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Abstract

This study investigated the association between public healthcare-related features,
vaccination rates, and COVID-19 mortality rates in 44 European and South Caucasian
nations. COVID-19 mortality rates were averaged for the period from 21 November 2021 to
4 December 2021, i.e., at the peak of the COVID-19 fourth wave. The cross-sectional
analysis was performed with the ordinary least squares (OLS) estimator, the spatial
autoregressive (SAR) model, and the spatial error (SEM) model. Then, a cluster analysis was
conducted to find homogeneous groupings of nations with increasing risk-factors for
COVID-19 mortality. The findings revealed that public health expenditure, health personnel,
pharmacists, universal health coverage (UHC), and COVID-19 vaccination rates were all
significantly and negatively correlated with COVID-19 mortality rates, whereas out-of-
pocket expenditure (OOP), and ordinary and intensive care unit (ICU) bed saturation were
positively and significantly correlated with COVID-19 mortality rates. Cluster analysis
revealed that Eastern European and South Caucasian countries with more decentralized and
mostly private insurance-based healthcare systems had the highest risk-factors for COVID-19
mortality, whereas Nordic European countries with universal healthcare systems had the
lowest. Thus, countries with publicly financed comprehensive healthcare systems proved to
be more effective at lowering COVID-19 mortality rates while easing the burden on national
healthcare. These policy recommendations may be beneficial in the event of future such
shocks.

Keywords: COVID-19 mortality | public healthcare system | spatial analysis | cluster analysis
| Europe
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1. Introduction

The rapid global spread of the novel COVID-19 disease since December 2019 has
highlighted the critical need for an effective package of public health strategies to reduce
COVID-19 morbidity and mortality, as well as the burden on the national healthcare system
(Ferguson et al. 2020; Chan et al. 2021). Because no vaccines or specific medical treatments
were immediately available at the start of the pandemic, most countries had to rely on the
healthcare system's resilience along with the implementation of a set of non-pharmacological
interventions (NPIs), such as mask-wearing, social distancing, quarantine, mass gathering
prohibition, and closures of educational services and non-essential businesses (Bo et al. 2020;
Flaxman et al. 2020; Brauner et al. 2021).

However, the latter community mitigation measures were detrimental to the global economy,
causing a severe recession and the loss of around 114 million jobs by 2020 (International
Labour Organization, 2021). According to a World Bank study (Demirguc-Kunt et al. 2020),
national lockdowns imposed during the pandemic's first peak (between March and April
2020) lowered economic activity in European and Central Asian countries by an average of
10%. This has put significant pressure on national governments to swiftly develop effective
COVID-19 vaccines in order to avoid the huge costs associated with statewide lockdowns
(Arbel and Pliskin, 2022). Specifically, by the end of 2020 and early 2021, concerted
technological and financial collaboration across various international public and
private organizations resulted in the US Food and Drug Administration (FDA) authorizing
the first COVID-19 vaccines (Bok et al. 2021).

As a result, it has become crucial to evaluate the efficacy of public healthcare-related features
and strategies in combating the COVID-19 pandemic. Specifically, the purpose of this study
was to contribute to the literature by exploring the cross-sectional relationship between a set
of public healthcare system medical resources and characteristics, vaccination rates, and
COVID-19 mortality rates at the peak of the pandemic's fourth global wave in 44 European
and South Caucasian countries. While medical resources and healthcare system features
revealed the strength and resilience of the public healthcare system, COVID-19 vaccination
demonstrated national health efficacy in implementing new policies. The empirical approach
included a set of econometric techniques, such as the ordinal least squares (OLS) estimator,
the spatial models, and the hierarchical cluster analysis.

The paper's primary points of novelty and strength are summarized below: i) first, it used
several statistical methods to control for the robustness of the results; ii) second, it controlled
for a significant number of cofounders, including demographic factors, freedom degree,
income inequality, weather conditions, hazardous health behaviors, and technology; iii) third,
it collected data by searching across multiple sources such as national and international
statistical databases, scientific papers, government institutions, research centers, and news
agencies; and iv) fourth, it enabled the identification of homogeneous groupings of nations
sharing comparable risk-factors and healthcare systems.

The remainder of the paper was structured as follows. In section 2, | discussed the relevant
literature. In Section 3, | detailed the data utilized in the empirical study. Section 4 discussed
the empirical strategy. Section 5 presented and discusses the findings. Finally, in Section 6, |
presented my conclusions and policy recommendations.



2. Review of the literature

The relationship between healthcare medical resources/features, vaccination rates, and
COVID-19 outcomes has been widely investigated in the literature in both advanced and
developing countries (El-Khatib et al. 2020; Kapitsinis, 2020 & 2021; Liang et al., 2020;
Cifuentes-Faura, 2021; Coccia, 2021, Meslé et al., 2021; Muthukrishnan et al., 2021; Al-
Amin et al., 2022; Arbel and Pliskim, 2022; Chen, 2023; Epané et al., 2023; Almeida, 2024;
Gebremariam et al. 2024).

The early part of the literature focused on the effects of healthcare resources on COVID-19
outcomes. Kapitsinis (2020) studied the underlying causes of COVID-19 mortality in 119
European regions from January to May 2020. Using an OLS estimator, he found that regions
with fewer hospital beds (465 per 100,000 people) and doctors (413 per 100,000 people)
had higher COVID-19 mortality rates than regions with more beds and doctors.

Coccia (2021) utilized Levene's test for equality of variances and a t-test for equality of
means and found that a greater level of government health expenditure was linked with
reduced COVID-19 mortality as of 14 December 2020 in a sample of 161 countries. In
particular, countries with an average health expenditure of 7.6% of GDP and an average
health expenditure per capita of 2,300 US dollars had significantly lower COVID-19 fatality
rates than those with an average health expenditure of 6% of GDP and an average health
expenditure per capita of only 234 US dollars.

Xie et al. (2021) used an ordinary least square estimator, a time-varying effect model, and a
regression discontinuity design to examine the influence of medical resources on the COVID-
19 mortality rate in China's Hubei area. The findings revealed that a 10-unit increase in
hospital beds per capita and medical personnel per capita was associated with a 0.39% and
0.24% drop in COVID-19 mortality rates, respectively.

Janke et al. (2021) examined the relationship between hospital resources and COVID-19
mortality using data from 4,453 hospitals across 306 hospital referral regions (HRR) in the
US from March 1, 2020, to July 26, 2020. Using a Poisson distribution regression model,
they discovered that an increase in the number of nurses, general medical/surgical beds, and
intensive care unit (ICU) beds was associated with a significant decrease in COVID-19-
related mortality.

Perone (2021) investigated the relationship between health system indicators and the
COVID-19 case fatality rate in Italian regions and provinces during the initial peak of the
COVID-19 outbreak in early April 2020. Using the OLS estimator, he discovered that overall
healthcare efficiency, government and physician density were negatively correlated with the
COVID-19 case fatality rate (CFR), whereas health expenditure and health system ordinary
and ICU bed saturation were positively and significantly associated with the COVID-19
CFR, accounting for up to 88% of the COVID-19 (CFR) variability.

Epané et al. (2023) studied the relationship between healthcare resources and COVID-19
mortality in 2,438 US counties. Using a negative binomial regression, they discovered that
larger hospital workers were negatively correlated with COVID-19 mortality, whereas
increasing healthcare facility resources, such as airborne infection control rooms, the
proportion of teaching hospitals, and hospital occupancy rate were positively correlated with
COVID-19 death.

Almeida (2024) used Data Envelopment Analysis (DEA), the spatial autoregressive (SAR)
model, and the spatial autoregressive model with spatial autoregressive disturbances
(SARAR) to study the influence of the health system efficiency index on COVID-19
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outcomes across 173 European regions. He found that regions with better health system
efficiency in 2017 had higher COVID-19 mortality rates in 2020 and 2021. He interpreted
these findings as indicating a trade-off between the economic efficiency and resilience of the
health-care system during the COVID-19 pandemic.

Tekerek et al. (2024) used multiple linear regression analysis to investigate the relationship
between a set of healthcare-related characteristics and the COVID-19 mortality rate in 37
OECD nations from 2020 to 2022. The researchers discovered that non-communicable
diseases mortality was significantly and positively correlated with COVID-19 mortality,
whereas nurses and universal health coverage (UHC) were significantly and
negatively associated with COVID-19 mortality. Non-communicable diseases mortality was
the most important explanatory factor for COVID-19 deaths across the entire study period. In
contrast, there was no statistical significance for physicians, ICU beds, out-of-pocket (OOP)
expenses, or private health expenditures.

In contrast, another body of research looked into the relationship between mass vaccination
programs and COVID-19 outcomes. Jabtonska et al. (2021) utilized non-linear Poisson mixed
regression models to study the relationship between vaccinations and COVID-19 mortality
rates in Europe and Israel. They discovered that vaccine effectiveness in terms of death
prevention was quite satisfactory, at 72%.

