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Lampiran 1. Data Penelitian

Kabupaten/Kota | Y1 | Y2 | X1 X2 X3 X4 X5
Kep. Selayar 7 | 8 | 73.7 | 74.96 | 80.26 | 68.63 | 75.11
Bulukumba 4 | 511|805 8171|7792 7331 | 86.35

Bantaeng 3 |20 | 30.6 |83.59 |68.36 | 98.13 | 102.23
Jeneponto 7 | 69| 93 |71.35|76.55|74.58 | 94.55
Takalar 6 | 28 | 97.8 | 70.86 | 39.92 | 94.48 | 100.19
Gowa 15 | 41 | 65.7 | 83.74 | 79.45 | 93.29 | 99.51
Sinjai 4 | 54| 725 | 7441 |85.34 |87.78 | 97.17
Maros 4 | 22| 79.4 | 7256 | 64.89 | 91.59 | 94.72
Pangkep 6 | 58| 62.1 | 75.04 | 75.56 | 89.09 | 90.82
Barru 3 | 10 | 120.2 | 99.17 | 58.52 | 91.98 | 98.18
Bone 7 | 57 | 72.3 |69.78 | 75.21 | 94.12 | 95.47
Soppeng 3 | 31| 676 |76.91|81.03|77.03| 87.27
Wajo 4 | 30| 755 |73.29|71.33|91.89| 97.12
Sidrap 6 | 22 | 131.4 | 81.14 | 66.28 | 84.56 | 103.42
Pinrang 5 |27 | 90.6 |76.35|72.25|98.43 | 97.23
Enrekang 5 |42 | 88.1 |49.54 | 65.7 | 53.67 | 66.08
Luwu 10 | 44 | 815 | 68.7 | 73.83 | 78.17 | 86.92
Tana Toraja 3 |16 | 83.2 | 76.51 | 58.8 | 84.91 | 94.34
Luwu Utara 5137|604 | 719 |86.27 | 82.18 | 94.6
Luwu Timur 6 | 13| 81.2 | 78.62 | 67.01 | 88.34 | 92.98
Toraja Utara 5|15 | 66.1 |72.79 | 60.1 | 71.61 | 74.37
Makassar 12 | 43 | 979 | 67 |76.68 |92.38 | 92.14
Pare-Pare 2 | 5| 632 |7264|57.07|68.16 | 76.57
Palopo 1 11| 67 |7382| 31 | 864 | 93.32
Keterangan:
Y, - Jumlah Kematian Ibu
Y, : Jumlah Kematian Bayi
X1 : Persentase penanganan komplikasi kebidanan
X : Persentase peserta KB aktif
X3 : Persentase pemberian ASI ekslusif
X4 : Persentase cakupan pelayanan K4 ibu hamil
Xs : Persentase persalinan yang ditolong tenaga kesehatan

35



Universitas Hasanuddin

Lampiran 2. Penurunan Fungsi Likelihood BGPR

Q=InL=1In 1_[#0;#11';!121' exp{—(uo + p1; + Uzi) — Y1i01 — Y2i02}
i=1

min(y1i,y2i)

Z (1; + V1; — ) a) Y1757 (g + (v — k) )2kt
i — K)! v2i — K)!

k=0

(Ho‘*‘kao)
k!

Turunan parsial pertama dari fungsi In likelihood terhadap p,,

exp(k(a1 +a, — ao))

%9 _n_yn __ 1 _yn — 19w
oo mo T (ex;-rﬁl_uo) =t (e Bz_u o) 0 2
W; diturunkan terhadap p, dimana,
oW _ mln(Yu y2i) [OWii OW3iar
= T (W, + T2 Wy | (1)
Untuk W;; terhadap po:
y1i—k-2
oW, _(Y1i—k—1)<<'3x;r61—H0)+(Y1i—k)a1>
6uol = 5o exp(k(a; + oy — ap)) (2)
y1i—k-2
IOW;y; —(yi—k-1) ((eXiTBl - P—o) + (y1i — k)a1)
auo = (y1 — k)' eXp(k(O(l + Ay — ao))
Untuk W,; terhadap p,:
OdW,;
Z=u'v+uv
do
dimana:
y2i—k-1
((eXiTﬁz - Ho) + (y2i — k)(xz)
4 2 — B!
y2i—k-2
—(y2i—k—-1) ((exiTBz - Ho) + (y2i — k)az)

T 2 — B!

