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Abstract
The coronavirus disease 2019 (COVID-19) is an emerging and rapidly evolving pro-
found pandemic, which causes severe acute respiratory syndrome and results in 
significant case fatality around the world including Bangladesh. We conducted this 
study to assess how COVID-19 cases clustered across districts in Bangladesh and 
whether the pattern and duration of clusters changed following the country's con-
tainment strategy using Geographic information system (GIS) software. We calcu-
lated the epidemiological measures including incidence, case fatality rate (CFR) and 
spatiotemporal pattern of COVID-19. We used inverse distance weighting (IDW), 
Geographically weighted regression (GWR), Moran's I and Getis-Ord Gi* statistics 
for prediction, spatial autocorrelation and hotspot identification. We used retrospec-
tive space-time scan statistic to analyse clusters of COVID-19 cases. COVID-19 has 
a CFR of 1.4%. Over 50% of cases were reported among young adults (21–40 years 
age). The incidence varies from 0.03 - 0.95 at the end of March to 15.59–308.62 per 
100,000, at the end of July. Global Moran's Index indicates a robust spatial auto-
correlation of COVID-19 cases. Local Moran's I analysis stated a distinct High-High 
(HH) clustering of COVID-19 cases among Dhaka, Gazipur and Narayanganj districts. 
Twelve statistically significant high rated clusters were identified by space-time scan 
statistics using a discrete Poisson model. IDW predicted the cases at the undeter-
mined area, and GWR showed a strong relationship between population density and 
case frequency, which was further established with Moran's I (0.734; p ≤ 0.01). Dhaka 
and its surrounding six districts were identified as the significant hotspot whereas 
Chattogram was an extended infected area, indicating the gradual spread of the virus 
to peripheral districts. This study provides novel insights into the geostatistical analy-
sis of COVID-19 clusters and hotspots that might assist the policy planner to predict 
the spatiotemporal transmission dynamics and formulate imperative control strate-
gies of SARS-CoV-2 in Bangladesh. The geospatial modeling tools can be used to 
prevent and control future epidemics and pandemics.

K E Y W O R D S

Bangladesh, clustering, COVID-19, Hotspot, Moran's I, scan statistics

www.wileyonlinelibrary.com/journal/tbed
mailto:
https://orcid.org/0000-0002-9210-3351
https://orcid.org/0000-0002-6626-4178
https://orcid.org/0000-0001-7761-9846
https://orcid.org/0000-0002-6071-4692
https://orcid.org/0000-0003-1986-4960
https://orcid.org/0000-0001-6495-4637
mailto:arif@ecohealthalliance.org
http://crossmark.crossref.org/dialog/?doi=10.1111%2Ftbed.13973&domain=pdf&date_stamp=2021-01-29


2  |     ISLAM et AL.

1  | INTRODUC TION

In the early 21st century, people of the world faced the challenges 
of frightening morbidity and mortality producing Severe Acute 
Respiratory Syndrome Coronaviruses (SARS-CoV) and Middle East 
Respiratory Syndrome Coronaviruses (MERS-CoV) which was un-
veiled in China first and then spread out in the Middle East especially 
in Saudi Arabia (Paules et al., 2020). Since then, several scientists 
around the world have worked to identify other coronaviruses to 
prevent future pandemics. Unfortunately, the current pandemic has 
emerged from Wuhan, China, at the end of 2019 with the report of a 
bunch of pneumonia cases of unknown aetiology (Chan et al., 2020; 
Guo et al., 2020). In January 2020, the World Health Organization 
(WHO) named the virus a novel coronavirus (Guo et al., 2020). Till 
the end of July, around 20.0 million people have been infected with 
the death of 0.75 million people at an approximately 5% death rate 
throughout the world (Worldometers, 2020). Like other Asian coun-
tries, Bangladesh has experienced the pandemic threat of COVID-19 
since March 2020.

Despite substantial knowledge on the transmission dynamics 
of this pandemic in many countries with the early-state outbreak 
(Demertzis et al., 2020; Tang et al., 2020; Xiong et al., 2020), rela-
tively little is known on the spatiotemporal dynamics of COVID-19 
pandemic in Bangladesh. The government of Bangladesh and private 
sectors keep fighting to cope with the consequences of this deadly 
pandemic and the scientific communities are contributing towards 
improving the current understanding of several aspects of this pan-
demic (Bhuiyan et al., 2020; Chowdhury et al., 2020). Bangladesh 
may well have experienced a community exposure to the deadly 
COVID-19 pandemic disease since March 2020. The probably pri-
mary spreading agents were people returning from abroad between 
February and March 2020, mainly from highly infected countries 
in Europe (e.g. Italy, Spain and the UK). Although the government 
started taking initiatives in March, it was delayed to contain the out-
break. Early detection and effective isolation measures were neces-
sary to tackle this type of pandemic, which might be ignored initially 
by many countries. Besides, the space-time progression from early 
April that highlights community level spread in many districts of 
Bangladesh potentially facilitated the outbreaks. Despite mass gath-
erings due to poor education as well as behavioural, socio-economic 
status, population density and religious practices in Bangladesh, en-
forcement exacerbated the COVID-19 situation.

People's movement usually plays a significant part in the spread 
of infectious diseases, and this mainly applies to COVID-19 as this 
respiratory virus is highly contagious and transmitted through drop-
lets and aerosols. The spatiotemporal analysis is essential when in-
vestigating the spread of infectious disease. Geographic information 
system (GIS) has emerged as a new tool of a comprehensive, com-
puterized system capable of collecting, saving, managing, calculat-
ing, displaying and analysing spatial-temporal data effectively. It is 
widely used to describe the epidemic characteristics of infectious 
diseases and analyse their spatial distributions (Kirby et al., 2017; 
Tami et al., 2016). The spatiotemporal statistics are important 

methods for detecting transmission dynamics of COVID-19, which 
can permit assessing continuing efforts and inform new, innovative 
solutions for containing the disease (Xiong et al., 2020).

