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Abstract
It was revealed that what caused the disease that emerged with respiratory symptoms (fever, cough, shortness of breath) towards the end of 2019 in Wuhan city of China's
Hubei province, and later named as COVID-19 by WHO was SARS-CoV-2 virus. The COVID-19 epidemic affected Turkey very quickly as it did the entire world, and
the first official case in Turkey was detected in March 2020. In this study, how the COVID-19 cases are clustered in the districts of Malatya and the structure of this clustering as well as whether the cluster has changed over time was revealed by using the spatial exploratory analysis approach. For this purpose, Global and Local Moran I
statistics that measure spatial interaction were used. For the hot spot analysis, Getis-Ord’s Gi* statistic was used. Moran I, which measures the spread of COVID-19 among
districts, is statistically significant, and the spread effect is close to medium, although not very strong. It has been determined that Yazıhan and Akçadağ districts are the
riskiest districts on average as of the period under consideration according to Lokal Moran I statistics. According to the Getis-Ord’s Gi* statistics, Yazıhan district is the
one that is most suitable for the spread of the epidemic for Malatya, again being a hot spot location. It has been observed that Yazıhan district is frequently in the hot spot
according to the monthly analysis of the Gi*statistics. In this context, it is important for Yazıhan district to increase the necessary measures in the coming periods and to
make efforts to raise awareness of the citizens.
Keywords: COVID-19 pandemic, exploratory spatial data analysis, Malatya province