(o +kag)<

B k!

_ (k= 1) (o + kap)*?

(y2i — k!

36



Universitas Hasanuddin

Lampiran 2. Lanjutan

TB yzi~k-1
~(y2i-k-1 ("' 2- )+ -k

awsi _ (y2i )( e’ o |+(¥2i—K)az (o +kato
dpo (y2i—K)! k!

)k—l

XTB y2i—k-2
(G e B
(y2i—K)! (y2i—k)!

+

X-TBZ Yaimk
<(e l —uo)+()’zi—k)0€z) (potkog)k—? =(y2i—k-1) (k-1) 3
(¥2i=K)! k! + xJ (Hotkao) ( )
A ' ((e iBZ—uo)+(y21—k)az> orTro

Persamaan (2) dan (3) disubstitusikan kedalam persamaan (1):

)Yli‘k—z

. —(yli—k—l)((e"iT"l—uo)+(y1i—k)a1
Wi _ me(Yn'Yzi)
ap

k=0 01-0! exp(k(a1 toa; — 0(0))

y2i~k-1 T yzi~k-1
) yk-1 ((exi l;2—110)+(yzi—k)0(2)
+

((eXiTBZ —H0)+(yZi—k)0‘z

(Rotkag
(y2i—K)! k! (y2i—K)!
(o +koto) < ~(2i=k=1) (k=1)
kt <(9X:‘1.B2—H0>+(YZi—k)a2) (Ho-tkao)
T yli_k_l
<<exi Bl—lio)+(}’1i—k)0‘1)
= exp(k(al + o, — 0(0))
( Ty ) Yk
: i Pl (y1i—Kag
_ mm(yli'YZi)< © ho)* ) _
= Zk:() (y1i—K! eXp(k(a1 + ay 0(0))
TB yoi—k-1
((e i 2—Ho>+(Y2i—k)0t2> (o +kag)k~1 = (y1i—k-1) —(y2i—k-1) +
(zi—ko! kt ((exgﬂl—uo)"'(}’ﬂ—k)al) ((GX?BZ—HO)‘F(Yzi—k)O(z)
(k-1)
(Ho+ka)

Turunan parsial pertama dari Q terhadap p, adalah

aQ _n n 1 n 1 n 10w
— = — = e —— — a4+ Nn); . —
Ouo Mo =t <eX;r|31—u0) = (eX;rBZ_uO) Zl_l Wi duo
_n n 1 n 1 n min(y1iy2i) -(y1i—k-1)
= =170, — 2it T8 +n+ XL, Yo T8 +
0 e’ Pl—p, e’ FZ—p, <(e i 1—Hr))+(}’1i—k)0¢1

—(y2i-k-1) (k-1)
<(eX?BZ—Mo)+(Yzi—k)a2> (ho+kao)
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Lampiran 2. Lanjutan

Turunan parsial kedua dari Q terhadap p, adalah

0% n 1 min (73,20 ~@imk-1)
6u02=_m_ {llﬁ_ inzlﬁ_}_z 12 Y1iY2i - 1i
(e iP1- “0) (exi P2 Ho) ((exi Bl—uo)+(}’1i—k)0¢1>
~(2i-k-1) (k-1)

T 27 (po+kag)?
((exi BZ_MO)"‘(Yzi—k)az) Horido

Turunan parsial kedua dari Q terhadap p, dan pladalah

29 _\y'n _— (exp(x Bl)x ) + Z mln(YllyZl) ~(y1i—k— 1)(exp(x1 B1)xi)

[T 6[371" B =t (ex;rﬂl_u0> ((e i Bl—uo)+(yn—k)a1>2

Turunan parsial kedua dari Q terhadap p, dan padalah

22 _ _yn  (exp(x7By)x;) + XL, ZrinGivz) ~(2i—k-1)(exp(x{ B2)xi)

T i=1
o 9B,

Turunan parsial kedua dari Q terhadap p, dan a;adalah

09 me(}’u Y2i) —(y1i=k-1)
=1

dpg aa T 2
Hooay ((exi f‘l—uo)+(yli—k>a1)

Turunan parsial kedua dari Q terhadap p, dan a,adalah

029 Zmln(Y1IYZ1) —(y2i—k-1)
=1

Ao daty T z
Ho ((e"i BZ—H0)+(Y2i—k)0(2>

Turunan parsial kedua dari Q terhadap p, dan ayadalah

%9 _ me(Yu ¥a2i) __(k=1)
o 90 =1 (Ho+kag)?