Muthukrishnan et al. (2021) utilized logistic regression to investigate the connection between
being fully vaccinated and COVID-19 mortality rates in India. They specifically examined
1,168 hospitalized patients with moderate to severe COVID-19 at a designated COVID-19
hospital in New Delhi. The results showed that two doses of the Covishield vaccine were
linked with significantly lower mortality rates. For example, fully vaccinated individuals had
a mortality rate of 12.5%, whereas unprotected people had nearly three times the likelihood
of dying (31.45%).

Arbel and Pliskin (2022) compared the efficacy of vaccination to quarantine measures in
preventing COVID-19 mortality in Israel. They discovered that the mass vaccination in 2021
allowed for a large reduction in COVID-19 mortality and avoided strict lockdowns, which
would have caused negative further shocks to the economy. Furthermore, the costs of
carrying out the mass vaccination campaign through 2021 were far cheaper than those
associated with the two lockdowns that happened in 2020. As a result, the mass vaccination
plan was substantially more cost-effective than Israel's lockdown strategy.

Chen (2023) studied the effect of COVID-19 cumulative vaccination rates on COVID-19
spread and death in 33 countries. The latter exhibited high cumulative vaccination rates and
were classified into three vaccination patterns. Using an analysis of variance (ANOVA)
approach, he observed that vaccination patterns dramatically reduced COVID-19
transmission and mortality. Furthermore, when a country's vaccination coverage falls below
its herd immunity threshold, non-pharmaceutical interventions (NPIs) like lockdowns, travel
restrictions, maintaining social distancing, and mask use must be adopted as part of the
COVID-19 mitigation plan.

Gebremariam et al. (2024) used an OLS estimator to assess the relationship between
vaccination rates and COVID-19 cases, deaths, and reproduction rates across 49 African
nations. The researchers discovered that vaccination rates were negatively and significantly
correlated with both COVID-19 cases and deaths, while no stable or consistent statistical
relationship was established between vaccination and reproduction rates. Overall, the
available research appeared to agree with the premise that healthcare facilities, medical



staffing, and COVID-19 vaccination were critical factors in managing and tackling the
COVID-19 outbreak around the world.

3. Data

Only the European and Caucasian countries with available observations were considered for
the empirical analysis: Albania, Armenia, Austria, Azerbaijan, Belgium, Bosnia Herzegovina,
Bulgaria, Croatia, Cyprus, Czech Republic, Denmark, Estonia, Faroe Islands, Finland,
France, Georgia, Germany, Greece, Hungary, Iceland, Ireland, Italy, Latvia, Lithuania,
Luxembourg, Malta, Moldova, Montenegro, Netherlands, North Macedonia, Norway, Poland,
Portugal, Romania, Russia, Serbia, Slovak Republic, Slovenia, Spain, Sweden, Switzerland,
Turkey, Ukraine, and the UK.

The independent and dependent variables utilized in this work are discussed in detail below.
First, omitting significant explanatory factors from the empirical study might skew the results
and make OLS estimates inconsistent, leading to endogeneity issues (Basdcle, 2008). To
reduce misspecification, | incorporated a broad set of control variables that account for
demographic structure, degree of freedom, economic inequality, tourism, weather
characteristics, hazardous health behaviors, and technology:

the median age of the population in 2020 (Ritchie and Roser, 2019a);

the share of the population who was female in 2020 (Ritchie and Roser, 2019b);*

the population density in 2020 (Ritchie et al. 2023);

the share of the population who lived in urban areas in 2020 (Ritchie et al. 2024);

the number of international tourist arrivals per capita in 2021 (Herre et al. 2023);?

the share of people who live with an income below 50% of the median in 2019

(World Bank Poverty and Inequality Platform, 2023);3

the electoral democracy index in 2020 (Herre et al. 2024);

the overall precipitation, expressed in millimeters (mm), in November 2021 (World

Bank, 2023a);

the average temperature in November 2021 (World Bank, 2023a);

the average long—term humidity over the 1990-2020 period (World Bank, 2023a);*

the average consumption of pure alcohol in liters per person aged 15 or older in 2015-

2018 (Ritchie and Roser, 2022);

¢ the share of the population who is obese, measured using the body mass index (BMI),
in 2016 (Ritchie and Roser, 2017);°

% the average share of the population aged 15 and older who smoked tobacco products

daily (or non—daily) in 2015-2020 (Ritchie and Roser, 2023);°
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! Data were extracted from Ritchie and Roser (2019b), with the exception of the Faroe Islands (Statbank, 2023).
2 Data were extracted from Herre et al. (2023), with the exception of Azerbaijan (Azerbaijan Tourism Board,
2022), Czech Republic (Czech Statistical Office, 2022), the Faroe Islands (Statistics Faroe Islands, 2023),
Ireland (OECD Tourism Statistics, 2023), Romania (Banila, 2022), and the Slovak Republic (OECD Tourism
Statistics, 2023).

3 Data were extracted from the World Bank Poverty and Inequality Platform (2023), with the exception of
Azerbaijan (ABC.AZ, 2022), and the Faroe Islands (Statistics Faroe Islands, 2021).

4 Data were extracted from the World Bank (2023), except for the Faroe Islands (Statbank, 2023).

5 Data were extracted from Ritchie and Roser (2017), except for the Faroe Islands (Hakun Leo, 2018).

6 Data were extraced from Ritchie and Roser (2023), except for the Faroe Islands (Frederiksen, 2018),
Montenegro (Mugosa et al. 2018), and North Macedonia (Hristovska Mijovic et al., 2020).
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% the average gross domestic expenditure on research and development (GERD) as a
percentage of GDP over the 2015-2020 period (UNESCO, 2023).’

Pearson's correlation coefficients obtained between the control variables also supported the
inclusion of all of them. In fact, the pairwise correlations between control variables were
always lower than the conventional cutoff of 0.7 proposed by Dorman et al. (2013), and only
in five cases out of 101 (i.e., the 4.95%) they were higher than the more restricted threshold
of 0.5 established by Donath et al. (2012) (Table Al, Appendix A). As a result, they are not
of particular concern.

The inclusion of a control variable for population aging was necessary since it is recognized
as one of the most prominent risk factors for COVID-19 mortality (Pijls et al. 2021; Centers
for Disease Control and Prevention, 2024). The literature has also established clear sex
differences in COVID-19 infection and outcomes. Although women are usually more likely
to become infected (Kuehn, 2021; Wu and Qian, 2022), males are at a higher risk of dying
from COVID-19 (Bauer et al. 2020; Jin et al. 2020; Nielsen et al. 2021; Geldsetzer, 2022).2
Population density may have a direct and indirect impact on COVID-19 outcomes. On the
one hand, overcrowding can increase the likelihood of people interacting with each other,
potentially accelerating the transmission of the virus. On the other hand, it can influence
national governments' containment and mitigation efforts, which may be more difficult to
implement in rural regions (Chang et al. 2022; Carozzi et al. 2024). Urbanization was
included as a control due to its relatively low association (0.12) with population density in the
study sample (Table A1, Appendix A).

Urban areas, in particular, are typically characterized by higher levels of economic
development, better access to healthcare resources, and better organization of public space
and services, all of which can help to facilitate the implementation and control of mitigation
measures such as lockdown and social distancing (Naudé and Nagler, 2022; Shao et al.
2022). However, more economic growth is also coupled with increased industrialization and
air pollution emissions, which can be harmful to human health (Shao et al. 2022).
Tourism can help spread the COVID-19 illness by increasing people's mobility and
concentration as a result of a larger intake of foreign tourists (Farzanegan et al. 2021; Chang
et al. 2022). Income inequality may be linked to higher COVID-19 death rates due to its
negative influence on social capital, investments, and access to critical healthcare services
(Wildman, 2021; Alam et al. 2023).

Countries' levels of democracy can have two opposing effects on COVID-19 outcomes. On
the one hand, more democratic states may take longer to deploy containment measures than
dictatorial regimes, allowing the illness to spread more rapidly. Countries with high levels of
democracy, on the other hand, are more likely to implement timely and effective health
measures that reduce the severity of COVID-19 (Karabulut et al. 2021; Sorsa and Kivikoski,
2023).

The research has also highlighted the importance of climatic conditions in explaining
COVID-19 mortality. Higher temperatures and humidity can directly reduce COVID-19
mortality (Sarkodie and Owusu, 2020; Wu et al. 2020; Crisstophi et al. 2021; Perone, 2021,

7 Data were extracted from UNESCO (2023), except for Albania (Government of Albania, 2014, p. 77), and the
Faroe Islands (Nordic Council of Ministers, 2017).

8 | chose to include female share of population over the male share since only the first variable was statistically
significant in the multivariate analysis.



Liang and Yauan, 2022). While rain can reduce viral transmission by promoting social
distance and preventing individuals from moving (Shenoy et al. 2021; Perone, 2022).
Comorbid diseases and high-risk behaviors are also important factors in COVID-19
mortality. Specifically, alcohol use disorder (Bailey et al. 2022), smoking behaviors, and
obesity prevalence (Khorrami et al. 2020; Mahamat-Salet et al. 2021) may have a significant
and positive impact on COVID-19 mortality.

