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Abstract 

 

Bayesian modeling for count data is to analyze an epidemiological risk as 

spatially and temporally varying, e.g. Dengue Hemorrhagic Fever (DHF). The 

DHF data with too many zero are commonly an over dispersion. Bayesian 

zero-inflated generalized Poisson or BZIGP ( ) spatio-temporal. This model 

was developed from our previous work, called BZIP S-T. Both models is 

verified by using the DHF monthly data in 10 districts of  Kendari city during 

periode 2013-2015. MCMC method is used to estimate the parameters of both 

models. Both models indicate the rainfall and population density are 

statistically significant to influence the fluctuations of DHF cases. But the 

BZIGP ( ) S-T is smallest deviance and the best performance model. Puwatu 

and Kadia districts are an endemic area.  
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1. INTRODUCTION 

DHF cases are often threatened in densely populated area of Indonesia. Some factors 

influence it, e.g. heterogeneity spatial as well as temporal and uncertainty factors [1]. 

Modeling to analyze DHF risk is adapting some factors to determine en endemic 

locations [2]. Various studies, e.g. [3, 4, 5, 7] stated the uncertainty factor is 

represented as a random effect.  

The DHF count data at certain times and locations are mostly zero-inflation, ignoring 

it will lose information [8, 9]. Several authors have analyzed such data sets by the use 

of zero-inflated Poisson (ZIP), see [10, 11, 12, 13, 14, 15]. The phenomenon of zero-

inflated can arise as a result of clustering, distributions with clustering interpretations 

exhibit the feature that the proportion of observations in the zero class is greater than 

the estimate of the probability of zeros given by the assumed model. This model is 

then developed by [17] to analyze the risk of DHF monthly data in 10 districts of 

Kendari using Bayesian approach, called Bayesian ZIP spatio-temporal (BZIP S-T). 

The generalized linear model (GLM) is also integrated into BZIP S-T. Markov Chain 

Monte Carlo (MCMC) is used to estimate parameters of the model based on full 

conditional distribution (FCD). 

Poisson regression was used to analyze the relationship between the response variable 

and one or more predictor variables, where the expected value (mean) and variance 

assumed to be equal (equi-dispersion). However in the discrete data analysis, 

sometimes the variance is greater than the mean (over-dispersion) or the variance is 

smaller than the mean (under-dispersion). A number of cases are often observed an 

over-dispersion, especially if the count data is too many zero. Several studies, e.g. 

[18, 19, 20, 21] are using generalized Poisson (GP) to overcome these cases. They 

cited examples of the data with too many zeros from various disciplines, including 

agriculture, econometric, patent applications, species abundance, medicine, and use of 

recreational facilities. 

This article in developing the BZIP S-T model into a Bayesian zero-inflated 

generalized Poisson spatio-temporal (BZIGP S-T). The predictors used are the same, 

then the BZIGP S-T is expressed as BZIGP ( ) S-T. In next step is discussing 

description of DHF monthly data, for example, spatial and temporal detection, over-

dispersion test. Furthermore, it is reviewing the BZIP S-T as the basis of BZIGP ( ) 

S-T developing which integrates three main components, the GP model, and FCD as 

well as MCMC computational techniques. 

 

2. DESCRIPTION OF DHF DATA 

Kendari city is the capital of Southeast Sulawesi province of Indonesia. It is located 

geographically in the south of the equator and stretches from west to east. Kendari is 
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one of the cities in Indonesia as tropical country with high DHF cases. The population 

density of Kendari at around 1,094 people per square kilometer (km2). It is situated 

around 3m-30m above sea level with the temperature at 23°C-32°C and the humidity 

at 81%-85% for the whole year. The wet season usually starts in January and ends in 

June. The higher rainfall (200mm-300mm) occurs during January-April and the less 

rainfall is around October-November (below 100 mm). Data reviews were obtained 

from the Meteorological, Climatological and Geophysics Agency (BMKG) and the 

Central Bureau of Statistics (BPS) of Kendari. 

