanding and controlling disease outbreaks and disasters.

Shorfuzzaman M., Hossain M.S. and Alhamid M.F. (2021) [62] revealed the limitations
of video surveillance systems implemented in smart cities, which do not create sufficient
opportunities to control the spread of the disease and monitor compliance with social
distancing through mass video surveillance. Therefore, the authors developed a data-
driven deep learning-based framework for a timely response to combat the COVID-19
pandemic through mass video surveillance.

The application of deep learning technology for monitoring through video surveillance
and limiting the COVID-19 spread is also proposed in the study by Rahman M.M. and
others (2020) [63]. However, the authors drew attention to the control over wearing masks
in public places, which are monitored with Closed-Circuit Television (CCTV) cameras.

Yigitcanlar, T. and Cugurullo, F. (2020) [65] discuss in their study the directions of
using artificial intelligence technologies in smart cities from the standpoint of ensuring
their sustainability. In their work, the authors also drew attention to those areas of artificial



Sustainability 2022, 14, 12645 9 of 22

intelligence technology that have become relevant in the conditions of COVID-19. This
applies directly to health care (medical imaging analytics in public health diagnoses,
community health monitoring using built-in sensors), as well as education (autonomous
tutoring systems and personalized learning options).

In another work, Yigitcanlar T. and others (2020) [60] analyzed the opportunities and
obstacles for the application of artificial intelligence for addressing planetary challenges, its
use in healthcare practice and in the development of smart cities.

In some works, researchers place greater emphasis on the technological component of
the efficiency of smart cities. For example, Tan L. and others (2021) [59] focused on the use
of 5G technology (5th generation mobile networks), which is an integral component of the
information model of service provision in modern cities. In the article, the authors discuss
the risks of crowdsourcing and propose a blockchain-empowered and decentralized trusted
service mechanism for improving the crowdsourcing system in 5G-enabled smart cities.

The use of technologies in increasing the efficiency and safety of smart cities is also
studied in the work of Outay F., Mengash H.A. and Adnan M. (2020) [61]. The authors
focused on such a variety of technologies as UAV (unmanned aerial vehicle) and analyzed
the possibilities and barriers of their application in such three key areas as road safety,
traffic monitoring and highway infrastructure management.

Another direction of research in the context of smart cities and COVID-19 is the
analysis of the future post-pandemic development of smart cities. The authors of this
group draw attention to the need to build resilience, inclusiveness and sustainability of
smart cities.

Pineda V.S. and Corburn J. (2020) [66] discuss such an aspect as the inclusiveness of
smart cities and emphasize the need for urban health reforms. Researchers analyze this
issue from the point of view of the medical service availability for persons with disabilities
and state that the higher mortality from COVID-19 of this category of people is due to a
higher risk and imperfections in the health care systems.

Moreno C. and others (2021) [58] develop the “15-min city” concept. According to
it, for the highest quality of life of city residents, the time for their essentials (places of
residence and work, commerce, healthcare, education and entertainment) should not take
more than 15 min on foot or by bike. New temporary infrastructural forms that arose
in response to quarantine restrictions (bicycle paths, hyperlocal micro-markets, shipping
container hospital, pop-up stores) simultaneously became an example of the “15-min city”
concept.

Allam Z. and Jones D.S. (2020) [57] also say that approaches to urban planning should
be revised to ensure resilience and sustainability of smart cities in case of natural and
man-made disasters, climate change and such risks as a pandemic. The architects and
urban planners should be involved in disaster management. Thus, another important
direction of scientific research is the inclusion of COVID-19 as one of the threats to the
sustainable development of smart cities.

3.2. COVID-19 Severity on City/Country Levels

The methodological complexity of assessing the resilience of smart cities to the conse-
quences of the COVID-19 lies in the diversity of the smart city category and its multicriteria.
In this study, we support the OECD approach to defining a smart city as a “city that
leverage digitalization and engage stakeholders to improve people’s well-being and build
more inclusive, sustainable and resilient societies” [67]. According to the OECD, the level
of digitization is not the only and sufficient criterion for assigning a city to the “smart”
category. Digital technologies, in turn, are a means of achieving the goals of improving
people’s well-being and building more inclusive, sustainable and resilient societies.

