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�.²þ�{Cc5É�
Æö��2�'5, Ì�©���d�.²þ

ÚªÇ�.²þü���, Ù¥ªÇ�.²þ�{�É'5. Buckland�[1]J

Ñ
SAIC(Smoothed AIC)!SBIC(Smoothed BIC)�.²þ, ClaeskensÚHjort[2]uÐ


·^uïÄØÓa,�Cþ�SFIC(Smoothed FIC)�.²þ�O. Hansen[3]J

Ñ
ÄuMallowsOK��.²þ(MMA)�{, Wan�[4]òMMA�{ÿÐ�
ë

Y��­8Ü±9�i@�5�.¥. HansenÚRacine[5]JÑ
Jackknife�.²

þ(JMA)�{, Zhang�[6]òJMA�{ÿÐ�
�é��Ø����(�±9¢�

���êâ¥, U?
�·^uÕáÓ©Ù����/. LiuÚOuki[7]�Ñ
É��

­è��.²þ�{. �k�
ïÄ'5��E,��ëê�.��.²þ�{,

XLi�[8]ïÄ
CXê�.��.²þ�{; ZhangÚWang[9]ïÄ
Ü©�5�.

e�Mallows�.²þ; Zhu�[10]ÚHu�[11]�Ñ
Ü©�5CXê�.e��.²

þ�{.
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©Û¥�a­��.. T�.(�{ü!)º5r, ¢SA^2�. yGêâ(�

¡I .«mí�êâ)´)�©Û+�¥�«~��í�êâa., 3�KÁ�!

61¾Æ!²LÆÚ�¬ÆïÄ¥ÑkÑy. daêâ�A:´a,�¯��

(�u)�mÃ{�O(*ÿ, ïÄ<
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¦^|

Üõ�ÿÀ�.��.²þ�{  �±Jpýÿ�°(Ý. 8c'uí�ê

â�.²þ�{��'ïÄ�?uåÚ�ã, �Ì�´�é�Åmí�êâ.

X:HjortÚClaeskens[12]ïÄ
Cox£8�.�Focused&EOK(FIC) ±9�.²þ

�O. ����[13]ïÄ
�ACþ�Åmí��, ÄuFocused&EOK��5

�.��.ÀJÚ�.²þ. ���[14]UYòTOKÿÐ��5© ê�.¥

¿��
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¯K. Sun�[15]Ú½¡ �[16](2018)©OïÄ
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© ê£8�.ÚÜ©�5CXê© ê£8�.�ªÇ�.²þ�O�{.

He�[17]Äu�¼�í�L§ïÄ
p��/emí�êâCox£8�.�JMA�

{. Yan�[18]ïÄ
p��5�.e, �ACþ�mí���JMA�{. Li�[19]ïÄ


mí�êâe, �ëê'~ºx�\�.��.²þ�{. Liang�[20]ïÄ
�

ACþ�Åmí���5£8�.�MMA�{.

ÏLéyk©z�Înuy, 8c'uí�êâ�ïÄ�õÄu�.ÛÜØ

�½�b�, 
Äu�.�ÛØ�½µe��`�.²þ�{�ïÄ�Ì�8¥
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��, �©ïÄ\����m�.eyGêâ�JMA�{, �ÑÿÀ�.�­�À

��{, ¿3�½�K^�eïá¤J�.²þ�Oþ�ìC�`5. ��ÏLê

��[Ú¢Sêâ5Ð«¤J�{�5ULy, ¿�Ñ�'nØ(J�y².

2 êâÚ�.

b�kn�Õá*ÿ�N, TiÚCi©OL«�Ni����mÚ*ÿ�m, ��

ö�pÕá. éuyGêâ, Ti�°(�Ã{*ÿ, ���TiÑy3Ci�c½��.

�Ò´`, ¯����m�o��í�, �o�mí�, �U*ÿ�{(Ci, δi), i =

1, 2, · · · , n}, Ù¥δi = I(Ti ≤ Ci). -Yi = log Ti, Vi = logCi. �ÄXeAFT�.

