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Abstract: Aedes aegypti mosquitoes are responsible for the transmission of dengue.
Despite dengue being the most rapidly spreading vector-borne disease, there has been
insufficient discussion of the latest dengue incidence rate (DIR) model to use to
predict future outbreaks. The inclusion of trivial elements in the DIR prediction model
might result in an incorrect output. In this study, the aim is to identify the monthly
trend of DIR, to build a model of DIR, and then to explore which model best fits the
data. Petaling, Hulu Langat, Gombak, and Klang are the four provinces that were
studied from 2010 to 2015. Variables such as population, dengue cases, population
density, DIR and rainfall were considered in this study. These data were collected
over the course of several months from the Department of Statistics Malaysia
(DOSM), the Department of Environment (DOE), and the Ministry of Health (MOH).
Methods for this study included plotting weekly DIRs against time, Poisson GLMs,
and statistical tests to select models, such as Akaike's Information Criteria (AIC),
Bayesian Information Criteria (BIC) and deviance (D). By looking at D, AIC, and
BIC, Cluster 2 is the best model as it has the lowest value. The significant variables
obtained such as population density (53, ), locality number (8,), rainfall lag 1 (#5) and
rainfall lag 2 (8,). Clustering technique was to produce two sets of data, as well as
the ability of merging meteorological and non-climatic parameters in modelling
dengue incidence rate in Selangor.
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1. Introduction

Female Ae. aegypti are the species of mosquito that transmit dengue viruses to humans. Dengue
fever (DF) is the most dangerous mosquito-transmitted epidemic [1] and it is also the fastest spreading.
In Malaysia, several dengue control projects have been implemented, including the general people and
competent governments. The first to record DF in Malaysia was in 1902 [2]. Following the disclosure
of the case, there were epidemics of dengue shock syndrome (DSS) and dengue haemorrhagic fever
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(DHF) and in 1962, and DF cases were legally noticeable in 1971[3][4]. All health practitioners are
now required to report every case of dengue illness to a neighbouring local medical center within 24
hours of diagnosis [5]. The Ministry of Health Malaysia has continuously documented an increase in
annual dengue cases as surveillance techniques have advanced, notably since 1980, emphasizing DF as
a serious public health concern in the heavily urbanized states of Selangor [6].

Despite dengue being the most rapidly spreading vector-borne disease, there has been insufficient
discussion of the latest DIR model to use to predict future outbreaks. The inclusion of trivial elements
in the DIR prediction model might result in an incorrect output. Few modelling studies have been
undertaken in Malaysia on the association between DIR and meteorological variables and other factors.
The challenge is establishing a realistic model that explains the link between DIR and both climatic and
non-climatic elements that may impact the development of EWS in various Malaysian states or districts.

These are questions that were considered in this research such as what is the monthly trend of DIR
for certain districts in Petaling, Hulu Langat, Gombak and Klang, is there a link between the possible
variables and the dengue incidence rate as determined by the Generalized Poisson Model and non-
climatic factors, such as intrinsic seasonality in dengue incidence, demographic factors, and so on get
muddled.

The research objectives for this research are to determine the monthly trend of DIR in Petaling,
Hulu Langat, Gombak and Klang. The second objective is to explore the relationship of climatic and
non-climatic factors of dengue cases at the Petaling, Hulu Langat, Gombak and Klang. The last
objective is to build a generalized poisson regression in DF in central Petaling, Hulu Langat, Gombak
and Klang.

2. Materials and Methods
2.1 Materials

Table 1 show the variables used in this study such as population, dengue cases, population density,
DIR, and rainfall. The Department of Statistics Malaysia (DOSM) collected data on the population,
areas, and household size in Petaling, Hulu Langat, Gombak, and Klang from 2010 to 2015. The
population density was calculated by dividing the number of people in each state or district by the total
area of the states or districts. Following that, the climatic dataset was used to identify possible risk
variables that might impact DIR in Petaling, Hulu Langat, Gombak, and Klang. The climatic variable,
such as rainfall, were collected from the Malaysia Meteorology Department (MMD).