Finally, innovations and technical equipment, such as ventilators and face mask manufacture,
can aid in combating the pandemic's negative effects (Bachmann and Frutos-Bencze, 2022).
In this way, GERD may be seen as a trustworthy indicator of domestic innovation success
(Omar, 2019). For explanatory variables, | have included the following public health-related
factors:

¢+ the number of pharmacists per 10,000 inhabitants in 2020 (or the latest data) (World
Health Organization, 2023);°

% the health personnel expressed by the total number of medical doctors, generalist
medical practitioners, and nurses per 1,000 inhabitants in 2020 (or the latest data)
(World Health Organization, 2023);°

% the average domestic general government health expenditure (GGHE-D) expressed in
international US dollars (PPP) per inhabitant, in the period 2015-2020 (World Health
Organization, 2023);*

% the average household out-of-pocket expenditure as a percentage of current health

expenditure, in the period 2015-2020 (World Health Organization, 2023);

the average UHC in the period 2015-2019 (UHC) (World Bank, 2023b);

the saturation of ordinary hospital beds over the period 21 November 20214

December 2021, calculated by dividing the number of hospitalized patients with mild

symptoms by the number of ordinary hospital beds (Mathieu et al. 2023);?

the saturation of ICU over the period 21 November 2021-4 December 2021,

calculated by dividing the number of patients hospitalized in ICU by the number of

ICU hospital beds (Mathieu et al. 2023);
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® Data were extracted from the World Health Organization (2023), except for the Faroe Islands (Statbank, 2023).
10 Data were extracted from the World Health Organization (2023), except for the Faroe Islands (Statbank,
2023).

11 Data were extracted from the World Health Organization (2023), except for the Faroe Islands (Statbank,
2023).

12 Data for total COVID-19 hospitalizations were extracted from Mathieu et al. (2023), except for the Faroe
Islands (The Government of the Faroe Islands, 2021), Georgia (Agenda.Ge, 2021), Germany (Robert Koch
Institute, 2023), and Moldova (United Nations Moldova, 2021). While data on the number of hospital beds per
100,000 inhabitants related to 2020 (or the latest) and were extracted from OECD/European Union (2022),
except for Albania, Armenia, Azerbaijan, Bosnia and Herzegovina, Georgia, Moldova, Russia, and Ukraine,
which came from Our World in Data (2023). Data for the Faroe Islands were gathered from the Faroese
Ministry of Health (2023).

13 Data on COVID-19 hospitalizations in ICU were extracted from Mathieu et al. (2023), with the exception of
the Faroe Islands (Landspitali University Hospital, 2022), Georgia (Agenda.Ge, 2021), Hungary (Cabinet Office
of the Prime Minister of Hungary, 2021), Latvia (National Health Service - Republic of Latvia, 2021), Lithuania
(Lietuvos Nacionalinis Radijas ir Televizija, 2021), and Norway (Government.no, 2021). Data on ICU beds per
100,000 inhabitants related to 2020 (or the latest) and were extracted from OECD (2021), except for Armenia
(bne IntelliNews, 2020), Bulgaria (OECD/European Observatory on Health Systems and Policies 2021), the
Faroe Islands (LandssjukrahUsié National Hospital, 2023), Georgia (Tarkhnishvili, 2020), Iceland (Fouda et al.,
2020), Malta (Farrugia, 2020), Montenegro (European Observatory on Health Systems and Policies 2020),
Slovakia (Bauer et al., 2020), Slovenia (Bauer et al., 2020), the UK (Ewbank et al., 2021), and Ukraine
(Shulzhenko, 2020).



++ the cumulative number of COVID-19 vaccination doses administered per 100 people
on November 21, 2021 (or closer data) (Mathieu et al. 2023);

% the cumulative number of people who received the full protocol of COVID-19
vaccination doses on November 21, 2021 (or closer data) (Mathieu et al. 2023);4

In particular, the key factors for healthcare were included one by time in the model to reduce
the variance inflation factor (VIF) and avoid misspecification issues. In fact, the pairwise
correlation between those variables was generally pretty high and greater than 0.7 in absolute
value in 50% of cases (Table A2, Appendix A). These values are commonly problematic and
can significantly distort the models' outcomes (Donath et al. 2012; Dorman et al. 2013).

As a dependent variable, I included the number of COVID-19 deaths per 100,000 people,
averaged throughout the period 21 November 2021-4 December 2021. This period was
chosen because, as shown in Figure 1, it reflected the greatest death rate caused by COVID-
19 at the worldwide level, after which a major portion of the world population (about 55%)
had full COVID-19 vaccination. As a result, these data should provide a more accurate and
trustworthy picture of the initial efficiency of the mass vaccination program in the sample. In
Table 1, | summarized the major descriptive data for the regressand and regressors.

Figure 1. COVID-19 mortality rate at the global level over the period 1 January 2021-1
January 2023.
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Table 1. Main descriptive statistics.

Variables N Mean St. dev. Min. Max.
COV-19 mortality 44 6.3658 5.398 0.1915 19.5055
Age 44 40.2068 3.4989 30.6 46.4
Female 44 51.0205 1.3371 48.03 53.91

14 Data were extracted from Mathieu et al. (2023), with the exception of Luxembourg (The Luxembourg
Government, 2021), and Switzerland (Jucker, 2022).



Pop. Density 44 148.2259 245.9009 3.64 1610.51

Urbanization 44 70.5639 14.0865 42.4 98.08
Democracy 44 0.7323 0.1975 0.19 0.91
Poverty 44 10.4261 3.8094 4.49 19.92
Tourism 44 698.3658 677.2403 22.5379 2620.846
Humidity 44 75.1654 4.7564 63.0481 82.929
Rainy 44 76.8839 50.6631 5.08 240.9
Temperature 44 5.71 5.1218 -12.53 18.37
Alcohol 44 10.1594 2.6663 2.085 14.35
Obesity 44 22.4614 3.1461 13 32.1
Smoking 44 28.1591 6.85 13.1 48.4
GERD 44 1.3562 0.9335 0.2036 3.3379
PHAR 43 7.9536 4.8088 0.337 20.269
HPER 43 13.5608 5.3328 5.2216 26.6846
HEXP 44 2314.2 1616.54 184.73 5825.99
OOP 43 27.8115 16.3285 9.4733 82.2583
UHC 42 76.3708 7.917 61.8486 87.1639
OB_S 33 0.0843 0.1316 0.0068 0.6129
ICU_S 30 1.008 2.993 0.0184 16.1306
VRdoses 44 119.9445 39.617 39.95 174.47
VRiuily 42 56.1759 18.5625 13.38 82.16

Notes: N, observations; St. dev., standard deviation; Min, minimum; Max, maximum.

4. Methodology
4.1 0LS

The primary purpose of this article was to look at the influence of the public health system
and COVID-19 vaccination rates on COVID-19 mortality in 44 European countries. First, |
employed a multivariate cross-section OLS regression with heteroscedasticity-robust standard
errors. The cross-sectional approach was used instead of the panel approach since
socioeconomic and healthcare explanatory variables often change slowly, and associated data
are only available once a year at most. Furthermore, the regressor and independent variables
were log-transformed to make the residuals' normality assumption more plausible and make
the findings easier to understand. The final benchmark equation was as follows [1]:

InCovidgeqin = InBy + INBLAGE; + InNS,FEM; + In3POD; + InB,URB; + InBsDEM; +
ln,Bf,POVl + lnﬁ7T0Ui + ln,B,gHUMi + lnﬁgRAINl + lnﬁloTEMPl + lnﬁllALCi +
Inf1,0BE; + Inf1,SMO; + Inf,,GERD; + Inf};3Health; + ¢;

[1]

Where Covid eq:r 1S the COVID-19 mortality rate, S, is the intercept, AGE represents the
median age of the population, FEM denotes the female population ratio, POD is the
population density, URB is the urbanization rate, DEM is the electoral democracy index,

POV denotes the relative poverty rate, TOU depicts international tourist arrivals, HUM is the
relative humidity, RAIN depicts the millimeters (mm) of rain, TEMP is the average



temperature,® ALC represents alcohol consumption, OBE is the obesity prevalence, SMO is
the smoking prevalence, GERD refers to the gross domestic expenditure on research and
development, Health specifies healthcare-related variables, and ¢; identicates the error term.
Specifically, the explanatory variables were included one by one to avoid multicollinearity
concerns, which might skew the results and render them incorrect (Kim, 2019).

4.2 Spatial regression models

The presence of spatial dependence in the data can significantly affect standard statistical
approaches, such as OLS estimates, leading to biased or inconsistent estimates, inaccurate
standard errors, and measures of fit (Anselin, 1988; Kolak and Anselin, 2020). The concept
of spatial dependence refers to the possibility that observations from one location are
influenced by observations from nearby locations (LeSage and Pace, 2009). In fact, according
to Tobler’s (1970) first law of geography, although all things are related among them, closer
things are definitively more related than distant things. Moreover, this is plausible
considering that the countries included in this analysis are spatially close as well as
economically, politically, and/or culturally interconnected. As a result, it is unlikely that
clinical outcomes of COVID-19 patients were unaffected by the movement of individuals,
which is often easier and faster among neighboring countries, requiring that spatial patterns
be taken into account.