Understanding the spatiotemporal dynamics of COVID-19 will 
help to clarify the extent and impact of the pandemic. It also helps to 
identify those locations where the health services require improve-
ment. It is an essential aid for decision-making, planning and commu-
nity action (Franch-Pardo et al., 2020). Several countries like China 
(Huang et al., 2020), Iran (Pourghasemi et al., 2020), United States 
(Wang et al., 2020) have done the spatiotemporal analysis to figure 
out the epidemic characteristics due to the spatial dependence of 
COVID-19 (Huang et al., 2020).

The epidemiology and spatiotemporal characteristics of COVID-
19 are essential to consider for decision-making regarding the 
re-opening of states and localities. The possible epidemiology of the 
pandemic has been reported by many authors throughout the world, 
including Bangladesh (Islam et al., 2020), but there is limited pub-
lished information on the geographical variability of COVID-19 in 
Bangladesh. We, therefore, conducted the present study targeting 
the spatial-temporal distribution and characteristics of the COVID-
19 epidemic at the district level and national level in Bangladesh. We 
aimed to identify the changes in the epidemiological measures of 
the COVID-19 cases and their association with socio-economic fac-
tors. We used inverse distance weighted (IDW) and Geographically 
weighted regression (GWR) to evaluate the spatial non-stationarity 
of COVID-19 distribution of the existing case patterns in contrast to 
population density. We computed the Moran's I statistics to identify 
the spatial autocorrelation and Getis-Ord Gi* to detect the possible 
spatial hotspot areas based on geographic information system (GIS). 
We also performed the retrospective spatial purely scan statistics to 
detect the high rated clusters of COVID-19 in Bangladesh.

2  | MATERIAL S AND METHODS

2.1 | Study area

We tried to visualize the Geospatial dynamic of COVID-19 in 
Bangladesh, a country in the South Asian region with having sub-
tropical monsoon climatic weather with distinct seasonal vari-
ations in contrast to rainfall, environmental temperature and 
humidity (Anon, 2020). The country is geographically located 
within 20°34′N–26°38′N latitude and 88°01′E–92°41′E longitude, 
bordered with India at its west, north, and eastern part, whereas 
Myanmar at its southeastern part and Bay of Bengal in the south 
(Rahman & Lateh, 2016). The country has a large population of 
around 165.20 million housed in its 144,000 square kilometre area 
with around 1,115.62 people per km2 (SEDAC, 2020; WPR, 2020). 
The total land area of this country is divided into eight larger ad-
ministrative divisions which are further split into 64 smaller admin-
istrative districts. Dhaka is the capital and largest city of Bangladesh 
having around 14.4 million people with a density of 19,447 individu-
als per square kilometre area (WPR, 2020) represents around 28% 
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of the total urban population of this country. Bangladesh is a lower-
middle-income country and on the track of least developed country 
(Bank, 2020). The country's economy is largely depending on export 
earnings and foreign remittance.

2.2 | Data source

Bangladesh reported the first COVID-19 case on 8 March 2020. 
Since then, the daily case has been updated publicly on the gov-
ernment COVID-19 website and media briefing. In this study, we 
collected the data from the government official (IEDCR, 2020) 
COVID-19 web portal (https://www.corona.gov.bd/), Worldometers 
(2020) and WHO (2020a), besides we also searched in local, and na-
tional daily newspapers. We collated the daily COVID-19 data from 
March 8 to July 31, on the test performed, confirmed number of 
cases, the death count and recovery number from the different da-
tabases. We accumulated the daily country-wise and district-wise 
data and adjusted the missing data manually from the newspaper, 
and daily Government press briefing. The district-wise death data 
were collected from the local newspaper and civil surgeon office 
which was checked for the integrity using division wise daily death 
data published by IEDCR. The country-specific age and sex-related 
patients’ data were chunked from the weekly published situation 
report by WHO, for Bangladesh (WHO, 2020b). We have used the 
district-wise data on different socio-economic variables including 
total population, rural population percentage, working-age popula-
tion, number of poor people, occupation, water source and people 
over 65 years old from BBS (2020) and SEDAC (2020).

2.3 | Epidemiological measures of COVID-19

We collected and analysed the COVID-19 incidence data for about 
145 days in this study. We used MS Excel 2019 (Microsoft) to collate 
the original data. We graphically represented the daily number of 
the tested sample, infected number, death count, cumulative recov-
ery number and CFR. We calculated the daily CFR as the proportion 
between the death count and the number of infected cases where 
the output has expressed in percentage. We also visualized the age-
specific case and death count graphically in percentage along with 
age- and sex-specific death counts. We estimated the major cor-
relations between district-wise COVID-19 cases with the different 
socio-economic variables of Bangladesh.

2.3.1 | Spatiotemporal distribution of 
COVID-19 cases

We have produced one to many dot density maps in ArcGIS v10.4.1 
to visualize the changing pattern of the monthly spatial distribution 
of case count using a digitized map of Bangladesh. In the map, each 
dot represents a specific number of case count.

2.3.2 | Incidence calculation of COVID-19 and its 
visualization using Choropleth maps

We have calculated the monthly incidence per 100,000 people for 
the individual district as the proportion between case counts of 
COVID-19 and the number of populations for each district who were 
supposed to be disease-free at the beginning of the month and visu-
alized using the choropleth map in ArcGIS v10.4.1.

2.4 | Geospatial modelling

We performed the Geospatial modelling using different statistical 
analytic tools in ArcGIS software, version 10.4.1 (ESRI, Redlands, 
CA, USA). We performed the inverse distance weighting (IDW), 
Geographically weighted regression (GWR), Moran's I, Spatial Scan 
statistics and Getis-Ord Gi* to predict the cases in the undeter-
mined area, autocorrelation, spatial clustering and possible hotspots, 
respectively.

2.4.1 | Prediction through interpolation and relation 
between cases and population

Inverse Distance Weighted (IDW)
In Bangladesh, the number of COVID-19 cases has been reported for 
the individual district without mentioning the exact spatial location 
of the cases. So, we have used the inverse distance weighted (IDW) 
interpolation methods, as described by (Murugesan et al., 2020), with 
the aid of ArcGIS software to predict the distribution of the cases 
throughout the country. The inverse distance weighted (IDW) meth-
ods of interpolation calculate the values of any undetermined area 
by estimating the predicted zone of the adjacent areas (Childs, 2004) 
using the following equation:

Here, xp’ is the value of an unknown point, ‘x’ is the weighted value of 
the known point, and is the distance in between known and unknown 
point where ‘p’ is the power which is usually square.

