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1. Introduction

In January 2020, the World Health Organization declared the coronavirus outbreak an
international public health emergency. Since then, many countries have been struggling
to put an end to it. Although the impact of the pandemic has differed not only from
country to country, but also from one region to another, it is imposing huge economic,
social, employment and health costs on multiple societies. Even before this crisis, many
authors were already stressing the enormous damage that a global pandemic could
cause. The World Bank suggested that it could reduce the world's gross domestic
product by 5% Jonas (2013), while the World Health Organization estimated the
expected annual losses at 6% of global revenues (WHO, 2018). Despite these warnings,
societies were not prepared in advance to deal with this COVID-19 health crisis. This
has left, citizens in a constant search for solutions to minimize the impact of this

unprecedented pandemic.

However, the crisis affects not only the economy, but also health, both physical and
mental. On the one hand, people are afraid of the possible direct effects of a COVID-19
infection: worsening of chronic diseases causing of lasting disabilities and even death.
On the other hand, all the measures taken to curb the coronavirus spread (quarantines,
closure of businesses, social distancing) are disrupting people's lives (Saha et al., 2020).
Uncertainty leads to anguish, stress and worry, which can develop into profound mental
problems, such as anxiety or depression, or even sleep or eating disorders, and can
affect individuals' physical health (McGinty et al., 2020).

Furthermore, the spread of the coronavirus is not random, but depends on many factors
(Bhatnagar, 2020). This has led many researchers to study the spatial relationships
involved in that spread and the factors that influence it. For instance, Shobande and
Ogbeifun (2020) present maps showing that spatial changes in the spread of the
coronavirus are positively related to its mortality rates in 79 different countries. Another
example is that of Paez et al. (2020), who study the incidence of the virus in Spain and
its links with different socio-economic indicators. There are also studies at regional
level. De Cos et al. (2020) suggest that, in the Spanish region of Cantabria, the areas
most vulnerable to pandemic outbreaks are those with the greatest numbers of people

linked to one and other through social, economic and travel relationships.



The aim of this study is to present an empirical analysis to assess the confirmed case
rates of COVID-19 and the socioeconomic factors that may influence it, taking into
account possible spatial dependencies between Spanish regions. In this sense, we ask
whether social inequalities affect COVID-19 results. The initial hypothesis is that there
is spatial autocorrelation in the sample and that socioeconomic inequalities influence the

spread of the virus.

The paper is organized as follows: Section 2 reviews the existing literature, Section 3
describes the data used in the empirical analysis, Section 4 presents the methodology,
Section 5 shows the main results of the analysis, Section 6 discusses these results and

Section 7 presents the study's findings.
2. Literature review

Even though the pandemic emerged relatively recently, there is already a large body of
literature on it. Seeking to understand whether the spread of the virus depends on socio-
economic factors and whether spatial interactions between regions play a role, we

review papers that use spatial econometrics to answer their questions and hypotheses.

First, we review studies on the European Union (EU). Amdaoud et al. (2021) analyse
the spatial heterogeneity of the spread of the coronavirus to understand its transmission
channels. Exploratory analyses of deaths up to 31 May 2020 indicate the presence of
high-high clusters in northeast France, northwest Spain, southeast and central England
and Wales. These high-high clusters are geographical areas that exhibit positive spatial
autocorrelation, i.e regions with high numbers of deaths tend to be surrounded by other
regions with similar figures. However, low-low clusters are found in Denmark, eastern
Austria and Germany, western France and southern Italy. On the one hand, results from
spatial regression models suggest that high COVID-19 mortality rates are positively
correlated with per capita Gross Domestic Product, unemployment, distance from
attainment of EU targets and the rate of population ageing. However, social trust and the
number of hospital beds and doctors are correlated with low mortality rates. Thus,
wealth, income and public health policies can explain disparities between regions.
Sannigrahi et al. (2020) also study the spatial relationship between COVID-19
outcomes and socio-demographic characteristics, but in this case in 31 European
countries. They find a spatial association between COVID-19 deaths and selected
socio-demographic variables (poverty, income and population), especially in Austria,
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Slovenia, Italy, Germany and Switzerland. They indicate as a suggested future line of
research that it would be interesting to include some environmental factors in the

analyses.