The DHF monthly data in 10 districts of Kendari, period 2013 to 2015 are showing 

the majority as 90% Poisson distribution and 10% binomial distribution with p-value 

above 5% (see Table 1). The binomial distribution is approached by the Poisson 

process for large number of population. It is also outlines adjacency matrix between 

districts. Queen Principle is used to arrange weighting matrix into a spatial contiguity.  

 

Table 1. Relationships between districts in Kendari and Goodness of fit test 

Code Districts Adjacency 

matrix 

Kolmogorov-

Smirnov  

Distribution 

1 Mandonga 3,4,8,10 0,6 Poisson 

2 Baruga 3,5,6,8 0,1 Poisson 

3 Puwatu 1,2,4,5 0,2 Poisson 

4 Kadia 1,3,5,8 0,1 Poisson 

5 Wua-Wua 2,3,4,8 0,1 Poisson 

6 Poasia 2,7,8 0,2 Poisson 

7 Abeli 6 0,3 Binomial 

8 Kambu 1,2,4,5,6 0,1 Poisson 

9 Kendari 10 0,1 Poisson 

10 Kendari Barat 1,9 0,1 Poisson 

 

The spread of DHF is affected by other locations nearby. If a location is becoming 

DHF endemic, then the other locations are closed to it are immediately to be high risk. 

An aedes Aegypti population is fluctuating based on dynamical system, for example, 

dependency betwen location. Detection is required to determine the spatial 

dependency of DHF incident. Moran index (  ) is a technique to detect spatial 

dependency with range -1 and 1. In January, February, March, April, and December, 

show positive Moran index. This means that DHF cases in adjacent locations have 

similar patterns. May to November, it is no founding the Moran index, because there 

is not DHF case.  
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An autocorrelation function (ACF) is a tool to detect temporal dependencies of DHF 

data. There are four patterns of time series data, i.e. horizontal, trend, seasonal, and 

cyclical [5]. The horizontal is unpredictable as well as random and tendency to go up 

and down. The seasonal is DHF case fluctuations occurred periodically at a certain 

time (quarter, quarterly, monthly, weekly, or daily) and the cyclical is DHF case 

fluctuations occurred in a long time. The DHF data have temporal dependencies if 

ACF initial value exceeds the boundary line, and then decreases gradually. The ACF 

showing the DHF monthly data in 10 districts of Kendari for period 2013-2015 are an 

initial value exceeds the boundary line on the lag-1 then decreases gradually. This 

means that DHF cases of Kendari is temporal dependencies.  

Over-dispersed is using chi-Square, 
 



2

n k
, where n is number of samples and k 

is number of parameters. The DHF monthly data in 10 districts of Kendari is over-

dispersion, because  1. 

 

3. GENERALIZED POISSON AND ZERO-INFLATED POISSON 

DISTRIBUTION 

Poisson regression is starting point for modeling of count data and flexible to be 

parameterized in the form of distribution function [22, 23, 24, 25]. Variable response 

has independent identically distributed (i.i.d). Suppose , 1,...,sy s S  is count data, 

where S is number of locations and predictor is 
sx . Then the density function of 

sy
 
is 

expressed 

  
Poisson( ; ) , 0,1,2,..., 1,...,

!

s sy

s
s s s

s

e
y y s S

y

 




   ,  exps sj sx                (1) 

In order to adjust a to many zeros, then (1) is modified into the ZIP model. This 

technique was first described by [8].  The ZIP model has been discussed in various 

fields, e.g. epidemiology [10], health [12, 25]. Observation data in the ZIP model was 

devided into two process [8]. The first process, selected with probability 
s  was 

generated from zero count, and the second process was selected with probability 1 s  

from the Poisson process. The structure of ZIP model as i.i.d count data is written  

(1 )Poisson( ;0), 0 1, 0
(Y )

(1 )Poisson( ; ), 0

s s s s s

s

s s s s

y
P y

y y

   

 

    
  

 

                                             (2) 

Several researchers were used the Bayesian approach in the ZIP model, called BZIP, 

e.g. [11, 26, 27]. They were used MCMC method to estimate the parameters of the 

BZIP that generated via its FCD respectively. 