Geographically weighted regression (GWR)
Besides, we evaluated the spatial non-stationarity in contrast to 
the population count under each district of Bangladesh using geo-
graphically weighted regression (GWR), as described by Matthews 
and Yang (2012). We collected the population data from SEDAC 
(2020) and recorded it into a Microsoft Excel spreadsheet. We 
used a digitized shape file indicating individual districts where 
the population value was added with the attribute value of the 
shapefile using the joining method. We fitted the GWR model 
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considering the frequency of COVID-19 cases as a dependent 
variable and the population of each district as a predictor variable 
following the methods described by Grineski et al. (2015). The for-
mula used for GWR as follows:

Here, �
(

ui,vi
)

 is the vector specified the location-specific 
parameter, 

(

ui,vi
)

 is the coordinate of a specific location of i and 
�i is the error term. We performed the regression analysis with 
Ordinary least Squares (OLS) methods followed by GWR. The 
R squared, adjusted R squared and Akaike information criterion 
(AIC) value was compared between the OLS and GWR model and 
finally restricted with the GRW model (Akaike, 1974). The residu-
als of the GRW model further evaluated for spatial autocorrelation 
using Moran's I statistic.

2.4.2 | Spatial autocorrelation analysis by Global 
Moran's I statistics

We have investigated the spatial autocorrelation of monthly 
COVID-19 cases using Global Moran's I index (Getis & Ord, 2010). 
We used the global Moran's I statistic to assess whether the cumu-
lative incidence of COVID-19 per 100,000 population was spatially 
correlated. The Moran's I values range from −1 (clustering of dissim-
ilar values) to + 1 (clustering of similar values), and a value of zero 
indicates no spatial autocorrelation. The higher values are propor-
tionate with the absolute of the autocorrelation. The stronger the 
spatial autocorrelation when the value is > 0 at a statistically signifi-
cant level, the negative correlations are treated similarly when the 
value is < 0. This is a convenient tool that can estimate the spatial 
autocorrelation of study data, based on both feature locations and 
costs. The Moran's I index value, along with z-score and p-value, 
helps to evaluate the significance of the Index. The output of the 
Moran's I estimation is based on the following formula:

Here, xi is the deviation of an attribute for feature i from its mean, wi,j 
is the spatial weight between features i and j, n is equal to the total 
number of features and So is the aggregation of all spatial weights.

2.4.3 | Spatial clustering by local Moran's I statistics

Moran's I index is a measure of spatial autocorrelation or depend-
ency that can be used to explore the spatial structure of infectious 
diseases (Elliott & Wartenberg, 2004). Autocorrelation always shows 
significant local variations because of spatial heterogeneity in spatial 
or epidemical data.

We used local Moran's I, to explore the local spatial auto-
correlation or dependency of the spatial data as described by 
Anselin (1995), to visualize the possible cluster and outliers based 
on COVID-19 cases distribution in different districts across the 
country. The local Moran's I statistics tools in ArcGIS calculate 
the Moran's I values along with a z-score, p-value along with a 
code that represents the cluster type for each statistically signif-
icant feature. The basic statistics of the calculation is as follows:

Here, xi is the attribute feature of i, −x is the mean of the corresponding 
attribute, �i,j is the spatial weight between feature i and j with n is the 
total number of function and

Based on the Zi statistic value, four types of spatial patterns 
were defined, namely, the High–High (HH) cluster, High–Low (HL) 
outlier, Low–Low (LL) cluster and Low–High (LH) outlier.

When the Zi statistic is larger than 1.64 (i.e. with a confidence 
level of 0.05), a unit with a large value of xi corresponds to an HH 
cluster, and a unit with a small value of xi is defined as an LL cluster. 
Similarly, when the Zi statistic is lower to 1.64, a unit with a large 
value of xi is identified as an HL outlier, and a unit with a small value 
of xi is regarded as an LH outlier.

These four types of spatial patterns can reveal the spatial 
structure of the incidence risk of the epidemic in the study area. 
Specifically, an HH (LL) cluster indicates several adjacent areas with 
are the relatively high (low) value of incidence of the epidemic, which 
can reveal a high (low) risk of epidemic in these areas. An HL (LH) 
outlier means a high (low) value surrounded primarily by low(high) 
values of incidence, which may be caused by a unique mechanism 
(Shi et al., 2017).

Using the Moran's I index, we can identify the dynamic spatial 
pattern for the incidence risk of all the cities at different times.

2.5 | Emerging space-time cluster analysis using 
spatial scan statistics

We performed the retrospective purely spatial scan statistics con-
sidering monthly COVID-19 incidence data as a clustering unit where 
each district of Bangladesh as a spatial unit. We have set 50% of the 
total population of each area as a maximum scanning radius. We cal-
culated the Log-Likelihood Ratio (LLR) using the Poisson distribution 
model. Monte Carlo simulation for 999 times was used to calculate 
the p-value for each LLR. The high rated cluster was estimated for 
the month March, April, May, June and July. All the analysis was car-
ried out using the statistical procedure described by Kulldorff (1997) 
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in Scan v.9.6 (http://www.satsc an.org) software, and the output was 
visualized in ArcGIS.

2.6 | Analysis of emerging spatial and 
temporal hotspot

We have used the Getis-Ord Gi* statistic to detect the possible hot-
spot of COVID-19 in Bangladesh using the month-wise data (Getis & 
Ord, 2010; Sayeed et al., 2020). The analysis was performed using 
hotspot analysis tools in ArcGIS. The analytic output provides z-
scores and p-values, which shows the area features with either high 
or low of all observational value at the point of j on the following 
statistical formula:

Here, zj is the sum of all observational value at the point of j 
within d except zi whereas wij d is the binary spatial weight matrix 
of W. If wij = 1, then the site is situated within the distance d. 
However, if wij = 0 then the site is not situated within the distance 
d where ‘n’ represents the total number of observations.