Focusing on single-country studies, Ehlert (2020) explores the spatial relationships
between COVID-19 positive cases and death rates in 401 German counties up to mid-
June 2020. He finds sufficient evidence that infections and deaths are positively and
significantly related to median age, the number of people working in care of the elderly,
early cases since the beginning of the pandemic and population density. Likewise, Sun
et al. (2021) examine the spatial relationship between inequalities in COVID-19
mortality rates and disparities in environmental and socioeconomic factors in England.
Their results suggest greater spatial inequality in COVID-19 mortality than in mortality
from other causes. Relative humidity and accessibility to hospitals are negatively related
to COVID-19 deaths, while the unemployment rate is positively related. Mena et al.
(2021) find a strong association between socioeconomic status and COVID-19 mortality
in Chile and show that mortality rates in young people are lower in high-income
municipalities than in low-income municipalities.  Their results indicate that

socioeconomic inequalities have major consequences for health outcomes.

Next, we review studies on China. Guliyev (2020) examines the spatial factors and
effects of the coronavirus, using spatial panel data models to show the relationship
between COVID-19 positive cases with deaths and recoveries in 31 regions of China.
Measuring the total effects, it is found that the rate of infection is positively related to
the death rate and negatively related to the recovery rate. Focusing on the direct effects,
a one percentage point increase in the death rate implies a 32% increase in the infection
rate. Indirect effects suggest that the mortality rate in a given region has positive effects
on neighboring regions. In this sense, a one percentage point increase in the mortality
rate leads to a confirmed positive change of 1.7% points in neighboring regions. Li et al.
(2021) study the spatial impact of public health spending on regional economic growth
in 31 Chinese provinces during the COVID-19 pandemic. Estimates from three different
spatial econometric models suggest that there is spatial clustering and that public health

spending is correlated with regional economic growth.

Finally, we look at published studies on the United States (US). Baum and Henry
(2020) analyse daily changes in COVID-19 positive cases at county level there to
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determine whether there are spatial dependencies between neighbors. They combine
spatial econometric methodology with socioeconomic factors (gender, age, ethnicity,
income, pollution, health insurance and complicated health conditions) and find
evidence that these variables contribute to the spatial spread of the virus. Sun et al.
(2020) study the spatial relationships of COVID-19 prevalence also in US counties. The
authors argue that ordinary least squares estimates overestimate the virus prevalence in
counties with small observed rates. They solve this problem by using spatial models that
can assess some of the geographic disparities in the spread of the virus. Other authors,
such as Yang et al. (2021), examine inequalities in confirmed COVID-19 rates in New
York City. Bayesian spatial modelling estimation shows that confirmed COVID-19 case
rates are positively related to racial minority groups, household size and the elderly
population, and negatively related to the number of teleworkers. The areas with the
highest infection rates are the Bronx and Queens, while the greatest spatial effects are

found in Manhattan and Brooklyn.

Table 1: Studies reviewed.

Study Country Data Spatial Results

year model
Amdaoud etal. 12 European 2014 - SAR Spatial clusters exist. Income and
(2021) countries 2020 public health policies are able to

explain disparities across regions.

Baum and United 2020 SAR There are socio-economic factors that

Henry (2020) States favour the spread of the virus
Ehlert (2020) Germany 2016 - SAR, SEM Infections and deaths are positively
2020 and SAC related to age, work in care for the

eldery and population density.
Guliyev (2020) China 2005 - SAR, SEM, An increase in mortality in a given
2019 SAC and region causes the mortality rate in

SDM neighbouring regions to rise.
Lietal. (2021) China 2019 - SDM There is spatial clustering and public
2020 health spending is correlated with

regional economic growth.



Mena et al. Chile Not Bayesian COVID-19 mortality rates are lower

(2021) available  spatial model ' in high-income municipalities than in

low-income municipalities.

Sannigrahiet al. = 12 European 2014 — SAR and There is a spatial association between

(2020) countries 2020 SEM COVID-19 deaths and poverty,
income and population.

Sun et al. United SAR, SEM There are spatial relationships in the

(2020) States and SAC prevalence and spread of the virus.

Sun et al. United 2014 - SAR and ESF = There is greater spatial inequality in

(2021) Kingdom 2020 COVID-19 mortality than

mortality from other causes.

