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Abstract
The outbreak of COVID-19 has induced economic and financial disruptions to global
economies, consistent with those experienced during previous episodes of economic
or financial crises. This study offers a critical perspective into the spread of the virus by
investigating the convergence patterns of COVID-19 across 155 countries fromMarch
2020 to August 2021. The club clustering algorithm is used to verify the convergence
patterns of infection and death rates in these countries. Thefindings show that full panel
convergence cannot be achieved indicating the presence of sub-convergent clusters.
Cluster formation for death rates includes the Americas, Africa, the Middle East, and
Asia, among others. To understand the factors driving these results, we analyse the
determinants of the convergence process of COVID-19. The probability of belonging
to a cluster with higher death intensity increases with being above the age of 65,
poverty, and for female smokers while handwashing shows beneficial effect on case
intensity.

Keywords COVID-19 · Club convergence/clustering · Panel data · Determinants

JEL Classification I1 · C01 · F69

B Kris Ivanovski
kris.ivanovski@monash.edu

Sefa Awaworyi Churchill
sefa.churchill@rmit.edu.au

John Inekwe
john.inekwe@mq.edu.au

1 School of Economics, Finance and Marketing, RMIT University, Melbourne, VIC, Australia

2 PIIRS, Princeton University, Princeton, NJ, USA

3 Centre for Financial Risk, Macquarie University, Sydney, NSW, Australia

4 Monash Business School, Monash University, Melbourne, VIC, Australia

123

http://crossmark.crossref.org/dialog/?doi=10.1007/s00181-022-02319-0&domain=pdf
http://orcid.org/0000-0002-8381-5613


2028 S. Awaworyi Churchill et al.

1 Introduction

The 2019 novel coronavirus disease (COVID-19) has continued to remain a global
challenge. From the onset of the outbreak inDecember 2019 toMarch 2020, the spread
and associated deaths from the virus increased at an unprecedented rate. On 11 March
2020, given the contagion rate and the widespread infectivity of the virus, the World
Health Organization (WHO) declared COVID-19 a pandemic (Ghebreyesus 2020).
As of October 2021, over 249 million people have been affected, and more than 5
million people have died due to COVID-19 related complications (WHO 2021).

To better understand the pandemic, several studies have focused on examining
factors that influence the spread of COVID-19. This literature has examined factors
such as temperature, environmental conditions, population density, social isolation
and government policy interventions including lockdowns and information campaigns
(see, e.g. Xie and Zhu 2020; Prata et al. 2020; Sy et al. 2021; Baser 2021; Di Domenico
et al. 2020; Atalan 2020; Travaglio et al. 2021). These studies have enhanced our
understanding of factors that contribute to the spread of COVID-19 and, thus, have
been useful in informing policy on targeted interventions. However, to better inform
policy, there is also a need to understand the spatial distribution dynamics of COVID-
19.

Understanding the spatial distribution patterns of COVID-19 is important for pol-
icymakers, as they provide indications on potential factors affecting the spread and
associated mortalities linked with the virus. Importantly, understanding the spatial
trends of the infection and death rates of COVID-19 can help policymakers to identify
the most effective strategies that can be prioritised to address the ongoing pandemic.
Such an analysis provides indications on the success or failure of policy interven-
tions that have been implemented in certain countries and sheds light on trends in
geographic areas that might be relevant for policy. Put differently, understanding of
the convergence patterns of COVID-19 provides insights into effectiveness of existing
policies and, as a consequence, helps to determine whether to continue with or change
existing policies, such as lockdowns and social isolation, that are aimed at curbing the
spread of the virus and associated mortality rates.

We contribute to the burgeoning literature that has examined various aspects of
the COVID-19 pandemic, by examining the spatial distributional patterns of infection
and death rates of COVID-19 using the club convergence methodology proposed by
Phillips and Sul (2007, 2009). Despite the well-known, increasing trend of COVID-19
cases and deaths across countries globally, there are significant transitional dynamics
and heterogeneities that have been observed across countries with regards to pol-
icy, growth rates of infections, and frequency of deaths associated with COVID-19.
Thus, we model COVID-19 infection rates and death rates accommodating these
heterogeneities and transitional dynamics using the Phillips and Sul (2007, 2009)
methodology. This methodology has the advantage of offering unique insight into
the spread of COVID-19 by detecting multiple equilibria related to the groupings
of countries while allowing for different convergence paths within these groupings.
Additionally, time-varying properties of the model we use allow us to detect any
disequilibria arising from the insurgence of COVID-19 across countries.
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We focus on the number of daily new confirmed cases and deaths, and examine the
convergence of COVID-19 cases and deaths for 155 countries starting from the date
COVID-19 was declared a pandemic to August 2021. We find evidence of COVID-19
converging worldwide, although this convergence has not been equal across countries.
Specifically, we find evidence of countries or regions that are clustered into several
groups. We extend our analysis to explore the potential determinants of the various
convergence groups to explain how countries converge into various COVID-19 steady
states. Notably, our results suggest that the probability of belonging to a group with
higher COVID-19 death intensity has no association with increases with stringency
of government policies such as lockdowns, business closures and social isolation.

Our study contributes to a small body of literature that has examined the spread
patterns of the COVID-19 pandemic. A subset of this literature has focused on the
spread patterns of COVID-19within single countries using different spatial economet-
ric methods and Geographic Information System (GIS) mapping (Huang et al. 2020;
Han et al. 2021; Martellucci et al. 2020; Cordes and Castro 2020). Our work is closely
related to those that focus on the spatial distributions across countries (see, e.g. Meng
2021; Dehghan Shabani and Shahnazi 2020; Ismail et al. 2020; Katul et al. 2020).
For instance, Dehghan Shabani and Shahnazi (2020) examine the spatial distribution
patterns of the spread of COVID-19 in 40 Asian countries using data on reported cases
from February to July 2020. Ismail et al. (2020) apply multiple time-series models to
forecast the spread of the COVID-19 virus. The closest in the literature to our study
is Meng (2021), who adopts similar club convergence methods but focuses only on
G20 countries. Our study also differs from Meng (2021) given that we model the
determinants of convergence across the 155 countries that we study.

