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â�?�ÚmuÚ|^, Ø|u�äN��uÐ. Ïd, XÛ)û�VÇÄ��ÚOíä¯

K, AO´ÿÀöêâ¥�äN��ÚOíä¯K, ´�äN�uÐ�½�I¦.

8cI	®k�
ïÄöéÿÀöêâ¥�äN���VÇÄ�ÚOíä?1
ï

Ä, 
IS'uù�¡�ïÄé�. Lee [2] ò���©N���ON��(Ü, ÁãO�D

Ú�¯�N�, ~���Å��ÀJÚÿÀöêâ¥�äN�CXØ�¤��� �. Lee

� Valliant [3]JÑÄkïá���©�.?1���©N�, ,�?1�ON�¼��ª

�N��ê, ��|^TN��êé�äÿÀöêâ¥�N���?1\�N�5�Oo

N. ValliantÚ Dever [4](Ü�äÿÀöêâ¥�ë���, ïá���.5�O¤��¶

�äN���ö�VÇ=���©, ��|^�O����©?1\�N�5�OoN.

±þïÄ�´3�OL§¥¦^
�'�VÇ��, �ª��O�¦^
ÿÀöêâ¥�

äN��êâ, VÇ���&E|^Øv. ElliottÚ Haviland [5] òVÇ����VÇ��

(Ü�EÑ��|Ü�O, Ù�Ð´ü���þ��\�²þ, ¿¦^ü����êâ�

OoN. ,
, ¦�¤JÑ�|Ü�O��{IO �k', 
��y�{IO ��O�

°ÝÒI�VÇ�����þ'��, ùÒ¿�X�VÇ�����þ'���, ¦�¤

JÑ��O°ÝØp. Elliott [6] ?�ÚJÑò�VÇ���VÇ��(Ü, �â��d½

né�VÇ���E��ê, ¿|^ü���êâ�Ó�OoN, ¦¤JÑ��{�'Ú

Oþ� ��þ�Ø�k¤~�, �O°Ýk¤Jp. 4Ð�7]? [7] JÑò�ä�¯�

½���N����VÇ��(Ü, |^���©_\�Ú\�|N��E��ê, ¿|

^ü���êâ5�OoN, ïÄ(JL²ÃØVÇ�����þ��, ¦�¤JÑ�o

Nþ��O�{�J�Ð, �O°Ý�p. ,
, ±þ¤JÑ���ê�EþÉ�VÇ��

Ä��K�. Äud, �ïÄJÑÄu�oN��O�|Ü���ÿÀöêâ¥�äN�

�íä�{, =l�oN��ÝÑu, é�äÿÀöêâ¥�N��� (�VÇ��)ïá

�oN�.5�E��ê, ¿|^�VÇ���VÇ���êâ�Ó�OoN, ù�´I

S	�'ïÄ©z�Q�9����¡. �©¤JÑ���ê�EØ¬É�VÇ��Ä�

�K�, �EL§{ü��ö�5�r.

§2. Äu�oN���ê�E

3�oN�.�{¥, a,��Cþ�@�´��Ñl,�©Ù��ÅCþ, =oN

��´�Å�, ¿b½k�oN�,���oN��g�Å¢y, =b½oN����o

N�.¥�����. 3oN��Q½��¹eÄ��� (Ø�½´�ÅÄ��), ¿�â

Ä����ïá��ÚO�.[Ü8ICþ Y , ���â Y �©Ù= f(Y |X; Θ), Ù¥ X

���þ, Θ�ëê, d��íäoN. �oN�.�{��Å55
uCþ��
�Ä�

L§, íä¿Ø�¦Ä�ü���Å5, �I�é�.?1b½. 3�½��.b½e, �

âéÜ©Ù&¢Ä¥���ü����Ä¥���ü��m�'X, ïá�oN�., 2

ÏLÂ8���êâ5�O (ýÿ)��Ä¥���ü�, l
��oN��O. ���¹



1 3Ï 4Ð, �Cw: Äu�oN��O�|Ü���ÿÀöêâ¥�äN��íäïÄ 223

e, �y¤ïá��oN�.ýé�(´éJrº�, I��â¼����êâé�.?

1u�, �k��.u�ÏL��¹e, â�±¦^T�..

