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Abstract

The spread and severity of COVID-19 within the European regions have been highly
heterogeneous, with significant differences in both the number of infected persons
and mortality across regions. This paper improves the weak ability of welfare vari-
ables, such as the HDI, to explain COVID-19 mortality. We propose a novel ‘Epide-
miological Risk Index’, including environmental quality, global interaction, health
system infrastructure, and population characteristics, which provides a better expla-
nation of pandemic mortality in European regions. We deal with spatial interde-
pendence in COVID-19 mortality by using spatial lagged covariates and Geographi-
cal Weighted Regressions. The findings in this study call attention to the influence
of epidemiological factors in addition to purely development factors in explaining
the severity of COVID-19.

JEL Classification 115 -130-R10

1 Introduction

The irruption of the COVID-19 pandemic has not only shown up human and social
vulnerabilities but has also revealed the limited capacity of national and interna-
tional authorities to effectively control the spread of a virus across the world. The
consequences of the epidemic have reached all countries, affecting economic activi-
ties, modifying social patterns and people’s interactions, in addition to having seri-
ous impacts on life and health.
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As new data about the severity of the virus propagation and mortality have
become available, an asymmetric impact on countries and regions across the world
has been identified, suggesting that geography plays a significant role in the reper-
cussions of COVID-19. Some recent studies investigate territorial aspects of the
pandemic, such as cross-country comparisons of mortality (Bilinski and Emanuel
2020; Sornette et al. 2020), the identification of the relationship between mortal-
ity and socio-economic variables (Pacheco-Barrios et al. 2020; Arbel et al. 2021),
or the impact that testing practices have on number of deceases by country (Liang
et al. 2020; Marziali et al. 2021). Therefore, delving into the underlying factors that
explain the regional mortality, particularly that of the initial (and unexpected) wave,
is of utmost importance to learn how to fight against possible new epidemics and
how to preserve human lives.

This paper, which uses COVID-19 mortality data for 252 EU regions from Euro-
stat,! makes four main contributions to the existing literature. First, it identifies some
of the main factors behind the regional mortality in Europe during the first wave of
COVID-19.2 These factors are associated with local socio-economic and sanitary
characteristics that play a role in explaining the extent of coronavirus mortality and
that have to be measured at a more spatial disaggregated level such as regions, in
view that national and international heterogeneities may blur the way in which these
factors operate (e.g. through social interactions). Second, it proposes a synthetic Epi-
demiological Risk Index (ERI) to analyse COVID-19 based on the existing under-
lying factors. Synthetic indicators help structure the information of the individual
factors in an orderly and reasonable way, obtaining aggregate measures that allow
a territorial arrangement. These have already been used to analyse, for instance,
COVID-19 and tourism vulnerability (Duro et al. 2021), and to measure the rela-
tive capacity of economies to achieve sustainable growth through global trade and
investment (as suggested by the Hinrich Foundation).> Third, the proposed frame-
work is used to clarify the role of the starting conditions in each European region
and illustrate how such conditions drove local regional mortality across Europe dur-
ing the first wave of the pandemic. And fourth, we control spatial interdependence
across EU regions by using spatial lagged covariates in a count data model and a
Geographical Weighted Regression (GWR). In particular, the empirical analysis
contrasts regional mortality with a multi-dimensional set of territorial characteristics
(i.e. welfare level, social structure, sanitary infrastructure, and economic structure)
of each region. These multiple factors are integrated into two indexes, namely the

! Eurostat provides data for all regions used in our dataset, except for those of Slovenia and Ireland, for
which data were obtained from their national statistical offices.

2 At this point, it is necessary to keep in mind that the different waves of the pandemic have had different
characteristics in relation to their spread, severity and mortality. Our analysis must therefore be consid-
ered in relation to the earliest stage of the pandemic.

3 Sustainable Trade Index (STI), by Hinrich Foundation: https://www.hinrichfoundation.com/research/
project/sustainable-trade-index/?utm_campaign=HTEC%20Revamp&utm_medium=email&_hsmi=
235097111& _hsenc=p2ANqtz-9sSXysqluaHLSyF1wIHIBg6logl6C5PgBFFECn_ozBzFOMMSffR2gX
2u4dSNaD1hil8unRcSmSIpS6YPbP3nRFjinlhdTHBNWzvHWKiFOPc7QMZx0&utm_content=23509
7111&utm_source=hs_email.
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traditional Human Development Index (HDI) and our proposal of the Epidemiologi-
cal Risk Index (ERI), to capture regional specificities that ultimately help to deter-
mine the pandemic severity.

The research approach uses the HDI to synthesize the level of socio-economic
development and the welfare standards in each region following earlier contributions
by other researchers. This composite measurement, firstly proposed by the United
Nations Development Program in 1990 (UNDP 1990), is useful in making cross-
country (or cross-regional) comparisons. An advantage of the HDI is the extension
of the development measurement to other variables than income (gross domestic
product), as it includes three dimensions: knowledge, health, and income. From
its first calculation in 1990, the United Nations has annually published the inter-
national ranking of the Index in its Human Development Report, illustrating huge
disparities across countries. Indeed, the simple and multi-dimensional structure of
the HDI offers a useful measure for comparatively evaluating human development.
The Index is also available for comparing territorial units (such as regions or smaller
areas) other than countries—the only restriction being information availability for
the required variables.