Yi = µi + εi = XT
i β + εi =

∞∑
p=1

xipβp + εi, i = 1, 2, · · · , n, (1)

ùp�Xi = (xi1, xi2, · · ·)T´�ê�Ã¡��Å�þ, β = (β1, β2, · · ·)T�L��£8
Xê�þ, εi´�ÅØ��, ÷vE(εi|Xi) = 0, Var(εi|Xi) = σ2

i . Ï�YiÃ{*ÿ�,

�ë�[21]��{, éYiæ^XeC�. -

Y ∗i = ϕ1(Vi)δi + ϕ2(Vi)(1− δi), i = 1, 2, · · · , n,

Ù¥V1, V2, · · · , Vn´ÕáÓ©Ù��ÅCþ, Ù�Ý¼êg(·)®�. ϕ1 Úϕ2´÷v ϕ2(v) = ϕ1(v) + g−1(v)

Eϕ1(Vi) = 0

�ëY¼ê. �÷vC��Ã 5, ·�3db�*ÿ�mCi > 1, N´y

²Y ∗i ´Yi�Ã C�, =EY ∗i = EYi(�[y²L§�17!).

555µµµ(1) Ï�V1, V2, · · · , Vnþ�*ÿ, g(v)=¦��, ��±æ^ÃXØ�Ý�

{?1�O. (2) [21]�éyGêâJÑ
Ã C��{, �%Ø·^uAFT�.¥

�éêC�; [22]3Remark2.2¥�Ä
«mII.í�e, éTi�éê��Ã C�,

é�©�ïÄk�½�/��^. �¦���{¥I�(½÷vA½^��V�,

«¼êM(v), �,ù«�½3êÆnØþ´¤á�, �3¢�¥�V�©Ù���

éJö�, �15Øp. (3) �©b�Ci > 1�,k�½Û�5, �éu�
¢S¯

K�P (Ci > Ti)���´�±÷v�, ½ö�±ÏL�I¶²£5¢y.

3 Jackknife�.²þ�{

�ÄKn�ÿÀ�., Ù¥1k (k = 1, 2, · · · ,Kn)�ÿÀ�.Mk½Â�

Yi = XT
k,iβk + bk,i + εi, i = 1, 2, · · ·n,
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Ù¥Xk,i�)ºCþXi�pk�f�þ, βk�éA�£8Xê�þ, bk,i = µi−XT
k,iβkL

«1k�ÿÀ�.�CqØ�, εiÓ�.(1)¥�b�.

Äuþ¡JÑ�Ã C�, ���1k�ÿÀ�.�£8Xêβk����¦�

O�β̂k = (XT
k Xk)

−1XT
k Y
∗, éA���µ��X��Oþ�µ̂ = {µ̂1, · · · , µ̂Kn

}. Ù¥
1k�ÿÀ�.¥µ��Oþ�P�µ̂k = Xkβ̂k = PkY

∗,ùp�Pk = Xk(X
T
k Xk)

−1XT
k .

�w = (w1, · · · , wKn
)T´ëY8Üþ��­�þ. -

Hn ,
{

w ∈ [0, 1]
Kn :

Kn∑
k=1

wk = 1
}
,

Kµ = E (Y |X)��.²þ�O�

µ̂ (w) =

Kn∑
k=1

wkµ̂k =

Kn∑
k=1

wkPkY
∗ = P (w)Y ∗,

ùp�P (w) =
Kn∑
k=1

wkPk�éA�\�lfÝ
.

e¡æ^í����y{[5]5À�ÿÀ�.��­. Äk, �dí���

�y{���1k�ÿÀ�.ýÿ��µ̃k = (µ̃
(−1)
k , µ̃

(−2)
k , · · · , µ̃(−n)

k )T , Ù¥µ̃
(−i)
k L

«l1k�ÿÀ�.¥íØ1i�*ÿ�(Vi, Xi, δi)¤���ýÿ�. �âLi(1987)�

�µ̃k = P̃kY
∗. ùpP̃k´÷vP̃k = Dk(Pk − In) + In �1wÝ
, Dk´é����

�(1− pkii)−1�é�
, pkii ´Ý
Pk�1i�é��. éA�í�ýÿ��

µ̃(w) =

Kn∑
k=1

wkµ̃k = µ̃w = P̃ (w)Y ∗,

Ù¥µ̃ = (µ̃1, µ̃2, · · · , µ̃Kn
), P̃ (w) =

Kn∑
k=1

wkP̃k. 1k�ÿÀ�.éA�í��þ

�ẽk = Dkêk = Dk(Y
∗ − PkY ∗), ?
��Jackknifeí��þẽ(w) = Y ∗ − µ̃(w) =

Kn∑
k=1

wkẽk = ẽw, Ù¥ẽ = (ẽ1, ẽ2, · · · , ẽKn
), K�A����yOK�

CVn(w) = ‖Y ∗ − µ̂(w)‖2 = ẽ(w)T ẽ(w) = wT ẽT ẽw, (2)