Yang et al. United 2014 - Bayesian Confirmed COVID-19 rates

(2021) States 2020 spatial model = positively related to racial minority

groups and household size.
*SAR (spatial autoregression model), SER (spatial error model), SDM (spatial durbin

model), ESF (eigenvector spatial filtering).
Source: Authors' own work
3. Data

According to the World Health Organization (WHO, 2021), Europe has the second
highest number of COVID infections! in the world among large geographical areas
(51,912,774). 1t is followed by South-East Asia (22,675,230), the Eastern
Mediterranean (9,147,412) and Africa (3,316,851). At the top of the ranking are the
Americas with 62,281,517 infections and at the bottom is the Western Pacific with
2,469,292. By countries, the top 3% in terms of cumulative numbers of positives cases
are the United States (32,002,328), India (19,557,457) and Brazil (14,659,011). Spain is
in ninth place with 3,514,942.

Given the large number of people infected in Spain, the geographical scope take for this
study covers all 17 Spanish regions and the two autonomous cities. Given that the study

is carried out on the COVID-19 pandemic, the time period for data varies between 2019

! Data as of 26 April 2021
2 Data as of 3 May 2021



and 2021, depending on each variable. The spatial data are extracted from GADM
(2021).

As in Guliyev (2020), Ehlert (2020) and Baum and Henry (2020), the dependent
variable studied here is the cumulative rate of confirmed COVID-19 cases, measured as
a percentage (positiverate). We calculated this rate from the total number of confirmed
cases up to 9 April 20213, extracted from the Carlos 111 Health Institute (referred to by
its Spanish acronym ISCIII) (ISCIII, 2021), and the total population in 2020 (measured
in numbers of individual), taken from the National Statistical Institute (referred to by its
Spanish acronym INE) (INE, 2021e). To provide an idea of the trend in infections in
Spain, Figure 1 shows the new confirmed cases of COVID-19 in the country* from
January 2020 to April 2021°.

Figure 1: COVID-19 trend in new cases per day in Spain.

Number of cases

Source: Authors' own work based on ISCIII (2021)

Following the literature review, the independent variables used by other researchers

have been compiled and adapted to this study. We have selected the following:

e The total COVID-19 mortality rate measured in percentage (mortalityrate), derived
using total COVID-19 deaths up to 9 April 2021° drawn from ISCIII (2021), and of

the total population in 2020 (measured in numbers of individuals), taken from INE

3 Last available update when data were extracted.

4 The first dashed vertical line corresponds to strict lockdown (first alarm stage) on 14 March 2020, the
second to the end of the first alarm stage (21 June 2020), the third to the second alarm stage (25 October
2020) and the last one to the start of the COVID-19 vaccination (27 December 2020).

S Latest available update when data were extracted.

® Latest available update when data were extracted.
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(2021e). It was decided to include this independent variable as done by Guliyev
(2020), Amdaoud et al. (2021) and Maiti et al. (2021).

The rate of admissions to Intensive Care Units (ICU) with COVID-19, measured in
percentage (icurate) is calculated from the total number of cases admitted to ICUs
up to 9 April 20217, drawn from ISCIII (2021), and of the total population in 2020
(measured in numbers of individuals), taken from INE (2021e). Flaxman et al.

(2020) also include this in their analysis.

The population density (popden) is the total population per square kilometer as a
logarithm. It is obtained from the total population for 2020 (measured in numbers of
individuals), taken from INE (2021e), and the surface area of each autonomous
community (in square kilometers) taken from INE (2021b). This indicator is
included in the same way that Amdaoud et al. (2021), Ehlert (2020) and Yang et al.
(2021).

The illiteracy rate (illiteracyrate) is the proportion of the total population of each
community in the last quarter of 2020 aged 16 and over who are illiterate, taken
from INE (2021b). Ehlert (2020) includes a similar variable, which characterizes the

level of education of individuals.

The life expectancy at birth (leb) (measured in years) in 20198 is drawn from INE
(2021a). Ehlert (2020) also includes this variable in his study.

Population with long-term illnesses or health problems, measured as a percentage of
persons aged 16 and over (longtermd). Data are for 2019° and are from INE (2021c).

Ehlert (2020) uses a similar variable in his analysis.

