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ARTICLE INFO ABSTRACT

Keywords: The Covid-19 pandemic continues to threaten public health around the world. Understanding the spatial
Coronavirus dimension of this impact is very important in terms of controlling and reducing the spread of the pandemic. This
pandemic

study measures the spatial association of the Covid-19 outbreak in Turkey between February 8 and May 28, 2021
and reveals its spatiotemporal pattern. In this context, global and local spatial autocorrelation was used to
determine whether there is a spatial association of Covid-19 infections, while the spatial regression model was
employed to reveal the geographical relationship of the potential factors affecting the number of Covid-19 cases.
As a result of the analyzes made in this context, it has been observed that there are spatial associations and
distinct spatial clusters in Covid-19 cases at the provincial level in Turkey. The results of the spatial regression
model showed that population density and elderly dependency ratio are very important in explaining the model
of Covid-19 case numbers. Additionally, it has been revealed that Covid-19 is affected by the Covid-19 numbers
of neighboring provinces, apart from the said explanatory variables. The findings of the study revealed that
spatial analysis is helpful in understanding the spread of the pandemic in Turkey. It has been determined that
geographical location is an important factor to be considered in the investigation of the factors affecting Covid-

Spatial analysis
Spatial statistics
Spatial autocorrelation
Turkey

19.

1. Introduction

Covid-19, which first appeared in Wuhan, China in December 2019,
has affected millions of people. It has become a global health problem
with the World Health Organization (WHO) announcing that it is a
global pandemic (Alcantara et al., 2020; Ramirez-Aldana et al., 2020).
On January 30, 2020, the World Health Organization declared a “Public
Health Emergency of International Concern”. Covid-19 was initially
announced as an epidemic, while the developments led to the confir-
mation of this process as a pandemic on March 12, 2020. The number of
Covid-19 cases detected since the first case was seen in 2019 has
exceeded 170 million (172,173,283). Approximately 3.7 million (3,695,
990) of these cases resulted in death, while the number of recovering
patients approached 155 million (154,794,033) (WHO, 2021). At this
point, many countries have taken various measures to fight the virus. In
this direction, cities were closed, production was stopped, schools were
suspended, and restrictions were imposed on community activities.
Therefore, as the epidemic affected people’s health and threatened their

lives, economic problems have also emerged (Liu et al., 2021; Xiong
et al., 2020). As a matter of fact, as underlined by the United Nations,
this pandemic is beyond a health crisis. This crisis is a humanitarian,
economic and social crisis (UN, 2020).

The spread of Covid-19 and its consequences have led the societies to
face health-related problems such as fear, panic, uneasiness, depression
and intolerance (Al-Rahimi et al., 2021; Y. Sun et al., 2021). While
vaccination efforts continue, mutated forms of the virus continue to be a
problem for several countries. Along with the vaccination efforts, social
measures such as isolation, quarantine, social distance, interruption of
education and curfew, aiming at controlling the spread of the virus, have
been put forward (Chen et al., 2021). These measures focus on pre-
venting the spread of the virus among people. At this point, the
importance of space in the spread of the virus among people stands out.
Spatial analyses allow policy makers and other decision makers to
formulate measures such as curfews, isolation, effective planning and
control for the protection of vulnerable people. It is believed that it will
be possible to minimize and control the spread of the epidemic via these
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methods (Alkhamis et al., 2020; Rahman et al., 2020). It is stated that
the spatial information obtained will benefit public institutions and their
representatives in making effective decisions and will help them develop
important strategies to prevent further spread of Covid-19 (Sarkar et al.,
2021). However, while these drastic measures, which are a necessity,
have significant social and economic impact, it is obvious that these
policies are unsustainable in the long run (Alkhamis et al., 2020).

Based on all this information, this study deals with the spread of the
pandemic considering the spatial effects and is structured as follows: The
next section summarizes the literature on Covid-19. The third section
explains the data set and the method. In the fourth section, the spatial
association between the main socio-demographic variables and Covid-
19 cases in Turkish cities is presented using spatial regression models.
The fifth section explains the results and the sixth section offers a general
evaluation.

2. Literature review on the spatial spread of Covid-19

Understanding the factors influencing the Covid-19 outbreak will
help contain its spread. With the emergence of this disease, several
questions were raised about the spread of the pandemic, and it was
concluded that the pandemic was affected by ecological, biological and
social factors. At this point, it is mentioned that many social and eco-
nomic factors such as population density, urban/rural environment,
urbanization, population growth, land use affect the spread of this
pandemic. Thus, it has been stated that these social, economic and
ecological factors will be effective in controlling the pandemic (You
et al., 2020). Moreover, many of these factors affecting the spread of
Covid-19 are determinants of sustainable development.