Table 1: Data Description

Variables Description

The population data for Petaling, Hulu Langat,
Gombak and Klang.
Dengue cases The number of dengue cases.

The population density is calculated by dividing
the population by the area per square kilometre.
DIR is computed by dividing the number of
DIR dengue cases in a region by the number of people
in that region per 100,000 people.

The number of rainfalls in Petaling, Hulu Langat,
Gombak and Klang.

Population

Population Density

Rainfall
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2.2 Data Cleaning

The missing data must be dealt with and controlled as the initial stage in starting the study. Missing
data can weaken the statistical power of a study and provide skewed estimates, resulting in erroneous
results [7]. In addition to adding new variables, lag data is the process of modifying existing variables.
Each variable will be created with seven lags based on the original variable of potential factors.

2.3 Plotting the Monthly DIR Trend

The dengue incidence rate (DIR) is define as the number of reported cases, in the area, during the
time period is divided by the total estimated population of the area for the year in the time period falls
[8]. The DIR can be calculated using the Eq.1 where y¢: represent the number of new dengue cases in
the area during the time period. It is then divided by the estimation of the total population of the area, Ps;

DIR = Yst x 100,000 Eq.1

pS]
2.3 Clustering Data by District

There are two clusters within the dataset. The first cluster contains district data with a mean monthly
DIR over 100 cases per 100,000 populations, while the second cluster contains data with a mean
monthly DIR under 100 cases per 100,000 populations. Due to the high DIR values recorded between
January 2010 and August 2015, the districts of Petaling and Hulu Langat are considered Cluster A in
this study, while Cluster B refers to the low DIR values in Selangor districts which are Klang and
Gombak [9].

Table 2: The division of the district in Selangor to divide the data into two clusters

Cluster A Cluster B
Petaling Klang
Hulu Langat Gombak

2.4 Covariates selection

The model’s linearity is assessed by studying the scatter plot of dengue incidence rates and potential
variables for each site [10]. If the scatterplot shows that the plot is random and devoid of any pattern or
trend, the dataset is assumed to be linear [11]. For linear data, the Generalised Linear Model (GLM) as
Eq.2 is commonly utilised. The Poisson GLM with a log link and population is described as in Eq.3.

(v8; — b(6,))
9, 0) = ~t ks Eq.2
p
log u; = logp; +logp; = logp; + Bo + Zﬁj Xji Eq.3
j=1

where,
p; = DIR at certain time
x;;= Predictor of DIR at certain time and place

log p;= Population size

2.5 Comparing AIC, BIC and Deviance

The AIC, BIC, and Deviances from Poisson GLM were compared in order to select the best model.
It can also be viewed as a measure of whether relative information has been lost from the model [12].
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The AIC value is regarded as the estimator of the error predictor. As long as the AIC value is the lowest,
there will be the best model since the losses are minimal [12]. AIC formula is shown in Eq.4. This
makes BIC a powerful way to analyse linear regression data since it can provide the much needed help
in fitting a good model [12]. BIC values, as shown in Eq.5 also produce a great model when it reaches
the lowest value. Model selection is also influenced by deviation [12]. The least deviation indicates that
the model did not diverge far from its nature, and therefore was addressed as in Eq.6. The deviation D,
which is the difference between the fitted and saturated model log likelihoods, is a critical metric which
should be considered.

AIC = —2In(L) + 2k Eq.4
BIC = —2In(L) + klog(n) Eq.5
Deviance = Z[In@) - ln(L)] Eq.6

3. Results and Discussion

There are 612 data with 20 variables in data set from 2010 to 2015. The dplyr library's na.omit()
function offers a straightforward approach to exclude missing observations.