The BZIP  is then developed by [17] into BZIP S-T to analyze the relative risk of 

DHF cases in 10 districts of Kendari, Indonesia. The BZIP S-T integrates three main 
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components, namely spatial heterogeneity, two random effects (local and global), and 

temporal trend. Local random effect is representing the relationship of uncertainty in 

location, while the global random effect is representing the uncertainty relationship 

between locations. Temporal trend is representing the temporal occurrence of dengue 

cases have the same intercept but vary temporally at each location. However, the 

BZIP S-T ignores over-dispersed data [17]. A fairly popular and well-studied 

alternative to the standard Poisson distribution is the GP distribution [20, 28, 29, 30]. 

They provided a guide to the current state of modeling with the GP at time, and 

documented many real life examples. The GP regression model is developed from (1), 

namely 

1
(1 ) (1 )

GPoisson( , ; ) exp ,
1 ! (1 )

s
s

y
y

s s s s
s s

s s s

y y
y

y y

   
 

 

     
    

    

                           (3) 

where  ( ) exps s s sj jx x      
and   is dispersion parameter. If 0  then the model (3) 

is equi dispersion case, 0   is over dispersion, and 0   is under dispersion. 

 

4. ZERO-INFLATED GENERALIZED POISSON AND ITS EXTENSION 

The over-dispersed data can be overcome with zero-inflated generalized Poisson 

(ZIGP). Structure of the ZIGP model is organized from (2) and (3),  

(1 )GPoisson( , ; ), 0
(Y , )

(1 )GPoisson( , ; ) , 0

   

  

  
  

 

s s s s s

s s s

s s s s

y y
P y x z

y y                            

    (4) 

where 0 ( 0) 1s sf y    ,  log( ) ( )s s s sj sx x    , and ( )s s sz  ,
1logit( ) log( [1 ]) .s s s sj jz       

For the same predictor, the (4) is called ZIGP ( ) is written into 

 

           
log( )s sj sx   and 1logit( ) log( [1 ])s s s sj jx                          (5)  

Model (5) is developed into spatial and temporal varying. This expansion is using 

Bayesian modeling technique, called Bayesian ZIGP ( ) spatio-temporal (BZIGP (

) S-T). Assumed that the DHF case as count data, sty
 
is distributed by i.i.d Poisson 

distribution with parameter st  
in district sth at time tth. The structure of the BZIGP( ) 

S-T is written     
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(6) 

where s = 1, 2,...,S is the number of districts, t = 1, 2,...,T is observation time, P is the 

number of predictors, P(Ir)st
is probability incident risk in district sth at time tth, 

pstx is 

pth predictor in district sth at time tth, stu  is local random effect at district sth at time tth, 

stv is global random effect (CAR model) in district sth at time tth, and ( )  s zt is trend 

temporal. The u  is precision for su , 
v
 is precision for sv ,   is spatial dependence 

parameter with 1 1   , D  is total neighbors across location, ( )s  is number of 

neighbors of location s. The ( )s zt   is meaning the every location has the same 

intercept ( ) and each location has a different contribution of DHF case. Assumed 
0  

is flat distribution, 
p  in normal distribution with zero mean, and 

  
is precision 

parameter of
p [31, 32; 33, 34, 35]. 

 

5. NUMERICAL SIMULATION AND PERFORMANCE MODEL 

Likelihood for (4) is expresed  

(1 )
log(1 ) log exp log ( 1) log(1 ) log( ) .