Previous studies that associated factors such as income in cities
(Ferreira et al., 2020; Ramirez & Lee, 2020; Sannigrahi et al.), popula-
tion density (Alcantara et al., 2020; Eryando et al., 2020; Ghosh &
Cartone, 2020; Hafner, 2020; Han et al., 2021; Kang et al., 2020; Kim &
Castro, 2020; Paez et al., 2020; Rahman et al., 2020; Rahmani et al.,
2020; Ramirez & Lee, 2020; Sannigrahi et al., 2020; Sarkar et al., 2021;
Selcuk et al., 2021; Xiong et al., 2020; You et al., 2020), population
movement (Eryando et al., 2020; Kang et al., 2020; Kim & Castro, 2020;
Liu et al., 2021; Q. Wang et al., 2021; Xie et al., 2020) and elderly
population (Paez et al., 2020; Ramirez-Aldana et al., 2020; Sannigrahi
etal., 2020) with the number of cases/death rates are important in terms
of determining the variables affecting the pandemic. It is also possible to
come across various studies in the related literature that associate
meteorological parameters such as air quality (Benchrif et al., 2021;
Islam et al., 2021; Liu et al., 2021; Q. Wang et al., 2021), mean tem-
peratures (Liu et al., 2021; Ramirez-Aldana et al., 2020; Q. Wang et al.,
2021; Xie et al., 2020), humidity (Liu et al., 2021) and sunlight (Paez
et al., 2020) with the spread of the pandemic. Furthermore, it was
observed that factors such as urbanization (Ramirez-Aldana et al.,
2020), traffic (Xie et al., 2020), living environment deprivation (Das
et al., 2021), noise pollution (Basu et al., 2021), education (Ramir-
ez-Aldana et al., 2020) number of hospitals (You et al., 2020), number of
hospital beds (Alcantara et al., 2020; Mansour et al., 2021), number of
physicians (Kang et al., 2020; Ramirez-Aldana et al., 2020) and even
internet access (Ramirez & Lee, 2020) were included in the analyses.
Again, in some of these studies, the distribution of risks posed by
Covid-19 based on age and gender (Rahman et al., 2020) was discussed,
and it was underlined that proximity, connectivity and neighborhood
between cities/regions also affected the spread of the pandemic
(Eryando et al., 2020; Ghosh & Cartone, 2020; Giuliani et al., 2020;
Hafner, 2020).

As a matter of fact, the high death rates caused by Covid-19 reveal
the importance of the need to understand the causes of the pandemic.
Analyzing the spatial spread of the pandemic will also be important for
the development of public health policies. In this context, researchers
aimed to reveal the factors affecting the spread of the pandemic by
applying spatial analysis tools. Spatial analyses have also been applied
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in previous studies to study and analyze the spread of various diseases
such as tuberculosis, dengue, cholera, HIN1 influenza, diabetes, cancer,
SARS, and flu viruses (Ali et al., 2002; Atique et al., 2018; Glick, 1979;
Hipp & Chalise, 2015; Lai et al., 2004; Meng et al., 2005; Roth et al.,
2016; Souris et al., 2010; Stark et al., 2012; J. F. Wang et al., 2008). For
instance, Wang et al. (2008) reported that local response strategies were
highly effective in combating SARS, and that effective local control
reduced the spread of the disease. These studies, conducted at different
scales and for different diseases, partly explain the spatial heterogeneity
of the spread of diseases, highlighting the effects of spatial interdepen-
dence between regions (Bourdin et al., 2021). Based on the findings of
such studies, many researchers today have investigated the existence of
spatial effects for Covid-19 (Adegboye et al., 2021; Al-Kindi et al., 2020;
Alcantara et al., 2020; Bag et al., 2020; Castro et al., 2021; Coskun et al.,
2021; Desjardins et al., 2020; Dickson et al., 2020; El Deeb, 2021; Fer-
reira et al., 2020; Kim & Castro, 2020; Lak et al., 2021; Li et al., 2020;
Maiti et al., 2021; Murugesan et al., 2020; Rahman et al., 2020; Ram-
irez-Aldana et al., 2020; Saha et al., 2020; Shariati et al., 2020; F. Sun
et al., 2020; Zhang et al., 2020). In this respect, understanding the
spatial distribution of Covid-19 is critical for the prediction of the
epidemic and for the development of public health policies related to the
spread of early Covid-19 (Kang et al., 2020). The determination of as-
sociations can assist policy makers and public health experts about the
measures to be taken. Although there is agreement that socioeconomic
factors influence Covid-19, studies on spatial patterns of Covid-19 vary
widely depending on the country or region studied (Cos et al., 2020).
This study discusses various factors related to the spread of Covid-19 in
Turkey in the context of provinces and in the light of studies conducted
for different countries. It can be suggested that the local data produced
in the study will contribute to Turkey’s fight against the pandemic.

