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Background: Iran detected its first COVID-19 case in February 2020 in Qom province, which 
rapidly spread to other cities in the country. Iran, as one of those countries with the highest 
number of infected people, has officially reported 1812 deaths from a total number of 23049 
confirmed infected cases that we used in the analysis.

Materials and Methods: Geographic distribution by the map of calculated incidence rates for 
COVID -19 in Iran within the period was prepared by GIS 10.6 Spatial autocorrelation (Global 
Moran’s I) and hot spot analysis were used to assess COVID -19 spatial patterns. The ordinary 
least square method was used to estimate the relationship between COVID -19 and the risk 
factors. The next step was to explore Geographically Weighted Regression (GWR) models 
that might better explain the variation in COVID -19 cases based on the environmental and 
socio-demographic factors.

Results: The spatial autocorrelation (Global Moran’s I) result showed that COVID-19 cases 
in the studied area were in clustered patterns. For statistically significant positive z-scores, the 
larger the z-score is, the more intense the clustering of high values (hot spot), such as Semnan, 
Qom, Isfahan, Mazandaran, Alborz, and Tehran. Hot spot analysis detected clustering of a hot 
spot with confidence level 99% for Semnan, Qom, Isfahan, Mazandaran, Alborz, and Tehran, 
as well. The risk factors were removed from the model step by step. Finally, just the distance 
from the epicenter was adopted in the model. GWR efforts increased the explanatory value of 
risk factor with better special precision (adjusted R-squared=0.44)

Conclusion: The highest CIR was concentrated around Qom. Also, the greater the distance 
from the center of prevalence (Qom), the fewer the patients. Hot spot analysis also implies that 
the neighboring provinces of prevalence centers exhibited hot spots with a 99% confidence 
level. Furthermore, the results of OLS analysis showed the significant correlation of CIR 
is with the distance from epicenter (Qom). The GWR can result in the spatial granularity 
providing an opportunity to well understand the relationship between environmental spatial 
heterogeneity and COVID-19 risk as entailed by the infection of CIR with COVID-19, which 
would make it possible to better plan managerial policies for public health.
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1. Introduction

oronaviruses belong to the Coronaviridae 
family. They are a large group of viruses 
with positive-sense, single-stranded envel-
oped RNA found in animals and humans 
[1]. Two major coronavirus outbreaks in 
many countries, the Middle East respira-
tory syndrome coronavirus (MERS-COV) 

[2] and the severe acute respiratory syndrome corona-
virus (SARS-COV) have been recorded [3]. The new 
Coronavirus disease 2019 (COVID-19) is an infectious 
disease caused by severe acute respiratory syndrome 
coronavirus 2 (SARS-COV-2) [4]. The disease was first 
identified in 2019 in Wuhan, the capital of Hubei in Chi-
na, and has spread globally, resulting in a coronavirus 
pandemic [5]. According to the World Health Organiza-
tion, the number of confirmed cases is 375,498 and the 
number of deaths is 16,362 across 196 countries on 23 
March 2020 [6]. The mortality rate is 3.4 %; however, it 
ranges from 0.2% to 15%, according to age group and 
other health problems [7]. 

Since the epidemic of SARS and MERS, many studies 
have analyzed the viral transmission of the diseases us-
ing different techniques, like the SI model and spatial 
statistics to assess the spatial clustering of the corona-
viruses [8, 9]. Understanding the viral transmission of 
COVID-19 is critical using a spatially explicit model. 
Iran detected its first COVID-19 case in February 2020 
in Qom province, which rapidly spread to other cities in 
the country. Iran, as one of those countries with the high-
est number of infected people, has officially reported 
1812 deaths among a total number of 23049 confirmed 
infected cases till now. Factors, ranging from the level 
of humidity, temperature, distance from the epicenter, 
to those, such as population density, socio-demographic 
characteristics, and level of urbanization may probably 
be the contributing factors, which change the pattern of 
prevalence of the novel infection in different areas.  In 
the current study, statistical and spatial analysis were 
applied to determine spatial distribution and prevalence 
of COVID-19 infection associated with environmental 
and socio-demographic factors in the various provinces 
of Iran. This information is beneficial in identifying the 
regions with high risk for the disease and provide stake-
holders with prioritizing public health interventions. The 
aim of this study was to exhibit the geographical and 
spatial distribution of the COVID-19 epidemic in all the 
provinces in Iran.

