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Coronavirus disease (COVID-19) is an extremely transmissible disease that causes tremendous 

human suffering worldwide, with millions of people dying within two years. In Malaysia, the COVID-

19 pandemic continues with an increasing number of positive cases. In order to monitor and prevent 

the disease, disease mapping is proposed for quantifying and describing the disease risk. The 

primary objective of this research is to estimate the COVID-19 relative risk using one of the most 

widely employed Bayesian approaches, namely the Poisson-gamma model, and eventually display a 

disease map to show the COVID-19 risk level in each state. The relative risk results are divided into 

five different levels to classify the COVID-19 risk level in each Malaysian state. The illustration of 

five different shades in the disease mapping has distinguished the risk levels within each state, where 

the most light-coloured area indicates very low risk whilst the most dark-coloured area indicates 

very high risk. According to the results, the area with the lowest risk of contracting COVID-19 in 

2020 is Perlis, and the area with the highest risk is Labuan, whereas in 2021, Perlis remains the 

lowest risk area while Selangor is the highest risk area. 
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I. INTRODUCTION 

 
In the process of civilisation development, infectious diseases 

have caused significant human agony and death, as well as 

paying huge economic costs. The number of emerging 

pathogens, such as Zika virus, Ebola virus, and severe acute 

respiratory syndrome coronavirus (SARS-CoV), has 

quadrupled in the last 40 years. SARS-CoV-2 is a recently 

emerged new pathogen and the cause of Coronavirus disease 

(COVID-19) (Kuppalli & Madad, 2021). 

Since the initial emergence of COVID-19 cases in China, the 

contagious virus has been spreading rapidly worldwide and it 

has been recognised as a global crisis within four months (Liu 

et al., 2020). Although the very first COVID-19 epidemic was 

linked to a wildlife and seafood market in the Wuhan city of 

China, some early cases were not related to the market. Thus, 

the original source of the virus remains elusive (Zhang & 

Holmes, 2020). Numerous investigations are still underway 

to further explore its exact origin in China. 

COVID-19 affects different individuals in various ways. It is 

generally known that the conditions can be asymptomatic or 

have symptoms ranging from mild to severe (Elibol, 2021). 
The disease’s most prevalent symptoms are fatigue, dry 

cough, and fever, whereas the uncommon symptoms are 

myalgia, sore throat, diarrhoea, pink eye, headache, 

hyposmia (loss of smell), or hypogeusia (loss of taste), skin 

rashes and discolouration of toes or fingers. These symptoms 

might develop complications such as dyspnea (shortness of 

breath), chest pain, and movement or speech impairments 

(WHO, 2021b).  
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As a viral disease, treatment of antibiotics will be 

ineffective. The spread of the virus can be easily transmitted 

through the secretion of saliva or mucus from coughing or 

sneezing by an infected individual. To slow down and prevent 

the spread of COVID-19, it is important to have informative 

knowledge of the disease and also practice preventive 

measures such as handwashing, consistently wearing masks, 

social distancing, and getting vaccinated (WHO, 2021a). 

In 2021, COVID-19 is a global pandemic, and the number of 

positive cases is still increasing rapidly in Malaysia. As of 31 

December 2021, 2.7 million confirmed cases of COVID-19 

have been recorded nationwide, including over 31,000 deaths 

(Ministry of Health (MOH) Malaysia and COVID-19 

Immunisation Task Force (CITF), 2022). According to 

statements from MOH Malaysia (2020), the common 

approach to evaluate the COVID-19 risk areas is based on 

count data which includes the daily cases number and 

cumulative cases number of the past 14 days. This method is 

not appropriate as it does not reflect the real situation and 

only focuses on the occurrence of the diseases without 

considering the areas where the disease is transmitted.  

To capture the situation of each state in Malaysia, disease 

mapping is proposed in this research. According to Nieto-

Barajas (2008), disease mapping is an appropriate method 

for describing and quantifying the spatial variation in disease 

risk, as well as identifying the possible associations between 

adjacent areas within a specific geographical region. Accurate 

estimation of the relevant relative risk is important when 

developing the disease map. 