3. Material and method
3.1. Data sources

In Turkey, data related to the Covid-19 pandemic started to be
published weekly as of February 15, 2021, (including the week of
February 8-14) as the number of cases per population of 100,000 in each
province. From this date on, the number of cases per week continues to
be announced at the beginning of each week. The present study was
conducted with the Covid-19 data for 16 weeks between February 8™
and May 28™ 2021." Covid-19 case data were obtained from the Min-
istry of Health website (https://covidl9.saglik.gov.tr/). The selected
socio-economic indicators were obtained from the Turkish Statistical
Institute website (https://www.tuik.gov.tr/). The most recent elderly
dependency ratio and population density datasets include 2020 data,
GDP per capita and literacy rate variables include 2019 data, hospital
beds per population of 100.000 and number of physicians per popula-
tion of 1000 include 2018 data. The descriptive statistics for the study
variables are presented in Table 1 and the correlations among variables
are presented in Table 2.

In response to the increase in cases, public authorities took nation-
wide measures in late April, and enforced a complete lockdown, which
lasted from Thursday, April 29, 2021 until Monday, May 17, 2021.
Therefore, the course of the number of cases by province in the selected
study period can also be examined. Accordingly, the study period offers
the opportunity to compare the spatial distribution of Covid-19 in

1 Weekl (8™ to 14™ February), week 2 (15" to 21°t February), week 3 (20
to 26" February), week 4 (27" February to 5% March), week 5 (6™ to 12
March), week 6 (13™ to 19™ March), week 7 (20 to 27 March), week 8 (27
March to 2"¢ April), week 9 (3 to 9™ April), week 10 (10™ to 16" April), week
11 (17 to 23" April), week 12 (24" to 30™ April), week 13 (1° to 7 May),
week14 (8" to 14" May), week15 (15 to 21° May), week 16 (22" to 28"
May).


https://covid19.saglik.gov.tr/
https://www.tuik.gov.tr/
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Table 1

Descriptive statistics of variables.
Variables Mean Min Max Std. Dev.
Covid-19 mean 171,5261 23,37 353,19 78,05766
Covid-19 february 68,8146 4,95 251,21 56,06496
Covid-19 march 158,8731 12,41 558,29 104,95767
Covid-19 april 347,3060 45,23 778,08 161,56589
Covid-19 may 111,1107 30,46 189,66 41,22737
Population density 132,8186 11,23 2975,84 332,52983
Elderly dependency ratio 16,5300 5,34 31,02 5,53216
Log GDP per capita 4,5741 4,22 4,94 0,14406
Literacy rate 94,9500 87,57 98,67 2,82000
Hospital beds per 100.000 276,1852 120,00 502,00 82,35018
Number of physicians per 1000 1,5062 1,00 3,00 0,57279

Source: The authors’ calculations.

Turkey’s cities. Based on the data, the spread of the pandemic in Turkish
provinces could be analyzed in four periods (February, March, April and
May). February was the initial phase of the Covid-19, the number of
cases increased in March, the number of cases peaked in April, and the
number of cases decreased in May (post-quarantine), when the
pandemic was partially under control.

3.2. Research method

The study was carried out primarily by describing the data, investi-
gating the distribution, and then estimating empirical models in order to
make inferences. Within the scope of describing spatial data, global
spatial autocorrelation and local spatial autocorrelation were utilized,
and regression model estimation methods were applied in the estimation
of empirical models. Diagram showing key study design elements is
presented in Figure 1.

3.2.1. Exploratory spatial data analysis

Provincial differences in Covid-19 were identified via Exploratory
Spatial Data Analysis (ESDA). ESDA includes techniques that allow the
visualization and explanation of distribution of data, exploration of
spatial clusters, and identification of outliers (Anselin, 1988b). Various
methods of ESDA help in the preliminary modeling phase of empirical
research to reveal possible clustering trends of data (Varga, 1998).

In spatial data analysis, spatial weight matrices are used to determine
the interactions of the locations studied in the analysis. The following
weight matrix was used to demonstrate the spatial association of 81
provinces:
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w;; represents the relationship between the provincesiand j, i, j =1,
2, ..., 81

There are different ways to determine the spatial weight matrix
(Anselin, 1988b, 1996). The study employs queen contiguity based on
common borders to determine the interactions between the analyzed
provinces in Turkey and to investigate the distribution of Covid-19. The
adjacency binary matrix for this study is:

iis adjacenttoj. .

1, .
Wij = {0, otherwise T 2,..., 81i#]

w;; is assumed to be zero (w;; = 0) (Anselin, 1996).

Spatial autocorrelation, which is among the above-mentioned tech-
niques, gives the correlation between observations at a particular loca-
tion and is associated with the geographical proximity of these
observations. Spatial autocorrelation measures are divided into two
categories as global scales and local scales based on the scope or scale of
the analysis. Moran’s I measure, which is commonly used in global
spatial autocorrelation measurements, is calculated as follows (Anselin,
1988b; Moran, 1948, 1950):

I =

n i=1 j=1
n

W > (x; — xj)2

i=1 j#1 i=1

n

n represents the number of areas in the sample; i and j, two of the
areal units; Wy, the matrix of spatial weight (the similarity of i’s and j’s
positions);x;the value of the variable at position i; (x; — X)(x; — X), the
similarity of the variable at i and j positions.

