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Abstract
Corona is a disease that affects the whole world. Countries with weak economies are specifically more vulnerable. A proper 
understanding of COVID-19 spreading, identifying the high-risk areas, and discovering factors influencing the spread of the 
disease are crucial to improving disease control. This study evaluates the geo-statistical distribution of COVID-19 to identify 
critical areas of Africa using spatial clustering pattern analysis. In addition, the spatial correlation between infected cases 
and variables such as the unemployment rate, gross domestic product (GDP), population, and vaccination rate is calculated 
using Geographically Weighted Regression (GWR) analysis. The hot-spot map showed a statistically significant cluster of 
high values in southern and northern Africa. Moreover, the outcome of the GWR analysis revealed the GDP and population 
had the most significant correlation with the spreading of COVID-19, with Local R2 values of (0.01–0.99) and (0–0.89), 
respectively.
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Introduction

Infectious diseases are one of the noticeable health con-
cerns nationally and globally. Early disease detection and 
improved management strategies are essential in addressing 
infectious disease problems. On December 31, 2019, the first 
case of COVID-19 was reported to the World Health Organi-
zation (WHO) in Wuhan, China. The virus then spread rap-
idly worldwide on February 11, 2020 [24]. By December 
21, 2021, the number of confirmed cases and death reached 
274,628,461 and 5,358,978, declared by WHO (https:// covid 
19. who. int/).

Africa is the world’s second most populous continent, 
with widespread diseases managed for years. Considering 

the special conditions in Africa, it can be assumed that 
Corona disease will remain in this continent for many years, 
like many previous infections [31]. The rapid mutation and 
widespread of the coronavirus have caused it to be different 
from other viruses. This virus will not remain exclusively 
in the African continent and will spread again to worldwide 
[33]. Therefore, protection against the coronavirus should 
be done equally on all continents [1]. Otherwise, the people 
of the world will not be relieved from this virus for many 
years. According to the WHO, Africa has the lowest number 
of infections and deaths, which shows the inverse relation-
ship between poverty and COVID-19. However, this cannot 
prove that poverty confers immunity against COVID-19. It 
reveals that several criteria are involved in the spread of 
the coronavirus, and this is a complex issue [25]. There are 
also little details about the outbreak of COVID-19 in Africa. 
Accordingly, Africa was considered as the study area in this 
research. The first confirmed case in this continent was in 
Egypt on February 14, 2020 (Olusola, [23].

The emergence of COVID-19 is a challenge that requires 
new responses from public health and medical care systems 
[15]. Poor medical infrastructure in underdeveloped coun-
tries is an essential obstacle to preventing the spread of this 
disease. Understanding the patterns of disease spread in 
space is a critical issue in monitoring infectious diseases 
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[14]. Knowing the peak time of the outbreak, and the loca-
tion of the infected area, helps public health systems in dis-
ease management. These concerns include examining spatial 
and temporal information simultaneously [34], [7]. Since the 
outbreak of corona disease happened in a short period, the 
time analysis of this disease cannot have acceptable accu-
racy. However, due to the spatial diversity of influencing 
variables, this disease can now be better modeled spatially 
[17].

The outbreak of the COVID-19 pandemic in Africa has 
been analyzed from different perspectives. For example, 
Onafeso et al. [24], in the paper titled “Geographical trend 
analysis of COVID-19 pandemic onset in Africa,” investi-
gated variations of COVID-19 with factors such as water 
service, gross national income, expenditure on health, and 
air transport passengers. They determined that 40% of Afri-
can countries were classified as emerging hot spots with 
different responses to exposure to Corona. Lone and Ahmad 
[18], in research titled “COVID-19 pandemic—an African 
perspective,” collected and summarized the available litera-
ture on the epidemiology, etiology, vulnerability, prepared-
ness, and economic impact of COVID-19 in Africa. Based 
on previous experience with other infectious diseases, they 
determined if the governments and people changed their 
behavior against the virus, they will prevent the outbreak 
[2]. In the paper titled “spatial analysis and prediction of 
COVID-19 spread in South Africa after lockdown,” calcu-
lated autocorrelation between provinces of South Africa 
using a weight matrix based on the geographical distance. 
In addition, they predicted COVID-19 spread by logistic 
growth curve [8]. In research titled “The Epidemiological 
and Spatiotemporal Characteristics of the 2019 Novel Cor-
onavirus Disease (COVID-19) in Libya,” investigated the 
epidemiological parameters and spatiotemporal patterns of 
COVID-19 by exploring dynamic spatial trends. They indi-
cated considerable growth in the outbreak in the middle of 
July 2020, specifically in the west and south of Libya [22]. 
In the paper entitled “A snapshot of space and time dynam-
ics of COVID-19 risk in Malawi. An application of spa-
tial–temporal model,” implemented a spatiotemporal model 
for the weekly confirmed cases for 24th June to 20th August. 
They concluded the city area were under higher threat than 
rural ones. Although the outbreak’s intensity has fluctuated 
in most cities, it was constant in the rural [3]. In a paper 
entitled “spatial variability of COVID-19 and its risk factors 
in Nigeria: A spatial regression method,” investigated the 
COVID-19 risk factors within the first quarter (March–May). 
Two models, Ordinary Least Square (OLS) and Spatial 
Error (SER), are implemented for testing multicollinearity 
in a dataset. This research indicated that important states 
had the most vulnerable places to exposure to COVID-19. 
Population density, international airport, and literacy ratio 
were influential predictors [9]. In the paper titled “Mapping 