Analyzing the functioning of smart cities in the conditions of a pandemic, it is worth
distinguishing two groups of factors: first, factors of resilience that allow smart cities to
adapt better and withstand new challenges, particularly, pandemic; and secondly, factors
of vulnerability that, in contrast, cause a higher exposure of smart cities to such risks.



Sustainability 2022, 14, 12645 10 of 22

Smart cities clearly have better opportunities for monitoring and organizing urban life
in such a way as to keep essential public services running, minimize large gatherings of
people, ensure compliance with social distancing, requirements for wearing masks, etc.

For example, artificial intelligence and IoT technologies are used in smart cities to op-
timize the operation of the transport system, which during a pandemic means minimizing
crowding, as stated in Section 3.1 [60,63,65].

Modern smart cities should be primarily sustainable cities focused on people, provid-
ing a high quality of life and maximum convenience for residents. It includes the presence
of shops, pharmacies and other necessary infrastructure in a close location, which would
minimize the need to move around the city and reduce the number of contacts. Moreover,
during the lockdown period, the system of online orders and door-to-door delivery worked
in most smart cities.

Other examples of the use of smart technologies in cities to combat the spread of the
coronavirus are video surveillance to control compliance with the mask regime, social
distancing and tracking contacts between sick persons.

The use of digital technologies in smart cities is not limited to these examples. Has-
sankhani M. and others [68] consider the deployment of technology in smart cities during
the pandemic according to the following functional directions: participation, transparency
and social connectedness; physical and mental health of residents; education and employment.

On the other hand, smart cities are mostly large or megacities, developed industrial,
financial and/or administrative centers. Such cities attract a larger number of residents due
to better employment opportunities and a higher income. Accordingly, the total number of
population and its density in smart cities, as a rule, is higher than in other settlements.

Therefore, although smart cities are the most technologically advanced, they are also
the most densely populated settlements, so it is quite difficult to achieve a cardinal positive
effect in the fight against the pandemic through smart technologies. In such cities, there
may be a problem of overloading the health care system—the availability of a sufficient
number of doctors, health care facilities, etc.

In addition, the implementation of digital initiatives in smart cities as a COVID-19
response had adverse effects such as social exclusion, digital divide, privacy and confiden-
tiality violation, political bias and misinformation dissemination and inefficient remote
working and education [68].

The beginning of the pandemic had an element of surprise and unpredictability of
its scale, accompanied by the unpreparedness of society for it in many aspects. Therefore,
even with the presence of technologies that could potentially be used to fight the pandemic,
they were not implemented in the first stages, as a result of which the virus spread rapidly
in many regions and smart cities.

To date, with a large volume of research on COVID-19 and smart cities and developed
and adapted technologies, it has become possible to ensure the use of smart technologies to
form the future resilience of smart cities.

Thus, smart cities are characterized simultaneously by the presence of prerequisites
for a higher level of their resilience to various threats, but also by additional obstacles to
effectively combat the pandemic. That is why the question of resilience of smart cities to the
consequences of the COVID-19 pandemic cannot have an unequivocal answer and requires
in-depth research.

Analyzing the resilience of smart cities to the COVID-19 pandemic, it is also necessary
to consider the different time frames of the pandemic waves and the spread of virus
strains in different countries, which is primarily due to the feature of geographical location.
In addition, the response of smart cities to the pandemic significantly depended on the
national context—the presence and nature of national measures to combat COVID, the
timing of the lockdown, the list of restrictions, vaccination rates, etc. With this in mind, it is
appropriate to compare the severity of COVID-19 (in particular, the number of coronavirus
cases and deaths per 100,000 inhabitants) for a smart city and the country in which it is
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located. The cumulative indicators of the number of coronavirus cases at the city and
country levels as of 1 January 2022, are presented in Figure 3.
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Figure 3. Cumulative number of coronavirus cases per 100k inhabitants as of 1 January 2022. Sources:
developed by the authors based on [54,55].