1 1 1

s s s s

s s s s s s

s s s

y
L y y y y 



   
  

  

 
        

                          
  

 (7) 

Joint prior is then defined as  

0( ) ( ) ( ) ( ) ( ) ( ) ( ) ( ) ( ) ( ) ( ),        prior p st st s p st u st v sJ J J J u J v J J J J u J v J J            (8) 

and ( ), ( ), ( ), ( )p st stJ J u J v J  , and ( )sJ   are normal distribution, but 
0( )J  is flat. For 

( )pJ  , ( )st uJ u , ( )st vJ v , ( )J  , and ( )sJ   are gamma distribution and 

hyperprior of  ( )pJ  , ( )stJ u , ( )stJ v , ( )J  , and ( )sJ   respectively.   

Joint posterior is multiplication of (7) and (8),  

0( ) ( ) ( ) ( ) ( ) ( ) ( ) ( ) ( ) ( ) ( ).post p st st s p st u st v sJ L J J J u J v J J J J u J v J J             (9)   

The FCD for BZIGP( ) S-T is obtained form (9). For example, defined FCD for 
0 , 

named 
0[ .] , is  

0 0[ .] ( ) ().L J L flat                                                                                   (10) 
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Assuming the () constantflat  and 
st  is from (6) then  

0

1

P(Ir) exp ( ) ,
P

st st pst p st st s z

p

x u v t    


 
      

 
 or  0P(Ir) exp constant,  st st

from (10) 

is be  

0 0[ .] ( ) constant constant=constantL J     .                                                (11) 

The FCD for 
p , named [ .]p , is   

  [ .] ( ) ~ 0,p p pL J L N         ,                                                        (12) 

where  ~ 0,p N   is normal distribution with zero mean. 

 

For the others FCD are similar to (10) and (12). The FCD is used to estimate the 

parameters of BZIGP    ( ) S-T in open source software WinBUGS 1.4. To estimate 

the parameters of BZIGP( ) S-T is allowing an Algorithm 1, whereas to estimate the 

parameters of BZIP S-T model have been described by [17]. DHF monthly data for 

periode 2013-2015 in 10 districts of Kendari are response variable. Rainfall and and 

population density are predictors. The paremeters of BZIGP( ) S-T are achieved 

convergence at 10,000 iteration bur-in 10,000. There are evidenced from an ergodic 

mean plot that it is stable in confidence interval (Fig. 1a), density plot (Fig.1b), and 

autocorelation plot (Fig.1c). For the parameters of BZIP S-T are achieved 

convergence at 10,000 iteration bur-in 20,000. Posterior summary of both models is 

described in Table 2. The rainfall and population density are statistically significant to 

increase of DHF cases in Kendari, where the 95% confidence interval do not contain 

the zero value. 

 

Algorithm 1. MCMC Gibbs sampler for estimating the parameters of BZIGP( ) S-T, 

generating fo m time iterations 

Start 

Step 1. Define  

o constant C = 0  

o zeros = 0  

o Set initial number of parameters 

 

(0) (0) (0) (0) (0) (0) (0) (0) (0) (0)
0 , , , , , , , , ,p s s s u vu v         

 
o zeros ~ dpois(zeros.mean) 
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o zeros.mean=
L + C 

Step 2. Define  

o log-likelihood for s and t individual 

o log-link + linear predictor 

Step 3. Generate parameter for m time iteration 
 

o ( )

0

m sampling from 
0[ .] ,  

o ( )m

p  sampling from [ .], 1,...,p p P  ,  

o ( )m

stu  sampling from [ .], 1, , , 1,...,stu t T s S  , 

o ( )m

stv  sampling from [ .], 1, , , 1,...,stv t T s S  , 

o ( )m  sampling from [ .] ,  

o ( )m

s  sampling from [ .], 1,...,s s S  ,  

o ( )m

  sampling from [ .] ,  

o ( )m

u  sampling from [ .]u ,  

o ( )m

v  sampling from [ .]v ,  

o ( )m

  sampling from [ .] ,  

o ( )m

  sampling from [ .] , 

Step 4. If the estimation of parameter is not convergent, then the next step is discard 

as burn-in  

Note. This process is repeated to obtain convergent condition       

End   

         
(a)                                                         (b) 
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(c) 