vulnerability to Covid-19: Supplementary material to the 
March 2020 Map of the Month,” prepared two maps for 
Gauteng City in South Africa. The first one shows the map 
of risk factors for maintaining hygiene and primary preven-
tion. The second map shows the risk factors map about the 
lockdown and the possibility of a disease outbreak. These 
maps indicated areas that are most vulnerable to the spread 
of COVID-19 [16]. In research titled “Spatial analysis of 
COVID-19 and traffic-related air pollution in Los Angeles,” 
investigated the relationship between air pollution and the 
spreading of Covid-19 in Los Angeles. The result showed 
a significant relationship between exposure to air pollution 
and the increase in the number of infected cases. In addition, 
the infected population often has lower income so boosting 
the mortality rate of these people may be due to exposure 
to air pollution [19]. In a paper titled “A vulnerability index 
for COVID-19: spatial analysis at the subnational level in 
Kenya,” calculated the Social Vulnerability Index (SVI), 
Epidemiological Vulnerability Index (EVI), and a combi-
nation of them for Kenya spatially. As a result, vulnerability 
priorities for sub-counties were obtained.

Despite the growing literature, there seems to be a need 
to investigate the spread of the coronavirus across the con-
tinent based on data collected over a more extended period. 
In this study, statistical and spatial analyses are applied to 
determine the spatial distribution and spatial clustering pat-
terns of the COVID-19 incidence and mortality rate by the 
end of December 21, 2021, in Africa. This information can 
be beneficial for identifying the high-risk areas infected by 
COVID-19. This study aims to show the correlation between 
the spatial distribution of COVID-19 and different possible 
variables using the Geographically Weighted Regression 
(GWR) method.

Methodology

In this research, geo-statistical analysis is done in three 
stages. In the first step, the spatial data is evaluated to deter-
mine whether the data meet the necessary conditions for 
geo-statistical analysis or not. If the spatial data passes this 
test, the analysis of the two next steps can be done on the 
data. In the second step, clustering analysis is applied to the 
data, and hot-spot locations are identified in the study area. 
Ultimately, the correlation between the effective criteria and 
the data set of patients is examined. At this stage, the impact 
of different criteria is determined on the data set of patients. 
Figure 1 shows the flowchart of the method in this research.

Data

The continent of Africa is considered the study area of this 
research. This continent has an area of 29,648,481  km2 
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(worldometers website1). This continent contains 54 fully 
recognized sovereign states along with three dependent terri-
tories. Western Sahara is another country that is known as a 
disputed territory. Since this territory does not have political 
independence, some parts of the data (unemployment rate 
and gross domestic product (GDP) growth) of this region 
are not available. In this research, 55 countries (54 inde-
pendent countries and the Western Sahara) are examined. 
The data required for these countries was obtained from the 
worldometers website.2

In this research, the rate of the infected (cases—cumu-
lative per 100,000 populations) and the rate of deaths 
(death—cumulative per 100,000 populations) are used to 
perform hot-spot and outlier analysis. The cumulative num-
ber of infected is also used for GWR analysis. This data is 
extracted from the site the Johns Hopkins University3 (JHU) 

and WHO.4 The data period of this research is considered 
from the emergence time of Corona until December 21, 
2021. Until this date, 6,830,309 infected and 225,780 cases 
of death have been identified. Therefore, all input data are 
collected in this period. The variables used as input in this 
research are as follows:

Cumulative Incidence Rate (CIR)

CIR consists of the number of persons who experience the 
disease during a specified period divided by the total popu-
lation at risk. This rate is often used to predict the risks 
associated with the disease outbreak over shorter or longer 
periods [35].

