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MODELING DENGUE INCIDENCE IN SOUTHERN MALAYSIA USING FIXED
EFFECTS PANEL COUNT MODEL

WAN FAIROS WAN YAACOB1, NIK NUR FATIN FATIHAH SAPRI, AND YAP BEE WAH

ABSTRACT. Dengue fever is a mosquito-borne viral disease caused by the dengue
virus transmitted by female mosquito of Aedes aegypti. It has spread rapidly in
almost all regions including Malaysia. This paper analyzed daily panel count
data of dengue incidence in southern state of Johor, Malaysia covering 10 dis-
tricts from the period of 2013 to 2017. The Fixed Effects Poisson and Negative
Binomial panel count models were used to model dengue incidence associated
with various climatic factors which included rainfall, temperature, humidity
and its lags of 7 days, 14 days, 21 days and 28 days. Several model specifi-
cations were estimated. Results revealed that there were significant positive
relationships between temperature of lag 7 days and 14 days, amount of rain-
fall of lag 21 days and humidity of lag 14 days with dengue incidence rate. A
very high dengue incidence rate was spotted in the district of Johor Bharu. Ku-
laijaya and Kota Tinggi. This finding can help the health authority to plan for
early warning system to detect dengue outbreak.

1. INTRODUCTION

Numerous researchers applied count model and panel count model in mod-
elling the count data such as dengue cases [1-3]. Among widely used models
are the generalized linear model of Poisson, Negative Binomial model, gener-
alized additive model of Poisson, regression and auto-regressive model [4-6].
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Though Poison models are preffered in modelling count data type particularly
in the dengue cases, it suffers one limitation of equality in the mean and as-
sumption in Poisson model [2,3,7]. Thus, to allow for this overdispersion issues
if assumption is violated, researchers used the negative binomial model that is
the extension of Poisson model.

Further refinement on the count model has been made using panel count
model when dealing with panel count data. Most of the literatures on panel
count model include fixed effects and random effects model of Poisson and Neg-
ative Binomal which began with the seminal work of Hausman et al. [8]. This
model can handle the assumption of independent (or at least uncorrelated) ob-
servations in the standard Poisson generalized linear model which may not be
valid. There could be strong temporal correlation effects within some areas and
there could also be spatial clustering effects in neighboring microregions. Thus,
the fixed effects and random effects can allow for such latent effects and corre-
lation structures. Application of these techniques has been applied in modeling
dengue disease [9].

Dengue incidence is often influenced by climatic factors such as temperature,
amount of rainfall, number of rainy days, relative humidity and wind speed.
The relationship between climatic factors and dengue incidence has been stud-
ied by many researchers using Poisson, fixed effects and random effects Poison
panel count model. The findings were proven to influence dengue incidence
[2,6,9]. Hence, the aim of this study is to develop a statistical model to describe
the relationship between daily dengue incidence and series of climatic factors
using fixed effects negative binomial regression model. Using this model, signif-
icant climatic factors were determined to explain the daily dengue incidence in
districts of Johor.

2. METHODOLOGY

2.1. The Data. iDengue [10] has reported that the dengue outbreak in Johor,
Malaysia is alarming. It is one of the states which contribute a high number of
dengue incidence. The reported epidemic year for Johor was in the year 2015
with about 15, 743 of dengue incidence over 120, 834 dengue cases reported in
Malaysia. This is approximately about 430 cases per 100,000 population. This
scenario has proven that dengue outbreak in Johor is worsening. Considering
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the high incidence rate in Johor, this study focused on dengue incidence in the
southern state of Malaysia, which is Johor. The data selected in the study were
the daily number of dengue cases in 10 districts of Johor for the period between
1st January 2013 and 31st December 2017. The daily dengue cases were the
total count of dengue patients diagnosed based on dengue blood test and con-
firmed being infected by one of the serotypes of dengue virus (DENV-1, DENV-2,
DENV-3 or DENV-4) that causes dengue fever and recorded by the hospital. The
data were obtained from Vector Borne and Infectious Diseases Sector (VBIDS),
Ministry of Health (MOH) Malaysia.

Climatic factors were also used in the analysis which covered temperature,
relative humidity and the amount of rainfall with the lag time effect as the
explanatory variables. The lag time effects used in the study were lag 7, 14,
21 and 28 days. The lag time effect was taken into consideration in the study
as biologically the eggs take a certain period of time to emerge into an adult
mosquito, and the influence of climatic surrounding is expected to be visible
one or two months later. Temperature refers to the average daily temperature
measured in degree Celsius (◦C) recorded by districts in Johor. Meanwhile,
relative humidity is defined as atmosphere’s water vapor content which exists in
gas particles at a certain level of temperature measured in percentage (%). It
measures the amount of moisture in the air while rainfall refers to the amount of
rainfall recorded everyday by meteorology/weather stations for particular areas.
It is measured in millimeter (mm) unit. The sources of climatic variables were
collected from Malaysian Meteorological Department (MET) and Climate Data
Online (https://power.larc.nasa.gov/data-access-viewer/). The list of variables
used in the study is summarized and tabulated in Table 1.