��zþãOK���­�þŵ = arg min
w∈Hn

CVn (w) , �ª½Âµ�Jackknife�.²

þ�Oþ�µ̂(ŵ) = µ̂ŵ.

�e5?Øµ̂(ŵ)�ìC5�. Äk½ÂXe²�Ø���¼ê

Ln(w) = (µ− µ̂(w))T (µ− µ̂(w)),

KéA�ºx¼ê�

Rn(w) = E(Ln(w)|X) = ‖A(w)µ‖2 + tr{P (w)ΩP T (w)},
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Ù¥Ω = diag(σ2
1, · · · , σ2

n), A(w) = In − P (w), ½Âξn = inf
w∈Hn

Rn(w), ε∗i = Y ∗i − µi,

rk = rank(Xk), r̄ = max
1≤k≤Kn

rk. -w0
k´1k����1, Ù¦���0��­�þ, =�

.ÀJ��­. �ïá¤JJMA�Oþ�ìC5�, I�Xe�K5^�:

C1: �3��êG9�~êκ,¦�E[(ε∗i )
4G|Xi] ≤ κ <∞,�Knξ

−2G
n

Kn∑
k=1

{Rn(w0
k)}

G

→ 0A�??¤á.

C2: r̄ = o(n), �r̄ξ−1
n → 0A�??¤á.

C3: n−1‖µ‖2 = O(1)A�??¤á.

C4: �3~êc > 0¦�pkii ≤ cn−1rkA�??¤á.

C5: T�C�pÕá, P (C > T ) > 0, V = logC´äkëY�Ý¼êg(v)��K

�ÅCþ, �g(v) > 0.

5 ^�C1�c�Ü©é�ÅØ���Ý?1��, ��
êâ�)L§¥�

D(; ��Ü©�[6]¥�^�13aq, [4]éT^�?1
�[?Ø. T^���


ÿÀ�.�ê���þ�O��Ç, Ù¤á�7�^��ξn → ∞. ùL²Ø�3

äk" ��{üCq�., =¤k�Cq�.Ñ´Ø�½�. ^�C2�[6]¥�^

�22aq, L«#Nrk���þ�O\
O\, ���ÙO��Ç. ^�C3'5µ2
i�

þ�, ´��~��Ün�b�. ��|µi| <∞ éu?¿�i = 1, 2, · · · , n¤á, T^

�=�÷v. ^�C4~^u���y�{¥ìC�`5�ïÄ, L«vk?ÛÓÌ

�/ �ÿÀ�., ��[6,23,24]. ^�C5´yGêâ¥��
'�N´÷v�^

�.

e¡�Ñ�©�Ì�nØ(J, y²L§�N¹.

½n 1 3^�C1–C5¤á��¹e, c©JÑ�JMA�Oþ´ìC�`�, �

=
Ln(ŵ)

inf
w∈Hn

Ln(w)

p→ 1. (3)

4 �[ïÄ

e¡ÏLê��[5µ��©JÑ�Jackknife�.²þ�{�Ly. ùpÀ

^ÄuAICÚBICOK�ü«�.ÀJ�{±91wAIC(SAIC)!1wBIC(SBIC)ü

«�.²þ�{, �k��­±9��ÿÀ�.�8«�{?1é'. 1k�ÿ

À�.¤éA�AIC��AICk = log(σ̂2
k) + 2n−1tr{Pk}, BIC��BICk = log(σ̂2

k) +

n−1 log(n)tr{Pk}, Ù¥σ̂2
k = n−1‖Y ∗ − µ̂k‖2. ©OÀ�AIC�ÚBIC����ÿÀ�

.���.ÀJ¥��`�., 
1k�ÿÀ�.¤éA�SAICÚSBIC�.²þ�

{�ÿÀ�.�­©O�

wSAIC
k =

exp(−AICk/2)
Kn∑
k=1

exp(−AICk/2)

