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Abstract: The paper aims to identify groups of countries characterised by a similar human mobility
reaction to COVID-19 and investigate whether the differences between distinguished clusters result
from the stringency of government anti-COVID-19 policy or are linked to another macroeconomic
factor. We study how COVID-19 affects human mobility patterns, employing daily data of 124
countries. The analysis is conducted for the first and second waves of the novel coronavirus
pandemic separately. We group the countries into four clusters in terms of stringency level of
government anti-COVID-19 policy and six mobility categories, using k-means clustering. Moreover,
by applying the Kruskal-Wallis test and Wilcoxon rank-sum pairwise comparison test, we assess
the existence of significant differences between the distinguished clusters. We confirm that the
pandemic has caused significant human mobility changes. The study shows that a more stringent
anti-COVID-19 policy is related to the greater decline in mobility. Moreover, we reveal that COVID-
19-driven mobility changes are also triggered by other factors not related to the pandemic. We find
the Human Development Index (HDI) and its components as driving factors of the magnitude of
mobility changes during COVID-19. The greater human mobility reaction to COVID-19 refers to the
country groups representing higher HDI levels.

Keywords: COVID-19 pandemic; human mobility; stringency of government anti-COVID-19
policy; Human Development Index (HDI); k-means clustering

1. Introduction

COVID-19, an infectious disease caused by the severe acute respiratory syndrome
coronavirus 2, is the seventh coronavirus to spread between humans (Andersen et al.
2020). However, its impact on the world economy (Nicola et al. 2020; Zayed et al. 2021)
and the epidemic status of humankind (Van Bavel et al. 2020; Tandon 2020) is
unprecedented. The rapidly increasing numbers of infections and deaths caused by
COVID-19 have forced national governments worldwide to introduce various types of
restrictions and lockdowns (De Vos 2020; Koh 2020). Various stringency policies have
affected ca. 90% of the world’s population, contributing to a general, massive reduction
in mobility (Gossling et al. 2021). Restrictions and fear of contagion have influenced
mobility patterns worldwide (Beria and Lunkar 2021; Bonaccorsi et al. 2020; Carteni et al.
2020; Corazza and Musso 2021; Kartal et al. 2021; Mendolia et al. 2021; Yilmazkuday 2021).
This indicates that the COVID-19 pandemic has caused the immobility phenomenon to
occur (Freudendal-Pedersen and Kesselring 2021; Cairns et al. 2021; De Sa and Gastal
2021; Martin and Bergmann 2021; Di Martino 2021). Adiga et al. (2020) observe the
interplay of human mobility, epidemic status changes and anti-COVID-19 public policies
on a global scale.

Economies 2021, 9, 182. https://doi.org/10.3390/economies9040182

www.mdpi.com/journal/economies



Economies 2021, 9, 182

2 of 19

Sigler et al. (2021) claim that due to increased interpersonal and trade globalisation
processes, human mobility should be treated as the key indicator explaining pandemic
diffusion. A number of studies focus on the effects of human mobility on the spread of
COVID-19 (Badr et al. 2020; Chinazzi et al. 2020; Gargoum and Gargoum 2021; V. Lee et
al. 2020; Wang et al. 2020a; Zhu et al. 2020). McGrail et al. (2020), based on data from 134
world countries, prove that implementing social policies substantially reduced the novel
coronavirus spread rate worldwide in new COVID-19 cases over a two-week period.
Nouvellet et al. (2021), based on 52 countries around the world, confirm that mobility
reduction significantly decreased the novel coronavirus pandemic transmission. Sulyok
and Walker (2020) observed a negative relationship between Google Community Mobility
Reports data and COVID-19 cases for Western European and North American prominent
industrialised countries. Moreover, by providing continent-wide examination, they found
a negative correlation for all continents, except South America. Kraemer et al. (2020),
based on the early stage of COVID-19 in China, show that human mobility changes and
control measures implementation explain the epidemic status. Lai et al. (2020), based on
daily travel networks in China during the first quarter of 2020, show that the effect of non-
pharmaceutical interventions to contain the novel coronavirus varies. Kartal et al. (2021),
based on data for Turkey, observe a cointegration between human mobility and COVID-
19 indicators from a long-term perspective, particularly between changes in grocery and
pharmacy, parks, residential, retail and recreation, and workplace and the number of
infections and deaths related to the novel coronavirus pandemic. Borkowski et al. (2021),
using a CATI survey on Polish society, reveal substantial changes in everyday mobility in
reaction to lockdown implementation and confirm the effectiveness of social distancing
restrictions.

Our article examines the impact of the COVID-19 pandemic on human mobility, not
the impact of the human mobility reduction on the spread of the coronavirus. Two main
COVID-19-driven categories of determinants of changes in human mobility patterns can
be distinguished, i.e., factors related to people’s awareness and fear of contagion and
factors linked to mandatory anti-COVID-19 policy. Chan et al. (2020) observe that changes
in human mobility are country-specific and linked to a country’s risk attitude. Some
studies indicate that apart from government restrictions implementation, a population
mobility decrease can be potentially triggered by personal behavioural choices made in
reaction to infectious disease threats (Lau et al. 2003; Sadique et al. 2007; SteelFisher et al.
2010). Wang et al. (2020a), based on the mobility data from a Multiscale Dynamic Human
Mobility Flow Dataset for the US, find that the changes of mobility patterns correlate to
people’s awareness of COVID-19. Yabe et al. (2020) reveal the impact of non-compulsory
measures on human mobility patterns. They show that one week before the official state
of emergency, human mobility decreased by around 50% due to reduced social contact
resulting from non-compulsory incentives.