Introduction
Throughout history, people have had to fight epidemics that have
more devastating effects than wars. In the 21st century, SARSCoV-1 and then MERS-CoV infectious diseases have led to
illness and death, first in China and then in the Middle East. The
COVID-19 (virus: SARS-CoV-2) infection, which emerged in
China at the end of 2019, was not limited to only regional effects
like others, but spread all over the world in a short time [1]. As of
February 2020, the World Health Organization (WHO) named this
contagious disease as the new type of corona virus (SARS-CoV2)
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and it was referred to as COVID-19 in the literature [2]. Spreading
rapidly all over the world, COVID-19 was declared a pandemic
by the WHO on March 11,2020 [1]. As of April 14,2022, a total
of 500.186.525 cases were detected worldwide, and unfortunately,
6.190.349 people died due to COVID-19 and related complications
in this process [3]. In Turkey, 14.775.634 cases were detected and
97.666 people died [4]. Increasing death and case numbers indicate
that COVID-19 continues as a public health problem.
This respiratory disease, which spreads rapidly as a result of
human interaction, is transmitted through droplets. Therefore,
many countries have first resorted to non-pharmaceutical measures
to reduce the spread of Covid-19. Among the non-pharmaceutical
measures, the social distancing rule comes first. Social distancing
rules are known as measures such as online education, working
from home, and cancellation of public demonstrations and
meetings. The second measure is personal protection such as the
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use of masks and gloves and frequent hand washing. The third one
is certain practices such as quarantining the necessary people as a
result of filiation (contact tracing) by conducting tests [5]. In the
later stages of the epidemic, vaccines were used as an important
tool in the fight against Covid-19. However, the increase in the
number of cases and deaths with the emergence of new variants
places non-pharmaceutical measures in a central place in the fight
against Covid-19. Non-pharmaceutical measures, especially those
involving spatial restrictions by governments, are not sustainable
practices for economic and social reasons. In this context, revealing
the spatial dynamics of the epidemic is very important for decision
makers for reasons such as preventing and controlling contagion
and developing public health policies.
Spatial analysis methods that use geographic information systems
are effective methods in investigating the spread of infectious
diseases by using space and time data [6]. It is also possible to
observe the distribution of the disease in terms of locations with
the spatial analysis approach. Spatial analyses according to time
intervals, on the other hand, will reveal the scope and effects of the
pandemic in a broader framework. Thus, the decision makers will
become the route determiners.
There are various studies in the literature to reveal the spatial
characteristics of epidemic diseases. Spatial analysis methods were
also used in epidemic diseases other than Covid-19. Studies in
this framework are available in the literature for H1N1 [7], SARS
[8,9], Influenza [10], Lassa fever [11] and Dengue fever [12,13].
The spatial dynamics of the Covid-19 epidemic that is being
experienced on a global scale have also been the subject of many
studies. There are some important studies in the literature. Kang
et al. [14] tried to determine the spatial spread of the Covid-19
epidemic using data from January 16 to February 6,2020 for 31
regions of China. The results of the study show that there is spatial
dispersion with significant Moran I statistics. Huang et al., [15]
revealed the spread of the epidemic with spatial statistical analysis
using the data for China from January 13 to March 9,2020. Moran
I statistics were found to be significant, and a positive spreading
effect emerged. Ghosh and Cartone [16] aimed to determine the
spatial characteristics of the epidemic by using the data of Italy
from February 24 to June 26,2020. In the study conducted for
the regions and provinces of Italy, it was observed that there
were strong spatial clusters. Tuzcu [17] realized the number of
COVID-19 cases and deaths for the provinces of Turkey by spatial
exploratory analysis. Geographical weight and economic weight
matrices are used as spatial weight matrix. It has achieved a high
level of spatial autocorrelation. Zhang et al. [18] have tried to
determine the spatial dynamics of the epidemic by examining the
Covid-19 and SARS epidemic in China with various social and
demographic variables. The results of the study have revealed
different spatial clusters. Zeren and Yılancı [19] put forward hot
spot cities with spatial exploratory analysis approaches in order
to reveal the spatial structure of COVID-19 for the provinces of
Turkey. Wang et al., [20] have revealed the spatial dynamics of
Covid-19 for the USA using data from January 22 to May 13,2020
in their study. Islam et al. [6] have revealed the spatial pattern
of COVID-19 disease regarding Bangladesh in their study using
spatial autocorrelation analysis. They examined particularly the
regions where the risk of epidemics is high with hot spot analysis.
Ning et al. [21] tried to determine the spatial characteristics of the
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spread using the daily and total number of Covid-19 cases for 30
regions of China. According to the results of the study, while the
total cases show an S-shaped curve, the daily cases show a trend
in the form of an increase and then a decrease. In addition, while
the density of the distribution of daily and total cases is higher in
the eastern regions, it tends to decrease in the west. Fatima et al.
[22] conducted a spatial clustering and hot spot analysis by using
2020 Covid-19 data for each country in their study. The results
showed that Covid-19 exhibits different clustering characteristics
in different months. It has been stated that for the January-April
period, the hotspot areas have shifted from the Western Pacific
to Europe and America, and the Eastern Mediterranean countries
have been under the influence of Covid-19 since July. Also, Africa
has remained a cold spot region. Zeren et al.[23] have investigated
the spatial relationship between the first 14 days and the next 14
days of the epidemic for 20 regions of Italy. As a result of the
study, they obtained a significant Moran I statistic and stated that
there was spatial autocorrelation. In addition, it was concluded that
the cases that emerged in the first 14 days were effective on the
cases in the second 14 days. In their studies, Aral and Bakır [24]
have detected the spatial interactions of 81 provinces of Turkey for
the time period covering the date range of 8 February and 28 May
2021. In addition, according to the results of spatial regression
analysis, it was revealed that population density and elderly
dependency ratio were important factors affecting the number
of cases. In their study, Hridoy et al. [25] have investigated the
spatial variation of Covid-19 for 64 regions in Bangladesh, using
the daily case numbers between March 8,2020 and March 10,
2021. The findings of the study show that there is a high level of
positive autocorrelation between population density and Covid-19
contagion. In addition, the study shows that various restriction
measures are moderately effective in increasing contagion.
This study aims to determine the spatial clustering of Covid-19
and hot spot areas for Malatya province, one of the metropolitan
cities of Turkey. For this purpose, spatial interaction and hot spot
analyses will be used. In the second part of this study, spatial
analysis methods will be introduced. In the third part, empirical
findings will be presented, and in the last part will consist of the
conclusion.
Materials and Methods
Spatial Interaction Analysis: Moran I and Local Moran I
Tobler's law of geography states that spatial units share more
similarities with nearby units than with distant units. This concept
is known as spatial dependency. Spatial dependency, on the other
hand, refers to the degree of spatial autocorrelation between
independently measured values belonging to geographical
locations. This autocorrelation arises as a result of greater
interaction and information dissemination between locations that
are close to each other. The most common of the tests investigating
the presence of spatial autocorrelation is the Moran I statistic.
Moran's I statistic is the most widely used indicator of spatial
autocorrelation. It was first proposed by Moran [26] in 1948 and
was later popularized by Cliff and Ord's [27] classic work on
spatial autocorrelation. The level and structure of spatial clustering
is measured by this correlation. This statistic for a single variable
is as follows [28].
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doi: 10.5455/medscience.2022.05.105			

