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Abstract: In this study, we examine the spatial analysis of
coronavirus disease 2019 (COVID-19) instances in Turkey.
As a result, this analysis reveals that the geographic dis-
tribution of COVID-19 instances is associated with dispari-
ties in education, socioeconomic status, and population
within individual provinces. By utilizing a composite indi-
cator of development level based on provinces, we employ
multivariate local Geary and multivariate local neighbor
match tests to demonstrate the association between COVID-
19 instances and the demographic and socioeconomic simi-
larities or contrasts in provinces of Turkey. In addition, we
provide an extremely randomized tree regression model to
show how demographic and socioeconomic disparities
affect COVID-19 instances. According to this model, the
average household size, the proportion of the working-
age population to the nonworking-age population, and
the GDP per capita are the most important variables. The
study’s main finding is that the important variables that
were attained were also used to create an index for the
degree of development in the Turkish regions. In other
words, the same variables correlate with the degree of
provincial development and the distribution of COVID-19
cases.

Keywords: COVID-19, spatial analysis, Türkiye (Turkey),
extremely randomized tree regression, multivariate local
spatial autocorrelation, development index

1 Introduction

The coronavirus disease 2019 (COVID-19), which first appeared
in theWuhan Province of China at the beginning of December
2019, has affected the whole world over time. With the rapid
spread of the disease all over the world, it was declared a
pandemic by the World Health Organization on March 11,
2020. The COVID-19 pandemic has had a significant impact
on people’s lives and the global economy. It has caused wide-
spread illness and death, disrupted social and economic
activity, and led to the implementation of measures such as
lockdowns, travel restrictions, andmaskmandates in an effort
to slow the spread of the virus [1].

It is well established that the impact of the COVID-19
pandemic has not been evenly distributed and that certain
communities have been disproportionately affected by the
virus. Socioeconomic factors such as income, education,
and occupation can all play a role in the spread and
severity of the disease [2]. There have been remarkable
studies on this subject in the literature recently. The pre-
vious studies such as refs. [1,3–7] are some examples of
studies examining the socioeconomic factors and other
factors such as meteorological, demographic, and educa-
tional impacts on COVID-19 cases or deaths. For example,
people who live in low-income areas may be more vulner-
able to the virus due to a lack of access to healthcare, living
in crowded conditions, and being unable to take time off
work due to financial constraints. Martines et al., Karác-
sonyi et al., and Neelon et al. [8–10] examined these vul-
nerabilities and inequalities in Brazil, Australia, and the
United States, respectively. Studies are proving that the
meteorological factors influence the outbreak and the pro-
gress of the pandemic, for example, the studies by Wang
et al. and Wu and Zhang [3,11]. For instance, average
weather temperature, humidity, and environmental fac-
tors like weather quality and pollutants in weather might
play a role in the transmission of the virus. A specific
example is sulphur dioxide, which is an environmental
factor, a pollutant in weather that might have a positive
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effect on the transmission of the virus. Especially in cities
like Zonguldak, which has coal mines, a high pollutant
ratio in weather might contribute the higher COVID-19
cases.

There is no doubt that machine learning has played a
significant role in the fight against COVID-19. Machine
learning algorithms can be used to analyse large amounts
of data to identify patterns and trends that can help
researchers and policymakers understand the spread of
the virus and predict how it might evolve. Machine learning
has been used to analyse data on the movements of people
to identify potential hotspots for the spread of the virus and
to predict the likelihood of future outbreaks. Malik et al. and
Khan et al. [12,13] used class rule mining and pattern
matching to determine the factors that are effective in
COVID-19 deaths by using class rule matching. It has also
been used to analyse data on the effectiveness of different
interventions, such as lockdowns and mask mandates, to
help inform decision-making about how to respond to the
pandemic [14]. In addition, machine learning has been used
to develop predictive models that can help identify indivi-
duals who are at high risk of severe illness or death from
COVID-19, so that they can receive targeted care [15]. Overall,
machine learning has been a powerful tool in the fight
against COVID-19, helping to inform our understanding of
the virus and guide our response to it [16].