In our study, we focused on the impact of COVID-19-driven government policy on
human mobility. Santamaria et al. (2020), using anonymised and aggregated mobile
positioning data of European Mobile Network Operators for European countries at a
NUTSS3 level, revealed that confinement measures were responsible for ca. 90% of human
mobility patterns during COVID-19. Li et al. (2021), based on a spatiotemporal perspective
from the US, show that COVID-19-driven stay-at-home policies and workplace closures
were related to significant decreases in human mobility. Saha et al. (2020), based on India
during the first phase of the novel coronavirus pandemic, found a substantial decrease in
community mobility, except residential mobility, due to lockdown. Pullano et al. (2020),
analysing the first phase of the pandemic in France, reveal that the lockdown of the
country cut the displacement of people across the country by almost two-thirds. Pan et al.
(2020), based on data involving 100 million devices in the contiguous US, found that the
stringency of anti-COVID-19 policy affected the strength of social distancing. They also
reveal people were more likely to reduce their social distancing immediately after the
mitigation of restrictions. Hadjidemetriou et al. (2020), analysing the initial stage of the
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pandemic in the UK, found that human mobility gradually decreased as anti-COVID-19
measures were imposed and stabilized at 80% of initial mobility after the lockdown
implementation. Bao et al. (2020) proposed a spatiotemporal network to estimate mobility
responses under COVID-19 severity and local policy stringency, and to assist policy-
making during economy reopening.

Moreover, the magnitude of COVID-19-driven human mobility changes seem to
differ across countries and regions. Wielechowski et al. (2020) found that government
restrictions, rather than a local epidemic status, induced a greater decrease in mobility,
and the changes in mobility were regional-specific. Nagata et al. (2021), based on a mobile
big data analysis of locations of infections in Japan during the first wave of the pandemic,
found regional differences in intensity of mobility changes among each metropolitan area
and categories of places. Galeazzi et al. (2021), based on France, Italy and the UK, found
that lockdown influenced national mobility, however, the impact varied across countries
due to the differences in mobility infrastructure. Surprisingly, Maloney and Taskin (2020)
suggest that social distancing measured by human mobility changes is independent of the
stringency level of anti-COVID-19 government interventions and restrictions.

Long and Ren (2022), based on the first year of COVID-19, found that human mobility
was associated with socio-economic indicators, and changed throughout the year 2020.
W. D. Lee et al. (2021), based on the early stages of England’s COVID-19 pandemic,
confirm that socioeconomic status was strongly related to human mobility reductions, but
varied across England. Atchison et al. (2020), based on a cross-sectional survey of UK
adults in March 2020, found that older people were more likely to adopt social-distancing
measures than younger adults. Moreover, they observed that people with the lowest
household income were less able to adapt and comply with those stringency measures.
Chand et al. (2021), using Google Mobility Data of several countries and sub-regions,
found that household income belongs to the key determinants of reduction in mobility to
work and increased time spent at home. Weill et al. (2020) and Jay et al. (2020), based on
the US data from the first wave of the pandemic, found a strong relationship between
neighbourhood income and physical distancing and human mobility, i.e., low-income
neighbourhoods faced barriers to implement stay-at-home policies and recommendations
due to the risk of losing their jobs. Chiou and Tucker (2020) suggest that income and home
internet access affected people’s ability to self-isolate during the novel coronavirus
pandemic.

Herren et al. (2020), using data for 130 countries, find that the decrease in human
mobility in the first phase of the pandemic is linked to country-specific outbreak
trajectory, economic development, and democracy. Moreover, they observe a positive
relationship between mobility increase with GDP per capita growth. Chand et al. (2021)
reveal that greater GDP per capita reduces mobility to workplace but increases residential
mobility. Frey et al. (2020), based on the data of 111 countries, revealed that collectivist
and democratic countries were more effective in reducing people’s movement in response
to the COVID-19 pandemic. Gunawan (2021), analysing all 34 Indonesian provinces,
revealed the statistically significant relationship between human mobility changes and
macroeconomic indicators, including the HDI and labour for participation.

Our paper aims to identify groups of countries characterised by a similar human
mobility reaction to COVID-19 and investigate whether the differences between
distinguished clusters resulted from the stringency of government anti-COVID-19 policy
or were linked to other macroeconomic factors. The paper focuses on countries’
development status measured by the Human Development Index and its components.
There are no other studies that assess the impact of the HDI level on COVID-19-driven
human mobility patterns worldwide. We use data on human mobility changes from
COVID-19 Community Mobility Reports developed by Google, a new daily database
covering almost all countries worldwide. Google started to collect the data in the
aftermath of COVID-19, allowing researchers to study human mobility patterns in a much
more precise way from a global perspective. Not many studies use this entire database.
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Moreover, research results published so far mainly focus on panel analysis, while we
apply another method, i.e., clustering. To our knowledge, similar studies have not yet
been conducted.

The outline of this paper is as follows. The next section presents the methodology.
The posterior section sets out the empirical findings and discussion. The final section
offers conclusions.

2. Methodology

We identified the groups of countries characterised by similar human mobility
changes and a similar level of national government anti-COVID-19 policy stringency
(stringency) during the first and second phases of the pandemic. Various methods and
data sources were used to study changes in human mobility during the COVID-19
pandemic, including mobility data collected from mobile phone users, e.g., Google
Community Mobility Reports (Sulyok and Walker 2020) and anonymised and aggregated
mobile positioning data of European Mobile Network Operators for European countries
(Santamaria et al. 2020), local databases (Yabe et al. 2020; Pan et al. 2020), and survey data
(Borkowski et al. 2021).

In the analysis, we used human mobility changes data from COVID-19 Community
Mobility Reports developed by Google (Google 2021). The data concerned six place
categories, i.e., retail and recreation, grocery and pharmacy, parks, public transport,
workplaces, and residential. The reports reflected the human mobility changes in the
number of visits and time spent in the above-mentioned specific categories of places
during the pandemic in relation to the baseline period prior to the COVID-19 outbreak,
i.e., period between 3 January and 6 February 2020. To prepare reports, Google uses
human mobility tracking data from mobile devices, primarily mobile phones. Google uses
the same type of aggregated and anonymous data to display the popularity of places on
Google Maps, i.e.,, number of people and time spent. Table 1 presents the list of places
included in mobility trends in each of the six categories of the COVID-19 Community
Mobility Reports.

