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ABSTRACT

Pneumonia is one of the primary causes of death from infectious
diseases. Traditionally, its spread has been tracked based on the
total number of cases reported, with no concern for geographical
distribution. Disease mapping is among the ways public health and
the government can monitor diseases as a preventative strategy. Clear
pictures of the risk areas can be seen using this method. Relative risk
estimation is a significant part of disease mapping that needs to be

549



Journal of ICT, 21, No. 4 (October) 2022, pp: 549—570

considered when studying disease occurrence. This paper aimed to
estimate the relative risk values for pneumonia based on three models
and compare the results. The approaches used in this study were
Standardised Morbidity Ratio (SMR), Poisson-gamma, and discrete
time-space stochastic Susceptible-Infected-Carriers (SIC) models,
which were applied in estimating the relative risk values. Results
showed that Kuala Lumpur was classified as a very low-risk area
for pneumonia incidence when using the SMR and Poisson-gamma
models. In contrast, Selangor was identified as a very low-risk area
when using the discrete time-space stochastic SIC model. Putrajaya
was categorised as a very high-risk area in the results of all three types
of methods. In conclusion, this stochastic SIC model demonstrated
better performance than the conventional models.

Keywords: Disease mapping, Poisson-gamma, pneumonia, SIC
model, SMR.

INTRODUCTION

Pneumonia is an infection that inflames the air sacs with pus or fluid in
one or both lungs. Different types of microorganisms, including fungi,
viruses, and bacteria, can cause pneumonia (Otieno et al., 2012). The
most prevalent causes in any person who contracts pneumonia are
Streptococcus pneumoniae, a pneumonia bacterium, and viruses.
Among these viruses is Coronavirus disease 2019 (COVID-19), the
latest virus that is currently a worldwide pandemic that can cause
pneumonia and make it serious. Viruses are the most well-known
cause of pneumonia in children under five years old. Although viral
pneumonia is typically just moderate, in some cases, it may become the
most dreadful (Mayo Clinic, 2020). According to Normandin (2021),
germs that can cause pneumonia are contagious, meaning that they
can easily be transferred to another person. Both viral and bacterial
pneumonia are infectious and the disease can spread from one person
to another through the air. If an infected individual sneezes or coughs
and releases airborne droplets that contain germs in the air, another
individual could inhale the airborne droplets from the infected person.
It may also be transmitted to others by interaction with bacterial or
virus-contaminated objects or surfaces.

The seriousness of pneumonia can range from moderate to fatal. The
highest risk groups are babies and young children, particularly those
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under the age of five, those 65 years of age and over, and those with
compromised immune systems, which may become more dangerous if
they are infected with pneumonia (Mayo Clinic, 2020). Despite being
a preventable disease, pneumonia causes more deaths in children
than any other disease (UNICEF, 2019). According to Seramo et al.
(2022), almost one million children die from pneumonia globally,
with children under five years old accounting for around 15 percent
of all deaths yearly. This percentage equates to approximately 2,500
children dying each day, or 100 children dying every hour. In Malaysia,
pneumonia is one of the top three diseases that caused mortality in
2019 (Department of Statistics Malaysia, 2019). Traditionally, its
spread has been monitored only based on the total number of cases
recorded regardless of geographical distribution. According to Samat
and Percy (2012), disease mapping is one of the significant methods
in public health research as it can be effective in monitoring by taking
into account the geographical distribution and can also be used as a
preventative measure for diseases. Disease mapping may be used to
provide a visual representation of the burden of pneumonia in certain
geographic regions. A good risk map relies on best-fitted mathematical
models used to estimate the relative risk (Diah et al., 2016). Among the
critical parts of the research on geographical distributions of disease
incidence is the estimation of relative risks (Samat & Percy, 2012).

