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Abstract: Kota Bharu city in Kelantan, Malaysia was reported with the highest cases of coronavirus
disease 2019 (COVID-19) among other districts. Kota Bharu is the capital city of Kelantan, which
acts as the administrative, commercial, and financial areas. A large population pool may become a
potential carrier for disease transmission to become an epidemic. However, the impact of population
density on the COVID-19 outbreak in Malaysia is still unknown and undiscovered. Therefore, this
study investigates the impact of population density on COVID-19 as a potential virus transmission
carrier using linear regression models. The chances of formulating new strategies for combating
COVID-19 are higher when the driver of transmission potential is identified. This study shows that
the highest value of infected area density is in Kota Bharu (0.76), while the infected risk area was
highest in Jeli (0.33). This study found that there is a strong relationship between COVID-19 infection
cases in Kelantan and population density (R2 which is 0.845). Therefore, high population density was
identified as a potential driver of transmission of COVID-19 outbreak. Understanding the potential
drivers of the disease in a local setting is very important for better preparation and management. The
outcome of the study can aid in the development of a new analytical model for strategic planning of
Zero COVID-19 for securing the public health and wellness, both social and economic, by researchers,
scientists, planners, resource managers, and decision-makers.

Keywords: spatial distribution; COVID-19 model map; population density; infected cases; Kelantan;
Malaysia

1. Introduction

The spreading and outbreak of the transmittable coronavirus disease 2019 (COVID-19)
has affected whole countries in the world during a very critical stage. The disease has
serious impacts on world health as well as on economy, education, employment, and
physical and mental health of human lives [1]. The onset of symptoms of the first identified
case in Wuhan city on 8 December 2019 [2] and, as of January 2020, has continued to spread
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extensively throughout Hubei Province and nationwide with limited transmission chains
occurring in neighboring countries (Japan, South Korea, Singapore, and Malaysia), and
sporadic importations elsewhere. In China, the coronavirus development showed initially a
spatial asynchrony, exhibiting exponential growth during the first days of the outbreak. The
unknown and uncontrollable infectious disease spread quickly, reaching its peak around
January 25th (117%), followed by rather a polynomial growth pattern: January 30th (42%),
February 4th (42.5%), and February 14th (37%). From 22nd February to 27th February
2020, the infected incidents dropped substantially to a growth rate below 1 percent. The
COVID-19 growth pattern showed a high degree of temporal and spatial irregularity in
its inception because of the spatiotemporal dynamics of the Chinese population. The
Chinese New Year celebration accompanied by a three-day holiday substantially increased
population mobility within and across Chinese borders changing population density in
the infected from virus areas, including Wuhan city. When the Chinese authorities decided
to quarantine the infected areas in late January, the number of infected incidents dropped,
reaching spread growth lows in late February [3].

In Malaysia, the outbreak of COVID-19 started in January 2020 when it was discovered
from China travelers. The outbreak leading to highly local cases of the largest cluster in
March 2020. Malaysian health authorities stated cases began to spread to neighboring
countries and Malaysia had the greatest number of cases in Southeast Asia on 11 April 2020
with an additional 184 cases of the new coronavirus, increasing the total accumulative
to 4530. The latest statistics include three new fatalities, raising total deaths from the
outbreak to 73. Enhanced testing showed a relatively low case mortality rate of 1.61% on
11 April 2020 in the Philippines and Indonesia, but continues to be comparatively more
severe than in Singapore, Brunei, and Thailand [4].