In this paper, the analysis of COVID-19 mortality starts with a regional cal-
culation of the HDI for the European NUTS-II, similar to that done recently. For
instance, Liu et al. (2020) observed an (unexpected) positive correlation between the
HDI and the risk of infections and COVID-19 deaths in Italy during the first wave
of the pandemic. By adopting an international perspective, Shahbazi and Khazaei
(2020) obtained a direct significant correlation between the incidence and mortality
rate of COVID-19 and HDI at the global level. Martins et al. (2020) provided com-
parable results, but they consider not only the relation among the socio-economic
conditions (i.e. the HDI index) with the daily COVID-19 cases during the first
wave in the tropical and subtropical Brazilian states, but also atmospheric variables
and other control variables. Other papers such us Marziali et al. (2021), Troumbis
(2021), and Prasetyo et al. (2023) also focus on HDI, and although they found some
relationship (sometimes only correlations) between HDI and COVID-19 deaths, it
is reasonable to suspect that this is only part of the story in view of limitations of
the extreme simplicity of HDI (Faiz 2020). In this regard, Rath (2021) questions the
traditional definition of the HDI in the context of the coronavirus pandemic and pro-
poses including some additional elements to capture sub-dimensional development
indicators in the Index structure.

Over time, some weaknesses of the HDI have been identified that may limit
its ability to reflect development levels across the world, since it heavily empha-
sizes economic aspects, which leads to the prioritization of economic growth at
the expense of other dimensions of well-being. In particular, the literature has pro-
posed modifications in the Index definition, which include the way of aggregating
the three constituent components (Sagar and Najam 1998), the way of defining the
components and the structure (Noorbakhsh 1998), or the inclusion of sustainabil-
ity issues (Neumayer 2001). Analogously, the HDI has shown a limited ability to
explain the consequences of the COVID-19 pandemic in view of puzzling results
(Faiz, 2000). Although the HDI is useful to summarize human development and
social welfare into a single numerical value, it shows little potential to explain the
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underlying factors that determine the severity of the pandemic. Indeed, the (devel-
opment focused) HDI fails to include important aspects related to health and social
performances such as sanitary, social, epidemiologic, and environmental risks. To
overcome previous limitations, we propose the calculation of an Epidemiological
Risk Index (ERI) that includes the following relevant areas of a sanitary emergency:
(i) environmental quality, (ii) propagation issues, (iii) health system infrastructure,
and (iv) population characteristics.

In comparison to the HDI, the proposed new index is more suitable for explain-
ing mortality in the European regions as it includes dimensions affecting COVID-19
mortality that are not being covered by HDI, especially those concerning interna-
tional exchanges implying social interactions by individuals of different geographi-
cal areas. Consequently, the ERI provides new insights about the pandemic mor-
tality and its causes across the European regions and highlights determinant issues
to consider in epidemiological and sanitary policies. In particular, and contrary to
a generally accepted aprioristic idea, the socio-economic development level has
hardly explained the mortality during the first wave in the European regions, as we
show in our econometric analysis. To explain the determining factors behind mortal-
ity one must, therefore, consider variables other than purely development-focused
indicators. These variables consist of the population characteristics, the health sys-
tem dimension, international regional connections, and environmental quality. These
epidemiological-related variables have ultimately determined the risk of the pan-
demic and its mortality consequences in the European regions. Therefore, the out-
comes in this paper show a novel approach to conducting spatial analyses of the
pandemic since the proposed index not only includes specific factors shaping the
epidemiological risk of regions but it also provides a synthetic measurement for that
risk that is simple, direct, and easily understandable by policymakers and citizens.*

As there has been a clear spatial clusterisation of this phenomenon, any empiri-
cal analysis of COVID-19 determinants must take into account important regional
differences in terms of COVID-19 mortality. To do this, we use firstly a count data
model that includes spatial lagged variables and, secondly, we estimate a Geographi-
cally Weighted Regression (GWR).

The remainder of the paper is organized as follows: Sect. 2 explains the meth-
odology used for the calculation of the ERI and the other covariates and describes
the econometric specification. Section 3 reviews empirical literature about COVID-
19 mortality and discusses validity of HDI and ERI. Section 4 discusses the main
results. Finally, Sect. 5 summarizes the main findings and policy implications.

* The main reason for using an index (either HDI or ERI) is to simplify analyses by focusing on a single
indicator which can illustrate several dimensions related to the development levels of European regions.
This is reasonable from a research point of view, but it is even more reasonable from a policy perspec-
tive, where diagnosis and solutions should be simple, direct, and easily understandable by policymakers
and citizens.
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2 Research approach
2.1 The dependent variable

The COVID-19 mortality in European regions during the year 2020 is analysed at
NUTS-II level for 252 regions, which is the standard territorial level in this kind of
analysis.> However, one should note that measuring COVID-19 mortality is not an
easy task as there are no reliable and homogeneous sources for all EU countries,
there is no consensus among researchers (i.e. there are several approaches that have
been considered by scholars) and there have been important asymmetries in the reg-
istration methods for COVID-19 deaths, especially during the first wave of the pan-
demic, as some countries allocated deaths not to COVID-19 but to specific diseases
triggered by it.® In this regard, as for the measure of mortality, one line of research
considers raw deaths, as Ehlert (2021) in Germany, Bilinski and Emanuel (2020) in
the US; other authors focus on excess deaths, which are attributed to COVID-19,
as Bilinski and Emanuel (2020) in the US; other use data on relative deaths (e.g.
number of deaths per million inhabitants), as Sornette et al. (2020) using worldwide
data and Kapitsinis (2020) in EU regions; and others focus on data from confirmed
COVID-19 deaths, as Pachecho-Barrios et al. (2020) using worldwide data and
Florida and Mellander (2022) in Sweden.