, wSBIC
k =

exp(−BICk/2)
Kn∑
k=1

exp(−BICk/2)

.
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b��ACþY5gAFT�.Yi = XT
i β + εi, i = 1, 2, · · · , n, Ù¥Xi = (xi1, · · · , xip)

(p = 200)Ñlþ�0, ��
�Σ=(ρ|l−k|)1≤l,k≤200, ρ = 0.5�õ���©Ù. ©O�Ä

£8Xêý��βj = 1/j29βj =
√

2/j2(j = 1, 2, · · · , p)��/. Ø�εi ∼ N(0, η2x2
i2),

ÏLUCη���¦�R2 = var(µ1, · · · , µn)/var(Y1, · · · , Yn)30.1–0.9��SCz, Ù

¥var(·)L«����. �Vi ∼ exp(λ), Ù¥λ = 0.25. �ÄY�Xeü«Ã C�/

ª

P1 :

 ϕ1 (vi) = 0,

ϕ2 (vi) =
1

λ
eλv,

P2 :


ϕ1 (vi) = v − 1

λ
,

ϕ2 (vi) = v − 1

λ
+

1

λ
eλv.

'uÿÀ�., ·��Ä
ü«ØÓ���: (1)ÿÀ�.i@: =M1 ⊂ M2 · · · ⊂
MKn

; i@�/eq©O�Äü«�¹: ÿÀ�.�ê�½, XKn = 20, ±9ÿÀ

�.�ê���þCz(Kn = [3n1/3]); (2)ÿÀ�.�i@, z�ÿÀ�.¥���

¹���Cþ. �©�Ä^c5��Cþ(Xj , j = 1, · · · , 5)�EÿÀ�., K��ÿ

À�.�ê�Kn = 25 − 1 = 31. µÿIOæ^IOzþ�Ø�(NMSE)

NMSE =
1

D

D∑
d=1

‖µ̂d − µd‖2/min
mse

,

Ù¥DL«Ì�gê(ùp�D = 200), µ̂dL«1dgÌ�¥µ��Oþ, min
mse
L«Ô«

�{¥éA���MSE�.

L1–L3©O�Ñ
P1C��ªe��{3ØÓ��þÚ�«R2��e¤��

�NMSE�¥ êÚþ�(P2C��ªe(Jaq,ùp�Ñ),Ù¥JMA�Jackknife

�.²þ�{, SAIC�1wAIC�.²þ�{, SBIC�1wBIC�.²þ�{,

EWL«��­, LML«��ÿÀ�., z�1�`��\çL«.

lL1–L3�wÑ, ØØÿÀ�.´Äi@, JMA�{éA�NMSEÑ´Ô«�

{¥���. ÿÀ�.i@�/e, ØJMA�{�	, SAIC, SBIC, EW �{Ly

���C, 
LM�{�Ly��. ÿÀ�.�i@��¹e, JMA�{Ly�Ð,


EWÚLM�{�X��þ�O�LyÅì�C, AICÚBIC�{KLy��.

d	, �
¦�[(J�\�¡��äk`Ñå, ·���Ä
£8Xê

�βj =
√

2/j2��¹, ùp��Ñ
P1C��ªeÿÀ�.i@��êCz�

�ýÿ(J(L4). lL4�wÑ, 3T«�[��e, �õê�¹eJMA�{�ý

ÿ�J�,�Ð, 3Ø´�`��¹�Ly��Ø�. ·���Ä
V��Ý¼

êg(v)���, P1C��ªeÿÀ�.i@��êCz��ýÿ(J(L5). L5Ó�

L²JMA�{��O�J´�Ð�. ?�Ú·��Ä
Ø�εÑlgdÝ�3�t©

Ù�, ���{¤éA�MSE �(L6). lL6��wÑJMA�{�ýÿLy3�õ

ê�¹eE´�Ð�, ù?�Ú�y
¤J�{�`û5. ·��ÏLò�ã5

Ð«
NMSE�Cz. ã1�ã5�w«
JMA�{��uÙ¦A«�{k�½`³,

�Ly'�­½.
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L 1. i@�¹eÿÀ�.�ê�½�, P1C��ª�NMSE(βj = 1/j2)