According to recent research [5], Kelantan had 166 cases of COVID-19 detected
locally as of the end of July 2020. The capital of Kota Bharu (56.6%) had the largest
population density among the other 10 districts in Kelantan, where most of the cases
were located. Eighty percent of the cases in Kelantan were related to the mass gathering at
Masjid Seri Petaling (MSP), which occurred from 27 to 29 February 2020. The confluence
produced the Seri Petaling cluster, the biggest cluster in Malaysia to date, which affected
3375 cases nationally (38.9% of all cases as of 8 July 2020) between 11 March 2020, and
8 July 2020 [4]. In this study, 54 (32.5%) cases involved gathering attendees, whereas 79
(47.6%) cases involved their close connections, whose transmission could be tracked up
to the fifth generation. Furthermore, 10.8% of the additional cases were contracted while
travelling to affected nations. By using active case detection, more than 57% of cases
were found. Additionally, 50.0% of people were screened based on contact tracing, and
45.2% were based on risk assessment. Household connections made up around 67.4% of
confirmed patients’ contacts; the remaining contacts were social. The case fatality rate for
COVID-19 in Kelantan is comparable to China (2.3%) but lower than Italy (7.7%), Europe
(4.2%), and Asia in general (3.8%) [6]. The incidence of COVID-19 in Kelantan is lower
than the United States (316/100,000 in July) [6], and its case fatality rate is comparable to
China (2.3%) [7,8].

Various protocols were then developed to facilitate systematic and rapid data
collections as well as analyses across the globe to provide a better comprehension of
the disease and subsequently guide the implementation of various measures [9]. The
modeling research of contagious disease depends on various factors related to the
infection of the disease. Several research studies have suggested that transmission of
COVID-19 is associated with environmental factors such as wind speed, humidity, and
temperature [1]. In the USA and India, the research found that the outbreak depended
on population density, with denser regions and metropolitan cities experiencing an early
spreading of the disease [1,4]. Ruiz and Koutronas [3] have found that the transmissibility
potential of COVID-19 in Asia will be substantially higher compared to other parts of the
world. It is plausible to expect that the population heterogeneity has a vital part in the
geospatial diffusion of infectious diseases. Transmission of disease requires a minimum
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unaffected population pool of 250,000 as potential carriers for a disease to become an
epidemic [5]. However, epidemiological studies should be cautiously interpreted as
not only is the disease very dynamic but its characteristics are heavily influenced by
different factors of local population and implementation of public health measures that
vary from country to country [10]. Hence, it is important to understand the impact of
population density as the potential driver of epidemiological features of COVID-19 at the
local level towards a better understanding of the disease, to be prepared for impending
outbreaks with specific countermeasures.

The geographical distribution of infectious illnesses has been evaluated using geo-
graphic information systems (GIS). The COVID-19 Panel provides updated data that are
presented as graphs, tables, and maps. This data map may be used to analyze the COVID-19
outbreak and enhance healthcare. The categorization of risk regions may aid stakeholders
in making decisions during the pandemic. The association between various explanatory
variables and disease breakout may therefore be determined with the use of statistical tools
for spatial analysis.

A risk prediction model may be created using a variety of statistical techniques,
including but not limited to logistic regression, linear regression, Cox regression, and
machine learning (ML). Linear regression, a linear approach for modelling the relationship
between a scalar response and one or more explanatory variables, can be used to measure
the probability of a disease, evaluating the disease likelihood, forecast the spread, and
predict fatality. This can be done to address the uncertainties in COVID-19 diagnosis.
Linear regressions have evolved into a crucial component of any data analysis pertaining
to the explanation of relationship between an outcome variable and one or more predictor
variables to explore the risk factors connected to COVID-19 [11,12].

However, in Malaysia, especially in the state of Kelantan, the connection between
the COVID-19 outbreak and population density is yet unknown and undiscovered. The
research questions in this study are is the population density impacting the total COVID-19
cases? and what is the relationship between population density and COVID-19 cases?
Therefore, this study focuses on the impact of population density of people in the Kelantan
state and its relationship with COVID-19 cases to provide the empirical information of the
spatial distribution pattern of transmission potential of COVID-19 in Malaysia especially in
Kelantan, Malaysia. Data analysis and the empirical information of outbreaks can assist in
the development of effective prevention and intervention approaches.