In this method of hotspot detection, a feature with a high 
value is not be a significant hotspot until it's not surrounded by 
other features with high values as well. A proportional compari-
son for the values is calculated between the local sum for a fea-
ture and its neighbours and sum of all functions; a significant 
z-score is reported when the observed local sum of the values is 
very different from the expected local sum, and the difference 
is too large to be the result of random chance. The higher or 
lower the z-score, the higher the possibility of clustering, while 
a z-score close to zero means the absence of obvious clusters. 
Thus, a positive z represents the possibility of clustering, while 
a negative z indicates a low possibility of clustering (Réquia Jr 
et al., 2015).

3  | RESULTS

3.1 | The epidemiological measures of COVID-19 in 
Bangladesh

Since the first reported case to 31 July 2020, a total of around 238,000 
cases have been reported from about 1.2 million test sample with around 
130,000 recovered people. To date, around 3,111 people have died, 
with an average CFR of 1.4%. We reached at first 50,000 cases on the 
1 June, and the next 50,000 cases required only 15 days (18 June), and 
with an interval of around 15 days, we reached the case toll at 150,000 
(on 1 July) and 200,000 (on 17 July) (Figure 1). The demographic analysis 
of the infected people illustrates around 50% of cases were raised from 
people aged between 21 and 40 years, followed by about 34% from 41 
to 60 years old. Only 8% and 10% of cases increased by people of more 
than 60 years and less than 20 years old, respectively. The death counts 
were highest among more than 60 years older patients (55.7%) and low-
est among child patients of 0–10 years old (0.4%) (Figure 2). Besides, 
about 72% of cases, the diagnosed persons were male and 28% were 
female. Again, in the male and female, 31–40 years of age groups re-
ported the highest case percentage of 19.4% and 7.5%, respectively 
(Figure 3). The highest percentage of death (24.1%) reported among the 
male patients between 61 and 70 years of age followed by 51–60 years 
of age (19.8%) and 71–80 years of age (15.7%) whereas in the female 
the highest death (6.4%) has been reported among in between 61 and 
70 years of aged patients (Figure 4). Our study revealed no significant 
correlation between different socio-economic factors and district-wise 
COVID-19 cases except rural population percentage which is negatively 
correlated (p = 0.03) (Table 1).

3.2 | Spatiotemporal distribution of COVID-19 
cases in Bangladesh

The dot density map (Figure 5) illustrated the case density differ-
ences according to geographic differences of COVID-19 across the 

Gi d =

∑

n
j= 1

wij d zj
∑

n
j= 1

zj

F I G U R E  1   Temporal trend of COVID-19 diagnosis and outcome. (a) Primary axis: The bar represents the frequency of day-wise tested 
sample, the blue line represents the frequency of daily infected cases; Secondary axis: The accent orange line is the representation of daily 
death number; (b) Primary axis: The green line is the representation of cumulative recovery number; Secondary axis: The redline is the 
representation of daily CFR

http://www.satscan.org
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country. At the end of March 2020, the cases were distributed in 
Dhaka, the capital of Bangladesh and its bordering city. However, 
over the next five-month time period, the cases were distributed 
across the country, which was gradually increased from April to 
July. In July, COVID-19 patients were identified from almost all the 
areas of the country with an increased case density trend in the 
Chattogram district having close alike density pattern with Dhaka 
and its bordering district including Narayanganj, Narsingdi and 
Gazipur (Figure 5).

3.3 | Spatial incidence variation over the 
population density

At the beginning of the outbreak, the highest incidence (0.95 per 
100,000 people) has been calculated in Narayanganj, followed by 
Madaripur and Dhaka, the capital city of Bangladesh. The lowest inci-
dence (0.03 per 100,000 people) was estimated in Chattogram at the 

F I G U R E  2   Frequency distribution (%) 
of COVID-19 cases and deaths in different 
age groups

F I G U R E  3   Frequency distribution 
(%) of COVID-19 cases among male and 
female of different age groups

F I G U R E  4   Frequency distribution 
(%) of COVID-19 deaths among male and 
female of different age groups

TA B L E  1   Estimated correlation between district-wise COVID-19 
cases with different socio-economic variables

Variable
Correlation 
coefficient p-value 95% CI

Rural population (%) −0.272 0.03 −0.486 to −0.028

Working aged 
population

−0.045 0.72 −0.288 to 0.203

Number of poor people −0.170 0.179 −0.399 to 0.079

Primary occupation 
agriculture

−0.191 0.130 −0.417 to 0.057

Primary occupation 
industry

0.002 0.987 −0.244 to 0.248

Primary occupation 
service (government/ 
non-government)

0.006 0.961 −0.240 to 0.252

Supply of tap water −0.004 0.973 −0.250 to 0.242

Tube well water −0.125 0.324 −0.360 to 0.125

People over > 65 years −0.103 0.416 −0.340 to 0.146
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end of March. Over the next four-month period, Dhaka was recorded 
as the district with the highest incidence of COVID-19 occurrence in 
Bangladesh. At the end of July, the highest incidence per 100,000 in-
dividuals recorded in Dhaka (308.62), and the lowest incidence was 
recorded in the Kurigram (15.59) district of Bangladesh (Figure 6).

3.4 | Prediction and regression output of 
COVID-19 cases

The IDW interpolation output of the Figure 7a can visualize the pre-
dicted frequency distribution of cases across the country. District 
wise reported cases can undetermined the case distribution of the 
total area; that's why IDW provides the best visualization. We have 
used GWR (AIC: 1,201.5; R2: 0.89) rather than OLS (AIC: 1,217.7; 
R2: 0.77) and visualized, the local R squared value calculated using 
district-wise COVID-19 cases and population using GWR-based 
analysis in the Figure 7b. The map showed that most of the area 
has a higher R squared value, which is an indication of the model's 
well-fitted properties. The Global Moran's I summary estimation 
of the Local R squared values of GWR calculated a z-score of 8.86 

(p < 0.01), signifies the possible clustering of COVID-19 cases in an 
area due to the population density of that area. Therefore, we can 
interpret that the district wise crowding index can describe the den-
sity of COVID-19 cases.

