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A B S T R A C T

Background: COVID-19 pandemic outbreak is an unprecedented shock throughout the world, which has generated
a massive social, human, and economic crisis. Identification of risk factors is crucial to prevent the COVID-19
spread by taking appropriate countermeasures effectively. Therefore, this study aimed to identify the potential
risk factors contributing to the COVID-19 incidence rates at the district-level in Bangladesh.
Method: Spatial regression methods were applied in this study to fulfill the aim. Data related to 28 demographic,
economic, built environment, health, and facilities related factors were collected from secondary sources and
analyzed to explain the spatial variability of this disease incidence. Three global (ordinary least squares (OLS),
spatial lag model (SLM), and spatial error model (SEM)) and one local (geographically weighted regression
(GWR)) regression models were developed in this study.
Results: The results of the models identified four factors: percentage of the urban population, monthly con-
sumption, number of health workers, and distance from the capital city, as significant risk factors affecting the
COVID-19 incidence rates in Bangladesh. Among the four developed models, the GWR model performed the best
in explaining the variation of COVID-19 incidence rates across Bangladesh, with an R2 value of 78.6%.
Conclusion: Findings and discussions from this research offer a better insight into the COVID-19 situation, which
helped discuss policy implications to negotiate the future epidemic crisis. The primary policy response would be
to decentralize the urban population and economic activities from and around the capital city, Dhaka, to create
self-sufficient regions throughout the country, especially in the north-western region.
1. Introduction

Coronavirus disease (COVID-19) is an exceptionally infectious disease
caused by the SARS-CoV-2 virus. The first human cases of COVID-19
were reported in Wuhan City, China, in December 2019 [1]. Within a
few weeks, the outbreak of COVID-19 spread globally; thus, the World
Health Organization (WHO) declared this a public health emergency of
international concern (PHEIC) on 30 January 2020 and a pandemic on 11
March 2020. As of 05 February 2021, there have been about 105 million
reported cases resulting in approximately 2.29 million deaths [2]. Ac-
cording to the World Bank, COVID-19 has triggered a global crisis like no
other. The disease is leading to the deepest global recession since the
Second World War. The baseline forecast envisions a 5.2% contraction in
the global GDP in 2020— the deepest global recession in the last eight
i).
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decades, despite unprecedented policy support [3]. About 1.6 billion
informal workers, having little to no savings and no social protection
access, lost 60% of their income. This pandemic will push 40–60 million
people into extreme poverty [4].

Identification of possible demographic, economic, built environ-
ment, health, and service facilities related risk factors of infectious
diseases is crucial at each phase of the epidemic to effectively
prevent further spread through appropriate interventions [5].
Disadvantaged demographic pattern, economic, environmental, and
health conditions have been established as potential determinants of
infectious diseases (e.g., Tuberculosis, HIV, Pertussis, Pneumonia,
SARS, Hand-foot-mouth, and Influenza) in general [5, 6, 7, 8, 9,
10]. These findings suggest that similar results might be obtainable
for the newly emerged coronavirus disease. However, these
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indicators' impacts on the COVID-19 transmission and their magni-
tude are still under scrutiny and investigation. So far, several
studies attempted to identify contributing risk factors, e.g., social
[5, 11], economic [12], health [13], demographic [14, 15], envi-
ronmental [16, 17, 18], which might affect the spread, morbidity
rate, and mortality rate of the COVID-19 disease in the context of
developed countries. Though very few studies are available in the
context of developing countries [19, 20], results are still sparse.
More studies need to be undertaken in different contexts, consid-
ering a wide variety of factors to get a complete scenario. Country
contexts are critical as developing countries face major issues like
large population, lack of infrastructure, social inequality, variety of
employment, and inefficacy of public health measures, which might
bring disparate outcomes in terms of virus incidence rates compared
to developed countries [5].

Bangladesh, a highly dense developing country with many of the
abovementioned attributes, is a perfect study unit for understanding the
impact of contributing determinants of the COVID-19 outbreak. Besides,
several important factors (e.g., built environment, service facilities
related factors, and others) were not considered in the previous studies,
which need to be explored to expand knowledge about the pandemic.
Therefore, this study aimed to identify potential demographic, social,
economic, built environment, health, and facilities-related determinants
of the COVID-19 incidence rates at the district-level across Bangladesh.
The findings of this study would help to prepare equitable public health
prevention measures and guidelines for any future pandemic situation,
especially in the context of developing countries.

