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LAMPIRAN



Lampiran 1. Data Jumlah Kematian Neonatal
Mempengaruhi di Kota Makassar Provinsi Sulawesi Selatan Tahun 2018
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dan Faktor-Faktor yang

No. Kecamatan Puskesmas y X1 X2 X3
. Pattingalloang 3 33 143 323

1 Ujung Tanah Tabaringan 1 9 281 240
Jumpandang Baru 0 23 100 415

2 Tallo Rappokalling 3 49 433 694
Kaluku Bodoa 0 72 656 1275

Layang 0 12 1081 429

3 Bontoala Malimongan Baru 0 0 165 391
i Rtarakan 1 1 72 258

4 Wajo Andalas 0 4 | 59 | 237
5 Ujung Pandang | Makkasau 0 11 448 487
Bara-Baraya 1 39 463 664

6 Makassar Maccini Sawah 0 9 699 416
Maradekaya 0 18 534 328

. Mamajang 0 23 276 354

! Mamajang Cendrawasih 0 0 120 664
Dahlia 0 34 234 317

8 Mariso Pertiwi 0 2 114 287
Panambungan 1 4 41 325
Tamalate 0 22 384 | 1008

Jongaya 1 10 288 736

9 Tamalate Barombong 0 9 953 215
Maccini Sombala 0 30 389 551
Kassi-Kassi 3 0 176 | 1487

- Mangasa 3 25 159 860

10 Rappoccin Minasa Upa 0 12 511 534
Ballaparang 0 19 165 575

Toddopuli 0 2 224 282

Pampang 1 31 1597 741

1 Panakkukang Tamamaung 0 13 235 913
Karuwisi 1 14 294 323

Antang 4 31 1111 554

Batua 2 31 1154 | 921

12 Manggala Antang Perumnas 6 17 180 335
Tamangapa 2 26 239 229

Bangkala 0 45 442 499
Sudiang 0 27 907 1168

. Bulurokeng 3 17 127 283
13 | Biringkanaya - o g Raya 1 14 | 768 | 1183
Paccerekang 0 6 754 937
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Lampiran 1. Data Jumlah Kematian Neonatal dan Faktor-Faktor yang
Mempengaruhi di Kota Makassar Provinsi Sulawesi Selatan Tahun 2018 (Lanjutan)

1 107 160
0 43 75

Kepulauan Barrang Lompo

15 Sangkarrang | Pulau Kodingareng

Tamalanrea 0 27 1362 594
Tamalanrea Raya 0 16 152 276
14 Tamalanrea Bira 2 21 157 354
Antara 0 12 57 329
Kapasa 0 13 262 309
0
0
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Lampiran 2. Hasil Output untuk Uji Kecocokan Distribusi Poisson

One-Sample Kolmogorov-Smirnov Test

Y

N 46
Poisson Parameteras? Mean .85
Most Extreme Absolute .180
Differences Positive .180

Negative -.098
Kolmogorov-Smirnov Z 1.223
Asymp. Sig. (2-tailed) .100

a.

b.

Test distribution is Poisson.

Calculated from data.
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Lampiran 3. Hasil Output sintaks RStudio untuk Uji Overdispersi

#UJji Overdispersi

> data jumlah kematian <- read.csv("C:/Users/Ainul/Documents/Otw
Skripsi/Dataku3v.CSV")

>y <- data jumlah kematian$JUMLAH.KEMATIAN.NEONATAL

> x1 <- data_jumlah kematian$BBLR

> x2 <- data_jumlah kematian$ASI.EKSKLUSIF

> x3 <- data_jumlah kematian$KN.LENGKAP

> reg po <- glm(y~x1+x2+x3,family=poisson,data=data jumlah kematian)
> D <- reg poS$deviance;D

[

>

[

>

[

1] 82.60605

db <- reg po$df.residual;db

1] 42

Psi <- D/db;Psi #Overdispersi jika Psi > 1
1] 1.966811
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Lampiran 4. Hasil Output untuk Estimasi Parameter

# 1 Estimasi Parameter Beta

> H beta
> H beta

(Intercept)
(Intercept) -17.09355
x1 -327.09119
X2
x3
> beta
> rownames (beta)

Estimate

intercept -1.1709260209 0
x1 0.0458372747 0
X2 -0.0008576366 0
%3 0.0008724980 0
k 0.2518699267 0

x1
-327.0912
-8789.2672

-6753.31721 -161251.1470
-9180.20974 -175103.6760
<- summary model$coefficients$count
<- c('intercept',

