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1. Introduction

To model the relationship between one or more dependent variables or responses and one or more independent
variables or predictors, classical linear regression or Ordinary Least Square (OLS) regression models are generally used[1].
In OLS regression there are several assumptions that must be met. In the reality in the field, not all types of data can meet
these assumptions, for example in the case of counting data. Modelling of enumeration data using OLS regression cannot
be done because it violates two assumptions required in OLS regression, namely error following a normal distribution
(normality) and variance must be constant (homoscedasticity). Developments in data modelling gave rise to modelling
for enumerated data with Generalized Linear Models (GLMs). GMLs are generalizations of the classical normal regression
model or OLS regression of a rigorous range of assumptions and provide an analytical method for abnormal data [2][3].
Poisson regression is one of the family members of GLMs derived from the poisson distribution. The poisson distribution
is a discrete distribution with a random variable value in the form of a positive integer so that it is a good choice for
modeling enumeration data. The poisson distribution is determined by only one parameter that defines both the mean
and the variance of the distribution, so in Poisson regression there is an assumption that must be fulfilled, namely that
the mean and variance of the response variables must be the same (equidispersion)[4].

However, in reality, there is often a violation of this assumption where the variance is smaller than the mean
(underdispersion) or the variance is greater than the mean (overdispersion). In most data counts, cases of overdispersion
are sometimes found [5][6]. In practice, enumerated data often show considerable variance because many contain extra
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zeros or a larger distribution of the values in the data or both [7][8]. Data with a large number of zeros can be caused by
structural zeros or by zero samples (sampling zeros). Furthermore, Hu, Pavlicova and Nunes gave examples of the number
of high-risk sexual behaviors in comparing the two. A zero value in the number of high-risk sexual behaviors can be
caused by a person who does not have a partner so that they have never had sexual intercourse, which is called structural
zeros or it can be because someone who already has a partner and has never had high-risk sexual intercourse, which is
called zero sampling zeros[9].

The case of overdispersion if ignored can result in underestimation of standard errors, so that it can result in errors
in decision-making in some hypothesis tests, for example, a predictor variable has a significant effect when in reality it
has no significant effect [8]. In overcoming the case of overdispersion, several modelling was formed which are a
combination of Poisson distributions with several distributions, both discrete and continuous (mixed Poisson
distribution). Mixed poisson distributions are an alternative solution to overdispersion cases, but only a few distributions
are often used in studies due to their complex calculations. One of them is the Poisson Inverse Gaussian (PIG) distribution
which is a mixed poisson distribution with a random effect that has an Inverse Gaussian distribution. This distribution
was first introduced by Holla in 1966 [10]. The PIG distribution itself is a form of Siche (SI) distribution with two
parameters. SI is referred to as a better model than the negative binomial model, especially for data that is highly
overdispersed and tends to be highly skewed to the right. However, the calculation is more complicated because it has
three parameters on the probability density function. As a form of SI distribution, the PIG distribution is used in
modelling counting data that is right-handed and has a slightly longer tail. The PIG distribution has a closed form of
likelihood function and is easier to calculate, so many studies involving enumeration data use this model [11][12].

Willmot [12] demonstrated the potential of modelling with gaussian inverse poisson regression as an alternative to
negative binomial regression on car insurance claims data. Six sets of car insurance claims data were presented with
characteristics of nearly 80 percent of the data containing zero and resulted in the conclusion that modelling with PIG
regression was a better model than the negative binomial regression model. Another study that uses the PIG regression
model is a study by Shoukri, Asyali and Vandorp [13] which used the model on the number of mastitis cases in dairy cows
in Ontario Canada and came to the conclusion that PIG regression is a better model than the negative binomial regression
model. Furthermore, in some road safety studies such as accident data modelling and motor insurance research, the PIG
regression model is often used as an alternative to the negative binomial regression model [13][14]. Modelling with PIG
regression was also used in the study of Zha, Lord and Zou [15] in the case of the number of motorcycle accidents that
occurred in two different places, namely in Texas and Washington. In the study, the data on the number of right-hand
motorcycle accidents with a slightly long tail and 37 percent of the data contained a zero value. With smaller Akaike
Information Criterion (AIC) and Bayesian Information Criterion (BIC) values, it is shown that modelling with PIG
regression is better for modelling the number of motorcycle accidents in the two places.