The feasibility of using the spatial approach was assessed in two steps. To begin, | performed
a visual analysis of maps depicting the spatial distribution of COVID-19 mortality and rates
in European countries to determine whether there was a spatial association between the
neighboring nations. The global Moran's (1948) | statistic, which is a commonly used
measure of global spatial autocorrelation (Chen, 2013), was then computed for all the
dependent and independent variables included in this investigation. The spatial distribution of
the average COVID-19 mortality rate throughout the period 21 November 2021-4 December
2021 in Europe is shown in Figure 2. The Eastern European countries and Caucasian
countries clearly showed similar patterns and significantly higher COVID-19 mortality rates
than Western and Nordic European countries over the investigated period. Moreover, the
global Moran’s I index showed that the null hypothesis that the values of the features were
spatially uncorrelated was rejected at a 1% level of statistical significance both for regressand
and independent variables, except for relative poverty rate, tourism, and obesity prevalence
(Table 2). Thus, spatial autocorrelation existed in the sample. The positive sign of Moran’s I
index indicated that data were spatially clustered, that is that high or low values tended to
cluster together.

Based on the evaluation of the aforementioned metrics, SAR and spatial error model (SEM)
were employed. In particular, the parameter estimation of SAR and SEM models was done
using the generalized spatial two-stage least square (GS2SLS) estimator. This estimator was
chosen as a conservative approach because is generally consistent under heteroskedasticity
(Drukker et al., 2013). The SAR model equation was obtained by adding an endogenous
spatially lagged dependent variable to the basic linear regression equation [1]:

15 Because negative values exist within the data, a constant is added before performing the log-transformation.
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InCovidgeqen = InBy + INBLAGE; + InS,FEM; + In3POD; + InB,URB; + InBsDEM; +
InBePOV; + Inp,TOU; + InfgHUM; + InfoRAIN; + Inf31,TEMP; + In,;ALC; +
Inf1,0BE; + Inf1,SMO; + Inf,,GERD; + Inf;3Health; + pw; + ¢; [2]

The SEM model equation was obtained by adding a lagged error term to the basic linear
regression equation [1], which allowed to control for spatial autocorrelation in the error:

InCovidgeqen = InBy + INBLAGE; + InS,FEM; + Inf3POD; + InB,URB; + InfsDEM; +
InfePOV; + InB,TOU; + InfgHUM; + InBoRAIN; + Inf1,TEMP; + Inf{;ALC; +
InB,0BE; + InB,SMO; + Inf1,GERD; + In3Health; + Aw;u; + &; [3]

Where w; is a contiguity row normalized spatial-weighting matrix, p; is the spatially lagged
dependent variable, 4; is the spatial error term, and ¢; identifies the error term. The spatial
matrix is constructed by using the shapefile from Natural Earth (2009), in which the area of
each country is represented by polygons. Specifically, the contiguity matrix is chosen instead
of the inverse—distance matrix because the areas of polygons in the shapefile significantly
differ in size. In fact, the land area of European countries has a high degree of variability
ranging from 2,574.5 and 13,450 square kilometers of Luxembourg and Montenegro (World
Bank, 2024), respectively, to the 3,960,000 square kilometers of European Russia (Smirnova
et al., 2017). According to Anselin (2020), this can distort the distribution of the neighbor
cardinalities. Finally, row normalization in spatial weight matrix has been widely used in the
literature (Drukker et al. 2013), and it has the advantage of allowing the comparison of spatial
parameters gathered from different models (Perone, 2022).

Figure 2. Spatial distribution of the average COVID-19 mortality rate throughout the period
21 November 20214 December 2021.

COVID-19 mortality rate 1 |
0 10 20

£

. Con tecnologia Bing
.Y o © GeoMNames, Microsoft, Open Places, OpenStreetMap, TomTom

Notes: own elaboration on Mathieu et al. (2023). Russia was omitted from the chart for clarity reasons.
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Table 2. Results of Moran’s I for main variables.

Variables I E(I) Sd(l) Z p-value
Mortality rate 0.149 -0.023 0.028 6.162 0.000
Age 0.141 -0.023 0.027 6.003 0.000
Female 0.086 -0.023 0.028 3.937 0.000
Pop. Density 0.089 -0.023 0.027 4.129 0.000
Urbanization 0.097 -0.023 0.028 4.304 0.000
Democracy 0.083 -0.023 0.027 3.991 0.000
Poverty -0.002 -0.023 0.028 0.77 0.441
Tourism -0.006 -0.023 0.028 1.052 0.293
Humidity 0.172 -0.023 0.028 7.026 0.000
Rain 0.081 -0.023 0.027 3.881 0.000
Temperature 0.054 -0.023 0.027 2912 0.004
Alcohol 0.072 -0.023 0.025 3.733 0.000
Obesity -0.041 -0.023 0.027 -0.664 0.507
Smoking 0.116 -0.023 0.028 5.063 0.000
GERD 0.214 -0.023 0.028 8.473 0.000

Notes: I, Global Moran’s I; E(I); expected index value; Sd, standard deviation; Z, z-score.

4.3 Cluster analysis

The empirical study concluded with the use of Ward's (Ward, 1963) hierarchical
agglomerative clustering approach, which divided the sample into clusters with comparable
characteristics and risk variables for COVID-19 mortality rate. The cluster analysis was
carried out on variables that possess statistically significant coefficients in the OLS and SAR
estimations and allowed for adequate variation across clusters. The process included three
subsequent stages (Perone, 2021). First, the variables of interest were standardized to ensure
that variables of larger scales did not impact the cluster formation process. The variables
were standardized using the following formula:
X—p

z==— [4]
Where x denotes the observations of each variable from the original dataset, u is the
arithmetic mean obtained by averaging the observations of each variable, and o represents the
standard deviation of the latter. Second, I used the Euclidean distance as a clustering distance
metric. It allowed for the calculation of the shortest distance between two points. Specifically,
given two points X and Y in a d-dimensional Euclidean space, the Euclidean distance
between them was as follows:

I =¥l = [5G = 302 [5)

Third, I applied Ward’s (Ward, 1963) linkage algorithm with the squared Euclidean distance
metric (Strauss and Von Maltitz, 2017). Ward’s procedure is a variance method that seeks to
construct clusters minimizing the within-cluster variance at each merging of the pair of
clusters (Murtagh and Legendre, 2014). As a result, the merging cost formula between two
clusters, p and q, was given as follows:

Alp,q) = ZiEPEq”xi - monq”2 - ZiEp”xi - mp”Z - ZiEq”xi - quZ' [6]
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from which, it was obtained the final formula:

Npng

Alp,q) = ”mp - mq'lz’ [7]

np+nq

Where m; represents the center of cluster j, and n; denotes the total number of points

included in cluster j.

5. Results and discussion
5.1 OLS estimates

Table 3 (parts A and B) showed the OLS estimates for the COVID-19 mortality rate after
adding critical health-related factors one at a time. Specifically, in model 1, | showed the
regression with only the control variables, whereas models 2—-10 incorporated the explanatory
factors for healthcare. The overall F-test for joint statistical significance demonstrated that the
null hypothesis that none of the regressors were significant was always rejected at a statistical
significance level of 1% in all regressions. Thus, a significant relationship was shown
between the COVID-19 mortality rate and the identified vector of regressors. The VIF
calculated for each independent variable spanned from 1.26 to 4.72. Because the VIF was
strictly lower than the crucial threshold of 5, I inferred that the regressors were not
significantly correlated, and no major multicollinearity concerns were found in the estimates
(Menard, 2001; Hair et al., 2017). The Shapiro-Wilk's (1965) test demonstrated that the null
hypothesis that data were normally distributed, was always accepted. Similarly, Cameron and
Trivedi's (1990) decomposition of the Information Matrix (IM) test showed that the null
hypothesis that the error term's variance was constant was always accepted. Thus, both the
normality and homoscedasticity conditions were satisfied, indicating that OLS estimates
were consistent and unbiased. However, due to the sample's small size, | used the HC2
variance estimator as a conservative approach. It employs a robust small sample correction to
increase the precision and accuracy of standard errors (MacKinnon and White, 1985).
Furthermore, adjusted R? values ranged from 0.6 for model 3 to 0.81 for model 8, implying
that the OLS regression equations could explain 60% to 81% of the variance in COVID-19
mortality rates. Notably, including healthcare-related variables increased explanatory power
by up to 18% in absolute terms.

The COVID-19 mortality rate was both positively and significantly associated with the
following control variables: median age, female share, population density, tourism, humidity,
obesity prevalence, smoking prevalence, and GERD. On the other hand, urbanization and
temperature have a negative and significant relationship with COVID-19 mortality. Even
though it was negative, the electoral democracy index was only statistically significant at
10% in models 8-10. The positive impact of median age on COVID-19 mortality supported
the assumption that an older population was more likely to suffer from severe symptoms
(Sasson, 2021; Krause and Smolle, 2022; Sorensen et al. 2022; Isath et al. 2023)

The greater mortality rate in the female population contradicted previous literature (Jin et al.
2020; Nielsen et al. 2021; Geldsetzer, 2022). This conclusion may be bolstered by the fact
that the majority of studies conducted throughout the world found that women were more
likely to display hesitancy about COVID-19 vaccination than males (Agouridis et al. 2023;
Zintel et al. 2023). Urbanization and population density had opposing effects on COVID-19
morality. Increased population density raised the possibility of individuals interacting and
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transmitting the virus, resulting in higher COVID-19 mortality. This was similar to prior
findings (Bray et al., 2020; Chang et al., 2022; Perone, 2022).