Table 1. Human mobility categories content based on COVID-19 Community Mobility Reports.

Grocery Transit
Catego Parks Workplaces Residential
89TY " and Recreation and Pharmacy Stations P
restaurants, cafes,
. grocery markets, food national parks, .
shopping centres, . public transport
warehouses, farmers public beaches, . .
theme parks, . . hubs, including places of
Places markets, specialty =~ marinas, dog place of work .
museums, subway, bus, and residence

libraries, movie

food shops, drug  parks, plazas,

. . train stations,
stores, pharmacies public gardens

Source: own elaboration based on COVID-19 Community Mobility Reports.

The stringency of the government response to the outbreak of COVID-19 is
characterised by the Stringency index from the Oxford COVID-19 Government Response
Tracker developed by the Blavatnik School of Government. The index provides a
systematic cross-national and cross-temporal measure of tracking the severity level of
government responses to the novel coronavirus pandemic. The index is composed of 24
individual measures of national authorities’” anti-COVID-19 responses relating to
containment and closure (i.e., school and workplace closing, cancelation of public events
and restrictions on gathering size, restrictions on public transport, internal and
international movements, stay at home requirements), economic response (i.e., income
support, debt/contract relief for households, fiscal measures, international support),
health system (i.e., public information campaign, testing policy, contact tracking,
investment in healthcare), vaccine policy (i.e.,, vaccine availability, prioritisation and



Economies 2021, 9, 182

5 of 19

Global Stringency Index (GSI); =

financial support), and other responses. Data are collected in real-time. The index takes
values from 0 to 100 (Hale et al. 2020).

An analysis was conducted for the biweekly averages of daily data of stringency level
of government anti-COVID- policy and six human mobility categories. In the clustering,
we used data from the highest two-weeks average stringency level of the anti-COVID-19
policy period for each country. The applied data on stringency index and human mobility
changes are daily data. To face the challenges related to the different pace of human
mobility adaptation to the introduced restrictions and the part of a day of introducing the
restrictions (e.g., there is a fundamental difference between the announcement of changes
in anti-COVID-19 policy in the morning and the afternoon), we used biweekly average
data. We used biweekly averages instead of weekly averages to mitigate the effect of the
day of the week (weekly averages would be more affected by day of the week in which
restrictions are tightened or moderated) and to minimise the effect of individual national
holidays. In the analysis, we chose the two-week periods with the highest severity of anti-
COVID-19 policy, as we believe that the stringency of the government policy determines
human mobility changes during the COVID-19 pandemic. Since one out of six human
mobility categories refers to workplaces, we estimated averages only on data for
weekdays, i.e., Monday-Friday.

To group countries, we applied k-means clustering developed by Linde et al. (1980).
We group countries into four clusters regarding seven determinants, i.e., stringency level
of government anti-COVID- policy and six human mobility categories.

Moreover, by applying the Kruskal-Wallis test (Kruskal 1952; Kruskal and Wallis
1952) and Wilcoxon rank-sum pairwise comparison test (Wilcoxon 1992) with Benjamini
and Hochberg (1995) adjustment, we assess the existence of significant differences
between the distinguished clusters. Additionally, we investigate whether the selected
clusters significantly differ in terms of country development status measured by the
Human Development Index (HDI). We employ 2019 HDI level data from UNDP Human
Development Reports.

The research covers the first and second waves of the COVID-19 pandemig, i.e., 2
January 2020 to 12 October 2020, and 13 October 2020 to 28 February 2021.

The division into two waves is based on the Global Stringency Index developed by
Czech and Wielechowski (Czech and Wielechowski 2021). The formula of the index is as
follows:

SIIL’ - GDle + SIZL’ - GDPZ(A) + -+ SITLt : GDin
GDPy,, + GDP,,, + -+ GDPy,,

)

where SI; is a single-country Stringency Index at time f, where t € [1,2,3, ..., T], GDP,, is
a single-country annual gross domestic product in constant prices at time w, and n is the
number of countries. In the study, we assume that t = 1 reflects the date—2 January 2020,
and t =T represents 28 February 2020. We use data on annual 2019 GDP values at
constant 2010 USD. The index is based on country-level Stringency Indices and GDPs,
covering the countries included in World Bank statistics, the Oxford COVID-19
Government Response Tracker data, and COVID-19 Community Mobility Reports.

We are aware that the exact time period for the first and second waves of the COVID-
19 pandemic vary across countries. Nevertheless, due to the global perspective of the
study, we have to adopt a uniform timeframe for the first and second waves of the novel
coronavirus pandemic for all analysed countries. However, our study considers the peak
period of the first and second waves of the pandemic in each analysed country separately
as we include the biweekly periods with the most stringent level of the anti-COVID-19
restrictions in each country. Thus, distinguished biweekly periods vary from country to
country and reflect the country-specific time of pandemic waves.

The index is based on country-level Stringency Indices and GDPs, covering the
countries included in World Bank statistics, the Oxford COVID-19 Government Response
Tracker data, and COVID-19 Community Mobility Reports.
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We employ data for 124 countries worldwide, i.e., all countries included in World
Bank statistics, the Oxford COVID-19 Government Response Tracker, and Google
COVID-19 Community Mobility Reports simultaneously. To identify biweekly periods
characterised by the most stringent level of anti-COVID-19 restrictions based on a big
database, we use Python. In a further analysis, we apply Python and R.

3. Results

In this paper, we assess the COVID-19-driven human mobility changes. The novel
coronavirus pandemic, as previous ones, has been characterised by waves of activity
spread over time. The COVID-19 outbreak, and its rapid spread triggered government
reaction reflected in social distancing restrictions or country lockdowns worldwide. Every
wave was accompanied by an increase in the stringency of anti-COVID-19 policy, and
thus we apply the global stringency index to distinguish the waves from the entire
analysed period. Figure 1 depicts the global stringency index calculated based on the
formula (1).