2. COVID-19 situation in Bangladesh

The first three coronavirus cases were confirmed in Bangladesh on 8
March 2020 by the Institute of Epidemiology Disease Control and
Research [21]. COVID-19 infected persons returned from Italy to join
their family at their native places. Bangladesh reported its first corona-
virus death on 18 March 2020 [22]. Following the initial detection of
coronavirus cases in Dhaka, the virus transmitted from the capital city to
other major administrative areas of Bangladesh rapidly. To intercept the
disease's spread, the government declared a nationwide ‘lockdown’ from
26 March to 30 May 2020 [23], but unlike the developed countries, the
enforcement of the lockdown was weak. To prevent viral transmission
from higher infected to lower infected areas, the Bangladesh government
took measures like the closure of educational institutions, declaration of
a general holiday, restriction on religious gathering, suspension of
commercial activities, closure of garments factories, prohibition of
inter-country, inter-district, and intra-district travels [24]. To date, the
education institutes are closed, but the government and non-government
offices, as well as commercial and industrial entities, were opened after
being shut down until 30 May 2020. Inter-city and intra-city travel re-
strictions were also lifted.

As of 31 January 2021, 0.535 million confirmed cases with 8,127
deaths (Infection Fatality Ratio is 1.52%), 0.48 million recoveries
(89.6%), and 55 thousand (10.35%) active cases have been reported
from 109 COVID-19 labs (63 laboratories within Dhaka, and 46 outside
of Dhaka) as per Directorate General Health Services (DGHS) press
release [21]. According to World Health Organization (WHO) [25], the
highest death rate, 31.2%, was reported in 61–70 years old, and males
represented 72% of reported confirmed cases in Bangladesh. In terms of
geographic distribution, among the eight divisional units of Bangladesh,
Dhaka division shows the highest 63.8% of total COVID-19 reported
cases. As of 31 January 2021, Bangladesh overall attacked rate (AR) is
314 per 100,000, and all the 64 districts have reported COVID-19
confirmed cases. Figure 1 shows district wise COVID-19 incidence dis-
tribution, where Dhaka city has the highest attack rate, followed by
Chattogram, Khulna, Sylhet, Rajshahi, and Barishal.

Like most other nations, the COVID-19 pandemic outbreak is an un-
precedented shock to the economy of Bangladesh. The impact is
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particularly pronounced because of the country's heavy reliance on two
sectors: ready-made garments (RMG) and remittances. According to
Bangladesh GarmentManufacturers and Exporters Association (BGMEA),
international buyers have either canceled or suspended $3.7 billion
worth of shipments affecting three million workers as of 26 June 2020
[26]. Besides, the country's economy has inevitably been impacted by the
reduction in the remittance flow, as 10 million migrant workers working
in countries such as Saudi Arabia, the USA, Italy, the UK, and Malaysia,
have been disadvantaged due to lockdowns and limited economic ac-
tivities in these countries [27]. Financial organizations, small businesses,
and startups are experiencing liquidity pressure as deposit growth and
loan recovery declined due to COVID-19's impact on the country's
economy as a whole. Based on the economic disruptions following the
pandemic, the GDP growth forecast of Bangladesh by IMF, WB, and ADB
has been revised down from 7.8%-8.2% to a range between 2.0%-3.8%
for FY020. They project export to slow down by 15.4% and import to fall
by 11.8% [28].

3. Data and methods

3.1. Data collection and preparation

Institute of Epidemiology, Disease Control and Research (IEDCR) has
monitored the spread of the pandemic and updated the database of
COVID-19 daily at district and city level across Bangladesh. For this
study, data about the number of positive COVID-19 cases at the district-
level across Bangladesh from 8 March 2020 (first known instances in
Bangladesh) to 1 August 2020were considered, retrieved from the IECDR
data portal [21]. COVID-19 cases per 10,000 population per district were
considered as the dependent variable for modeling and interpretation
purposes and termed “COVID-19 incidence rates” in this study.

A total of 28 demographic, economic, built environment, health fa-
cilities, and community facilities related factors were considered
explanatory variables for the model development. Most of the data of
relevant factors were compiled from different databases of Bangladesh
government, including the Bangladesh Bureau of Statistics (BBS), the
centralized official bureau in Bangladesh for collecting statistics on
demography, economy, and other facts of the country. Few factors were
derived through spatial analysis using ArcGIS Pro 2.4 software. Most of
the variables have been normalized either by taking a thousand popu-
lation per unit or taking a percentage of the total distribution. A detailed
description of the variables and their sources is shown in Table 1. After
data collection and preparation, district-level information was tabulated
as an attribute table in ArcGIS.

