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Lampiran 1. Data Penelitian
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Kabupaten/Kota Y X1 X, X3 X, X5 Xe

Selayar 5 68,63 | 72,32 104 86,66 80 229
Bulukumba 45 73,31 98,8 888 94,81 168 550
Bantaeng 15 98,13 | 96,48 130 100 229 110
Jeneponto 51 74,58 | 73,86 226 94,17 399 364
Takalar 25 94,48 | 94,48 71 100 435 507
Gowa 39 93,29 | 87,97 315 97,9 898 1173
Sinjai 38 87,78 45,9 195 90,1 153 360
Maros 20 91,59 | 91,59 282 86,34 408 806
Pangkep 41 89,09 | 88,63 261 88,94 390 442
Barru 3 91,98 | 97,59 158 87,27 191 316
Bone 52 94,12 85,1 410 93 308 1239
Soppeng 22 77,03 | 77,03 213 90,47 203 216
Wajo 25 91,89 | 91,89 377 93,09 357 579
Sidrap 19 84,56 | 88,85 313 82,63 245 333
Pinrang 24 98,43 | 98,39 329 95,35 571 865
Enrekang 11 53,67 | 54,94 158 92,15 137 217
Luwu 31 78,17 | 78,33 163 92,1 410 495
Tana Toraja 11 84,91 | 84,91 65 63,63 97 87

Luwu Utara 32 82,18 | 75,71 209 95,55 409 251
Luwu Timur 32 88,34 | 88,34 312 92,53 348 412
Toraja Utara 14 71,61 | 63,36 148 87,16 302 221
Makassar 35 92,38 | 92,22 781 70,87 2812 3387
Pare-Pare 4 68,16 | 67,09 128 81,48 86 249
Palopo 8 86,40 86,4 117 84,91 179 305

Keterangan:

Y =Jumlah Kematian Neonatus

X, = Persentase Cakupan Pelayanan K4 pada Ibu Hamil
X, = Persentase Ibu Hamil yang Mendapatkan TTD

X5 = Jumlah Bayi dengan Berat Badan Lahir Rendah

X, = Persentase Bayi Baru Lahir yang Mendapatkan IMD

X5 = Jumlah Cakupan Imunisasi Td2+ pada Ibu Hamil
X = Jumlah Cakupan Komplikasi Neonatus yang Ditangani
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Lampiran 2. Hasil Output untuk Uji Kolmogorov-Smirnov

> ks.test(y,"ppois",lambda=25,alternative="two.sided")
Asymptotic one-sample Kolmogorov-Smirnov test

data:

y
D = 0.3166, p-value = 0.01628
alternative hypothesis: two-sided
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Lampiran 3. Koefisien Determinasi antara Variabel Y dan X

> summary(Estimasil) #RA2=1-(Residualbeviance/NullDeviance)=0.058

call:
glm(formula = y ~ x1, family = poisson(), data = dataql)

Coefficients:
Estimate Std. Error z value Pr(>|z])
(Intercept) 2.041150 0.344372 5.927 3.08e-09 *%*%*
0.013937 0.003999  3.485 0.000492 =#*=*
Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.” 0.1 “ ’ 1
(Dispersion parameter for poisson family taken to be 1)
Null deviance: 217.01 on 23 degrees of freedom
Residual deviance: 204.26 on 22 degrees of freedom
AIC: 324.25
Number of Fisher Scoring iterations: 5
> summary(Estimasi2) #RA2=1-(Residualbeviance/NullbDeviance)=0.006

Call:
glm(formula = y ~ x2, family = poisson(), data = dataq2)

Coefficients:
Estimate Std. Error z value Pr(>|z|)
(Intercept) 2.916953 0.257594 11.324 <2e-16 ***
0.003685 0.003058  1.205 0.228
Signif. codes: 0 ‘***’ 0.001 “**’ 0.01 ‘*’ 0.05 “.” 0.1 “ * 1
(Dispersion parameter for poisson family taken to be 1)
Null deviance: 217.01 on 23 degrees of freedom
Residual deviance: 215.54 on 22 degrees of freedom
AIC: 335.53
Number of Fisher Scoring iterations: 5
> summary(Estimasi3) #RA2=1-(Residualbeviance/NullDeviance)=0.234

call:
glm(formula = y ~ x3, family = poisson(), data = dataq3)

Coefficients:
Estimate Std. Error z value Pr(>|z]|)
(Intercept) 2.8516496 0.0677304 42.103 < 2e-16 **
0.0012636 0.0001657 7.626 2.42e-14 ***

Signif. codes: 0 ‘***’ 0,001 ‘**’ 0.01 ‘*’ 0.05 “.” 0.1 “ * 1
(Dispersion parameter for poisson family taken to be 1)
Null deviance: 217.01 on 23 degrees of freedom

Residual deviance: 166.46 on 22 degrees of freedom
AIC: 286.45

i ; bf Fisher Scoring iterations: 5
im 2
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Lampiran 3. Koefisien Determinasi antara Variabel Y dan X (lanjutan)
> summary(Estimasi4) #RA2=1-(Residualbeviance/Nullbeviance)=0.119

call:
glm(formula = y ~ x4, family = poisson(), data = dataq4)