Unemployment rate in 2019*° (unemploymentrate), taken from INE (2021g). This
indicator is included as in Amdaoud et al. (2021).

Population suffering from pollution and other environmental problems (pollution) in
2019* measured in percentage and extracted from INE (2021f). This variable is

included as recommended by Baum and Henry (2020).

7 Latest available update when data were extracted.

8 Latest year available.

® Latest year available.

102019 was chosen instead of 2020 so that the figure does not reflect unemployment caused by the
COVID-19 pandemic.
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Table 2: Variables selected for macroeconomic analysis.

Variables Description Source | Year

COVID-19 results

positiverate Cumulative COVID-19 positive cases as of 9 April 2021 out of | ISCIII 2021
total population in 2020 and INE

mortalityrate Cumulative deaths from COVID-19 infection up to 9 April 2021 | ISCIII 2021
out of total population in 2020 and INE

icurate Cumulative 1CU admissions due to COVID-19 infection up to 9 | ISCIII 2021
April 2021 out of total population in 2020 and INE

Health

leb Average life expectancy in number of years from birth, if the | INE 2019
mortality pattern for the period observed is maintained

longtemrd Population with chronic diseases, measured as a percentage of | INE 2019
people aged 16 years and over

Socioeconomic factors

illiteracyrate Illiterate population aged 16 and over as a proportion of total | INE 2020
population

popden Total population per square kilometer in logarithm INE 2020

unemploymentrate | Ratio of the number of unemployed to the number of working- | INE 2019
age persons

Environmental factor

pollution Population suffering from pollution and other environmental | INE 2019

problems

Source: Authors

' own work

11| atest year available.




4. Methods

This section describes the main tools used in the empirical analysis. We use a spatial
econometric methodology, since it is important to take into account possible
interactions between autonomous communities when using data on them (Serrano and
Valcarce, 2000).

4.1 Spatial autocorrelation, weight matrix and Moran's Test

Although researchers detected a decay effect in distance (Zipf, 1949) as early as 1800, it
was not until the 1960s that the term “spatial autocorrelation” was introduced by authors
such as Paelinck (1967) and CIiff (1969). In 1979, Paelinck suggested the term “spatial
econometrics” to refer to the union of the economic, statistical and mathematical theory
that encompasses all regional and urban modelling problems (Paelinck et al., 1979).

Currently, spatial autocorrelation is the basis of the field of spatial econometrics. Getis
(2007) outlines the many advantages of analysing this autocorrelation, which can be

summarised as follows:
e It brings to light evidence of any model misspecification.

e It shows spatial dependence relationships between variables and establishes the

strength of spatial effects.

e It is able to focus on a single spatial unit to study what effect it may have on

neighbouring units, and vice versa.
o It tests stationarity and spatial heterogeneity.
e It enables hypotheses about spatial interactions to be tested.

Spatial autocorrelation can be understood as the dependence of observations on
different geographical areas (Fotheringham, 2009). Griffith (1987) defines it as “the
correlation between the values of the same variable strictly attributable to their
relatively close position on a two-dimensional surface”. This spatial autocorrelation is
positive if the values of the variable of interest tend to be similar in nearby geographical
units (i.e low values are close to other low values, medium values are close to medium
values, and high values are close to high values). However, spatial autocorrelation is
negative if geographically close values of a variable are not similar on a map. Finally, it

is zero if the phenomenon studied is completely random in space. It is worth noting that
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most indicators studied in the social sciences tend to be positively spatially
autocorrelated (Griffith, 1987).

In this regard, an essential prerequisite for studying the autocorrelation of a variable in a
specific geographical area is to know the distance and the geographical relationship
between some spatial units and others. This geographical connectivity is expressed
through the weights matrix, denoted by W. This is a matrix with n rows and n columns,
whose elements indicate which areas are neighbors and which are not, and whose main
diagonal always takes a value of zero to prevent an observation from being defined as a
neighbor of itself. It is normalized by dividing all the elements of the matrix by the
number of neighbors so that the sum of its rows is one (LeSage, 2008). The criteria for

determining neighborhood between places are many:

e Geographical criteria: contiguity criteria on border sharing (linear, rook, bishop,
queen), nearest-neighbor criteria to give each unit the same number of neighbors
(k-nearest-neighbors), distance criteria (a unit is a neighbor if it is closer or

further away than a given distance) and gravitational criteria.
e Economic criteria: similarities between economic indicators.
e Others: depending on the study.