According to the Smart City Index 2021, the cities in Figure 3 are arranged in descend-
ing order of their ranks. Those smart cities for which there are no statistical data on the
coronavirus cases on the analyzed date were excluded from the study. Singapore, the leader
of the rating, was also excluded, since it is a city-state and it is impossible to separate the
city and country indicators for it.

According to the obtained results, there is no regularity in the number of coronavirus
cases in smart cities compared to the national level. Some cities really had a significantly
lower number of coronavirus cases per 100,000 inhabitants than the country as a whole
(for example, San Francisco, Seattle, Kiel), and some, in contrast, significantly exceeded
the national level (for example, Barcelona, Copenhagen, Oslo). Therefore, the factors of
digitalization and sustainable development did not have an unequivocal impact on the
reduction of the incidence of coronavirus in smart cities compared to national indicators.

Similar results can be expressed by comparing the number of coronavirus deaths cases
in smart cities and in the countries where they are located (Figure 4).
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Figure 4. Cumulative number of coronavirus deaths cases per 100k inhabitants as of 1 January 2022.
Sources: developed by the authors based on [54,55].

Figure 4 shows a significant excess of the number of coronavirus deaths cases com-
pared to the national rate in such cities as Buenos Aires, Montreal, Ho Chi Minh City, New
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York. In contrast, in Seattle, San Francisco, Denver, Prague this indicator is significantly
lower than in the country.

3.3. Cluster Analysis Results

At the next stage, we examine indicators of COVID-19 readiness and responsiveness
of smart cities using the cluster analysis method. The input data base for cluster analysis
is formed from nine variables that characterize COVID-19 readiness and responsiveness
according to the methodology of UN-Habitat. The objects of analysis are smart cities
included in the Smart City Index in 2021. Considering the availability of statistical data on
all nine variables, the number of cases (the list of smart cities) was reduced to 48.

Based on the results of the cluster analysis using the k-means clustering method, four
clusters were formed. The cities included in the same cluster are characterized by close
values of nine variables used in the analysis (namely, COVID-19 readiness and response
indicators) The means of nine variables for each cluster are presented in Figure 5. The
results were obtained using Statistica 10 software.
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The analysis of the average variables for each cluster (Figure 5) confirms the adequacy
of the cluster analysis results and the validity of the four clusters, because the graph clearly
shows specific differences in the average values for each cluster. For example, the cities
included in clusters 1 and 2 have the same mean values for almost all variables, but there
is a significant gap between them according to the Spread Response indicator. Similarly,
cities included in clusters 3 and 4 are characterized by similar values of seven variables,
but they have large gaps in the values of Treatment Response and Economic Response.

The k-means method makes it possible to clearly divide research objects between
clusters. The list of cities included in each of the clusters and generalized characteristics of
each cluster are presented in Table 3.



Sustainability 2022, 14, 12645 13 of 22

Table 3. Composition of the clusters.

Clusters Composition of the Cluster (City, Country—SCR *) Cluster Characteristics

Cluster 1 (11 cities)

Ankara, Turkey—55, Athens, Greece—111, Bangkok,
Thailand—76, Ho Chi Minh City, Vietnam—88, Hong

Kong, China—41, Istanbul, Turkey—94, Lagos,
Nigeria—115, Makassar, Indonesia—100, Manila,

Philippines—102, Medan, Indonesia—99, Vancouver,
Canada—33

No rule for geography
No rule for SCR

The main criterion is the highest mean for
Spread Response

Cluster 2 (10 cities)

Bogota, Colombia—116, Budapest, Hungary—97,
Buenos Aires, Argentina—98, Jakarta, Indonesia—91,

Lisbon, Portugal—95, Medellin, Colombia—101,
Mexico City, Mexico—108, Rio de Janeiro, Brazil—118,

San Jose, Costa Rica—109, Sao Paulo, Brazil—117

Predominantly South America
Lower-than-average SCR

Cluster 3 (12 cities)