Turunan parsial pertama dari logaritma fungsi In likelihood terhadap $,

e, = Tt [y (OPOT BN + B (op (T B + By,

W; diturunkan terhadap f8;dimana,

OWi _ ymin(y1iy2i) {awliw aW21W }
opy ~ k=0 o A T g, Vi

kemudian W;; diturunkan terhadap 1,

T itk g
(Y1i—k—1)<(exi B1—110)"'(}"1i—k)0l1> (exi P1)x;

OWii _ yn _
op  ~i=1 G- exp(k(ay + az = o))
kemudian W,; diturunkan terhadap B4,
OWai _
1
L V2i) OW
sehlngga Wi _ Zmln(}ﬁ Y2i) B1 W,;.

(e"lTﬁZ_u()) ((e iﬁz—uo)+(3’2i—k)“2>2

2+
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Lampiran 2. Lanjutan

T y1i—k-2 T
) (Y1i—k—1)<(exi Bl—uo)+(}’1i—k)0‘1> (exi P1 )Xi exp(k(ag+az—ag))

0B1 k=0 (y1i=K)!

aW; _ min(yy;yy;

T yzi~k-1
<(exi Bz_l’-o)‘*‘(}’zi—k)az) (Ho+kag)k—1

X (y2i—K)!k!
Maka didapatkan turunan parsial pertama dari Q terhadap 84
92 _yn 1 xI B . n xI B . n ymin(yiyzi) 1 0W;
9B — 4i=1 (ex;rﬁl_uo) (e 1) X; + El:l (e 1) X + Z]:l Zkzo w; 9p1
2 = (8 x + 2, (X B) x; + T, O amk- (e P
op; =7 (ext‘rﬁl—uo) © Hi =\® Hi =12k <(exg‘ﬁl—uo)+(}’1i—k)a1>

Turunan parsial kedua B, terhadap BT adalah

929 1 T T T T min(y1i.y2i) '
B ot~ ?:1mxi (ex‘ Gl)xi + 21X (ex‘ Bl)Xi 2Ly Xy, WY A uw
dimana

u=(u—-k-1 (exggl) X;
u' = (yy; —k— Dx; (e5F1) x

v ((eX‘T“ — o) + (yzi — k)al)

v = ((ex?sl o) + (i — k)al) CON

%9 n 1 ( xI B ) T n ( T T
=y ————— _x.(eXiPl)x; +)Y0_x.(e%i Bl)x.
B Bﬁ;r i=1 (ex?ﬂl—u()) i i 21—1 i i

+2L, Elzig(yn'yzo(}’n k-1 (exiT[h) X; ((exﬂh - P-o) + (i — k)%) +
(yi—k-1) (eXiT'Sl) Xj ((exiTBI - lio) + (i — k)%) (eXiTBI) x|

=YL X (exiTBI) XiT [_m +1+ kazig(yu,yzi)(yli -k-1) ((eXiTBI - P—o) +
[l 170)

(y1i — k)al) +(u—k—-1) (exiTpl) ((exiTﬂl - Ho) + (yui — k)al)l

Turunan parsial kedua B, terhadap g1 adalah

929
B4 0B3

Turunan parsial kedua 8, terhadap o, adalah

T
—(yqi— —k— i B1)y.
min(y1y,p ~ 1m0k (e P )x;

Y
in=1 Zk:o T 2
<(exi b1 —H0>+(Y1i—k)a1>

By do;
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Lampiran 2. Lanjutan

Turunan parsial kedua 8, terhadap o, adalah

020

By ooty
Turunan parsial kedua 8, terhadap o, adalah

029

By Doy

Turunan parsial pertama dari logaritma fungsi In likelihood terhadap 3,

99 — yn 1 x;rﬁz i n X Bz m1n(y11y21) 10wy
B2 i=1 (ex'irﬁz—uo) (e )Xl + Zl: ( )X + Z 12 W1 B2

Lampiran 2. Lanjutan

W; diturunkan terhadap B,dimana,

min(y1y2i)

ow;, {GWuW +6W21
0B, 27 0B,
kemudian W;; diturunkan terhadap -,

OWy;
9B
kemudian W,; diturunkan terhadap ,,

Wli}

=0

y2i—k-2
OW,; (y2i—k—-1) ((eXiTBZ - P—o) + (yai — k)“z) (exiTﬁz) x; (1o + ko)

OBZ - ( Yoi — k)!k!