2. Materials and Methods
2.1. Study Area

The state of Kelantan was chosen as the case study area. The state is composed of
10 districts with an area of 1.71 million hectares, which is 2.62 percent of the total area
of the state is the capital city of Kota Bharu (Figure 1). The coordinates of Kelantan are
6.1254◦ N, 102.2381◦ E and the state is surrounded by the South China Sea in the north
of Pangkalan Datu River, Pengkalan Chepa river in the east, Pendek River district in the
South, and Kelantan River in the west. The total population in Kelantan was 2.001 million
in 2018. Kota Bharu is the most developed area compared with nine other districts and
has become the main mechanism for the development of Kelantan. In Kota Bharu, the
total of population was 509,600 people in the year 2010 and increased by 12% from 2010
with 1.45 million people. According to Faizalhakim et al. [13], major significant changes in
climate were detected in Kelantan state, i.e., annual rainfall by 41.13 mm, annual rain days
(1.58 days), temperature changes (0.07 ◦C), global radiation (0.17 MJm−2), atmospheric
pressure (0.07 hPa), cloud cover (<0.01 oktas), annual evaporation by −0.50 mm, relative
humidity (−0.25%), sunshine hour (−0.04 h), and wind speed (−0.02 m/s year−1).
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2.2. Methodological Framework

Spatial Analytical Framework for Strategic Planning has been developed using inte-
grated approach of remote sensing, geographical information systems, correlation statistic,
and linear regression model. In this study, land use/land cover (LULC) and data collection
of COVID-19 cases (tested, positive, death, and discharge) of different types of population
and density were modeled using Logistic Regression Model to derive the simulation maps
of COVID-19. This study has assessed the evidence of the spatial effects of the landscape
patterns by examining the differences between type and density of populations (Figure 2).
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2.3. Data Collection

In this study, data collection of COVID-19 cases (positive) of population was modelled
using Linear Regression Model to derive the relationship of population density with
COVID-19 infected cases in Kelantan. The data of COVID-19 population cases were
obtained from the authorities (Malaysian National Security Council and Ministry of Health).
The total of infected cases was collected from Hospital Perempuan Zainab II Kota Bharu and
Hospital Sultan Ismail Petra, Kuala Krai in March 2020 until December 2020. The population
data statistic was derived from the Department of Statistics Malaysia for 10 districts of
Kelantan (Kota Bharu, Tumpat, Jeli, Bachok, Tanah Merah, Pasir Putih, Pasir Mas, Kuala
Krai and Gua Musang, Machang).

2.4. Image Processing

Satellite images with path/row 127/57 and 127/56 of Landsat 8-OLI with a 30-m reso-
lution for the year 2020 were selected to develop a land use map of the study area. These
satellite images were downloaded from www.earthexplorer.com (accessed on 20 April 2020).
Firstly, GeoTIFF images of individual bands were converted into the ERDAS raster format.
Then, layer stacking was used to combine separate image bands into a single multispectral
image file. Two single images were geocoded and mosaicked into a single image. After that,
image enhancement and band combination were carried out to obtain a better impression
of the remotely sensed data. This process is important because the satellite images do
not provide a clear color representation and complete information to be interpreted [14].
False color composite (FCC) was generated from the bands for visual interpretation to
identify the heterogeneous patches distinctly pertaining to various land cover classes.
This is because FCC is able to generate a suitable combination of bands which enables a
clear interpretation to distinguish each type of land use [15–17]. The combination of 6-5-4
(Red-Green-Blue) was selected because this combination provides a clear image that is
suitable to distinguish each land use type in the study area. Image classification is the
process of assigning land cover classes to pixels. In supervised classification, we need to
select representative samples for each land cover class. Effective classification of satellite
image data depends upon separating land use/land cover types of interest into a set of
spectral classes (signature) that represent the data in a form that is suitable to the particular
algorithm used [18]. Signature files consisting of means and covariance matrices for each
class are created first, before running the classification result. Signatures represent each
land use/land cover type that were collected from the images. To generate a set of signature
files that accurately represent the classes to be identified, samples were repeatedly selected
from the images by drawing a polygon around the training area of interest (AOI). Several
topographic and land use maps (scale 1:50,000) obtained from the Department of Survey
and Mapping, Malaysia (JUPEM) and the Department of Agriculture, Malaysia were used
as the reference in this classification process.