The number of cases of infant deaths in an area is a form of enumerated data, so that in the modelling it can use
Poisson regression. However, infant mortality data also have the potential to be over dispersed, so the modelling is not
enough to use Poisson regression. In this study, modelling will be compared using Poisson regression and Gaussian
Inverse Poisson regression to get the best model of the variables that affect the number of infant stills in East Java in 2019.
The data used is secondary data from the health profile of East Java province in 2019.

2. Method Details
2.1. Fish Distribution

The Poisson distribution is a discrete probability function distribution that expresses the number of events that occur
in a given period of time if the average of the events is known and in a time that is mutually free from the last event.
Poisson distributions can also be used for the number of events at a given interval such as distance, area, or volume. The
poisson distribution is a benchmark model for enumeration data [16]. The probability function for Poisson distributed
data depends on a single parameter, i.e. the average () with the probability distribution given by Equation (1).

e M

7,
y!

S = sfory=0,1,2,...and >0 ()

In Poisson distributions, the mean and variance are of the same value and can be written as Equation (2).

E(Y)=var(Y)=p 2
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2.2. Poisson Regression

Poisson regression is a non-linear regression model that is often used to analysed discrete data. Poisson regression
refers to the use of the Poisson distribution [17]. In Poisson regression there is an assumption, namely the Poisson
distributed response variable (y) and there is no multicollinearity among the predictor variables (x) (Hinde in Astuti,

2013). Furthermore, the Poisson regression model with log linkage is given by equation (3).

Yi= ,Ul—eXP(x ,B)—exp(ﬂo+ﬂ1 X+ BoXig .t B, ) 3)

where

¥; : Variable response to- I=1, 2, , ---n.

4; : the average number of events that occurred in a given period of time.
X; :variable predictor ke-i, I=1,2,,---n.

S :parameters in the Poisson regression model.

2.3. Parameter Estimation Poisson Regression Model
Estimation of Poisson regression parameters was carried out using the Maximum Likelihood Estimation (MLE)

method by maximizing the likelihood function of the Poisson regression model [18]. Given the likelihood function of the
Poisson regression model as equation (4).

L(ylﬁ’)=]:[u,-; expii—!ﬂi)

“)
ool
P\ X 7l
Next, the likelihood of equation (4) is obtained.
2017 | [ 228)
y | H; 7!
n " n n (5)
= Zyiifﬁ—Zexp(fciTﬁ) —Zln ;!
i=l1 i=1 i=1
Equation (5) is then derived from and f equalized to zero as equation (6).
Zy,x, B ZeXp(x ﬂ) Zlnyl
aL(r1f) |5 . ©

op op

The results of the parameter estimation produced in equation (6) are not closeform so it is necessary to perform numerical
iterations using Newton-Raphson iteration. The goal of the numerical iteration method is to maximize the function of
probability (Myers, 1990).

2.4. Inverse Gaussian Distribution

The Inverse Gaussian distribution is a continuous distribution with a density function similar to the gamma
distribution but with greater emptiness and sharp tapering. The Gaussian inverse has two parameters and an opportunity
density function that can be written as equations [19].

f(y) _ (27[)/30)70'5 e*(y*ﬂ)z/zy,uz(y2 0 7

where E(Y)=var(Y)=0?4 and o is the dispersion parameter.
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The gaussian inverse is used in conditions with extreme stiffness. The name inverse gaussian itself comes from the
cumulative function which has an inverse relationship with the cumulative function (natural logarithm of the MGF
function) normal distribution/gaussian distribution [20].

2.5. Overdispersion

In poisson regression there is an assumption that must be fulfilled, namely that the mean and variant of the
response variable must be the same (equidispersion). Overdispersion in poisson regression occurs when the variance of
the response variable is greater than the mean. One way that can be done to detect the presence or absence of
overdispersion in the response variable to be studied is with the statistics of the chi-square Pearson t-test show n by
equation (8).