Many studies of the COVID-19 pandemic have not con-
sidered the spatial variation in the rate of deaths from the
virus and the factors that may contribute to this variation.
However, it is important to recognize that the spatial var-
iation in COVID-19 deaths reflects fundamental differences
in demographics and socioeconomic factors across dif-
ferent regions and communities. These factors can include
differences in population density, access to healthcare,
living conditions, and other factors that can influence the
spread and severity of the virus. By considering the spatial
variation in COVID-19 deaths and the factors that contri-
bute to it, researchers and policymakers can better under-
stand the disproportionate impact of the pandemic on
certain communities and develop targeted interventions
to address these disparities.

Geographically weighted regression (GWR) is a statis-
tical method that allows researchers to examine how the
relationship between predictor variables and an outcome
variable varies across different locations. In the context of
COVID-19, GWR has been used in some studies [5,11,17].
Multiscale geographically weighted regression (MGWR) is
a variant of GWR that allows researchers to examine how
the relationships between variables vary at multiple scales,
rather than just at the local level. Iyanda et al. and Man-
sour et al. [18,19] studied MGWR for COVID-19. Spatial lag

model (SLM) and spatial error model (SEM) are statistical
methods that account for spatial dependence and hetero-
geneity in the data. Sannigrahi et al. [6] and Neşe and Bakir
[7] have proposed SLM and SEM models in the context of
COVID-19.

In addition, machine learning-based nonlinear regres-
sors are becoming popular among researchers. Luo et al.
[20] have developed a local nonlinear nonparametric regres-
sion model named geographically weighted random forest
to estimate the nonlinear relationship between COVID-19
death rates and other factors. Grekousis et al. [21] have
proposed a nonlinear non-parametric geographical random
forest model that can address both spatial heterogeneity and
nonlinear relationships. To obtain more detailed informa-
tion about machine learning applications for COVID-19,
readers are recommended to investigate the study by Hei-
dari et al. [22].

In this study, we consider revealing important features
that affect COVID-19 cases in Turkey along with the spatial
relationships (clusters) between COVID-19 cases and devel-
opment levels of the provinces. The main contribution of
the study is to determine the effects of the demographic,
social, economic, health, and environmental factors on
COVID-19 cases in Turkey. In addition, the hypothesis put
forward in the study is that the development level of the
provinces and the number of cases related to COVID-19
disease have a significant spatial relationship. This rela-
tionship has been demonstrated by various spatial tests
locally.

The limitation of the study is the inaccessibility of how
many of the COVID-19 cases resulted in death and the
inability to consider COVID-19-related deaths as a depen-
dent variable in addition to cases. Furthermore, the most
recent values of some variables are not available, and
some variables that may have an impact on COVID-19
cases, such as mobility between provinces, are not avail-
able. The most difficult point in the study is the provision of
data and the use of different data sources. In addition, we
could not take into account of vaccination process in our
study. The vaccination process was started on February 14,
2021, which is a close date to the beginning date of our
selection of COVID-19 case data.

To the best of our knowledge, our study is important in
terms of including explanatory variables in many diverse
fields for the first time that affect the number of COVID
cases in Turkey. In addition, it will be recorded as a study
that takes into account the hypothesis of the relationship
between the development level of the provinces and the
number of COVID-19 cases spatially. Some of the variables
used in determining the development level of provinces
have also been tried to be used in the classification analysis
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of COVID cases employing machine learning methods.
Another important hypothesis is that the parallelism of
the factors that affect the development index of the pro-
vinces also plays a prominent role in the spread of a pan-
demic in a developing country.