0W; AW,
sehmgga L me(yll Yai) zlwll

yoi—k-2 T
- if - Xi B2 )x,
ow; _ mm(yll,yzl) k= 1)<(e 2= “o)+(yz k)“z) (e 2)x1(u0+ka0)
B2 k=0 (y2i_k)!k!
yii—k-1
(L.
X (y1i-10! exp(k(ay + az — ap))

Maka didapatkan turunan parsial pertama dari Q terhadap 8,
a_Q = i ; x;rﬁ : n Xj B mln(Yll YZl) 1 an
0B 7 (T, (e Z)Xl +2i ( 2)x + X X Vo5

Ga-k-D(eX P2 )

LA I—— (exfﬁz)xiJrZ{l:l( ,[‘z)xl+2 1me(yuyzl><

9B, i=1 (exi BZ_HO)

Turunan parsial kedua B, terhadap B3 adalah

2
20 T == — M1 T T . Xj (eXiTBZ) X+ 30 x (eXiTBZ) xIyn, me(y“y”) u'v+uv'
02 0B, (exi 32_u0)
dimana

u=(y;—k-1) (eX‘TGZ)Xi

(ex;rﬂz —H0)+(yZi—k)a2>
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Lampiran 2. Lanjutan

u' = (y —k—1x; (eXiTﬁz)XiT
v= ((eXiTﬁz - Iio) + (5 — k)az)
v = ((eXiTBZ — Llo) + (Vi — k)o(z) (eXiTBZ) X?

%9 n 1 ( XTB ) T n ( T T
— =" x. (eXiP1)x; YD _x.(e¥i Bl)x.
B2 0B3 ‘—1(ex?a1_u0) ! RS i

+2L fig(y“'y”)(yﬂ —k—-1)x (exiTBZ) X] ((eXiTBZ - Ho) + (yai — k)az) +
(y2i—k—1) (eXiTBZ) Xi ((eXiTBZ - P-o) + (yai — k)az) (eXiTBZ) x|

= 21X (eXiTﬁz) i [_ m +1+ Z?:ig(y“'yzo(hi -k-1) ((eXiT[;Z - Ho) +
el Fé—po

(y2i — k)(xz) +ya—k-1) (eXiTBZ) ((eXiTBZ - P—o) + (yai — k)“z)l

Turunan parsial kedua 8, terhadap o, adalah

02
° _,
B, 6(11

Turunan parsial kedua 8, terhadap o, adalah

(Vi —k— X182 )y
min(ygpyap) ~V2O@2ik-D(M P2 )x;

029
= i=1Zk=0 2
X7z
(E‘ —M0>+(Yzi—k)°lz

By ooty
Turunan parsial kedua 8, terhadap o, adalah

02
9 =0
B 0

Turunan parsial pertama dari logaritma fungsi In likelihood terhadap o,

92 _

1 0w,
n n 1
g Ly + 2 -—

i=1 W] 5(11

W; diturunkan terhadap o, dimana

a(xl k=0

owW; _ ymin(y11y2i) {6W1i W2 + OW,i Wl}
1 1

60(1 i 6(X1

Turunan W;; terhadap o yaitu

Mai — 'y + v’
aal
dimana
T yli—k—l
((e"i Bl—ll0>+(Y1i—k)a1>
u= V1!

T y1i—k-2
(yli—k)(yli—k—l)((e"i Bl—u0)+(yli—k)a1)

’
u =
(y1i—1O!
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Lampiran 2. Lanjutan
v = exp(k(ay + a; — ay))
v' = kexp(k(a; + a; — ap))

Sehingga dlperoleh i adalah

T y1i—k-2
((exi Bl—u0)+(y11—k)a1>

AW
WT = T exp(k(oc1 +a, — 0(0))

y1i—k-1

((exiTﬁl—Ho)‘*(YH—k)Oh)
+ ="y k exp(k(a1 +a, — (xo))
—-k-1
x;r[i _ B Yii ~

Wi _ ((e ! u0)+(y“ kml) exp k(@ +az—0)) y1i-K)y1i—k-1) +k
0oy (ai—k)! ((extlrﬁl—m))‘*'(}’li—k)al)