Cumulative Mortality Rate (CMR)

CMR is the sum of the mortality rates in a defined period. 
It is based on probability theory. CMR is also an indicator 
of death probability, commonly expressed as a percentage 

Fig. 1  The flowchart of the 
method Unemployment rate
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1 https:// www. world omete rs. info/ world- popul ation/ africa- popul ation/
2 https:// www. world omete rs. info/ geogr aphy/ how- many- count ries- in- 
africa/
3 https:// coron avirus. jhu. edu/ map. html 4 https:// covid 19. who. int/ data

https://www.worldometers.info/world-population/africa-population/
https://www.worldometers.info/geography/how-many-countries-in-africa/
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https://coronavirus.jhu.edu/map.html
https://covid19.who.int/data
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and used as an approximation of the cumulative mortality 
risk [26] [32].

Unemployment Rate

The unemployment rate is the portion of the labor force 
without a job. When the economy is in an unsatisfac-
tory condition, the country faces a shortage of jobs. In 
this case, it can be predicted that the unemployment rate 
will increase. On the other hand, when the economy has 
positive growth, jobs are relatively abundant. Therefore 
unemployment rate can be expected to descend [21]. In 
this study, unemployment rate values are tabulated for 
Africa from the Trading Economics website5 on Decem-
ber 21, 2021. Unemployment rate values range from 0.7 
(for South Africa with the highest jobless rate) to 34.4 
(for Niger with a growing economy) (Fig. 2a).

Gross Domestic Product (GDP)

GDP is an index measuring the total economic value of all 
products and services within a country’s borders for a speci-
fied period [4]. GDP provides an economic snapshot of a 
country, which is used to assess economic health and growth 
rate. The GDP of African countries is collected based on 
official data from the Trading Economics website6 in a table 
form (Fig. 2b).

Population

Africa is the second most populated continent in the world, 
whose population is equal to 16.72% of the total world popu-
lation based on Worldometers. Since the number of infec-
tions and death is obtained from the population, the popula-
tion can be a fundamental variable for Corona disease. The 

Fig. 2  The unemployment rate (a) GDP (b) in African countries collected on 21 December 2021

5 https:// tradi ngeco nomics. com/ count ry- list/ unemp loyme nt- rate? 
conti nent= africa 6 https:// tradi ngeco nomics. com/ count ry- list/ gdp? conti nent= africa

https://tradingeconomics.com/country-list/unemployment-rate?continent=africa
https://tradingeconomics.com/country-list/unemployment-rate?continent=africa
https://tradingeconomics.com/country-list/gdp?continent=africa
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latest population data of African countries is collected in 
tabular form from Worldometers.7

Vaccinated People

The number of vaccinated people in Africa until December 
21, 2021 is obtained from the WHO. Values were expressed 
as the cumulative number of people fully vaccinated per 
100. These data are also obtained from the WHO website.8

Preprocessing

In this stage, data preparation and integration are done. First, 
a spatial map of the African continent is prepared, and then 
all the collected data are added to each country of this conti-
nent as descriptive data. Finally, a spatial layer with descrip-
tive data is created. Table 1 shows the descriptive data of 20 
sample countries out of 55 countries. In this table, ISO3 is 
the abbreviation of the countries. The rest of the table col-
umn names are also determined based on the data required 
for this research.

Table 2 also shows the statistical information of the col-
lected data. In this table, the minimum, average, maximum, 
and standard deviation values of each data are displayed. The 
spatial map produced in this step, along with the attached 