			

deviating or outlier primarily means that the high (low) value area
is surrounded by a low (high) value area.

(1)		
Y indicates the variable that represents the property of the locations.
n shows the total number of locations or the total number of
observations of the Y variable. W is the spatial weight matrix
that measures (n×n) dimensional spatial interactions. wij denotes
each element of the weight matrix. The value of these elements
indicates whether the positions are adjacent or not. In this study,
the queen weight matrix was used. This weight matrix defines the
neighbourhood according to the boundary sharing, and locations
that share a common edge or corner are considered neighbours.
Neighbouring observations in the weight matrix are indicated by a
value of 1, and non-neighbouring observations are indicated by 0.
In applications, the row-level standardized version of the weight
matrix (∑wij=1)is preferred. This matrix was also used in this
study. Moran I statistic takes values between -1 and +1. Closer
to 1 means that regions with similar values are clustered together,
and closer to -1 means that dissimilar values are clustered together.
The univariate Moran I statistic was developed by Anselin et
al. [28] to measure the spatial interaction between two different
variables. This correlation is called bivariate spatial correlation
[28]. It is the correlation between thex_i variable and the yi∑jwijyj)
variables with spatial lag. The bivariate Moran I statistic is as
follows:

Standardized forms of xi and yi variables (with zero mean value
and 1 if variance values are used) are used here.
The Moran I statistics explained above is a global statistic that
gives a single value for all locations. A local version of this statistic
is also available and is called Local Moran I.
The local Moran I statistic, proposed by Anselin, [29] measures
spatial interaction for each spatial unit or location and is called the
Local Indicator of Spatial Association (LISA). It is used to detect
local clusters and local spatial deviating values. The local Moran I
statistic for a single variable is as follows [29,30].
Ii=(yi-y̅ ) ∑nj=1wij (yj-y̅ ) for i≠j

LISA statistic is a statistic that measures the similarity of the
analysed location with the surrounding locations.
The bivariate Moran I statistic is as follows. It is the spatial
correlation between the variable xi at position i and the variables
yj of its neighbours at this location. That is, it is the correlation
between the xi and ∑jwij yj variables.
(4)		

The significance of both univariate and bivariate Global Moran
I and Local Moran I statistics was determined by randomization
approach. In this approach, the observed values of the relevant
variables are randomly redistributed to the locations, and the
statistics are recalculated after each distribution. Thus, the
reference distribution of the relevant statistics is obtained.
Hot spot Analysis
The first statistical theory for local spatial autocorrelation
was proposed by Getis et al.[30] later this statistic was further
elaborated by Ord and Getis.[31] It is a statistic based on the logic
of the point pattern analysis approach. There are two versions of
this statistic: Of these, the value of the location of interest with the
Gi* statistic is taken into account, while the value of the location
of interest with the Gi statistic is ignored. The second one consists
of the ratio of the weighted average of values at neighbouring
locations to the sum of all values except the value at that location.
The first considers the value of the position of interest in both the
numerator and the denominator. These statistics are as follows.
(5)		
(6)		