According to these strategies and data availability, there are some proxies to
COVID-19 that might be used for research purposes, such as the excess mortality
in 2020 relative to previous years or the total number of deaths in 2020 relative to
population. In line with similar papers dealing with socio-economic determinants
of COVID-19 mortality (e.g. Rodriguez-Pose and Burlina, 2021), we have chosen
excess deaths in 2020, and we have proxied it as the ratio between the difference of
deaths in 2020 minus the average deaths in 2015-2019 over the average deaths in
2015-2019. This ratio is our dependent variable (Mortality). We sourced data for
mortality in 2020 from Eurostat, (except for Slovenia and Ireland, for which it came
from their respective national statistical offices). For all countries in our dataset,
Eurostat also provided the data for average mortality during the period 2015-2019.
Although using the “extra” deaths in 2020 has some potential problems as (i) not all
additional deaths have been caused by COVID-197 and (ii) in 2020 there was also a
reduction in “normal” mortality due to lockdown policies in all countries, we con-
sider that our measure proxies COVID-19 mortality in a reasonable way.

5 Data for Germany are at NUTS-I level as mortality data were not available at NUTS-II level.

6 This is a common issue in all the comparisons of the first waves of COVID-19 since the qualification
of dead due to the pandemic was different among countries. Although the differences related to data
compilation, the comparative analyses such as the one we propose here provide useful insights about the
early dynamics of the pandemic (Middelburg and Rosendaal 2021).

7 Because of increased patient numbers in hospitals and health institutions during the peaks of the pan-
demic, the stress on health infrastructures has generated excess deaths. Examples of these situations are
the emergency department crowding, delays in treatments, poorer outcomes, and ambulance diversion
(French et al. 2021).
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If we analyse spatial distribution of Mortality (see Fig. 1), it is easy to identify
that it is not randomly distributed across European regions but, on the contrary,
there are some areas where mortality figures are considerably higher than in pre-
vious years, such as regions like Lombardy (Northern Italy) and Madrid (Central
Spain). In terms of spatial autocorrelation, Fig. 2 shows Moran’s I (Moran 1948) for
Mortality and suggests the existence of a slight positive spatial autocorrelation (i.e.
values of Moran’s I range from — 1 (dispersion) to 1 (autocorrelation), whilst values
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Fig.3 Local Spatial autocorrelation (LISA) of excess deaths in 2020 (related to the period 2015-2019).
Source: Calculated by the authors

close to 0 indicate a random and non-spatial distribution), although only slightly so
for the whole distribution of regions.®

Additionally, we investigated whether spatial autocorrelation corresponds to
a general or a local phenomenon. In this sense, Fig. 3 corroborates findings from
Fig. 1 and shows that there are two clusters of high-high spatial autocorrelation: one
in the areas comprising Northern Italy and South—East France, and the other in Cen-
tral Spain, while there are several low-low clusters in areas that include all Danish,
Swedish and Finnish regions, and most Greek ones.

2.2 Econometric strategy
We estimate the excess mortality in a region as a function of the local specific char-
acteristics described in next section:

Y, = pX; + PWX; + ¢, ey

where ¥; is the dependent variable (extra mortality in 2020 in region i), X; is a matrix
containing all independent variables plus an intercept, WX; includes the spatially
weighted average of neighbouring regions of some independent variables, and ¢ is

8 A W-matrix of five nearest neighbors was used for spatial autocorrelation calculations. Additionally, an
alternative W-matrix (i.e. ten nearest neighbors and inverse distance) was also used as a robustness check
(without relevant changes in results).
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the error term. The fact that all variables (both dependent and independent) have
some degree of spatial dependence renders the standard estimation methods inap-
propriate, since the assumption of non-dependence between cross-sectional observa-
tions is presumably not satisfied. Therefore, one needs spatial econometric meth-
ods and models to tackle these specifically spatial issues. This is one of the paper’s
most significant contributions because most articles dealing with COVID-19 deter-
minants have neglected such spatial econometric issues.” Since we have shown the
existence of several spatial dependence processes in previous sections, we explore
different econometric strategies to control them. Starting from a standard count data
(CD) model to which we add some spatial lagged variables, we then complete this
analysis by using a Geographical Weighted Regression (GWR).

The CD family is quite large and, among the most used are, on one side, the Pois-
son (P), the Negative Binomial (NB) models and, on the other, the Zero Inflated
Poisson (ZIP) and the Zero Inflated Negative Binomial (ZINB) models. Although
Poisson models are the most popular specification of CDM, they suffer from two key
limitations, as they assume that the mean and the variance are equal (this assump-
tion is often violated, causing overdispersion), and they can manage phenomena in
which the count variable includes some zeroes (the zero problem), but not when this
number is excessive. As for the first issue, we explore whether there is overdisper-
sion following the approach by Favero et al. (2020) and we control for this potential
limitation using robust errors. For the second issue, there is no zero inflation, since
all values of the dependent variable are positive.