A related strand of literature has also examined the impact of COVID-19 on the
convergence of income and other economic indicators. For instance, in line with the
established literature on convergence in income per capita, Martinho (2021a) examine
how convergence in income per capita in OECD countries has been influenced by the
COVID-19 pandemic. Other studies have discussed how convergence in factors such
as unemployment rates, inflation and mortality rates have been influenced by COVID-
19 (Fedajev et al. 2021; Horton 2021). We differ from these studies in that our focus
is not to examine how COVID-19 has influenced convergence of economic, health
and social indicators but to examine convergence in COVID-19 cases and mortalities
related to COVID-19.

2 Nonlinear time-varying factor model

The identification of convergence patterns in the COVID-19 global pandemic utilises
the club converge methodology proposed by Phillips and Sul (2007, 2009) (henceforth
PS).1 The novelty in the PS approach centres on several key aspects. First, the frame-
work is a nonlinear time-varying factor model that allows for transitional dynamics
and captures heterogeneity across countries and over time. Second, it identifies groups

1 Club convergence approach is being used in recent studies on convergence of economic series (see, for
example, Ivanovski and Awaworyi Churchill 2021; Bhattacharya et al. 2018, 2020b; 2020a; Awaworyi
Churchill et al. 2020; Bhattacharya and Inekwe 2021; Awaworyi Churchill et al. 2018).
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of countries with similar convergence patterns, irrespective of all countries converging
in the panel. In other words, if the club convergence test fails to identify convergence
across the complete set of countries in the panel dataset, an algorithm detects sub-
convergent groups or clusters, and when formed, it converges to different steady-state
equilibria. Third, the club convergence test is tailored explicitly to the properties of the
data, thus classifying convergence clusters endogenously. Finally, the PS framework
is superior to standard panel unit root tests since it is not sensitive to the stationarity
properties of the time series and thus not affected by the small sample properties of
conventional stationarity tests. In addition, the club convergence approach calculates
relative convergence of cross-sectional means in contrast to the concept of absolute
level convergence.

PS express their methodology as a time-varying common factor for observable
series Yit for country i at time t given by:

Yit = βiμt + εi t (1)

where Yit is the log-transformed value of our COVID-19measures (discussed in detail
in Sect. 4), βi denotes the countries’ characteristic component, μt represents the time-
varying idiosyncratic element that captures the deviation of the countries’ common
trend path (which can either be a non-stationary stochastic trend with drift or a trend-
stationary process), and εi t denotes the error term. Note that, in Eq. (1), Yit can be
decomposed into a common trend component, μt , and an individual element, ϕi t ,
given by:

Yit =
(

βi + εi t

μt

)
μt = ϕi tμt (2)

Although we cannot directly estimate ϕi t as a result of over-parameterisation, PS
modify Eq. (2) to eliminate the trend component through rescaling the panel average
as follows to generate a relative measure of the loading coefficients, given by:

hit = Yit

(1/N )
∑N

i=1Yit
= ϕi t

(1/N )
∑N

i=1ϕi t
(3)

where hit represents the relative transition parameter (or path) of country i to the
panel average at time t . This allows to trace the individual path relative to the panel
average. In addition, the relative transition parameter has two unique properties: (i)
hit has a cross-sectional mean of 1; (ii) if ϕi t converges to ϕi , the relative transition
parameter, hit , will then converge to 1 for all i as t → ∞. As a result, the long-term
cross-sectional variance hit denoted by Hit = (1/N )

∑N
t=1(hit − 1)2 tends to zero as

t → ∞.
It may be the case that the number of observations is smaller than the number of

unknown parameters in a time-varying factor model. Hence, specific function expres-
sions of ϕi t and μt are required to undertake parameter estimation. PS propose that
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ϕi t can be expressed a semiparametric function given by:

ϕi t = ϕi + σiξi t L(t)−1t−α (4)

where both ϕi and σi are constant over time, ξi t is a residual term and i id(0, 1),
L(t) is a function whose value changes slowly over time, and α captures the speed of
convergence. This representation of Eq. (3) guarantees that ϕi t converges to ϕi for all
values α ≥ 0. Thus, we can implement the convergence test by testing the following
hypotheses:

H0 : ϕi = ϕ and ≥ 0

against the alternative of:

H1 : ϕi �= ϕ or ≥ 0

If we accept H0, the samples tend to converge as a whole. Otherwise, it indicates that
either convergence clubs are formed or the sample countries are non-convergent (or
divergent).

We can test H0 by estimating the following log-t regression given by:

log

(
H1

Ht

)
− 2logL(t) = â + b̂logt + ût (5)

where t = [rT ], [rT ] + 1, . . . , T , r > 0 and r is set on the [0.2, 0.3] interval. The
t-statistic, t̂b, in Eq. (4) is estimated with heteroskedasticity and autocorrelation con-
sistent standard errors. When setting b̂ = 2

â, the null hypothesis, can be constructed as a one-sided test of b̂ ≥ 0 against the
alternative of b̂ < 0. If t̂b < −1.65, we reject the null hypothesis of convergence at the
5% level of significance. Finally, we implement the robust club clustering algorithm
proposed by PS to identify convergence clubs in the panel of countries, as detailed in
“Appendix B”.

3 Data

The COVID-19 pandemic panel dataset is obtained from Roser et al. (2020), who
provide country profiles of coronavirus statistics.2 Themain variables of interest in this
study are the number of daily new confirmed COVID-19 cases (C19C ) and the number
of daily new confirmed COVID-19 deaths (C19D). To test the sensitivity of these two
variables, we also utilise the intensity of these measures; that is, daily new confirmed
COVID-19 cases per million people (C19C I ) and daily new confirmed COVID-19
deaths per million people (C19DI ). We also utilise a host of country-specific variables
contained within the COVID-19 pandemic panel dataset for a determinants analysis
using the results from club formation (discussed in detail in Sect. 6).