(2)		

(3)		
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IiB=(xi-x̅ ) ∑j=1wij (yj-y̅ ) for i≠j

With the value of the local Moran I statistic, four different spatial
structures or patterns can emerge: High-High (HH) and LowLow (LL) clustering areas and High–Low (HL) and Low–High
(LH) deviating value areas. Clustering areas are in the positive
correlation category and deviating value areas are in the negative
correlation category. Specifically, an HH cluster represents
neighbourhoods where the incidence of epidemics is relatively
high. The LL cluster, on the other hand, shows neighbourhoods
where the incidence of epidemics is relatively low. An HL (LH)

The interpretation of Getis-Ord statistics is very simple: a largerthan-average value or a positive value for standardized z-value
refers to the hot spot location, and a lower-than-average value
or negative z-value refers to the cold spot location. Unlike the
Local Moran and Local Geary statistics, the Getis-Ord approach
does not consider spatial deviating values. The distributions of
these statistics are obtained by conditional random permutation
approaches.
Results
In this research, spatial dynamics of COVID-19 were visualized
at the district level in Malatya. Data were obtained from Malatya
Provincial Health Directorate. The data in the date range
23.03.2020-01.06.2021 are used. Before initiating the study,
ethics committee approval dated 29.03.2022 and numbered
3248 was obtained from Inonu University Health Sciences NonInterventional Clinical Research Ethics Committee.
The distribution of the total number of cases per ten thousand
people in the mentioned date range by districts is shown in
Figure 1. As seen in Figure 1, districts in the highest case group
are Battalgazi, Darende and Yesilyurt districts, the high number
of cases in the second group is in Yazıhan and Arapgir districts,
the highest number of cases in the third group is in Doğansehir,
Hekimhan and Kale districts, the fourth group number of cases
is in Akçadağ and Arguvan districts and the lowest number of
cases is in Doğanyol, Kuluncak and Pütürge districts. In short, the
darkest coloured districts are the districts with the highest number
of cases. The lighter colours are the districts with lower cases
compared to the highest case numbers. As the colour brightens,
the number of cases is gradually decreasing.
The scatter plot of Moran I statistics, one of the spatial correlation
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statistics that measures the interaction between districts in terms of
the number of COVID-19 cases, is as seen in Figure 2.
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April and May. The results were not reported since the interactions
outside of these months were not statistically significant. The
cluster map of Getis-OrdGi* statistics for the total number of cases
per ten thousand people is as in Figure 4.

Figure 1. Distribution of the total number of cases per ten thousand people by
Districts
Figure 3. LISA cluster map for total cases per ten thousand people

Figure 4. Hot spot analysis for total cases per ten thousand people

Figure 2. Moran I statistics for the total number of cases per ten thousand people

It was found that Moran I statistical value was 0.313, and there was
a similarity in terms of the number of cases, but this similarity was
not very high and was close to the middle level. One of the reasons
for this similarity is that they interact as neighbouring locations.
As a result of 999 randomization experiments, the p-value of
Moran I statistics is 0.044.
The LISA cluster map for the total number of cases per ten thousand
people is shown in Figure 3. As seen in the figure, Yazıhan district
is the only district with the highest risk in terms of the number
of cases, since it is the district in the HH cluster area. In the LH
cluster area, there is only Akçadağ district. The LH field is of no
significance in the context of the study, as it denotes a deviating
value location.
Spatial correlation was also considered in terms of the distribution
of cases according to months, and it is seen that Moran I statistics
are significant only for April and May. It has been observed that
there is a spatial interaction at the district level in these months, but
this interaction is not very strong, but close to the medium level. It
is as shown in Table 1, which includes Moran I statistics.
It is seen that there is a partial interaction between the districts in