Geographically Weighted Regression (GWR), first implemented by Fothering-
ham et al. (2002), allows spatial heterogeneity and is specially recommended when
using a large number of heterogeneous spatial units, such as EU regions. GWR esti-
mates separate regression coefficients for each observation, rather than just looking
at the mean, as in OLS methods. This procedure allows one to highlight whether the
same covariates may have quite different effects on the dependent variable depend-
ing on the observation, given that close areas have stronger effects than distant
ones.'” Regression parameters in a GWR approach have the following structure:

= (X"WX)"'X"W,y )

where ﬂAl is the vector of parameter estimates for region i, W, is the diagonal weights
matrix for region i, X is the matrix of the covariates, and Y is the vector of the
dependent variables.

As the volume of results is quite large, and as output includes separate f coef-
ficients and R? for each observation, typically one presents GWR coefficients using
maps rather than tables. Similar applications of GWR on spatial factors influencing

® Among the few exceptions tackling spatial issues, we may mention Cutrini and Salvati (2021),
Gonzalez-Val and Sanz-Gracia (2021) and Nasiri et al. (2021).

10 GWR are not the only procedures to deal with OLS limitations. Some authors use Quantile Regres-
sions (QR) as an alternative approach as they allow for different conditional distributions to be analysed
instead of only the mean (Koenker and Bassett 1978), although QR focuses only on a limited number of
quantiles (usually 0.25, 0.50, 0.75 and 0.90).
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COVID-19 include analyses for Wuhan in China (Xu et al., 2022), Tehran in Iran
(Lak et al. 2021; Nasiri et al. 2021) and Oman (Mansour et al. 2021).

3 Regional characteristics explaining excess mortality

There are several approaches that have been considered by scholars when dealing
with the measure of urban/regional determinants with statistical significance on
mortality. Among them we may highlight health and socio-economic determinants,
such as elderly population (Florida and Mellander 2022; Buja et al. 2020; Ehlert
2021; Kapitsinis 2020; Sornette et al. 2020); population density and socio-economic
characteristics (Florida and Mellander 2022; Arbel et al. 2021; Ehlert 2021; Mar-
ziali et al. 2021; McCann et al. 2021; Hantrais and Letablier 2021; Kapitsinis 2020);
pollution (McCann et al. 2021; Kapitsinis 2020); infection tests and government
measures such as quarantines or lockdowns (Hantrais and Letablier, 2021; Kapit-
sinis 2020; Liang et al. 2020); mobility (McCann et al. 2021) and public transport
(Buja et al., 2020); employment (Buja et al., 2020); education (Florida and Mel-
lander 2022); social interaction (Buja et al., 2020; Kapitsinis 2020; Kuebart and Sta-
bler 2020); healthcare infrastructure such us physicians, nursing homes, childcare
and hospital beds (Florida and Mellander 2022; Ehlert 2021; Kosfeld et al. 2021;
McCann et al. 2021; Hantrais and Letablier, 2020; Kapitsinis 2020); migration
movements (Florida and Mellander 2022; Ehlert 2021); regional institutional factors
(McCann et al. 2021; Rodriguez-Pose and Burlina 2021); and agglomeration (Srid-
har 2023; McCann et al. 2021; Kapitsinis 2020), among main factors. Unfortunately,
these approaches usually lack a systematic strategy in terms of a broad view of what
influences COVID-19 mortality and focus only in partial dimensions.

Since the epidemiologic consequences, such as the number of infections and the
number of deaths, depend on aspects beyond the development-focused indicators,
additional dimensions are required to complete the wide spectrum of issues influ-
encing the pandemic spread and the pandemic severity. Accordingly, departing from
recent literature targeting on HDI as one relevant determinant of COVID-19 mortal-
ity, in this paper we contribute by extending that index into a completer and more
appropriated one, the Epidemiological Risk Index (ERI).

3.1 The human development index (HDI)

The annual Human Development Reports of the United Nations Development Pro-
gram (UNDP 1990) first proposed the HDI in 1990 and it constituted a step forward
in the measurement of development across the world. Given its simplicity and com-
parability, the Index became a useful statistical instrument for international welfare
analyses and is extensively used to rank countries according to their development
levels.

The HDI is a statistical indicator that, apart from income, contains a more com-
prehensive measure of human development. Specifically, the HDI combines infor-
mation related to three dimensions of social development: life expectancy, education,
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and income per capita. For each dimension, the essential part is captured using a
suitable variable able to cover the wide spectrum of the corresponding dimension.
The value for each individual part is computed on a scale between 0 and 1, where 0
corresponds to the minimum value and 1 corresponds to the maximum value.

For each region (i = 1, ...,252), life expectancy is calculated as the number of
years of life expectancy at birth. The Life Expectancy Index (LEIL) contrasts the life
expectancy value (LE;) with the assumed maximum (85) and minimum (20) value-
s'las follows:

LE; — minimum LE _ LE-20

LEIL = - — = .
maximum LE — minimum LE 85 -20

1

3)

The education index for i (EL) is calculated as the mean expected years of school-
ing (ES;) and the mean years of schooling (MS;,), in the following manner:

EL — 1 ES; N 1 MS; _1(E§ + MS;
17 2\ maximum ES 2 \ maximum MS / ~ 2\ 18 15 @

where the maximum values for ES; and MS; are assumed to be 18 and 15, respec-
tively, and the minimum values are set equal to 0.
Finally, the Income Index (IL;) is calculated as:

In (GDPpc)i — In (minimum GDP) In (GDPpC)i — In (100)
II, =

' In (maximum GDP) — In (minimum GDP) - In (75, 000) — In (100)’

)
being GDPpc; the Gross Domestic Product per capita, whose minimum and maxi-
mum values are 100 and 75,000, respectively, and being In the natural logarithm.