2 URL: https://github.com/owid/covid-19-data/tree/master/public/data.
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Table 1 Descriptive statistics

Obs Mean SD Min Max

Main variables:

C19C (New cases) 77,877 2,541 12,514 0 414,188

C19D(New deaths) 77,877 54 224 0 7,374

C19C I (New cases per mill.) 77,877 90 212 0 18,294

C19DI (New deaths per mil.) 77,877 2 4 0 218

Determinant variables:

Stringency 73,895 62 18 0 100

Pop. density 75,975 256 883 2 7,916

Age65 75,444 9 6 1 27

Poverty 52,662 11 19 0 78

Cardiovascular death rate 76,451 257 122 79 724

Diabetes prevalence 75,953 8 4 2 18

Female smokers 63,354 11 11 0 44

Male smokers 62,336 34 14 8 78

Handwashing facilities 36,844 55 31 2 99

GDPPC 74,938 20,021 19,872 808 116,935

Based on country availability, we investigate the convergence of the COVID-19
pandemic for 155 countries that span all continents. Although the start of the pandemic
has been debated, we begin the sample period based on the announcement of WHO
declaring the COVID-19 as a global pandemic on 11 March 2020. Thus, our sample
period spans 11 March 2020 to 1 August 2021.

Table 1 reports the descriptive statistics of the variables used in the analysis. The
meanvalue and themaximumnumber of newcases in a day are reported.Themaximum
C19C is 414,188, which was recorded in one day in India during the sample period.
Across the sample, the average daily of C19C is 2541. The average C19D is about
54 deaths across the sample, while the maximum on any given day occurred again
in India, with 7,374 deaths were reported. C19C I averages 90 per day and C19DI

averages 4 per day.
We provide statistics for our COVID-19 variables based on ranking order for the

10 countries with the highest/lowestC19C in Table 2. Based on the sample period, the
USA, India, Brazil, France, Russia, United Kingdom, Argentina, Turkey, Colombia,
and Spain recorded the highest C19C (in descending order). In contrast, Mali, Belize,
Lesotho, Burkina Faso, Congo, China, Hong Kong, Djibouti, South Sudan and Timor
recorded the lowest C19C . Apart from Hong Kong, the lowest cases are recorded in
developing countries and occur across all regions. The 10 countries reporting highest
C19D (in descending order)were theUSA,Brazil, India,Mexico, Peru, Russia, United
Kingdom, Italy, Colombia, and France. In contrast, the lowest C19D are recorded in
Burkina Faso, Gabon, Djibouti, Togo, Andorra, Tajikistan, South Sudan, Seychelles,
Singapore and Timor. Apart from Singapore, the lowest number of deaths occur in
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developing countries, and the majority of these countries are in the African region.
Similar statistics are reported for C19C I and C19DI . For instance, although C19C I

are lowest in developing countries, some developing countries, such as Andorra and
Seychelles, report high intensity of cases. Figures 1, 2, 3 and 4 illustrate the trend-
ing behaviour of all four COVID-19 variables for the 10 countries reporting highest
numbers of cases and deaths during the sample period.

Fig. 1. 10 highest countries (C19C ) (rolling seven-day average). Source: John Hopkins University CSSE
COVID-19 Data and https://ourworldindata.org/coronavirus (data explorer)

Fig. 2. 10 highest countries (C19D) (rolling seven-day average). Source: John Hopkins University CSSE
COVID-19 Data and https://ourworldindata.org/coronavirus (data explorer)
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Has the COVID-19 pandemic converged across countries? 2035

Fig. 3. 10 highest countries (C19C I ) (rolling seven-day average). Source: John Hopkins University CSSE
COVID-19 Data and https://ourworldindata.org/coronavirus (data explorer)

Fig. 4. 10 highest countries (C19DI ) (rolling seven-day average). Source: John Hopkins University CSSE
COVID-19 Data and https://ourworldindata.org/coronavirus (data explorer)

4 Club convergence findings

Table 3 reports the results from the club convergence test for all four variables under
investigation across the entire panel of countries. Based on the log-t test results, the
null hypothesis of convergence of the panel of countries is rejected for all variables. In
particular, we find no evidence of full panel convergence in C19C since t̂b = - 56.009
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Table 3 Club convergence
results (log-t test) Variable b̂ coef Std. err t̂b

C19C (New cases) − 0.557 0.010 − 56.009*

C19D(New deaths) − 0.456 0.014 − 33.532*

C19C I (Case intensity) − 0.646 0.015 − 43.694*

C19DI (Death intensity) − 0.654 0.020 − 32.663*

Table reports the log-t regression test. For testing the one-sided null
hypothesis: b ≥ 0 against b < 0, we use the critical value: t0.05 =
−1.65 in all cases. Statistical significance at the 5% level is denoted
by *, rejecting the null hypothesis of convergence

< −1.65. Similarly, the null hypothesis of full panel convergence is rejected given
that t̂b for C19D (-33.532), C19C I (-43.694), and C19DI (-32.663) are less than 5%
critical value of significance.

With panel convergence rejected for all four variables, the investigation now con-
siders the possibility of sub-convergent clubs given that the club convergence test may
overestimate the actual number of club clusters. As a result, we undertake club merg-
ing analysis to determine if themerging of adjacent clubs can form larger club clusters.
The results for the final club merging analysis for C19C , C19D , C19C I , and C19DI

are reported in Tables 5, 6, 7, and 8 of “Appendix A”. For ease of interpretation, we
provide a visual map of the final club classifications for these variables.

RegardingC19D , we identify two convergent clubs and one non-convergent club as
illustrated in Fig. 5. The first club consists of 105 countries.Most of these countries are
inNorth andSouthAmerica,North andSouthernAfrica, theMiddleEast, Asia, Russia,
Mongolia, Pakistan, and India. The second club consists of 46 countries, including
Australia, China, Kazakhstan, and countries inWest Africa and Northern Europe. The
two countries that are non-convergent are the Dominican Republic and Israel.