2. Materials and Methods

Study area

The Islamic Republic of Iran is located in Western Asia 
with a vast area of 1,648,195 km2.  Iran is the second-
largest and most populous country in the Middle East. 
The country has about 85 million people with the sig-
nificant youth population actively involved in the pro-
duction and other socio-economic activities. It shares 
borders Armenia, Azerbaijan, and Turkmenistan in the 
North, Turkey in the Northwest, Iraq in the West, Per-
sian and Oman Gulf in the South and Afghanistan and 
Pakistan in the East and Southeast, respectively. With a 
diverse climate, Iran is an arid, semiarid subtropical area 
with annual precipitation of 680 mm (26.8 in) in the east-
ern parts and more than 1,700 mm (66.9 in) in the north-
ern and western parts, respectively. The temperature, on 
the other hand, ranges from 5°C to 10°C and 20°C to 
30°C or more in winters and summers, respectively. The 
country has thirty-one provinces administered from the 
capital Tehran [10].

COVID-19 cases data

Data on COVID -19 cases from 23 February to 22 
March 2020 were collected from the Ministry of Health 
and Medical Education of Iran. Cases were detected using 
the diagnostic tool kits, which were confirmed in the hos-
pital. A total number of 23049 cases from Iran provinces 
were used in the analysis. The number of recovered cases 
and deaths from COVID-19 was also considered. Figure 
1 exhibits all data collected since the time of this study.

Environmental and socio-demographic factors 

The environmental factors considered in this analysis 
were humidity, temperature, precipitation, elevation, 
number of travels to provinces, and the distance from the 
epicenter. Other important socio-demographic factors 
were population, age, educational status, and vitamin D 
intake per province. The details of the mentioned param-
eters are shown in Table 1.

The COVID -19 incidence rate (cases per 100,000 pop-
ulation) was the measure used for the severity of disease 
in this analysis, which was assessed by Equation 1. The 
cumulative incidence rate is the proportion of the popu-
lation at risk within a given period of time [11]. 

Eq. (1). Cumulative incidence rate=
Total number of new cases

Number of population atrisk

C
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The cumulative incidence rate map in adjacent prov-
inces to Qom (as the major infected city in Iran) is shown 
in Figure 2. As depicted, provinces, such as Bushehr, 
Chaharmahal and Bakhtiari, Kerman, Kermanshah, 
Khuzestan, Kohgiluyeh and Boyer-Ahmad, North Kho-
rasan, Sistan and Baluchestan, and West Azerbaijan had 
the lowest cumulative incidence rate (CIR<10) from 
February 23 to March 22, 2020.  

Spatial pattern analysis

Spatial autocorrelation (Global Moran’s I) [12], and hot 
spot analysis [13] were used to assess COVID-19 spatial 

patterns, such as spatial distribution characteristics, spa-
tial clustering, and spatial hot spots in the Iran provinces. 
The spatial analysis methods were applied for the dis-
ease analysis. ‘Spatial autocorrelation’ (global Moran’s 
I) measures spatial autocorrelation based on both feature 
locations and feature values simultaneously. The global 
Moran’s I index values fall between _1.0 and +1.0. This 
index evaluates whether the pattern expressed is clus-
tered (>0), dispersed (=0), or random (<0). The ‘hot 
spot analysis’ (Getis-Ord Gi*) calculates each feature in 
the dataset is a z-score. For statistically significant posi-
tive z-scores, the larger the z-score is, the more intense 
the clustering of high values (hot spot). For statistically 

Figure 1. Geographic location of Iran 

Figure 2. An increasing trend in the total infected and recovered cases and deaths, from February 23 to March 22, 2020

36.3% of the total infected cases were recovered and 7.8% of the total infected cases died at the time of this study in Iran.
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significant negative z-scores, the smaller the z-score is, 
the more intense the clustering of low values (cold spot).