& (y—y)2 s?
i=1 y (n )f ®

The value VT in equation (8) is equal to the variance-to-mean ratio, which is often referred to as the disperse index,
multiplied by n—1, which n is the sample size. If the value of the disperse index is less than 1, it can be said that
underdispersion occurs, on the other hand, overdispersion occurs when the value of the disperse index is more than 1 [7].
The statistical test that can be used to detect overdispersion in a data set is the overdispersion test so in this test the
hypothesis used is.

H,:var(y)=p
H, :var(y)=p +ag(),
where g(.) it is a certain function. In simple terms, if the value a =0 can be said to be equidispersal, on the other hand,

if a >0 it can be said to be overdispersion. The value of the coefficient a can be estimated by Ordinary Least Square
(OLS) regression with a statistical test used as equation (9)

1< —\2
r=22((06-a) -x) ©
i=1
The distribution that is asymptotic to 7' is the standard normal distribution under the zero hypothesis [5].

2.6. Gaussian Inverse Poisson distribution

The Gaussian Inverse Poisson distribution (PIG) is one of the mixed poisson distributions. The shape of the mixed
poisson distribution depends on the distribution of the random effect (v). Suppose (gv) is a function of the probability
density of and v the marginal distribution for Y obtained by the integral vij.

P(Y=y|lu)=f(y|mv)g(v)dv (10)

where, f(y | i,v and (gv) is given in equation (11).

oo ()
!

For the PIG distribution, vin equation (10) is assumed to follow the inverse gaussian distribution and has an opportunity
density function that can be written as equation (11).

0.5 2
g =(2n*) e v (11)
where, 7 =var(v),E(v)=1.
The PIG distribution is denoted by PIG (,7) that given by the equation (12).

1 1

12
(zr)" »! 12

P(ylu,ff):(

T

where
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KS(Z)=Ky1(% (2,ur+1)J,S=y—%,and z= 7%4-27’”
2 \}

K, (z) is the third type of modified Bessel function (Willmott, 1987).
The PIG distribution is determined by two parameters, namely the mean () as the location parameter and the dispersion

parameter () as the shape parameter. ut

2.7. Inverse Gaussian Poisson regression

Inverse Gaussian Poisson regression is a non-linear regression model that is often used as an alternative to Poisson
regression when the assumption of a variance value is greater than the mean value or what is called overdispersion. Given
the Poisson Inverse Gaussian regression model as equation (13) follows (Purnamasari, 2016).

V=M= eXP(JNCiTﬁ) = exp(ﬂo + Bixa + Boxin +-'-+ﬂpxip) (13)

where, y, ~ PIG(y;,7) and ,ul»zexp(fcl-T,l?) or ln(,ui)zfciTﬁ. With )?l-Tz[l X Xy e xl-p] and

- T
ﬂ:[/j’o s B /31)} ,where i=1,2,....n.

With the function of opportunity density as equation (14)

1

- 1
xiTﬂyi T 5 _
P(Y=y|xi,ﬁ,z') = u(ijz (2ex,»rﬂz-+1) 2 Ksi(zi) (14)

;1 T

2.8. Estimation of PIG Regression Parameters

The estimation of PIG regression parameters is carried out using the Maximum Likelihood Estimation (MLE)
method by maximizing the likelihood function of the PIG regression model. Given the likelihood function of the PIG
regression model as equation (15).

1

- n 5 By ¢ 2 % o -
L(y1B.7)=]] %{;} (2e77041) 2 Ky (2) (15)

i=1
Next, the likelihood of the equation (15) is obtained.
1

- n By o 2 % . -
wifo )| [T 2 e e

:Z::yiifﬁ+;—ln(§yi!]—k%ln(%}—%lnr (16)
—i[%jln(Zf{ﬁ+l)+ianﬁ (z)
i=1

i=1

Equation (16) is then derived against # and 7 then equalized to zero as equation (17).

n T n ~T 2 n '
8L<y|ﬁ~) ) a{;)’ixi B gexp(X, 'B) ;my’ !]0 an
opor opor
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The results of the parameter estimation produced in equation (17) are not closeform so it is necessary to perform

numerical iteration using Newton-Raphson iteration. The purpose of the numerical iteration method is to maximize the

probability function [8]. The Newton-Raphson algorithm can be done with the following steps.