The arithmetic mean of the three indexes (Egs. (3), (4), and (5)) gives the HDI of
i (HDI):

HDI, = — (LEL + EL + 1), (6)

W | =

which ranges between O (lowest value) and 1 (highest value). The larger (lower) the
value of HDI,, the larger (lower) the development achievement of the corresponding
economy.

Figure 4 shows that the HDI is inhomogeneous across European regions. The
highest levels are in Scandinavia, Finland, some regions of France, Belgium, the
Netherlands, and most of Ireland, while lower levels are found in Estonia, Romania,
Bulgaria, Portugal, and some German regions.

1 We take these concrete values from 2010 (UNDP 2010).
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Fig. 4 Human Development Index (2018). Source: Calculated by the authors

3.2 The Epidemiological Risk Index (ERI)

In view of the limitations of the HDI in explaining the pandemic consequences
pointed out by the literature (e.g. Liu et al. 2020), in this paper we propose an
alternative measure to evaluate the role of socio-economic characteristics of EU
regions over COVID-19 mortality. The proposed new ERI allows us to cover
the essence of a sanitary crisis and its consequences, since it includes relevant
aspects of the sanitary emergency not captured by the HDI. We define a compos-
ite indicator that includes the environmental dimension, the regional interactions
with foreign countries, the health system infrastructure, and population charac-
teristics. All these aspects appear relevant for explaining the consequences of the
COVID-19, and particularly in determining why some regions suffered greater
mortality than others.

Each relevant dimension included in the ERI is computed as the average of the
counterpart elements, and the maximum and minimum values used to obtain indi-
vidual indexes are determined according to the maximum and minimum values
observed in the database. Specifically, the individual elements in the new Index are
obtained through the following calculation:

In(x;) — In (minimum xi)

Index; =

)

In (maximum x;) — In (minimum x,)’

where x; refers to the various indicators used to capture the dimension included.
For each region i, the ERI is calculated as the average mean of the four dimensions
included, in the form:
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ERL = i(EIi + GI; + HI, + PL), 8)

the elements in Eq. 8 being equal to: (i) the environmental index (EIL), including
pollutant emissions'?; (ii) the global interaction index (GI;), including the maritime
transport of passengers, the air transport of passengers and the arrivals at tourist
accommodation establishments'?; (iii) the health system index (HI;), including the
number of beds in hospitals per inhabitant, the number of doctors per inhabitant and
the number of employees in the health and social activity sector in relation to the
total population; and (iv) the population characteristics index (PL;), that includes the
median population age'* and the rate of population at risk of poverty. Overall, the
ERI includes most of significant determinants of COVID-19 mortality identified by
empirical literature, and adds some of them not covered by HDI concerning environ-
mental issues and interactions across countries. '’

Figure 5 shows the results of the ERI calculation. Not surprisingly, since the new
Index focuses on the specifical epidemiological factors of territories, it produces dif-
ferent patterns than the ones from the HDI. Particularly, the spatial distribution of
the ERI indicates higher risk levels for Southern and Eastern regions and lower lev-
els for British and Irish regions and some Central and Northern regions.

3.3 Other independent (Control) variables

In addition to the HDI and the ERI, we have computed other variables to control for
some regional characteristics that may, potentially, influence mortality rates. These
variables have a geographical dimension, a demographic dimension, a social and
educational dimension, and an economic dimension.

Concretely, we include a dummy which measures insularity (ISLAND), as we
assume that spatial isolation may prevent coronavirus transmission and, conse-
quently, it may reduce mortality (Chiesa et al. 2021). Demography is captured by
a variable controlling for total population of the region (POP) as recent empirical
evidence indicates a positive relationship between size (e.g. number of inhabitants)
and the spread of the disease (Arauzo-Carod et al. 2021) and number of inhabitants
aged over 85 years old (AGE), as ageing is a clear determinant of COVID mortality
(Sasson 2021). Recent education and training (TRAIN) cover the social dimension,
as there is empirical evidence showing a positive relationship between educational

12 We obtain the regional emissions from Navqi (2021), which provides four gases (CO2, PM10, N20
and NH3) for the European NUTS-II regions in 2015.

13 Total arrival of visitors (VISIT) controls for international interactions that could help to spread the
virus (Wells et al. 2020).

14 As for the mean age of the population, it has been demonstrated that elderly people are more vulner-
able to coronavirus and, therefore, have a higher mortality risk (Le Couteur et al. 2020), although mortal-
ity rates by age changed considerable between 1st and 2nd waves of 2020 (Arauzo-Carod et al. 2021) and
there are noticeable differences depending on the size of public health systems (Cifuentes-Faura 2021).

15 There is empirical evidence demonstrating the direct effects over COVID-19 mortality caused by air
connectivity (Florida and Mellander 2022) and globalization of the economy (Hesse and Rafferty 2020;
Kapitsinis 2020).
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Legend

Coefficient

I 0,297 - 0,379
[ 0,379-0,444
[10,444-0,501
[10,501-0,564
[ 0,564 -0,632
I 0,632-0,752

Jve Vs

Fig.5 Epidemiological Risk Index (2019). Source: Calculated by the authors

levels and the availability of tools to prevent infection and mortality due to COVID-
19 (Alobuia et al. 2020). Finally, the economic dimension is captured by the unem-
ployment rate but, to avoid correlation with the GDP, we preferred the spatial lag
(W_UNEM) to the variable measured in the same region (additionally, using this
measure we capture the existence of unemployment situations in areas larger than
single regions). This economic dimension is necessary although the results to be
expected are uncertain for two reasons. On one hand, lower unemployment levels
may proxy higher income (see Arauzo-Carod et al. 2021, for the case of Barcelona)
and, therefore, less exposure to coronavirus (Baena-Diez et al. 2020; Burstrom and
Tao 2020). However, on the other hand, lower unemployment levels also suggest
less social interaction and, consequently, less exposure to coronavirus (Chiesa et al.
2021). Finally, in addition to the HDI, we compute its spatially lagged version (W_
HDI), to take into control social development, not only in each region, but also in
neighbouring ones.