TABLE 1. List of Variables

Variables Variable Label Measurement Units
Temperature Temp ◦C

Rainfall Rain mm

Relative Humidity Humid %

2.2. Fixed Effects of Panel Count Model. Suppose that we have panel count
data for i district and each district observe a total of Ti times. Let be the count
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variable for individual i at time t. Then the expected value of is linked to asset
of regressors by:

(2.1) E (ηit) = λit = exp (di + x′itβ) = αiλit,

i = 1, 2, . . . , N , t = 1, 2, . . . , T , where di is district specific dummies, αi = edi is
the individual specific effect, and xit is a vector of regressors. The Fixed Effects
Poisson GLM model can be used to estimate the model parameter via condi-
tional maximum likelihood method. The Fixed Effects Poisson GLM model can
be used to estimate the model parameter via conditional maximum likelihood
method. However, fitting fixed effects Poisson regression model may also result
to overdispersion. Hence, to explicitly allow for overdispersion in panel count
model, the fixed effects negative binomial regression model is utilized. In this
paper, the fixed effects negative binomial regression model is illustrated using
the number of dengue cases which are daily figures for individual district with
defined climatic characteristics. When cross sectional heterogeneity exists, the
fixed effects model is more appropriate. Based on the fixed effects negative bi-
nomial formulation of Hausman et al. [7], the dengue model is expressed as
log λi = αi + βxit, i = 1, 2 . . . , n and t = 1, 2, . . . , T where λit is the expected
number of dengue in district i in day t, αi is the fixed effects associated with i,
and β is vectors of parameters to be estimated for the vector of explanatory vari-
ables xit Here, the number of dengue, yit for a given time period, t is assumed
to follow a negative binomial distribution with parameters αiλit and φi, where
λit = exp (x′itβ) gives yit as mean αiλit/φi and variance (αiλit/φi) × (1 + αi/φi).
This model allows the variance to be greater than the mean. The parameter αi
is the individual-specific fixed effects and the parameter φi is the negative bino-
mial overdispersion parameter which can take on any value and varies across
individuals. The negative binomial mass function is given by:

f (yit) =
Γ (λit + yit)

Γ (λit) Γ (yit + 1)

(
1

1 + αi

ϕi

)λt (
αi
ϕi

αi

)yit

,(2.2)

with conditional joint density that yields the negative hypergeometric distribu-
tion. The estimation of vector β̂NBFE is done using the maximum likelihood
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method by maximizing the log likelihood function given by:

Li =
∑N

i=1


log Γ

(∑T
i=1 λi,t

)
+ log Γ

(∑T
i=1 yi,t + 1

)
− log Γ

(∑T
i=1 λ,t +

∑T
i=1 yi,t

)
+ log Γ

(∑T
i=1 λi,t + yi,t

)
− log Γ

(∑T
i=1 λi,t

)
− log Γ

(∑T
i=1 yi,t + 1

) .(2.3)

2.3. Model Implementation. This study employed fixed effects Poisson regres-
sion model and fixed effects negative binomial regression model. The model
was fitted using MASS package in R software version 3.5.2. The data analysis
and parameter estimates for the fixed effects Poisson model were estimated us-
ing glm 0 function with family = "Poisson". Meanwhile, for the fixed effects
negative binomial model, glm.nb() function was used to perform the analysis.
A series of models, from full model intercept to spatially and temporal ranging
of covariates with geographical district, were tested beginning with maximal
model based on all covariates and followed by different subsets of variable in-
cluding time lag effect for each of the climatic variable. There were 4 different
time lag effects that have been considered in the study such as lag of 7 days,
14 days, 21 days and 28 days. The models were then assessed using Akaike In-
formation Criterion (AIC), Bayesian Information Criterion (BIC), deviance and
R2
D(pseudo − R2) for the goodness of fit model and it is explained in the next

section of this paper.

