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Lampiran 1. Data Jumlah Kematian Ibu di Provinsi Sulawesi Selatan Tahun 2021

Kabupaten/Kota Y X X, X3 X, X
Selayar 2 1885 790 18098 352 235
Bulukumba 10 5790 3346 59984 3331 390
Bantaeng 2 3327 2745 27306 206 133
Jeneponto 10 891 4245 42406 1533 330
Takalar 11 2004 5687 37022 1122 319
Gowa 17 12476 1998 92978 1643 454
Sinjai 17 984 1433 32710 2726 322
Maros 11 1473 4340 47110 1162 347
Pangkep 8 6694 3566 47085 884 414
Barru 9 3271 2451 19391 788 253
Bone 7 5803 4495 96401 2186 521
Soppeng 2 2588 2045 32515 417 268
Wajo 6 2585 4345 51857 1267 350
Sidrap 7 497 4252 44757 1501 313
Pinrang 8 1687 5223 49035 2077 304
Enrekang 9 1052 1325 19276 563 308
Luwu 15 7439 3410 46917 1398 489
Tana Toraja 2 2773 1385 31141 706 325
Luwu Utara 10 5073 3097 35219 809 354
Luwu Timur 8 4832 5928 40271 1064 457
Toraja Utara 1 354 3402 31630 482 287
Makassar 14 10618 23740 | 179317 6162 615
Pare-Pare 6 1589 864 20380 438 164
Palopo 6 2840 2083 22844 505 265




Lampiran 2. Uji Kolmogorov-Smirnov
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> #Distribusi Poisson
> ks.test (AKIS$Y, ppois, lambda= mean (AKIS$Y))

Asymptotic one-sample Kolmogorov-Smirnov test
data: AKIS$Y

D = 0.19703, p-value = 0.3092
alternative hypothesis: two-sided




Lampiran 3. Uji Equidispersi
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Goodness of Fit?

Value df Value/df
Deviance 34.238 18 1.902
Scaled Deviance 34.238 18
Pearson Chi-Square 31.222 18 1.735
Scaled Pearson Chi-Square 31.222 18
Log Likelihood® -62.291
Akaike's Information 136.582
Criterion (AIC)
Finite Sample Corrected AIC 141.523
(AICC)
Bayesian Information 143.651
Criterion (BIC)
Consistent AIC (CAIC) 149.651

Dependent Variable: Y

computing information criteria.

Model: (Intercept), X1, X2, X3, X4, X5

a. Information criteria are in smaller-is-better form.

b. The full log likelihood function is displayed and used in




Lampiran 4. Uji Multikolinearitas
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X1

> korelasi
Y
Y 1.0000000
X1 0.5023787
X2 0.2964391
X3 0.4418479
X4 0.5594543
X5 0.5696320

X2

> korelasi=cor(AKI)

X1
0.5023787
1.0000000
0.4467928
0.7178953
0.4952246
0.7148117

> #Uji MultikoTlinearitas
> modeT<-Tm(Y ~ X1+X2+X3+X4+X5, data
> vif(model)

X3

3.032589 4.494366 11.074347

X2
0.2964391
0.4467928
1.0000000
0.8460530
0.8119726
0.6272698

O OB O O O

AKI)

