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Abstract. Binomial negative regression is able to handle poisson
regression problem with underdispersion assumption. When the data
has hierarchy and level that need to be calculated, regression is no
longer appropriate to solve this problem, therefore binomial negative
regression is used. To solve multilevel binomial negative regression
modeling, several steps need to be fulfill: poisson assumption test and
underdispersion assumption test, parameter estimation with
expectation-maximization  algorithm, variance  components
estimation, feasibility test with likelihood ratio test, significance
parameter test with wald test and determining the best model. This
research modeled the numbers of neonatal death in district as cluster
1 and small public health center as cluster 2, in the correlation with
the number of visit on trimester 1 and 3, number of pregnant mother
who have Tetanus Diphtheria vaccination, assumed number of
neonatal babies with complication disease, numbers of babies who got
Hepatitis B vaccination less than 24 hour, numbers of babies who got
BCG vaccination and also number of visit neonatal 1 and 3. The result
shows that number of neonatal death is only affected by number of
babies who had Hepatitis B vaccination less than 24 hour.
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1. Introduction

Regression is one of statistical analysis that aim to understand how much the relationship and the
effect of independent variable against dependent variable. Normally in regression analysis, the scale
of dependent variable data is continuous variable, but not all event are continuous scale data, they
could be also in the form of discrete data [1-2]. For discrete scale data, one of regression analysis that
we can use is Poisson regression. Poisson regression is one of regression that didn’t required normal
distribution data, it only required that the data is poisson distributed. When the data is not able to
fulfil the assumption variant equal to mean, that mean that this regression is not appropriate on
modeling the problem [3-5].

One of the appropriate regression to model this problem is binomial negative regression. This
regression can solve problem with variance is smaller than mean data, or what is known as
underdispersion [6-13]. And also, when the data has hierarchy and has clusters that need to be
considered during analyzing, the regression need to be reconsidered therefore the best result for the
model could be achieved. Multilevel model is the best solution for this kind of problem [14].

A study used zero inflated negative binomial regression to see the effect of metal exposure on
Charlson’s comorbidity. It was found that cadmium and manganese affect the increase in death, while
selenium and lead are good for health [15]. Then, other research regarding neonatal death resulting
a binomial negative regression model, which is not good enough to use. One of the parameter that
assumed to affect that result is cluster, which is need to be considered [16].

On that research, there are data from district and small public health center that is not considered
on the research. In order to try to improve the research, in this research we try to reconsider the effect
of both cluster using multilevel modeling. This research is important in order to minimize or even
dismissed neonatal death by determining the factors that cause the death.

2. Method
Multilevel modelling for two level on binomial negative regression is defined as followed [17]

P(Yi) = exp(Boj + Bujxuij + - + Byjxpij) + &

In binomial negative distribution, correlation function that being used is log link in the form of
log(u;) = XTB. To estimate the parameter, penalized log-likelihood approach was done, which is
noted by [ = [; + [, with [; is log-likelihood fixed effect function and [, is log-likelihood from random
effect function. Negative value of [, could be seen from penalty function for random effect if random
effect is assumed as parameters:

ly = Xy, =0log (exp(ijg::(x;f)_t”)> + 2yj>0 Vij log(t:)
+ Xyi>0 Yij log(1 +ry;;) — Lyij>0 log(1+7ry;;) — Lyi;>0 log(vi;!)
- Zyij>0 tl](l + ryij) - Zyij>0 lOg(l + exp(glj))

L, =— % [mlog(2ma?) + o *u"u + nlog(2ma?) + +o, 2vTv]

—%[m log(2ma2) + 0,,2wTw + nlog(2mo?2) + a5 257 s]
With
_ eXP(Th'j)

bk 1+ rexp(nij)

Estimation by maximizing l,, using variant component fixed in current value, later on, updating
value is achieved by using restricted maximum likelihood estimation through inclusion from [,.
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Algorithm expectation-maximization (EM) is used to make sure conversion and stabilization on

parameter and random effect [; estimation. Algorithm EM is done by processing:

@

a. Changing z;;;, with conditional expectation z;7, where g notating iteration-g under current value

ijk>
from estimation @9, w9, §(9), 3(9) 19 dan $9) (as step E):
1
@ _ T ~ ~(@ |, @ 2@’ Y
z;i” ={1+exp (— (aija(g) + W% + 3 ) —t;; )
0; lfyU > 1

were
exp (xiTj[A?(g) + ﬁgg) + ﬁi(]‘-g))