In this study, a stochastic Susceptible-Infected-Carriers (SIC) model
is used as an alternative method for estimating the relative risk
of pneumonia based on discrete time and space. This method is
designed to solve the limitations of the traditional methodology, i.e.,
Standardised Morbidity Ratio (SMR) and the Poisson-gamma model,
an early Bayesian approach to estimating the relative risk in disease
mapping. According to Meza (2003) and Awang and Samat (2017),
SMR may not be worth using directly in research since it is incapable
of identifying small areas and does not consider the high diversity of
different regions and spatial patterns of regions under study. Besides,
when there are no observed count data or cases, SMR will be zero
since the mean and variance of the model are highly influenced by
E, as it depends on the ratio estimator (Awang & Samat, 2017).
Meanwhile, the Poisson-gamma model does not support covariate
adjustment and is incapable of coping with the spatial correlation
between risks in neighbouring locations. Therefore, the alternative
approach, i.e., the stochastic SIC model, includes the extension of
the fundamental Poisson-gamma model by borrowing strength values
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from geographically referenced neighbouring values. This paper first
discusses the existing methods: SMR and Poisson-gamma models.
Then, the deterministic SIC model for pneumonia is mathematically
represented by differential equations system. The corresponding
discrete time-space stochastic SIC model is then developed using
this deterministic SIC model. Finally, the existing methods and the
proposed model are demonstrated using the Malaysia pneumonia
dataset. The comparison between these three methods is shown in the
results section.

RELATED STUDIES

To solve the shortcomings of the SMR and Poisson-gamma models as
mentioned previously, researchers developed a transmission model or
mathematical modelling (Samat, 2012). However, the deterministic
model is used in most mathematical models, particularly for
pneumonia. Even though many researchers prefer this type of model,
it does not consider any possibility of random effects. A random effect
is an additional variance component that can be estimated on a map
and associated with a specified probabilistic structure. In other words,
the random effect is treated as a nuisance factor. Therefore, this
study proposes a stochastic pneumonia disease transmission model
that considers the parameters significant for pneumonia disease.
Furthermore, the random effect of spatial prior distribution is used,
which allows dependency between adjacent areas.

From previous studies, researchers came out with mathematical
modelling to understand more about the transmission of pneumonia
disease. According to Mcbryde (2006) and Assab et al. (2017), there
are two reasons why mathematical models are helpful in controlling
diseases. Firstly, it can be used to quantitatively forecast the
development of an epidemic, for instance, the peak of its total size,
peak time, and the repercussion of infection control interventions.
This development includes non-linear interaction that occurs when
multiple interventions are undertaken. Secondly, to refrain from the
assumption of serial independence and to handle the interval censoring
as well as the unknown number of infectious diseases, a mathematical
model is used as it can provide information on trial design and
statistical analysis structure. Besides, mathematical modelling can
also show the progress of infectious diseases. The SIC model is the
fundamental mathematical modelling for pneumonia.
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Doura et al. (2000) presented two models known as the Susceptible—
Infected—Carriers (SIC) model and the Susceptible—Infected
susceptible—Carriers—Infected carriers (SISCIc) model, which
described the dynamics of the population using streptococcus. From
this basic SIC model, other researchers built other models such as
the Susceptible—Carriers—Infected—Recovered (SCIR) by Otieno et
al. (2012); the Susceptible—asymptomatic Infectives—symptomatic
Infectives—treated Infective (SIcliT) model by Ndelwa et al. (2015);
the Susceptible-Exposed—Infectious—Recovered (SEIR) model by
Kassa and Murthy (2016); and the Susceptible—Vaccinated—Carrier—
Infected—Recovered (SVCIR) model by Tilahunetal. (2017). Recently,
Soliman and Bueno (2018) used the basic Susceptible—Infected—
Recovered (SIR) model to analyse and predict the transmission rate
of pneumonia in the Philippines. Mbabazi et al. (2019) formulated a
Susceptible—Vaccinated—Exposed—Carrier—Infected (SVECI) model,
which was a time delay model for pneumonia. From the literature,
there were only two studies on pneumonia disease that used the
stochastic model (Smith et al., 1993; Melegaro et al., 2002). Therefore,
in this study, the stochastic pneumonia disease transmission model
is proposed, where random effects that are significant in pneumonia
disease are considered in the model. The model considered in this
study is the SIC model.