1.

Determine the initial estimate of the parameter ﬁ:’(o) using the Ordinary Least Square (OLS) method as equation

(18).

2 -1

Boy=(X'X) X5 (18)
Define the gradient vector & as equation (19).

oL(y|B) aL(v1h) oL(y1B)

5T (B = , - 19
2" (A )( o)1 b, B, B, | (19)
B= (m)
Determine the Hessian matrix H as equation (20).
L(yIB) PL(vIF)  L(yIA)]
obs 0Byop; oByob,
’L(y1B)  L(y|B)
. _ .
H(Fun ) oo os BB, (20)
o o*L(y15)
Simetri —
i P
Enter values :é(o) into vector elements g and matrix H so that obtained g ,[:3(0) and matrix Hﬂ:(o).
Starting from m =0 iteration on equations (21).
Bty = By —H' (5(,”) )g~<ﬁ(m)> 2D

The optimization of the converged parameter is obtained if H B(m+l) - ﬁ("’)” < g, if the convergent estimate has not

been obtained, then step 5 is resumed until the iteration to m=m+1.

2.9. PIG Regression Model Parameter Testing

To determine the suitability of the model formed, it is necessary to test the parameters on the PIG regression model.

Parameter testing is carried out with two events, namely simultaneous and partial parameter testing [13].

1.

Simultaneous parameter testing

The hypotheses used in simultaneous parameter testing are given as follows.
Hy:py=py=..=5 =0

H, :atleastone B, #0with j=12,...,p

The test statistics used are Devian test statistics or commonly referred to as test statistics G formulated by equations
(22).

1]
Q) (22)

where
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InL(2)= iyixlfﬁ+g—1n{iyi !J+g1{%)—gmf—g%ln(zﬂﬁfﬂyianSi (z)

i=1

1 1
-1

L@)=] (L[ ; ];(2(6%)%“)' i @)

7T,

. n n n n n n . n 2)/ 1 X n
InL(w)= E Py +——In E A+=In| —|-=In7, - E ~—1In(28,7,+1)+ E InK; (z
( ) - y;ﬂo TAw (i_l Vi \] 2 (ﬂ'] 2 2] < 4 ( IBO 2] ) < S,-( 1)
This test statistic G follows the Chi-Square distribution, because the test G compares the observed frequency

L(@) with the expected frequency L(f)) [16]. Therefore, it is necessary to approach the Chi-Square distribution

if it is close to infinity, with a free degreenq. H,will be rejected at the level of significance a if the value G > ;(2( giar)

or p—value < a, with the conclusion that there is at least one coefficient . ;i # 0

2. Partial parameter testing
Hypothesis testing is partially performed for both parameters, i.e. and with the hypotheses used in the partial

parameter testing given as follows.3;t

Hy:p;=0and H : B, #0 j=12,..p.

Hy:t=0and H,:7#0.

The test statistics used are t-tests formulated by equations (23) for parameters and parameters.f;7

A

B; T
Lhing = —7 2~ and ¢ iting — 7\ (23)
hitung se(ﬂ_/) e se(z’)

where se(,é ;) is the standard error of ,B ; with, se( ,5’ j> =, lvar( B j) and where se(7) is the standard error of 7

with, se(7)=/var(7) . An area of rejection H is |thl-tung

>t, ey " minus H, if p—value it is less than the
2 (n=p-
2

level of significance.

2.10. Data Source

The data used in this study is secondary data from the health profile of East Java province in 2019. The number of
samples used was 38 districts/cities in East Java province. With 5 predictor variables used. The following is given a

definition of each response variable and predictor.