Moran’s I value varies in the range of [-1 +1], similar to the corre-
lation coefficient. A Moran’s I score of 0 indicates that there is no spatial
autocorrelation. In this case, all provinces included in the analysis have
arandom distribution, meaning that there are no clusters in the relevant
space. If Moran’s I shows a value of 1, it indicates a perfectly positive
correlation where similar values cluster or interact with their neighbors.
In this case, high value provinces or low value provinces are clustered
together. If Moran’s I shows a value of -1, it indicates a perfect negative
correlation where dissimilar observations are clustered together. In this
case, high and low value observations are clustered together. The
greater the absolute value of Moran’s I, the stronger the spatial auto-
correlation (Anselin, 1996).

While the global spatial autocorrelation provides data about all the

Table 2
Scatterplot matrix of Pearson’s correlation among variables.
Covid-19 Covid-19 Covid-19 Covid-19 Covid-19 Population Elderly LogGDP per Literacy Hospital
mean february march april may density dependency capita rate beds
Covid-19 ,672%%*
february
Covid-19 march ,920%**
Covid-19 april ,937% %
Covid-19 may ,647 ,691 %%
Population ,284%* ,243%% ,324 %% ,177
density
Elderly ,522%** ,420%** JAT 4 ,456%** ,383%** -,194
dependency
LogGDP per L475%%* ,125 ,337%xx ,564 %% ,361%** ,374% %% ,292% %%
capita
Literacy rate ,503%** ,296%** JA27Hx* ,518%** ,205%** ,173 ,455%** ,795%**
Hospital beds ,276%% ,190 ,201 ,262%* ,296%** -,031 ,281%* ,150 ,312%*x
Number of ,203 ,063 ,145 ,234%* ,166 ,166 ,069 ,425%%* ,397%%* ,512%%*
physicians

Notes: **, and *** denote significance at the 5%, and 1% level, respectively.
Source: The authors’ calculations.
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Figure 1. Research workflow
Source: The authors’ elaboration.

variables, Local Indicators of Spatial Association (LISA) is employed to
determine the spatial clusters of similar values around the observation of
a variable. Local spatial autocorrelation determines the spatial clusters
of similar values around the observation of a variable. It indicates the
presence of hot and cold spots with local clustering of high observation
values or local clustering of low observation values. Along with classi-
fication into four types of associations, this demonstrates significant
local clusters (high-high or low-low) or local spatial outliers (high-low
or low-high) (Anselin, 1995; Anselin et al., 2007). Local Moran’s I sta-
tistics as expressed by Anselin (1995) is as follows:

I = (x; —X). Z Wi (% —%)
jel;
J; represents the neighborhood in i region; j, only the areas neigh-
boring J;; and xthe mean of neighboring observations.

3.2.2. Confirmatory spatial data analysis

Confirmatory spatial data analysis was employed to determine the
effects of the variables thought to affect Covid-19. Confirmatory spatial
data analysis covers a wide range of activities, including model esti-
mation, specification testing, diagnostics and spatial estimations
(Anselin, 1988b; Anselin et al., 2007; Anselin & Bera, 1998; Cressie,
1993). In this context, diagnostic tests for spatial dependence were used
to detect the presence of spatial dependence in the model estimation
process. The most common method used to test spatial autocorrelation is
Moran’s I statistic applied to regression residuals. Zero hypothesis in-
dicates the lack of spatial dependence in the Moran’s I test, while the
alternative hypothesis does not specify the type of dependence.
Lagrange Multiplier (LM) tests are conducted to determine the type of
dependence. If the LM-Error and LM-lag tests are statistically

insignificant, it can be deduced that there is no spatial dependence and
the results obtained from the classical regression model are employed. If
the LM-Error test, which analyzes the spatial error dependence is sta-
tistically significant, the spatial error model is valid; however, if the
LM-Lag test analyzing the spatial lag dependence is statistically signifi-
cant, the spatial lag model is predicted. If both LM-Error and LM-Lag
tests are statistically significant, robust transformations (Robust
LM-Error and Robust LM-Lag) are used to determine which model the
spatial dependence originates from. If the Robust LM-Error test is sig-
nificant, the spatial error model is used, and if the Robust LM-lag test is
significant, the spatial lag model is used (Anselin, 1988a, 2005; Anselin
et al., 1996).

The following general specification was used to examine the rela-
tionship between Covid-19 and socio-economic variables:

y=pWiy+Xp+e
e=We+u
u:N(O,UZI)

where y is an nxI vector of city-specific Covid-19, f is a kx1 vector of
parameters associated with exogenous variables. X is an nxk vector of
exogenous variables. W; and W are matrices of spatial weights; p is the
coefficient of the spatially lagged dependent variable; 4 is the coefficient
in a spatial autoregressive structure for the disturbance e (Anselin,
1988b).