MATERIALS AND METHOD

The values of relative risk were calculated using WinBUGS software
in this analysis. This software is a programme designed to use Markov
chain Monte Carlo (MCMC) computations to implement Bayesian
inference on statistical problems (Lawson et al., 2003). The results
of this research are described in table and graph forms. A pneumonia
risk map was employed to display the low and high-risk areas that
depend on measured relative risk values. ArcGIS software was used
to generate the map.

SMR Method

The SMR approach essentially divides the observed incidence by
the expected occurrence (Lawson, 2006). The SMR approach was
commonly applied for counts within tracts analysis, and it was
calculated as follows in Equation 1:

0; = 0, /E, (1)
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In this context, O, refers to the number of observed incidence cases or
disease-related fatalities in the location, whereas E,is the number of
expected cases. Assume that the mapping of the disease study area is
divided into M mutually exclusive states (i = 1, 2,..., M). Each state
has a different number of observed cases, O,, as well as the number
of expected cases, E,. In the SMR model, according to Samat (2012)
and Awang and Samat (2017), the values of O, and E; are obtained
from the existing data to estimate the relative risk, HZ. , for area i. The
values can be defined as in Equation 2:

r=6-% @
Ei

The number of observed cases can be obtained from various sources,

including health indicators from the Ministry of Health Malaysia’s

website. Based on Samat (2012), the value of expected cases, E, for

the research location, /, is determined by using the formula as in

Equation 3:

= N, 2% 3
Ei= Nyt 3)
where N; is the population of location, /, and the summations (X) denote
j=12,., M.

Poisson-gamma Model

Other researchers suggested the Poisson-gamma model to address the
shortcomings of the Standardised Morbidity Ratio (SMR) approach
(Lawson et al., 2003; Samat & Imam, 2013). The Poisson distribution
was applied in this study since it is the essential model for count data.
Here, the areas of study are represented by i = 1, 2,..., M, while j
=1, 2,..., T represents the times. Assume that the number of new
infections, Vijs follows the distribution of Poisson during a time, with
mean and variance, ¢,60,. The number of expected new infections is
stated as e;, and the relative risk is stated as 6,; thus, it can be written
as in Equation 4:

y,le;, 0,~Poisson (e,0,) (4)

The parameter of relative risk has a gamma prior distribution with
parameters o and £, as shown in Equation 5:

0,~ Gamma(a, p). (%)
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One of the analysis outcomes is the expected posterior relative risk
based on this Poisson-gamma model. Further discussion based on this
method can be found in Diah and Aziz (2021).

Deterministic Discrete Time-Space SIC Model for Pneumonia

The SIC model is one of the basic models used in the studies of
pneumonia disease transmission. This model is adapted from Doura
et al. (2000) and classifies the population into three compartments,
where i = 1, 2,..., M research locations and j = 1, 2,..., T period
intervals in this study:

a) Number of susceptible individuals to the disease (susceptible)
in total for location, 7, at period, j — S, .

b) Number of contagious (Infected or Infectious) individuals in
total for location, i, at period, j — /, .
¢) Number of carrier (already infected and no external inoculation

is needed) individuals in total for location, i, at period, j — C, -

Here, S, 1, and C, . reflect the number of individuals in each

compartment, while the total host population is N, = S, + [,, + C, .

The flow of the transmission process is shown in Figure 1.

Figure 1
SIC Model Flow Diagram
iy Gij ]
ri; S ’BN:'-I-YN:' N I . C
—_— 11] p Ll 1:] < - il 11]

J ! ! }

1) 18 i}

From Figure 1, u represents the annual birth and death rates (assumed
to be equal), f represents the rate at which an infected person can
infect a susceptible person, and y represents the rate at which a carrier
can infect a susceptible person. The recovery rate where infectious
individuals recover and move into the carrier class is represented by J,
while ¢ denotes the recovery rate where infectious individuals recover
and move into the susceptible class. € signifies the rate at which
carrier individuals become infected (move into the infectious class),
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and N, represents the total number of populations for the research
region i. The following differential equations can be used, as shown
in Equations 6-8, to express this model mathematically.