Spatial statistical models 

The ordinary Least Square (OLS) method was used to 
estimate the relationship between COVID - 19 and the 
risk factors. This method minimized the sum of squared 
differences between the observed response and the ones 
predicted from the explanatory method. OLS regression 
is a powerful technique for modeling continuous data, 
particularly when it is used in conjunction with dummy 
variable coding and data transformation [14]. The CO-
VID-19 was the dependent variable used in the model.  
Trust in the model can be assessed according to six rules: 
1. the coefficients have the expected signs; 2. there is no 
redundancy among explanatory variables; 3. the coeffi-
cients are statistically significant; 4. the residuals are nor-
mally distributed; 5. there is a strong adjusted R-square 
value; 6. the residuals are not spatially autocorrelated 
[15]. Collinearity was accounted for the variables uti-
lized according to the six rules of the OLS model.

The least-square regression model interpretation was 
based on multi-collinearity, robust probability, adjusted 
R, and Akaike Information Criteria (AIC). The statisti-
cally significant variables were indicated by the robust 
probability, which shows their significance in the model. 
To examine the VIF values and robust probability, the 
OLS model was run several times until all the redundant 
variables were removed from the model. This procedure 
continued until narrowing down to non-redundant and 

significant variables. The AIC was then used to deter-
mine the best OLS model. 

The next step was to explore Geographically Weighted 
Regression (GWR) models that might better explain the 
variation in COVID -19 cases based on the environmen-
tal and socio-demographic factors. Spatial autocorrela-
tion (Global Moran’s I) was utilized to assess whether 
the environmental and socio-demographic factors exhib-
ited a random spatial pattern [16], and where adequate 
models have a random distribution of the residuals [17].

Geographically weighted regression 

Under the assumption that the strength and direction 
of the relationship between the dependent variable and 
its predictors may be modified by contextual factors, the 
GWR model was applied. The results were analyzed us-
ing the spatial relationship tools within the spatial statis-
tics toolbox in the ArcGIS Arc toolbox. The explanatory 
variables used in OLS were used in the GWR modeling 
in other to access the difference in model improvement, 
which can be due to modeling approach or environmen-
tal and socio-demographic factors. The GWR model was 
applied to analyze the relationship between COVID-19 
cases and environmental and socio-demographic factors 
changes from one province to another. The GWR detects 
spatial variation and shows how the relationship varies 
in space and produces information useful for interpreting 
spatial non-stationarity [18].

Table 1. Data sources

Data Spatial Resolution Source

Population Province scale Statistical Centre of Iran

Age Province scale Statistical Centre of Iran

Illiteracy rate Province scale Statistical Centre of Iran

Number of travels to provinces Province scale Statistical Centre of Iran

Humidity Province scale Iran metrological organization

Precipitation Province scale Iran metrological organization

Temperature Province scale Iran metrological organization

Vitamin D intake per province Province scale Ecological descriptive study of vitamin D status in Iran

Distance from epicenter 30m Euclidean distance tool and zonal statistical tool in ArcMap 10.6

Elevation 30m Extracted by Digital Elevation Model (DEM) and zonal Statistics tool in 
ArcMap10.6) 

Shariati M, et al. Spatial Analysis of COVID-19. HDQ. 2020; 5(3.COVID-19):145-154.

April 2020, Vol 5, Num 3 [COVID-19]



149

3. Results

Spatial analysis of COVID-19

The spatial autocorrelation (Global Moran’s I) result 
showed that COVID-19 cases in the studied area were in 

clustered patterns, with a Moran’s index of 0.65 and a p-
value of less than 0.01. The hot spot analysis (Getis-Ord 
Gi*) results are given in Figure 3.