For C19DI , we identify three convergent clubs as illustrated in Fig. 6. The first
club consists of 83 countries, mainly in North and South America, Southern Africa,
Middle East, Asia, Libya, Russia, Mongolia, Pakistan, India, and some East European

Fig. 5 Final club convergence map (C19D) Source: Authors’ own calculations
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Fig. 6 Final club convergence map (C19DI ). Source: Authors’ own calculations

countries. The second club consists of 10 countries (black coloured): Canada, El
Salvador, Iraq, Israel, Kosovo, Luxembourg, Netherlands, Spain, Switzerland, and the
United Kingdom. The third club consists of 60 countries (white in Fig. 6), which are
low death intensity countries and tend to be based in Africa and Northern Europe. This
club also includes Australia, China, and Kazakhstan.

In relation to C19C , we find four convergent clubs and one non-convergent club as
illustrated in Fig. 7. The first club consists of 125 countries, across all regions of the
world. The second club consists of 13 countries: Bahamas, Bosnia and Herzegovina,
China, Cote d’Ivoire, El Salvador, Ghana, Guinea, Lesotho, Luxembourg, and Mada-
gascar, Mali, Oman, and Sweden. The third club consists of 11 countries: Australia,
Burkina Faso, Djibouti, Gabon, Haiti, HongKong, Kosovo, Singapore, Somalia, South
Sudan, and Sudan. The fourth club consists of three countries, Cameroon, Congo,
Tajikistan, while one country belongs to the non-convergent group (Pakistan).

Concerning C19C I , we find four convergent clubs and one non-convergent club
as illustrated in Fig. 8. The first club consists of 115 countries: North America,
South America, Southern Africa, Asia, Libya, Russia, Mongolia, India, and some
European countries. The second club consists of Oman and Peru. The third club

Fig. 7 Final club convergence map (C19C ). Source: Authors’ own calculations
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Fig. 8 Final club convergence map (C19C I )Source: Authors’ own calculations

Fig. 9 Convergence map for countries that converge in all four COVID-19 variables. Source: Authors’ own
calculations

consists of 15 countries: Afghanistan, Algeria, Bosnia and Herzegovina, Djibouti,
Egypt, El Salvador, Ethiopia, Gabon, Kosovo, Lesotho, Pakistan, and Saudi Arabia,
Senegal, Sweden, and Uzbekistan. The fourth club comprises 18 countries, including
Australia, Burkina Faso, Cameroon, Congo, Cote d’Ivoire, Democratic Republic of
Congo, Ghana, Haiti, Hong Kong, Madagascar, Mali, Nigeria, Singapore, Somalia,
South Sudan, Sudan, Taiwan, and Tajikistan. The last group consists of three non-
convergent countries: China, Guinea, and Luxembourg.

Finally, to further comprehend the behaviour of the COVID-19 pandemic across
the globe, we sort the club convergence results into groups that show convergence
across all four COVID-19 variables. These results are reported in Table 9. We group
the countries that show club convergence in all for variables (including the possible
combinations). For example, we identified 73 countries around theworld that converge
in C19C , C19D , C19C I , and C19DI .3 As illustrated in Fig. 9, the virus has had a
significant effect around the world.

3 Based on the possible combinations, we identify 10 groups. Table 5 in Appendix A reports the results.
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5 On the determinants of COVID-19

5.1 Ordered logit model

Having identified convergence in the COVID-19 variables across countries, we now
investigate the underlying factors behind the formation of high virus incidences for
some countries. Since the explained variable is an ordinal number (a discrete variable),
we utilise an ordered logit model developed byMcKelvey and Zavoina (1975) to anal-
yse the influencing factors, which is estimated via the maximum likelihood method,
given by:

y∗ = λ0 + λ1xi + λ2x2 + · · · + λi xi = λ
′
X + ν (6)

where y∗ is defined as the latent variable, λ′
is a i × 1 vector of estimated coefficients,

and ν is the white noise error term such that ν|X ∼ Normla(0, 1). The focus of this
analysis is on the coefficient λi , which investigates the influence of each determinant
variable on the club convergence by the coefficient sign. Since the latent variable y∗
is not directly observable, it is measured through the explicit variable y. In this case, y
is the observed assigned values of the clubs. Thus, given the club algorithm identified
various clubs, we assign variable y as follows:

(i) Club convergence for C19DI : y = 1 if country i belongs to club 3; y = 2 if
country i belongs to club 2; y = 3 if country i
belongs to club 1.

(ii) Club convergence for C19C I : y = 1 if country i belongs to club 4; y = 2 if
country i belongs to club 3; y = 3 if country i
belongs to club 2; y = 4 if country i belongs to
club 1.

5.2 Determinants: variable selection

Regarding the vector of determinants, X in Eq. (5), we utilise a host of explana-
tory variables to help explain the driving forces of club formation for the COVID-19
pandemic across countries. As with the main measures used in the club convergence
analysis, all determinant variables are obtained from Roser et al. (2020).

Stringency: The government response stringency index, which is a composite vari-
able based on nine response indicators including school closures, workplace closures,
and travel bans, rescaled to a value from 0 to 100 (100 = strictest response). Research
on infectious diseases finds that closures effectively reduce community transmission
of infection (Rashid et al. 2015).

Population density: The number of people divided by land area, measured in square
kilometres. During the COVID-19 pandemic, almost all countries imposed physical
distancing interventions to limit the spread of the coronavirus. Evidence has found
that implementation of any physical distancing intervention is associated with an
overall reduction in COVID-19 incidence (Islam et al. 2020). Thus, how people can
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be spatially separated is constrained by population density. Recently, Wong and Li
(2020) find that population density effectively predicts cumulative infection cases.