Boston, United States—57, Chicago, United States—59,
Denver, United States—45, Los Angeles, United

States—31, Montreal, Canada—38, New York, United
States—12, Philadelphia, United States—85, Phoenix,
United States—62, San Francisco, United States—60,

Seattle, United States—43, Toronto, Canada—36,
Washington, United States—35

North America
Average and higher SCR

Average mean for Treatment response

Cluster 4 (15 cities)

Brisbane, Australia—16, Busan, South Korea—37,
Dusseldorf, Germany—20, Hamburg, Germany—40,

Hannover, Germany—47, Hanoi, Vietnam—87,
Melbourne, Australia—19, Munich, Germany—14,

Osaka, Japan—86, Prague, Czech Republic—78, Rome,
Italy—112, Seoul, South Korea—13, Singapore,

Singapore—1, Tokyo, Japan—84, Vienna, Austria—11

Europe + Asia, Australia
Predominantly higher-than-average SCR

Highest mean for Treatment Response
and Economic Response

Lowest mean for Spread Response

* SCR—Smart City Rank. Source: developed by the authors using Statistica 10.

Geographical location of the city, the position of the city in the Smart City Rating,
and the average values of the variables in comparison with other clusters were studied to
analyze the composition of each cluster and develop their general characteristics.

Thus, the first-cluster-cities included in represent different geographical regions (Eu-
rope, Asia, Africa, North America) and occupy different positions in the Smart City Ranking
(from 33 to 115 out of 118), but all of them have an extremely high level of the Spread
Response indicator.

The second cluster, in contrast, includes cities similar in terms of geography (South
America) and positions in the Smart City Ranking (lower than average). It differs from the
first cluster in Spread Response and Collaborative Will indicators.

The cities of the third cluster also have a common geographical feature (North America)
and a position in the Ranking (average or higher). According to the values of most variables,
the cities of the third cluster differ significantly from the first and second clusters and
have significantly lower Treatment and Economic Response indicators compared to the
fourth cluster.

Finally, the fourth cluster includes cities from different regions and with different
positions in the Ranking (although the European region and the highest positions in the
Ranking are predominant). As for the variables, the fourth cluster is characterized by the
highest indicators of Treatment and Economic Response, but the lowest Spread Response.

Summarizing the results of the cluster analysis of smart cities by indicators of readiness
and responsiveness to the COVID-19 pandemic, the following conclusions can be drawn:

• The countries were fairly evenly distributed among the clusters: there is the largest
cluster, which includes 15 countries, the number of countries in the other clusters is 10,
11 and 12;

• According to the plot of means, Spread Response is the main variable for clustering
the countries. The cluster 1 was formed by the largest values of this variable;
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• Cluster analysis confirmed the importance of the geographical factor. Except for the
cluster 1, a clear geographical division can be seen in the distribution of cities by other
clusters. All North American cities (except Vancouver, which is in cluster 1) formed
the third cluster; all South American cities are included in the second cluster, most
European cities are in the 4th cluster;

• The relationship between the distribution of cities and their Smart City Rank (SCR)
can be traced in clusters 2 and 3: cities in cluster 2 have lower-than-average SCR
(min 91, max 118), and in cluster 3, average and higher-than-average SCR (min 12,
max 85). Clusters 1 and 4 formed of cities with a large difference in SCR: cluster
1—min 33, max 115; cluster 4—min 1, max 112. However, in cluster 1, most cities
have lower-than-average SCR, and in cluster 4, two thirds of cities are cities with
higher-than-average SCR.

3.4. Correlation Analysis Results

From the obtained results of the cluster analysis, it is impossible to draw an un-
equivocal conclusion about the importance of the smart city rating in its readiness and
responsiveness to the pandemic. Therefore, an addition to the cluster analysis is a correla-
tion analysis between nine indicators of COVID-19 readiness and responsiveness used in
the cluster analysis, on the one hand, and the rating of smart cities according to the Smart
City Index, on the other hand. Given that the correlation is calculated between pairs of
indicators, it is possible to increase the number of observations (analyzed cities) for some
of the variables, which will increase the reliability of the calculations. The results of the
correlation analysis of Smart City Rank 2021 and COVID-19 Cities Readiness and Response
Indicators are presented in Table 4.