Part of the literature, however, did not support the favorable impact of increased urbanization
on COVID-19 mortality (Viezzer and Biondi, 2021; Chang et al. 2022; Upadhyaya et al.
2022). The negative sign of the urbanization coefficient might be explained by the fact that
urbanized regions usually have better access to population health infrastructure and services
than rural areas (European Commission, 2019). The positive effect of tourism on COVID-19
mortality was consistent with the sign of the population density coefficient, highlighting the
fact that higher movement of people produced by a larger intake of visitors can promote viral
transmission among the population. Other studies, such as Farzanegan et al. (2021), Chang et
al. (2022), and Naudé and Nagler (2022), were in line with this finding.

The research has largely confirmed that higher temperatures protect against COVID-19
mortality (Perone, 2021 & 2022; Christophi et al. 2021; Liang and Yuan, 2022). The adverse
impact of humidity on COVID-19 mortality discovered in this work may be affected by the
fact that some studies identified a non-linear association between these variables (Chien and
Chen, 2020; Liang et al. 2022; Ismail et al. 2022). Obesity and smoking had a negative
influence on COVID-19 mortality, which was consistent with prior research (Khorrami et al.
2020; Tartof et al. 2020; Mahamat-Salet et al. 2021). The beneficial effect of GERD on
COVID-19 mortality showed that the country's degree of technical innovation played a role
in its ability to cope better with the COVID-19 epidemic.

In terms of explanatory healthcare-related variables, pharmacists, health personnel, healthcare
expenditure, UHC, and vaccination rates were all negatively and significantly correlated with
COVID-19 mortality, whereas ordinary and ICU hospital bed saturation was positively and
significantly associated with COVID-19 mortality. Interestingly, healthcare-related variables
were statistically significant at the 1% level, except for health personnel and ordinary
hospital bed saturation, which were statistically significant at the 5% level.

A 1% increase in pharmacists, health staff, and public health spending was correlated with a
decrease of 0.63%, 1.12%, and 0.85% in COVID-19 mortality rates, respectively. These
findings were consistent with the literature (Kapitsinis, 2020 & 2021; Alwhaibi et al. 2021;
Coccia, 2021; Perone, 2021; Epané et al. 2023) and highlighted that strengthening health
systems by allocating more financial resources to healthcare facilities and hiring enough
health workers can make them more resilient to face, absorb, and recover from unexpected
health shocks such as the COVID-19 pandemic. Interestingly, pharmacists appeared to play
an important supporting role in addressing the COVID-19 pandemic by ensuring a sufficient
supply of relevant medicines, collaborating with other healthcare personnel to provide patient
care, and educating the community about infection prevention and control (IPC) key practices
(Hess et al. 2020; Damdar, 2021). In addition, pharmacists were actively involved in
administering COVID-19 vaccines in various European countries (Turcu-Stiolica, 2021,
Costa et al. 2022).

The signs of the coefficients of UHC and OOP variables were consistent with the literature
(El-Khatib et al. 2020; Tekerek et al. 2024), emphasizing the importance of providing people
with timely and high-quality essential healthcare services that do not burden them
financially.®

A 1% increase in ordinary and ICU hospital bed saturation was positively and significantly

16 Although OOP was not significant in OLS estimates, it became statistically significant in the spatial analysis
(Section 5.2).
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associated with a 0.7% and 0.48% rise in COVID-19 mortality, respectively. This was
congruent with Perone (2021) and Epané et al. (2023). Thus, providing a sufficient number of
hospital beds for COVID-19 patients with mild and severe symptoms was critical for
properly controlling the pandemic.

In terms of vaccination policy, a 1% increase in the cumulative number of vaccination doses
delivered per 100 people, as well as the prevalence of fully vaccinated people, was associated
with a 1.53% and 1.43% drop in COVID-19 mortality rates, respectively. Several studies
(Jabtonska et al. 2021; Muthukrishnan et al. 2021; Arbel and Pliskin, 2022; Chen, 2023)
supported the beneficial effect of vaccination on COVID-19 outcomes. Thus, the mass
vaccination program was effective in combating the COVID-19 pandemic, at least as much as
other healthcare-related factors. In this view, interventions that promoted vaccination against
COVID-19 by enhancing people's vaccine rational understanding and knowledge
significantly contributed to lowering the detrimental impacts of these shocks while also
lessening the load on the healthcare system (Omer et al. 2021).

Table 3 (part A). Results from OLS estimator.

OLS 1) (2) 3) 4) (5)
Age 4.2701% 4.9141% 8.3820 4.2831%* 2.5514
(2.4191) (2.5556) (6.8816) (2.0897) (2.3811)
Female 8.2323 -2.3925 1.9454 1.0357 7.6309
(5.1991) (6.7976) (2.7151) (6.1951) (5.9512)
Pop. Density 0.4968*** 0.1042 0.4804***  0.4852%%* 0.5064**
(0.1780) (0.1405) (0.1704) (0.1544) (0.2029)
URB S2.6907F%%  -3.5342%*%  DBABORKEX D TT9ERF*  -3.7073%**
(0.8727) (1.0578) (0.8507) (0.7358) (0.8674)
Democracy -0.3019 -0.2395 -0.1616 0.0950 -0.2128
(0.4348) (0.4618) (0.4692) (0.4110) (0.4891)
Poverty -0.3278 -0.0567 -0.4149 -0.0148 -0.1608
(0.3004) (0.2711) (0.3512) (0.2602) (0.2997)
Tourism 0.1569 0.0669 0.0411 0.1506 0.1588
(0.0967) (0.1304) (0.1144) (0.1060) (0.1069)
Humidity 3.6021 7.0179** 3.8219 6.0397** 4.8619
(3.1759) (2.9654) (3.4293) (2.8294) (3.2245)
Rain -0.0591 -0.1850 0.0916 -0.0084 0.0093
(0.1788) (0.1945) (0.3019) (0.1772) (0.1802)
Temperature -0.1381%** -0.1193%%*  -0.1268***  -0.1241%***
(0.0393) (0.0416) (0.0324) (0.0440)
Alcohol -0.1819 -0.0400 0.2273 -0.0120 -0.2187
(0.4995) (0.4950) (0.5974) (0.4971) (0.5266)
Obesity 3.3771%%%  3.9758%**  2.0027***  3.5533%%* 3.3038**
(1.0407) (1.4084) (1.0503) (0.9494) (1.3869)
Smoking 1.4317** 1.6997*** 1.4161%* 1.2828** 1.5253%*
(0.6032) (0.5848) (0.6512) (0.5358) (0.6069)
GERD -0.5405%*
(0.2371)
PHAR -0.6339%**
(0.1934)
HPER -1.1152%*
(0.5288)
HEXP -0.8508%**
(0.2749)
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OOP 0.5408
(0.3789)
Constant -53.4269** -39.5139 -43.8856 -31.3396 -49.9945*
(24.7382) (26.2787) (27.7500) (26.3528) (24.8750)
Observations 44 43 43 44 43
F-test 18.48*** 9.51*** 20.35%** 18.4*** 13.93***
IM-test (P) 0.429 0.4282 0.4282 0.429 0.4282
Shapiro-W. (P) 0.9548 0.9817 0.7173 0.9753 0.9848
VIF 1.73-4.35 1.26-3.57 1.9-3.77 1.71-4.72 1.67-4.05
Adjusted R? 0.6277 0.6636 0.6064 0.6947 0.5963

Notes: p-value < 0.01***, p-value < 0.05**, p-value < 0.1*. Notes: p-value < 0.01***; p-value < 0.05**; p-
value < 0.1*. Robust standard errors in brackets. The OLS estimated were obtained by using the STATA
command “regress” (https://www.stata.com/manuals/rregress.pdf).

Table 3 (part B). Results from OLS estimator.