Table 1  Data values for twenty countries with the most CIR by 21 December 2021

Country name ISO3 CIR CMR Population Unemploy-
ment rate

GDP Persons_fully_
vaccinated_
per100

Seychelles SYC 24,559.69087 128.118 98,347 4 1.12 79.553
Botswana BWA 8704.66167 103.12 2,351,627 23.3 15.78 43.156
Cape Verde CPV 6946.013223 63.311 555,987 14.5 1.7 46.036
Tunisia TUN 6104.351626 215.55 11,818,619 17.8 39.24 46.498
South Africa ZAF 5618.077216 152.512 59,308,690 34.4 302 26.308
Libya LBY 5572.231228 81.6 6,871,292 18.63 25.42 11.441
Namibia NAM 5490.854479 140.895 2,540,905 33.4 10.7 13.173
Swaziland SWZ 5352.174348 108.864 1,160,164 23.4 3.96 25.459
Morocco MAR 2582.721724 40.124 36,910,560 11.8 113 62.122
Mauritius MUS 1806.85613 59.917 1,271,768 10.5 10.91 71.942
Sao Tome and Principe STP 1704.682859 26.009 219,159 13.9 0.47 23.369
Gabon GAB 1699.668603 12.85 2,225,734 20.5 15.59 7.778
Djibouti DJI 1371.049856 19.13 988,000 11.6 3.38 6.758
Zimbabwe ZWE 1330.612739 32.329 14,862,924 5.7 16.77 20.275
Lesotho LSO 1213.862795 31.042 2,142,249 24.7 1.84 29.922
Zambia ZMB 1191.381224 20.039 18,383,955 12.2 19.32 3.41
Equatorial Guinea GNQ 970.644732 12.473 1,402,985 9.2 10.02 14.495
Mauritania MRT 864.192221 18.388 4,649,658 10.7 7.78 15.307
Rwanda RWA 789.301655 10.384 12,952,218 23.5 10.33 28.103
Comoros COM 537.836579 17.479 869,601 8.4 1.22 28.144

Table 2  Summary statistics of 
COVID-19 and explanatory 
variables

Variables Min Mean Max St.dev

CIR 0 1685.495 24,559.691 3710.497
CMR 0 26.894 215.550 12,688.238
Population 98,347 24,353,162.600 206,139,589 35,274,900.107
Unemployment rate 0.7 11.920 34.40 9.055
GDP 0.47 43.889 432 85.030
Persons_fully_vaccinated_

per100
0 14.421 79.553 17.884

7 https:// www. world omete rs. info/ geogr aphy/ how- many- count ries- in- 
africa/
8 https:// covid 19. who. int/ who- data/ vacci nation- data. csv

https://www.worldometers.info/geography/how-many-countries-in-africa/
https://www.worldometers.info/geography/how-many-countries-in-africa/
https://covid19.who.int/who-data/vaccination-data.csv
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descriptive information, is considered the input for the anal-
ysis of this research.

The spatial distribution maps of the unemployment rate, 
GDP, population, and vaccination rate are shown in Fig. 3. 
The color change of each map is defined based on their 
impact. In some maps, higher values indicate their sever-
ity, and in some others, the lower value. Therefore, the map 
whose lower values are more effective is used in reverse 
legend.

Analysis

Step 1: Spatial Autocorrelation

Before the main analyses are applied to the data, it is neces-
sary to check the distribution pattern of the input data. In 
this research, spatial autocorrelation is used for this analy-
sis. Spatial autocorrelation is an essential concept in spatial 
statistics. There are two primary reasons to measure spatial 
autocorrelation. First, it indexes the violation degree of a 
fundamental statistical assumption. Secondly, it indicates the 
degree to which conventional statistical inferences are com-
promised when non-zero spatial autocorrelation is overlooked 

[6]. Autocorrelation complicates statistical analysis by alter-
ing the variance of variables. It also changes the probabili-
ties that statisticians commonly assign to incorrect statistical 
decisions (e.g., positive spatial autocorrelation results in an 
increased tendency to reject the null hypothesis when it is 
true). It quantifies the extent of redundant information in geo-
referenced data, affecting the geo-referenced observation [13].

The spatial correlation mechanism indicates whether 
related data behave similarly or not. In spatial autocor-
relation, apart from examining the relationship between 
the two elements, the neighborhood of the data is also 
checked [10]. If the z score or p value indicates statistical 
significance, a positive Moran’s I index value indicates 
a tendency toward clustering. In contrast, a negative 
Moran’s I index value indicates a dispersion tendency 
[11]. In this case, the spatial distribution of infection and 
death rates is estimated for each country by the global 
Moran’s I based on Eqs. (1)–(2) [20]. This analysis 
revealed the clustered patterns.

(1)I =
n

S
0

∑n

i=1

∑n

i=1
WijZiZj

∑n

i=1
Z2

i

Fig. 3  Geographic distribution of CMR (a) CIR (b) by the end of 21st December 2021. Geographic distribution of unemployment rate (c), popu-
lation distribution (d), GDP (e), vaccination distribution (f) by country, and collected on 21 December 2021
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where Wij is a spatial weight, n is the number of features, Z is 
the variable of interest, and S

0
 is the sum of all Wij.