Figure 1:  Plot of parameter estimation using WinBUGS 1.4 of BZIGP( ) S-T, 

convergence at 10.000 iterations bur-in 10.000, (a) ergodic mean, (b) density, and (c) 

autocorrelation 

 

The BZIGP( ) S-T is smaller deviance, 653.9 if it compared to BZIP S-T, 1550, (see 

Table 2). The smallest deviance is the best performance model (Congdon, 2010). The 

BZIGP( ) S-T model results show the Puwatu and Kadia District consistent as 

highest DHF case (black color) in Kendari (see Fig.2). Both districts are endemic 

dengue location for intervention to prevent the spread of dengue to other locations.  

 

Table 2. Posterior summary, parameter estimation of BZIP S-T 10.000 iterations 

burn-in 20.000  and BZIGP( ) S-T 10.000 iterations burn-in 10.000 

 

Node Mean SD MC error 2,50% Median 97,50% 

BZIP S-T (see [17]) 

beta0 0,28 0,091 0,003 0,132 0,271 0,49 

beta1 0,25 0,072 0,0005 0,126 0,242 0,42 

beta2 0.93 0,523 0,006 0,281 0,78 2,28 

deviance 1550 

BZIGP( ) S-T 

beta0 1,4 0,3 0,02 0,7 1,4 1,9 

beta1 0,06 0,03 0,001 0,1 0,06 0,008 

beta2 0,0012 0,6 0,002 0,003 0,001 0,002 

deviance 653,9 
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Figure 2:  Map zone of DHF case in Kendari base on the BZIGP ( ) S-T model 

 

 

6. CONCLUSION AND FUTURE WORK 

This study develop the BZIGP( ) S-T model based on our previous work, called 

BZIP S-T. We are using DHF monthly data in 10 districts of Kendari, for period 

2013-2015 as response. The rainfall and population density are predictors. The 

MCMC Gibbs sampler is computational techniques to estimate the parameter of both 

models through its FCD respectivally. Parameters estimation of BZIGP( ) S-T 

attained convergence at 10,000 iterations and 10,000 bur-in. The BZIP S-T attained 

convergence at 10,000 iterations and 20,000 bur-in. Both models show the rainfall 

and population density are statistically significant influencing of DHF case in Kendari 

city. The BZIGP( ) S-T is the better model because it smallest deviance, 653,9. The 

Puwatu and Kadia district are consistent as highest DHF location in Kendari city. 

Both locations are an endemic DHF. Future study will apply this model using DHF 

daily data because the dengue cases are very quickly fluctuate. 

 

ACKNOWLEDGEMENTS  

The authors gratefully acknowledge support of Kementerian Riset,Teknologi, dan 

Pendidikan Tinggi (KEMENRISTEK DIKTI) of Indonesia. We thank also to the 

Department of Health, BPS, and BMKG of Kendari for their permission to use their 

observation data in this study.  



Bayesian Zero-Inflated Generalized Poisson (  ) Spatio-Temporal Modeling…  1079 

 
 

REFERENCES 

[1] Mukhsar, Iriawan, N., Ulama, B. S. S., and Sutikno. 2013. “New look for DHF 

Relative Risk Analysis Using Bayesian Poisson-Lognormal 2-Level Spatio-

Temporal, International Journal of Applied Mathematics and Statistics”, 

SECER Publication, ISSN: 0973-1377 (Print), ISSN: 0973-7545 (Online), 

Vol. 47, No. 17, p 39-46.  

[2] Mukhsar, Abapihi, B., Sani, A., Cahyono, E. , Adam, P.,  and Abdullah, F. A. 