Table 4. Correlation analysis results of Smart City Rank 2021 and COVID-19 Cities Readiness and
Responsiveness Indicators.

COVID-19 Cities’
Readiness and

Responsiveness Indicators

Smart City Rank 2021
Correlation Coef. t-Value p-Value N Sig.

Public Health Capacity −0.4242 −4.9130 0.0000 112 ***
Societal Strength −0.5383 −6.6983 0.0000 112 ***
Economic Ability −0.6460 −8.8751 0.0000 112 ***

Infrastructure −0.6039 −7.7634 0.0000 107 ***
Collaborative Will −0.3374 −3.7596 0.0003 112 ***
Spread Response 0.2284 2.1633 0.0333 87 **

Treatment Response −0.4933 −3.8880 0.0003 49 ***
Economic Response −0.3710 −4.1895 0.0001 112 ***

Supply Chain Response −0.3337 −3.7129 0.0003 112 ***
***—significance at 1% level, **—significance at 5% level. Source: developed by the authors.

Based on the calculations, statistically significant correlation coefficients were ob-
tained for all analyzed pairs of indicators. All indicators of COVID-19 cities’ readiness
and responsiveness have a negative correlation with Smart City Rank, except for Spread
Response. The COVID-19 Cities Readiness and Responsiveness indicators are measured
from 0 to 100, where 0 is the minimum and 100 is the maximum value, while the Smart
City Rank 2021 is measured from 1 to 118, where 1 is the highest rank position. Therefore,
negative values of correlation coefficients indicate a higher level of COVID-19 Readiness
and COVID-19 Responsiveness in those smart cities that occupy higher positions in the
rating. Conversely, positive values of the correlation coefficient in this case indicate that
smart cities that occupy higher positions in the Smart City Ranking demonstrate worse
COVID-19 readiness and responsiveness.

Based on the obtained results, it can be determined that, all indicators of COVID-19
readiness and responsiveness are better for smart cities with higher positions in the Smart
City Rank with the exception of Spread Response. Regarding the strength of the relationship
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between indicators, most of the COVID-19 Readiness indicators, namely Societal Strength,
Economic Ability and Infrastructure have a moderate correlation with Smart City Rank.
The rest of the COVID-19 Readiness indicators (Public Health Capacity and Collaborative
Will), as well as most of the COVID-19 Response indicators, have a low correlation with the
Smart City Rank. The correlation coefficient value of 0.23 indicates a negligible correlation
between the Spread Response and Smart City Rank indicators.

It is worth paying attention to the fact that the top smart cities were generally better
prepared for risks, including pandemics, that is, they had a higher level of resilience due to
their high level of economic development, developed infrastructure and social strength.
However, indicators of the health care system before the start of the pandemic in such cities
were not the highest, which was confirmed by the corresponding correlation coefficient
equal to 0.42.

In addition to generalizing indicators of cities’ readiness and responsiveness, it is
advisable to analyze correlations between Smart City Rank and direct indicators of COVID-
19 severity, namely coronavirus cases, coronavirus deaths and coronavirus fatality rate.

The value of Smart City Rank is a generalized assessment of five key areas: health
and safety, mobility, activities, opportunities and governance [48]. Not all the mentioned
areas are directly related to countering COVID-19. However, a synergistic effect and the
importance of the general development of smart cities in shaping their resilience to the
pandemic cannot be excluded. Therefore, Smart City Rank was used as one of the variables
for correlation analysis. Along with that, the following components of the Smart City Index
that directly reflect the state of health care in cities were included in the correlation analysis:
basic sanitation meets the needs of the poorest areas; provision of medical services is
satisfactory; and arranging medical appointments online has improved access. The results
of the correlation analysis of smart city and COVID-19 indicators are presented in Table 5.