Step 2: (Hot‑Spot and Cluster Analyses)

If the distribution pattern of data is clustering, the anal-
ysis of this step can be done; otherwise, the analysis 
cannot be continued. The analysis of this stage is done 
in two parts. The first part is hot-spot analysis to iden-
tify the clustering of spatial phenomena. The clustering 
method is one of the most common methods for identi-
fying and extracting patterns in big data [11]. Cluster-
ing algorithms are classified as the cluster model. One 
of the model-based clustering methods is the degree of 
clustering used in the Getis-ord-Gi* Statistics for High/
Low Values. This method is inferential statistics, so the 
analysis results are based on the null hypothesis and val-
ues density [29]. The Getis-Ord Gi* index is measured 
for each country. The analytic output provides z scores, p 
values, and confidence level bin for each country, which 
statistically shows significant spatial clusters of high val-
ues (hot spots) and low values (cold spots). This index is 
obtained according to Eq. (3):

where xj is the value of variable X at location j, Wij is the 
spatial weight of variable xj , and n is the number of features.

The second part is Cluster and Outlier Analysis to 
identify concentrations of high (low) values and spatial 
outliers. This analysis is based on Local Moran statis-
tics. Local Moran statistics is decomposed from General 
Moran statistics. Local Moran’s I statistics calculate z 
score and pseudo-p value. It also displays cluster types 
along with statistical properties. The results of the local 
Moran statistics are tested with a z score, which deter-
mines the confidence level. If cell i has a positive sign, 
the value of cell i is similar to its neighbor cells’ value. 
If the value of i is a large positive number, it indicates 
a substantial clustering range. If the value of i is nega-
tive and significant, the amount of surface cell property 
i has a high difference from its neighbor cells, which 
indicates a negative spatial correlation [5]. The possi-
ble cluster and outliers of COVID-19 distribution are 
applied by Anselin Local Moran’s I analysis. Based on 
the obtained values, four types of spatial patterns are 
presented: the High–High (HH) cluster, High–Low (HL) 

(2)S
0
=
∑n

i=1

n
∑

j=1

Wij

(3)G∗

i
=

∑n

j=1
Wi.jxj

∑n

j=1
xj

outlier, Low–Low (LL) cluster, and Low–High (LH) out-
lier. These four types of spatial patterns show the spatial 
structure of the epidemic risk in the study area. Specifi-
cally, the HH (LL) cluster indicates some adjacent areas 
with relatively high (low) values of epidemic incidence, 
showing a high (low) risk of the epidemic in these areas. 
The HL (LH) outlier indicates a high (low) value primar-
ily surrounded by low (high) values of incidence, which 
may be caused by a unique mechanism [30]. The Anselin 
Local Moran’s I is calculated based on Eqs. (4)–(5):

where xi is the value of feature i,X is the mean of features 
value, Wij is a spatial weight between features i and j, and S2

i
 , 

and n is the total number of features.

Step 3: Geographically Weighted Regression

In this step, the correlation between the cumulative 
number of patients and input variables (such as popula-
tion, GDP, etc.) is calculated. This analysis is based on 
geographically weighted regression (GWR). GWR is a 
local non-stationarity for modeling spatial variable rela-
tionships. Stationarity is a condition in which the mean, 
variance, and location dependence are not adjusted in 
space. GWR allows a connection between independent 
and dependent variables to vary by location [27]. Equa-
tion (6) shows the relationship of GWR.

where yi is the dependent variable at location i, �i0 is the 
intercept coefficient at location i, xik is the k-th explanatory 
variable at location i, �ik is the k-th local regression coeffi-
cient for the k-th explanatory variable at location i, and �i is 
the random error term associated with location i.

In GWR, the independent variables are selected locally. 
Then, a linear model is locally fitted to the data. There-
fore, the criteria are generally not considered if they are 
linear or non-linear. If the data are locally linear, the GWR 
method can identify the appropriate model and determine 
the impact of the criteria. Otherwise, the model declares 
no significant relationship between the desired criterion 
and the dependent variable [36]. In this paper, GWR 
explores the relationship between the dependent variable 
(cumulative infected) and explanatory variables (vaccina-
tion rate, unemployment rate, population, and GDP).