Kemudian turunan W,; terhadap o yaitu:

doy
oW
SEhIngga Zmln(}’n YZI) OWij W21
—k-
Tg, B Yii )
Zmln(yll,yzl) <(exl 1 u0)+(Y11 k)a1> exp(k(a+az—ag)) Yai-K) (ya1—k-1) Tk
(y1i—K)! <(exiTB1_u0)+(y1i—k)q1>
yai—k-1
<(ex-ir82—uo)+(yzi—k)az) (o +kag)k1
8 (y2i—K)k!
Maka didapatkan turunan parsial pertama dari Q terhadap a,
29 _ n mm(Y11YZ1) 1 0wy
oy i=1 Y1 T Z 12 W 5oy
2 PNy + T, ) e ) I

((exiTBl—uo)Jr(yli—k)al)

Turunan parsial kedua a, terhadap a, adalah

99 _ Zmln(YM Vai) | - (yli_k)z(yli_k_ 1) \l
= Li=1

NG

Turunan parsial kedua «, terhadap a, adalah

020 _

day o,

Turunan parsial kedua a, terhadap «, adalah

029
day day
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Lampiran 2. Lanjutan

Turunan pertama dari logaritma fungsi In likelihood terhadap a,,

09 _
60(2 -

1 0w;

n
i=1Y2i + 2 1w, 30,

W; diturunkan terhadap o, dimana

IW; min(y1i,yz2i) §OWai OW,j
= — W, Wy
a(XZ k=0 6(x2 2 + 00(2 1

Turunan W;; terhadap o, yaitu

OW 1

0“2

Kemudian W,; terhadap o, yaitu

B Vaimh2 k-1
. G2 O@2—k=D( (42—t |+ (v2i-R)ery (o +keto)
Woi

day (y2i-K)k!

. 0W; _ omin(y4,y2i) OWzi
Sehlnggag;_ keo o S Wi
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X:rﬁz vai 2 k-1
j Wi R V2i-k=D)( (€4 P2=ptp }+(v2i-Rz (o +keto)
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day k=0 (y2i—K)Ik!

T yli_k_l
<(exi b1 —Ho)+(Y1i—k)0‘1)

exp(k(ay + oy — a))

(y1i—K)!
Maka didapatkan turunan parsial pertama dari Q terhadap a,
O_Q mm(Y11YZ1) 1 an
2, iz1Y2i T Xiz1 Xy W 90,

09 i Y2i (V2i—k—-1)(y2i—k)
B I
((ex’ BZ_HO)*’(Yzi-k)OCz)

Turunan parsial kedua a, terhadap a, adalah

0? Q me(hl Y2i) (V2i—k=1)(¥2i—k)?
=1

day? T 2
((exi P2 —Ho)‘l'(Yzi—k)O(z)

Turunan parsial kedua a, terhadap «, adalah
09

60(2 00(0

Turunan parsial pertama dari logaritma fungsi In likelihood terhadap o,

6_Q — me(}’n)’Zl) 1 an
00(() =1 W 60(0

W; diturunkan terhadap o, dimana

ow; _ me(Yu Yai) {awllwz_ + OW,i Wl}
- i i

dog da,
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Lampiran 2. Lanjutan

Turunan W;; terhadap o, yaitu

y1i—k-1
(ex;rﬂl —H0)+(Y1i—k)0‘1
6W1i _

2, Y k exp(k(al +oa; — ao))

Turunan W,; terhadap o, yaitu

T y2i—k-2
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aWZi _

i OWi _ ymin(y1iyzi) §OWiivy, . OWaiya,
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y1i—k-1
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T yZi_k
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<<exi BZ—HO)“‘(Yzi—k)O‘z) (k=1)k(po+kog)k=2

(y2i—k-2)!k!

T y1i—k-1
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(y1i—K)!