Supervised classification was carried out using the Maximum Likelihood algorithm
technique which is based on Bayesian probability theory [19]. This classifier is the most
common classification algorithm and is successful as it involves training the information
classes [20,21]. This algorithm uses the statistics generated from the spectral training
signature to group pixels together into classes [22]. Through this classification process,
the land-use map of Kelantan was produced. To evaluate whether the classification is
appropriate and reliable, an accuracy assessment was applied by referring to topograph-
ical maps, field experience and Google Earth images. The overall accuracy and Kappa
coefficient were calculated to explain differences and improvements in the classification
of images [23]. The overall accuracy and kappa statistic were more than 85% and 0.8,
respectively (Table 1). The results indicate that the levels of accuracy were within the
standard range and at an acceptable level [24]. Therefore, land use classification of the
study area was reliable and acceptable.

www.earthexplorer.com
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Table 1. The overall accuracy and Kappa coefficient of land use types.

Name Totals Totals Correct Accuracy Accuracy

Class Reference Classified Number Producers Users

Built-up area 24 23 19 79.17% 82.61%
Cloud 9 3 3 33.33% 100.00%

Commercial agriculture 49 50 45 91.84% 90.00%
Forest 100 118 98 98.00% 83.05%

Others agriculture 32 33 28 87.50% 84.85%
Paddy 16 14 14 87.50% 100.00%

Swamp forest 15 9 9 60.00% 100.00%
Waterbody 11 6 6 54.55% 100.00%

Total 256 256 222

Overall Classification Accuracy = 86.72%

2.5. Data Analysis
2.5.1. Linear Regression Model

Data analysis has been performed using SPSS version 26. The linear regression was
conducted to analyze the relationship of population density of each district with COVID-19
cases in Kelantan [25]. Linear regression model was used in this study to determine the
relationship between population density and COVID-19 cases. Ordinary Least Squares
(OLS) method is a linear regression technique that is used to find the best fitted line for a
dataset in which the dependent and independent variables have a linear relationship. The
method relies on minimizing the sum of squared error between the actual and predicted
values. Since it is simple to train and understand, it is one of the most widely used
techniques for estimating an unknown parameter in a linear regression model [26].

Consequently, we formulated the variation of the total infected with population density
through the following equation:

yi = axi + b + ε

where x is the independent variable (population density) and y is the dependent variable
(total infected), a is the slope, b is the intercept on the y-axis, and ε is the error with zero
mean value.

2.5.2. Spatial COVID-19 Model Map

Infected area density map (total infected/population density) and infected area risk
map (Infected density/population) have been developed by using spatial statistics tools and
inserted linear regression value in attribute table to produce a spatial COVID-19 integrated
model map.

Population density was calculated as the number of inhabitants living in an area per
kilometer square (inhabitants/km2) for each district. Population density is the average
number of people per unit of land area. In the U.S., the most common unit of population
density is persons per square mile. The land area measurement excludes lakes and other
water areas within [27].