The rest of our article is organized as follows. In
Section 2, we explain materials and methodology in detail.
In Section 3, we report the computational results, illustra-
tions, and comparisons. We remark on important discus-
sion with literature comparison in Section 4. Finally, we
provide the concluding remarks and suggest some future
works in Section 5.

2 Materials and methodology

In the following subsections, first, we briefly explain the
data source, and then we discuss multivariate local Geary,
local neighbour match test, and extremely randomized trees
regression.

2.1 Data source

In Turkey, the Ministry of Health shares weekly COVID
case counts on a provincial basis. The only data shared
spatially are the weekly number of COVID cases. These
data are visualized interactively on the relevant website
of the Ministry of Health through geographic information
systems applications. On the other hand, only the previous
week’s data are announced and not stored in any database.
Since there is no official database for the data to be used in
the study, the relevant data were obtained from a website
that is an open data portal and collects the data of the
Ministry of Health from the Internet (https://turCOVID19.
com/acikveri) [23].

The data include 58 weeks of COVID-19 cases between
February 8, 2021, and March 19, 2022. For the analysis of the
number of cases, the sum of all weeks is considered. There
are 81 provinces in Turkey. The data on the development
level of the provinces are taken from the Socio-Economic
Development Ranking Survey (SEGE) 2017, which is periodi-
cally organized by the Ministry of Industry and Technology.
In determining the development ranking of the provinces,
52 different variables under 8 different headings were used.
These headings are demography, employment, health, edu-
cation, finance, accessibility, competitive and innovative
capacity, and quality of life. The variables were standar-
dized, and the robust principal components analysis was

used to determine the development indices of provinces.
The first eigenvector was selected to determine the most
important variables in development levels of provinces
that explained 42.5% of the total variance. Furthermore, it
was mentioned as a general causal factor. Nine eigenvectors
absorbed approximately 84% proportion of the variance.
First, 15 variables according to robust principal component
analysis are was given with weights in the appendix.

In most studies, the spatial relationship between COVID-
19 cases and the development level of the provinces has
been directly modelled by regression analyses (spatial or
linear) based on variables, or correlation analyses have
been applied (linear correlation).

In this case, the spatial examination of the relationship
between the development level index and the number of
COVID-19 cases with multivariate spatial autocorrelation
analyses is studied. To our knowledge, this is the first study
for Turkey in the literature. A literature review was con-
ducted for the explanatory variables selected for the study,
and many variables related to social, demographic, eco-
nomic, environmental, and health fields used in the litera-
ture that may have an impact on the disease and available
for our sample were considered. The explanatory variables
used in the study and their explanations, as well as the
sources from the variables were obtained are given in
Table 1.

2.2 Multivariate local Geary

In the literature, spatial autocorrelation analysis is mostly
based on a univariate setting. Local and global values
to assess spatial autocorrelation are widely used, and
the prominent measures for spatial autocorrelation are
Moran’s I and Geary’s C values [24–26]. However, the multi-
variate association of variables spatially is still an ongoing
problem. To overcome this issue, the study by Geary [27]
proposed a multivariate version of the local Geary statistic.
The purpose of the statistic is to match if the neighbours in
multivariate space are spatially neighbours too. The limita-
tion of the statistic is it can be easily affected by the curse
of dimensionality.

The statistic is given with the following formula:
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Measure calculates the weighted average of the squared
distances in multidimensional space between the values
observed at location i and its spatial neighbours j Nϵ i

(Anselin, [26]). In equation (1), k is the number of the
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variables indexed by h, j Nϵ i is the geographical neighbors
and wij is the weighted at location i and neighbor j.

2.3 Local neighbor match test

Local neighbor Match test was proposed by Anselin [28],
which is mainly a perspective to visualize and to determine
the tradeoff between geographical and variable similarity.
The idea behind the test is to evaluate the degree of overlap
between k-nearest neighbours in geographical space and
k-nearest neighbours in multi-attribute space. The prob-
ability of an overlap seen between two neighbour sets
can be quantified using the intersection between two
k-nearest neighbour weights matrices – one is for variables
and the other is for spatial distance. For further details, see
the study by Anselin [28] and https://geodacenter.github.
io/workbook/6c_local_multi/lab6c.html.