��þ R2 �{ JMA SAIC SBIC AIC BIC EW LM

Median 1.000 1.137 1.126 1.286 1.256 1.104 1.705

0.2 Mean 1.000 1.096 1.083 1.185 1.157 1.104 1.600

Median 1.000 1.171 1.150 1.343 1.236 1.174 1.766

100 0.4 Mean 1.000 1.119 1.107 1.224 1.177 1.111 1.603

Median 1.000 1.123 1.109 1.301 1.234 1.083 1.708

0.8 Mean 1.000 1.096 1.083 1.208 1.154 1.106 1.622

Median 1.000 1.019 1.014 1.089 1.084 1.026 1.351

0.2 Mean 1.000 1.027 1.023 1.084 1.075 1.032 1.317

Median 1.000 1.017 1.011 1.075 1.041 1.030 1.284

200 0.4 Mean 1.000 1.028 1.023 1.096 1.081 1.030 1.272

Median 1.000 1.024 1.021 1.095 1.061 1.019 1.317

0.8 Mean 1.000 1.025 1.021 1.078 1.071 1.032 1.309

L 2. i@�¹eÿÀ�.�êCz�, P1C��ª�NMSE(βj = 1/j2)

��þ R2 �{ JMA SAIC SBIC AIC BIC EW LM

Median 1.000 1.029 1.022 1.109 1.091 1.018 1.456

0.2 Mean 1.000 1.037 1.031 1.116 1.101 1.035 1.382

Median 1.000 1.065 1.058 1.197 1.170 1.067 1.430

100 0.4 Mean 1.000 1.053 1.047 1.155 1.123 1.042 1.403

Median 1.000 1.035 1.028 1.136 1.115 1.038 1.505

0.8 Mean 1.000 1.050 1.042 1.153 1.127 1.046 1.435

Median 1.000 1.046 1.043 1.103 1.098 1.041 1.305

0.2 Mean 1.000 1.018 1.014 1.080 1.069 1.016 1.261

Median 1.000 1.068 1.064 1.144 1.137 1.039 1.325

200 0.4 Mean 1.000 1.023 1.019 1.105 1.084 1.016 1.274

Median 1.000 1.007 1.005 1.060 1.058 1.016 1.279

0.8 Mean 1.000 1.022 1.018 1.090 1.076 1.018 1.270
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L 3. �i@�/eP1C��ªéA�NMSE(βj = 1/j2)

��þ R2 �{ JMA SAIC SBIC AIC BIC EW LM

Median 1.000 1.716 1.719 2.266 2.243 1.273 1.809

0.2 Mean 1.000 1.689 1.689 2.002 2.004 1.253 1.816

Median 1.000 1.702 1.706 2.214 2.238 1.261 1.802

100 0.4 Mean 1.000 1.625 1.623 1.955 1.955 1.238 1.744

Median 1.000 1.726 1.724 2.276 2.220 1.291 1.874

0.8 Mean 1.000 1.587 1.587 1.953 1.925 1.240 1.775

Median 1.000 1.809 1.809 2.331 2.337 1.409 1.396

0.2 Mean 1.000 1.764 1.766 2.040 2.042 1.365 1.381

Median 1.000 1.873 1.883 2.423 2.423 1.402 1.406

200 0.4 Mean 1.000 1.759 1.759 2.074 2.072 1.360 1.360

Median 1.000 1.825 1.827 2.443 2.443 1.402 1.396

0.8 Mean 1.000 1.805 1.805 2.114 2.135 1.378 1.386

L 4. i@�¹eÿÀ�.�êCz�, P1C��ª�NMSE(βj =
√

2/j2)