Poverty: Share of the population living in extreme poverty. Several factors may
increase exposure to COVID-19 for people from a low socio-economic back-
ground. For instance, economically disadvantaged people are more likely to live
in overcrowded accommodation with limited access to personal outdoor space, and
overcrowding will reduce compliance with social distancing. Poorer people are often
employed in occupations that do not provide opportunities to work from home. In
addition, people from low socio-economic groups may be more vulnerable to severe
disease once infected because of higher levels of pre-existing illness. Also, cardio-
vascular disease, obesity, diabetes, and hypertension are risk factors for death from
COVID-19. Individuals with low socio-economic status may not have easy access to
healthcare to test these underlying conditions (Whitehead et al. 2021).

Age65: Share of the population that is aged 65 years and older. From the beginning
of the pandemic, it was evident that the elderly were at a higher risk of COVID-
19 complications with higher hospitalisation rates, intensive care unit admissions,
intubation, and death (Garg et al. 2020). Indeed, recent evidence now indicates that
older people are at higher risk of COVID-19 mortality (Ho et al. 2020).

Female/Male smokers: Share of females/males who smoke. While the current
evidence suggesting that people who smoke are at higher risk of COVID-19 is incon-
sistent, smoking increases the incidence, duration, and severity of viral respiratory
infections and has also been found to increase pneumonia. However, the hand-to-
mouth action of smoking and e-cigarettes means that people who smoke may be more
vulnerable to COVID-19, as they touch their face and mouth more often. Indeed,
emerging evidence has shown that coronavirus may be spread via aerosols (Fennelly,
2020), suggesting that the virus could be transmitted through exhaled tobacco smoke
and e-cigarette aerosols. On the other hand, recent studies indicate that active smok-
ers are underrepresented among patients with COVID-19, leading to claims that a
‘smoker’s paradox’ may exist in COVID-19, wherein smokers are protected from
infection and severe complications COVID-19. (Usman et al. 2020).

Handwashing: Share of the population with basic handwashing facilities on
premises. Since the beginning of the pandemic, handwashing has been an important
defence against the virus and one of the most effective forms of COVID-19 prevention
(CDC 2020).

Gross domestic product per capita (GDPPC): GDPPC at purchasing power parity
(constant 2011 international dollars). GDPPC is an important indicator that reflects the
level of economic development and the income and consumption of residents (Barro,
1991). However, the COVID-19 pandemic has brought new challenges for individu-
als, businesses, and governments worldwide, which may compromise the efforts to
promote balanced development. Indeed, an extensive literature has shown that the
Global Financial Crisis impacted economic growth worldwide. The economic growth
effects ofCOVID-19maypose evenmore significant challenges, particularly inweaker
economies, where the problems of development and the capacity of response to unex-
pected challenges are more accentuated. Early research has shown that the COVID-19
pandemic has eliminated the signs of convergence in GDPPC across OECD nations
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and thus has potentially inhibited a globally balanced development process (Martinho
2021b).

Diabetes: Diabetes prevalence (% of population aged 20–79 years) in 2017. Recent
evidence has shown that having either type 1 or 2 diabetes increases the risk that an
individual will become more severely ill from COVID-19 and have worse outcomes,
including higher mortality, than those without diabetes (Lim et al. 2021).

5.3 Results on the determinants of club convergence

The estimated results from Eq. 5 are reported in Table 4. For ease of interpretation,
we report the average marginal effects with robust standard errors. Columns (1)–(4)
report the determinants analysis for C19DI , while columns (5)–(7) report the deter-
minants analysis for, C19C I . In addition, the significance of the variables is examined
by employing the baseline specification and the full model, which includes Diabetes
prevalence. Given that endogeneity might bias the estimates, we employ the condi-
tional mixed process estimator (CMP) as developed in Roodman (2011) to overcome
this bias.4 The mixed process allows the estimation of both continuous and categorical
dependent variables. Thus, an instrumental variable model is estimated, using GDPC
of the USA as instrument for GDPC of the entire sample in the ordered probit specifi-
cation. The results are reported in columns (4) and (7). The results are similar across
the models but the magnitude of the coefficients are smaller in the models addressing
endogeneity.

Based on the results from columns (1)–(4), the probability of belonging to a group
with higher death intensity rate (C19DI ) increaseswith poverty,Age65, and forFemale
Smokers. However, the probability of dying is reduced for Male Smokers. Death
intensity falls with GDPPC and Population density. The provision of Handwash-
ing facilities does not reduce the probability of belonging to a group with higher death
intensity. Also, death intensity is not rising with Diabetes. However, at higher level
(95 percentile) of handwashing (column 3), the results show that death intensity is
falling with handwashing and rising with diabetes and male smokers.

The results havemarked differenceswhen density intensity (C19DI ) and case inten-
sity (C19C I ) series are considered. The results reveal that the probability of belonging
to a group with higher case intensity increases with Stringency, Population density,
GDPPC, and Female smokers. The likelihood of contracting COVID-19 is reduced
for Age65 and Diabetes. The provision of Handwashing facilities does reduce the
probability of belonging to a group with higher cases.

The result shows that Stringency has a significant effect, and the chances of belong-
ing to a groupwith higher case intensity are increasing. Thus, the anti-spread preventive
measure of policy stringency plus its consequent ameliorating effect is not evident in
the result. A percentage increase in policy stringency leads to 0.39% increase in case
intensity. Hence, while the stringency index is a strictness measure of ‘lockdown style’
policies, the panel results suggest that restricting people’s spatial behaviour may have
not been as effective in curtailing the spread of the virus. Nonetheless, this result is

4 Other studies using this methodology include (Apergis et al. 2019; Inekwe 2016, 2019).
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based on a global sample which takes into account both developed and developing
nations (where lockdown has not been implemented nor followed in these countries).

The result suggests that death intensity falls with Population density, but case
intensity rise with population density. A percentage increase in population density
reduces death intensity by 0.2% but increases case intensity 0.09%.