Coefficients:
Estimate Std. Error z value Pr(>|z|)
(Intercept) 0.703247 0.528725 1.330 0.183
0.027967 0.005803 4.819 1.44e-06 ***

Signif. codes: 0 ‘***’ (0.001 ‘**’ 0.01 ‘*’ 0.05 “.” 0.1 “ ’ 1
(Dispersion parameter for poisson family taken to be 1)
Null deviance: 217.01 on 23 degrees of freedom
Residual deviance: 191.13 on 22 degrees of freedom
AIC: 311.12
Number of Fisher Scoring iterations: 5

> summary(Estimasi5) #RA2=1-(Residualbeviance/Nullbeviance)=0.065

Call:
glm(formula = y ~ x5, family = poisson(), data = dataq5)

Coefficients:
Estimate Sstd. Error z value Pr(>|z]|)
(Intercept) 3.112e+00 5.054e-02 61.576 < 2e-16 ***
2.442e-04 6.001e-05 4.069 4.71e-05 ***

Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 “.” 0.1 * * 1
(Dispersion parameter for poisson family taken to be 1)
Null deviance: 217.01 on 23 degrees of freedom
Residual deviance: 202.83 on 22 degrees of freedom
AIC: 322.83
Number of Fisher Scoring iterations: 5
> summary(Estimasi6) #RA2=1-(Residualbeviance/NullbDeviance)=0.105

call:
glm(formula = y ~ x6, family = poisson(), data = dataqg6)

Coefficients:
Estimate Std. Error z value Pr(>|z|)
(Intercept) 3.064e+00 5.302e-02 57.801 < 2e-16 ***
2.480e-04 4.757e-05 5.214 1.85e-07 *¥*

Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.” 0.1 “ ’ 1
(Dispersion parameter for poisson family taken to be 1)
Null deviance: 217.01 on 23 degrees of freedom

Residual deviance: 194.03 on 22 degrees of freedom
AIC: 314.02

—_— bf Fisher Scoring iterations: 5
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Lampiran 4. Hasil Output untuk Algoritma Full Search

> carioptimal(y,x1)
Masukkan batas bawah Tlambda:0
Masukkan batas atas Tambda:1000
Masukkan niTlai increment lambda:0.1
orde Jumlah Knot Lambda GCV

1 3 1000 230.7034

> carioptimal(y,x2)
Masukkan batas bawah lambda:0
Masukkan batas atas Tambda:1000
Masukkan niTlai increment lambda:0.1
orde Jumlah Knot Lambda GCV

1 1 1000 244.1546

> carioptimal(y,x3)
Masukkan batas bawah lambda:O
Masukkan batas atas lambda:1000
Masukkan nilai increment lambda:0.1
orde Jumlah Knot Lambda GCV

1 1 304.6 145.9691

> carioptimal(y,x4)
Masukkan batas bawah lambda:0
Masukkan batas atas Tambda:1000
Masukkan niTlai increment lambda:0.1
orde Jumlah Knot Lambda GCV

1 3 0.3 173.6676

> carioptimal(y,x5)
Masukkan batas bawah Tlambda:0
Masukkan batas atas Tambda:1000
Masukkan niTlai increment lambda:0.1
orde Jumlah Knot Lambda GCV

1 1 796.3 179.2384

> carioptimal(y,x6)
Masukkan batas bawah lambda:O
Masukkan batas atas Tambda:1000
Masukkan nilai increment lambda:0.1
orde Jumlah Knot Lambda GCV

1 1 825.8 168.409
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Lampiran 5. GCV Minimum untuk X;
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Orde (q)

Jumlah Knot (k)

GCV

1

230,761

230,733

230,703

230,730

249,826

255,573

258,464

N N DN N | P -

Al W N PR W N

259,145
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Lampiran 6. GCV Minimum untuk X,
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Orde (q)

Jumlah Knot (k)

GCV

1

244,154

244,387

244,512

244,621

269,860

261,122

256,849

N N DN N | P -

Al W N PR W N

254,635
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Lampiran 7. GCV Minimum untuk X5
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Orde (q) | Jumlah Knot (k) GCV
1 1 145,969
1 2 165,035
1 3 150,682
1 4 153,110
2 1 174,822
2 2 154,036
2 3 163,287
2 4 151,483
g‘ _
c 2
© 3
g‘ _
g‘ _
I I I I I I
0 200 400 600 800 1000

lambda
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Lampiran 8. GCV Minimum untuk X,
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Orde (q)

Jumlah Knot (k)

GCV

1

235,827

177,763

173,667

177,818

203,397

204,475

215,713

N N DN N | P -

Al W N PR W N

204,816
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Lampiran 9. GCV Minimum untuk Xz
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Orde (q)

Jumlah Knot (k)

GCV

1

179,238

186,073

188,629

188,532

200,522

217,844

218,952

N N DN N P P -

B W N PR W N

237,404
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Lampiran 10. GCV Minimum untuk X,
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Orde (q) | Jumlah Knot (k) GCV
1 1 168,409
1 2 173,948
1 3 173,045
1 4 177,425
2 1 193,621
2 2 186,764
2 3 214,141
2 4 185,497
>
> 27
O
<
= I T T I T I
0 200 400 600 800 1000

lambda
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