3.5 | Spatial autocorrelation and clustering

The output of global spatial autocorrelation analysis estimates the 
monthly Moran's I of COVID-19 in Bangladesh varied between 
0.0348 and 0.1917 from March to July 2020. In all the cases, there 
is a statistically significant p-value (p ≤ 0.05) (Table 2). This is an in-
dication of the strong spatial autocorrelation of COVID-19 cases in 
Bangladesh over the five months.

However, the local Moran's I showed that the incidence of 
COVID-19 cases over the five months showed a distinct cluster-
ing. At the end of March, the HH cluster has consisted of Dhaka 
and Narayanganj district. Again, at the end of April, the Gazipur 
district has been included with the Dhaka and Narayanganj district 
as the HH cluster, which remains unchanged after the end of July 
(Figure 8).

F I G U R E  5   Dot density map indicating the distribution of COVID cases over the period. (a) COVID cases at 31 March (1 dot = 10 cases); 
(b) COVID cases at 30 April (1 dot = 20 cases); (c) COVID cases at May 31 May (1 dot = 50 cases); (d) COVID cases at 30 June (1 dot = 50 
cases); (e) COVID cases at 31 July (1 dot = 50 cases)

F I G U R E  6   Monthly incidence of COVID cases per 100,000 individuals. (a) Incidence at the end of March; (b) Incidence at the end of 
April; (c) Incidence at the end of May; (d) Incidence at the end of June; (e) Incidence at the end of July
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3.6 | Purely spatial clustering

The purely spatial scan statistics output illustrated the evidence of 
most likely high rated large clustered area in each month. At the end 
of the month, March 2020, only one cluster was identified, which 
was centroid in Munshigonj (23.542714 N, 90.535358 E); at the end 
of April, the centroid of the cluster changed to Dhaka (23.779707 N, 
90.400207 E). Again, after the end of the month, May, the centroid 

of the cluster changed to Munshigonj (23.542714 N, 90.535358 E). 
At the end of June and July, around ten and six respective differ-
ent clusters with different radius and centroid locations have been 
identified (Table 3). We visualized the purely spatial scan statistics 
estimated high rated spatial clusters (Figure 9), all of which had a high 
risk of incidence, Relative Risk (RR) ranged from 1.3-to-72.8.

3.7 | Spatial hotspot

The Getis-Ord general G estimation identified hotspot changing trends 
every month. At the end of the first month, Dhaka, Narayanganj and 
Munshigonj were marked as the COVID-19 hotspot, which remained 
unchanged until the end of April. At the end of May, Gazipur and 
Manikgonj were added with Dhaka, Narayanganj and Munshigonj as a 
hotspot, and after that, Faridpur (90%) and Tangail (90%) was included 
at the end of June. However, after the end of July, Chattogram (95%), a 
distantly located district from Dhaka, has been added with the hotspot 
region that was identified in June (Figure 10).

F I G U R E  7   Prediction and regression output of COVID-19 cases in Bangladesh (a) Inverse distance weighted (IDW) prediction; (b) 
Geographically weighted regression (GWR) with population visualizing R squared values

TA B L E  2   Global spatial autocorrelation analysis

Time Moran's I Variance z-value p-value

March 0.1917 0.0022 4.36 0.000013

April 0.1364 0.0010 4.79 0.000002

May 0.0348 0.0006 2.09 0.032

June 0.1255 0.0020 3.13 0.0017

July 0.0495 0.0012 1.86 0.053
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4  | DISCUSSION

The emergence of the outbreak of COVID-19 started at the end of 2019 
in China was spread out and become a pandemic threat throughout the 
world through transmission from human to human by droplet or direct 
contact. As a consequence of the pandemic threat, Bangladesh has ex-
perienced the first case on 8 March 2020. Since then, many scientists 
have continued their exploration of different perspectives of COVID-
19 through mathematical modelling. The present study accentuated 
the temporal and spatial pattern of COVID-19 outbreak data collated 
in Bangladesh from the beginning of the outbreak in March to the 
end of July 2020 to explore the geographical extinction of COVID-19. 

Analysis of spatial-temporal distribution characteristics of COVID-19 
in Bangladesh showed that its incidence has been on the rise since 
March 2020, which was consistent in the capital city Dhaka with the 
trend of other parts of the country.

4.1 | Epidemiological measures of COVID-19 
in Bangladesh

In Bangladesh, people aged between 21 and 40 were more affected 
which is in line with Paul et al. (2020) because these aged groups, 
people are more active in their working sectors, which are either 

F I G U R E  8   Spatial clustering detection with Local Moran's I output. (a) Spatial clustering of COVID-19 cases at first month; (b) Spatial 
clustering of COVID-19 cases at second month; (c) Spatial clustering of COVID-19 cases at third month; (d) Spatial clustering of COVID-19 
cases at fourth month; (e) Spatial clustering of COVID-19 cases at the fifth month

TA B L E  3   Output of purely spatial scan statistics

Month Cluster Clustered area Cluster centre
Observed / 
expected

Relative 
risk LLR p-value

March One Munshigonj, Narayanganj, Dhaka 23.542714 N, 90.535358 E 12.5 72.8 286.9 <0.01

April One Dhaka, Narayanganj, Gazipur, 
Munshigonj, Narshingdi

23.779707 N, 90.400207 E 8.8 35.7 9,964.9 <0.01

May One Munshigonj, Narayanganj, Dhaka 23.542714 N, 90.535358 E 9.1 22.0 44,181.1 <0.01

June Ten Munshigonj, Narayanganj, Dhaka 23.542714 N, 90.535358 E 2.9 4.2 17,614.8 <0.01