3. Results and Discussion

Spatial COVID-19 integrated model map has been developed using spatial statistics
tools by inserting linear regression value into the attribute table. Figure 3 shows the land
use in Kelantan in the year 2020. We define built-up areas as the aerial units recording
the full or partial presence of buildings and the space in-between buildings [28,29]. The
highest built-up area is in Kota Bharu district where there is the highest population density
among the districts. Spatial analysis has shown the spread of COVID-19 in areas with high
population density. Infected area density map (total infected/population density) shows
the highest value of infected area density in Kota Bharu (0.76) compared to Gua Musang
(0) (Figure 4). It is supported by research from Urban and Nakada [30] that shows that



Sustainability 2022, 14, 14150 7 of 14

the high population density found in informal settlements in the city of São Paulo is a
determining factor influencing the spread of COVID-19, possibly because people living
in socioeconomic vulnerability may not be able to adhere to social distancing measures.
Rader et al. [31] found that population aggregation and heterogeneity have a significant
impact on the COVID-19 epidemic’s peaking degree. As a result, epidemics in densely
populated areas spread more slowly over time and have higher overall attack rates than
those in less densely populated areas. The observed variations in epidemic peaking are
consistent with a COVID-19 meta-population model that explicitly takes into consideration
geographical hierarchies. The finding is consistent with our result that epidemics may last
longer in congested cities throughout the world [32,33].
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However, infected area risk map (Infected density/population) was highest in
Jeli (0.33) compared to Tumpat district (0.02) (Figure 5). The linear regression value
provides the prediction data on the area that could be at risk of spreading COVID-
19. Therefore, the map is called an infected area risk map. We show that population
density can be an important factor in transmission but only in the absence of mobility-
restricting policy measures, although particularly strong policy measures may be
required to mitigate the highest population densities [34]. Souch et al. [35] found
that, during the pandemic, cases appeared in more rural locations and involved trans-
portation and mobility concerns. A lot of rural places turned into national hubs for
prevalence and transmission. COVID-19 was transported along the route of interstates.
Quantitative findings showed that COVID-19’s anticipated arrival times varied across
rural and urban areas. COVID-19 arrived in counties that are crossed by interstates
before counties that are not. The biggest arrival time discrepancy was seen in the most
rural counties, which suggests that road traffic is a factor in the spread of disease into
rural areas. Road travel enabled human mobility, bringing COVID-19 to more rural ar-
eas. Interstate and road traffic limitations would have aided more effective mitigation
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efforts during the early COVID-19 epidemic stages and decreased transmission. This
study supported our finding that the rural area, Jeli district could be at risk of infected
cases because of population mobility. These observations can provide insights for how
social gatherings and communal events might enable rural communities, while having
a lower population density, to become hotspots similar to their urban counterparts.
Therefore, rural areas as the infected risk areas require an effective strategy and should
also protected from the spread of COVID-19.
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This study focused on the linear regression model to study prevention of COVID-
19. In this research, we found that the number of COVID-19 cases is highly connected
with the population density. Based on the scatter plot of total infected cases against
population density (Figure 6), it is found that the total infected cases have a positive
relationship with population density. When population density increases, infection cases
also increase.
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Figure 6. Relationship of population density and COVID-19 cases.

This logistic regression model is part of epidemiological models that can be an
effective tool to assist in policy development of animal health, disease control, and
prevention. The epidemiological models can vary from simple mathematical models
through to complex spatial simulations and decision support systems. The method
used will vary depending on the understanding of the epidemiology of a disease, the
objective of the study, and the quality and number of data available. Epidemiological
models can be categorized into several categories depending on their variability, chance,
and uncertainty, time, space (spatial or non-spatial), and the composition and type of
the population [36].

Subsequently, this study estimates the correlation coefficients considering the total
infected cases as the dependent variable and population density as the independent variable.
This study found that the correlation coefficient is 0.919, as shown in Table 2, which indicates
a very strong positive correlation between the two variables. For the significance test, the
p value is 0.000 which is less than any sensible level of significance; therefore, the null
hypothesis (no correlation) is rejected.



Sustainability 2022, 14, 14150 11 of 14

Table 2. Pearson correlation between population density and total infected COVID-19.