(4)Ii =
Xi − X

S2
i

n
∑

j=1.j≠i

wij

(

Xi − X
)

(5)S2
i
=

∑n

j=1.j≠i
(Xi − X)

2

n − 1
− X

2

(6)yi=�i0+
∑p

k=1
�ikxik+�i i=1.⋯.n
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Results

Spatial Autocorrelation Analysis

Spatial autocorrelation was calculated for CIR and CMR 
based on the feature locations and attribute values (Fig. 4). 
Since spatial autocorrelation is an inferential statistic, its 

result is interpreted in the context of the null hypothesis. The 
null hypothesis states the values are randomly distributed in 
the study area. If the p values are small and the z score is 
very high or very low, the clustering is spatial and can reject 
the null hypothesis [12]. As seen in Fig. 4a, CIR has a small 
p value and a positive z score of 2.205600, which indicates a 
spatial cluster. Therefore, with a probability of less than 5%, 

Fig. 4  Spatial autocorrelation of COVID-19 incident rate (a) Spatial autocorrelation of COVID-19 mortality rate (b)

Fig. 5  Hot-spot analysis of COVID-19 CIR (a) CMR (b) by 21 December 2021
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this cluster pattern could result from random chance. Also, 
in Fig. 4b, with a small p value and positive z score, CMR 
has a cluster pattern. This means that the spatial pattern 
could result from random chance with a probability of 1%.

Clustering Map Based on Hot‑Spot Analysis

The hot-spot maps were provided for CIR and CMR. The 
infected map showed a statistically significant cluster of high 
values in southern Africa (Fig. 5a). The clustering of high 
values is demonstrated in Namibia, Botswana, and Lesotho 
with a confidence level of 90%, while a confidence level of 
95% is seen in South Africa. No statistically significant clus-
ter i was observed in the rest of the continent. The map for 
death rate indicated substantial spatial clusters of high values 
in the north and south of Africa (Fig. 5b). Seven countries 
were represented with a confidence level of 99%, and there 
were two countries with a confidence level of 95%. In addi-
tion, the clustering index shows low values (cold spots) for 
the Ivory Coast and Burkina Faso with a confidence level of 
90%. In general, as seen in Fig. 5a–b, the spatial patterns of 
COVID-19 have more severe conditions in the northern and 
southern regions of Africa.

Evaluation of Anselin Local Moran’s I

Anselin Local Moran’s I analysis represented the map with 
hot and cold spots considering neighborhood similarities 
or differences. Two high-high clusters, including Namibia 
and Botswana, were identified in the infected map. These 
clusters had high values (positive z score). They were also 

surrounded by similar values (Fig. 6a). Moreover, the death 
rate map identified six countries located in the north and 
south of Africa as high-high clusters (Fig. 6b).

Assessment of Geographically Weighted Regression

The GWR map shows the correlation between the infected 
rate and other variables. The darker areas represented the 
stronger significant relationship. GWR calibrated the regres-
sion equations for each country; it displays the map for each 
variable (Fig. 7). The unemployment rate was one of the 
explanatory variables. According to Fig. 7a, there was not a 
significant correlation between the unemployment rate and 
cumulative infected.

In Fig. 7b, the GWR analysis is shown for the GDP and 
incidence data. In this figure, a significant correlation can 
be seen on the coastal edges of the continent (from the east 
through the south and part of the west). In the GDP distri-
bution map (Fig. 3e), it was shown that the underdeveloped 
countries are located in the interior of the continent. Cumu-
lative incidence in these countries has a lower correlation 
with GDP (Fig. 7b). On the other hand, the developed coun-
tries that are in contact with the international community 
show the highest correlation with COVID-19 cases, which 
are shown in the darker color. This could emphasize the 
relationship between the development and the spread of 
COVID-19 [24].

In Fig. 7c, the GWR analysis is shown for the population 
and incidence data. According to map (Fig. 7c), the high-
est correlation between population and COVID-19 infection 
was almost similar to the GDP map. The countries situated 

Fig. 6  Cluster and outlier analysis of COVID-19 CIR (a) CMR (b) by 21 December 2021



 Journal of Racial and Ethnic Health Disparities

1 3

in the coastal south, west, and east of the continent have the 
highest correlation. These countries have Local R2 values 
larger than 0.6, which represents a significant correlation 
between the two variables. Although countries like Tanza-
nia, DR Congo, and Algeria have large populations, their 
Local R2 values are almost zero. This showed that popu-
lation alone could not be an effective measure of corona 
expansion. Therefore, other variables should be considered 
along with the population.

In Fig. 7d, the GWR analysis is shown for the vaccination 
distribution and incidence data. The vaccination distribution 
map (Fig. 3f) shows that most areas of the continent are 

not vaccinated. The biggest correlation between vaccination 
rate and COVID-19 infection was displayed in northwestern 
Africa, according to Fig. 7d.