3.1 Plotting Monthly DIR

Figure 1 shows the results of the assumption made about the monthly DIR trend for the dataset were
utilized and the monthly DIR trend versus monthly times were analyse. All districts were projected to
see rising trends in the monthly assumption. There may be differences in the DIR trends in different
districts due to varying areas, meteorological circumstances, and geographical facts.
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Figure 1: Average monthly DIR values for Selangor from 2010 to 2015

Figure 1 shows the monthly data set provides insight into seasonality in Selangor. From January to
December, DIR does not appear to show much of an upward trend. February and July mark two of the
highest DIR values, while April and September are when the lowest values are recorded. Due to
Selangor's location on the west coast of Malaysia, it experiences its heaviest rainfall during October and
November. A monsoon season may be responsible for this and occurs between the months of May and
September, along with the Northeast monsoon between November and March. The incidence of dengue
increases after heavy rains specifically in urban areas since static rainwater creates good breeding
conditions for mosquitoes.
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Figure 2: Mean monthly DIR for Cluster A: (a) Petaling and (b) Hulu Langat

Figure 2 shows the mean monthly DIR for Cluster A is substantially higher than the mean monthly
DIR in Cluster B (Figure 4). This can be noticed by comparing the y-axes. Cluster A has a greater
average monthly DIR compared to Cluster B. Cluster A consists of Petaling and Hulu Langat, both of
which had a DIR of greater than 100.
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Figure 3: Mean monthly DIR for Cluster B: (a) Gombak and (b) Klang

Figure 3 shows the mean monthly DIR for Cluster B that consists of Klang and Gombak, both of
which had a DIR of less than 100. All districts in Cluster B appear to display a similar mean monthly
DIR pattern. All districts' peak periods for mean monthly DIR coincide around January to March and
July to November. In Klang, the growth began in May and fluctuated until September, which can be
seen in Figure 3, where the trend tends to be more substantial from September to December. In Gombak,
the growth began in April and was quite stable until June, when it started to rise and peaked in August.

This is mostly due to population increase in metropolitan areas such as Cluster A, Petaling, and
Hulu Langat, which are located surrounding Malaysia's capital, Kuala Lumpur, and are enjoying major
economic growth. It is common in all vector-borne diseases to have seasonal patterns in incidence rate,
since all vectors have life cycles and are dependent on local climate conditions and adequate
temperatures to breed.
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3.2 Dengue Incidence and Demographic Data

Figure 4 presents the relationship between the log of monthly DIR and population density in
Selangor state for the 5 years period from 2010 until 2015. The plot demonstrates high levels of
variability as was expected. However, there is some evidence that states with very high population
densities tend to have higher DIR. According to Figure 4, the relationship between the population
density and log of DIR is not necessarily linear and positive, and the scatter plots clearly demonstrate
the complexity of this relationship. The infectious nature of DIR also provides an indirect influence of
demographics, both population size and density - larger populations serve as more hosts for the virus,
while denser populations increase opportunities for transmission. This infectious effect can be
influenced by comparing DIR with DIR from the previous months.
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Figure 4: Relationship between log monthly DIR and population density

Figure 5 shows the relationship between log monthly DIR and locality number, which indicates that
the trend of the plots between logs monthly DIR and number of localities is exponential. Figure 5 show
that there is a similar pattern in both clusters, meaning that an increase in DIR value also occurred when
increasing one unit of the locality. Dengue symptoms tend to be more prevalent in higher numbers of
localities. The reason for this is the increased density of settlements due to the increasing number of
localities. Mosquito transmission rates rise as a result of inter-individual contact and migration.
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Figure 5: Relationship between log monthly DIR and locality number
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3.3 Dengue Incidence and Climate Data

There are many previous studies focusing on climatic factors and dengue incidence that are either
universal or particular to Malaysia as a whole. Malaysia's changing climate may have a major impact
on dengue incidence. The monsoon season is known to contribute highly to the increase in dengue
incidents.
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Figure 6: Relationship between log monthly DIR and rainfall

Figure 6 indicates the correlation between the logarithm of monthly DIR and average monthly
rainfall with a lag of one to three months in the Petaling, Hulu Langat, Gombak and Klang districts
from 2010 to 2015. These plots reveal almost identical patterns for both clusters. With climate factors
taken into account, dengue cases can be modelled more accurately. A more frequent occurrence of rain
may be followed by more rain throughout the month if it continues to rain. The interaction between the
variables will be taken into consideration in future research.