The effect ofAge65 is statistically significant. A percentage increase in age 65 years
and above leads to 1.39% increase in death intensity. However, a percentage increase in
age 65 years and above leads to a 0.41% decrease in case intensity. Poverty increases
the probability of belonging to a group with higher death intensity. A percentage
increase in poverty leads to 0.34% increase in death intensity.

For the proportion of Female smokers, death intensity, and case intensity rises by
0.26%, and 0.19%, respectively. Handwashing reduces the case intensity by 0.07%
while death intensity rises with handwashing. In contrast to the effects observed,
death intensity falls by 0.12% when handwashing is observed at a higher level. Death
intensity falls by 0.18%under a percentage increase inGDPPC, but case intensity rises
by 0.25%. Being diabetic does increase death intensity but reduces case intensity.

6 Conclusion and implications

In late 2019 and early 2020, the world witnessed the rapid spread of the COVID-
19 virus, which infected millions of people worldwide and resulted in many deaths.
COVID-19 was declared a pandemic on 11 March 2020 by the WHO and remains an
ongoing pandemic at time of writing. The impact of COVID-19 has induced economic
andfinancial disruptions to global economies, consistentwith those experiencedduring
previous episodes of economic or financial crises. Alongside the research into the
COVID-19 pandemic that is underway and that will continue for years to come, we
offer a critical perspective into the spread of the virus by investigating the convergence
patterns of COVID-19 around the world.

The empirical approach implements the Phillips and Sul (2009); Phillips and Sul
(2007) clustering algorithm to examine the convergence patterns of new infection
rates, new death rates, and their intensity measures (i.e. infection rates and death rates
per million people) for a panel of 155 countries that have witnessed a rapid spread of
the virus. This framework has the advantage of detecting multiple equilibria related
to the groupings of countries while allowing for different convergence paths within
these groupings, thus offering a unique insight into the spread of COVID-19. Equally
important is that the club convergence approach is a nonlinearmodelwith time-varying
properties that can detect any disequilibria arising from the insurgence of COVID-19
across countries.

We utilised four important COVID-19measures to assess convergence in the spread
of the virus across countries: the number of new COVID-19 cases, death rates, and
intensity measures based on new cases and death rate per million people. The results
indicate that the null hypothesis of full (panel) convergence across the sample countries
is rejected for all four COVID-19 measures, suggesting the virus’s unequal conver-
gence process across countries.
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However, the results identify that sub-convergent clubs exist. In particular, we
identify four convergent clubs, which span almost all continents across the globe,
and one non-convergent club for new COVID-19 cases. Regarding sub-convergent
clubs for new death rates, we find two convergent club-clusters and one divergent
club for new death rates in countries mainly from North and South America, North
and Southern Africa, the Middle East, Asia, Russia, Mongolia, Pakistan, and India.
The second club comprises Australia, China, Kazakhstan, West African, and a few
North European countries. Similar results are reported when we utilised the intensity
measures. For instance, case intensity is highest in North America, South America,
Southern Africa, Asia, Libya, Russia, Mongolia, India, and some European countries.
In sum, while we find evidence of COVID-19 converging worldwide, the convergence
process has been inequitable, with countries or regions clustered into several groups.

Given that we identified sub-convergent groups in the COVID-19 measures across
countries, we extended the analysis to explore the potential drivers of the observed club
formations by undertaking a determinants analysis. We linked the club convergence
results to key variables to model this process, which helps to explain how countries
converge into higher steady states of COVID-19.

The results from the determinants analysis reveal that the probability of belonging
to a group with higher death intensity of COVID-19 increases with being over the
age of 65 years, and for female smokers. The provision of handwashing facilities
does reduce the likelihood of belonging to a group with higher death intensity. Also,
death intensity falls with economic development (GDPPC) and population density.
In addition, increased share of the population living in extreme poverty enhances the
probability of belonging to a group with higher death intensity. However, the findings
have several differences when case intensity series is considered. The results reveal
that the probability of belonging to a group with higher case intensity increases with
policy stringency, population density, economic development, and female smokers. In
comparison, the likelihood of contracting the virus is reduced for those aged 65 years
and over and diabetic patients. The provision of handwashing facilities does reduce
the probability of belonging to a group with higher case intensity.
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Table 5 Club convergence for new cases (C19C )

Club No b̂ coef t̂b

1 Afghanistan, Albania, Algeria, Andorra, Angola, Argentina,
Armenia, Austria, Azerbaijan, Bahrain, Bangladesh,
Belarus, Belgium, Belize, Bolivia, Botswana, Brazil,
Bulgaria, Cambodia, Canada, Cape Verde, Chile,
Colombia, Costa Rica, Croatia, Cuba, Cyprus, Czechia,
Democratic Republic of Congo, Denmark, Dominican
Republic, Ecuador, Egypt, Estonia, Eswatini, Ethiopia, Fiji,
Finland, France, Georgia, Germany, Greece, Guatemala,
Guyana, Honduras, Hungary, India, Indonesia, Iran, Iraq,
Ireland, Israel, Italy, Jamaica, Japan, Jordan, Kazakhstan,
Kenya, Kuwait, Kyrgyzstan, Latvia, Lebanon, Libya,
Lithuania, Malawi, Malaysia, Maldives, Malta, Mauritania,
Mexico, Moldova, Mongolia, Montenegro, Morocco,
Mozambique, Myanmar, Namibia, Nepal, Netherlands,
Nigeria, North Macedonia, Norway, Palestine, Panama,
Papua New Guinea, Paraguay, Peru, Philippines, Poland,
Portugal, Qatar, Romania, Russia, Rwanda, Saudi Arabia,
Senegal, Serbia, Seychelles, Slovakia, Slovenia, South
Africa, South Korea, Spain, Sri Lanka, Suriname,
Switzerland, Syria, Taiwan, Thailand, Timor, Togo,
Trinidad and Tobago, Tunisia, Turkey, Uganda, Ukraine,
United Arab Emirates, United Kingdom, USA, Uruguay,
Uzbekistan, Venezuela, Vietnam, Zambia, Zimbabwe

125 − 0.058 − 1.619

2 Bahamas, Bosnia and Herzegovina, China, Cote d’Ivoire, El
Salvador, Ghana, Guinea, Lesotho, Luxembourg,
Madagascar, Mali, Oman, Sweden

13 0.181 2.091

3 Australia, Burkina Faso, Djibouti, Gabon, Haiti, Hong Kong,
Kosovo, Singapore, Somalia, South Sudan, Sudan

11

4 Cameroon, Congo, Tajikistan 3 0.381 3.642

NC Pakistan 1 0.894 4.598

See notes in Table 3
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Table 6 Club convergence for case intensity (C19C I ).