Y 14rexp (xiij;(g) + ﬁlﬁg) + 13L_(]g))

f(g) _

b. With z; fix on Zi(]‘.gk)

and {BW*D, 4W+D, $@*D} using two set of recursive equation where partition orthogonal I, =
l; + l77'

and maximizing I and [, separately (as step M) to {@ 9+, w(g+1D) gg+1)}

Next estimation of the component is done by:

1. Estimation of variant from random effect need calculation from information matrix. Information
matrix achieved by:

o 0 0 o 0 0
IO 0 ln 2 0 8 8 I
~ _ 0 0 oL, 0
Sa,w,s,Buv = H+ lo 0 SO " 0 0 0 |
lo 0 0 0 0,2, 0 |
lo 0 o 0 0 o5 1,]
with
47 0]
|Rh O |1p(_ 9% __oi
g |RT 0T|E( 3€6€T) E( asanT) [A Ry, Ry 0 O 0]
_l 0 XTl E(_ azl) E( 321) 0 0 0 X Ry, Ry
lo Rul agonT anon”
l 0 RZ;J

2. Square root of diagonal element V;; and V,, is a standard error from regression coefficient a and
B.

3. Variant asymptotic from estimator in variant component is achieved by inversion of information
matrix restricted maximum likelihood as follow
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The following are the stages of the research presented in the flowchart in Figure 1:

Data

y

Assumption Check

Parameter Estimation

4
Model Feasibility Test

Parameter Significance Test

Selection of the Best Models

Figure 1. Flowchart of research

3. Results and Discussion

This study used secondary data obtained from the Jambi City Health Office. The research variables
used were the numbers of neonatal death as a response variable (Y) and as a predictor variable, namely
the number of visit on trimester 1 (X;) and 3 (X;), number of pregnant mother who have Tetanus
Diphtheria vaccination (X3), assumed number of neonatal babies with complication disease (X,),
numbers of babies who got Hepatitis B vaccination less than 24 hour (Xs), numbers of babies who got
BCG vaccination (Xg) and also number of visit neonatal 1 (X-) and 3 (Xg).

As cluster one is the district and cluster two is the public health center. Then it is tested whether
the assumptions fulfill, namely the assumptions of a Poisson distribution. This research shows that
variable dependent is Poisson distributed can be proved from Asymp.Sig. (2-tailed) result which is
1.000 which indicate that the data is Poisson distributed and variant is 0.197 and mean is 0.25. This
is indicated that variant is smaller than mean or in other word the data is underdispersion [18-24].
Next, by using parameter estimation, multilevel model is achieved as:

P(Y;;) = exp(Bo + Brx1ij + Baxaij + Baxaij + Paxaij + Bsxsij + Bexsij + BrXsij + PeXsij)

With estimation result as follow:
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Table 1. Parameter estimation for early model

Parameters Estimations P-Value

Bo -3.798646 0.046
B1 0.005321 0.808
B2 0.001793 0.945
Bs 0.002735 0.778
Ba -1.635887 0.418
Bs 0.007468 0.667
Be -0.000362 0.982
B 0.229368 0.420
Bs 0.004048 0.641

a? (Public health center) 1.69¢e-07

a? (District) 8.991e-07

It can be seen that there is no significant variable. This is proved by likelihood ratio test resulting
log-likelihood is -9.16631 which mean model is well fit to be used. Next significant parameter test
shows that only parameter [, is significant. It is needed a better model by extracting unsignificant
variable one by one. Parameter estimation for final model is shown as follow:

Table 2. Parameter Estimation for Final Model

Parameters Estimations P-Value
Bo -4.06859 0.018
Bs 0.00386 0.064
o? (Public health center) 3.645e-06
a? (district) 1.135e-07

Resulting multilevel model as follow:
P(Y;;) = exp(—4.06859 + 0.00386xs;;)

It can be seen that there are significant variable using 10% error. It also can be proved by
likelihood ratio test resulting log-likelihood is 9.98621 which mean that the model can be used. Next
by using parameter significant test it can be seen that only parameter S, and parameter fBs are
significant. Multilevel model resulting the probability of neonatal death in Jambi is 0.0171 and also if
the baby got Hepatitis B vaccination less than 24 hours, then the probability of neonatal death is equal
to 0.00172 or less than 1% by considering public health center and district as level.

4. Conclusion

Although the chance of neonatal death is small, namely 1%, it is necessary to take into account the
feasibility of the public health center and existing facilities in each district. Also, to parents of babies
to always supervise the administration of vaccinations, especially newborns who need several types of
vaccinations that are less than 24 hours, in this study especially the administration of the Hepatitis B
vaccination.
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