2.4 Extremely randomized trees regression

Ensemble methods are used to improve the performance of
a machine learning model by combining the predictions
of multiple models. The idea is that multiple models can
outperform a single model by capturing different aspects
of the data. This can lead to reduced overfitting and

improved generalization performance on unseen data.
There are several ensemble methods, such as bagging,
boosting, and stacking, that can be used depending on
the type of data and the problem at hand. Extra-Trees (or
extremely randomized trees) algorithm can be defined as a
stacking strategy that was developed as an extension of
random forest algorithm that developed by Breiman [29].

In this method, randomness is injected into the tree-
building process by using random thresholds for each fea-
ture rather than searching for the best possible threshold.
This makes Extra-Trees more computationally efficient
than traditional random forests, but also less able to find
the optimal solution. It is useful in cases when there are a
lot of input features, and overfitting needs to be avoided
[30]. The Extra-Trees method is available for both classifi-
cation and regression problems. If we focus on regression
problems, the Extra-Trees regressor (ETR) builds an ensemble
of unpruned regression trees according to the classical top-
down procedure. From a computational point of view, the
complexity of the tree growing procedure lies in the n log n
scheme with respect to the learning sample size. In addition,
the time complexity of the decision tree growing procedure
depends on the implementation details of the algorithm and
the hyperparameters used, and the complexity can vary
widely depending on the specific case. The popularity of
this method has been increasing since it was first introduced.
Among the studies conducted in recent years, the studies by

Table 1: Variable Explanation Chart

Label Variable name Source

A Pm10 particles related to air quality T.C. Ministry of Environment, Urbanisation and Climate Change 2017
B SO2 (sulphur dioxide) T.C. Ministry of Environment, Urbanisation and Climate Change 2017
C Population density TURKSTAT 2021
D Unemployment Unemployment rate by NUTS 2 regions EUROSTAT
E GDP per capita ($) TURKSTAT 2021
F Hospital beds TURKSTAT 2020
G Number of physicians TURKSTAT 2020
H Average household size TURKSTAT 2021
I Automobile number(per thousand) TURKSTAT 2021
J Literacy TURKSTAT 2020
K Disease of circulatory system TURKSTAT 2017
L Disease of respiratory system TURKSTA 2017
M Elderly dependency ratio TURKSTAT 2021
N Age 20–39 (%) TURKSTAT 2021
O Age 40–59 (%) TURKSTAT 2021
P Age 60–79 (%) TURKSTAT 2021
R Age 80+ (%) TURKSTAT 2021
S Endocrine, nutritional, and metabolic

diseases
TURKSTAT 2017

Y COVID-19 cases 58 weeks of aggregated weekly number of COVID-19 cases per 100,000 people in provinces.
(Note: not adjusted according to population. Total sum of cases in provinces.)

4  Cenk Icoz and Erdener Ozcetin

https://geodacenter.github.io/workbook/6c_local_multi/lab6c.html
https://geodacenter.github.io/workbook/6c_local_multi/lab6c.html


Lundberg et al. [31], Aminifar et al. [32], and Khan et al. [33]
draw attention.

We use the following standard metrics that can be
used to assess the goodness-of-fit and overall performance
of an ETR model. Mean squared error (MSE) measures the
average of the squared differences between the predicted
and actual values. Root mean squared error (RMSE) (equa-
tion (2)) is the square root of the MSE and is also commonly
used to evaluate regression models. R

2 (equation (3)) mea-
sures the proportion of variance in the dependent variable
that is explained by the independent variables in the
model, where y

i
is the actual value for observation i, ŷ

i
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i
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The essential preliminary studies were made about
data regularization and hyperparameters of the method.
In line with these studies, it was decided to use min–max
scaling to regularize the data. In addition, hyperpara-
meters are tweaked by employing grid search.