Ordinary Least Square (OLS), under the assumptions p = 0, 4 = 0:

y=Xp+e
A Spatial Lag Model (SLM), under the assumption 1 = 0:
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y=pWiy+Xp+e
A Spatial Error Model (SEM), under the assumption p = 0:

e =AWhe+u

y=Xp+e

The SLM emphasizes the relevance of the observations of the
dependent variable in neighboring areas, while the SEM emphasizes the
association of residuals observed in the OLS estimation from neigh-
boring areas. As Anselin (1992) points out, spatial errors indicate a
violation of the assumption of uncorrelated errors in linear regression
analysis. This indicates that relevant and spatially related variables are
neglected. In the case of SLM, the statistical significance of spatial lag is
that they indicate the presence of propagation processes, that is, events
in one place increase the probability of similar events in neighboring
locations. The usefulness of the SLM is that it allows a clear distinction to
be made between spatial similarity in the dependent variable and spatial
similarity in the explanatory variables. The SLM in our study will try to
explain the distribution of the Covid-19 variable by adding the preva-
lence observed in the surrounding provinces (Mourao & Bento, 2021).
The study uses the GeoDa software, which provides data visualization,
and allows global and local spatial autocorrelation calculations and
spatial regression estimations (Anselin, 1995, 1996).

4. Findings

This study examined whether there is a spatial association in Covid-
19 cases in Turkey. In order to examine the relationship between the
number of Covid-19 cases in any province and the number of cases in
neighboring provinces, Moran scatter plots were created for the related
periods. Figure 2 shows the relationship between the number of Covid-
19 cases in each province shown on the x-axis and the average number of
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Covid-19 cases in the contiguous provinces shown on the y-axis for
February, March, April and May and for the entire period. Accordingly,
the Moran’s I for the number of Covid-19 cases is 0.448312 for February;
0.501184 for March; 0.676001 for April; 0.512254 for May and
0.653518 for the entire period, and it was found to be significant at 5%
significance level. The Moran scatter plots given in Figure 2 reveal that
the values are concentrated in regions with positive autocorrelation and
are not randomly distributed. This result demonstrates positive spatial
autocorrelation in Covid-19 cases across the country. Thus, there is
spatial correlation between any province and contiguous provinces
based on cases of Covid-19. Furthermore, Moran’s I statistics tended to
increase by month but decreased during the full lockdown (in May). In
this context, April may be a turning point. Although the degree of
clustering in May was lower than the previous month, global spatial
correlation still shows clustering characteristics.

Local spatial autocorrelation conducted on Covid-19 case data for
Turkish provinces for the period between February 8" and May 28™.
The findings are presented in Figure 3. High-high is presented in red and
represents the high-value aggregation class, low-low is presented in dark
blue and represents the low-value cluster class, high-low is shown in
pink and represents high-value regions surrounded by low-value re-
gions, and low-high is shown in light blue and represents low-value
regions surrounded by high-value regions.

Using LISA analysis, spatial clusters with main low-low patterns were
observed in eastern and southeastern Anatolia provinces. During the
entire period, low-low clusters were observed in Eastern and South-
eastern regions and high-high clusters were observed in Marmara and
Black Sea regions. In the Eastern and Southeastern Anatolian regions of
the country, there was a continuous distribution trend in the "low-low"
cluster regions. While the main high-high clusters were observed in the
northern provinces in February, the northern cluster continued, and
high-value observations clustered in the Marmara region as well in
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Figure 2. Moran scatter plots of Covid-19 for February, March, April, May and the entire period

Source: The authors’ elaboration.
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LISA Cluster Map: Covid-19 February
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LISA Cluster Map: Covid-19 March
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Figure 3. Regional level spatial clustering of Covid-19 for February, March, April, May and the entire period.

Source: The authors’ elaboration.

March. In April, the clustering in the north disappeared, while these
observations concentrated in Marmara region provinces. In May, the
concentration was lower in the Marmara region but spread to neigh-
boring regions. Although the degree of clustering decreased in May, the
clustering characteristic continued.

While the clusters observed tended to increase and spread to other
regions, they decreased during the full lockdown (in May). In this
context, it is possible to observe the positive effects of the measures
taken in this period. Similarly, the positive effects of complete lockdown
procedures have been demonstrated in studies conducted in different
countries. For example, Bourdin et al. (2021) showed that the lockdown
imposed in Italy at the beginning of March 2020 was a very important
and effective approach to slow the spread of the virus. Analysis of the
Italy case is crucial, as Italy was the first country to experience an
out-of-control spread of the Covid-19 virus, providing a good basis for
evaluating lockdown strategies. Kim and Castro (2020), revealed how
government policies can affect the spread of Covid-19 in their study,
which evaluated how Covid-19 clustered among districts in South Korea
and investigated whether the pattern and duration of clusters had
changed following the country’s containment strategies. The results
showed that the containment strategies against the spread of Covid-19

have been highly effective in both early detection and mitigation.

OLS regression models were estimated for the periods (February,
March, April, May and the entire period) to determine the effects of the
variables thought to have an effect on Covid-19 cases in Turkey.
Furthermore, diagnostic tests for spatial dependence were applied to
determine whether the analyzed provinces were affected by contiguity.
OLS regression models and spatial dependence test results are given in
Table 3.