For this analysis, the geographical contiguity criterion is chosen. Therefore, an element
takes a value of 1 if autonomous communities share a geographical border and 0 if they

do not. We denote the weight matrix W such that:

w1 wiz ... Wiy

W — w91 Wag ee Tb‘gj (1)

i1 wi2 e Wi j

where w;j are the different weights between each pair of regions i and j. The main

diagonal is replaced by zeros:

0 wyz ... Wiy
w 0 v Was
W = 21 2j (2)
wy  Wig ... 0
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Once this is applied to the data under study, it must be standardised so that the sum of

its rows is one.

There are several statistics that enable the spatial autocorrelation of the sample to be
analysed. In this case, it is contrasted with Moran's test and its associated statistic I, to
learn what type of econometric model should be used in the regression analysis
(traditional model or spatial model). Moran (1948) asks whether the presence of some
specific characteristic in a geographical unit makes its presence in neighboring units
more or less probable or, on the other hand, whether the elements that cause a

phenomenon are statistically independent.

In this sense, the null hypothesis of Moran's test is that the data are randomly
distributed, as opposed to the alternative hypothesis that there is spatial autocorrelation.
Based on Serrano and Valcarce (2000), we use the Moran's | statistic, which can be

interpreted similarly to a covariance:

_N SEwij (ks — X) (x5 — X)

I
So SN (x; —%)°

1] (3)

where So is the scale factor equal to the addition of the weights, N is the sample size, Xi
is the value of the variable of interest x in the region i and x is the sample mean of the

variable x. Since the weight matrix is standardised, N is equal to So.

Its interpretation is linked to its expected value (the negative value of the unit divided

by the sample size minus one). Formally it is written as follows:

E(I) = -+ (4)

If the statistic | takes a value greater than its expected value E(1), the variable of interest
has positive spatial autocorrelation. However, if the opposite is true (I < E(l)), the

spatial autocorrelation of the sample is negative.

4.2 Spatial models

Depending on where the spatial dependence of the data is assumed to lie, one spatial

model or another can be used. Interpreting the spatial models coefficients as if they

were partial derivatives (as in standard linear regression models, SLM) is correct only

for the spatial error model (SEM) (LeSage and Dominguez, 2012). Additional nuances
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are required to interpret the coefficients of models with spatial dependence on the
dependent variable or on the independent variables such the spatial autoregression
model (SAR), the spatially-lagged X model (SLX), the mixed spatial autoregression
spatial error model (Kelejian—Prucha, SAC or SARAR), the spatial Durbin models
(SDM) and the spatial Durbin error model (SDEM).

This study focuses only on the SLM, SEM, SAR and SAC models. The transition from
one model to other can be seen in Figure 2. Starting from an SLM with no spatial
dependencies, it is possible to obtain an SAR model by including endogenous spatial
lags (pWy) or an SEM by including spatially lagged errors (AW.) is added in the error
term). Finally, an SAC model can be obtained from the SAR model, which has both
endogenous and error lags, by adding spatially lagged errors or from the SEM by
introducing endogenous spatial lags.

Figure 2: Some spatial models.

2. SEM

y=XB +u

u=AWu+eg
1 sLm 4. SARAR
’ o @ y-pWy+XB+u
y=XB+e u=AWu+eg

3. SAR

y=pWy+XB+e

Source: Authors' own work based on Golgher and Voss (2016)

Although the SLM does not include spatial interactions, its use is recommended to
present data spatial patterns and their possible misspecification (Golgher and Voss,
2016). According to LeSage and Pace (2009), this model can be denoted as:

Y= 0'-?"71 + XJB + £, €¢?\T(01 (}_21—?1) (5)

where y is the dependent variable vector, o represents the intercept coefficient with
which an n-dimensional column vector of ones in is associated, X represent the matrix
of independent variables, B is the regression slope coefficients and & denotes the white

noise error.
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The spatial error model (SEM) assumes that the spatial dependence is in the spatial error
(LeSage, 2008). This model is defined such that:

y=Xp+ u; .
u=AWu-+¢ (6)

where u is the error term, A is the spatial coefficient and W is the weight matrix.