��þ R2 �{ JMA SAIC SBIC AIC BIC EW LM

Median 1.013 1.004 1.000 1.139 1.085 1.005 1.388

0.2 Mean 1.000 1.009 1.004 1.088 1.069 1.013 1.286

Median 1.031 1.043 1.040 1.187 1.166 1.000 1.278

100 0.4 Mean 1.000 1.010 1.005 1.108 1.098 1.002 1.261

Median 1.000 1.036 1.030 1.088 1.072 1.010 1.347

0.8 Mean 1.000 1.013 1.008 1.084 1.075 1.011 1.287

Median 1.014 1.002 1.000 1.085 1.060 1.003 1.231

0.2 Mean 1.000 1.006 1.005 1.061 1.047 1.004 1.172

Median 1.013 1.010 1.008 1.096 1.096 1.000 1.262

200 0.4 Mean 1.000 1.009 1.007 1.067 1.053 1.001 1.191

Median 1.000 1.009 1.006 1.069 1.061 1.010 1.187

0.8 Mean 1.000 1.009 1.006 1.073 1.067 1.010 1.204
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L 5. i@�¹eÿÀ�.�êCz�, P1C��ª�NMSE(g(v)��, βj = 1/j2)

��þ R2 �{ JMA SAIC SBIC AIC BIC EW LM

Median 1.000 1.100 1.090 1.232 1.156 1.129 1.649

0.2 Mean 1.000 1.088 1.079 1.197 1.172 1.084 1.565

Median 1.000 1.048 1.039 1.132 1.084 1.050 1.509

100 0.4 Mean 1.000 1.045 1.039 1.136 1.103 1.056 1.475

Median 1.000 1.071 1.060 1.196 1.166 1.086 1.555

0.8 Mean 1.000 1.078 1.069 1.173 1.137 1.078 1.535

Median 1.000 1.077 1.067 1.148 1.122 1.065 1.405

0.2 Mean 1.000 1.053 1.049 1.143 1.126 1.044 1.383

Median 1.000 1.044 1.039 1.183 1.119 1.057 1.405

200 0.4 Mean 1.000 1.037 1.032 1.116 1.087 1.037 1.389

Median 1.000 1.095 1.082 1.156 1.154 1.082 1.424

0.8 Mean 1.000 1.045 1.040 1.143 1.122 1.045 1.393

L 6. �ÅØ�εÑlgdÝ�3�t©Ù�éA�MSE

��þ �{ JMA SAIC SBIC AIC BIC EW LM

Median 0.522 0.623 0.613 0.701 0.661 0.625 0.937

100 Mean 0.568 0.652 0.646 0.724 0.690 0.660 1.024

Optimal rate 0.620 0.015 0.075 0.200 0.050 0.040 0.000

Median 0.461 0.499 0.498 0.538 0.509 0.500 0.737

200 Mean 0.480 0.533 0.529 0.590 0.553 0.541 0.796

Optimal rate 0.525 0.005 0.115 0.225 0.065 0.065 0.000

5: Optimal rateL«�`Ç, �DgÌ�¥T�{éA�MSE���'~.

ã 1. i@�¹eÿÀ�.�ê�½�, P1C��ªe�NMSE(βj = 1/j2)
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ã 2. i@�¹eÿÀ�.�êCz�, P1C��ªe�NMSE(βj = 1/j2)

ã 3. �i@�/eP1C��ªéA�NMSE(βj = 1/j2)
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ã 4. i@�¹eÿÀ�.�êCz�, P1C��ªe�NMSE(βj =
√

2/j2)

ã 5. i@�¹eÿÀ�.�êCz�, P1C��ªe�NMSE(g(v)��, βj = 1/j2)

5 ¢~©Û

e¡^�©JÑ��.²þ�{5©Û2003cZF|æ<��èxN�

¥(NDHS)Â8�ZF|æ�Ök�Çêâ, [25,26]éTêâ?1LïÄ. TêâÌ

�'5�#å5(13–49�)9ÙfåèxG¹, Ù¥'u�Ö)��m�&EÌ�

5guéÙ1��N��¯. 
du¢#��Ï, ¬ÑyÃ{¼��Ö(�)��

m(±U�ü )��¹. Têâ¥e�Ök�u)3Ñ)���cü��, K)�
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�m�±(�*ÿ�; 
Ù¦�Lü���)��mÑ�±w�´«mI.í�ê

â. Ï�êâ¥k117 ��Ö3Ñ)��cü��Òk�
, ���(��)��

m, ÏdØ3�©ïÄ��S. ?�ÚíK�¹"����N�, �ª���êâ

¥�¹n = 5482�*ÿ.