�oN�.�{���ÀJ (Ä�)Å�aqu"�êâ�"�Å�, ��©���Ñ

�ÀJÅ�ÚØ��Ñ�ÀJÅ�. XJ f(δS |Y,X; Φ) = f(δS |X; Φ), =oNü�?\�

� S �VÇØ�6u Y , K���Ñ�ÀJÅ�, ÄK�Ø��Ñ�ÀJÅ�. Ù¥, δS �

oNü�´Ä3�� S¥�«5Cþ, Φ�ëê. XJ´��Ñ���ÀJÅ�, �±�â

��êâ��ïá Y � X ��., ¿�âT�.5íäoN. XJ´Ø��Ñ���ÀJ

Å�, K���ÀJØ=� X k'��U���O� Y k', d�ïá�.�é5`��

(J. éuVÇ��, du�?1Ä��O5¼�, Ù�Å©ÙÉÄ�ö���, ¤±  

�±ÏLÄ��O����Ñ���ÀJÅ�. éu�VÇÄ�, k�
8�5��VÇ

��´��Ñ���ÀJÅ�. 'X, {IU
&E+nÛÄ�
äk�� x�� n�ü

�|¤��VÇ��, ±9 RoyallJÑ�Äu�CþoNÝ (Xþ�!��)�²ïÄ�,

Ñáu��Ñ���ÀJÅ�. ,
, ��ü�ÀJ¿vkÉ�éÐ����
�VÇ�

��UÒØ´��Ñ���ÀJÅ�, d��±òÄu���©��O��{Ú�oN�

{(Ü. �©b½�VÇ���ÀJ���Ñ���ÀJÅ�.

�oN�.�{¥��ü�����ü� (oN¥Ø3��¥�ü�) ��./ª

�U�Ó��UØÓ. 8ICþ Y �±�â��ü�Ú���ü�y©�ü�Ü©, =

Y = (YS , YS), Ù¥ S L«Ø3��¥�ü�8Ü, Kk f(Y |X; Θ) = f(YS |YS , X; Θ)

·f(YS |X; Θ). XJ f(YS |YS , X; Θ) = f(YS |X; Θ), K YS � YS 3��þ X �^�e´

Õá�, d�k

f(Y |X; Θ) = f(YS |X; Θ)f(YS |X; Θ). (1)

XJÄu�.�íä8I´ëê Θ, �=Äu f(YS |X; Θ)=Äu��ü�ïá�.5�

Oëê. ,
, XJ´é���oN Y ?1íä, KI��O f(YS |X; Θ), =�â���

ü�ïá�.5�O YS , l
��oN Y ��O Ŷ = YS + ŶS . XJ f(YS |X; Θ)��.

/ª� f(YS |X; Θ)��./ª�Ó, K�â S ��ü�ïá��.Ò�±��^uýÿ

���ü�þ� YS . XJ f(YS |X; Θ)��./ª� f(YS |X; Θ)��./ªØ�Ó, K

�I��â���ü�ïá�.5�O YS , ,
���ü�´Ø3��¥�ü�, ´��

�, J±�ï�.�O, �ÒJ±íä��oN
. �©b½ f(YS |X; Θ)��./ª�

f(YS |X; Θ)�Ó. 3ù«b½e, ��ü�����ü�ÑÑlÓ���., �.�ëê

�d��ü�êâ5�O, ,�|^T�.é���ü�?1ýÿ, �ª¢yoN��O.

3±þb½e, XJk���äÿÀöêâ¥�N��� S1 Ú���'VÇ�� S2,

Ù¥ S1 �l�äÿÀöêâ¥¥�ÅÄ����, X �ü����Ó���þ. S1 ��

þ��VÇ��, Ùü��ÀJVÇ��!�ê��, I�é S1 ü��E�ê, Ï�T�

ê��E�, Ø´ý¢�, Ø�¡Ù���ê. y3�ÄXÛïá�oN�.5��äÿÀ

öêâ¥�N��� S1 (��þ� n1)ü��E��ê. b�oN1 i�ü��8ICþ

� Yi, Ù p����þ� Xi = (Xi1, Xi2, . . . , Xip), i = 1, 2, . . . , N , N �oNü��ê. �
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�þ�oNoþ� TU = (TX1, TX2, . . . , TXp)
′, Ù¥ TXj =

N∑
i=1

Xij , j = 1, 2, . . . , p. �é Yi

�þ�ïá��'u Xi��5£8�.Xe:

EM (Yi) = Xiβ, (2)

VM (Yi) = vi, (3)