OLS (6) ) (8) 9) (10)
Age 3.8393** 5.4532* 6.0666** 4.2176** 3.9390**
(1.8529) (2.8655) (2.5803) (1.5454) (1.6955)
Female 4.8523 1.0060 8.5646 6.1144* 5.0187
(5.3259) (7.6468) (5.5000) (3.3913) (3.6739)
Pop. Density 0.5225*** 0.3987** 0.3989** 0.3905*** 0.3756***
(0.1459) (0.1762) (0.1401) (0.1316) (0.1317)
URB -2.0677** -2.1437%** -1.6231 -2.5276*** -2.5973***
(0.8217) (0.7413) (0.9441) (0.6746) (0.7166)
Democracy 0.2074 -0.4691 -2.7892* -0.5208* -0.5103*
(0.4296) (0.7370) (1.4310) (0.2577) (0.2835)
Poverty -0.1394 -0.0199 -0.2346 -0.1973 -0.1465
(0.2428) (0.4607) (0.3691) (0.2053) (0.2147)
Tourism 0.1028 0.1515 0.2038 0.1931** 0.1732*
(0.0757) (0.1887) (0.1771) (0.0830) (0.0945)
Humidity 2.1390 5.8477** 0.4781*** 5.3296*** 5.5403**
(2.8127) (2.7771) (2.7316) (1.9177) (2.0463)
Rain -0.1339 -0.1765 -0.2979 -0.0558 -0.0617
(0.1566) (0.2270) (0.2219) (0.1309) (0.1375)
Temperature -0.1263*** -0.0855* -0.0655 -0.0798*** -0.0742***
(0.0297) (0.0466) (0.0411) (0.0259) (0.0261)
Alcohol -0.2197 -0.6046 -0.2108 -0.2887 -0.0526
(0.4133) (0.7394) (0.5617) (0.3356) (0.3956)
Obesity 2.9616*** 2.7168** 1.7535* 3.5220*** 3.4737*+**
(1.0045) (0.9512) (0.9027) (0.7641) (0.8143)
Smoking 0.7012 0.7998 0.7877 1.0667** 1.1934**
(0.6803) (0.6222) (0.6758) (0.4910) (0.4998)
UHC -7.1078***
(2.4993)
OB_S 0.6991**
(0.2614)
ICU_S 0.4822%**
(0.1526)
VRdoses -1.5331***
(0.2155)
VRsuy -1.4554***
(0.2068)
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Constant -1.2873 -30.7476%  -91.0350***  -51.1308***  -49.1747**
(32.5864) (21.3248) (21.4940) (17.8008) (18.9461)

Observations 42 33 30 44 44
F-test 36.9*** 30.02*** 43.02%** 37.38*** 41.01%**
IM-test (P) 0.4274 0.418 0.414 0.429 0.429
Shapiro-W. (P) 0.9719 0.3856 0.8088 0.673 0.9735
VIF 1.62-4.31 1.66-3.62 1.52-4.01 1.68-3.63 1.68-3.68
Adjusted R? 0.6967 0.7556 0.8094 0.7641 0.7503

Notes: p-value < 0.01***, p-value < 0.05**, p-value < 0.1*. Notes: p-value < 0.01***; p-value < 0.05**; p-
value < 0.1*. Robust standard errors in brackets. The OLS estimated were obtained by using the STATA
command “regress” (https://www.stata.com/manuals/rregress.pdf).

5.2 Robustness checks: spatial analysis

As a robustness check, | explored SAR and SEM models fitted with the GS2SLS estimator.
Tables 7 and 8 (parts A and B) showed the results. The spatial models fitted the data quite
well since their pseudo-R? was significantly higher than 0.2 (McFadden, 1977, p. 35).
Pseudo-R? varied from 0.69 to 0.93 for SAR specifications and from 0.71 to 0.86 in SEM
specifications. Furthermore, the Wald test rejected the null hypothesis that regressor
coefficients were equal to zero, indicating a significant link between the COVID-19 mortality
rate and the independent factors. Thus, spatial models were unaffected by relevant
misspecification concerns.

The results showed that the spatially lagged dependent variable (p) was always positive and
statistically significant at the 1% level of significance (except for model 7), with spatial
autoregressive parameters ranging from 0.4 to 0.8 (Table 6). While the spatially lagged error
term (A) was positive and statistically significant in models 1, 3, and 5, but negative and not
statistically significant in the other models (Table 7). The positive value of p implied a strong
positive spatial dependence across European countries. Thus, observed COVID-19 mortality
rates were not randomly distributed but were impacted by country proximity. This can be
explained by the fact that people interact with each other spreading the infection, as well they
may cross borders more easily than distant countries. This was especially true during the
COVID-19 waves, which resulted in draconian travel restrictions that severely limited global
movement. The statistical insignificance of p showed that no significant explanatory factors
with spatial patterns were omitted from the model (Rittenauer, 2022). The inclusion of
healthcare factors and vaccination rates raised the pseudo-R? from 0.74 to 0.93, validating the
worth of the empirical analysis.

The SAR and SEM models mostly confirmed the results obtained using the OLS estimator,
except for OOP expenditure, which became statistically significant at the 5% level. In fact,
the signs and statistical significance of the control and explanatory variables were unchanged,
demonstrating the robustness of the results (Table 8).

Table 4 (part A). Results from SAR models.

SAR 1) (2) 3) 4) ()

Spatial lag (p) 0.6281%%*  0.7400%**  0.6454***  (.5253*** 0.797%**
(0.1231) (0.1324) (0.1219) (0.1109) (0.1475)

Age 2.0811 2.3376 0.5755 2.3109 0.7772
(1.7293) (1.6252) (1.9410) (1.4316) (1.4904)
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Female 5.6537 -2.2547 6.3870 1.4284 4.4014
(4.5359) (4.8550) (5.2762) (4.7990) (4.4789)
Pop. Density 0.3221*** 0.0862 0.3021** 0.3412%** 0.3271***
(0.1211) (0.0832) (0.1280) (0.1139) (0.1124)
URB -1.4306** -1.5810* -1.7685*** -1.7288*** -1.4951**
(0.6257) (0.8251) (0.6230) (0.5857) (0.6470)
Democracy 0.1860 0.3798 0.1988 0.3674 0.4285
(0.2705) (0.2674) (0.3018) (0.2793) (0.2785)
Poverty -0.1277 0.0125 -0.0980 0.0584 -0.0256
(0.2156) (0.1870) (0.2649) (0.1973) (0.2083)
Tourism 0.0568 -0.0363 0.0162 0.0657 0.0151
(0.0727) (0.0792) (0.0696) (0.0706) (0.0746)
Humidity 1.3248 1.5626 1.5179 3.3212* 0.4541
(2.0458) (1.8702) (2.0744) (1.8909) (2.1443)
Rain 0.0093 -0.0553 0.0272 0.0389 0.0619
(0.1364) (0.1236) (0.2194) (0.1183) (0.1210)
Temperature -0.0839*** -0.0673** -0.0834*** -0.0743***
(0.0291) (0.0289) (0.0259) (0.0268)
Alcohol 0.2096 0.5615* 0.3957 0.2712 0.4440
(0.3024) (0.2881) (0.3453) (0.2776) (0.3413)
Obesity 1.8286*** 2.7989*** 1.5787** 2.1819*** 2.2846%***
(0.6520) (0.9063) (0.6901) (0.6153) (0.7211)
Smoking 0.8733* 0.8645** 0.8983* 0.8696* 0.6148
(0.5004) (0.3902) (0.4841) (0.4742) (0.4612)
GERD -0.3616**
(0.1673)
PHAR -0.4778***
(0.1380)
HPER -0.4216
(0.3971)
HEXP -0.5755***
(0.2060)
OOP 0.5128**
(0.2133)
Constant -30.7641 -11.3678 -27.7319 -19.8342 -21.1353
(19.5827) (17.4069) (19.7006) (20.3819) (21.0001)
Observations 44 43 43 44 43
Wald test 26.04*** 31.32%** 28.03*** 22.45%*** 29.21***
Pseudo- R? 0.7578 0.7588 0.7198 0.8175 0.6917

Notes: p-value < 0.01***, p-value < 0.05**, p-value < 0.1*. Notes: p-value < 0.01***; p-value < 0.05**; p-value < 0.1*.
Standard errors in brackets. The SAR models were estimated by using the STATA command

(https://www.stata.com/manuals/spspxtregress.pdf).

Table 4 (part B). Results from SAR models.

SAR (4) ®) (6) () 8
Spatial lag (p) 0.5634%** 0.2251 0.4002%%*  0.3989%**  0.4497%**
(0.1533) (0.2334) (0.137) (0.136) (0.1292)
Age 1.7724 4.8096%*%  52521***  2.7358%* 2.4159%*
(1.4247) (2.2015) (1.8622) (1.1471) (1.1829)
Female 4.9369 -1.5285 2.4886 5.1773 4.0441
(4.2869) (5.5828) (4.6949) (3.2895) (3.4539)
Pop. Density 0.3697%%*  0.3260%**  0.2773***  0.3044%**  0.2804%**
(0.1102) (0.1226) (0.0948) (0.1063) (0.0997)
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URB -0.9529 -2.0279*** -1.0467* -1.7913*** -1.7275%**
(0.6486) (0.5407) (0.5830) (0.6051) (0.6103)
Democracy 0.4264 -0.1537 -1.9953*** -0.1628 -0.1110
(0.3113) (0.5696) (0.6604) (0.2049) (0.2013)
Poverty -0.0631 -0.0004 -0.3661 -0.0968 -0.0465
(0.2056) (0.3156) (0.2572) (0.1759) (0.1737)
Tourism -0.0004 0.0917 0.0240 0.1182* 0.0965
(0.0727) (0.1710) (0.1519) (0.0688) (0.0633)
Humidity -0.3792 4.5404* 5.5419*** 3.4432** 3.4194**
(2.2693) (2.6598) (1.7276) (1.6804) (1.6040)
Rain -0.0264 -0.1341 -0.1480 -0.0082 -0.0102
(0.1227) (0.1707) (0.1535) (0.1063) (0.1086)
Temperature -0.0815*** -0.0700** -0.0400 -0.0584*** -0.0509**
(0.0271) (0.0352) (0.0254) (0.0215) (0.0202)
Alcohol 0.3122 -0.4645 0.0849 -0.0059 0.1982
(0.3236) (0.5887) (0.4125) (0.2572) (0.2458)
Obesity 2.0970%** 2.6708%** 1.8248*** 2.4874%** 2.3353%**
(0.6620) (0.7412) (0.7080) (0.6262) (0.5919)
Smoking 0.3949 0.6858 0.4531 0.8061* 0.8548*
(0.5386) (0.5197) (0.4253) (0.4576) (0.4664)
UHC -4.6177**
(2.0055)
OB_S 0.5825**
(0.2648)
ICU S 0.3990***
(0.1106)
VRaoses -1.1559***
(0.2055)
V Ry -1.0912***
(0.1789)
Constant -0.9384 -23.7521 -51.1534** -37.5989** -34.1264**
(24.3353) (23.7716) (21.2336) (16.0571) (16.2137)
Observations 42 33 30 44 44
Wald test 13.5%** 0.93 8.54*** 8.61*** 12.11%**
Pseudo-R? 0.7995 0.8696 0.9267 0.8622 0.8591