Correlations

Population_Density Total_Infected

Population_Density
Pearson Correlation 1 0.919 **

Sig. (2-tailed) 0.000
N 10 10

Total_Infected
Pearson Correlation 0.919 ** 1

Sig. (2-tailed) 0.000
N 10 10

**. Correlation is significant at the 0.01 level (two-tailed).

Based on table below, the least-square fitting gives a = 0.52 and b = −43.244 (Table 3).

Table 3. Significant value of relationship between population density and total infected COVID-19.

Coefficients a

Model
Unstandardized Coefficients Standardized Coefficients

t Sig.
B Std. Error Beta

1
(Constant) −43.244 19.003 −2.276 0.052

Population_Density 0.520 0.079 0.919 6.610 0.000
a Dependent Variable: Total_Infected.

The high value of R2, which is 0.845 for the relationship between total infected cases
and population density, implies that most of the total infected cases due to COVID-19 can
be explained in terms of population density (Table 4). However, how COVID-19 spreads
in a district may depend on various other factors such as prevailing health conditions, the
average age of the residents of the districts, health infrastructure, testing numbers, poli-
cies adopted by the regulating authorities, economic conditions, geographical features,
and others.

Table 4. R2 value of relationship between population density and total infected COVID-19.

Model Summary

Model R R Square Adjusted R Square Std. Error of the Estimate

1 0.919 a 0.845 0.826 36.40054
a Predictors: (Constant), Population Density.

Determination of possible connections between population density and the spread-
ing and extent of epidemics have so far proved uncertain. A lack of focus on appro-
priate density intervals and the fact that the variable of population density must be
distributed uniformly are possible sources of uncertainty in this study. The assumption
that most of the population is susceptible holds only for new strains of diseases [37].
The finding in this study could be the kickstart for other researchers to focus on areas
of towns and cities where most of the population is concentrated with high density
of population.

In Kelantan, Malaysia, the spread of COVID-19 cases is affected by population density.
Our results are consistent with the impact of population density on COVID-19 cases re-
ported by Bhadra et al. [1]. Population density has been proven to be a determining variable
influencing the spread of COVID-19, corroborating data presented by Ganasegera et al.,
2021. However, the risk of infected cases map shows that Jeli district (the lowest population
density among the district) might have a higher risk of infection by COVID-19, possibly
due to connection and interaction with other districts. This study could have important
public health implications and, therefore, strategic planning should be undertaken by the
decision makers and health care workers in order to decrease the COVID-19 cases and
spread of other diseases.
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Other factors of different scopes can be further studied to find the difference between
various factors and potential drivers that influence the spread of pandemic. Prior to using
nontherapeutic interventions in the fight to control the epidemic, it would be desirable to
create standard operating procedures that take population density into account as a risk
factor for COVID-19 spread and assess them geographically. Thus, this study is essential
to improve our understanding of the impact of population density of COVID-19 cases,
and develop more focused and effective strategies to combat pandemic diseases. Further
studies exploring different factors associated with increase of COVID-19 cases would be
beneficial in determining the effective strategic planning for the Zero COVID-19 policy and
other similar kinds of disease.

4. Conclusions

In this study, we have used spatial modelling to assess the spread of COVID-19
in 10 districts in the state of Kelantan, Malaysia. This research provides the model of
COVID-19 infection cases and population density using linear regression. Linear regression
model, using OLS, has proven to represent the correlation of population density and
infected cases at the district level. The results found that there is a strong relationship
between COVID-19 infected cases in Kelantan and population density. When population
density increases, infection cases also increase. More importantly, our study has revealed
a significant correlation between COVID-19 cases and population density (R2 = 0.845).
Our findings have shown that the high population density found in Kota Bharu is a
determining factor influencing the spread of COVID-19, possibly because people living
in socioeconomic vulnerability may not be able to adhere to social distancing measures.
Our study corroborates reports from recent literature, pointing to the need for special
attention in high population density and also low population density areas. Therefore,
decision makers and stakeholders can plan the intervention and strategic planning such as
lockdown or vaccination programs at the specific location of high population density to
combat COVID-19.
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