3.2. The use of GIS and spatial modeling approach

The use of geospatial and statistical tools is critical to explore the
association between COVID-19 incidence and its contributing factors as it
is a process that occurs in geographical space [29]. Traditional statistical
approaches used in epidemiological studies, e.g., factor analysis [30],
principal component analysis [31], cluster analysis [32], regression
analysis [33] fail to take into account the spatial dependency and auto-
correlation in parameters estimation. To address this functional lag, the
spatial regression model (SRM), i.e., spatial lag model (SLM), spatial
error model (SEM), and geographically weighted regression (GWR) have
been widely used in epidemiological studies [14]. Besides, geographic
information system (GIS) is an essential tool that can assist in the process
of combating a pandemic as well as improve the quality of care through
examining the spatial distribution of infectious diseases [29, 34, 35].

In this study, data of explanatory variables are inherently spatial.
Hence, it is plausible that data would be positively spatially dependent,
which means areas located nearby tend to be more similar than those
separated by great distances [36]. As OLS regression cannot take spatial
dependence into account due to the assumption of homogeneity and
spatial non-variability [37, 38], we used SEM and SLM along with OLS.
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Nevertheless, global models still have limitations as they cannot account
for a spatial non-stationarity issue. The spatial non-stationarity issue
explains how the dependent and independent variables might vary over
space [14, 39]. Thus, as a local regression model, GWR was used to
address the spatial non-stationarity issue. A detailed description of this
model has been avoided to focus more on discussions than methodo-
logical exercises. Information on these models is available in the studies
of Mollalo, Vahedi [17] and Sannigrahi, Pilla [14].
Figure 1. Map showing the distribution of COVID-19 cases a
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3.3. Model development

At first, for developing multivariate models, a univariate analysis was
performed to identify the potential explanatory variables from the
collected data of many factors. Here, OLS models were developed in
ArcGIS to explain each variable's impact on the COVID-19 incidence rates
individually. Factors found insignificant in this stage were excluded for
further consideration as explanatory variables. From these selected
explanatory variables, the stepwise forward procedure was applied to
eliminate non-significant explanatory variables and develop an overall
nd fatality, 08 March-05 October 2020, Bangladesh [25].



Table 1. Collected factors used in this study together with definitions and sources.

Factor Description Source

Demographic factors

(1) Total population The total population lived in a district ('0000) (1,2) Population Monograph 2015: Vol.07

(2) Population density Population living per sq. km. of the district area

(3) Urban population percentage % of urban population in a district (3,4) Population Monograph 2015:Vol.06,
BBS(4) Dependency ratio The ratio of population aged 65 þ per 1,000 population aged 15-

64

(5) Slum population percentage % of the population living in slum areas in a district (5) Census of Slum Areas and Floating
Population 2014: Vol-06, BBS

(6) Rented tenancy percentage % of households occupied by rents in a district (6) Population Monograph 2015:Vol.10,
BBS

(7) Internal migrant population The total population who moved across or within the districts
('0000)

(7) Population and Housing Census 2011,
National Report: Volume-4, BBS

Economic factors

(8) Poverty rate % of people living below the upper poverty line as a share of the
total district population

(8,9,10)) Household Income and
Expenditure Survey (HIES)-2016, BBS

(9) Income inequality Income inequality measured by the Gini coefficient for each
district

(10) Number of the economic units Total economic establishments within a district boundary

(11) Refined activity rate The ratio of economically active population to the population
aged over 14 years in a district

(11) Population Monograph 2015-Vol.11,
BBS

(12) Monthly consumption Average monthly consumption (on food and non-food
consumption as well as inventory of durable goods) per
households in BDT in a district ('000)

(12) Household Income and Expenditure
Survey (HIES)-2016, BBS

Healthcare facilities related factors

(13) Number of community clinics Total number of community clinic in a district

(14) Number of upazila health complexes Total number of upazila health complex in a district

(15) Number of health workers Total number of health workers, i.e., doctors, nurses in a district
('000)

Built environment related factors

(16) Urban land area Total urban land (in sq. km.) in a district (16,17,18) Zilla Statistics, BBS

(17) Rural land area Total rural land (in sq. km.) in a district

(18) Road density Road length (km) per sq. km. of the district area

(19) Distance from the capital Centroidal distance between a district from the capital city,
Dhaka (in kilometer)