Iij— Cij-
Sij = uN; +qlyjq + (1—(3;,—1,1 + VN;il) = 1)Sij-1 ©)

Ijj— Cij-
Lij =@ ,i,il + V—,\],i DSpjo1 + (L= q—p—8)jj_g +€Cyjy ()

8
Cij=06lij1+(Q—€— W ®

This formulation is used to improve the model by considering the
stochastic element, which is discussed in the next section.

Stochastic Discrete Time-Space SIC Model for Pneumonia

The deterministic model gives a decent estimate of the stochastic
method for major epidemics for a larger sample size (Molzon, 2009;
Samat & Percy, 2012). In this study, a deterministic model formulation
was used to provide an estimation for the stochastic means. The current
study expanded the deterministic SIC model by using a spatial prior,
where the correlations between adjacent regions were considered, as
discussed later in this section. A new term and notation, I_l j» were
included in this study to represent the numbers of new infections in
the research area, i, and study period (j -1, j). This study focused on
determining the number of new infectious persons (I_l-, i), which was
the model’s only stochastic component, while the other terms were
non-stochastic elements.

Equations 68 of the deterministic SIC model were used to develop the
stochasticmodelforthetransmissionofpneumonia,asshowninEquations
9-14, wherei =1, 2, ..., M research locations andj =1, 2, ..., T'times.

_ Ijj- Cij-
lij =6 1</_Ll + Vf)si,j—l ©)
I j~ Poisson(4; ;) (10)
Iy j- Cij-
Aij = exp(Bo + bi)(ﬁ,{,—il +y Aj,i S -1 (11)

log(%:,1) = o + bi + log(=t + 5= 1 log(s; ;)

Nj
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Sij= BNy +qlij+ QA —wS;j1— 1 (12)
Lj=Tly +(1—q—p—8) 1 +eCjy (13)
Cl,_] = 61i’j_1 + (1 — € — u)Ci,j—l (14)

Poisson distribution was used to model the number of new infectious
persons since it is the essential model for count data. The deterministic
part of Equation 7 was matched with a positive multiplicative factor
using mean, 4, , to show the spatial correlation. The number of new
infectious persons was considered to follow the Poisson distribution in
which the number of expected newly infectious individuals comprised
some aspects of disease transmission. Consequently, the number of
new infections was meant to occur in the same geographical area and a
linear prediction term, which might have random effects or covariates.
The transmission of new infectious cases was calculated by 4,,. For
the starting point of the count data analysis, Poisson distribution was
used (Lawson, 2006; Samat, 2012; Awang, 2017). The number of new
infectious cases implied the number of cases.

Based on Figure 2, a linear predictor term was the key aspect of the
transmission equation as it considered any covariates or a random
effect and a simple direct dependence of the current number of
infectious cases on the same previous spatial unit, such as in Equation
15:

{ﬁ*rl-.l—' +FELJ -}5-__ 1 (15)

I_:'.-_;" = ‘:ﬁﬂr +y

The equations for S, /,,, and C,.J. were fixed or non-stochastic.
Since these counts were conditional on other variables, the Poisson
distribution could not be tested separately. In Equation 11 above, 5,
is a constant term representing the overall process rate, while b, refers
to the random effect that absorbs the remaining spatial variance and
allows dependency on adjacent areas. Figure 2 demonstrates the flow

of the stochastic SIC model.

3'5:' -1 (16)
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Figure 2

Stochastic SIC Model Diagram
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For the random effect in this research, the conditional autoregressive
prior (CAR) was applied as a prior distribution family. Besag et al.
(1991) introduced this CAR model in which the probability densities
values are based on adjacent areas at any given location. In estimating
the relative risk for pneumonia, this study used the proposed discrete
time-space stochastic SIC model.

=t

Estimation of Relative Risk

This study used WinBUGS software to run this model, which is a
programme intended to conduct Markov chain Monte Carlo (MCMC)
computations in an extensive range of Bayesian statistical problem
inferences (Lawson et al., 2003). This non-linear equation can be
solved using computer programming as it can perform numerical
analysis.