Discussion

The present research is comparable with Shariati, Mesgari 
et al. (2020) [28]. In that research, the hot-spot analysis was 
implemented for CIR worldwide. Their study demonstrated 
the hot spot in the north of Africa with a 99% confidence 
level and no significant cluster in the south of Africa. Noting 

Fig. 7  Geographically weighted regression between cumulative Incidence and unemployment rate (a), GDP (b), population (c), vaccination rate 
(d) collected on 21 December 2021
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that their analysis was on March 31 and April 30, 2020, 
1 month after the emergence of Covid-19 in the African 
continent (February 14, 2020). Their study was at the begin-
ning of the disease outbreak.  Onafeso et al. [24] imple-
mented a spatio-temporal model for the first 61 days of the 
coronavirus outbreak in Africa. Their study has presented 
the stringent response of African countries, such as Border 
closure, Airport Closure, Partial Lockdown, and Mobile Test 
Centers. In addition, they analyzed emerging hot spot of 
COVID-19 cases in South Africa, Egypt, Morocco, Tunisia, 
Burkina Faso, Côte d’Ivoire, Senegal, Ghana, Cameroon, 
and Nigeria with the highest level of confidence.

When this study performed hot-spot analysis for inci-
dence rates up to December 21, 2021, it identified southern 
African countries, including South Africa, Namibia, Bot-
swana, and Lesotho, as critical areas with a confidence level 
between 90 and 95%. The same regions were also detected 
as hot spots for death rate analysis with a higher confidence 
level. Moreover, other countries such as Zimbabwe in the 
south and Libya, Tunisia, and Algeria in the north of Africa 
were added to critical countries, while Burkina Faso and 
Côte d’Ivoire were in the cold-spot cluster. These cold-spot 
clusters had been emerging hot spots in previous research. 
This comparison can show the effect of appropriate govern-
ment response to prevent the spread of COVID-19.

Understanding how hot spots are created in countries led 
us to do the GWR analysis to determine the relationship 
between the infected cases with some independent factors. 

This analysis examined the correlation between COVID-19 
incidence and other variables such as unemployment rate, 
GDP, population, and vaccination rate in each country. Fig-
ure 7a, d showed the correlation between unemployment 
and vaccination rates with infected cases. Local R2 values 
(0.09–0.21) and (0.003–0.38) of these two maps indicated 
that there was no significant relationship between these vari-
ables. GWR analysis between GDP and COVID-19 cases 
showed a strong relationship between these variables. The 
countries such as Ethiopia and Somalia, and the countries of 
southern Africa have a significant correlation between their 
GDP and the spreading of COVID-19, with Local R2 values 
larger than 0.7. Examining the geographic distribution of 
GDP and population (Fig. 3e–d) showed that densely popu-
lated countries with high GDP remarkably correlate with the 
outbreak. This significant relationship led to the analysis of 
GWR for population and COVID-19 cases. The obtained 
results emphasized the correlation between the outbreaks 
of COVID-19 in developed countries with high populations. 
The Local R2 values for the twenty most infected countries 
are shown in Table 3. In this table, ISO3 is the abbrevia-
tion of the countries. The columns R2_GDP, R2_Popula-
tion, R2_unemployment, and R2_Vaccination, respectively, 
deliver the value of Local R between the infected cases and 
the GDP, population, unemployment, and vaccination data.

To ensure the efficiency of GWR analysis, ordinary least 
squares (OLS) regression is also tested on the available data. 
OLS is a common technique for estimating coefficients of 

Table 3  Local R2 values for twenty countries with the most infected cases

Country name ISO3 Cumulative infected R2_GDP R2_population R2_unemployment R2_vaccination