2016a. “Extended Convolution Model to Bayesian Spatio-Temporal for 

Diagnosing DHF Endemic Locations”, Journal of Interdisciplinary 

Mathematics, Taylor & Francis, ISSN:0972-0502 (Print) 2169-012X (online), 

Vol. 19, No.2, p 233-244. 

[3] Cressie. N. 1992. “Smoothing Regional Maps Using Empirical Bayes 

Predictors”, Geography Analysis, 24, 75-95. 

[4] Li, N., Qian, G., and Huggins, R. 2002. “A Random Effects Model for Disease 

with Heterogeneous Rates of Infection, Journal of Statistics Planning and 

Inference”, Elsevier, 116, p 317-332.     

[5] Ainsworth, L. M., and Dean, C. B. 2005. “Approximate Inference for Disease 

Mapping”, Computational Statist.& Data analysis, Elsevier, 50, p 2552-2570.  

[6] Eckert, N., Parent, E., Belanger, L., and Garcia, S. (2007). “Hierarchical 

Bayesian Modeling for Spatial Analysis of the Number of Avalanche 

Occurrences at the Scale of the Township”, Journal of  Cold Regions Science 

and Technology, Elsevier, p 97-112. 

[7] Sani, A., Abapihi, B., Mukhsar, and Kadir. 2015. “Relative Risk Analysis of 

Dengue Cases Using Convolution Extended into Spatio-Temporal Model”, 

Journal of Applied Statistics, Taylor & Francis.  

[8] Lambert, D. 1992. “Zero-inflated Poisson regression, with an application to 

defects in manufacturing”, Technometrics, 34, p 1-14.  

[9] Mouatassim, Y., and Ezzahid, E. H. 2012. “Poisson regression dan zero 

inflated poisson regression: application to private health insurance data”, 

European actual Journal, Sringer. 

[10] Böhning, D., Dietz, E., Schlattmann, P., Mendonca, L., and Kirchner, U. 1999. 

“The zero-inflated Poisson model and the decayed, missing and filled teeth 

index in dental epidemiology”, Journal of the Royal Statistical Society A, 162, 

p 195–209. 

[11] Angers, J. F., and Biswas, A. 2003. “A Bayesian analysis of zero-inflated 

generalized Poisson model”,Computational Statistics and Data Analysis, 42, p 

37–46.  

[12] Cheung, Y. B. 2003. “Zero-inflated models for regression analysis of count 

data: a study of growth and development”, Statistics in Medicine, 21, p 1461–

9. 



1080  Mukhsar, Bahriddin Apabihi, Sitti Wirdhana Ahmad Bakkareng, Asrul Sani & Edi Cahyono 

[13] Ghosh, S. K., Mukhopadhyay, P., and Lu, J. C. 2004. “Bayesian analysis of 

zero inflated regression models”, Journal of Statistical Planning and Inference, 

Elsevier. 

[14] Min, Y., and Agresti, A. 2005. “Random effect models for repeated measures 

of zero-inflated count data”, Statistical Modeling, Edward Arnold Ltd. 

[15] Hall, D. B. 2000. “Zero-inflated poisson and binomial regression with random 

effects: a case study”, Biometrics, 56, pp 1030-1039.  

[16] Congdon, P. 2010. Applied Bayesian Hierarchical Methods, Chapmann&Hall, 

CRC Press, UK, QA279.5.C662010.  

[17] Mukhsar, Sani, A., Abapihi, B., Cahyono, E., and Raya, R. 2016b. “Mixed 

Model on the Bayesian Zero Inflated for Relative Risk Diagnostic of DHF 

Incidences, International Journal of Applied Mathematics and Statistics”, 

SECER Publication, ISSN: 0973-1377 (Print), ISSN: 0973-7545 (Online), 

Vol. 55, No.1, p 81-89. 