(19,20) Author's calculation through GIS

(20) Distance from the divisional headquarter Centroidal distance between a district and the corresponding
divisional headquarter of that district (in kilometer)

Community facilities related factors

(21) Number of primary schools Total number of primary schools in a district (21,22,23,24,25) Local Govt. Engineering
Division (LGED), 2018(22) Number of secondary schools Total number of secondary schools in a district

(23) Number of colleges Total number of colleges in a district

(24) Number of growth centers Total number of growth centers in a district

(25) Number of rural markets Total number of rural markets in a district

(26) Number of religious establishments Total number of religious establishments, i.e., mosque, temple in
a district

(26,27,28) Zilla Statistics, BBS

(27) Number of transit stations Total number of transit stations, i.e., bus stand, lunch terminal,
rail station in a district

(28) Number of police stations Total number of police stations in a district
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global multivariate OLS model with the best fit statistics. Then, Pearson's
correlation analysis was conducted to examine the correlations between
the significant factors in univariate analysis. For detecting multi-
collinearity in the model, the Variance Inflation Factor (VIF) was used,
and therefore, the uncorrelated factors were selected as the input of the
final OLS regression model. After that, SLM, SEM, and GWR were
developed using the final OLS model's significant explanatory variables
for comparison purposes. Two global models (SLM and SEM) were
developed in GeoDa 1.14 software. Based on the first-order Queen's
contiguity, the weight matrix was generated for developing the SLM and
SEM.

On the other hand, the local model (GWR) was run in ArcGIS soft-
ware. Adaptive kernel type and AICc bandwidth were selected to run the
GWR model. Finally, The R2 and AICc values of the four developed
4

models were used to compare the models' performances in explaining
COVID-19 incidence rates across Bangladesh.

4. Results

The results of the univariate analysis are presented in Table 2. Out of
28 factors, 17 were found statistically significant and considered
explanatory variables for developing a multivariate model later. All the
demographic factors were found significant; whereas, most of the com-
munity facilities related factors were insignificant. From Table 2, it is also
clear that most of the demographic and health-related factors have
comparatively higher R2 values, which means these factors could explain
a good portion of the variation in the COVID-19 incidence rates across
Bangladesh. On the other hand, a relatively lower R2 was found for other



Table 2. Results of univariate analysis.

Factor Intercept Coefficient Std. Error p-value R2

Demographic factors

Total population 2.492 0.023 0.004 0.000* 0.366

Population density 2.658 0.004 0.001 0.000* 0.507

Urban population percentage -0.973 0.476 0.054 0.000* 0.561

Dependency ratio 18.684 -0.163 0.074 0.032** 0.072

Slum population percentage 5.035 2.791 0.473 0.000* 0.359

Rented tenancy percentage 4.348 0.462 0.046 0.000* 0.519

Internal migrant population 6.166 0.069 0.008 0.000* 0.529

Economic factors

Poverty rate 12.294 -0.168 0.050 0.001* 0.153

Income inequality 11.316 -13.007 21.749 0.552 0.006

Number of economic units 2.675 0.040 0.007 0.000* 0.344

Refined activity rate -15.887 0.803 0.191 0.000* 0.221

Monthly consumption -5.766 0.928 0.189 0.000* 0.279

Healthcare facilities related factors

Number of community clinics 9.453 -0.013 0.015 0.389 0.012

Number of upazilas health complexes 8.295 -0.029 0.038 0.454 0.009

Number of health workers 5.068 1.253 0.149 0.000* 0.533

Built environment related factors

Urban land area 4.928 0.020 0.010 0.049** 0.060

Rural land area 7.674 -0.001 0.001 0.986 0.000

Road density 6.464 0.482 0.615 0.435 0.010

Distance from the capital 12.315 -0.031 0.010 0.004* 0.127

Distance from the divisional headquarter 11.225 -0.049 0.017 0.006* 0.114

Community facilities related factors

Number of primary schools 5.825 0.002 0.002 0.356 0.014

Number of secondary schools 5.929 0.006 0.006 0.313 0.016

Number of colleges 6.030 0.036 0.034 0.284 0.018

Number of growth centers 5.411 0.070 0.064 0.274 0.019

Number of rural markets 8.450 -0.003 0.007 0.642 0.004

Number of religious establishments 5.189 0.001 0.000 0.134 0.036

Number of transit stations 4.879 0.053 0.018 0.005* 0.123

Number of police stations 4.122 0.162 0.044 0.001* 0.179

* Significant at 99% confidence level.
** Significant at 95% confidence level.
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factors. Therefore, variation in COVID-19 incidence rates could mostly be
described by demographic and health-related factors.