For statistically significant positive z-scores, the larger 
the z-score is, the more intense the clustering of high val-

Figure 3. Geographic distribution using a GIS-based map of calculated incidence rates for COVID-19 in Iran

A. Highest cumulative incidence rate in Qom province (CIR=10) as the epicenter, from February 23 to March 1, 2020. B. High-
est cumulative incidence rate affected Qom (CIR=49.46), Semnan (CIR=23.36), and Markazi (CIR=23.28) from March 1 to 8, 
2020.  C. Highest cumulative incidence rate was found for Qom (CIR=55.53), Markazi (CIR=48.51), Semnan (CIR=28.94) and 
Gilan (21.04) from March 8 to 15. D. From 15 to 22 March 2020, the highest cumulative incidence rate was found for Qom 
(CIR=84.20), Semnan (CIR=81.72), Markazi (CIR=60.53), Qazvin (CIR=50.94), Mazandaran (CIR=49.29), Gilan (46.23), and Al-
borz (CIR=38.52), respectively.

Figure 4. Hot spot analysis of COVID-19 in the studied area (22nd march 2020) 
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ues (hot spot), such as Semnan, Qom, Isfahan, Mazan-
daran, Alborz, and Tehran. For statistically significant 
negative z-scores, the smaller the z-score is, the more 
intense the clustering of low values (cold spot), such as 
Sistan and Baluchistan, Hormozgan, Bushehr, Fars, Ko-
hgiluyeh and Boyer-Ahmad (Figure 4a).

Figure 4b demonstrates the clustering of high values 
(hot spot) with a confidence level of 99% for Semnan, 
Qom, Isfahan, Mazandaran, Alborz, and Tehran. The 
indicator detected clustering of low values (cold spot) 
for Bushehr and Kohgiluyeh and Boyer-Ahmad with a 
confidence level of 99% and 95%, respectively.  

Identifying environmental and socio-demograph-
ic risk factors of COVID-19

Risk factors were first entered into the model. Then, ac-
cording to the six rules of OLS model availability, the risk 
factors were removed from the model step by step. Final-
ly, one risk factor was adopted in the model (Table 2). The 
adjusted R-squared was 0.328 with a corresponding cor-
rected AIC of 259.75. The following model was obtained: 

Y=34.86+(-0.00004)X

Where, Y and X indicate the incidence rate of COVID 
-19, and distance from the epicenter, respectively, which 
were expressed as the number per 100000.

a. Coefficient: Represents the strength and type of re-
lationship between each explanatory variable and the 
dependent variable.

b. Probability and Robust Probability (Robust_Pr): the 
asterisk (*) indicates that the coefficient is statistically 
significant (P<0.01); if the Koenker (BP) Statistic [f] is 
statistically significant, use the Robust Probability col-
umn (Robust_Pr) to determine coefficient significance.

c. Variance Inflation Factor (VIF): Large Variance In-
Flation Factor (VIF) values (>7.5) indicate redundancy 
among explanatory variables.

d. R-Squared and Akaike’s Information Criterion 
(AICc): Measures of model fit/performance.

e. Joint F and Wald Statistics: The asterisk (*) indicates 
overall model significance (P<0.01); if the Koenker (BP) 
Statistic [f] is statistically significant, use the Wald Statis-
tic to determine overall model significance.

f. Koenker (BP) Statistic: When this test is statistically 
significant (P<0.01), the relationships modeled are not 
consistent (either due to non-stationarity or heteroskedas-
ticity). You should rely on the Robust Probabilities (Ro-
bust_Pr) to determine coefficient significance and on the 
Wald Statistic to determine overall model significance.

g. Jarque-Bera Statistic: When this test is statistically 
significant (P<0.01), the model predictions are biased 
(the residuals are not normally distributed).