In estimating the relative risk, the most commonly used 

statistical method is the Standardized Morbidity Ratio 

(SMR). Nevertheless, it has drawbacks, such as extreme 

results that might occur by having a large SMR value if the 

expected case number is small and vice versa, or the SMR 

value being equal to zero when no cases are observed. To deal 

with the disadvantages of the SMR approach, the relative risk 

is measured using the Poisson-gamma model in disease 

mapping, particularly when no cases are observed in the area. 

When estimating relative risk, it can yield smoother disease 

maps that have fewer extreme values and only produce 

positive estimates (Lawson et al., 2003; Samat & Ma’arof, 

2013). Furthermore, it is highly suggested to use the Poisson-

gamma model in estimating small areas given that it can 

provide prior information on the uncertainty measures that 

are associated with the relative risk estimation in the entire 

map (Diah et al., 2016; Diah & Aziz, 2021). This study has 

applied the Poisson-gamma model to the relevant COVID-19 

incidence data to accurately estimate the relative risk values 

and subsequently visualise the risk level of the affected states 

in Malaysia through disease mapping. 

 
II. MATERIALS AND METHOD 

 
In this study, two tools are applied to conduct the data 

analysis. WinBUGS software is utilised to compute the 

relative risk of COVID-19, while ArcGIS software is employed 

to map estimated relative risk in Malaysia by state. WinBUGS 

software is a designated programme that uses the 

computations of Markov Chain Monte Carlo (MCMC) to 

conduct Bayesian inference for statistical issues (Lawson et 

al., 2003). Meanwhile, ArcGIS is a software for data storage 

and mapping where the user is allowed to generate and 

present the data analysis. Overall results are shown in table 

and figures, whereas the COVID-19 risk maps are generated 

using the computed data. 

 
A. Poisson-gamma Model 

 
In view of the SMR method’s weaknesses, the Poisson-

gamma model as one of the primarily used Bayesian 

approaches has been suggested by several researchers 

(Lawson et al., 2003; Yensy, 2021). Poisson distribution is 

adopted in this research since it provides the fundamental 

framework for counting data. 

It is assumed in this model that the number of new 

infections, 𝑦𝑦𝑖𝑖𝑖𝑖 follows a Poisson distribution over a particular 

period with mean and variance, 𝑒𝑒𝑖𝑖𝑖𝑖𝜃𝜃𝑖𝑖𝑖𝑖 . Here, 𝑖𝑖 = 1,2, … ,𝑀𝑀 

represent the areas of study while 𝑗𝑗 = 1,2, … ,  𝑇𝑇 represent the 

period. The expected new infectives number is expressed as 

𝑒𝑒𝑖𝑖𝑖𝑖, while the relative risk is expressed as 𝜃𝜃𝑖𝑖𝑖𝑖:  

 
𝑦𝑦𝑖𝑖𝑖𝑖 | 𝑒𝑒𝑖𝑖𝑖𝑖 ,  𝜃𝜃𝑖𝑖𝑖𝑖 ∼ 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 �𝑒𝑒𝑖𝑖𝑖𝑖𝜃𝜃𝑖𝑖𝑖𝑖�  (1) 

 
The relative risk parameter follows a gamma prior 

distribution, with parameters, α and β:  

 
𝜃𝜃𝑖𝑖𝑖𝑖 ∼ 𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺 (𝛼𝛼,𝛽𝛽)  (2) 
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According to Lawson et al. (2003), the prior parameter 

values, α and β, of the Poisson-gamma model are unknown 

and the hyperparameter values are assumed to be 0.1 in the 

exponential prior distributions. In this study, the model-

based prior predicted relative risk is equal to one. The 

posterior predicted relative risk for each state and for each 

period of time will be the data analysis output. 