After feature selection and correlation analysis, among the 17
explanatory variables, only four variables were included in the final
global multivariate OLS model (Figure 2). Several factors, which had
high R2 values and were strongly significant in univariate analysis, were
not considered for the model development to diminish multicollinearity
in the model. Those factors were: total population, population density,
rented tenancy percentage, internal migrant population, and the number
of an economic unit. The final model included only four significant
factors— urban population percentage, monthly consumption, number of
health workers, and distance from the capital (Table 3).

The model has relatively low multicollinearity since the highest VIF
value among the four factors (VIF ¼ 2.9) is far less than the threshold of
7.5. The association's direction suggested that three factors positively
associate with the COVID-19 incidence rates except for distance from the
capital factor. This model was found to be statistically significant and has
an R2 value of 0.673. This valuemeans that about 67.3% of the COVID-19
incidence rates across Bangladesh are associated with the model's four
factors. The rest of the 32.7% incidence rates are caused by unknown
factors to the model and probably for the local variations, which could
not be captured by the global OLS model.

Later, SLM and SEM models were developed by incorporating spatial
dependence among the variables to improve the results of the overall OLS
5

model (Table 4). Autoregressive lag coefficients (Rho and Lamda) of the
models were strongly statistically significant at a 99% confidence level.
Both SLM and SEM have higher R2 values and lower AICc values than the
OLS model (Table 5), which indicates SLM and SEM performed better
than the OLS model. However, the performance of modeling the COVID-
19 incidence rates in Bangladesh might be further improved if the model
could be developed on a local scale instead of a global scale.

GWR was used to model the COVID-19 incidence rates on a local
scale. From Table 5, the R2 value was found to be the highest for the SEM
model among the global models. This value increased from 0.722 in the
SEM to 0.786 in the GWR model. Therefore, it is evident that the GWR
model could explain 78.6% of the variations of COVID-19 incidence rates
across Bangladesh. In addition, the AICc value was also found the lowest
in the GWR model (AICc ¼ 340.49) compared to the global models,
indicating that the GWR model is the most effective in this context.

The spatial distributions of the coefficient values of the GWR model
are presented in Figure 3. As seen in Figure 3, monthly consumption and
the number of health workers factors demonstrated nearly similar pat-
terns; the opposite pattern was found for urban population percentage.
For the eastern and southern regions of Bangladesh, monthly consump-
tion and the number of health workers were found as influential factors,
and urban population percentage was found as a weak factor in
explaining the COVID-19 incidence rates. On the other hand, for the
north-western regions of the country, the opposite findings were



Figure 2. Results of the correlation analysis.

Table 3. Results of the final multivariate OLS model.

Factors Coefficient Std. error p-value VIF

Intercept -0.966 2.890 0.738

Urban population percentage 0.278 0.080 0.000* 2.857

Monthly consumption 0.314 0.157 0.046** 1.450

Number of health workers 0.468 0.217 0.035** 2.903

Distance from the capital -0.013 0.007 0.079*** 1.263

Model statistics: F (4, 59) ¼ 30.401, p ¼ 0.000, R2 ¼ 0. 673

* Significant at 99% confidence level.
** Significant at 95% confidence level.
*** Significant at 90% confidence level.
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observed. Furthermore, distance from the capital was an influential
factor in the country's central parts. It was less influential in the south-
eastern region of the country. The discussion section explains why and
how these factors better explain COVID-19 incidence in a developing
country.

The results of mapping local R2 values of the GWR model are
demonstrated in Figure 4. Though decent local R2 values were found for
all districts, the districts located in the southern regions of the country
have comparatively lower local R2 values than northern regions of the
country, indicating a decent prediction of the model across the country,
6

especially in northern districts. The reason behind the slight variation in
the local R2 value might be unique topographical differences between the
two regions. In the southern parts of Bangladesh, coastal districts are
located, which are mostly isolated by rivers from their surrounding dis-
tricts. In addition, southern-east parts of Bangladesh are hilly areas where
communication from one district to another district is very difficult.
Whereas, central, northern, and north-western parts of the country are
relatively flat land areas. Therefore, communication among them is
relatively easier. As the GWRmodel estimated the local R2 value based on
the surrounding districts, therefore, for the southern part of the country,



Table 4. Results of the SLM and SEM models.