Geographically Weighted Regression (GWR)

The local GWR model produced an adjusted R2 of 
0.44 (P<0.05) with a corresponding corrected AIC of 
255.50. A 4-point decrease in the AIC and approximately 

Table 2. Summary of the Ordinary Least Square (OLS) and Ordinary Least Square (OLS) results of population diagnostics 

Variables Coefficient [a] Std Error t-Statistic Probability [b] Robust_SE Robust_t Robust_Pr [b]

Intercept 34.862 4.748 7.341 0.000000* 5.820 5.989 0.000002*

DfE* -0.000040 0.000010 -3.962 0.000441* 0.000010 -3.916 0.000501*

*Distance from Epicenter

Number of Observations: 31 Akaike’s Information Criterion (AICc) [d]: 259.756380

Multiple R-Squared [d]: 0.351299 Adjusted R-Squared [d]: 0.328930

Joint F-Statistic [e]: 15.704737 Prob(>F), (1,29) degrees of freedom: 0.000442*

Joint Wald Statistic [e]: 15.336995 Prob(>chi-squared), (1) degrees of freedom: 0.000090*

Koenker (BP) Statistic [f]: 3.057427 Prob(>chi-squared), (1) degrees of freedom: 0.080369

Jarque-Bera Statistic [g]: 9.896008 Prob(>chi-squared), (2) degrees of freedom: 0.007098*

* Statistically significant P-value (P<0.01). 
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4% improvement in the model performance suggested 
that incorporating spatial data improved the predictive 
ability of COVID -19 risk. Figure 5a maps the values 
of the standardized residual across Iran. This figure pro-
vides a representation of a. areas with unusually high or 
low residuals; and b. whether the residuals were spatially 
autocorrelated. Provinces with excessively large posi-
tive residuals would under-predict the incidence rate of 
COVID -19, such as Semnan and Qom; though, prov-
inces with excessively large negative residuals would 
over-predict the incidence rate of COVID -19, such as 
Hamedan and Chaharmahaal and Bakhtiari. The spatial 
autocorrelation of GWR residuals for the model resulted 
in a Moran’s I value of 0.042 (P=0.45). 

Given the z-score of 0.74, the pattern does not appear to 
be significantly different than random. Figure 5b shows 
the variation in the models of the distance from the epi-
center. The map for the local coefficients GWR revealed 
variations among the different provinces. The local co-
efficient ranged from -0.000075 for the westernmost 
province to 0.000035 for the southernmost and Eastern-
most provinces.  Distance from epicenter demonstrated 
a negative relation to the incidence rate of COVID-19. 
Mapping this coefficient shows how the relationship be-
tween each explanatory and dependent variable changes 
across the studied area. The red areas show a large co-
efficient and the mapped explanatory variables exhibit 
strong prediction [15].

4. Discussion

Spatial distribution is important for monitoring and iden-
tifying how diseases spread over an area [19]. Spatial dis-
tributions of the calculated CIR showed Qom province 
and its nearest areas as the possible center of the disease. 
A high incidence of COVID-19 was found in areas close 
to this center. The highest prevalence of the afflicted cases 

was observed in Tehran and Mazandaran. Medical geospa-
tial analysis has been extensively used as an effective tool 
for making precise trend that estimates of various epidem-
ic diseases [20]. Spatiotemporal techniques are capable of 
discerning geographical clusters of the outbreaks [21]. 

In the this study, this technique was applied to examine 
the spatiotemporal variation of COVID-19 in Iran from 
23 February to 22 March 2020. The Global Moran’s I 
value of 0.65 (P<0.01) showed a notable clustering of 
CIR in the studied area. 6 Hot and 2 Cold spots prov-
inces were detected by spatial statistical analysis, which 
all were statistically significant. The high-risk provinces 
identified for COVID-19 were Semnan, Qom, Isfahan, 
Mazandaran, Alborz, and Tehran, which are located in 
the northern and central parts of Iran. The regions adja-
cent to the epicenter (Qom) are the locations of the ut-
most intense clustering regions at high risk. This study 
was conducted on the use of two common methods; 
namely, geographical and statistical information. In this 
research, spatial statistical methods were used to investi-
gate spatial patterns of COVID-19 cases along with the 
correlations between COVID-19 and risk factors. This 
technique refines the perception of variations in spatial 
patterns of COVID-19 and provides insights into envi-
ronmental and socio-demographic risk factors’ effects on 
COVID-19; thereby enabling effective support for pre-
venting and controlling objectively.