The y expected value and the partial derivatives of the two models above coincide, so

SEM can be interpreted in the same way as SLM.

E(y|X)=ai, + X3 (7)

dy, . dyy ;
a-’"lk {jﬂfvak J’k aae 0
fa
.. . .. = - - :#:},A:In (8)
Oy Ay, f
o B 0 ... B

Based on the Golgher and Voss (2016)} methodology, the spatial lag model (SAR)

assumes that it is the endogenous variable that is spatially correlated. This can be

formalised as:
Y = i + pWy+ XB +¢, eN(0,0°1,) 9)

where p is the coefficient for the endogenous variable Wy, a variable representing a

function of neighboring values of the dependent variable.

Finally, the mixed spatial autoregression spatial error SAC (sometimes referred to as
SARAR), which includes spatial autoregression proposed by Kelejian and Prucha
(1998) is considered:

y=ai, +pWy+ XG4+ u; 10)
u=AWu+e, eN(0,0°I,) (I

Golgher and Voss (2016) show that, in contrast to SLM and SEM, the y expected value
for SAR and SAC models is:

E(y | X)= I - pW) Y i, + XP) (11)
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Similarly, the partial derivatives include the matrix (I — pW)-1 which has non-zero
elements on its main diagonal. This implies spillover effects. They can be divided into
direct effects, which represent the expected average change in all observations of y in a
given spatial unit for a one-unit increase of an independent variable in that spatial area,
and indirect effects, which determine the change in y in a specific spatial unit for a one-

unit increase of an independent variable in another region (Golgher and Voss, 2016).

o . Bk ... 0
e =T =pW) T L =BT = )T (12)
Ayn . OYn 0 o I:"))k

dxyje OTnk

5. Results

This section presents the results of our analysis in the form of several tables, as an aid to
discussing the most important ideas in the following sections. It is divided into an initial
exploratory analysis of the data and a subsequent regression analysis of different
econometric models. All the empirical analysis in this section has been carried out with
the R program.

5.1 Exploratory spatial data analysis

Spatial analysis requires an exploratory analysis of spatial data to enable spatial
distributions to be described and spatial association patterns and/or atypical locations to
be shown (Serrano and Valcarce, 2000). Maps are a good tool for showing data spatially
and quickly. We rely on Figure 3, which shows the cumulative positive rate in Spain up
to 9 April 2021'2 and can thus give us an intuitive idea of the potential correlation
between neighboring communities. There clearly appear to be spatial clusters. The
highest infection rates are in the center of Spain, while the lowest are in the north-west.
Additionally, spatial autocorrelation can be anticipated: communities with higher
positive rates tend to be surrounded by communities with high rates, those with
intermediate rates are surrounded by neighbors with similar rates, and those with lower

rates are close to communities with low rates.

12 Latest data available at the time of extraction.
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Figure 3: Cumulative confirmed cases up to 9 April 2021. Spain.

[2.27,4.928)
[4.928,6.826)
[6.826,7.58)

[7.58,8.728)

BEROO0

[8.728,10.62)

Source: Authors’ own work based on ISCIII (2021) and INE (2021e)

The above figure leads us to believe that positive rates do have spatial dependencies
between communities. We therefore show in Figure 4 how spatial interactions between
regions are distributed. The stand-out point is that both Castilla y Le6n and Castilla La
Mancha are highly connected with their neighboring regions. Specifically, Castilla y
Leon is directly connected with 8 communities, while Castilla La Mancha is directly
connected with 6. Cantabria is directly connected only with Asturias, Pais Vasco and
Castilla'y Ledn.

Figure 4: Spatial connections between Spain’s autonomous communities.

Source: Authors’ own work
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It is therefore necessary to implement Moran's test, which reveals not only whether
there is spatial autocorrelation in the positive rate but if so also what kind of
autocorrelation it is. In this case, Moran's | statistic takes a value of 0.26 and is
statistically significant at the 5% significance level. There is thus sufficient evidence to
reject the null hypothesis of no spatial autocorrelation, so the positive rate observations
in the sample can be said to have spatial dependencies. The expected value of the
statistic is -0.06. The actual statistic is larger than its expected value (0.26 > -0.06), so
the spatial autocorrelation is positive, i.e. the rates are similar across neighbouring
regions: Autonomous Communities with high (low) rates will be surrounded by others

with high (low) rates.