Table 1. Response Variables and Predictors

Variabel Information
y Total Infant Deaths
X Percentage of Visits by Pregnant Women with K1
X, Percentage of Visits for Pregnant Women with K4
X3 Percentage of Births by Health Workers
Xy Percentage of Pregnant Women Getting Blood Supplement Tablets
(TTD)
Xs Percentage of Obstetric Complications Treated
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2.11. Analysis Steps

The steps to determine the factors that affect the number of infant deaths in East Java Province in 2019 with the

Poisson Inverse Gaussian regression model are as follows.

1. Conduct an examination of multicollinearity cases using the VIF criteria.

2. Perform modeling which includes parameter estimation and testing of significant parameters for Poisson regression
models and Poisson Inverse Gaussian regression.

3. Perform an overdispersion test
Modeling using Poisson Inverse Gaussian regression which includes parameter estimation and hypothesis testing
simultaneously and partially.

5. Compare AIC values to find the best model.

6. Interpret the obtained Poisson Inverse Gaussian regression model.

7.  Draw conclusions from the results of the analysis.

3. Results and Discussion

Poisson Inverse Gaussian regression (PIG) is a regression that can be applied to data count that is overdispersed. In
this study, PIG regression modelling was applied to data on the number of infant deaths in East Java province in 2019.
Before performing PIG regression modelling, it is necessary to perform a multicollinearity test. The multicollinearity test
aims to find out whether the predictor variables are linearly related to each other (collinearity). The criteria used to check
the collinearity between the predictor variables is by looking at the value of the Variance Inflation Factors (VIF) in the
predictor variables. The following are the VIF values for each predictor variable.

Table 2. VIF value.

VIF Value
2.619 2.526 2.910 1.601 1.925

The VIF value of each predictor variable in Table 2 shows that the value is less than 10, so that there is no collinearity
between the predictor variables. Because there is no collinearity between predictor variables, predictor variables can be
included in the model.

3.1. Estimation of Poisson Regression Model Parameters and Inverse Gaussian Poisson Regression

In this study, data on the number of infant deaths in East Java province in 2019 will be modeled using two methods,
namely Poisson regression as a comparison when cases of overdispersion are ignored and PIG regression for cases of
overdispersion. Based on the results of the data analysis that has been carried out, the following are the estimated results
for each model shown by Table 3 and Table 4.

Table 3. Parameter Estimation in a Poisson Regression Model

Parameter Parameter Values Standard Error Value t P-Value Results
ﬁo 2.267 0.456 4.575 0.000 Signifikan
Bl 0.019 0.007 2.696 0.007 Signifikan
B, -0.061 0.005 -12.541 0.000 Signifikan
IBA3 0.048 0.007 6.714 0.000 Signifikan
IBA4 0.007 0.003 1.995 0.046 Signifikan
ﬂAS 0.004 0.002 2.549 0.011 Signifikan
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Table 4. Parameter Estimation in the PIG Regression Model

Parameter Parameter Values Standard Error Value t P-Value Results
B 2451 3.014 0.813 0.422 Insignificant
,él 0.049 0.042 1.164 0.253 Insignificant
ﬁAz -0.078 0.029 -2.704 0.011 Signifikan
[;’3 0.045 0.043 1.030 0.311 Insignificant
ﬁA4 -0.002 0.017 -0.103 0.919 Insignificant
[;’5 -0.001 0.009 -0.109 0.914 Insignificant
7 -0.741 0.281 -2.636 0.013 Signifikan

Based on the results of parameter estimation obtained in Table 3 and Table 4, the results of the model estimation for the
poisson regression model and PIG regression are obtained as equations (24) and (25).

= exp(2.267+0.019x, —0.061x, +0.048x; +0.007x, +0.004x; ) (24)
= exp(2.451+0.049x, —0.078x, +0.045x; —0.002x, —0.001x;5) (25)

The AIC value generated for the poisson regression model was 1050 while the AIC value generated for the PIG regression
model was 401.68. The best model obtained when viewed from the smallest AIC value is the PIG regression model, but in
the PIG regression model the significant parameters are only 2 parameters. Meanwhile, in the poisson regression model,
all parameters in the model are significant. In this study, the model to be chosen is the model with the smallest AIC value,
namely the PIG regression model.