3 Results

The computational results and discussions have been con-
ducted in this section. In addition, explanatory illustrations
are used to highlight the results.

3.1 Spatial analyses

Geographical regions and provinces of Turkey are given in
Figure 1a and b. Figure 1 is created using QGIS, which is an
open source geographical information system software [34].

First, the cumulative number of COVID-19 cases for the
58-week period included is given as a Natural Breaks Map
in Figure 2. Since the development index for Turkey is
analysed in six groups, the number of cases is also ana-
lysed in six groups. The striking situation is that the
number of cases in the western and northern parts of
the country is higher than in other regions.

In Figure 3, the scores of the development index of the
provinces are given as a natural breaks map divided into
six groups. Although Turkey is a developing country, there
are large differences in terms of development between the
western and eastern provinces of the country. Figure 2

shows thatmost of the western provinces have positive scores
and are in the top three groups in terms of development. On
the contrary, eastern provinces have negative index scores
and show low development (lower than −0.224).

There are certain overlaps in terms of colour in bothmaps.
To evaluate these similarities, we have decided to apply multi-
variate local Geary analysis and local neighbor match tests,
which is a multivariate local spatial analysis. Figure 4 shows
the results of multivariate local Geary analysis on the map of
Turkey. According to the results, multivariate spatial autocorre-
lation was found to be statistically significant in 52 provinces.
Multivariate spatial autocorrelation between COVID-19 cases
and development levels in provinces in the Black Sea and Cen-
tral Anatolia regions, along with the southeastern and eastern
Anatolia, and Mediterranean regions, is notable.

In Figure 5, the positive autocorrelation given in Figure
4 is presented with statistical significance levels at certain
confidence levels. As a result of the analysis, 14 provinces at
p = 0.001, 23 provinces at p = 0.01, and 15 provinces at p =

0.05 are statistically significant. In 29 provinces, multivariate
spatial autocorrelation is not observed. Statistically signifi-
cant multivariate autocorrelation at the p = 0.001 level is
observed especially in Eastern Anatolia, where the level of
development is low, and in Antalya, Muğla, and Denizli,
where the level of development is high.

To explain the multivariate spatial autocorrelation in
the regions, parallel coordinates plots between the pro-
vinces and variables in the selected regions are given in
Figure 6. This figure shows the selected provinces in the
Eastern Anatolia region and their values on the two vari-
ables subject to the research on the parallel coordinate
graph. Here, the cumulative COVID-19 cases are quite low
compared to other provinces and the low level of develop-
ment of the selected provinces in Turkey. Finally, 9 of the
10 selected provinces are highly significant with p = 0.001
and 1 province is highly significant with p = 0.05.

Figure 7 shows three selected provinces (Antalya,
Denizli, and Muğla) in the Mediterranean region and their
values on the two variables subject to the research on the
parallel coordinates’ graph. Although the cumulative COVID-
19 cases here are around the average compared to other
provinces, these provinces have scores above the average
in the development level and are even in the top 10. In three
provinces, there is a positive autocorrelation with the level
of development (p = 0.001).

Figure 8 shows 11 selected provinces in the Marmara
and Central Anatolia regions and their values on the two
variables subject to the research on the parallel coordinate
graph. These provinces include Istanbul, a global metor-
polis, and Ankara, the capital of Turkey. It is notable that
the cumulative COVID-19 cases were the highest here, and
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these provinces have high levels of development. In addi-
tion, it is clear that the two variables show high values
together as well as their spatial relationship.

Figure 9 represents eight selected provinces in the
Black Sea region and their values on the two variables sub-
ject to the research on the parallel coordinates’ graph. The
feature that distinguishes this region from other regions is
the high number of COVID-19 cases despite having provinces
at an average level of development.