Notes: p-value < 0.01***, p-value < 0.05**, p-value < 0.1*. Notes: p-value < 0.01***; p-value < 0.05**; p-value < 0.1*.
Standard errors in brackets. The SAR models were estimated by using the STATA command “spxtregress”

(https://www.stata.com/manuals/spspxtregress.pdf).

Table 5 (part A). Results from SEM models.

SEM @) 2) 3) 4 ®)
Spatial error (\)  0.4597** 0.2796 0.4015** 0.4424 0.6122%**
(0.2008) (0.2283) (0.1836) (0.302) (0.2147)
Age 3.9634%* 4.6524%% 1.9382 3.9375%* 2.7357
(1.9943) (2.0558) (2.1954) (1.6914) (1.8137)
Female 9.6452%* -1.2948 10.2665* 2.6049 8.5893*
(4.3993) (5.9455) (5.6900) (4.9206) (4.7182)
Pop. Density 0.4341%** 0.1101 0.4421%**  0.4283%**  (0.4367***
(0.1410) (0.1176) (0.1384) (0.1313) (0.1539)
URB S2.7219%%%  36050%F*  -2.0234%** D 83BEFRF  -3.7092%k*
(0.7650) (0.9275) (0.7227) (0.6808) (0.7994)
Democracy -0.1273 -0.1709 -0.0413 0.1873 0.0600
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(0.2930) (0.3359) (0.3327) (0.2681) (0.2916)
Poverty -0.2702 -0.0371 -0.3845 0.0195 -0.1186
(0.2229) (0.1973) (0.2645) (0.2058) (0.2229)
Tourism 0.0974 0.0338 0.0163 0.1094 0.0954
(0.0746) (0.0987) (0.0837) (0.0849) (0.0785)
Humidity 3.0783 6.3563*** 3.7610 5.3189** 4.0868*
(2.5299) (2.3942) (2.6200) (2.1442) (2.4227)
Rain 0.0087 -0.1389 0.1306 0.0370 0.0598
(0.1345) (0.1506) (0.2392) (0.1334) (0.1359)
Temperature -0.1262*** -0.1089*** -0.1189*** -0.1186***
(0.0283) (0.0305) (0.0245) (0.0300)
Alcohol 0.0545 0.1007 0.3816 0.1157 0.0214
(0.3595) (0.3640) (0.4036) (0.3338) (0.3686)
Obesity 3.3132*** 4.0439*** 2.9454%** 3.5348*** 3.6696***
(0.8799) (1.1990) (0.8402) (0.7945) (1.2013)
Smoking 1.1829** 1.4709*** 1.2143** 1.1329** 1.1195**
(0.5078) (0.4845) (0.5352) (0.4653) (0.4880)
GERD -0.4935***
(0.1753)
PHAR -0.6003***
(0.1555)
HPER -1.0123**
(0.4174)
HEXP -0.7873***
(0.2016)
OOP 0.5695**
(0.2774)
Constant -55.9655%** -39.5941* -51.7588** -33.6578 -51.3811**
(20.9427) (22.7903) (22.7215) (21.6097) (20.7793)
Observations 44 43 43 44 43
Wald test 5.24%* 1.5 4.78** 2.15 8.13***
Pseudo-R? 0.7374 0.7648 0.7279 0.7893 0.7103

Notes: p-value < 0.01***, p-value < 0.05**, p-value < 0.1*. Notes: p-value < 0.01***; p-value < 0.05**; p-value < 0.1*.
Standard errors in brackets. The SEM models were estimated by using the STATA command “spxtregress”
(https://www.stata.com/manuals/spspxtregress.pdf).

Table 5 (part B). Results from SEM models.

SEM (4) ®) (6) () (8
Spatial error (L) 0.3407 -0.0842 -0.3932 -0.0559 0.0534
(0.2773) (0.2283) (0.2895) (0.2486) (0.2486)
Age 3.7377%* 5.2860%*  B.7476%**  4.2584%**  3.0466%**
(1.5733) (2.1022) (1.8599) (1.3084) (1.4236)
Female 5.6792 1.9877 9.5776%**  6.0505%* 5.0223
(4.2614) (5.6147) (3.3181) (2.8665) (3.1543)
Pop. Density 0.4875%%*  04165%**  0.3710%%*  0.3993***  (0.3771***
(0.1185) (0.1298) (0.0928) (0.1115) (0.1122)
URB -2.0830%**  -1.8750%**  -1.3950%*  -2.4863%** -2 5872%k
(0.6931) (0.5340) (0.6149) (0.5728) (0.6195)
Democracy 0.2491 -0.6114 S2.6731%%*%  05ABTFF*  -0.5152%*
(0.2780) (0.4810) (0.7524) (0.2079) (0.2268)
Poverty -0.1357 -0.0943 -0.2593 -0.2078 -0.1485
(0.1962) (0.3414) (0.2633) (0.1693) (0.1736)
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Tourism 0.0804 0.1564 0.2961** 0.2044*** 0.1752**
(0.0634) (0.2427) (0.1254) (0.0691) (0.0753)
Humidity 1.7182 6.1930*** 11.0017*** 5.5044%*** 5.5675***
(2.2526) (1.9408) (1.9133) (1.5327) (1.6172)
Rain -0.1027 -0.1738 -0.3776*** -0.0655 -0.0636
(0.1241) (0.1549) (0.1399) (0.1107) (0.1136)
Temperature -0.1231%** -0.0862** -0.0547** -0.0808*** -0.0744***
(0.0222) (0.0345) (0.0279) (0.0220) (0.0216)
Alcohol -0.0983 -0.5963 -0.3364 -0.3221 -0.0580
(0.3051) (0.5463) (0.4147) (0.2626) (0.2913)
Obesity 2.9605*** 2.3272*** 1.6116** 3.5106*** 3.4671***
(0.8336) (0.6894) (0.6868) (0.6243) (0.6666)
Smoking 0.6402 0.9044** 0.8798** 1.0953*** 1.2003***
(0.5568) (0.4457) (0.4339) (0.4179) (0.4338)
UHC -6.7658***
(1.9260)
OB S 0.7045***
(0.2045)
ICU_S 0.5418***
(0.1006)
VRdoses -1.5618***
(0.1751)
VRiuny -1.4604***
(0.1626)
Constant -4.0064 -44.6799***  -105.79***  -51.7513***  -49.3340***
(25.9504) (15.5541) (14.6325) (14.9284) (15.8165)
Observations 42 33 30 44 44
Wald test 151 0.14 1.84 0.05 0.05
Pseudo-R? 0.7977 0.8371 0.8607 0.8407 0.8316

Notes: p-value < 0.01***, p-value < 0.05**, p-value < 0.1*. Notes: p-value < 0.01***; p-value < 0.05**; p-value < 0.1*.
Standard errors in brackets. The SEM models were estimated by using the STATA command “spxtregress”
(https://www.stata.com/manuals/spspxtregress.pdf).

5.3 Hierarchical cluster analysis

Ward's (1963) minimum-variance method was used to perform hierarchical cluster analysis.
Figure 3 displayed the distance matrix calculated using Euclidean distance as a dissimilarity
metric. In Figure 4, |1 showed the dendrogram, which is a tree-like figure that represents the
groups created by applying Ward's hierarchical approach to the aforementioned distance
matrix. Specifically, each branch of the dendrogram terminated in nodes from which smaller
branches emerged, ultimately collapsing in the leaves, which were the nations. The height
(y-axis) represented the cophenetic distance at which clusters coalesced into a single branch.
The variables included in the cluster analysis were Covid-19 mortality, females, urbanization,
humidity, temperature, smoking, and vaccination rate (doses per 100 people). They
were chosen because they proved to be statistically significant in the cross-sectional analysis
(Section 4) and allowed for significant variation between clusters.