 
B. Data Set 

 
The data sets collected in this study are obtained from an 

open data community in partnership with the MOH Malaysia 

and CITF. As to collate the latest necessary data, the official 

website was made accessible in early 2022. They include the 

COVID-19 cases instances in Malaysia by 13 states, namely 

Perak, Penang, Kedah, Perlis, Negeri Sembilan, Malacca, 

Johor, Pahang, Kelantan, Terengganu, Selangor, Sabah and 

Sarawak, and also three federal territories: Kuala Lumpur, 

Putrajaya and Labuan. For simplicity, the states and federal 

territories are both referred to as states in this research. The 

Poisson-gamma model is applied to analyse the data of 

COVID-19 in the form of count cases across 16 Malaysian 

states from January 2020 to December 2021. 

 
III. RESULT AND DISCUSSION 

 
A. Relative Risk Estimation of COVID-19 

 
According to Samat and Percy (2012), a relative risk value 

close to 1 implies that individuals in a particular area are not 

significantly different from the entire population in their 

probability of contracting the disease. A relative risk value 

below 1 signifies that the people in the area are less likely to 

contract the disease than the overall population. On the other 

hand, an area with a relative risk value larger than 1 indicates 

that the population there has a higher chance of contracting 

the disease than the general population. The conditional 

likelihood of an individual within a specific area getting 

COVID-19 infection divided by the conditional likelihood of 

an individual getting the infection in the general population 

is the relative risk in this data analysis.  

Figure 1 displays the estimated relative risk of COVID-19 in 

each of the Malaysian states in 2020 and 2021. From Figure 

1, it can be seen that the relative risks of most states in 2020 

are less than 1, which suggests that the tendency of people in 

most states to be infected with COVID-19 is lower than that 

of the whole population in Malaysia. In contrast, the relative 

risks of Negeri Sembilan, Kuala Lumpur, Sabah, and Labuan 

are more than 1. The values indicate that the people in these 

states are more susceptible to COVID-19 than the general 

population in Malaysia. Meanwhile, Selangor is the only state 

where the relative risk is nearly equal to 1, indicating that the 

difference in the likelihood of people contracting COVID-19 

within this state and the entire Malaysian population is 

insignificant. Similarly, Figure 1 has also shown that in 2021, 

more than half of the states have a relative risk value of less 

than 1, which implies that people in most states are less prone 

to COVID-19 infection compared to the entire Malaysian 

population. On the other hand, states with relative risks close 

to 1 include Penang, Negeri Sembilan, Kelantan, Selangor, 

Kuala Lumpur, Sarawak, and Labuan. The estimation shows 

little difference in the likelihood of being infected with 

COVID-19 between people within these states and the general 

population in Malaysia. 

 

 

Figure 1. Plots of estimated COVID-19 relative risk using the 

Poisson-gamma model for 16 Malaysian states for the year 

2020 and 2021  

 
The numerical relative risk estimates using the Poisson-

gamma model for the years 2020 and 2021 are shown in 

Table 1. It is observed that Perlis has the smallest relative risk 

in 2020 and 2021 (0.050 and 0.343, respectively). This 
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finding might be because it is the least populated state, and 

its population density is in a lower range than other states 

(Pang et al., 2021). Another possible reason for Perlis having 

the lowest COVID-19 risk in both years is the limited 

movement of people across the state. This is due to the fact 

that the international border remains closed (Flanders 

Investment and Trade, 2021) and its sole neighbouring state 

is Kedah. In 2020, Labuan had the greatest risk value of 

contracting COVID-19, with a relative risk of 4.930. This is 

because of its relatively high population density among all 

states, despite its small population (Pang et al., 2021). As can 

be seen from Table 1, Selangor has recorded the highest 

COVID-19 relative risk estimate (1.421) in 2021. This result 

may be attributed to it being a densely populated state with 

urban areas (Ganasegeran et al., 2021). 