X

exp(k(a1 +oa, — 0(0))
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k exp(k(al +a, — 0(0)) X

Maka didapatkan turunan parsial pertama dari Q terhadap o,

992 _yn Zmin(}’u:)’zi) 1 0w

00(0 - =14&k=0 Wi 60(0

99 _ yvn ymin(yiiyzi) ( k(k—1) )
dug - Zi:12k=0 k+ (uotkag)

Turunan parsial kedua o, terhadap a, adalah

29 = yn Zmin()’ﬂ,}’zi) (_ kz(k_l))
day? 1=1 k=0 (uo+kag)?
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Lampiran 3. Syntax R Estimasi Parameter Model BGPR

BGPR=function(data,alfa0,maxit,epsilon)
{

Tibrary(pracma)

Tibrary(MASS)

n=nrow(data)

yl=as.matrix((data[,1]))
y2=as.matrix((data[,2]))
x=datal[,-c(1,2,3,5,6,7)]

#inisialisasi parameter
fl=gIm(formula=yl~x,family=quasipoisson(link="Tog"))
f2=gIm(formula=y2~x,family=quasipoisson(link="Tog"))
betalO=f1l$coefficients
beta20=f2%$coefficients
x=as.matrix(cbind(rep(1,n),x))
p=ncol(x)
miulO=exp((x)%*%betall)
miu20=exp((x)%*%beta20)
alfal=summary(f1l) $dispersion
alfa2=summary(f2)$dispersion
alfa0l2=as.matrix(c(alfal,alfa2,alfa0))

miuO=cov(yl,y2)

rownames (alfa01l2)<-c('alfal', 'alfa2','alfa0')
start=as.matrix(c(betalO,beta20,miu0,alfa012))

Q_BGPR=function(par)
{
betal=as.matrix(par[1l:p])
beta2=as.matrix(par[(p+1):(2*p)]1)
miuO=par[2*p+1]
miul=exp(x%*%betal)
miu2=exp(x%*%beta2)
alfaO=par[2*p+2]
alfal=par[2*p+3]
alfa2=par[2*p+4]
A=matrix(nrow=n,ncol=1)
for (i in 1:n)
{
Al=Tog(miu0*miul[i]1*miu2[i]1)+((-(miu0+miulli]+miu2[i])-
(yl[il*alfal)-(y2[i]l*alfa2)))
kk=minCy1[i],y2[i])
B4=matrix(ncol=1, nrow=kk+1)
for (k in 0:kk)
{
Bl=(factorial(yl[i]l-k))+Tog((factorial(y2[i]-
k))*(factorial(k)))
B2=((yl[i]-k-1)*Tog(miul[i]+(y1[il-k)*alfal))+((y2[i]-
k-L)*Tog(miu2[i]+(y2[i]l-k)*alfa2))
B3=((k-1)*log(miuO+k*alfa0)+((k*alfal+alfaz2-alfa0)))
B4[k+1]=(B2+B3)-B1

A[i]=Al+sum(B4)
}
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Q=sum(A);
print(Q)
return(Q)
}
#Syntax Tampilan 1
Koefisien=matrix(0,ncol=1,nrow=2%*p+4)
Std.Error=matrix(0,ncol=1,nrow=2*p+4)
Z.vValue=matrix(0,ncol=1,nrow=2%p+4)
P.value=matrix(0,ncol=1,nrow=2*p+4)
Ujiserentak=data.frame(matrix(0,ncol=1,nrow=9))

#0ptimas:i
fit=optim(par=start, fn=Q_BGPR,method="Nelder-
Mead",control=11ist(maxit=maxit,fnscale=-1,
trace=0,REPORT=0, reltol=epsilon,abstol=epsilon),hessian=T)

#Mengambil Nilai-Nilai Hasil Optimasi

Koefisien=round(fit$par,4)

hess=fit$hessian

n.iteration=fit$diskrits[1]
convergence=ifelse(fit$convergen==0,"Converged", "Not-Converged")

#Uji Parsial Koefisien

inv.hess=diag(pinv(-hess))
Std.Error=round(as.matrix(sqrt(abs(inv.hess))),4)
Z.vValue=round(Koefisien/std.Error,4)
P.value=round(2*pnorm(abs(z.value), lower.tail=FALSE),4)

#Syntax Tampilan 2

rownames (Koefisien)=c(paste("Betal",c(0:(p-1)),sep=" "),
paste("Beta2",c(0: (p-1)),sep=""),
"Lamda0",paste("Alfa",c(0:2),sep=" "))

rownames (Std.Error)=c(paste("Betal",c(0:(p-1)),sep=" "),
paste("Beta2",c(0: (p-1)),sep=""),
"Lamda0",paste("Alfa",c(0:2),sep=" "))

rownames(z.value)=c(paste("Betal",c(0:(p-1)),sep=" "),
paste("Beta2",c(0: (p-1)),sep=" "),
"Lamda0",paste("Alfa",c(0:2),sep=" "))

rownames (P.value)=c(paste("Betal",c(0: (p-1)),sep=""),
paste("Beta2",c(0:(p-1)),sep=""),
"Lamda0",paste("Alfa",c(0:2),sep=" "))