2020-10-12

0

012020 20205 2029 20205 2029 20287 20205 2029 20282028 1 9029 2020 202} 02

Figure 1. Global Stringency Index from January 2020 till February 2021: pandemic’s wave distinction. Source: own
elaboration based on COVID-19 Community Mobility Reports.

Based on the global stringency index level, we observe two waves of the COVID-19
pandemic. The first wave lasted from 2 January till 12 October 2020, while the span of the
second wave is limited to the end of February 2021 (Figure 1). The selection of 12 October
2020, as the last day of the first wave of the pandemic, was due to the fact that this day
marked the end of the declining trend of the analysed index and thus marked the last day
of the first wave of the pandemic from a global perspective. We believe that different
patterns of human mobility changes characterise each wave of the novel coronavirus
pandemic. Hence, the study is conducted for the two waves separately.

3.1. The First Wave of the COVID-19 Pandemic

We performed a clustering analysis based on the k-means algorithm. The analysis
aimed to classify the countries into one of four groups, considering stringency level and
six human mobility categories during the first wave of the COVID-19 pandemic. The list
of countries belonging to each of the four groups is presented in Figure 2 and included in
Table Al in the Appendix A.
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Figure 2. Country groups for the first wave of the pandemic. Source: own elaboration based on COVID-19 Community

Mobility Reports.

Table 2 presents the basic descriptive statistics concerning four distinguished clusters for
the first wave of the novel coronavirus pandemic. The results reveal visible differences in
mobility changes among four groups of countries. The first distinguished group, LS1(I),
representing the lowest stringency level, is characterised by the slightest changes in all six
mobility categories. LS2(I) group, which represents a similar level of stringency as LS1(), is
characterised by a higher mobility reaction than LS1(I). We see a greater decline in mobility in
four human mobility categories of places, i.e., retail and recreation, grocery and pharmacy
workplaces, and the growth in residential and surprisingly in parks. HS(I) group represents
the highest stringency levels and the greatest decrease of mobility in five human mobility
categories. MS(I) group takes medium values of stringency and all analysed mobility
categories, i.e., values between LS2(I) and HS(I) groups. Table 2 results reveal a negative
relationship between the stringency level of anti-COVID-19 government policy and human
mobility changes in all categories, apart from residential, where the relationship is positive.

Table 2. Descriptive statistics of stringency level of anti-COVID-19 government policy and human mobility changes in
distinguished country groups: the first wave of the COVID-19 pandemic.

Country Group LS1(I) LS2(I) MS(I) HS(®D)

Average measure Median Mean Median Mean Median Mean Median Mean
Stringency 72.00 67.24 77.50 75.10 85.00 84.12 94.00 91.74

2 Retail and Recreation =~ 2217  -21.63  -43.67 4502 -5425 -53.80 -76.92  -75.93
E ¢ Grocery and Pharmacy ~ -9.42 -7.50 -14.67  -14.58  -28.42  -27.75 -51.04 -49.31
g g Parks -15.75  -10.08 28.63 34.59 -3125 -3197 -6133  -59.06
g @D Transit -29.25 2735 -55.17 -51.88 -56.67 -56.54 -7629  -76.18
g S Workplaces -19.75  -17.82  -48.63 -47.71 -4433  -44.67 -65.88  —65.59
an Residential 11.00 10.67 17.33 16.79 19.50 20.44 30.38 30.83

Source: own calculation based on COVID-19 Community Mobility Reports and the Oxford COVID-19 Government

Response Tracker.
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In the next step, we verified whether the significant differences between the four
analyzed clusters apply to both stringency and six mobility categories or only to selected
variables. We verified the joint distribution of analyzed variables’ normality with the
Shapiro-Wilk test. To check the heteroscedasticity, we applied the Breusch-Pagan test.
These tests indicate the validity of the non-parametric method application, i.e., the
Kruskal-Wallis test. In the study, four distinguished country groups, i.e., LS1(I), LS2(J),
MS(I), and HS(I), represent the independent qualitative variable, while the dependent
variable is the stringency level and each of the six human mobility categories, respectively.
The results presented in Table 3 imply significant differences in median values of
stringency level and all six human mobility changes between at least two out of four
distinguished clusters at the 1% significance level.

Table 3. Kruskal-Wallis and Wilcoxon rank-sum pairwise comparison tests: results for the first wave of the COVID-19

pandemic.

Human Mobility Categories

Category Stringency  Retail a.nd Grocery and Parks Public Workplaces Residential
Recreation Pharmacy Transport
Kruskal-Wallis test (results)
chi-square 53.57 94.40 88.37 85.2 96.55 94.51 87.02
p-value <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001
Pairwise comparison (p-value) —Wilcoxon rank-sum test
LS1(I)-LS2(I) 0.374 <0.001 0.040 <0.001 <0.001 <0.001 0.005
LS1(I)-MS(I)  <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001
LS1(I)-HS(I) <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001
LS2(I)-MS(I) 0.002 0.051 <0.001 <0.001 0.130 0.290 0.008
LS2(I)-HS(I) <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001
MS(I)-HS(I) <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001

Source: own calculation based on COVID-19 Community Mobility Reports and the Oxford COVID-19 Government

Response Tracker.