5.2 Spatial analysis

As indicated above, there is positive spatial autocorrelation in the dependent variable, so
we use different spatial regression models to establish macro-level relationships

between COVID-19 infections and various socio-economic factors.

First, the linear regression model is estimated as a starting point. Life expectancy at
birth, the percentage of the population with long-term health problems and the
percentage of people who have problems with pollution or other environmental
problems are not significant, but the independent variables are significant overall (the F-
statistic is statistically significant at the 1% level). As expected, the COVID-19
mortality rate, the COVID-19 ICU admission rate, population density and the illiteracy
rate have a significant positive relationship with the cumulative confirmed case rate.
However, the unemployment rate has an inverse relationship with the number of

infections.

Second, the spatial error model is estimated by maximum likelihood. In this case, all
variables are significant at least at the 10% significance level, except for long-term
diseases. In addition, life expectancy at birth and people with environmental problems
now influence the rate of confirmed COVID-19 cases. The sign of the relationships
between the dependent and independent variables is the same as in the previous model.
The impact of changes in the illiteracy rate on the rate of positives is greater when
spatial dependencies are taken into account. In this sense, a 1% increase in the illiteracy
increases the infected rate by 2.65%, ceteris paribus. On the other hand, with a 1%
increase in the unemployment rate, the infected rate decreases by 0.39%, ceteris paribus.
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This inverse relationship could be explained by commuting between the usual places of
residence and work: the fewer people there are in work, the less they commute, so, the
less contact they have with the rest of the population.

Table 3: Estimation of SLM, SEM, SAR and SARAR models.

Variables SLM SEM SAR SARAR

COVID-19 results

mortalityrate 19.458™" | 18.759™" | 17.338"" | 17.403™"
icurate 31.269™ 31.724™ 32.159"" | 31.957™"
Health

leb 0.512 0.391™ 0.463" 0.423™
longtemrd 0.002 0.041 0.019 0.010

Socioeconomic factors

illiteracyrate 1.183" 1.134™ 1.294™" 1.292"
popden 2.175™ 2.649™" 1.966™" 2.341™
unemploymentrate -0.278" -0.389™" -0.220™ | -0.312™"

Environmental factor

pollution -0.075 -0.110™ -0.051™ -0.067
R? 0.934

R2adjusted 0.884

F statistic 18.220™"

Note: *p<0.1;**p<0.05;***p<0.01

Source: Authors’ own work
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As discussed above, the estimated coefficients from the SLM and SEM can be
interpreted directly, but those from the SAR and SARAR models cannot. The spillover
effects are therefore presented in Table 4. The total effect is the sum of direct and
indirect effects. The direct effect expresses the marginal effect of a 1% change in the
independent variable on the positive COVID-19 rate in the same autonomous
community, while the indirect effect is the marginal effect of a 1% change in the
independent variable on the positive COVID-19 rate of all neighboring regions.

Table 4: Direct, indirect and total effects of SAR and SARAR models.

SAR SARAR

Variables Direct Indirect | Total Direct Indirect | Total

effect effect effect effect effect effect
COVID-19 results
mortalityrate 17.410 2.203 19.613 17.453 1.816 19.268
icurate 32.291 | 4.087 36.377 | 32.048 3.334 35.382
Health
leb 0.465 0.059 0.523 0.424 0.044 0.468
longtemrd 0.020 0.022 0.038 0.010 0.001 0.016
Socioeconomic factors
illiteracyrate 1.299 0.164 1.463 1.295 0.134 1.430
popden 1.974 0.249 2.224 2.348 0.244 2.592
unemploymentrate -0.221 -0.028 -0.249 -0.313 -0.032 -0.345
Environmental factor
pollution -0.050 -0.006 -0.058 -0.067 -0.007 | -0.074

Source: Authors’ own work
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6. Discussion

The COVID-19 pandemic began in early 2020 and is still ongoing. To help policy
makers to make the right decisions on containing and mitigating the spread of the virus,
it is important to conduct studies to understand the explanatory factors and spatial

patterns of the virus as well as its effects on people's health.