Std. Error

.6232627693
.0223409063
.0007562990
.0008216357
.5419070081

# 2 Estimasi Paramter Gamma

> H gamma
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<- summary modelSoptim$hessian([l:p,1l:p]

X2 x3

-6753.317 -9180.21
-161251.147 -175103.68
-5050018.364 -4239013.15
-4239013.148 -6628255.12

summary model$optim$hessian[ (p+1): (p*2), (p+1l): (p*2)]

> H gamma

(Intercept)
(Intercept) -0.001379674
x1 -0.075276285
X2 -0.699320947
%3 -1.487239509

gammal
Estimate
Std.Error

>

> <- gammall[, 1]
>

> gamma

>

>

<- gammal [, 2]

colnames (gamma)

gamma

Estimate
(Intercept) -30.413852757
x1 0.343750371
X2 -0.009872074
x3 0.015348068

-42.
-82.

x1
07527628
56708258
03271657
93293763

-0.
-4.

Std.Erro
104.8348588
0.1734090
0.0136299
0.0483173

-0.
-42.
-386.
-784.

<- cbind (Estimate, Std.Error)
<- c('Estimate','

r
4
6
0
8

X2
6993209 -1.
0327166 -82.
1296045 -784.

8054816 -1791.
<- summary model$coefficients$zero

Std.Error')

'x1','x2','x3"','k") ;beta

x3
48724
93294
80548
07903
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Lampiran 5. Hasil Output untuk Uji Serentak Parameter Model

vV V V V \

— VvV VvV V V

#Uj1i Serentak

#Likelihood tanpa variable prediktor

1 omegal <- log(prod((exp(gamma[1l,1]))"z* (1/ (1+exp(gammal[l,1])))
* ((gamma (y+ (1/k)) / (gamma (1/k) *factorial (y))) * (1/ (1+

k*exp (beta[l,1]1))) " (1/k)* (k*exp (betall,1])/ (1+k*exp
(betall,11)))"y) " (1-2)))
#Likelihood dengan variable prediktor
11 <- (exp(x mat%*%gamma mat)) "z
12 <= (1/(l+exp(x_mat%*%gamma mat)))
13 <- ((gamma (y+(1/k))/ (gamma (1/k) *factorial(y)))* (1/ (1+k*exp (x_
mat%*%beta_mat)))A(l/k)*(k*exp(x_mat%*%beta_mat)/(1+k*exp
(x_mat%*sbeta mat)))"y) " (1-2z)

14 <- 11*12*13

1 omega2 <- log(prod(1l4))

G <- -2* (1 omegal - 1 omegaZ2)

G # jika nilai G > chi-square table maka tolak HO

11 43.25017
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Lampiran 6. Hasil Output untuk Uji Parsial Parameter Model

> #Uji Parsial Parameter Beta
> beta est <- betall:4,1]
> beta_ se <- betal[l:4,2]
> beta wald <- (beta est/beta se)”2
> beta parsial test <- cbind(beta est,beta se,beta wald)
> beta parsial test

beta est beta se beta wald
intercept -1.1709260209 0.6232627693 3.529527
x1 0.0458372747 0.0223409063 4.209553
x2 -0.0008576366 0.0007562990 1.285937
x3 0.0008724980 0.0008216357 1.127639
> #Uji Parsial Parameter Gamma
> gamma_est <- gammal[,1]
> gamma_se <- gammal[, 2]
> gamma_ wald <- (gamma_est/gamma se) "2
>
>

gamma_parsial test
gamma_est
(Intercept) -30.413852757

x1 0.343750371
%2 -0.009872074
%3 0.015348068
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gamma_parsial test <- cbind(gamma est,gamma_ se,gamma wald)

gamma_se gamma_ wald
104.83485884 0.08416498

0.17340906 3.92954955
0.01362990 0.52460389
0.04831738 0.10090221
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Lampiran 7. Hasil Output untuk Nilai AIC Model Regresi Binomial Negatif dan

ZINB
#Pemilihan Model Terbaik

> #Nilai AIC untuk Binomial Negatif

> BN <- glm.nb (y~x1+x2+x3)
> AIC BN <- BNSaic

> AIC_BN

[1] 123.2228

> #Nilai AIC untuk ZINB

> AIC ZINB <- 2*(p+l) - 2*(summary model$loglik)
> AIC ZINB

[1] 119.6187
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