Variable Coefficient Std. error p-value

SLM SEM SLM SEM SLM SEM

Intercept -2.309 -1.558 2.583 3.251 0.371 0.631

Urban population percentage 0.237 0.299 0.074 0.072 0.000* 0.000*

Monthly consumption 0.181 0.318 0.149 0.164 0.033** 0.037**

Number of health workers 0.565 0.346 0.202 0.182 0.005* 0.057***

Distance from the capital -0.006 -0.011 0.006 0.009 0.025** 0.015**

Rho 0.356 0.113 0.001*

Lamda 0.466 0.135 0.000*

* Significant at 99% confidence level.
** Significant at 95% confidence level.
*** Significant at 90% confidence level.
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surrounding districts cannot influence much on the COVID-19 incidence
rates of the concerned district due to poor communication. Therefore, it
is likely that for these reasons the GWRmodel performed slightly inferior
in that region compared to other regions.

5. Discussion

The percentage of the urban population of districts was positively
related to COVID-19 incidence rates, which is similar to the findings of
Hamidi, Sabouri [15], where researchers found that a high urban pop-
ulation leads to increase movement and activities of people in a
high-density urban area. The higher the population density, the more
likely it is for an infectee to contact an infector [40]. This study also
found population density as a significant variable in univariate analysis.
However, it could not be considered for the final model due to the
multicollinearity issue. In addition to that, the impact of the urban
population percentage on the COVID-19 incidence rates was found lower
(lower coefficient value in GWRmodel) in the north-western region (e.g.,
Rajshahi, Rangpur, and Mymensingh division) of Bangladesh compared
to the south, central, and south-eastern regions (Figure 3). Here, the
geographical context of the south-central-eastern regions of Bangladesh
suggests that these regions cover three major urban areas. The first one is
Dhaka megacity, which comprises 38% (12 million people) of the
country's total urban population. Next is Chattogram, the second-largest
city located in the south-eastern region of Bangladesh, which has
one-third population of Dhaka. Lastly, Khulna, the third-largest city of
the country, is also located in the southern region [41]. All of these three
cities are densely populated and have greater economic and adminis-
trative agglomeration than other parts of the country. On the other hand,
the north-western region's major urban areas are not as vibrant as the
mentioned three cities as they are far behind in employment opportu-
nities, commercial activities, and industrial activities [41]. As a result,
COVID-19 incidence rates were less influenced by the urban population
in the north-western region than the country's other regions.

In this situation, planned and decentralized urbanization needs to be
ensured and physical and social infrastructure need to be better distrib-
uted across the country so that people do not concentrate in a few dis-
tricts, raising their densities beyond sustainable limits. For decentralized
urban development, existing cities of the north-western region of
Bangladesh need to be prioritized as alterative urban areas of Dhaka and
Chattogram to reduce pressure from these two cities.
Table 5. Measures of goodness-of-fit for OLS, SEM, SLM, and GWR models.

Criterion OLS SLM

R2 0.673 0.717

AICc 363.94 355.1
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The monthly consumption factor positively influenced COVID-19
incidence rates. Households having higher monthly consumption tend
to purchase goods from commercially vibrant places, which increases the
potential of being affected by COVID-19 [40]. Furthermore, higher
consumption is associated with higher income levels, lower poverty, and
higher employment rates. Therefore, income and employment-related
activities trigger frequent travel and physical contact with people,
increasing the risk of transmission of COVID-19 [42]. Another explana-
tion behind this could be that low-income people might have less access
to testing facilities, resulting in the underreporting of the positive
COVID-19 cases in low-income areas [11, 43]. In addition to that,
monthly consumption had a higher impact on COVID-19 incidence rates
in Bangladesh's north-western region than in other regions (Figure 3).
The north-western region of the country is lagging behind than other
regions due to higher poverty and inequality [44]. This region suffers
from severe “Monga”, referred to as a seasonal phenomenon of poverty
and hunger, during the time period of September–November and
March–April [45]. So, after the March–April “Monga”, people are
compelled to take part in economic activities to secure their needs ahead
of the upcoming “Monga” which might lead to the higher impact of
monthly consumption on COVID-19 incidence rate in this particular
region.