#Uji Serentak dengan GA2
parO=as.matrix(rep(0,Tength(start)));

parOLc(l, (p+1), (2*p+1): (2*p+4))1=Koefisien[c (1, (p+1), 2*p+1) : (2*p+4))]
Tn.Hl=round(fit$value, 3)
Tn.HO=round(Q_BGPR(par0),3)
G2=round(-2*(1Tn.HO-1n.H1),4)
v=2%(p-2)
pvalF=round(pchisq((G2),v, lower.tail=FALSE),5)

#Estimasi Y-hat BGPR
ylhat=round((exp(x%*%as.matrix(Koefisien[1l:p]))),3)
y2hat=round((exp(x%*%as.matrix(Koefisien[(p+1):(2*p)1))),3)
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#Estimasi Regresi (Untuk Pembanding)
betal.reg=as.matrix(Im(yl~x-1)$coef)
beta2.reg=as.matrix(Im(y2~x-1) $coef)
Y1l.Reg=as.matrix(x)%*%betal.reg
Y2 .Reg=as.matrix(x)%*%beta2.reg
#AIC
errorl=as.matrix(yl-ylhat)
error2=as.matrix(y2-y2hat)
E=cbind(errorl,error2)
Sigma.d=(t(E)%*%E)/n
detb=det(Sigma.d)
aic=round((n*Tog(detD))-(2*2*p),3)
aic.reg=round((n*Tog(det((t(cbind(as.matrix(yl-
round(Y1l.Reg))
,as.matrix(y2-round(Y2.Reg))))%*%cbind(as.matrix(yl-
round(yl.Reg)),
as.matrix(y2-round(Y2.Reg))))/n)))-(2%2%p),3)
aic.pois.reg=round((n*log(det((t(cbind(as.matrix(yl-
round(miul0)),as.matrix(y2-
round(miu20))))%*%cbind(as.matrix(yl
-round(miul0)),as.matrix(y2-
round(miu20))))/n)))-(2%2%p),3)

#Syntax Tampilan 3

Ujiserentak=data.frame(cbind(n.iteration,convergence,In.H1l,Tn.HO
1
G2,pvalF,aic,aic.reg,aic.pois.reg),row.names =

NULL)

Ujiserentak=rbind(n.iteration,convergence,ln.Hl,1n.HO,

G2,pvalF,aic,aic.reg,aic.pois.reg)

colnames (UjiSerentak)=Tist(c("Number of

Iteration","Converged/Not","Tm.H1","Tn.HO","GA2","P.value of F",
"AIC BGPR","AIC Regression","AIC

Poisson Regression"))

colnames(Ujiserentak)="value"

Ujiserentak=noquote(UjisSerentak)

Hasil=data.frame(cbind(yl, round(y1l.Reg),round((ylhat),3),rep("|"
,nrow(x)),y2,round(Y2.Reg), round((y2hat),3)))

colnames(Hasil)=(c('Y1l','Y1l.Reg','Y1.BGPR',"'|",'Y2"',"Y2.Reg', 'Y2
.BGPR"))

UjipParsial=data.frame(cbind(Koefisien,std.Error,z.value,P.value)
, row.names=NULL)

colnames(ujipParsial)=c('koefisien','std.Error','z.value','P.valu
e")
rownames(UjiParsial)=c(paste("Betal",c(0:(p-1)),sep=" "),
paste("Beta2",c(0:(p-1)),sep=""),
"Lamda0",paste("Alfa",c(0:2),sep="
ll))
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print(UjiParsial)
print(Ujiserentak)
print(Hasil)

Tist(Yl.hat=ylhat,y2=y2hat,Hasil=Hasi1,Koefisien=Koefisien,Std.E
rror=Std.Error,

Z.value=z.value,P.vValue=P.value,UjiSerentak=UjiSerentak,AIC=aic,
Errorl=errorl,

Error2=error2)
}
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