2.4. Goodness of Fit Model. To select appropriate prediction model fit, each
model with and without lag of climatic factors was evaluated using Akaike In-
formation Criterion (AIC), Bayesian Information Criterion (BIC), deviance and
R2
D(pseudo−R2). The AIC equation is given as follow:

AIC = −2 ln(L) + 2k,(2.4)

where L is the log likelihood of the fitted model and k is the number of param-
eters in the fitted model. Meanwhile, BIC is computed as follows:

BIC = −2 ln(L) + k log(n),(2.5)

where n is the sample size. Similar to AIC, the model was selected with the
minimum BIC value which indicates that the smaller the value AIC and BIC,
the better the model.
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The deviance, D is an important measure that should be put into considera-
tion [3]. The deviance is the difference between the log-likelihood of the fitted
model and saturated model which can be specified as follows:

D = 2[ln(L̂) − ln(L)],(2.6)

where ln(L̂) is the log-likelihood for saturated model and ln(L) is the log-likeli-
hood for fitted model. Model which is correctly specified will be close to unity, 1.

If the value of D is close to n− p (degrees of freedom), the model is considered
as adequate. However, if D > n−p, then the data is overdispersed which means
negative binomial model can be considered to fix such problem.

Since the study proposes using ’linear’ model, the proportion of variation in
the response variable can be explained by explanatory variables, R2 which is a
typical measure used as a model adequacy. As suggested in the study of Lowe [9],

the R2 is based on decomposition of the deviance which is termed as ’pseudo-
R2:

D′ = D + D̂,(2.7)

where D′ is the deviance in the intercept-only model (null model), D is the de-
viance of fitted model and D̂ is explained deviance. Thus, the pseudo- R2, (R2

D)

is specified as follows:

R2
D = 1 − D′

D̂
,(2.8)

where pseudo-R2 measures the reduction in deviance due to inclusion of ex-
planatory variables. The interpretation of R2

D is similar to common R2 at which
the values closer to 1 indicate a better fit. The next section of this paper is the
description of the data used in the study.

3. RESULTS AND DISCUSSIONS

Johor has 10 districts namely Batu Pahat, Johor Bharu, Kluang, Kota Tinggi,
Kulaijaya, Ledang, Mersing, Muar, Pontian and Segamat. Among 10 districts
in Johor, Johor Bharu showed a high dengue incidence rate as compared to
other districts in 2015 since there were about 11,975 dengue cases (790 dengue
cases recorded per 100,000 population) recorded over 15,743 dengue cases re-
ported in Johor. Figure 1 presents the annual trend of dengue incidence rate per
100,000 populations by district in Johor.
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FIGURE 1. Annual Dengue Incidence Rate per 100, 000 Popula-
tion by District

To further describe the dengue incidence with climatic factors, several mod-
els were estimated. The initial model developed begin with the Poisson and
followed by Negative Binomial Model of Fixed Effects that involved all possi-
ble climatic explanatory variables considered in this study. Then, the model-
ing process continues by eliminating insignificant variables using backward and
stepwise method and the most parsimony model was obtained on the basis of
minimizing AIC and BIC value. Table 2 presents the parameter estimates of full
model for Fixed Effects Negative Binomial (FENB) and the reduced model for
FE Poisson and FENB for the district of Johor.



7348 W. F. W. YAACOB, N. N. F. F. SAPRI, AND Y. B. WAH

TABLE 2. Fixed Effects NB and Poisson GLM

Full Model (FENB) FE NB FE Poisson

Constant -21.04*** (1.098e+00) -1.933e+01*** (7.779e-01) -2.624e+01*** (4.327e-01)

Temp 0.02607 (1.991e-02)

Temp_lag7 0.08074*** (2.085e-02) 9.624e-02*** (1.890e-02) 2.352e-01*** (1.088e-02)

Temp_lag14 0.06174** (2.092e-02) 5.465e-02*** (1.435e-02) 1.042e-01*** (8.737e-03)

Temp_lag21 0.001446 (2.094e-02)

Temp_lag28 0.02533 (2.033e-02)

Humid 0.001261 (3.754e-03)

Humid_lag7 0.0146*** (3.907e-03) 1.753e-02*** (3.388e-03) 3.695e-02*** (1.870e-03)

Humid_lag14 0.003236 (3.919e-03)

Humid_lag21 -0.0008583 (3.917e-03)

Humid_lag28 0.005555 (3.782e-03)

Rain -0.0007265 (7.512e-04)

Rain_lag7 0.0001378 (7.380e-04)

Rain_lag14 -0.0004199 (7.443e-04)

Rain_lag21 0.001439* (7.235e-04) 1.437e-03* (7.099e-04) 6.352e-04* (3.791e-04)

Rain_lag28 -0.00007781 (7.472e-04)

Johor Bharu 1.436*** (3.413e-02) 1.438e+00*** (3.347e-02) 1.484e+00*** (2.217e-02)