As a recommendation, economic activities need to be diversified and
dispersed around the country so that high-income people and employ-
ment opportunities are not concentrated in a few districts. A large portion
of the north-western region's poor working group migrates to Dhaka for
work due to a lack of employment in their native place [46]. They are
mostly engaged in informal jobs in Dhaka. In the period leading from the
first detection of the COVID-19 case in Bangladesh, quite a few people
lost their jobs while many others experienced pay cuts [47]. As a result,
many households left the capital, Dhaka, facing affordability issues, and
they mostly relocated to their village homes [48, 49]. This is the time to
seize the opportunity to create employment for these people by providing
them monetary support to engage in agricultural activities and establish
industries, which can be based in remote areas, especially the
north-western region. This will ensure that these people will be less likely
to re-migrate to the capital; instead, others living in Dhaka and other
major cities might be attracted to return to their village homes.

The number of health workers positively influenced the COVID-19
incidence rates as hospitals became the hotspots for COVID-19 circula-
tion. This result was found to be consistent with the findings of Mollalo,
SEM GWR

0.722 0.786

8 353.63 340.49



Figure 3. Spatial distribution of the coefficient values of urban population percentage, monthly consumption, number of health workers, and distance from the capital
in describing COVID-19 incidence rates using GWR model.
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Vahedi [17]. From correlation analysis, it can also be observed that the
number of health workers factor had a strong positive relationship with
total population and population density (Figure 2). This direction of
correlation suggested that areas with a larger population with higher
population density have comparatively more health facilities and,
consequently, have a higher number of health workers and a number of
COVID-19 testing centers. Therefore, the number of positive COVID-19
cases was also more in those areas. In addition, this factor was found
to have a more substantial influence on COVID-19 incidence rates in the
north-western region of Bangladesh than in other regions (Figure 3).
There was a severe shortage of personal protection equipment (PPE) in
Bangladesh at the beginning of the pandemic. Therefore, a significant
percentage (25%) of front-line health workers were obliged to tackle
COVID-19 without any protection, and thereby, a large number of health
workers became infected by COVID-19 [50]. The infected health
8

professionals are likely to have passed on the disease to others, including
patients visiting the hospitals for non-COVID-19 related issues and peo-
ple accompanying them. Furthermore, PPEs were distributed in the
hospitals of important urban areas first. Therefore, it might be assumed
that hospitals in the north-western region received PPE later. Due to this,
COVID-19 might have spread from hospitals through health workers in
this region.

In a situation like this, the supply-chain systemmust be uninterrupted
so that proper protective equipment can be delivered to the health
workers on a priority basis. The demand for health services escalates
during pandemic times. Steps need to be taken to reduce the pressure on
existing hospitals and prevent them from becoming COVID-19 hotspots.
A few places in the major cities can be earmarked for erecting temporary
hospitals to tackle a pandemic like the COVID-19. These places should



Figure 4. Spatial distribution of the local R2 values of GWR model.
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have good transport access, and they can be used as recreational open
spaces at other times.

Distance from the capital was found inversely related to COVID-19
incidence rates. Dhaka, the capital and a megacity of Bangladesh, is the
epicenter of the country's pandemic and has the most infected population
(Figure 1). In addition, Dhaka is the central commercial and adminis-
trative hub of the country; hence, it attracts people from all over
Bangladesh, resulting in many trips to and from Dhaka. Since Dhaka is
the economic hub of Bangladesh, a lot of people live in surrounding
districts to save on housing costs and commute to the city daily. During
this pandemic, public transport was under restriction across the country.
People residing in districts in closer proximity to Dhaka could somehow
manage to travel to this district more frequently than districts located
farther. These might be the reasons behind the result— the shorter the
distance of a district from the capital, the higher the likelihood of
transmission of COVID-19. Moreover, correlation analysis suggested that
distance from the capital was negatively correlated with population
density while positively correlated with poverty rate. The more the dis-
tricts are far away from the capital city, the greater is their potential to
have low density and higher poverty incidence which negatively affected
COVID-19 incidence rates in Bangladesh (Figure 2). Furthermore, this
factor was less influential in the south-eastern region, southern region,
and the north-eastern region of Bangladesh compared to other regions.
The reason behind that is the south-eastern region is a hilly area, and the
south region comprises a large number of islands where water
9

transportation is the primary mode for communication. Therefore,
accessibility between the capital city and these locations is not as good as
with other regions.