[18] Consul, P. C., and Famoye, F. 1992. “Generalized Poisson regression model”, 

Communications in Statistics Theory and Methods, 21, p 89-109. 

[19] Famoye, F. 1993. “Restricted generalized Poisson regression model”, 

Commun. Stat. Theory Methods, 22, p 1335–1354. 

[20] Consul, P. C. 1989. Generalized Poisson Distributions: Properties and 

Applications, Marcel Dekker. 

[21] Ridout, M., Demetrio, C. G. B.,  and Hinde, J. 1998.” Models for count data 

with many zeros”, Invited paper presented at the Nineteenth International 

Biometric Conference, Cape Town, South Africa, p 179-190.  

[22] Box. G. E. P., and Tiao, G. C. 1973. Bayesian Inference in Statistical 

Analysis, Reading, MA: Addison-Wesley. 

[23] Browne, W., and Draper, D. 2006. “A Comparison of Bayesian and 

Likelihood-Based Methods for Fitting Multilevel Models”, Bayesian Analysis, 

Elsevier, 3, p 473-51.  

[24] Carlin, B. P., and Louis, T. A. 2000. Bayes and Empirical Bayes Method for 

Data Analysis, 2 end ed., Boca Raton, Chapman and Hall/CRC Press.  

[25] Lee, A. H., Wang, K., and Yau, K. K. W. 2006. “Analysis of zero-inflated 

Poisson data incorporating extent of exposure”, Biometrical Journal, 43, p 

963–75. 

[26] Ntzoufras, I. 2009. Bayesian Modeling Using WinBUGS, John Wiley&Sons, 

New Jersey. 

[27] Ghosh, M., Natarajan, K., Waller, L. A., and Kim, D. 1999. “Hierarchical 

Bayes GLMs for the Analysis of Spatial Data: An Application to Disease 

Mapping”, Journal of Statistics Planning Inference, Elsevier, 75, p 305-318.  

[28] Cui, Y., and Yang, W. 2009. “Zero-Inflated Generalized Regression Mixture 

Model for Mapping Quantitative Trait Loci Underlying Count Trait with 

Many Zeros”, Journal of Theoretical Biology, 256, p 279-285. 



Bayesian Zero-Inflated Generalized Poisson (  ) Spatio-Temporal Modeling…  1081 

 
 

[29] Czado, C., Erhardt,  V., Min,  A., and Wagner, S. 2007. “Zero-inflated 

generalized Poisson models with regression effects on the mean, dispersion 

and zero-inflation level applied to patent outsourcing rates”, Stat. Modelling,7, 

p 125–153. 

[30] Famoye, F., Singh, K. P. 2006. “Zero-inflated generalized Poisson model with 

an application to domestic violence data”, Journal Data Science, 4, p 117–130. 

[31] Maiti, T. 1998. “Hierarchical Bayes Estimation of Mortality Rates for Disease 

Mapping”, Journal of Statistical Planning and Inference, Elsevier, p 339-348.  

[32] Meza, J. L. 2003. “Empirical Bayes Estimation Smoothing of Relative Risks 

in Disease Mapping”, Journal of Statistics Planning and Inference, Elsevier, 

112, p 43-62. 

[33] Robert, C. P. 2007. The Bayesian Choice, From Decision-Theoritic 

Foundations to Computational Implementation, Second Edition, Springer, 

USA.      

[34] Lawson, B. A. 2008. Bayesian Disease Mapping: Hierarchical Modeling in 

Spatial Epidemiology, CRC Press, Chapman&Hall. 

[35] Neyens, T., Faes, C., and Molenberghs, G. 2011. “A Generalized Poisson 

Gamma Model for Spatially Overdispersed Data”, Journal of Spatio temporal 

Epidemiology, Elsevier, pp 1-10. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



1082  Mukhsar, Bahriddin Apabihi, Sitti Wirdhana Ahmad Bakkareng, Asrul Sani & Edi Cahyono 

 

 

 

 

 

 

 