4 Empirical results
The excess mortality caused by COVID-19 is explained in terms of the effects of
covariates belonging to several dimensions (geographical, demographic, social and

economic). In this sense, the baseline estimation shown in Table 1 follows a par-
simonious strategy in which we depart from a simple estimation including only a
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Table 1 Baseline estimation (current HDI)

Model 1 Model 2 Model 3 Model 4 Model 5 Model 6
HDI 0.304 —2.161 —0.540 —0.551 —0.806 —0.628
(—2.657) (—1.612) (—1.753) (—1.749) (—1.776) (—1.833)
AGE 0.000%%*%* 0.000%%** 0.000%%*%* 0.000%** 0.000%**
(0.000) (0.000) (0.000) (0.000) (0.000)
POP 0.000 0.000 0.000 0.000 0.000
(0.000) (0.000) (0.000) (0.000) (0.000)
TRAIN —0.034 —0.040%* —0.0427%* —0.043%:*
(0.018) (0.018) (0.019) (0.019)
ISLAND —0.152 —0.188 —0.195
(0.201) (0.199) (0.200)
W_UNEMP —0.035%* —0.038%%*
(0.016) (0.017)
W_HDI —-1.735
(—1.620)
Const 7.183%%* 9.046%%%* 7.917%%* 7.973%%* 8.424 %% 9.817%%%*
-2.325 —1.403 —1.470 —1.471 -1.539 —-1.759
Country effects YES YES YES YES YES YES
Obs 252 252 252 252 252 252
Pseudo R2 0.312 0.708 0.714 0.715 0.719 0.720

Robust standard errors are in parenthesis. With country fixed effects
#kkp <0.01, *#p <0.05, *p<0.1

few covariates by adding additional covariates for each model.'® As our variable of
interest is the HDI, its effects are explored in all the estimations, although in none
of them the coefficient is significant, which implies that, at least according to cur-
rent definition of HDI, this indicator does not have a demonstrable effect in terms
of lowering or increasing mortality linked to COVID-19. That suggests the need for
alternative measures of human welfare.

Apart from the HDI, the dimensions that have the strongest effects on COVID-19
mortality (both in a positive and a negative way) are the economic, the geograph-
ical, the social and, to some extent, the demographic. As for the economic ones,
the spatial lag of unemployment (W_UNEM) reduces mortality, which suggests
not only the clusterisation of both high and low unemployment rates, but also that
lagged regions with high unemployment levels have lower social interaction that
may reduce the spread of the pandemic. Similarly, being an island has no significant
effect on mortality, which is quite surprising as one might expect geographical iso-
lation to inhibit disease outbreaks. As for the demographic dimension, population
(POP) has no significant effects (as in Rodriguez-Pose and Burlina, 2021) and age-
ing (AGE) is a clear booster of COVID mortality, which is logical from a medical

16 We use country fixed effects in all estimations.

@ Springer



Defining an ‘Epidemiological Risk Index’to analyse COVID-19...

Table 2 Extended estimation (ERI)

Model 1 Model 2 Model 3 Model 4 Model 5 Model 6
ERI 4.088%** 1.033 1.243 1.271 1.639%%* 1.597*
(0.855) (0.815) (0.783) (0.790) (0.831) (0.847)
AGE 0.000%** 0.000%%*%* 0.000%%*%* 0.000%%** 0.000%**
(0.000) (0.000) (0.000) (0.000) (0.000)
POP 0.000 0.000 0.000 0.000%* 0.000%*
(0.000) (0.000) (0.000) (0.000) (0.000)
TRAIN —0.039%* —0.046%#* —0.052%%#:* —0.0527%#*
(0.016) (0.017) (0.018) (0.018)
ISLAND -0.172 -0.221 -0.226
(0.214) (0.207) (0.207)
W_UNEMP —0.045%#%* —0.048%**
(0.017) (0.017)
W_HDI —1.209
(—1.588)
Const 5.481%#%* 6.680%** 6.892%#7#* 6.936%#* 7.081%#%* 8. 173
(0.427) (0.404) 0.412) (0.401) (0.389) (—1.606)
Country effects YES YES YES YES YES YES
Obs 252 252 252 252 252 252
Pseudo R2 0.419 0.709 0.720 0.721 0.728 0.729

Robust standard errors are in parenthesis. With country fixed effects
#kkp <0.01, *#p <0.05, *p<0.1

point of view and has been largely demonstrated by previous empirical literature
(see, for instance, Sasson 2021 and Le Couteur et al. 2020), especially during the
early stages of COVID-19 outbreak (Arauzo-Carod et al. 2021). Finally, train-
ing inside the labour market (TRAIN) reduces mortality, which is reasonable if we
assume that continuous training provides individuals with additional tools to protect
themselves from the pandemic.