3.4 Poisson GLM and Comparing AIC, BIC and Deviance

The model in Eq. 7 found that a variety of variables had a negative influence on DIR in Petaling,
Hulu Langat, Gombak, and Klang. One of the socioeconomic characteristics that had a negative impact
on this model was population density. According to this concept, if one unit of population density in a
state increases, the DIR decreases. Meanwhile, in Model Cluster A, rainfall lag 1 and rainfall lag 3 were
the climatic characteristics that had a negative influence on DIR. The model utilised lag effects
developed earlier in the data processing procedure for each climate possibility. The lagged values given
by may need to be adjusted in order to take into account dynamic epidemic behaviour, therefore up to
7 months of lagged data was used to create the model.

Table 3: Comparisons of Deviance (D), Akaike Information Criteria (AIC) and Bayesian Information
Criteria (BIC) using Poisson GLM

Model Deviance AlC BIC
1 (Cluster A) 119309 120419 120437
2 (Cluster B) 11574 12518 12535

Accordingly, Table 3 shows a comparison of the Deviance (D) values, the Akaike Information
Criterion (AIC) values, and the Bayesian Information Criterion (BIC) values for each cluster. By
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looking at D, AIC, and BIC, Cluster 2 is the best model as it has the lowest value. This study proved to
utilize the best model as shown in Eq.7.

DIR = exp(—0.0022985; + 0.00924p, + 0.0071013; — 0.01075B,)  Eq.7

Factors affecting climate and non-climatic factors can be accounted for in Eq.3.1. This study reveals
arise in DIR for the locality number (S,) when variables other than climate are studied. As an example,
variable district was used. After exponentiation of the coefficient value of district Petaling, it was
discovered that the value of DIR in Petaling is predicted to rise by 67.6% when compared to the district
of Hulu Langat, which serves as a control variable in this model. Nevertheless, there are also other
variables like population density (f;) that show a decreasing value of DIR despite the climate changes.
Climate conditions have a huge impact on DIR in Selangor. In the lagged values from lag 1 month, the
average monthly amount of rainfall shows positive impact on DIR.

4. Conclusion

This study highlights the use of a clustering technique to produce two sets of clustering group, as
well as the ability of merging meteorological and non-climatic parameters in modelling dengue
incidence rate in Selangor. A district-level clustering approach was suggested to aid the public health
authority in identifying areas where dengue is endemic and taking appropriate time to decide how to
manage it. From exploring this dataset, it becomes clear that there are two clusters based on the value
of average DIR. Cluster A consists of Petaling and Hulu Langat, where the DIR value exceeds 100 per
100,000 populations, while Cluster B consists of Gombak and Klang, where the DIR value is less than
100 per 100,000 populations. All the objectives of this study are achieved. Plotting the DIR amounts in
Petaling, Hulu Langat, Gombak, and Klang was the first objective. DIR values are highest in February
and July, while the lowest are in April and September. Following that, this study discovered that the
probable meteorological factors that exhibit a significant association to DIR in Selangor include the
average monthly quantity of rainfall from the current month up to three months’ lag. The number of
localities and population density are other non-climatic variables that affect the DIR. The key
contribution of this work is the use of a clustering approach to generate two groups of data, as well as
the possibility of combining meteorological and non-climatic factors in modelling dengue incidence
rate in Selangor, specifically in Petaling, Hulu Langat, Gombak, and Klang. This could provide more
work in the future for modelling dengue cases, and possibly other infectious diseases as well.
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