 

Table 1. Relative risk estimation of COVID-19 based on the 

Poisson-gamma model for the year 2020 and 2021 

State 
Relative Risk by Year 

2020 2021 

Perak 0.371 0.619 

Penang 0.576 1.098 

Kedah 0.405 0.931 

Perlis 0.050 0.343 

Negeri Sembilan 1.980 1.156 

Malacca 0.358 0.988 

Johor 0.435 0.778 

Pahang 0.236 0.689 

Kelantan 0.114 1.078 

Terengganu 0.075 0.797 

Selangor 1.431 1.421 

Kuala Lumpur 2.131 1.384 

Putrajaya 0.634 0.967 

Sabah 2.798 0.656 

Sarawak 0.106 1.100 

Labuan 4.930 1.121 

 
B. COVID-19 Disease Mapping in Malaysia 

 
The computed results, which are presented in Table 1, are 

illustrated on maps to indicate areas of high-low risk of 

COVID-19 infection. These maps enable one to easily 

ascertain which areas are at low and high risk of being 

affected and consequently help with resource allocation and 

policy development based on the obtained information. 

According to Diah, Aziz and Kasim (2017), the classification 

of COVID-19 risk levels consists of five categories: very low, 

low, medium, high and very high, with intervals of [0.0, 0.5), 

[0.5, 1.0), [1.0, 1.5), [1.5, 2.0) and [2.0,∞) respectively. Using 

different shades in the mapping, the risk levels within the 16 

states in Malaysia are differentiated, where the most light-

coloured indicates a very low-risk area while the most dark-

coloured indicates a very high-risk area. 

Figure 2 depicts the disease map for relative risk of COVID-

19 in 2020 using the Poisson-gamma model. From Figure 2, 

Kuala Lumpur, Sabah, and Labuan were classified as very 

high-risk areas in 2020. These states are followed by Negeri 

Sembilan and Selangor with high and medium risk 

respectively. The risks of the remaining states are very low 

except for Penang and Putrajaya with low risk. 

 

 

Figure 2. Disease map for COVID-19 relative risk based on 

the Poisson-gamma model for the year 2020 

 
Figure 3 displays the COVID-19 risk map based on the 

Poisson-gamma model in 2021. This map shows that the 

states of Selangor, Kuala Lumpur, Negeri Sembilan, Labuan, 

Sarawak, Penang, and Kelantan are at medium risk. The rest 

of the states are rated as low risk except for Perlis, which has 

a very low risk. 
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Figure 3. Disease map for COVID-19 relative risk based on 

the Poisson-gamma model for the year 2021 

 
IV. CONCLUSION 

 
In this research, the Poisson-gamma model is suggested for 

estimating the relative risk of COVID-19, which can detect the 

risk in small areas and pinpoint the high-low-risk areas by 

considering the population density of the area. It can also deal 

with the problem of the SMR method, especially when 

COVID-19 cases are not observed in certain areas. In addition 

to tables and graphs, this research’s findings are also 

displayed as maps.  

In conclusion, the areas with the highest risk in 2020 and 

2021 are Labuan and Selangor, respectively, whereas Perlis is 

recognised as the lowest risk area in these two years. It is 

worth noting that in 2021, no state is considered a very high-

risk or high-risk area. The gradual control of the situation is 

likely to be attributed to the effectiveness of government 

mitigation measures, such as the phased implementation of 

Movement Control Orders and vaccination programmes. 

These findings of the study might be beneficial to the 

Malaysian government, as they can use the disease mapping 

information to identify locations that require monitoring and 

urgent treatment, particularly in terms of health resource 

planning, and indicate the significance of the risks as well.  

It is expected that the Poisson-gamma model utilised in this 

research will yield a more accurate estimate of relative risk 

than the Standardized Morbidity Ratio (SMR), a conventional 

disease mapping methodology. However, this modelling has 

limitations, including difficulty adjusting covariates and the 

inability to handle spatial correlations. Therefore, further 

studies of other methods in estimating more accurate relative 

risk values are encouraged.  
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