South Africa ZAF 2,666,964 0.995056 0.859487 0.204777 0.019379
Morocco MAR 799,775 0.134743 0.263292 0.143825 0.380819
Tunisia TUN 640,897 0.043861 0.084526 0.155247 0.277971
Ethiopia ETH 293,737 0.75561 0.822945 0.094742 0.033534
Libya LBY 293,532 0.010674 0.006156 0.128321 0.171827
Egypt EGY 285,995 0.308914 0.186516 0.112722 0.118864
Kenya KEN 227,077 0.664317 0.492796 0.112374 0.025404
Zambia ZMB 203,978 0.772935 0.04053 0.153869 0.024927
Algeria DZA 190,656 0.020082 0.000192 0.139564 0.272556
Nigeria NGA 182,503 0.640467 0.60907 0.100061 0.113779
Botswana BWA 146,461 0.972259 0.538854 0.180738 0.023452
Mozambique MOZ 142,013 0.864353 0.11899 0.175518 0.01605
Namibia NAM 123,483 0.955636 0.530339 0.173056 0.029527
Zimbabwe ZWE 122,288 0.943569 0.26104 0.176333 0.019896
Uganda UGA 118,673 0.5413 0.354124 0.107841 0.03365
Ghana GHA 112,928 0.627003 0.562596 0.100864 0.141919
Cameroon CMR 82,454 0.677247 0.68706 0.096967 0.083363
Rwanda RWA 82,215 0.300542 0.094237 0.115782 0.032974
Senegal SEN 71,628 0.350708 0.236165 0.09602 0.276093
Malawi MWI 59,249 0.658308 0.033733 0.159215 0.01893
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linear regression equations, which describe the relationship 
between independent variables and a dependent variable. In 
Fig. 8, the scatter diagram of this analysis is shown for each 
of the variables. In this analysis, R2 of OLS is also calcu-
lated between the variables. Then. this R2 value was com-
pared with the R2 value obtained from the GWR method. 
Table 4 shows the results of this comparison. In this table, 
“OLS R-Squared” and “GWR R-Squared” are the calculated 
R-squared for OLS and GWR analyses, respectively. Since 
the R2 value of OLS analysis is lower than GWR analysis, 
it can be concluded that GWR analysis is more suitable for 
modeling input variables. The main reason for this result is 
that GWR analysis can calculate the spatial distribution of a 
variable locally, while this capability is ignored in the OLS 
method. This makes GWR analysis model non-stationary 
variables more correctly [37].

Conclusion

Corona disease is an infectious disease that has killed mil-
lions of people in the last few years. Identifying the influ-
encing factors can play a significant role in controlling the 
disease. Since treatment costs are limited in the African con-
tinent, identifying the factors affecting Corona can approxi-
mately compensate for the weakness of treatment. Therefore, 
in this research, the influential factors such as unemployment 
rate, GDP, population, and vaccination were investigated on 
Corona in the African continent. In this research, first, the 

suitability of the data was examined for spatial analysis. 
Then, sensitive areas in the continent were identified for 
infected and deceased by hot-spot analysis and clustering. 
Finally, factors affecting the disease were investigated by 
GWR analysis.

In this research, the spread of Corona was analyzed spa-
tially in the entire continent of Africa. Therefore, the spatial 
analysis of the spread of Corona and its spatial correlation 
was carried out with several independent variables in this 
article. This issue is one of the innovations of this research. 
On the other hand, in previous research, statistical analyses 
were performed on data, while in this research, spatial factor 
such as neighborhood analysis was also considered on the 
disease. This issue is the main difference between the current 
research and the previous one.

According to the obtained results, it was determined 
that the southern part of the African continent is a hot spot 
for the infected. Hot-spot areas of the deceased were also 
observed in the southern and northern parts of this con-
tinent. According to the result, the populated developed 
countries were being exposed to the outbreak of COVID-19 
more than the other countries. A significant relationship was 
observed between the outbreak of COVID-19 and explana-
tory variables in these countries. Some of these countries 
are located in hot-spot clustering as well. The countries in 
the central part of the African continent are economically 
weak. It should be noted that the absence of these coun-
tries in the hot-spot map does not indicate the absence of 
disease in these areas. Due to the underdeveloped public 
health infrastructure, Corona tests are less likely to be per-
formed in these areas. Therefore, it is impossible to have 
accurate statistics on the number of infected in these areas. 
The ideal situation is to sample the number of infected and 
deaths in the same conditions in all countries. In this case, 
more accurate analyses can be obtained. In this research, 
influential factors (such as GDP) were investigated, while 
environmental factors, such as temperature, altitude, humid-
ity, etc., can also be studied on Corona disease in Africa. The 

Fig. 8  Scatter plots of variable distributions and relationships

Table 4  Best-fit model checks results

Explanatory variables OLS R-squared GWR R-squared

GDP 0.273378 0.964538
Population 0.056944 0.948399
Unemploy 0.157760 0.298843
Vaccination 0.056474 0.133606
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outcome of these sorts of research could moderately provide 
an appropriate perspective of diseases outbreak. However, 
disease management needs accurate statistics of real peo-
ple’s conditions to access reasonably public health services.

Supplementary Information The online version contains supplemen-
tary material available at https:// doi. org/ 10. 1007/ s40615- 022- 01453-w.
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