Dhaka 23.779707 N, 90.400207 E 3.1 4.0 14,091.7 <0.01

Munshigonj, Narayanganj 23.542714 N, 90.535358 E 2.5 2.6 2,350.1 <0.01

Cox's Bazar, Bandarbon, Chattogram 21.420347 N, 92.014936 E 1.7 1.9 1533.7 <0.01

Faridpur 23.603154 N, 89.826114 E 1.7 1.7 223.1 <0.01

Bogra 24.850739 N, 89.373719 E 1.5 1.5 205.5 <0.01

Khulna 22.820192 N, 89.556621 E 1.5 1.5 139.2 <0.01

Gazipur 24.001798 N, 90.418153 E 1.2 1.2 37.3 <0.01

Barisal 22.687679 N, 90.360595 E 1.2 1.2 14.2 <0.01

Feni, Noakhali, Comilla 23.018493 N, 91.395284 E 1.1 1.1 13.8 <0.01

July Six Dhaka 23.779707 N, 90.400207 3.4 4.7 32,929.8 <0.01

Chattogram 22.361999 N, 91.804255 E 1.7 1.8 1691.4 <0.01

Rajbari, Faridpur 23.762277 N, 89.641661 E 1.9 1.9 884.9 <0.01

Khulna 22.820192 N, 89.556621 E 1.9 1.9 742.8 <0.01

Shariatpur, Madaripur, Chandpur, 
Munshigonj, Narayanganj, Gopalgonj

23.218471 N, 90.343658 E 1.3 1.3 356.8 <0.01

Bogra 24.850739 N, 89.373719 E 1.3 1.3 150.2 <0.01
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studying or working for a livelihood. Again, our study reported 
higher infection and death among male than female, supported by 
an earlier study (Rahman et al., 2020), which might be due to cultural 
aspects since men dominate the outdoor activities are less careful 
towards keeping up with personal hygiene and their regular interac-
tion with co-workers in workstations (Islam et al., 2020). Moreover, 
the previous report stated that males and older-aged are potential 
risk factors for death in severe COVID-19 (Li et al., 2020aa). We did 
not find any correlation between the case count with people over 
65 years old but the overall death among the people over 60 years 
old is higher, supported by Paul et al. (2020).

To date, the average CFR by COVID-19 found to be 1.4%, 
which is much lower than the overall CFR of 3.61% (Khafaie & 
Rahim, 2020) and the country-specific CFR of 9.26% and 8.59% in 
Italy and Spain (Khafaie & Rahim, 2020; Öztoprak & Javed, 2020), 
respectively; however, close to the other South Asian countries such 
as Afghanistan (3.71%), India (1.6%), Pakistan (2.06%) and China 
(1.4%) (Guan et al., 2020; Novel, 2020; Shah et al., 2020). The lower 
CFR of COVID-19 in Bangladesh in contrast to European, Eastern 
Mediterranean and American countries might be due to less prev-
alence of non-communicable diseases that are responsible for co-
morbidity of COVID-19 (Lee et al., 2012; Morley & Vellas, 2020). 
However, in Bangladesh, the overall life expectancy is 72.3 years, 
which is much lower than the European, American even some 

Eastern Mediterranean countries (Worldometer, 2020), responsible 
for less number of senile population among whom the mortality is 
higher (Morley & Vellas, 2020).

If we look up the overall pattern of COVID-19 cases, we can 
figure out that our first 100,000 cases took much time due to the 
lockdown procedure, which hindered the community transmission. 
But to reach the next 100,000 cases, we were much speeded up 
which is agreed with Rahman et al. (2020). As there were some unex-
pected situations arise in between 100,000 cases to 200,000 cases 
like withdrawal of lockdown, the sudden opening of garments facto-
ries and mass transport, which might have increased the community 
transmission of the virus. Bangladesh had only 54 cases in the first 
week of April during the lockdown period. Nevertheless, it rose to 
about 50,000 cases by the end of May as the lockdown ended. A 
comparable pattern was also detected in India and Pakistan, where 
the early lockdown measures might have helped in the preparation 
of medical logistics but ultimately failed to contain the viral spread.

In this research, many of the socio-demographic factors were 
investigated where the rural population percentage has a negative 
correlation with COVID-19 indicating the higher per cent at the 
urban area, a similar result has been reported by Paul et al. (2020).

In Bangladesh, people might be confused about the ‘English’ 
terms such as ‘stay at home’, ‘social distancing’, ‘quarantine’ and 
‘lockdown’ (BRAC, 2020). The upward trend epidemic curve despite 

F I G U R E  9   Clustering of COVID-19 in Bangladesh through purely spatial scan statistics. (a) The high rated cluster at the end of the first 
month; (b) High rated cluster at the end of the second month; (c) High rated cluster at the end of the third month; (d) High rated cluster at the 
end of the fourth month; (e) High rated cluster at the end of the fifth month

F I G U R E  1 0   Spatial hotspot detection of COVID-19 incidence based on Getis-Ord Gi* statistics. (a) Hotspot at the end of the first month 
of initial case detection; (b) Hotspot at the end of the second month of initial case detection; (c) Hotspot at the end of the third month of 
initial case detection; (d) Hotspot at the end of the fourth month of initial case detection; (e) Hotspot at the end of the fifth month of initial 
case detection
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an extended period of nationwide lockdown and restrictions in-
dicate the inefficiency of public health risk communication. The 
conjectures regarding the low death rate in developing countries 
questioned the under-reporting of actual death cases as testing 
facilities were minimal. Over the last five months, the Bangladesh 
Government has increased its testing capacity nationwide. Yet, the 
combined overall CFR remains surprisingly lower than what has been 
observed in the western world.

Notably, the developed countries offer care home facilities that 
are non-existent in South Asian culture where the extended family 
nature incorporates the elderly with the young in the same house-
hold. As opposed, the rapid spread of the infection among the el-
derly in care homes contributed to half of the total deaths in the 
developed world. In France, the deaths linked to care homes were 
51%, and in Canada, as many as 82% of COVID-19 deaths occurred 
among care home residents (Network, 2020).