3.2. Overdispersion Case Examination

An examination of overdispersion cases was carried out to see whether the data on the number of infant deaths in
East Java province in 2019 was overdispersed or not. The following are given hypotheses and test statistics used.

H, :var(y)=u
H, :var(y)=p+ag().

Table 5. Overdispersion Test

Value o Value z p-value VT
35.73 2.53 0.006 1395.751

By using the AER package in the R software, a value « =35,73 with a p-value of 0.006 is obtained less than the 5%
significance level so that it H|, is rejected. It can be concluded that there is an overdispersion in the data on the number

of infant deaths in East Java province in 2019. In another way, it is to look at the VT value obtained based on equation (8)
which is greater than 1. So that the right method to model the number of infant deaths in East Java province in 2019 is
Poisson Inverse Gaussian regression (PIG).

3.3. PIG Regression Model Parameter Estimation

Furthermore, parameter estimation will be carried out using the backward method for the PIG regression model to
obtain the best model results. The following are some possible results of the model in PIG regression shown by Table 6.

Table 6. Estimation of Probability Parameters in the PIG Regression Model

Model Variilﬁ)e;;n the ,éo /3'1 ﬁz ﬁs ﬁ4 /35 z
M, x| Xy, X3, Xy, Xs 2451 0049  -0.078 0.045 -0.002 -0.001 -0.741
M, Xy, X3, Xy, X 400.208 - -0.083 0.076 0.000 0.003 -0.704
M, Xp X3, Xy, Xs 0.676 0.051 - -0.008 -0.022 0.013 -0.514
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Model Vari;l;i:e;;n the ,[;,o ﬁ] /;'2 l[}z [;’4 ﬁs z
M, X5 Xy, Xy X5 2.903 0.073 -0.066 - 0.000 -0.000 -0.697
M5 Xp> Xy, X3, X5 2.774 0.044 -0.084 0.050 - -0.001 -0.733
M, Xp Xy, Xy, Xy 2.475 0.047  -0.076 0.044 -0.002 - -0.741
M, Xp5 Xy 5 X3 2.747 0.042  -0.081 0.049 - - -0.735
Mg X5 X, 2.965 0073  -0.065 - - - -0.697

Based on the results of parameter estimation in Table 6, PIG regression model estimates were obtained for several
of them.

M, = § = exp(2.45140.049x, —0.078x, +0.045x; —0.002x, — 0.001x5) ,

M,=p= exp(400.208 +—0.083x, +0.076x; —0.000x, —0.003x; ) ,
M;=p= exp(0.676 +0.051x; —0.008x; —0.022x, —0.013x; ) ,
M,=p= exp(2.903 +0.073x; —0.066x, +0.000x, —0.000x; ) ,

M = § = exp(2.774+0.044x, —0.084x, +0.050x, —0.001x; ),

M = = exp(2.475+0.047x, —0.076x, +0.044x; —0.002x, ),

M, = = exp(2.747 +0.042x, —0.081x, +0.049x, ),

Mg = J =exp(2.965+0.073x; —0.065x, ) .

3.4. Simultaneous Parameter Testing

Simultaneous parameter testing is performed for each of the possible models in PIG regression. The following is
given the test statistical value G as equation (22) shown by Table 7, it can be seen that the test statistical value G for each

model, be it a model M;, M, until the model Mg produces a test statistical value G that is greater than the value z.,,;
, s0 that a rejection decision can be taken H|, Because H), then it can be concluded that all parameters are simultaneously

significant for all possible models in PIG regression.