In any case, the results in Table 1 support our initial assumption regarding lack
of suitability of the current HDI to precisely capture the influence that development
standards have on mortality (at least according to the way these are traditionally
measured), in line with the suggestions of Rath (2021) and Faiz (2020).!” Accord-
ingly, we have re-estimated the same model but using the proposed ERI indicator
instead of the traditional HDI (see Table 2).

It is noteworthy that our results are robust to the introduction of the ERI (all
covariates keep similar effects and significance levels) and it, contrary to the HDI,
has a positive and significant effect on mortality in half of the models (although cau-
tion is required in view of one of the estimations only being significant only at the
10% level). Overall, this implies that our proposed measurement of epidemiological

17 Similarly, the spatial lag of HDI (W_HDI) has no significant effects on mortality.
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Table 3 Extended estimation (HDI and ERI)

Model 1 Model 2 Model 3 Model 4 Model 5 Model 6
ERI 4.087%** 1.021 1.235 1.263 1.624%* 1.588%*
(0.854) (0.805) (0.791) (0.798) (0.832) (0.847)
HDI 0.454 —2.092 —0.211 -0.224 —0.486 —0.388
(—2.706) (—1.624) (—1.733) (—1.723) (- 1.713) (—1.753)
AGE 0.0007%* 0.0007%:** 0.000%* 0.0007%** 0.0007%**
(0.000) (0.000) (0.000) (0.000) (0.000)
POP 0.000 0.000 0.000 0.000* 0.000%*
(0.000) (0.000) (0.000) (0.000) (0.000)
TRAIN —0.038%#* —0.045%* —0.050%%** —0.051##*
(0.018) (0.019) (0.019) (0.019)
ISLAND -0.172 -0.223 -0.227
0.214) (0.207) (0.207)
W_UNEMP —0.046%** —0.048%##*
(0.017) (0.018)
W_HDI —1.154
—1.643
Const 5.086* 8.493 sk 7.069%%* 7.125%%% 7.491 %% 8.450%#*
(—2.605) (—1.539) (—1.562) (—1.552) (—1.553) (—1.948)
Country effects YES YES YES YES YES YES
Obs 252 252 252 252 252 252
Pseudo R2 0.419 0.712 0.720 0.721 0.729 0.729

Robust standard errors are in parenthesis. With country fixed effects
#kkp <0.01, *#p <0.05, *p<0.1

risk allows us to explain increases in mortality of the European regions due to
COVID-19 in a manner that is clearly better than when using the HDL'® This is a
key result that suggests the non-relevance of a general indicator such as HDI when
dealing with the determinants of the COVID-19 pandemic and the necessity of alter-
native (i.e. more specific) measures such as the ERI.

To explore whether there is any simultaneous effect when analysing the role of
both indicators, Table 3 includes both HDI and ERL!® In this case, the results are
unchanged for both our covariates of interest and for the control variables, indicating
their robustness. In this sense, income, education, and life expectancy do not pro-
vide appropriate insights for understanding why some areas suffer differently from
the mortality arising from the pandemic. Accordingly, societal, health and envi-
ronmental indicators as those provided by the dimensions included in the ERI (i.e.

'8 Tt is important to note that, according to the definition of ERI, higher levels of this index are associ-
ated with higher expected mortality, since ERI measures an epidemiological risk (but not, as opposed to
HDI, a development level).

19" As for the significance of the coefficients, the same caution applies.
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Fig. 6 GWR results of Human Development Index. Source: Calculated by the authors

environment, transport, health system and population characteristics) are better pre-
dictors of that phenomenon and, then, should be introduced in standard analyses.20
Despite the previous econometric results, we wish to analyse whether the lack
of significance of HDI is a common feature of the EU regions considered, or
whether there are some noticeable spatial asymmetries.?! This is shown in Fig. 6,
which contains GWR results for the HDI, both in terms of their coefficient (in
colours) and significance (in stripes). Concretely, a higher influence of HDI over
the COVID-19 mortality appears in the Southern regions, especially at the Ibe-
rian Peninsula and Central and Northern Italy, and significant effects of HDI over
mortality also concentrate in the same area (as well as in Slovenia, some Austrian

20 We have carried out a regression specification error test (RESET) for the baseline estimation (with
HDI), the alternative estimation (with ERI) and the extended estimation (with HDI and ERI), according
to the parsimonious strategy we follow. RESET’s results are inconclusive, as some tests suggest that the
model is specified and others suggest that the model is mis-specified, but going deeper into the details
and comparing results for the different estimations and tests, whilst for the first one (with HDI) a slight
majority of the tests suggest the model is mis-specified, for the last one (with HDI and ERI) the results
suggest not rejecting the null hypothesis that the model is specified. Overall, this outcome corroborates
our intuitions about lack of validity of the first model using only the HDI and supports our strategy of
adding the ERI.

2! In this sense, GWR analyses undertaken for more spatially disaggregated areas indicate this heteroge-
neous pattern in terms of COVID-19 determinants (see, among others, Xu et al. 2021; Lak et al. 2021,
and Nasiri et al. 2021), supporting the use of this econometric method.
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Fig.7 GWR results of Epidemiological Risk Index. Source: Calculated by the authors

regions, Ireland, Scotland and Western England and Wales). Overall, stronger,
and significant effects concentrate in the Iberian Peninsula, suggesting the exist-
ence of some social and lifestyle specificities that are captured by the HDI indica-
tor (e.g. typologies of social interaction) and have real effects in terms of mortal-
ity. Nevertheless, if we consider the full range of EU regions, we must conclude
that the HDI is not a powerful predictor of such COVID-19 related mortality, so
alternative measures are needed.