Based on the results of the correlation analysis, it can be concluded that there are no
statistically significant relationships between the indicators of COVID-19 severity (coron-
avirus cases, coronavirus deaths and coronavirus fatality rate) and Smart City Rank 2021,
except for the coronavirus fatality rate according to data on 1 January 2022. The correlation
coefficient for this pair of indicators was 0.46. Therefore, cities with better positions in the
smart city rating are characterized by a lower coronavirus fatality rate, but the strength of
the relationship between the indicators is low.

Cumulative number of coronavirus cases per 100k inhabitants has a low negative
correlation with indicators “Basic sanitation meets the needs of the poorest areas”, “Medi-
cal services provision is satisfactory” and “Arranging medical appointments online has
improved access in both studied periods” (the exception is a pair of indicators “Cumulative
number of coronavirus cases per 100k inhabitants” and “Medical services provision is
satisfactory” as of 1 January 2022, the significance of the relationship between which is
not statistically confirmed). A negative correlation indicates a lower number of COVID-19
cases in cities with better health care scores (these indicators are evaluated on a scale of
0–100).

Cumulative number of coronavirus deaths cases per 100k inhabitants shows a moder-
ate negative correlation with the indicators “Basic sanitation meets the needs of the poorest
areas” and “Medical services provision is satisfactory” and a low negative correlation with
the indicator “Arranging medical appointments online has improved access” according
to both analyzed periods. So, cities with higher indicators of the health care system have
lower numbers of coronavirus deaths cases.

The analysis of the relationships between the coronavirus fatality rate and health care
indicators in smart cities showed different results regarding the strength of the relationship
for different periods of the study. As of 1 January 2021, all health care indicators showed a
low negative correlation with the coronavirus fatality rate. As of 1 January 2022, the coron-
avirus fatality rate had a low negative correlation with “Arranging medical appointments
online has improved access”, a moderate negative correlation with “Basic sanitation meets
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the needs of the poorest areas”, and a high negative correlation with “Medical services
provision is satisfactory”.

Table 5. Correlation analysis results of Smart City Ranking and COVID-19 Severity Indicators.

Smart City Indicators
1 January 2021 1 January 2022

Coef. t-Value p-Value Sig. Coef. t-Value p-Value Sig.

Cumulative number of coronavirus cases per 100k inhabitants

Smart City Rank 2021 −0.0439 −0.4149 0.6792 −0.1656 −1.4540 0.1501

Basic sanitation meets the needs of
the poorest areas −0.3344 −3.3474 0.0012 *** −0.2047 −1.8113 0.0741 *

Medical services provision
is satisfactory −0.2843 −2.7977 0.0063 *** −0.1611 −1.4139 0.1615

Arranging medical appointments
online has improved access −0.3326 −3.3271 0.0013 *** −0.3020 −2.7430 0.0076 ***

Cumulative number of coronavirus deaths cases per 100k inhabitants

Smart City Rank 2021 −0.0578 −0.4523 0.6527 0.1635 1.2065 0.2330

Basic sanitation meets the needs of
the poorest areas −0.5027 −4.5420 0.0000 *** −0.5738 −5.1009 0.0000 ***

Medical services provision
is satisfactory −0.5189 −4.7404 0.0000 *** −0.6381 −6.0330 0.0000 ***

Arranging medical appointments
online has improved access −0.4040 −3.4491 0.0010 *** −0.3950 −3.1301 0.0028 ***

Coronavirus fatality rate

Smart City Rank 2021 0.0976 0.7594 0.4506 0.4574 3.7446 0.0004 ***

Basic sanitation meets the needs of
the poorest areas −0.4536 −3.9430 0.0002 *** −0.6121 −5.6355 0.0000 ***

Medical services provision
is satisfactory −0.4037 −3.4184 0.0011 *** −0.7136 −7.4158 0.0000 ***

Arranging medical appointments
online has improved access −0.2717 −2.1869 0.0327 ** −0.4338 −3.5048 0.0009 ***

***—significance at 1% level, **—significance at 5% level, *—significance at 10% level. Source: developed by the
authors.