X4

X3
.4418479
.7178953
.8460530
.0000000
.8611725
.8015877

O R O O O O

X4
.5594543
.4952246
.8119726
.8611725
.0000000
.6952396

X5
4.673913 3.230443

X5

.5696320
.7148117
.6272698
.8015877
.6952396
.0000000




Lampiran 5. Data Hasil Transformasi
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X, X, X, X, Xs
-0.1196 -0.1506 -0.1736 -0.1685 -0.2045
0.1393 -0.0310 0.0789 0.3159 0.0907
-0.0240 -0.0591 -0.1181 -0.1923 -0.3988
-0.1855 0.0111 -0.0271 0.0235 -0.0236
-0.1117 0.0786 -0.0596 -0.0433 -0.0445
0.5825 -0.0941 0.2778 0.0414 0.2126
-0.1793 -0.1205 -0.0856 0.2175 -0.0388
-0.1469 0.0155 0.0013 -0.0368 0.0088
0.1992 -0.0207 0.0011 -0.0820 0.1364
-0.0277 -0.0729 -0.1658 -0.0976 -0.1702
0.1402 0.0228 0.2984 0.1297 0.3402
-0.0730 -0.0919 -0.0867 -0.1580 -0.1417
-0.0732 0.0158 0.0299 -0.0197 0.0145
-0.2116 0.0114 -0.0129 0.0183 -0.0560
-0.1327 0.0569 0.0129 0.1120 -0.0731
-0.1748 -0.1256 -0.1665 -0.1342 -0.0655
0.2486 -0.0280 0.0001 0.0016 0.2793
-0.0607 -0.1227 -0.0950 -0.1110 -0.0331
0.0918 -0.0426 -0.0704 -0.0942 0.0221
0.0758 0.0898 -0.0400 -0.0528 0.2183
-0.2211 -0.0284 -0.0921 -0.1474 -0.1055
0.4594 0.9234 0.7983 0.7762 0.5193
-0.1392 -0.1471 -0.1599 -0.1545 -0.3398
-0.0563 -0.0901 -0.1450 -0.1437 -0.1474




Lampiran 6. Matriks Z
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0.3581 0.0038 -0.0588 -0.0597 0.0455
-0.2716 -0.2465 -0.0073 -0.0031 0.0023
0.3325 0.0776 -0.0719 -0.2610 0.1556
0.0617 0.0290 -0.1615 0.0574 -0.0484
0.0636 0.0966 -0.0991 0.0393 0.0362
-0.3660 -0.1716 0.5269 -0.1724 -0.0391
0.0516 -0.2021 -0.2315 0.0660 -0.0366
0.0561 0.0680 -0.0901 0.0536 -0.0669
-0.0539 -0.0087 0.2463 0.0362 0.0221
0.2353 -0.0094 -0.0300 -0.0532 0.1136
-0.3838 -0.0488 0.1815 0.0777 -0.2304
0.2454 0.0430 -0.0144 -0.0621 0.0137
0.0073 0.0461 -0.0408 0.0206 -0.0532
0.0767 0.0424 -0.1904 0.0328 -0.0591
-0.0298 0.0001 -0.1947 -0.0091 -0.0034
0.2948 0.0085 -0.0669 0.0682 -0.0159
-0.1592 -0.0840 0.2995 0.1360 0.0029
0.1989 -0.0166 0.0210 0.0217 -0.0206
0.0705 -0.0033 0.1298 0.0144 0.0504
-0.0935 0.0652 0.1461 0.1763 0.0207
0.2457 0.1110 -0.1293 0.0249 -0.0310
-1.5947 0.1726 -0.0165 0.0022 -0.0006
0.3932 0.0080 -0.1339 -0.1655 0.0770
0.2610 0.0191 -0.0144 -0.0411 0.0654




Lampiran 7. Pemilihan Nilai k

38

#Pemilihan NiTai k
alfakuadrat=(t(G)%*%beta)A2

k=1/alfakuadratmax

>
>
> alfakuadratmax=max(alfakuadrat)
>
>

cat("

> cat("Nilai parameter Ridge k\n")
Nilai Parameter Ridge k

> print(k)

[1] 0.001762739




Lampiran 8. Uji Kebaikan Model
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> Xbaru <- cbind(rep(1l, nrow(data.awal)), as.matrix(data.a
wal[,2:7]1))

YTOPI=(Xbaru%*%beta.fix)

el=(Y - YTOPI)

> # Hitung AIC untuk regresi awal
> AIC_regresi_awal <- AIC(regresi.awal)
>
> # Hitung log-1likelihood dari model regresi berdasarkan n
ilai beta
> logLikelihood <- function(beta.fix, Xbaru, Y) {
+ resid <- el
+ sigma_sq <- sum(residA2) / Tength(resid) # Estimasi v
arian residu
+ logLik <- sum(dnorm(resid, mean = 0, sd = sqrt(sigma_s
), log = TRUE))
+ return(logLik)
+ 1
> # Hitung Tog-likelihood
> TogLik <- TogLikelihood(beta.fix, Xbaru, Y)
>
> # Hitung AIC
> AIC_MJPR <- -2 * TlogLik + 2 * 6
>
> # Gabungkan nilai AIC
> aic <- cbind(AIC_regresi_awal, AIC_MJPR)
> aic
AIC_regresi_awal AIC_MJPR
[1,] 134.9758 133.1317
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