Figure 10 shows the results of the local neighbor match test.
Here, four neighbours of five provinces, 3 neighbours of 5 pro-
vinces, and 2 neighbours of 25 provinceswere found to be close to

each other. Red dash in Figure 10 represents the neighbourhood
linkage that means these provinces are alike both spatially
and in multivariate space. For instance, province of Muğla
in the Mediterranean region has four similar provinces.
Similarities between the local neighbour match test and
the results of the multivariate local Geary analysis are
striking. In detail, Muğla clusters together with four pro-
vinces according to the local match test. However, according
to Figure 4, there is no multivariate local autocorrelation
with Antalya, with which it shows a significance level of
p = 0.001. Nevertheless, apart from these nuances, both ana-
lyses identify clusters close to each other.

Figure 1: (a) Provinces of Turkey. (b) Color-coded geographical regions of Turkey.
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3.2 Extra-trees regressor results

ETR, one of the machine learning methods, was used in the
study to analyse the COVID-19 incidences across provinces
of Turkey with spatial data. The method’s hyperpara-
meters and data regularization were the subjects of the
preliminary studies. Min–max scaling was utilized to reg-
ularize the data in accordance with these findings. In

addition, hyperparameters are tweaked by applying grid
search, and our rates for splitting data are 75/25, where 75%
of the data are used for training a model, while 25% is used
for testing it. We also handle K nearest neighbours, bag-
ging, random forest, and Adaboost to compare with the
ETR output. In Table 2, models’ assessment metrics can
be seen. These results indicate that ETR is more accurate
than others with higher R

2 and lower RMSE.

Figure 2: Cumulative number of COVID-19 cases at 58 weeks.

Figure 3: Development scores map of provinces.
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Figure 11 illustrates the significance of the indepen-
dent factors for the ETR. In particular, the effect of average
household size on COVID-19 cases appears to be quite large.
In addition, the importance of the old-age to working-age
demographic ratio, GDP per capita, and unemployment
rate is also remarkable. The gross domestic product of
the provinces, literacy rate, automobile number (per thou-
sand), average household size, elderly dependency ratio,
and unemployment are the most important six factors
according to the ETR result.

We also investigate partial dependence plots (Figure
12). According to these plots, it can be said that there is a
linear relationship in some variables, which are observed
to have a low effect, especially in the number of COVID-19
cases. The most significant variable, average household size
(H), showed a nonlinear relationship. It is noteworthy that
the number of COVID cases is high when the average
household size is low, while the number of cases decreases
as the value of the variable increases. An inversely propor-
tional relationship is observed with the dependent variable

Figure 4: Multivariate local Geary analysis results.

Figure 5: Multivariate local Geary analysis significance map.
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of COVID-19 cases. The interesting situation here is that a
higher number of average household size for infectious dis-
eases is expected to contribute to an increase in the number
of cases. This negative relationship could be explained by
the possible inverse relationship between the development
index of provinces and household size and correlation of
other factors like income, education level, conservativeness,
and hesitancy of getting tested. The hesitancy of getting
tested is mostly about both religious concerns and also

about the missing work. Some companies deduct the
wages of workers because of absence from work. How-
ever, in the majority, in public and private sector
workers, 1 week sickness report was given automatically
to be quarantined after one was diagnosed with a positive
PCR test. Most people have easy access to PCR tests espe-
cially in provinces and metropolis of the country in both
public and private hospitals. In addition, spatial relation-
ships would contribute to that result as well. Again, when

Figure 6: Parallel coordinates graph and 10 selected provinces in eastern and southeastern Anatolia.

Socioeconomic and demographic factors on COVID-19 cases in Turkey  9



the variable of the ratio of the non-working population to
the working population (M) is considered, it can be inferred
that there is a nonlinear relationship between this vari-
able and COVID-19 cases. Furthermore, there is a non-
linear relationship between GDP per capita (E) and the
number of COVID-19 cases.