Regarding healthcare-related factors, |1 only chose the vaccination rate because the high
pairwise correlation between healthcare features could distort the clustering procedure by
giving too much weight to the highly correlated attributes. Moreover, vaccination against
COVID-19 was the most interesting parameter because mass vaccination has been from 2021
the leading strategy in fighting the pandemic across the world (Agrawal et al. 2023).
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I used the "NbClust" package developed by Charrad et al. (2014) in the R environment to
figure out the appropriate number of clusters to divide the dendrogram into. The findings
showed that five indices advocated two clusters, 12 indices favored three clusters, one index
favored five clusters, one index picked seven clusters, and eight indices favored 15 clusters
(Table B1, Appendix B). Thus, the majority rule selected three clusters as the ideal partition
size. Cutting the dendrogram at an estimated height of 8.5 revealed three homogeneous
groups of nations with progressively increased risk factors for COVID-19 mortality (Figure
4).

Cluster 1 (green-colored) highlighted nations with lower risk-factors, most of which were in
Nordic Europe. They had an average COVID-19 mortality rate of 1.67%, a vaccination rate
of 154.85, a female share of 49.93, an urbanization rate of 89.89, a humidity of 79.84, a
temperature of 4.14, and a smoking rate of 20.82. Cluster 3 (red-colored) highlighted nations
with higher risk-factors, the majority of which were in Eastern Europe and the South
Caucasus. They had an average COVID-19 mortality rate of 12.46%, a vaccination rate of
81.93, a female share of 52.45, an urbanization rate of 62.69, a humidity of 74.48, a
temperature of 4.05, and a smoking rate of 31.86 percent. Cluster 2 (blue-colored) lied in the
middle and contained nations with medium-risk factors, primarily from Western Europe,
Southern Europe, and the Balkans.’

Moreover, Cluster 1 had a vaccination rate of 72.92 and 25.74 doses per 100 inhabitants
higher than Cluster 3 and Cluster 2. Whereas Cluster 1 had a COVID-19 mortality rate (in
absolute value) lower than Clusters 3 and 2 by 10.79% and 2.77%, respectively.

Furthermore, Cluster 1 had a greater vaccination rate than Cluster 3 of 72.95 doses per 100
inhabitants, in the face of a COVID-19 mortality rate that was less than 10.79% of Cluster 3
(in absolute terms).

Several factors might be given to support these findings. The Nordic nations' healthcare
system is built on three pillars: a universal public healthcare system, quick access to
quality healthcare services, and advanced therapies (Einhorn, 2019). While Central and
Eastern European countries struggle to deliver universal, egalitarian, and high-quality
healthcare. There is insufficient integration between the health and social care sectors, a
scarcity of medical personnel, and patients having limited access to newly authorized drugs
(Kurpas et al. 2021; Kyriakides, 2023). The post-communist welfare state in these nations has
been distinguished by progressive healthcare system decentralization and market-oriented
health care reforms (Forster et al., 2018).

For example, in 2019, the Nordic countries had an average UHC of 85.54% of the population,
whereas CEEC countries had an average UHC of 72.28%, more than 13% lower (World
Bank, 2022). In comparison, CEEC countries had an average OOP spending of 28.34%, over
twice that of Nordic countries (14.88%) (World Health Organization, 2023).
In other words, CEEC countries impose a far higher burden of healthcare spending on
families and households than Nordic countries, which might have serious consequences for
access to essential healthcare services. In this sense, the groups found using cluster analysis
appear to also have similar healthcare systems.

7 The three increasing risk clusters for COVID-19 mortality were mapped in Figure 5.
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Figure 3. Distance matrix obtained using Euclidean distance.
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Notes: the distance matrix was obtained using the package “factoextra” in the R environment (Kassambara and
Mundt, 2020).

Figure 4. Dendrogram obtained using Ward’s hierarchical clustering method.
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Figure 5. Map of the three increasing risk clusters for COVID-19 mortality in Europe.
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Notes: Russia was omitted from the chart for clarity reasons.

Table 6. Clusters of countries with increasing risk-factors for COVID-19 mortality.

Cluster 1 (red) Cluster 2 (blue) Cluster 3 (green)
Low risk Medium risk High risk
Mortality rate 1.67 4.44 12.46
Female 49.93 50.57 52.45
Urbanization 89.89 66.41 62.69
Humidity 79.84 73.31 74.48
Temperature 4,14 7.66 4.049
Smoking 20.82 29.23 31.86
Vaccination (doses) 154.85 129.11 81.93

6. Conclusions

The main objective of this article was to look at the link between a wide range of healthcare-
related variables and COVID-19 mortality rates in 44 European and Caucasian countries. The
cross-sectional linear regression and spatial analysis revealed that, while pharmacists, health
personnel, health expenditure, and COVID-19 vaccination rates were all negatively
associated with COVID-19 mortality rates, saturation of ordinary and ICU hospital beds was
positively associated with COVID-19 mortality rates. The cluster analysis revealed that the
sample had three homogeneous clusters with higher risk factors for COVID-19 mortality.
European Nordic nations exhibited much-reduced risk factors compared to CEEC and South
Caucasian countries, showing the existence of a strong spatial pattern for healthcare factors
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and COVID-19 mortality in Europe. Overall, the results were consistent and robust across
several alternative model specifications.

However, considerable disparities were found among the nations studied. In particular, the
findings indicate that large-scale reforms to the healthcare system in post-communist
nations have harmed their ability to respond to acute shocks as well as their effective
coordination. This was especially important during the COVID-19 pandemic, as the public
healthcare system and institutions were primarily responsible for managing the outbreak, as
well as planning and coordinating the COVID-19 mass vaccination campaign.

As a result, shifting from a decentralized and health insurance-based healthcare system to a
more centralized healthcare system may enable the aforementioned nations to better deal with
exogenous shocks like as the COVID-19 epidemic. Interestingly, the strategic pillars of the
COVID-19 response would also benefit from community pharmacists' active participation in
controlling the pandemic and administering the vaccine procedure. Finally, prioritizing
investments in public health resources and services can considerably reduce the negative
health effects of COVID-19 while also preparing the national response to future akin public
health emergencies.
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DEM  -0.1581 05 0.1215  0.2578 1
POV 0.1036 0.2189 0.0457 0.1181 0.0023 1
TOUR  -0.328 01463 0.1017 0.2062 0.3595 0.1521 1
HUM  -02019 0.1757 -0.1435 0.2372 0.4485 -0.3235 0.0162 1
RAIN  -0.3292 02017 -0.1271 0.0914 0.1 0.246 05367 0.1704 1
TEMP  -0.1732 -0.0058 0.6715 -0.0903 0.0598 0.1293 0.3544 -0.4316 0.0689 1
ALC 02519 0.6723 0.0018 0.1392 05068 -0.0741 0.0749 0.4053 -0.0633 -0.1632 1
OBES  0.2588 -0.0191 0.1409 04825 -0.1674 0.2947 0.0434 -0.2262 -0.0545 0.1591  0.0023 1
SMOK  0.3657 0.1734 0.0496 -0.4201 -0.2577 0.372 -0.0551 -0.5419 -0.0826 0.2505 -0.0282 0.0702 1
GERD -0.1931 04709 00031 058  0.4954 -0.0611 0.1696 0.4693 0.0749 -0.3086 0.3868 0.0801 -0.3838 1

Notes: Correlations higher than 0.5 (in absolute value) were made bold. Before carrying on correlations, the
variables were log-transformed.

Table A2. Pairwise correlations matrix between explanatory variables.

PHARM HPER HEXP OOP UHC VRdoses VRiuily OB_S ICUs_S
PHAR 1
HPER 0.3919 1
HEXP 0.5819 0.7089 1
OOP -0.4386  -0.5628 -0.8578 1
UHC 0.4822 0.6885 0.8851  -0.7515 1
VRiose 0.6417 0.5302 0.7835 -0.6051  0.8119 1
VRiuny 0.6947 0.5442 0.8097 -0.6393  0.7915 0.9766 1
OB_S -0.5787  -0.5806 -0.8175 0.499 -0.8023 -0.7928 -0.7967 1
ICUs_S -0.625 -0.4306 -0.7116 0.4659 -0.6276 -0.7394 -0.7718 0.7728 1

Notes: Correlations higher than 0.7 (in absolute value) were made bold. Before carrying on correlations, the
variables were log-transformed.
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Appendix B

Table B1. The optimal number of clusters obtained using the “NbClust” package.

Index Index Index Index Index Index
KL CH Hartigan CcC Scott Marriot
Value 1.936 16.46 5.166 1.229 63.61 3775308944
Clusters (N) 3 3 3 15 3 3
TrCovW TraceW Friedman Rubin Cindex DB
Value 963.5 24.53 9.675 -0.0879 0.3871 0.8894
Clusters (N) 3 3 15 3 2 15
Silhouette Duda PseudoT?2 Beale Ratkowsky Ball
Value 0.3025 0.6932 12.39 1.711 0.3756 53
Clusters (N) 15 2 2 3 3 3
PtBiserial Gap McClain Gamma Gplus Tau
Value 0.5078 -0.4624 0.6043 0.9298 1.818 1225
Clusters (N) 5 2 2 15 15 3
Dunn SDindex SDbw
Value 0.446 1.29 0.1607
Clusters (N) 15 7 15
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