Additionally, travel between a lagged north-western region and
Dhaka might be less required during the pandemic. For these reasons,
fewer viral transmissions occurred in those regions from Dhaka, and
fewer COVID-19 incidences were reported there. From literature, con-
nectivity was also found more important than density in 913 US metro-
politan counties [15]. The policy response of diversifying and dispersing
economic activities across Bangladesh should be able to take care of this
issue and reduce pressure on the capital city. This would help to create
self-sufficient regions and might reduce the demand for inter-region
travel during critical situations.

This study showed that the impacts of most of the community facil-
ities, e.g., primary school, secondary school, college, growth center, rural
market, and religious establishment on COVID-19 incidence rates were
insignificant as these facilities were shut down in the initial stage of
COVID-19 pandemic. However, the univariate analysis results show that
the number of transit stations and the number of police station factors
profoundly influenced increasing COVID-19 incidence rates. Though
transit stations were also controlled through lockdown measures, there
was a lax during the festive periods, and garment factories were hastily
opened and immediately closed, which resulted in the movement of a
large number of people [51]. In addition, emergency activities, such as
health care, food delivery, and necessary regular goods marketing were
out of the scope of lockdown measures and involved the use of transit
stations. As a result, transit stations might have become crowded, which
paved the way to transmit COVID-19. Police had the responsibility to
implement lockdown and social distancing at the field level during the
pandemic. Enough protection equipment was not available for the police
personnel to carry out their duties safely. Moreover, police officers'
overcrowding travel in a single police van made themmore vulnerable to
the virus [52]. The design of transit stations needs to take the physical
distance factor into account. The design should discourage the clustering
of people and ensure good natural air circulation. Like the health pro-
fessionals, police personnel and all other front-line workers should be
given priority for the distribution of PPE after ensuring an adequate
supply of this equipment through an efficient supply-chain system.

6. Limitation of the study

One of the limitations of our study was the lack of appropriate data for
some variables. Due to the unavailability of individual or community
level data, it is not logical to draw inferences at the individual or com-
munity level. Another reservation is the COVID-19 testing center's spatial
availability. There are few opportunities to test COVID-19 for people
living in remote areas in Bangladesh. Besides, there is a tendency among
people not to test COVID-19 even though they have symptoms. There-
fore, there might be an underestimation of COVID-19 cases. Furthermore,
the influence of lockdown and other containment measures on COVID-19
incidence rates were not considered in this study. There is likely to be
some variations in lockdown related policies and their implementation
efficiency within a district and between districts. It might play an
essential role at the district-level to control the COVID-19 incidence rates,
but analyzing this influence was out of this research scope.

7. Conclusion

Identification of possible virus transmission and spread determinants
is crucial, especially for coronavirus disease (COVID-19), which brought
unprecedented shock globally. This study aimed to identify potential risk
factors contributing to the district-level COVID-19 incidence rates across
Bangladesh. To fulfill the aim, three global (OLS, SLM, and SEM) and one
local (GWR) models were developed in this study to identify potential
demographic, economic, built environment, health, and facilities related
factors affecting the COVID-19 incidence rates.
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The models' results showed four factors— urban population per-
centage, monthly consumption, number of health workers, and distance
from the capital— were statistically significant. The R2 value was found
to be 0.673 for the overall OLS model, which increased to 0.78 in the
GWR model. The findings of the study showed that the COVID-19 inci-
dence rates increased with an increase in urban population percentage,
monthly consumption, and the number of health workers within a dis-
trict. At the same time, the incidence rates decreased with an increase in
the distance between the capital city with districts. Discussions on the
findings reveal that higher level dependency on and concentration of
economic as well as industrial activities within a few districts, ineffective
supply-chain system, lack of self-sufficient regions, poverty and
inequality, especially in the north-western region of the country, were
some of the main causes which led to higher COVID-19 incidence rates.

The recommended policy response suggests that increasing de-
pendency on the capital city should be lessened by diversifying and
decentralizing economic activities across Bangladesh, especially the
north-western region of Bangladesh, which needs to be prioritized as
alternative urban centers for Dhaka and Chattogram. This would help
create self-sufficient regions and might reduce the demand for inter-
region travel during critical situations and, consequently, help control
any pandemic like the COVID-19 in the future. Theoretical investigations
and empirical observations from this research offer an alternate view of
the joint importance of health and non-health determinants, which will
help planners and local governments for effective policy development to
tackle future epidemic crises. Future studies incorporating individual or
community level data having temporal consistency with COVID-19
transmission time could produce better directives analyzing risk factors
at a lower geographic unit and finding solutions for different socio-
economic groups.
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