As seen in this map, Yazıhan and Akçadağ districts are hot spot
areas, and the cold spot area is Doğanyol district. Doğanyol
district, on the other hand, is an area in this position due to the low
number of cases. As it is known, hot spot areas are the areas with
the highest number of cases and risky areas for the spread of the
disease.
Table 1. Moran I statistics for cases per ten thousand people by month
Months

Moran I

April

0.248*

May

0.258**

* Significant for 10% level; ** Significant for the 5% level

The Hot Spot analysis results of the number of cases per ten
thousand people by months are shown in Table 2.
As can be seen from this table, it has been observed that Yazıhan
district is often a hot spot area, that is, a risky region with a very
high number of cases. Kuluncak, which was a cold spot area in
July 2020, turned into a hot spot in October 2020. While it was still
a hot spot in December, it turned into a cold spot as of March 2021.
Arapgir district, on the other hand, is in the hot spot in May 2021
and January 2021, and in the cold spot in most of the other months.
Darende district in April 2020 and Akçadağ district in February
2021 are hot spots. In June 2020 on the other hand, Darende
district turned into a cold spot. The fact that Doğanyol district was
never a hot spot, but often a cold spot stands out. Arguvan district
1033
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is also a cold spot area in April, June 2020 and February 2021. Hot
spot areas are the areas where the risk of spreading COVID-19 is
greatest. It is therefore important to concentrate measures towards
these areas.
Table 2. Hot Spot Analysis by Months
Months

Hot Spot

Cold Spot

March (2020)

Arapgir

April (2020)

Yazihan, darende

Arapgir, Arguvan, Doganyol

June (2020)

-

Arapgir, Arguvan, Darende, Doganyol,
Hekimhan, Kuluncak

July (2020)

Yazihan

Doganyol, Kuluncak

-

Arapgir

Yazihan

Doganyol

Kuluncak, Yazihan

Doganyol

August (2020)
September (2020)
October (2020)
November (2020)
December (2020)

Arapgir, Yazihan
Kuluncak, Yazihan

Puturge

January (2021)

Arapgir

Doganyol, Puturge

February (2021)

Akçadag

Arapgir, Arguvan, Darende

March (2021)

Yeşilyurt

Arapgir, Doganyol, Kuluncak

April (2021)

Yazihan

Arapgir, Doganyol

May (2021)

-

Doganyol

Discussion
In this study, the distribution and spatial structure of COVID-19 in
the districts of Malatya were investigated. In general, data between
the dates of March 2020 and May 2021 were used. Spatial structure
has been revealed within the framework of spatial autocorrelation
analysis and hot spot analysis approaches. It has been revealed
by the Moran I statistics that in the time period considered
globally, there is a spatial interaction, but this interaction is not
very strong. Even if the interaction is low, it is very important to
keep the possible interaction channels between the districts at a
more controllable level in terms of preventing the spread of the
disease. According to the results of the local Moran I statistics, the
district with the highest risk in terms of spreading or interaction
is Yazıhan. According to the distribution of the Getis-Ord Gİ* hot
spot analysis in terms of total cases, Yazıhan and Akçadağ districts
are the riskiest districts in the hot spot position in general. It has
been observed that Doğanyol district is in the cold spot location
on average as of the period discussed. In the distribution of the
hot spot analysis by months, it has been determined that Yazıhan
district has a high potential for the spread of the virus in April,
July, September, October and December in 2020 and in April in
2021. While it was a hot spot in October 2020, it passed the cold
spot position in November 2020. However, it was observed that it
did not maintain this position and switched to the hot spot position
again in December. The data used for the analysis mostly belong
to the year 2020, so the detailed results for the year 2020 have
emerged more prominently.
Conclusion
According to the results obtained, intensifying the necessary
measures for Yazıhan district is required in terms of the course
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of COVID-19 in the coming days. It is seen that Arapgir district,
on the other hand, is mostly in the cold spot location with low
interaction with its neighbours. Of course, this situation is also an
indicator of a result related to the geographical location of Arapgir
district. Doğanyol, Hekimhan and Arguvan districts are only ones
included in the cold spot cluster.
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