In Figure 13, the natural break maps for the six most
important features according to the ETR result are given.
We mentioned our reasoning for explaining the unusual
relationship between cases and average household size
before. When we investigate Figures 3 and 12 together, a
low COVID-19 case and high average household size is

Figure 7: Parallel coordinates graph and three selected provinces in the Mediterranean and Aegean regions.
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observed in the eastern Anatolian and southeastern
Anatolian region. This remarkable finding is a totally
unexpected result and might correlate with the develop-
ment index of provinces. Most features show a distinct
separation between east and west regions of Turkey. For
instance, literacy rates are higher in the western regions
like Marmara region, Aegean region, and Central Anatolia

region; however, even in these regions, a high number of
COVID-19 cases are found. Also, literacy shows the same
character as GDP per capita. Moreover, all the contri-
buting six features indicate a high spatial autocorrelation.
Neighbouring matrix was constructed according to the
rook contiguity type. We calculated the global Moran’s I
values and obtained high spatial autocorrelation ranging

Figure 8: Parallel coordinates graph and 11 selected provinces in Marmara and Central Anatolia regions.
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from 0.65 to 0.82. Moran’s I values are 0.82, 0.65, 0.67, 0.78,
0.76, and 0.76 according to the order of feature impor-
tance. This means close provinces have similar variable
values spatially.

4 Discussion

We compare the results of our study with the current lit-
erature in Turkey and other countries as well. Our findings

Figure 9: Parallel coordinates graph and eight selected provinces in the Black Sea region.
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support the previous related studies of revealing influen-
cing factors on either COVID-19 cases or deaths with only a
few exceptions. The inability to include COVID-19-related
deaths as a dependent variable in addition to cases and the
inaccessibility of data on how many of the COVID-19 cases
resulted in death are the study’s limitations. Moreover,
certain variables’ most recent values are not available,
and some others that could affect COVID-19 instances,
including migration across provinces, are not. The provi-
sion of data and the usage of many data sources is the
study’s most challenging aspect.

Ronael and Baycan [5] found that population density,
health capacity, and annual temperature were the most
influencing place-based factors supporting COVID-19 spread.
Neşe and Bakir [7] obtained population density and elderly
dependency as the key factor for the spread of COVID-19 in
Turkey. Indeed, the elderly dependency ratio is the second
important feature in our study. However, population density

is noted as the eighth most important feature. Indeed, Gre-
kousis et al. [2] stated that population density could be an
effective factor in COVID-19 deaths for the short-term studies
like in the initial waves. However, they admit that this is not
a permanent factor contributing to deaths. We took a longer
time period for the aggregation of COVID-19 cases at the
provincial level, and we only tried to explain the source
of the spread with non-spatial machine learning methods
including tree-based models as there might be nonlinear
relationships. In addition, we did not include some of the
meteorological factors in our study. Therefore, the crucial

Figure 11: Sorted feature importances.

Table 2: Results of regressors

Model RMSE R2

Extra-trees 3394.19 0.51
K nearest neighbours 3613.77 0.45
Bagging 3915.15 0.35
Random forest 3788.51 0.39
Adaboost 3633.99 0.44