For the period under review, Moran’s I (p=0.00) suggests a problem
with spatial autocorrelation. LM test statistics were examined to deter-
mine which alternative specification should be employed. The LM-Lag
and LM-Error statistics are highly significant. Thus, the use of robust
forms of LM statistics allows for discrimination between alternative
models (Anselin, 2005). The Robust LM-Lag statistics is significant,
while the Robust LM-error statistics are not. These test statistics suggest
a SLM. In this context, the estimated results of SLM are presented in
Table 4. The highest AIC and SWC were recorded in April in SLM and
OLS models, while the lowest values were determined in May. AIC
values are lower in SLM when compared to the OLS in all models. The
decrease in AIC demonstrates that the SLM provided more effective re-
sults when compared to OLS. SLM explains the distribution of the
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Table 3
OLS model estimation results for Covid-19 in Turkey.
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Dependent Variable
Covid-19 February

Covid-19 March

Covid-19 April Covid-19 May Covid-19 Entire

Population density 0,03527 0,10527
(0,08) (0,00)***
Elderly dependency ratio 4,00271 8,58625
(0,00)*** (0,00)***
GDP per capita -133,2230 -87,0320
(0,08) (0,50)
Literacy rate 6,82075 9,31832
(0,07) (0,15)
Hospital beds per 100.000 0,02264 0,03391
(0,80) (0,82)
Number of physicians per 1000 -0,56964 -0,76040
(0,97) (0,97)
Moran’s I (error) 4,9420 4,1495
(0,00)%** (0,00)%**
LM-Lag 20,5686 15,6320
(0,00)%** (0,00)%%*
Robust LM-Lag 3,4265 4,2200
(0,06) (0,04)**
LM-Error 17,257 11,6738
(0’00)*** (0)00)4«**
Robust LM-Error 0,1156 0,2617
(0,73) (0,61)
LM-SARMA 20,6842 15,8937
(0’00)4{** (0’00)***
Jarque-Bera 45,355 46,9491
(0’00)4.-** (0’00)4.-**
Breusch-Pagan test 16,927 17,9093
(0,01)** (0,00)***
Log likelihood -429,299 -472,845
Akaike Information Criterion-AIC 872,598 959,690
Schwarz Information Criterion-SWC 889,359 976,451
Adjusted R-squared 0,18 0,32

0,13316 0,01991 0,07340
(0,01)** (0,16) (0,00)***
10,8006 2,55671 6,48657
(0,00)*** (0,00)*** (0,00)***
418,277 116,726 78,687
(0,02)** (0,03)** (0,36)
-0,748668 -3,77507 2,90383
(0,93) (0,16) (0,50)
0,28986 0,13647 0,12072
0,17) (0,03)** (0,24)
-19,04660 -6,92248 -6,82479
(0,54) (0,46) (0,65)
5,1891 4,7241 5,1725
(0,00)*** (0,00)*** (0,00)***
33,4537 24,2732 29,9135
(0,00)*** (0,00)*** (0,00)*%*
16,6976 12,4078 11,9551
(0,00)%** (0,00)*** (0,00)***
19,2220 15,6144 19,0866
(0,00)*** (0,00)*** (0,00)***
2,4659 3,7490 1,1282
(0,12) (0,05) (0,29)
35,9196 28,0222 31,0417
(0,00)*** (0,00)*** (0,00)***
0,9080 0,7674 1,5754
(0,64) (0,68) (0,45)
10,5066 4,2189 7,2994
(0,10) (0,65) (0,29)
-499,504 -401,48 -441,238
1013,01 816,96 896,477
1029,77 833,721 913,238
0,48 0,24 0,43

Notes: **, and *** denote significance at the 5%, and 1% level, respectively.
Source: The authors’ calculations.

Covid-19 variable by adding the prevalence observed in the surrounding
provinces. Overall, the SLM can better explain the spatial distribution of
Covid-19 cases. It was determined that the independent variables
explained 67% of the variation in Covid-19 cases in SLM and 43% in OLS
in the entire period. The highest R? was observed in April in SLM and
OLS, and the lowest was observed in February. In the entire period, R? is
higher in SLM when compared to OLS.