Table 7. Simultaneous Parameter Testing

Model Variables in the Statistical Value Free Valeue Results
Model G Degrees K Tabel
M, X1 Xy X3, Xy, X5 389.67 32 46.194 Less H,
M, Xy, X3, Xy, X5 390.85 33 47.400 Less H,
M, X| 5 X35 Xy 5 X 396.87 33 47.400 Less H,,
M, X) 5 Xy 5 Xy 5 X 390.86 33 47.400 Less H,,
M; X[ Xy 5 X35 Xs 389.68 33 47.400 Less H,
M Xp» Xy X3, Xy 389.68 33 47.400 Less H,,
M, X5 Xy, X 389.70 34 48.602 Less H,
Mg X5 Xy 390.86 35 49.802 Less H,

3.5. Partial Parameter Testing and Best Model Selection

To see the influence of each parameter on the PIG regression model, a partial parameter test was performed. Partial
parameter testing is only given for PIG regression models that have the smallest AIC values. The smallest AIC value for
each of the possible models in the PIG regression is given by the following Table 8.
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Table 8. AIC Values for Each Model

Model Variables in the Model AIC Value
M, X115 Xy, X3, X, X5 403.67
M, Xy, X3, X4, X5 402.85
M; Xi> X3, Xy, X5 408.87
M, X5 Xy 5 Xy 5 Xs 402.86
M; Xi> Xy, X3, X 401.68
Mg Xi> Xy, X3, Xy 401.68
M, Xi» Xy, X3 399.70
M, X5 Xy 398.86

In this study, the best model chosen was the model with the smallest AIC value. Based on Table 8, the model with the
smallest AIC value is the one Mg with an AIC value, which is 398.86, so the best model chosen is the Mgmodel.
Furthermore, the testing parameters are partially H, : 7 =0to Mgbe provided by Table 9 with the test hypothesis given
as follows.

Hypotheses for model parameters.

H,:5 =0

H :f#0with I=12,.. k.

Hypotheses for dispersion parameters.

H :t#0.

Table 9. Partial Parameter Testing Mg

Parameter Parameter Standard Error Value t P-Value Results
Values
,80 2.965 3.065 0.967 0.340 Failed to Reject HO
181 0.073 0.028 2.555 0.015 Subtract HO
Bz -0.065 0.019 -3.517 0.001 Subtract HO
T -0.697 0.282 -2.469 0.019 Subtract HO

By looking at the p-value in Table 9 above, it can be seen that the p-value for the parameter , and /3, less than the
significance value of 5% = 0.05 which means that variable x; and x, significant affect the number of infant deaths in East

Java Province in 2019. Likewise, it is significant that the data on the number of infant deaths in East Java province in 2019
contains overdispersion, so the appropriate method for modelling the case is PIG regression.?

3.6. Model Interpretation

The interpretation of the PIG regression model was carried out by looking at each coefficient in the model that has
the smallest AIC value, namely the M8 model given by the following equation (26).

Mg = J = exp(2.965+0.073x, —0.065x, ) (26)

Based on the model in equation (27) above, it is possible to interpret each variable by calculating exp( B j) ,j=12the
value of. For the variable Percentage of Visits of Pregnant Women with K, (x) a significant value
exp ( ,él ) = exp(0.073) =1.076 that for an increase of one percent of the variable of the Percentage of Visits of Pregnant

Women will K, (x,) increase the number of infant deaths in East Java province in 2019. This is inversely proportional to
the actual theory that the risk of infant mortality should decrease if the percentage of visits by pregnant women is K, ()

higher. However, for the variable Percentage of Visits of Pregnant Women with K,(x,) a  value
exp( B ) =exp(0.065)=1.067 and a coefficient of negative value, which means that every one percent increase in the

Percentage of Visits of Pregnant Women will K, (x,) reduce the number of infant deaths in East Java Province in 2019.
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4. Conclusion

Based on the analysis of the data that has been carried out, it can be concluded that the PIG regression model
provides better model results than the Poisson regression model in overcoming data that have cases of overdispersion by
looking at the smallest AIC value. Furthermore, of the several possible PIG regression models that are formed, the best
model obtained is the one with the smallest AIC value, i.e. the Mg With the predictor variables in the M8 model are the

Percentage of Visits of Pregnant Women with K, (x;) and the Percentage of Visits of Pregnant Women with K, (x,).
Based on the model Mg, it can be concluded that the risk of infant mortality in East Java province in 2019 will increase if
pregnant women's visits are only carried out, K, while if pregnant women's visits are also carried out K, , it will reduce

the risk of infant deaths in East Java province in 2019.
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