Thus, the dynamics of COVID-19 in smart cities do not have significant differences
from cities with a lower level of smart technology development. At the same time, the
indicators of the number of deaths per 100,000 inhabitants and the fatality rate are lower in
cities that have higher indicators “Basic sanitation meets the needs of the poorest areas”
and “Medical services provision is satisfactory”.

4. Discussion

The hypothesis put forward in the study that smart cities have higher resilience to
COVID-19 was not confirmed. Although obtained results show a positive relationship
between the Smart City Rank and the indicators of COVID-19 severity, the strength of this
relationship is insufficient for an unequivocal conclusion. Moreover, there is empirical
evidence that, in contrast, cities with lower positions in the Smart City Rank showed better
indicators of the health care system, greater readiness, and better response to COVID-19
than the top smart cities in the overall ranking.

On the one hand, this conclusion is justified and describes the real situation. After
all, as was determined at the beginning of the research, a smart city must simultaneously
ensure the achievement of four goals: improve people’s well-being, build more inclusive,
sustainable and resilient societies. Achieving these four goals involves working in many
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directions—in the field of health care, education, transportation, other services provision,
business support, governance, etc. The degree of digitalization, the achieved level of
inclusivity, convenience for residents, etc. in each direction will differ in smart cities. It
was precisely the health care system that was not given the key or the leading place in
terms of the smart technology implementation, at least at the beginning of the pandemic.
Therefore, comparing health care systems in smart cities, they turned out to be weaker and
more vulnerable to risks in top smart cities than in some less rated smart cities.

On the other hand, such results highlighted the limitations of this study and the
shortcomings of the chosen research method. Since the Smart City Index was chosen as the
base indicator, it may not be sensitive to the very characteristics of the smart city that were
decisive in the formation of its resilience to COVID-19. In addition, the Index provides
averaged data and does not reflect inequalities (including digital inequality) within the
city. An example is Singapore—the leader of the Smart City Index 2021. Compared to
other studied cities, Singapore has significantly lower numbers of coronavirus cases and
deaths. However, this situation was not common to the entire population. Among migrant
workers who lived in overcrowded and poorly equipped dormitories, the morbidity rate
was several times higher. Studies show that by the end of 2020 more than 90% of all positive
COVID-19 tests in Singapore were among migrant workers [69]. A distinctive feature of the
COVID-19 pandemic is the importance of digital technologies, in particular the Internet, in
the organization of everyday life—work, study, social communication, etc. The availability
of computers, smartphones or other devices for some people and their absence for others
has increased the digital divide both globally and within smart cities between more affluent
and poorer residents.

In addition, the study may have an input error, as the data was accumulated separately
for different cities and may have inaccuracies and inconsistencies. The availability of data
on the number of COVID-19 cases and deaths is another limitation of this study. Due to
the lack of data, some smart cities were excluded from the analysis, including those that
were among the top smart cities according to the Smart City Index 2021. Due to differences
in the availability of data on the number of COVID-19 cases and deaths, the number of
observations in the correlation analysis varied from 55 cities (for the number of COVID-19
deaths and fatality rate in 2022) to 91 cities (for the number of COVID-19 cases in 2021).
Therefore, the quality of statistical data on the number of COVID-19 cases is higher than on
the number of COVID-19 deaths, and accordingly the fatality rate. Although the statistical
significance of the correlation coefficients was confirmed using the t-test and p-value, a
larger number of observations in the input data set would have provided higher reliability
of the results of the correlation analysis.

The value of this study is that it gave a general picture and showed the presence of
weak points in smart cities, which would seem to have the highest rating and should have
reacted best to such a shock as a pandemic, but this did not happen.

Smart technologies should be aimed at ensuring the sustainability, inclusiveness and
resilience of cities and the well-being of their residents. However, the pandemic has shown
that technological projects in the health care have received insufficient attention. As a
result, at the beginning of the pandemic, the top smart cities had a lower readiness score in
terms of health care system than cities with lower ranking positions for the development of
smart technologies.