Among all factors, the regression coefficient for the population
density is positive in March, April and the entire period (Table 4).
Population density increases the number of Covid-19 cases. This finding
is consistent with previous study findings in the literature. Human ac-
tivity among the independent variables is a key process in the spread of
Covid-19. Population density, a valid indicator of the intensity of human
activity (Chen et al., 2021; Han et al., 2021), is a key element that ex-
plains the spread rate (Xie et al., 2020). As Covid-19 spreads from person
to person, the number of cases is expected to be higher in more densely
populated areas (Kang et al., 2020; Kim & Castro, 2020; Mansour et al.,
2021; Sigler et al., 2021; Urban & Nakada, 2021). On the other hand,
Coskun et al. (2021) revealed that the population density is the most
important and first factor in the spread of the virus. Arauzo-Carod
(2021) reported that the population density triggers the contagion
process. Since the social interaction is high in urban areas with a high
population density, contagion risk is also high in these areas. Eryando
et al. (2020)) underlined that the provinces with the highest number of
cases in Indonesia are the provinces with the highest population density
and the highest mobility. As the virus spreads among people in close
contact, it will spread just as quickly in places of high population density
and mobility. As emphasized in previous studies, the spread of the virus
is effective in highly populated regions, and this accelerates the spread
of the epidemic by affecting other regions (Kang et al., 2020). Sigler
et al. (2021) stated that human mobility is significantly effective in the

spread of the epidemic, therefore, the spread of the pandemic can be
prevented by human mobility.

It is seen that the elderly dependency ratio also plays a role in the
intensity of Covid-19. The regression coefficient for the elderly de-
pendency ratio is positive in February, March and the entire period. As
the elderly dependency ratio increases, the number of Covid-19 cases
increases. SARS-CoV-2 is known to target older people or others with
pre-existing conditions, however the reason for this age dependence is
unclear. Despite some reports characterizing Covid-19 as an age-related
disease, the association with advanced age may mean different things
depending on the number of comorbidities. This negative effect on the
elderly and age-related diseases are both considered as the main risk
factors (Santesmasses et al., 2020). In this context, it is possible to
observe in the literature, different effects of Covid-19 on the elderly
population (Arauzo-Carod, 2021; Mansour et al., 2021; Paez et al., 2020;
Sarkar et al., 2021; You et al., 2020).

Furthermore, the lag coefficient for Covid-19 (Rho) is statistically
significant at 1% significance level in the entire period. Thus, the
number of Covid-19 cases in a province depends on the cases in neigh-
boring provinces. This result is consistent with the findings of studies
investigating the existence of spatial effects for Covid-19 (Bourdin et al.,
2021; Ramirez-Aldana et al., 2020; Sarkar et al., 2021; Y. Sun et al.,
2021; Tao et al., 2020; Vaz, 2021; You et al., 2020). It was underlined in
related studies (Eryando et al., 2020; Ghosh & Cartone, 2020; Giuliani
et al., 2020; Hafner, 2020; Han et al., 2021; Perles et al., 2021) that
proximity between cities and contiguity affect the spread of the
pandemic. These studies underline the importance of spatial dimension
in explaining Covid-19 cases.
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Covid-19 April Covid-19 May Covid-19 Entire

Table 4
SLM estimation results for Covid-19 in Turkey.
Dependent Variable
Covid-19 February Covid-19 March
Rho 0,63570 0,51301
(0,00)*** (0,00)***
Population density 0,02198 0,07714
(0,16) (0,01)**
Elderly dependency ratio 2,19597 4,92348
(0,03)** (0,01)**
GDP per capita -107,02100 -98,916300
(0,07) (0,36)
Literacy rate 4,20161 6,45409
(0,15) (0,23)
Hospital beds per 100.000 0,00784 0,00851
(0,91) (0,95)
Number of physicians per 1000 0,62570 1,91598
(0,95) (0,92)
Likelihood Ratio 22,1264 15,0034
(0,00)%** (0,00)%**
Breusch-Pagan test 10,4084 17,1749
(0,11) (0,09)
Log likelihood -418,236 -465,343
AIC 852,472 946,686
SWC 871,62 965,842
R-squared 0,48 0,51

0,64468 0,55378 0,63360
(0,00)%** (0,00)%** (0,00)%**
0,06900 0,01301 0,04367
(0,04)%* (0,25) (0,01)%*
3,26373 0,749987 2,53681
(0,15) (0,31) (0,03)**
204,55200 68,35430 15,19730
0,13) (0,11) (0,82)
-0,43530 -1,99376 1,95334
(0,95) (0,35) (0,57)
0,20456 0,12843 0,08592
(0,18) (0,01)%* (0,26)
-17,20860 6,83399 -5,22365
(0,45) (0,36) (0,65)
31,6612 20,3275 28,8743
(0,00)*+* (0,00)%** (0,00)%**
6,5904 2,2391 6,2659
(0,36) (0,90) (0,39)
-483,674 -391,316 -426,801
983,347 798,633 869,602
1002,500 817,788 888,758
0,69 0,50 0,67

Notes: **, and *** denote significance at the 5%, and 1% level, respectively.
Source: The authors’ calculations.

5. Discussion

Shortly after the outbreak of the Covid-19 pandemic, academic in-
terest in the subject increased rapidly, and emerging research was built
on either diagnosis and treatment or prevention and control of the
spread of the disease. Moreover, some universities, research institutes
and online platforms share daily data on the pandemic, informing
governments and the public about the rate of spread of the pandemic.
However, despite these developments, it has been stated that the
spatiotemporal part of the subject is missing and at this point, deter-
mining the factors affecting the spread of the virus and taking the
necessary precautions will contribute to the control of the pandemic
(Xiong et al., 2020).