Club No b̂ coef t̂b

1 Albania, Andorra, Angola, Argentina, Armenia, Austria,
Azerbaijan, Bahamas, Bahrain, Bangladesh, Belarus,
Belgium, Belize, Bolivia, Botswana, Brazil, Bulgaria,
Cambodia, Canada, Cape Verde, Chile, Colombia, Costa
Rica, Croatia, Cuba, Cyprus, Czechia, Denmark,
Dominican Republic, Ecuador, Estonia, Eswatini, Fiji,
Finland, France, Georgia, Germany, Greece, Guatemala,
Guyana, Honduras, Hungary, India, Indonesia, Iran, Iraq,
Ireland, Israel, Italy, Jamaica, Japan, Jordan, Kazakhstan,
Kenya, Kuwait, Kyrgyzstan, Latvia, Lebanon, Libya,
Lithuania, Malawi, Malaysia, Maldives, Malta,
Mauritania, Mexico, Moldova, Mongolia, Montenegro,
Morocco, Mozambique, Myanmar, Namibia, Nepal,
Netherlands, North Macedonia, Norway, Palestine,
Panama, Papua New Guinea, Paraguay, Philippines,
Poland, Portugal, Qatar, Romania, Russia, Rwanda,
Serbia, Seychelles, Slovakia, Slovenia, South Africa,
South Korea, Spain, Sri Lanka, Suriname, Switzerland,
Syria, Thailand, Timor, Togo, Trinidad and Tobago,
Tunisia, Turkey, Uganda, Ukraine, United Arab Emirates,
United Kingdom, USA, Uruguay, Venezuela, Vietnam,
Zambia, Zimbabwe

115 − 0.013 − 0.779

2 Oman, Peru 2 0.380 3.282

3 Afghanistan, Algeria, Bosnia and Herzegovina, Djibouti,
Egypt, El Salvador, Ethiopia, Gabon, Kosovo, Lesotho,
Pakistan, Saudi Arabia, Senegal, Sweden, Uzbekistan

15 0.186 2.436

4 Australia, Burkina Faso, Cameroon, Congo, Cote d’Ivoire,
Democratic Republic of Congo, Ghana, Haiti, Hong
Kong, Madagascar, Mali, Nigeria, Singapore, Somalia,
South Sudan, Sudan, Taiwan, Tajikistan

18 0.474 5.004

NC China, Guinea, Luxembourg 3 − 0.827 − 35.675*

See notes in Table 3.
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Table 7 Club convergence for new deaths (C19D)

Club No b̂ coef t̂b

1 Afghanistan, Albania, Algeria, Angola, Argentina,
Armenia, Austria, Azerbaijan, Bahrain, Bangladesh,
Belarus, Belgium, Bolivia, Bosnia and Herzegovina,
Botswana, Brazil, Bulgaria, Cambodia, Canada, Chile,
Colombia, Costa Rica, Croatia, Cuba, Czechia,
Ecuador, Egypt, El Salvador, Estonia, Ethiopia, France,
Georgia, Germany, Greece, Guatemala, Guyana,
Honduras, Hungary, India, Indonesia, Iran, Iraq, Italy,
Jamaica, Japan, Jordan, Kenya, Kuwait, Kyrgyzstan,
Latvia, Lebanon, Libya, Lithuania, Madagascar,
Malawi, Malaysia, Mexico, Moldova, Mongolia,
Montenegro, Morocco, Mozambique, Myanmar,
Namibia, Nepal, Netherlands, North Macedonia,
Oman, Pakistan, Palestine, Panama, Paraguay, Peru,
Philippines, Poland, Portugal, Romania, Russia,
Rwanda, Saudi Arabia, Senegal, Serbia, Slovakia,
Slovenia, South Africa, South Korea, Spain, Sri Lanka,
Suriname, Switzerland, Syria, Taiwan, Thailand,
Trinidad and Tobago, Tunisia, Turkey, Uganda,
Ukraine, United Arab Emirates, United Kingdom,
USA, Uruguay, Venezuela, Zambia, Zimbabwe

105 − 0.045 − 1.363

2 Andorra, Australia, Bahamas, Belize, Burkina Faso,
Cameroon, Cape Verde, China, Congo, Cote d’Ivoire,
Cyprus, Democratic Republic of Congo, Denmark,
Djibouti, Eswatini, Fiji, Finland, Gabon, Ghana,
Guinea, Haiti, Hong Kong, Ireland, Kazakhstan,
Kosovo, Lesotho, Luxembourg, Maldives, Mali, Malta,
Mauritania, Nigeria, Norway, Papua New Guinea,
Qatar, Seychelles, Singapore, Somalia, South Sudan,
Sudan, Sweden, Tajikistan, Timor, Togo, Uzbekistan,
Vietnam

46 0.004 0.100

NC Dominican Republic, Israel 2 − 1.607 − 144.026*

See notes in Table 3
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Table 8 Club convergence for new deaths intensity (C19DI )