Thus, there is a problem of insufficient attention to the development of smart technolo-
gies specifically in health care and social security. Therefore, this direction should become
one of the priorities in the future development of smart cities and increasing their resilience
to health threats.

The results are consistent with the findings of several studies on the response to
COVID-19 and the post-COVID recovery of smart cities and health care systems. According
to the OECD report “Cities Policy Responses” dated 23 July 2020, the crisis caused by the
COVID-19 pandemic requires a greater focus on ensuring the resilience of cities. The same
report states that the problems identified in the health care system in large cities are not
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actually a problem of urban density, but evidence of structural inequalities and poor quality
of urbanization [25].

Kotenko N. and Bohnhardt V. concluded that one of the main problems in the develop-
ment of digital health projects is the lack of sustainable funding [70]. Another study draws
attention to the insufficient financial support of the health care system. Its authors suggest
cooperation with humanitarian organizations and private sponsors to obtain additional
financial support in order to strengthen the material and technical base of health care insti-
tutions as measures of anti-crisis management in conditions of COVID-19 [71]. In addition
to financial support, the problem of introducing innovations and health technologies may
lie in the legislative plane, as noted in the work of Shipko A. and others (2020) [72].

Analysis of the consequences of the COVID-19 pandemic for smart cities led to a shift
in the focus of the application of digital technologies. A significant number of experts
emphasize that technologies themselves are not the key, it is important how they are used
and how they ensure the well-being of city residents. Experts of the International Institute
for Management Development rankings (IMD) say that smart cities in the post-pandemic
period should become human-centric [73]. UN-Habitat even launched a flagship pro-
gram “People-Centered Smart Cities” in 2020, aimed at ensuring sustainability, inclusivity,
prosperity and human rights in cities.

So, in general, the hypothesis about the higher resilience of smart cities to COVID-19
was not confirmed, and it was found that there are other factors that affected the readiness
and responsiveness of smart cities.

Future research should be aimed at studying certain aspects of the smart cities’ func-
tioning and the formation of their resilience to COVID-19 in the relevant areas (health
care, transport system, education, small and medium-sized businesses and others), with a
system of indicators that would clearly reflect COVID-19 readiness and responsiveness in
these particular areas.

5. Conclusions

Summarizing the results of the conducted comparative, cluster and correlation analysis
of the resilience of smart cities to the COVID-19 pandemic, we can draw the following
conclusions.

The dynamics of the number of COVID-19 cases in smart cities had a low correlation
with the level of adoption of smart technologies and was more subject to the spread of
waves and strains of the virus according to geographical location. Moreover, the number of
cases of the disease in smart cities often exceeded their number at the national level.

Other indicators of the COVID-19 severity (the fatality rate and the number of deaths
cases) have a significant correlation with the indicators of the health care system in cities.
However, according to the Smart City Index, the cities with the highest overall rank do
not have the highest indicators in terms of the health care system. Instead, cities that are
lower in the overall smart city ranking have better positions in the health care system and
have demonstrated a better response to COVID-19. This was confirmed by the results of
the cluster analysis, according to which the first cluster was formed from the cities with
the highest Spread Response indicator, but almost all these cities have lower-than-average
positions in the smart city rating.

The analysis of the readiness and responsiveness of smart cities to the pandemic
showed that smart cities really had higher COVID-19 readiness scores in terms of economic
development, infrastructure and social strength, but this cannot be said about the COVID-19
Responsiveness indicators.

The results of the study prove that smart cities have the potential to form high resilience
to risks, including those of a nature such as the COVID-19 pandemic, thanks to a wider
and targeted application of innovative digital technologies, including artificial intelligence,
IoT technologies, Big Data, blockchain, etc. However, it is necessary to review the priorities
regarding the financing and development of smart city projects in the direction of people-
centeredness, increasing the inclusiveness of the city and its residents’ well-being, bringing
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the structural indicators and material and technical support of health care institutions to a
level that meets the needs of the city.
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