As for the ERI results, the index is significant in most of previous econometric
specifications (see Tables 2 and 3), and at a regional level, the pattern is quite
similar when looking at GWR results at Fig. 7 (except for some Scandinavian,
French, Greek and other Eastern European regions). Additionally, the indica-
tor has a clear core-periphery pattern in terms of the intensity of the effect on
mortality, that being core around Switzerland (i.e. Lombardy, Piemonte, Baden-
Wiirttemberg, Franche-Comté, Rhone-Alpes, etc.), so that in these areas the com-
ponents of the ERI have a stronger effect on mortality, while in geographically
peripheral areas like most of the Iberian Peninsula (except Catalonia), Ireland,
Scotland, Wales and Central and Northern England the socio-economic charac-
teristics measured by the ERI have a lower effect on mortality.
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Overall, our results indicate that COVID-19 mortality has a spatial dimension
that crosses administrative borders and goes beyond specific national or regional
characteristics; a dimension that health authorities must consider when designing
anti-pandemic policies to increase their effectiveness. This dimension also applies
to many other similar diseases (e.g. Monkeypox) that are triggered by social and
economic interactions among regions.

5 Conclusions

This paper has provided insights into the role played by socio-economic charac-
teristics on mortality caused by COVID-19. To do that, we go beyond traditional
welfare measures such as the ‘Human Development Index’ and we propose an
‘Epidemiological Risk Index’ as a better alternative. Compared to previous
analyses of the COVID-19 mortality, the index defined in this paper allows to
synthesise a set of factors determining the epidemiological risk instead of using
the common procedure of a large set of individual variables. As for the spatial
dimension of our analysis, this paper has used data at regional level (mainly
NUTS-II regions, but also NUTS-I in some cases) on the assumption that there
are sufficiently homogeneous areas within regions in terms of potential mortality
determinants.

This paper provides novel outcomes that could guide policymaking. In par-
ticular, the analysis identifies the role played by the socio-economic, environ-
mental and health characteristics in explaining the excess mortality associated
with COVID-19 during 2020 for 252 European regions. The research has evalu-
ated the inability of the Human Development Index to explain mortality, and our
conclusions regarding its inappropriateness to determine the negative impacts
of the current pandemic should be borne in mind, since it highlights the fact
that epidemiological impacts are not strictly related to the development levels of
societies. In contrast, the proposed Epidemiological Risk Index, which includes
demographic, public health, social and environmental characteristics, offers a
more precise representation of the factors behind the pandemic mortality.

Specifically, the ability of the new (epidemiologically focused) index to
explain excess mortality in the European regions should be taken into considera-
tion when analysing the consequences of the pandemic. This evidence deserves
special attention for several reasons. First, the new indicator overcomes the
weakness of the HDI in analysing COVID-19, and particularly, in explaining
pandemic mortality. Second, the outcomes in this paper offer new insights into
the importance of other dimensions, not necessarily related to development.
This suggests the need to monitor the various components in the new index by
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regional authorities, to help prevent future waves of the pandemic and insu-
late regions from the negative effects. Since the approach offers a new way of
interpreting the pandemic issues and its negative consequences territorially, it
may also improve decision-making in other (not strictly epidemiological) areas
such as trade policy, global value chain issues, industrial policy, environmental
measures, and inter-country and inter-regional economic planning. The Epide-
miological Risk Index proposed in this paper identifies a set of influencing fac-
tors behind COVID-19 mortality, and therefore, it has an undoubted interest for
policy measures to fight against pandemics, both from a global and a local (or
regional) sanitary and health perspective.

Furthermore, although there are many recent papers dealing with deter-
minants and effects of COVID-19 pandemic, few of them consider the spatial
dimension of the disease. Our approach of using spatial econometric tech-
niques and a Geographically Weighted Regression (GWR) estimation allows us
to identify such dimensions and handle them correctly by introducing a much-
needed spatial dimension to COVID-19 policies, something that has not been yet
addressed by public authorities. This strategy allows us to show that geography
matters for public health measures, and that public regional authorities should
take into account the situation in neighbouring areas when designing policy
responses for their own regions.

All the results are presented with the caveat that COVID-19 is a new phe-
nomenon that needs additional research to fully understand its socio-economic
implications and determinants. Also, using specific data about COVID-19 mor-
tality instead of our excess mortality proxy will lead to more precise results.
Finally, as the EU has suffered different COVID-19 mortality waves since March
2020, and their characteristics have changed due to the different variants of the
virus in each wave, it is important to better identify core determinants of these
processes using temporally disaggregated data. Addressing these limitations will
guide future research in this area.

Appendix

See Table 4.
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Table 4 Definition of explanatory variables

Definition Data source
HDI Arithmetic means of Life Expectancy Index, Education Own calculations from Eurostat
(Human Index, and Income Index
Develop-
ment
Index)
ERI Arithmetic means of Environmental Index, Global Own calculations from Eurostat
(Epide- Interaction Index, Health System Index and Population and Navqi (2021)
miologi- Characteristics
cal Risk
Index)
ISLAND  Dummy measuring insularity Own calculations
POP Total population in millions (2019) Eurostat
POPDEN  Population density (2019) Eurostat
TRAIN Training in the last 4 weeks (2019) Eurostat
W_ Spatial lag of unemployment rate (2019) Own calculations from Eurostat
UNEMP
W_HDI Spatial lag of HDI Own calculations
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