Additionally, we conducted a pairwise comparison based on the Wilcoxon rank-sum
test to verify whether the significant differences in median values refer to all four
distinguished country groups or selected ones. The study results implied significant
differences in the median level of stringency between all clusters, apart from LS1(I) and
LS2(I) groups. Moreover, all clusters apart from LS2(I) and MS(I) groups differ
significantly, at a 5% significance level, regarding all six categories of human mobility
changes. The obtained results indicate that three groups, i.e., LS1(I), MS(I), and HS(I),
significantly differ, considering both stringency level and human mobility changes.
Moreover, Table 2 reveals that the more stringent a policy is, the higher is the reaction of
human mobility is. It implies that the stringency level is a key factor determining human
mobility changes during the COVID-19 pandemic. However, our study shows that there
is a group of countries, i.e., LS2(I), that is characterised by a similar level of stringency
policy as the LS1(I) group, but a significantly higher level of mobility changes than LS1(I)
and similar to the MS(I) group. That implies there must be other both COVID-19- and non-
COVID-19-driven factors affecting human mobility changes during the pandemic.
Finding these factors should play an important role in research related to human mobility
behaviour during the novel coronavirus pandemic. In the paper, we assume that one of
these factors may be the HDI, an aggregate measure of a country’s social development.
The HDI may reflect human mobility behaviour and changes. Thus, we checked whether
distinguished clusters differ significantly regarding the HDI level and its four
components, i.e., life expectancy at birth, expected years of schooling, mean years of
schooling, and Gross National Income (GNI) per capita.
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The research results confirmed that two groups of countries with a similar level of
stringency (LS1(I) and LS2(I)), but significantly different mobility, differ significantly
regarding both the HDI and all four its components (Table 4). A higher HDI characterises
countries with larger mobility changes (LS2) than countries with smaller changes in
mobility categories (LS1(I)) (see Table 2 and Table Al in the Appendix A). This may
suggest that people have restricted their mobility in more developed countries to a greater
degree than in less developed ones, despite the similar level of imposed anti-COVID-19
restrictions. The MS(I) and HS clusters, which differ significantly in terms of both
stringency and six categories of human mobility, do not differ significantly regarding both
the HDI and its four components. It implies that for MS(I) and HS(I) clusters, the
stringency of anti-COVID-19 government policy constitutes the key factor of human
mobility changes. The stronger the restrictions, the greater magnitude of human mobility
changes are observed in these groups. It is worth adding that the LS2(I) group is
characterised by the highest mean values of human development indicators among all
four groups. In LS2(I), the mean HDI level equals 0.94 in comparison to 0.56, 0.79, and 0.79
LS1(I), MS(I), and HS(I), respectively (see descriptive statistics presented in Table A2 in
the Appendix A).

Table 4. Kruskal-Wallis and Wilcoxon rank-sum pairwise comparison tests: results for the HDI level and its four
components: the first wave of the COVID-19 pandemic.

HDI Components

Category HDI  Life Exp'ectancy at Expected Y.ears of  Mean Ye?rs of GNI per Capita
Birth Schooling Schooling
Kruskal-Wallis (results)
chi-square 26.52 19.6 23.19 26.84 8.97
p-value <0.001 <0.001 <0.001 <0.001 0.03
Pairwise comparison (p-value) —Wilcoxon rank-sum test

LS1(1)-LS2(1) 0.001 0.013 <0.001 <0.001 0.013
LS1(I)-MS(I) 0.006 0.016 0.016 0.016 0.161
LS1(I)-HS(I) 0.004 0.005 0.011 0.022 0.085
LS2(I)-MS(I) <0.001 0.006 <0.001 <0.001 0.161
LS2(I)-HS(I) <0.001 0.042 <0.001 <0.001 0.306
MS(I)-HS(I) 0.605 0.102 0.951 0.829 0.329

Source: own calculation based on COVID-19 Community Mobility Reports, UNDP Human Development Reports and the
Oxford COVID-19 Government Response Tracker.

Based on the first wave of the pandemic, we observed that, in the case of LS1(I), MS(I),
and HS(I), the higher stringency level of anti-COVID-19 policy leads to a stronger mobility
reaction. LS2(I) group does not differ significantly from LS1(I) regarding stringency level,
but the mobility changes are similar to MS(I) group. LS2(I) represents a relatively small
group of European countries characterised by a very high level of human development
(measured by the HDI). It shows that during the first wave of the pandemic, some very-
high-developed countries did not impose very severe social distancing measures, but their
residents” ability and willingness to self-isolation and work from home were greater than
in less-developed countries worldwide.

3.2. The Second Wave of the COVID-19 Pandemic

As carried out regarding the first wave of the COVID-19 pandemic, based on the k-
means clustering algorithm, we distinguished four country groups, considering
stringency level and six human mobility categories during the second wave of the novel
coronavirus pandemic. Figure 3 and Table A3 in the Appendix A presents the content of
each from four distinguished country group.
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Figure 3. Country groups for the second wave of the pandemic. Source: own elaboration based on COVID-19 Community

Mobility Reports.

Table 5 presents the basic descriptive statistics for distinguished clusters.

Table 5. Descriptive statistics of stringency level of anti-COVID-19 government policy and human mobility changes in
distinguished country groups: the second wave of the COVID-19 pandemic.

Cluster LS1(II) LS2(II) MS(II) HS(II)

Average measure Median Mean Median Mean Median Mean Median Mean
Stringency 50.00 48.54 61.00 5514  69.50 67.34 76.50 77.80

2 Retail and Recreation -12.07 -12.10 3.16 675  -28.04 2901 -54.83 -53.25
7 3 Grocery and Pharmacy -0.44 -0.52 38.23 38.54 -6.42 -513  -1546 -17.09
g 5 Parks -15.08  -13.88 12.74 1713 2492 -21.73 -16.00 -18.86
= @D Transit stations -12.25 -9.25 6.05 7.12 -33.17 -32.66 5275 -53.45
§ S Workplaces -13.39  -15.56 -5.14 -451  -26.00 -27.02 -39.03 -43.32
T Residential 4.47 4.71 4.58 4.50 9.95 9.65 16.44 17.98

Source: own calculation based on COVID-19 Community Mobility Reports and

Response Tracker.