Currently, Turkey ranks fifth in the world in total number of cases
(5,263,697). It is very important to control the pandemic in Turkey,
where the number of daily cases exceeds seven thousand (7.181) and
where more than a hundred (112) virus-related deaths are recorded
daily. At this point, the spatial data will be useful in controlling the
pandemic and reducing its impact. This could lead to faster and more
effective solutions.

This study, which analyzes the cases of Covid-19 in Turkey at the
provincial level, aims to add a dimension that includes spatial associa-
tions to the growing literature on Covid-19 cases. In this context, it is
shown that the spatial association between provinces and socio-
economic factors should be considered to model the disease, and the
study also highlights the socio-economic factors that may lead to in-
equalities in the spread of Covid-19. As a result of the analyses made in
this direction, it has been determined that there is a positive spatial
autocorrelation throughout the country, and that any province has
spatial association with its neighboring provinces. It has been observed
that there are spatially distinct clusters in Covid-19 cases. These findings
show the potential trend of infection spreading from one province to
other regions and provide evidence that interprovincial human mobility
may exacerbate the spread of the disease. Since the interaction of people
in contiguous regions has led to the spread of the disease, geographical
proximity is effective in the spread of the pandemic. This reveals the
significance of spatial association in the fight against the pandemic.
Thus, the existence of the local spatial associations will allow policy
makers to achieve effective results in response to the pandemic. It will
prevent the spread of the disease once the provincial and regional

measures are taken where the number of cases is high. It was also
determined in the present study that the full quarantine implemented in
Turkey helped control the spread of the virus. As a matter of fact, it is
another finding of the study that the complete lockdown enforced in our
country has helped in controlling the spread of the virus.

Furthermore, it has been revealed in the research that population
density and elderly dependency ratio positively affect the number of
Covid-19 cases. The association of the number of Covid-19 cases and the
population with the elderly population is vital in terms of highlighting
the places to be prioritized in the fight against the pandemic. Provinces
with high population density and high elderly population should be
closely monitored and should be listed among the prioritized areas of
intervention. You et al. (2020) underlined that it will be possible to
control infectious diseases such as Covid-19 by regulating social and
economic factors. They even expressed how important it is to manage
urban development in order to improve human health. For this reason,
as a result of spatial analysis, the effect of social and economic factors on
the spread of Covid-19 will be analyzed and important information will
be obtained on the prevention of the spread of the pandemic. In this way,
both healthy and sustainable cities will be created.

6. Conclusion

As the Covid-19 pandemic affects nations, its spread continues, and
various measures are implemented between countries to prevent this
spread. Similarly, Covid-19 spreads between provinces/regions in
countries. This study has revealed the spread of Covid-19 in Turkish
provinces based on spatial analyses of interregional relations. Detection
of the spatial spread of the virus leads to the conclusion that further
spread of the epidemic can be prevented by taking the necessary pre-
cautions. The prevalence of Covid-19 in Turkey exhibits spatial variation
and spatiotemporal aggregation. This means that the distribution of
Covid-19 cases is heterogeneous among Turkish cities. This uneven
distribution may be due to many related factors, including demographic,
socio-cultural and socio-economic differences between cities in Turkey.

For instance, this study has shown that the elderly dependency ratio
and population density positively affect the spread of Covid-19.
Considering the decrease in the number of cases following the com-
plete lockdown, it can be suggested that local lockdowns will also pre-
vent the spread of the disease. Therefore, in this study, it is underlined
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that local lockdowns with lighter social and economic costs will also
contribute to the decline in the number of cases.

Although this study was conducted to reveal the socio-economic
factors affecting the spread of the Covid-19 virus by analyzing the
spatial behavior of the pandemic, it has several limitations. One of the
limitations is that the dataset reported for 81 provinces in Turkey was
used. The dataset did not include the number of patients and deaths,
preventing the analysis of the spatial-temporal impact of Covid-19 based
on these variables. Furthermore, as data began to be published from
February 2021, the spatial and temporal characteristics of the Covid-19
outbreak could not be investigated at its early stage. Secondly, the study
was carried out at the provincial level, and the data were not analyzed
for urban-rural differences or based on districts. Thirdly, the variables
used are not contemporary as the data on social and economic factors
predate the emergence of Covid-19. The biggest difficulty encountered
in the study was access to the data. Although there are many factors
affecting Covid-19, the socio-economic variables discussed in this study
are limited. More variables are needed to get a better idea of Covid-19.
In this study, the effects of other controlling factors such as environ-
mental conditions, seasonal variation and climate change were not
considered. This may be the scope of future research. Future studies may
examine a larger dataset to identify factors that influence death and
recovery from Covid-19. Studies that will reveal psychological factors
and adherence to quarantine measures will provide an important op-
portunity for researchers in this field. Therefore, these studies will
contribute to the control of the disease, and the spread will be prevented
with the precautions to be taken.
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