The first step in this analysis was finding the posterior distribution of
the mean number of new infectious individuals. The relative risk’s
posterior mean would then be found from this input. In this research,
the relative risk was estimated using a formula recommended by
Samat and Percy (2012). Generally, using an unbiased sample mean,
fori=1, 2, ..., M research locations and j = 1, 2, ..., T times, the
mean number of posterior expected infectiousness can be estimated

as in Equation 17: n
5 1
=z - 17
Ty=2)" A (17)

where A;ji for k=1, 2, ..., n is formed by the posterior distribution
for the expected mean number of infectious, 4; j-Equation 18 shows the
relative risk parameter, 8;; is described as:

Aij
Gij :—]. (18)

eij
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where e;;is a new expected number of infectious cases population-
based in the study locations. Equation 19 shows that the relative risk of
posterior expected was equal to the posterior expected mean number
of new infectious, ;li ; divided by the mean number of infectious for the
population in all research locations, é;; .

n n
'0* 1 9 1 Aijk
ij — ijk — L
n k=1 n ejj
k=1

The present study defined relative risk as the conditional probability
thatindividuals in the location get the disease divided by the conditional
probability that individuals in the whole population get the disease.
It is stipulated that, in this case, there has been no infection so far.
This formula was applied to estimate the relative risk for mapping
pneumonia using the discrete time-space stochastic SIC model.

>0

. (19)

7]

™

Dataset

For this study’s analysis, the dataset was provided by the Ministry
of Health Malaysia and the Department of Statistics Malaysia. These
three methods were applied to pneumonia data from 2010 until 2019
in the number of cases for all Malaysian states, including the three
federal territories of Kuala Lumpur, Putrajaya, and Labuan. The values
for f, y, and 6 were chosen to be 0.5445, 0.05, and 1, respectively,
based on the study by Kassa and Murthy (2016). The annual rates of
U, g, and € were individually 0.01334, 0.002747, and 0.3059, which
were converted from the daily rates obtained from Samat (2012). The
results were presented in the form of graphs, tables, and pneumonia
risk maps, which showed the high-low risk areas of pneumonia
incidents.

RESULTS

Figures 3 to 5 display the estimated results of the relative risk values
for 16 states (including three federal territories) in Malaysia based on
three methods used in this study. From Figure 3, there were no values
of posterior expected relative risk for the epidemiology year 2010.
This outcome is due to the condition referred to as moving average,
in which outcomes were generated by averaging a set of previous data
points. Based on Figures 3 and 4, from 2010 until 2019, a majority
of states had relative risk values greater than one, implying that
individuals in these states tended to be infected with pneumonia more
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than individuals throughout the whole population. These states were
Perlis, Kedah, Perak, Putrajaya, Negeri Sembilan, Melaka, Johor,
Pahang, Terengganu, and Kelantan. Figure 5 shows the same results
for states with relative risk values of more than one, but there was one
additional territory, which was Labuan.

Relative risk is defined in this study as the conditional probability
of someone inside a certain location becoming infected with the
disease divided by the conditional probability of someone in the
entire population becoming infected. For most epidemiology years
based on the graphs in Figures 3 and 4, the relative risk values for
Sabah, Sarawak, and Labuan were close to one. In contrast, from
Figure 5, only Sarawak and Sabah had relative risk values close to
one. Accordingly, there was no significant difference in the chance
of persons in these states and the general population contracting
pneumonia. Contrariwise, for Pulau Pinang, Kuala Lumpur, and
Selangor (in Figures 3 to 5), in most epidemiology years, the relative
risk values of these three states were less than one, indicating that
the people within these states were less probable to get pneumonia
compared to the whole population in Malaysia. Figure 3 revealed a
zero value for relative risk when utilising the SMR approach since
no observed count data were found in Putrajaya in 2012. However,
there were values when using the Poison-gamma and stochastic SIC
models. Consequently, the Poisson-gamma and stochastic SIC models
could overcome the drawback of the SMR model.