4.2 | Spatiotemporal dynamic of COVID-19 
in Bangladesh

At the beginning of the outbreak, the incidence risk was much 
lower, and the cases were confined within the central region of 
the country, Dhaka, and its bordering districts. However, a previ-
ous study conducted by Masrur et al. (2020) also identified Dhaka 
with its sub-districts as a significant clustering area for COVID-
19 in Bangladesh, which supports our findings. In July, increased 
case density was observed in the Chattogram district which is 
in line with the statement revealed by Rahman et al. (2020). The 
case density scenario might be changed by strengthening and ex-
tending the laboratory testing facilities other than the Dhaka and 
Chittagong city. Over time, the transmission of cases was speeded 
out and scattered throughout the country. All the 64 districts of 
Bangladesh have reported COVID-19 incidence to date. After the 
first case of COVID-19 detection in Bangladesh, the Government 
implemented several action measures to renovate the testing fa-
cility, medical equipment supply and nationwide surveillance. As 
strict lockdown policy has shown success in China, New Zealand, 
Italy and mainly in developed countries, so Government took the 
same measures with the deployment of police and armed forces 
directed to enforce the law. Unfortunately, a similar slant for lock-
down did not attain triumph in Bangladesh, which might be due 
to underlying socio-economic and demographic factors. However, 
the worsen condition arises due to the negligible public health 
countermeasures towards the flattening of the curve, where the 
country has been perceiving a steep rise in the number of con-
firmed cases. A series of events such as the mobilization of 11 mil-
lion mobile users from city to rural areas, local violence, massive 
people movement during Eid festival and purposive rule-breaking 
indicated that people, by and large, failed to take into account the 
importance of maintaining social distancing.

Different countries divided regions as red, yellow, green accord-
ing to the infection rate and restricted movement (Patriti et al., 2020). 

In June, Bangladesh tried to implement the red, yellow and green 
zoning strategies with an initial implementation in Dhaka city, but 
finally, it was not practiced throughout the country. Moreover, the 
Government allowed public transport during the Eid festival time, 
and lots of people travelled throughout the country. The health de-
partment found more COVID-19 cases in the peripheral district than 
that of capital. Besides, the screening facility of COVID-19 at the 
early stage was inferior in Bangladesh in contrast to other countries. 
Meanwhile, the expatriates came back to Bangladesh from Europe, 
America, the Middle East and China without appropriate screening 
at an early stage. Many of them denied being quarantined, and they 
went back to their family and friends, which was very crucial for easy 
transmission of the virus.

4.3 | Prediction and regression output of 
COVID-19 cases

In this study, we have used IDW as an interpolation technique 
because of its sustainability to use the entire probability distribu-
tion of incidence values in an analysis (Kheirandish et al., 2012). 
Though the disclosed data by the Government were represented 
the district-wise distribution, so the IDW of this study helps to pre-
dict the frequency of cases along with different sub-district levels. 
The IDW identified focal area should be a significant concern to the 
health care professionals and policy planners to prevent the further 
movement of the people from those areas. As a densely populated 
country, we found a positive attitude towards the case density and 
population density. In most of the areas of Bangladesh in contrast to 
population and COVID-19 cases, the output of GWR visualized well-
fitted properties in the map, which can be described as the highest 
incidence of COVID-19 cases occurred in a densely populated area 
like Dhaka, the capital of Bangladesh. However, this evidence was 
further investigated for spatial clustering and hotspot using other 
spatial statistics.

4.4 | Spatial autocorrelation analysis

In this study, we have used several ways to identify almost all the 
possible clusters along with the hotspot of COVID-19. The global 
Moran's I is a robust spatial analysis tool to detect autocorrelation 
(Kulldorff et al., 1997), so we have used this technique. The Global 
Moran's I identified significant autocorrelation of COVID-19 cases. 
The Local Moran's I visualized the high clustered area comprised of 
Dhaka and its nearby city, Narayanganj. However, with the progres-
sion of time along with Dhaka and Narayanganj, Gazipur district 
was included with the high-high cluster of COVID-19. This output 
gave us the idea of significant cluster areas of COVID-19 and fore-
casted the hotspot areas (Xiong et al., 2020) at different spatial 
levels in Bangladesh. Based on this, it can be inferred that Dhaka, 
Narayanganj and Gazipur districts had been the most high-risk areas 
during the spread of the epidemic.



12  |     ISLAM et AL.

4.5 | Purely spatial clustering analysis

We have used purely scan statistics in SatsScan because of its extensive 
use to detect infectious diseases cluster (Kulldorff et al., 2007). In this 
study, clusters identified through purely scan statistics were formed, 
locating more than one district where many of the clusters were re-
sides in with an individual district centroid location. The data-driven 
analysis output depicted a higher relative risk in the clustered area in 
March, which gradually decreased up. The highest number of clusters 
was detected during June, followed by July. There is a difference in the 
number of the detected cluster between the current study with the 
earlier study conducted by Masrur et al. (2020) which is due to variat-
ing in the cluster estimation techniques because we did not include the 
time in the analysis as the cases report delay due to inadequate labo-
ratory capacity at the country level and the latency of the COVID-19 
cases (Leal-Neto et al., 2020; Thanh Toan et al., 2013). These clustering 
maps would provide baseline epidemiological information for the as-
sessment of the differentiated risk related to acquiring COVID-19 in 
certain areas of Bangladesh. Similar recommendations have previously 
been made for dengue in Bangladesh, and it useful for health authori-
ties at national and local levels (Ali et al., 2003).

4.6 | Spatial hotspot analysis

We have used the Getis-Ord G i 
* statistics for detection of the 

hotspot using retrospective data because of its wide use in spatial 
hotspot analysis (Bhunia et al., 2013). The overall hotspot of COVID-
19 has changed over time. Firstly, the hotspot was confined within 
Dhaka, Narayanganj and Munshigonj until the end of April. At the end 
of May, Gazipur and Manikgonj were added with Dhaka, Narayanganj 
and Munshigonj as Hotspot. At the end of June, Tangail and Faridpur 
were newly added with the previous hotspot region. Again, after July 
Chattogram, a distantly located district from the last hotspot region 
was recently identified as a hotspot. Previous studies also identified 
similar districts of Bangladesh, for example Dhaka, Narayanganj, 
Gazipur, Narshingdi, Munshigonj and Manikgonj as hotspots of 
COVID-19 in terms of infection and related deaths (Islam et al., 2020; 
Rahman et al., 2020). Other countries also reported the epidemic to 
affect mostly urban populated centres and municipalities and the 
capital district (Zambrano et al., 2020). Masrur et al. (2020) found 
that Dhaka is the highest active risk cluster since early April which 
supports our study. Moreover, rapid urbanization, labour load, ag-
gregated economic zone, unrestricted transportation and population 
density might facilitate the spatial variation of COVID-19 cases and 
accelerate the community transmission in Bangladesh.