Spain is one of the countries hardest hit by COVID-19. We first studied the spatial
interactions of the confirmed coronavirus rate among its regions, as well as its
relationship with various socio-economic factors. The literature and our results both
show that the spread of COVID-19 is uneven and depends on many factors (Amdaoud
et al., 2021; Sannigrahi et al., 2020 and Mena et al., 2021). As in other countries, such
as China (Guliyev, 2020), Germany (Ehlert, 2020) and the US (Baum and Henry, 2020
and Maiti et al., 2021), an analysis of the rate of positive cases of COVID-19 in Spain
reveals spatial interactions between the regions, with spatial autocorrelation being
positive. The results vary when these interactions are taken into account, so it is
important to include them in the analyses. Thus, measures taken to curb the coronavirus
spread (quarantines, closure of businesses, social distancing) must be taken as a whole,

as what happens in one region will both directly and indirectly affect its neighbours.

As expected and as suggested by Guliyev (2020), we find that the coronavirus mortality
rate is strongly positively related to the rate of confirmed cases. Another important
finding is that, as in Germany (Ehlert, 2020), population density and life expectancy at
birth in Spain are positively and significantly related to the rate of confirmed cases. This
highlights the importance of taking precautionary measures in areas with high
population densities and of paying special attention to the elderly during this crisis. We
also find that unemployment rates are negatively related to infection rates.. Along these
lines, Yang et al. (2021) finds an inverse relationship between the percentage of workers
who work at home and confirmed cases of COVID-19 in New York, indicating that

staying at home reduces the risk of infection.

Moreover, the direct and indirect effects of some regions on others can be quantified.
The direct effects of the mortality rate on the positive rate in Spain are somewhat
smaller than those found for China by Guliyev (2020) (17.41 and 32.49, respectively),
while the indirect effects are slightly higher (2.20 vs. 1.70).
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7. Conclusions

This study presents two empirical analyses of outcomes and consequences of COVID-
19. We conduct a macroeconomic analysis of the links between cumulative confirmed
coronavirus case rates and several socio-economic factors in Spain's autonomous

communities, considering the spatial interactions between them.

The statistical results show spatial dependencies between autonomous communities.
The cumulative rate of confirmed COVID-19 cases tends to form spatial clusters and
shows a positive spatial autocorrelation: autonomous communities with a particular
level are surrounded by others with similar levels. We also find that the COVID-19
mortality rate, the COVID-19 ICU admission rate, the population density, the illiteracy
rate, the unemployment rate and the percentage of people with problems arising from
pollution influence the infection rate. The socioeconomic factor that has the greatest
influence on those infected is the illiteracy rate. In this sense, a 1% increase in this
variable increases the positive COVID-19 rate by between 1.97% and 2.65%, ceteris
paribus (depending on the model selected). The initial hypothesis that there is spatial
autocorrelation in the sample and that socio-economic inequalities influence the spread

of the virus can thus be accepted.

This study fosters the inclusion of spatial econometrics in the field of health economics
research and the updating of the empirical literature on the regional transmission of
COVID-19, specifically in Spain's autonomous communities. The results provide a
better understanding of the spread of the virus from a socio-economic perspective, and
this contribution may be of interest to policy makers and health agencies. Public health
policies need to pay special attention to equity and accessibility to minimize all
divergences in health between citizens and to promote flexibility in hospitals. Moreover,
it is worth recalling the reflection of Diaz (2020), who indicates that the way out of this

crisis necessarily implies global cooperation and both social and political innovation.

However, this is a static study. With the data available it not possible to dynamize the
analysis, as it has only been possible to use data from a single time period. A second
limitation is that to optimise the analysis data at the level of municipalities would be
needed, so as to analyse the spatial interactions between territories in much greater

depth. However, such data were not available to us.
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As future lines of research and to oyangvercome the limitations listed above, a further
study on this subject is proposed, but from a dynamic perspective. New data will
become available over time and can be included in this study. Thus, these analyses can
then be evaluated over a longer time horizon. We also suggest analyzing the
relationships between COVID-19 infection or mortality rates and health determinants,
not just socio-economic factors. Finally, these analyses could also be further explored in

other areas to compare results and draw new conclusions.
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