Figure 3

Time Series Plot for Relative Risk Estimation using SMR for Malaysian
States
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Figure 4

Time Series Plot for Relative Risk Estimation for Different
States in Malaysia Using Poisson-Gamma Model
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Figure 5

Time Series Plot for Relative Risk Estimation Using Stochastic SIC
Model for Malaysian States
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Table 1 displays numerical relative risk values for the year 2019.
As seen in Table 1, by using all three models, the most significant
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difference was found in the Federal Territory of Putrajaya with the
highest value of relative risk for getting pneumonia. This finding
revealed that susceptible persons in Putrajaya were more likely
to become infected with pneumonia than individuals in the overall
population. Conversely, for the lowest risk area, the SMR and Poisson-
gamma models both showed that susceptible persons in Kuala Lumpur
had the lowest risk of contracting pneumonia, while for the stochastic
SIC model, Selangor was recognised to be the lowest risk area with a
value of 0.493.

Table 1

A Comparison of Three Different Models for Estimating the Posterior
Expected Relative Risk for Pneumonia in 2019

Relative Risk Estimations of Pneumonia

State SMR Poisson-gamma Stochastic SIC
Perlis 1.461 1.460 1.530
Kedah 1.094 1.094 0.980
Pulau Pinang 0.559 0.559 0.694
Perak 0.922 0.922 0.993
Kuala Lumpur 0.519 0.519 0.519
Putrajaya 4.638 4.492 3.775
Selangor 0.682 0.682 0.493
N. Sembilan 1.522 1.522 1.463
Melaka 1.065 1.066 1.175
Johor 1.099 1.099 1.062
Pahang 1.375 1.375 1.308
Terengganu 1.652 1.652 1.485
Kelantan 1.491 1.491 1.071
Sabah 0.978 0.978 0.775
Labuan 1.178 1.179 1.045
Sarawak 0.984 0.984 0.827

From the results shown in Table 1, choropleth pneumonia maps in
Figures 6, 7, and 8 were constructed to illustrate the low and high-
risk areas for pneumonia cases in 16 Malaysian states and federal
territories, especially for the year 2019. Every state had been
categorised with five distinct levels of risk, ranging from extremely
low to very high risk at intervals of (0.0, 0.5), (0.5, 1.0), (1.0, 1.5),
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(1.5, 2.0), and (2.0, 0 ). This interval division was chosen for a more
in-depth analysis based on Samat and Percy (2012). In this case, to
distinguish the relative risk levels, the lowest risk was represented by
the brightest hue, and the darkest shade signified the very high risk.
Interested parties can clearly see from this map which states have the
highest risk of pneumonia occurrences and require closer scrutiny or
extra consideration.

Figure 6

Relative Risk Estimation Map for Pneumonia based on SMR for the
Year 2019

Pneumonia Risk Index
Relative_Risk

: Very Low

L Low

- Medium

- High

Il e High

Figure 6 shows the risk map of pneumonia occurrence based on
the SMR method. Putrajaya was classified as a very high-risk area
with a relative risk value of 4.638, followed by Negeri Sembilan and
Terengganu as high-risk areas. Areas with medium risk comprised
Kedah, Perlis, Johor, Melaka, Kelantan, Pahang, and Labuan. The
other six states were categorised as areas with low risk. No states
were identified as very low-risk areas.
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Figure 7

Relative Risk Estimation Map for Pneumonia based on Poisson-
Gamma Model for the Year 2019
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Figure 7 illustrates the relative risk map based on the Poisson-gamma
model. The figure showed a similar result with the SMR method
for the very high-risk area, which was Putrajaya, and no states
categorised as very low-risk areas. As for the Poisson-gamma model,
Negeri Sembilan and Terengganu were classified as high-risk areas.
The model listed seven states as medium-risk areas: Kedah, Perlis,
Johor, Melaka, Kelantan, Pahang, and Labuan. The other six states
were identified as low-risk areas.