the Oxford COVID-19 Government

The same as for the first wave of the pandemic, we distinguished two country groups
(LS1(I) and LS2(II)), which represented the lowest and similar mean stringency level of
anti-COVID-19 policy. However, comparing the mobility of people in these two groups,
we observed the negative changes in five mobility categories in LS1(II) and positive
changes in five mobility categories in LS2(II). We considered the observed increase in
mobility in LS2(Il) group surprising, especially in the grocery and pharmacy category.
HS(II) represented the highest stringency levels and the greatest mobility changes in five
human mobility categories. MS(II) group is characterised by the medium stringency level
of anti-COVID-19 policy and medium changes in human mobility categories, i.e., values
between LS1(II) and HS(II) groups. Table 5 results for LS1(II), MS(II), and HS(II) groups
indicate a a negative relationship between the stringency level of anti-COVID-19
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government policy and human mobility changes in all categories, apart from residential,
where the relationship is positive. We emphasized that, similarly to the first wave of the
pandemic, we distinguished two groups representing the lowest stringency level (LS1(II)
and LS2(II), one median group, MS(II), and the group characterised by the highest level
of stringency but the country-content of each distinguished group is different.

Same as in the case of the first wave of the pandemic, based on the Kruskal-Wallis
test, we verified the existence of significant differences between the analysed four groups
regarding both stringency and six mobility categories. The results presented in Table 6
indicate significant differences in median values of stringency level of anti-COVID-19
policy and changes in six analysed human mobility categories between at least two out of
four distinguished clusters at the 1% level of significance.

Table 6. Kruskal-Wallis and Wilcoxon rank-sum pairwise comparison tests: results for the second wave of the COVID-19

pandemic.

Category Stringency Retail and Grocery and

Human Mobility Categories

Park T i Workpl Resi ial
Recreation  Pharmacy arks ransit orkplaces esidentia

Kruskal-Wallis (results)

chi-square 49.276 100.56 63.12 30.977 94.395 76.245 70.638
p-value <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001
Pairwise comparison (p-value) —Wilcoxon rank-sum test

LS1(IT)-LS2(1I) 0.289 <0.001 <0.001 <0.001 0.001 <0.001 0.950
LS1(II)-MS(II) <0.001 <0.001 0.009 0.028 <0.001 <0.001 <0.001
LS1(II)-HS(II) <0.001 <0.001 <0.001 0.449 <0.001 <0.001 <0.001
LS2(I1)-MS(I) 0.043 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001
LS2(IT)-HS(1I) <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001
MS(II)-HS(II) <0.001 <0.001 <0.001 0.38 <0.001 <0.001 <0.001

Source: own calculation based on COVID-19 Community Mobility Reports and the Oxford COVID-19 Government

Response Tracker.

Moreover, we conduct a pairwise comparison Wilcoxon rank-sum test. Table 6 test
results reveal significant differences in the median stringency level of anti-COVID-19
policy between distinguished groups, apart from LS1(II) and LS2(II). Furthermore, at a 5%
significance level, all groups differ significantly regarding all six categories of human
mobility changes. We did not observe significant differences only in the case of LS1(II)
and LS2(II) in the residential category, and LS1(II)-HS(II) and MS(II)-HS(II) in the parks
category only. Similar to the first wave, Tables 5 and 6 results reveal that the stringency
level was a key factor determining human mobility changes during the second wave of
the novel coronavirus pandemic. However, again we observed that country group, i.e.,
LS2(II), represents a similar stringency level of anti-COVID-19 policy as the LS1(II) but is
characterised by significantly different and surprisingly positive mobility changes. This
indicates other COVID-19- and non-COVID-19-driven factors influencing human
mobility changes during the second wave of the pandemic. Similarly, as in the previous
part of the analysis, we assume that the HDI level and its components might constitute
key factors affecting human mobility behaviour and changes.

Table 7 results confirm that country groups differ significantly regarding the HDI
and its components median values at a 10% significance level. However, the pairwise
comparison test indicates that LS1(II) and LS2(Il) country groups, similar in the case of
the level of anti-COVID-19 policy and different regarding changes in human mobility
categories, differ significantly in respect of the HDI. Surprisingly, education factors (mean
and expected years of schooling), rather than economic factors (GNI per capita) and
lifespan, better explain the differences between these two country groups. Table A4 in the
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Appendix A shows that LS2(II) represents the lowest average levels of both the HDI and
its components.

Table 7. Kruskal-Wallis and Wilcoxon rank-sum pairwise comparison tests: results for the HDI level and its four
components: the second wave of the COVID-19 pandemic.

HDI Components
Category HDI Life Exp.ectancy at Expected Y'ears of Mean Ye:jlrs of GNI per Capita
Birth Schooling Schooling
Kruskal-Wallis (results)
chi-square 44.39 46.11 38.05 42.07 7.04
p-value <0.001 <0.001 <0.001 <0.001 0.071
Pairwise comparison (p-value) —Wilcoxon rank-sum test

LS1(II)-LS2(1I) 0.032 0.164 0.053 0.008 0.305
LS1(II)-MS(II) 0.003 <0.001 0.007 0.088 0.551
LS1(II)-HS(I) <0.001 <0.001 <0.001 <0.001 0.519
LS2(IT)-MS(II) <0.001 <0.001 <0.001 <0.001 0.043
LS2(IT)-HS(I) <0.001 <0.001 <0.001 <0.001 0.043
MS(IT)-HS(II) 0.002 0.018 0.009 <0.001 0.874

Source: own calculation based on COVID-19 Community Mobility Reports, UNDP Human Development Reports and the
Oxford COVID-19 Government Response Tracker.

Similar to the first wave of the pandemic, the study results for the second wave reveal
that in the case of LS1(II), MS(I), and HS(II) higher stringency level of anti-COVID-19
policy is related to greater human mobility changes. LS2(II) group, which does not differ
significantly from LSI(II) regarding stringency level, definitely differs from another
distinguished group in terms of human behaviour reflected in mobility changes. LS2(II)
represents a relatively small group of less-developed countries. This implies that people
in these countries were less likely to comply with social-distancing measures than in more
developed countries.