�©'5��ACþ��Ö�)��m. CþDeath�L«5¼êδ, Death =

1L«T�N3ïÄ±Y��mSk�, Death=0L«T�N3ïÄ����,´

�¹�. �Ä4��Cþ: X1 = 1L«¯f3��Ñ), X1 = 0 L«Ø3��Ñ);

X2 = 1 L«I¯, X2 = 0L«å¯; X3 = 1 L«1��ÉLp���, X3 = 0 L

«1�vk�ÉLp���; X4 = 1 L«[ÌØ43¢½, X4 = 0 L«[ÌØ3

¢½. 3©Û¥, ·��âýÿCþ�üS(J�Äi@�.²þ�{. ò¢Sê

â©�Ôö8Ú�y8, Uì[60%n], [70%n], [80%n], [90%n]�IO5À�Ôö8

��þn0, �{ntest = n − n0���^5��y8. Äk^Ôö85?1�O, ,

��\�y8¥?1ýÿÚµ�, Ì�O�200g5�Ø�ÅØ��K�. ��, ^

8�z�þ�ýÿØ�(NMSPE)5µ����{�ýÿLy(�^z«�{éA

�MSPEØ±���MSPE, éA��MSPE��{��1).

lL7�(J�±wÑ, JMA�{éA�NMSPE´Ô«�{¥���, 
��

­!SAICÚSBIC�{�(J�C, AICÚBIC�.ÀJ�{�(J�C, ��ÿÀ

�.��{Ly��. T(Ø?�Ú�y
¤J�.²þ�{�±Jpýÿ°Ý.

L 7. ¢SêâeÔ«�{¤éA�NMSPE�

Ôö�� �{ JMA SAIC SBIC AIC BIC EW LM

Median 1.000 1.007 1.007 1.020 1.019 1.007 1.251

[60%n] Mean 1.000 1.007 1.008 1.021 1.020 1.008 1.250

Median 1.000 1.008 1.008 1.023 1.022 1.008 1.249

[70%n] Mean 1.000 1.008 1.008 1.023 1.022 1.008 1.250

Median 1.000 1.008 1.008 1.027 1.024 1.008 1.248

[80%n] Mean 1.000 1.008 1.008 1.028 1.026 1.008 1.249

Median 1.000 1.008 1.008 1.040 1.036 1.008 1.250

[90%n] Mean 1.000 1.010 1.010 1.042 1.039 1.010 1.249

6 (Ø�Ð"

�©Ì�ïÄ
\����m�.eyGêâ�Jackknife�.²þ�{, Äk

éyGêâ?1Ün�Ã C�, ,�Ú\í����yOK5À�ÿÀ�.�

�­. ¿y²
3�½��K5^�e, ¤J�.²þ�OþkìC�`5�. �

�ÏLê��[Ú¢y©Û`²
¤J�{�`û5.

d	, �©=='5
AFT�.eyGêâ��.²þ, ��ò¤J�{ÿÐ
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�Ù¦�ëê�., 'X: \5ºx�.!Ü©�5AFT�.!Ü©�5Cox�.!

�ëêC��.�. ��±�Ä�Cþ´p���/, ±9òyGêâÿÐ�«

mII.í�êâ��, ù
Ñ´��?�ÚïÄ�¯K.

7 ½ny²

Äky²Ã C��Ün5. �
Ö�L§¥��B, ·�3y²L§¥��


e�I. �^�C5¤á�, ´�

E(Y ∗) =

∫ ∞
−∞

∫ ∞
y

ϕ1(v)dG(v)dF (y) +

∫ ∞
−∞

∫ y

0

ϕ2(v)dG(v)dF (y)

=

∫ ∞
−∞

∫ ∞
y

ϕ1(v)g(v)dvdF (y) +

∫ ∞
−∞

∫ y

0

ϕ2(v)g(v)dvdF (y)

=

∫ ∞
−∞

∫ ∞
y

ϕ1(v)g(v)dvdF (y) +

∫ ∞
−∞

∫ y

0

ϕ1(v)g(v)dvdF (y) +

∫ ∞
−∞

∫ y

0

dvdF (y)

=

∫ ∞
−∞

∫ ∞
0

ϕ1 (v) g (v) dvdF (y) +

∫ ∞
−∞

∫ y

0

dvdF (y)

= 0 +

∫ ∞
−∞

ydF (y) = E(Y ).