Figure 10: Local neighbour match test analysis results (cardinality map).
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Figure 12: Partial dependence plots: (a) partial dependence plot of Pm10 particles related to air quality on COVID-19 cases, (b) partial dependence plot
of SO2 (sulphur dioxide) on COVID-19 cases, (c) partial dependence plot of population density on COVID-19 cases, (d) partial dependence plot of
unemployment on COVID-19 cases, (e) partial dependence plot of GDP per capita ($) on COVID-19 cases, (f) partial dependence plot of hospital beds on
COVID-19 cases, (g) partial dependence plot of number of physicians on COVID-19 cases, (h) partial dependence plot of average household size on
COVID-19 cases, (i) partial dependence plot of automobile number on COVID-19 cases, (j) partial dependence plot of literacy on COVID-19 cases, (k)
partial dependence plot of disease of circulatory system on COVID-19 cases, (l) partial dependence plot of disease of respiratory system on COVID-19
cases, (m) partial dependence plot of elderly dependency ratio on COVID-19 cases, (n) partial dependence plot of age 20–39 on COVID-19 cases, (o)
partial dependence plot of age 40–59 on COVID-19 cases, (p) partial dependence plot of age 60–79 on COVID-19 cases, (q) partial dependence plot of
age 80 + on COVID-19 cases, and (r) partial dependence plot of endocrine, nutritional, and metabolic diseases on COVID-19 cases.
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factors related to the analysis of COVID-19 cases could be
different.

Grekousis et al. [21] examined the factors which have
an influence on COVID-19 mortality in the United States
with random forests and geographical random forests.
They found out that the geographical random forests
model is superior to the random forests and all other linear
models in the study. Also, they found that obtained median
income and no vehicle are the important local risk factors
similar to our study. According to feature importance, the
third most important local risk factor is GDP per capita.
There are other studies in which median income has been
linked with COVID-19 mortality [4–35]. Although they are

different variables based on calculation (GDP and median
income), they represent the economic wealth of the counties,
provinces, or countries. Sannigrahi et al. [6] found a strong
positive association between income/total population and
COVID cases/deaths for European countries. They put for-
ward the age structure of the population, ratio of the elderly
population, ratio of dependent population, pre-existing health
records, humanmobility, and the socio-economic structure of
the society as a cause of non-uniform and spatial stationary
interaction of income factors with COVID-19 cases.

A pioneering result of our study is that the features
which play a crucial role in the development index of pro-
vinces high principal components weight) are also found

Figure 13: Natural breaks map of six important features according to ETR result.
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highly remarkable in contributing COVID-19 cases. GDP per
capita, automobile number (per thousand), and literacy are
examples in this category. Literacy could be included in this
category; however, the only difference is that women’s lit-
eracy level is included in the analysis of determining the
provincial development index. One exception is that unem-
ployment is the least contributing feature to the development
index of provinces (minimum principal component weight),
whereas it is the fourth important feature in explaining
COVID-19 cases in our study according to ETR results.

Finally, the spatial distribution of the most important
features fits into the clusters which have been formed by
using the multivariate local spatial autocorrelation ana-
lysis. We can give elderly dependency ratio as an example.
This feature’s value is higher in Black Sea region rather than
in other regions. Furthermore, GDP values are far greater than
in western regions like Marmara, Aegean, and Mediterranean
regions. The most important overlap is seen in low-average
household size values in eastern and southeastern Anatolia
regions. These mentioned features might dominate the others
during the formation of the clusters.

5 Conclusion and future research

In this article, we consider spatial analysis of Turkey’s
COVID-19 cases. As a consequence, this study suggests
that the spatial distribution of COVID-19 cases is related
to demographic, socioeconomic, and educational inequities
across provinces. We use multivariate local Geary and mul-
tivariate local neighbour match test to show the relation-
ship between the COVID-19 cases and the demographic and
socioeconomic similarities or differences in provinces of
Turkey by using a composite index of development level
based on provinces. In addition, we propose an ERT model
to indicate the effects of demographic and socioeconomic
inequities on COVID-19 cases. Results show that ERT out-
performs all other machine learning models. This model
reveals that the most important factors are the average
household size, the ratio of the working population to the
non-working population, and GDP per capita. Furthermore,
the partial dependence plots are investigated. Our findings
are in consensus with previous literature in terms of feature
importance. The key finding of the study is that the obtained
important features were also employed in preparing an
index for the development levels of the Turkish provinces.
Spatial regression models and spatial machine learning
methods could be employed as a future study since high-
level spatial autocorrelations are found in the most impor-
tant influencing features.
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