4. Discussion

We confirm that the novel coronavirus pandemic and accompanying anti-COVID-19
government regulations and restrictions substantially affected human mobility
behaviour. This finding is consistent with Li et al. (2020), Pullano et al. (2020),
Wielechowski et al. (2020), and Yilmazkuday (2021), but is opposed to Maloney and
Taskin (2020). However, we reveal that human mobility changes during the first and
second pandemic waves are country group specific. This may correspond to Li et al.
(2020), Rafiq et al. (2020), Wynants et al. (2020), and Galeazzi et al. (2021), who show that
novel coronavirus epidemic status is related to different geographic levels.

By analysing human mobility changes, our research results highlight the differences
among people worldwide for COVID-19-driven social-distancing measures adaptation
and compliance, particularly social distancing behaviour, people’s ability, and willingness
to self-isolation, and working from home. Based on the first and second waves of the
COVID-19 pandemic, the results indicate that perception and behaviour change over
pandemic time, which is in line with Bults et al. (2015). It is worth understanding the
changes in human mobility patterns to assist policy-making during the reopening of the
economy, which is in line with Bao et al. (2020).

We observed that, from a long term perspective, it might have been more difficult for
people to comply with those anti-COVID-19 stringency policies in countries with lower
HDI levels. Our study reveals that the HDI level might play an important role in shaping
human mobility patterns. Moreover, the effect of the analysed socio-economic
determinants on human mobility varied throughout the pandemic periods. This is in line
with Long and Ren (2022), who show that human mobility was associated with socio-
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economic indicators and changed throughout 2020. Our results also correspond to
Gunawan (2021), who reveals a significant relationship between human mobility changes
and macroeconomic indicators, i.e., the HDI and labour force participation. However, his
study is based on Indonesia and has a regional perspective. Our study indirectly confirms
Weill et al. (2020), Jay et al. (2020), W. D. Lee et al. (2021), Chand et al. (2021), Atchison et
al. (2020), and Herren et al. (2020) findings. Similarly to us, Herren et al. (2020) investigate
country economic development impact on human mobility changes. However, they focus
on the first phase of the pandemic and apply only GDP per capita growth to measure
economic development. Moreover, Chand et al. apply the Google mobility data for
regions from several countries and confirm that GDP per capita and household income
belong to the crucial determinant of reduction in mobility to work and increased
residential mobility. In comparison to the above-mentioned studies, our paper concerns
the global perspective and considers both the HDI and all its components, not only GDP
per capita. Moreover, we compare a group of countries that are similar regarding the
COVID-19-driven human mobility changes, rather than the regions from several countries

Looking at the list of countries in the distinguished groups, we strongly believe that
other socio-economic factors not included in the analysis also determined human mobility
behaviour changes during the COVID-19 pandemic. Chan et al. (2020) indicate that
attitudes towards risk shaped human mobility patterns during the novel coronavirus
pandemic and reveal that regions with risk-averse attitudes are more likely to change their
mobility due to a novel coronavirus pandemic’ outbreak. Moreover, changes in mobility
might be related to other personal behaviour, including threats (Wang et al. 2020b).

Recent studies confirm that human mobility reductions led to a substantial loss of
aggregate economic output and contraction of consumer expenditures (Fernandez-
Villaverde and Jones 2020; Sheridan et al. 2020). Our study shows that human mobility
changes varied across countries. This might imply that the effect of mobility changes on
the country’s economic situation might be country- or country group-specific. Thus, this
issue is worth more profound research.

5. Conclusions

From a global long-term perspective, human mobility is constantly increasing. Due
to globalization, the number and severity of infectious diseases is also growing. Issues of
human mobility changes in the face of current and future pandemics represent a global
problem of great importance. The novel coronavirus pandemic has significantly affected
the mobility patterns of humans. Our study shows that mobility changes are country
group-specific and presents differences in mobility changes worldwide.

We indicate that the stringency of government anti-COVID-19 policy was a key factor
influencing human behaviour during the pandemic. The research results imply the
existence of a negative relationship between the stringency of anti-COVID-19 government
policy and human mobility changes. However, interestingly, the study shows that there
are country-groups that do not differ significantly in terms of stringency of anti-COVID-
19 restrictions but show significant differences in COVID-19-driven human mobility
changes.

We recognize the importance of the HDI in better explaining human mobility
changes. We reveal that the HDI and its components represent the additional factors
affecting human mobility changes. We observe that more developed country groups, i.e.,
groups of countries marked by the higher average level of the HDI, are characterised by a
greater magnitude of human mobility changes than less developed country groups,
despite the similar level of imposed anti-COVID-19 restrictions. During the first wave of
the pandemic, some very-high-developed countries did not impose very severe social
distancing measures, but their residents’ ability and willingness to self-isolate and work
from home were greater than in less-developed countries characterised by similar
stringency levels of anti-COVID-19 policy. The second wave of the pandemic, on the other
hand, reveals a lower propensity and ability of people from less developed countries to
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comply with the restrictions. During the second wave of the novel coronavirus pandemic,
a group characterised by the lowest average level of the HDI showed positive human
mobility changes.

We observe that the HDI and its components differentiate human mobility patterns
worldwide and are country group specific. This may suggest that a country’s socio-eco-
nomic development could also determine the country group-specific spread and pace of
the novel coronavirus pandemic and future pandemics, taking into account, e.g.,
healthcare and vaccination availability. This issue serves as a challenge for further re-
search.

We are fully aware of the limitations of our study. We do not consider COVID-19-
related factors linked to people’s awareness and fear of contagion. Finding and explaining
other country group and country-specific drivers of COVID-19-driven human mobility
changes will be explored in the future. Another limitation of our study is that the rate of
active mobile users with internet access varies among analysed countries, which might
affect the obtained results.