Kulaijaya 0.7263*** (3.842e-02) 7.238e-01*** (3.814e-02) 7.517e-01*** (2.869e-02)

Ledang -0.3227*** (5.763e-02) -3.414e-01*** (5.686e-02) -2.276e-01*** (5.056e-02)

Mersing 0.1133* (6.047e-02) 9.818e-02 (6.001e-02) 1.961e-01*** (5.420e-02)

Muar -3.115e-01*** (4.888e-02) -3.312e-01*** (4.794e-02) -1.892e-01*** (3.985e-02)

Pontian -2.622e-01*** (5.205e-02) -2.593e-01*** (5.145e-02) -2.623e-01*** (4.461e-02)

Segamat 1.314e-01** (5.068e-02) 1.008e-01* (4.839e-02) 2.871e-01*** (3.920e-02)

Deviance 17302 17291 33357

R2
D 0.3137 0.3132 0.4837

AIC 49886.24 49872.11 57642.87

BIC 52956.33 52856.27 60627.02

Likelihood Value -24553.06 -28439.43
LR Test: -2(LLPoisson - LLNegative Binomial) = -2 (-28439.43- (-24553.06)) = 7772.74

The maximum likelihood estimates of FE GLM for the coefficient and the es-
timates of standard error for each coefficient were obtained to calculate the
p-value to test the significant of each coefficient estimate. A series of models,
from full model intercept to spatially and temporal ranging of covariates with
geographical district were tested. Various models were tested beginning with
maximal model base on all covariates and follow by different subsets of variable
including the time lag effect for each of climatic variable. To select appropriate
prediction model fit, each model with and without lag of climatic factors were
evaluated using AIC, BIC. The inclusion of factors reflecting districts and time al-
low the baseline model to vary depending on which district and day of interest.
The extra heterogeneity in the data which is not explained by day and districts is
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handled by the scale parameter k in the Negative Binomial. The overdispersion
problem was tested using likelihood ratio test (LRT). Given the null hypothesis
of no overdispersion, the results indicate overdispersion exist as the value of
likelihood ratio test (7772.74) is greater than the χ2

1,0.05 = 3.84. This justify the
use of a Negative Binomial rather than Poisson FE GLM. Hence the FE Negative
Binomial is preferable with the smallest AIC and BIC. The reference district is
Batu Pahat. At 0.05 level of significant, variable temperature of lag 7 days, tem-
perature of lag 14 days, humidity of lag 7 days and rainfall of lag 21 days were
found to be statistically significant. This indicate that there is a significant pos-
itive relationship between temperature of lag 7 days and 14 days with dengue
incidence rate. There is also significant positive relationship between humidity
of lag 7 days and amount of rainfall of lag 21 days with dengue incidence rate.

This may be results of warm, humid condition and amount of rainfall that
stimulate mosquito development and create mosquito breeding sites. This find-
ing can be used for the development of early warning systems to detect dengue
outbreak.

FIGURE 2. Spatial Map of DIR and Fitted DIR



7350 W. F. W. YAACOB, N. N. F. F. SAPRI, AND Y. B. WAH

Figure 2 illustrates the relationship between observed and fitted model for 5
years across district in Johor. Overall, the FE NB GLM is able to capture cor-
rectly very high DIR in industrial area location such as Johor Bharu and Kulai-
jaya. However, a very high dengue incidence rate was under predicted in Kota
Tinggi for the year 2015 and 2016 when serious epidemics occur in 2015. The
high population density, rapid development and uncontrolled urbanization has
contributed in increasing the mosquitoes breeding sites in Southern Malaysia.

4. CONCLUSIONS

The findings from this study suggest that there exist association between cli-
matic factor and dengue incidence rate in Johor, Malaysia. Climate information
allows some of the temporal variability to be captured using FE GLM model.
However, the FE GLM unable to fully capture the spatial variability across the
districts. Hence the use of random effects may be valuable to allow for unob-
served latent structures in the model. For instance, to capture the impact of
unknown confounding factors such as introduction new vector control program
or misreporting of dengue cases. The findings revealed that the temperature
of lag of 7 and 14 days, Humidity of 14 days and amount of rainfall of lag of
21 days found to be significantly associated with the dengue incidence. The
spatial map analysis able to reveal the hotspot areas in Southern Malaysia of
Johor state such as Johor Bharu, Kulaijaya and Kota Tinggi. Therefore, the find-
ings obtained from this study can provide important information especially to
the local authority covering the hotspot district of Johor Bharu, Kulaijaya and
Kota Tinggi to plan effective vector control program to safeguard the community
from dengue outbreak.
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