Club No b̂ coef t̂b

1 Albania, Argentina, Armenia, Austria, Azerbaijan, Bahrain,
Belarus, Belgium, Bolivia, Bosnia and Herzegovina,
Botswana, Brazil, Bulgaria, Cambodia, Cape Verde, Chile,
Colombia, Costa Rica, Croatia, Cuba, Cyprus, Czechia,
Ecuador, Estonia, Eswatini, Fiji, France, Georgia, Germany,
Greece, Guatemala, Guyana, Honduras, Hungary, India,
Indonesia, Iran, Italy, Jamaica, Jordan, Kuwait, Kyrgyzstan,
Latvia, Lebanon, Libya, Lithuania, Malaysia, Maldives,
Malta, Mexico, Moldova, Mongolia, Montenegro,
Myanmar, Namibia, Nepal, North Macedonia, Oman,
Palestine, Panama, Paraguay, Peru, Philippines, Poland,
Portugal, Romania, Russia, Serbia, Seychelles, Slovakia,
Slovenia, South Africa, Sri Lanka, Suriname, Thailand,
Trinidad and Tobago, Tunisia, Turkey, Ukraine, USA,
Uruguay, Zambia, Zimbabwe

83 − 0.045 − 1.613

2 Canada, El Salvador, Iraq, Israel, Kosovo, Luxembourg,
Netherlands, Spain, Switzerland, United Kingdom

10 2.171 7.301

3 Afghanistan, Algeria, Andorra, Angola, Australia, Bahamas,
Bangladesh, Belize, Burkina Faso, Cameroon, China, Congo,
Cote d’Ivoire, Democratic Republic of Congo, Denmark,

Djibouti, Dominican Republic, Egypt, Ethiopia, Finland,
Gabon, Ghana, Guinea, Haiti, Hong Kong, Ireland, Japan,
Kazakhstan, Kenya, Lesotho, Madagascar, Malawi, Mali,
Mauritania, Morocco, Mozambique, Nigeria, Norway,
Pakistan, Papua New Guinea, Qatar, Rwanda, Saudi Arabia,
Senegal, Singapore, Somalia, South Korea, South Sudan,
Sudan, Sweden, Syria, Taiwan, Tajikistan, Timor, Togo,
Uganda, United Arab Emirates, Uzbekistan, Venezuela,
Vietnam

60 0.047 1.393

See notes in Table 3
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Table 9 Club formation based on COVID-19 variables

Group A Group B1 Group C1 Group D1

Albania Latvia Angola Andorra El Salvador

Argentina Lebanon Bangladesh Belize Madagascar

Armenia Lithuania Canada Denmark Pakistan

Austria Malaysia Iraq Dominican Rep

Azerbaijan Mexico Japan Finland

Bahrain Moldova Kenya Ireland

Belarus Mongolia Malawi Israel

Belgium Montenegro Morocco Kazakhstan

Bolivia Myanmar Mozambique Mauritania

Botswana Namibia Netherlands Norway

Bulgaria Nepal Rwanda Papua New Guinea

Cambodia North Macedonia South Korea Qatar

Chile Palestine Spain Timor

Colombia Panama Switzerland Togo

Costa Rica Paraguay Syria Vietnam

Croatia Philippines Uganda

Cuba Poland United Arab
Emirates

Czechia Portugal United Kingdom

Ecuador Romania Venezuela

Estonia Russia

France Serbia Group B2 Group C2 Group D2

Georgia Slovakia Cape Verde Afghanistan Congo (Dem.
Rep.)

Germany Slovenia Cyprus Algeria Nigeria

Greece South Africa Eswatini Egypt Uzbekistan

Guatemala Sri Lanka Fiji Ethiopia

Guyana Suriname Maldives Saudi Arabia

Honduras Thailand Malta Senegal

Hungary Trinidad and
Tobago

Seychelles Taiwan

India Tunisia

Indonesia Turkey Group B3 Group C2 Group D2

Iran Ukraine Peru Bosnia and
Herzegovina

Bahamas

Italy USA Oman
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Table 9 (continued)

Jamaica Uruguay

Jordan Zambia

Kuwait Zimbabwe

Kyrgyzstan

Each country is grouped based on club convergence across the four variables. Group A consists of coun-

tries that converge in C19C ,C19D ,C19C I , andC19DI . Group B1 consists of countries that converge in

C19C ,C19D , andC19C I . GroupB2 consists of countries that converge inC19C ,C19C1, andC19DI . Group

B3 consists of countries that converge in C19C ,C19D , andC19DI . Group B3 consists of countries that

converge inC19C , C19D andC19DI . Group C1 consists of countries that converge in C19C andC19C I .

Group C2 consists of countries that converge in C19C andC19DI . Group C3 consists of countries that

converge in C19D andC19DI . Group D1 consists of countries that converge inC19D . Group D2 consists

of countries that converge in C19C I

Appendix B: Robust clustering algorithm

Phillips and Sul (2007) advanced a data-driven clustering algorithm to detect club
convergence in a panel of individuals (countries). We follow the approach detailed
by Schnurbus et al. (2017) in describing the clustering algorithm, which is conducted
according to the following steps:

Step 1: Ordering: sort the panel members according to the final observation I the
sample

Step 2: Formation of a core group of countries: classification of a core group (club)
of countries by sequential log-t regressions, based on the highest k members (obtained
from Step 1) such that 2 ≤ k ≤ N . The group size (k) is determined by maximising
the convergence t-statistic, tk , with tk > −1.65

Step 3: Sieving the data for club membership: addition of countries to the core
group (Step 2), one at a time, conditional on the t-statistic for each new country is ≥ 0

Step 4: Recursion and stopping: formation of a second convergence group via the
log-t regression (provided they converge) to the group of countries not chosen in Step
3. If not, Steps 1 to 3 are repeated in order to identify sub-convergence clusters. If no
core groups are found in step 2, these countries are classified as non-convergent (or
divergent)

Step 5: Merging of clubs: merger of clubs fulfilling the convergence, according
to log-t regression, of all pairs of subsequent clubs and across formed clubs, until no
further mergers meet the criteria
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