Our study could help governments and other policymakers implement more effec-
tive anti-pandemic policies adjusted to country-specific human mobility patterns associ-
ated with the country’s socio-economic development level and assist policy-making dur-
ing the economy post-pandemic reopening. Moreover, the research results should be con-
sidered useful both from the current pandemic’s perspective and potential future pan-
demics that may hit societies worldwide.
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Appendix A

Table Al. Country groups content for the first wave of the COVID-19 pandemic.

LS1(I) LS2(I) MS(I) HS(D)
Australia Denmark Afghanistan Kenya Argentina Malaysia
Belarus Estonia Angola Laos Austria Mauritius
Benin Finland Bahrain Malta Bahamas Morocco
Burkina Faso Germany Belgium Mexico Bangladesh Nepal
Cameroon Latvia Belize Moldova Barbados New Zealand
Cote d’Ivoire Lithuania  Bosnia and Herzegovina Namibia Bolivia Pakistan
Guinea Netherlands Brazil Nigeria Botswana Panama
Hong Kong Norway Bulgaria Oman Cape Verde Paraguay
Japan Slovak Republic Cambodia Poland Colombia Peru
Libya Sweden Canada Qatar Croatia Philippines
Mali - Chile Romania Dominicana Portugal
Mongolia - Costa Rica Russia Ecuador Saudi Arabia
Mozambique - Czech Republic Rwanda El Salvador Serbia
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Nicaragua - Egypt Senegal France Singapore
Niger - Fiji Slovenia Greece Spain
Papua New Guinea - Gabon Switzerland Honduras Sri Lanka
South Korea - Georgia Thailand India Uganda
Tajikistan - Ghana Trinidad and Tobago Israel UAE
Tanzania - Guatemala Turkey Italy -
Togo - Haiti Ukraine Jordan -
Yemen - Hungary United Kingdom Kuwait -
- - Indonesia United States Kyrgyz Republic -
- - Iraq Uruguay Lebanon -
- - Ireland Venezuela Luxembourg -
- - Jamaica Vietnam - -
- - Kazakhstan - - -

Source: own calculation based on COVID-19 Community Mobility Reports and the Oxford COVID-19 Government Re-
sponse Tracker.

Table A2. Descriptive statistics of the Human Development Index and its components in distinguished country groups:
the first wave of the COVID-19 pandemic.

Cluster LS1(1) LS2(I) MS(I) HS(I)
Average measure Median Mean Median Mean Median Mean Median Mean
HDI 0.56 0.63 0.94 0.92 0.78 0.76 0.79 0.78
‘E Life expectancy at birth 65.5 68.5 81.1 79.9 74.6 73.9 76.5 76.3
A % Expected years of schooling  12.1 12.2 17.6 17.5 14.3 14.0 14.2 14.1
e g* Mean years of schooling 6.1 6.9 12.9 12.9 9.7 9.4 10.0 9.4
S GNI per capita 38.0 45.8 91.0 83.4 54.0 60.8 74.0 67.9

Source: own calculation based on COVID-19 Community Mobility Reports and the Oxford COVID-19 Government Re-

sponse Tracker.

Table A3. Country groups content for the second wave of the COVID-19 pandemic.

LS1(D) LS2(II) MS(II) HSD)
Angola Afghanistan Argentina Mexico Austria
Belarus Bangladesh Australia Moldova Bahamas
Bosnia and Herzegovina Benin Bahrain Morocco Barbados
Cameroon Botswana Belize Mozambique Belgium
Fiji Burkina Faso Bolivia Nepal Canada
Gabon Cote d’Ivoire Brazil Norway Czech Republic
Ghana Egypt Bulgaria Oman Denmark
Guinea Iraq Cambodia Paraguay France
Haiti Libya Cape Verde Romania Georgia
Kazakhstan Mali Chile Russia Germany
Kenya Pakistan Colombia Saudi Arabia Greece
Kyrgyz Republic Papua New Guinea Costa Rica Serbia Ireland
Laos Togo Croatia South Korea Israel
Mauritius Yemen Dominican Republic Spain Latvia
Namibia - Ecuador Sri Lanka Lebanon
New Zealand - El Salvador Switzerland Lithuania
Nicaragua - Estonia Tanzania Luxembourg
Niger - Finland Thailand Malaysia
Nigeria - Guatemala Trinidad and Tobago Mongolia
Qatar - Honduras Turkey Netherlands
Senegal - Hong Kong Uganda Panama
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Singapore - Hungary United Arab Emirates Peru
Tajikistan - India United States Philippines
Ukraine - Indonesia Uruguay Poland

- - Italy Venezuela Portugal

- - Jamaica Vietnam Rwanda

- - Japan - Slovak Republic

- - Jordan - Slovenia

- - Kuwait - Sweden

- - Malta - United Kingdom

Source: own calculation based on COVID-19 Community Mobility Reports and the Oxford COVID-19 Government Re-
sponse Tracker.

Table A4. Descriptive statistics of the Human Development Index and its components in distinguished country groups:
the second wave of the COVID-19 pandemic.

Cluster LS1(ID) LS2(IT) MS(II) HS{D)
Average measure Median Mean Median Mean Median Mean  Median Mean
HDI 0.66 0.68 0.55 0.57 0.80 0.78 0.88 0.86
*g Life expectancy at birth 67.9 69.2 65.5 65.9 76.1 78.6 78.8 82.2
A ?:(; Expected years of schooling ~ 12.2 12.6 10.8 10.8 144 14.5 16.2 15.9
e g* Mean years of schooling 8.0 8.2 51 5.2 9.8 9.6 12.5 11.6
S GNI per capita 56.5 59.3 35.0 40.1 67.5 66.4 66.0 68.2

Source: own calculation based on COVID-19 Community Mobility Reports and the Oxford COVID-19 Government Re-
sponse Tracker.
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