Ù¥g(v)´V��Ý¼ê, G(v)´V�©Ù¼ê, F (y)´Y�©Ù¼ê. ù�(Ø`²

3é�ACþT�éê�, éA�Ã C��,¤á. y..

½n1�y²Ì�ë�[6], �©�®kïÄ�Ì�«O´�ACþ�*ÿ´í

��, 
3�.(1)b�e, é�ACþY�Ã C�¿ØK�y²¥¤I^��¤

á. Ïd�©�Ñ{��y²L§, �®kïÄ�q�Ü©Ø2Kã.

½Âλmax(·)�Ý
���ÛÉ�, Pké¡���, ���

λmax(Ω) = O(1), λmax(Pk) ≤ 1, sup
w∈Hn

λmax(A(w)) ≤ 1 + 1 = 2,

�ârk = rank(Xk), ���trace(Pk) = rk, trace(P Tk Pk) ≤ rk. �â^�C4�

� max
1≤k≤Kn

max
1≤i≤n

pkii ≤ cn−1 max
1≤k≤Kn

rk ≤ cn−1r̄. ½ÂQk�n× n��é�Ý
, λmax(Qk)

= max
1≤i≤n

(Qk
ii) = max

1≤i≤n
pkii

1−pkii
, �â^�C2�� sup

w∈Hn

λmax(V (w)) ≤ Op( r̄n).

®�Dk = 1
1−pkii

,KDk−In = 1
1−pkii

− 1−pkii
1−pkii

= pkii
1−pkii

,���Dk = In+Qk. ²O��

�P̃k = Pk−QkAk, P̃ (w) = P (w)−Q (w)A (w). ½ÂVk = QkAk, V (w) =
Kn∑
k=1

wkVk,

A (w) =
Kn∑
k=1

wkAk, KJackknifeOK(2)�U��

CVn (w) = Y ∗TA(w)
T
A (w)Y ∗ + Y ∗TD (w)Y ∗,
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Ù¥D (w) = A(w)
T
V (w) + V (w)

T
A (w) + V (w)

T
V (w). ?�Ú��

CVn (w) =Ln (w) + ‖ε∗‖2 + 2µTA (w) ε∗ − 2ε∗TP (w) ε∗

+ µTD (w)µ+ ε∗TD (w) ε∗ + 2µTD (w) ε∗,

d?‖ε∗‖2�wÃ'. Ïd�y½n1¤á, �Iy²�n→∞�, Xeªf¤á

sup
w∈Hn

|µTD(w)µ|/Rn(w)
p→ 0, (4)

sup
w∈Hn

|ε∗TD(w)ε∗|/Rn(w)
p→ 0, (5)

sup
w∈Hn

|µTD(w)ε∗|/Rn(w)
p→ 0, (6)

sup
w∈Hn

|µTA(w)ε∗|/Rn(w)
p→ 0, (7)

sup
w∈Hn

|ε∗TP (w)ε∗|/Rn(w)
p→ 0, (8)

sup
w∈Hn

∣∣∣Ln(w)

Rn(w)
− 1
∣∣∣ p→ 0. (9)

�â^�C2�� sup
w∈Hn

λmax(D(w)) ≤ Op(
r̄
n

), �X�â^�C1–C4¿ë�[6]�yú

ª(4)–(9)¤á, =�y²½n1¤á, äNy²L§d?�Ñ. y..
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The Jackknife Model Averaging of Accelerated Failure

Time Model with Current Status Data
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Abstract This paper studies the jackknife model averaging method of the accelerated

failure time model with current status data. Firstly, through the unbiased transfor-

mation, we can obtain the LSE of regression parameters. Then the delete-one cross

validation criterion is introduced to select the weights of candidate models, and under

some regularity conditions, the asymptotic optimality of the model averaging estimator

is established. Numerous simulation results show that the proposed method is superior

to other existing model averaging and model selection methods in terms of prediction

performance. Finally, we applied the proposed method to the NDHS data, and the real

data also verify the excellent properties of the proposed method.
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