As some of the vaccine trial is under pipeline, but still, there is no 
effective vaccine strain to protect people from COVID-19 pandemic 
(Wang & Zhang, 2020). So it is needed to implement the proper per-
sonal hygienic measurement with self-isolation (Li et al., 2020a,b). 
Asymptomatic infection of COVID-19 is evident, so it needs con-
tinuing the progression of the test facility (Rothe et al., 2020). It is 
now a general concept of the people of Bangladesh that if he or she 

is being affected by fever and other health issues having similarities 
with COVID-19; then, they are not going to diagnose to worsen up 
the situation with the panic of being transmission of the infection to 
their neighbour. So, we should build up our consciousness for early 
diagnosis, proper isolation and treatment for the patient as well as 
the community. However, understanding the spatial spread of the 
COVID-19 outbreak is critical to predicting local outbreaks and de-
veloping public health policies during the ongoing pandemic.

However, previous studies have defined the spatial spread of 
respiratory like severe acute respiratory syndrome (SARS) in China 
with spatial correlation and space-time transmission dynamics (Fang 
et al., 2009; Meng et al., 2005). So, using a large number of methods 
to describe the spatial transmission dynamics will provide effective 
feedback to the healthcare professionals, policy planners and the 
pretentious communities of this country (Desjardins et al., 2020).

In the last five months, the Bangladesh government has scaled 
up the testing facility across the country as 87 laboratories are now 
providing RT-PCR-based COVID-19 detection tests. Though the 
condition is not going to be under control any time soon, by the time 
COVID-19 ends, the testing laboratories should be converted into 
regional surveillance centres instead of dissolving them. A nation-
wide sustainable monitoring and coordination system will help in 
swift action in case of future outbreaks.

At the time of writing of this manuscript, the infection is con-
tinuing its devastating spread. In Bangladesh, luckily, we have faced 
the incidence during summer and until completing this study it was 
still warm here. However, researchers have warned about the pos-
sible increase of transmission and mortality during the upcoming 
winter which has already been observed across Europe (Middleton 
et al., 2020). In absence of a pandemic, an earlier study suggested 
an appropriate intervention plan to the public health profession-
als to prevent cold exposure through providing flu vaccination to 
vulnerable patients, children and healthcare professionals during 
winter (CDC, 2020; Fowler et al., 2015; Vanhems et al., 2011). So, 
for this pandemic year, it is must protect the people from other flu 
or flu-like diseases and this study will help to predict those areas 
which should be considered under proper intervention strategy. 
Again, based on the previous study there is the highest possibil-
ity of occurring new peak of COVID-19 cases in Bangladesh in the 
upcoming days especially during winter which might be treated as 
the second wave for this country (Moghnieh et al., 2020). To date, 
only one study conducted by the Institute of Epidemiology, Disease 
Control and Research (IEDCR) and icddr,b reported that, in Dhaka 
which is situated at the centre of the hotspot, about 45% of peoples 
developed antibodies against COVID-19 (Tajmim, 2020). Although 
the herd immunity concept is not practical and failed in different 
countries including Sweden, the pioneer of herd immunity experi-
ment shows the highest mortality rate among the Nordic countries 
(Farberman, 2020). So, it is doubtful that immunity will protect the 
people of Bangladesh in the future. So, intervention measures in-
cluding movement restriction, social distancing, wearing mask, 
cough and sneeze etiquette, personal hygiene and improved health-
care facilities are the options to trap the infections.
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This study has some limitations. Firstly, we used available data 
from the health authority of the People's Republic of Bangladesh, and 
they used the date of diagnosis instead of symptoms onset. However, 
the lag between the onset of symptoms and diagnosis was estimated 
to be about seven days, and therefore we do not expect this to com-
promise our results. Secondly, underestimation of incidence is antici-
pated due to undetected asymptomatic cases, despite intense testing 
and in this study, we did not investigate the relation between COVID-
19 case count with the co-morbid condition which was not included in 
this study research question. Finally, as the pandemic is ongoing, the 
data might be changed over time, but it will not be impacted remark-
ably in the spatiotemporal pattern of the COVID-19 in Bangladesh. 
We would offer the opportunity to fine-tune analysis and compare the 
cases with the comorbidity information at a much finer spatial detail if 
more detailed information is available.

5  | CONCLUSION

Our research systematically explored the temporal and spatial 
variation of COVID-19 in Bangladesh from March to July 2020. 
The study findings suggest that apart from implementing several 
public health measures to ‘flatten the epidemic curve', the out-
break continued to grow and spread across Bangladesh. Males 
were disproportionately infected and died at a higher percentage. 
The highest number of cases reported in young adults (20–40-
years age group). The application of different spatial clustering 
methods allowed for corroboration of the hypothesis on the 
spatial distribution of COVID-19. Local Moran's identified only 
a limited number of areas as clusters, where purely spatial scan 
analysis identified a large number of the cluster which is much 
needed to predict the future spreading points of COVID-19. We 
remarkably identified certain hotspot areas which might have 
the potential for intense spreading of the virus. It will provide a 
comprehensive direction about the regions where intervention is 
needed to prevent the second wave of COVID-19 in Bangladesh. 
Moreover, the prediction will help the Government and relevant 
authority to reevaluate the control measures like Red, Yellow and 
Green zoning of the country. Finally, the geostatistical analysis 
will provide a scientific forecast to the policy planner to decide on 
early preparation and rational nonpharmaceutical interventions 
for effective control of COVID-19 in Bangladesh. We recommend 
the application of geospatial modeling to prevent and control fu-
ture epidemics and pandemics in the world.
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