Figure 8

Relative Risk Estimation Map for Pneumonia using Stochastic SIC
Model for the Year 2019
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Figure 8 demonstrates the map of pneumonia risk occurrence using
the stochastic SIC model. From the map, similar to those results from
SMR and Poisson-gamma, Putrajaya was a very high-risk area for
pneumonia occurrence. Perlis, Negeri Sembilan, Melaka, Pahang,
Johor, Kelantan, and Terengganu were recognised as areas with
medium risk. Seven other states were classed as low risk, except for
Selangor, which was identified as a very low-risk area for pneumonia
occurrence.

From all the maps above, in terms of colour tones, Figure 8 revealed
a large gap in risk compared to the other two methods. When using
the stochastic SIC model, the relative risk values decreased from
high-risk to medium-risk level and from low-risk to very low-risk
level. This outcome is because the stochastic SIC model considered
extra information such as disease transition and spatial correlation.
According to Diah et al. (2017), spatial correlation needs to be
considered in estimating relative risks as the states are located next
to each other. Therefore, the risk might be transferred to other states.

To identify which model is better among these two models, Poisson-
gamma and stochastic SIC, in estimating relative risk values, Deviance
Information Criterion (DIC) was used as a goodness-of-fit (GOF)
measure. The SMR method was not measured with DIC since there
was zero relative risk value for year 2012 when using this method.
Therefore, this study only compared Poisson-gamma and stochastic
SIC models. Spiegelhalter et al. (2002, 2014) suggested DIC and
it has been used by Kristiani et al. (2016) and Alhdiri et al. (2017)
in finding the better model. The DIC values for each model were
calculated using WinBUGS software, as shown in Table 2. According
to Spiegelhalter et al. (2002) and Lawson et al. (2003), the model with
the lowest DIC value is believed to be the best model for the data.

Table 2

Deviance Information Criterion (DIC) based on Poisson-gamma and
stochastic SIC models

Poisson-gamma Stochastic SIC

DIC 1963.32 1692.47
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The stochastic SIC model provided a better model for pneumonia as
it had the lowest DIC value. In summary, the stochastic SIC model is
one of the best models to be used in the future in estimating the relative
risk for pneumonia data and other diseases with similar transmission
criteria.

DISCUSSION AND CONCLUSION

The discrete time-space stochastic SIC model was proposed in this
study to estimate the values of relative risk for pneumonia. This
model was developed from the deterministic SIC model proposed by
Doura et al. (2000). In this study, the current approaches, SMR and
Poisson-gamma models, were compared with the proposed model,
the stochastic SIC model. This study’s findings were presented in the
form of graphs, tables, and maps. The maps provided clear views of
states with high to low risks of pneumonia occurrence. About two-
thirds of Malaysia’s states were more likely to contract pneumonia.
As seen in Figure 8, when compared to other states, Putrajaya was
a very high-risk area for pneumonia occurrence, whereas Selangor
was the lowest risk area of contracting pneumonia. These findings
are equivalent to the number of prevalence for pneumonia, which
was predicted in 2019 to be 176 per 10,000 persons in Putrajaya and
25 per 10,000 persons in Selangor. According to statistics from the
Ministry of Health Malaysia Annual Report 2019, Putrajaya recorded
the highest annual population growth rate of 6.55%, while Selangor
with 0.82% (Ministry of Health Malaysia, 2019). Moreover, Putrajaya
is the smallest territory in Malaysia (Department of Survey and
Mapping, 2017). As a result, susceptible people in Putrajaya have the
highest risk of getting pneumonia.

It can be concluded that the population’s size in the area and the
region’s size itself can influence the relative risk estimation values.
Therefore, this study proposed the stochastic model that considered
the spatial elements and the number of populations for each state and
federal territory. This study’s proposed stochastic SIC model examined
the spatial correlation between adjacent regions and allowed covariate
adjustment. Consequently, this can help to solve the shortcomings of
the SMR and Poisson-gamma models. From the study’s findings,
the stochastic SIC model can be applied as a fundamental method
to estimate relative risk instead of using the number of pneumonia
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cases alone. The maps should also be seen as a tool for informing
and guiding government strategies for controlling and monitoring
pneumonia disease.
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