A Global OLS model is applicable in spatial regres-
sion models for examining the correlation between CO-
VID-19 and possible descriptive factors dependent on 
the presumption that the correlation is a stationary spa-
tial model [22]. The OLS model of COVID-19 was built 
successfully with COVID-19 cases as the dependent 
variable and the risk factor of distance from epicenter as 
the explanatory variable. Contrary to expectation, vari-
ables, such as the number of travels to provinces, due to 
the arrival of Nowruz holidays in Iran, have not signifi-

 

Figure 5. Spatial distribution of (a) standardized residuals; (b) Distance from Epicenter Coefficient.

Shariati M, et al. Spatial Analysis of COVID-19. HDQ. 2020; 5(3.COVID-19):145-154.

April 2020, Vol 5, Num 3 [COVID-19]



152

cantly correlated with the prevalence rate of the disease 
until the time of this survey; indicating the government’s 
preventive measures, the high level of people compli-
ances with the instructions of the Ministry of Health, and 
sufficient information of the Iranian broadcasting.

However, some researchers identified vitamin D defi-
ciency as the possible cause of developing respiratory 
illnesses, like COVID-19 [23, 24], no significant asso-
ciation was found between the levels of vitamin D and 
COVID-19 prevalence rates in this study. In order to 
build a valid model and predict the prevalence rate of 
COVID-19, other variables should be added to the mod-
el. However, lack of access to other influential data, like 
economic and political factors led us to ignore these vari-
ables in the current study. According to the data collected 
during the time of the current research, the highest CIR 
was concentrated around Qom. In addition, the greater 
the distance from the center of prevalence (Qom), the 
fewer the patients. Hot spot analysis also implied that the 
neighboring provinces of the prevalence centers had hot 
spots with a 99% confidence level. The results of OLS 
analysis indicated the significant correlation between 
CIR and the distance from epicenter (Qom).

The use of the local GWR model has given more credibil-
ity in modeling diseases than the global OLS model [25]. 
According to Fotheringham [26], the use of GWR is ben-
eficial as it encompasses most of the spatial autocorrelation 
in the residuals, which are normally present in global mod-
eling. Furthermore, it may happen for a globally non-sig-
nificant variable to possibly become of local importance.

The GWR can result in the spatial granularity, provid-
ing an opportunity to well understand the relationship 
between the environmental spatial heterogeneity and 
COVID-19 risk as entailed by the infection of CIR with 
COVID-19. This method helps to legislate managerial 
policies for public health more precisely.

To sum up, COVID-19, a globally emerging conta-
gious disease, was reported to have a heterogeneous 
relationship with distance from epicenter (Qom) in the 
course of our data collection period. The present ob-
servations can be helpful to people concerned with risk 
assessments for COVID-19 through aiding local public 
health institutions for an epidemic based on regionally 
specified circumstances. The results of the present study 
are very detailed and could provide accurate information 
to control and prevent the COVID-19 further outbreak.

5. Conclusion

1. According to the data collected over a period of one 
month, the highest CIR was concentrated around Qom, 
as provinces that located farther away from Qom as a hot 
spot, were less affected.

2. The analysis of hotspots also showed the existence 
of hotspots in the neighboring provinces of Qom with a 
99% confidence level.

3. Based on the results of the OLS analysis, out of the 9 
variables included in the models, only the distance from 
Qom demonstrated a significant relation with CIR.

4. In terms of the coefficient distance effects from Qom, 
the highest coefficients were related to the southern and 
eastern provinces; while, the northeastern provinces ex-
hibited lower coefficients.
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