Ù¥ β = (β1, β2, . . . , βp)
′ �£8Xê, vi ���ëê, eIM ¿�X'u�.�Ï". é

u�äÿÀöêâ¥�N��� S1, ��þ� n1, b�Ù��þ�oNoþ TU ®�, �

ïáþã�oN£8�., £8Xê��O� β̂ = (X ′S1
XS1)−1X ′S1

YS1 , XS1 ��� S1 ü

�� n1 × p���CþÝ
, YS1 ��� S1 ¥� n1 �� Y �þ. d�oN£8�.=�

ýÿØ3�� S1¥ü�� Y �, = Ŷi = Xiβ̂, l
���oNoþ��O�

T̂ =
∑
i∈S1

Yi +
∑
i 6∈S1

Ŷi

=
∑
i∈S1

Yi +
∑
i 6∈S1

(Xiβ̂) =
∑
i∈S1

Yi + (TU − TS1)′β̂

=
∑
i∈S1

Yi + (TU − TS1)′(X ′S1
XS1)−1X ′S1

YS1

=
∑
i∈S1

Yi + (TU − TS1)′(X ′S1
XS1)−1

∑
i∈S1

(XiYi)

=
∑
i∈S1

[1 + (TU − TS1)′(X ′S1
XS1)−1Xi]Yi =

∑
i∈S1

w1iYi, (4)

Ù¥ w1i = 1 + (TU − TS1)′(X ′S1
XS1)−1Xi, TS1 ��� S1 ¥ X �oþ (Ú). (4)ª¥�o

Noþ�À� Yi �\�Ú, ü� i��ê� w1i, =�EÑ
�� S1 ü����ê. 3Ä

u�oN�{�EÑ�äÿÀöêâ¥�N��� S1 ü����ê��, ò�äÿÀö

êâ¥�N��� S1 �VÇ�� S2 (Ü, é�äÿÀöêâ¥�N������êÚV

Ç���Ä:�ê?1IOz [7], ���ª�|Ü��ü���ê. ±þ��ê´ÏL�

oN��{�E�, �¡���oN��O�{. I�5¿�´, �oN�5£8�.[Ü

��Ð, X é Y �)º§Ý�p, ����O�J��Ð.

§3. oNþ��O����O

3Äu�oN�{�E��äÿÀöêâ¥�N�����ê w1i = 1 + (TU − TS1)′

·(X ′S1
XS1)−1Xi�Ä:þ, �ÄoN5� N ®���¹. �â�VÇ�� S1���ê w1i

�,��VÇ�� S2 �Ä:�ê w2j , 2(Ü|Ü��êâ, �ª���oNþ���O

� Ŷ = n1Ŷ 1/(n1 +n2) +n2Ŷ 2/(n1 +n2) (í��ª�©z [7]), Ù¥ Ŷ 1 =
n1∑
i=1

(w1iY1i)/N ,

Ŷ 2 =
n2∑
j=1

(w2jY2j)/N , Y1i!Y2j ©O� S1� S2�8ICþ�, n1!n2©O� S1� S2��
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�þ. Ï�oN5� N ®�, d? Ŷ 1 � Ŷ 2 �/ª¢Sþ´^ N O�oN5�����

©1
n2∑
j=1

w2j ½
n1∑
i=1

w1i
��.

éuoNþ��O����O, du�VÇ�� S1�VÇ�� S2´©OÕáÄ��,

¤±k

Var (Ŷ ) =
( n1
n1 + n2

)2
· Var (Ŷ 1) +

( n2
n1 + n2

)2
· Var (Ŷ 2). (5)

Var(Ŷ1)�Äu�oN�.�O���, ��â�oN�.í�¦Ñ.äN/, éuVar(Ŷ1),

�â Valliant�< ([8; Chap. 5])£ã��{, ��

T̂ − T =
∑
i∈S1

w1iYi −
∑
i∈U

Yi =
∑
i∈S1

w1iYi −
( ∑

i∈S1

Yi +
∑

i∈U−S1

Yi

)
=
∑
i∈S1

(w1i − 1)Yi −
∑

i∈U−S1

Yi =
∑
i∈S1

aiYi −
∑
i∈S1

Yi, (6)

Ù¥ T � Y �oNoþ, ai = w1i − 1, S1 = U − S1. dd��oNoþ�O T̂ �ýÿ�

��

VM (T̂ − T ) =
∑
i∈S1

a2i vi +
∑
i∈S1

vi. (7)

du ai =O(N/n1),
∑
i∈S1

a2i vi =n1 · O(N2/n21) =O(N2/n1),
∑
i∈S1

vi =O(N − n1), 
 N2/n1

·[1/(N − n1)] ≈ N/n1, ¤±�oN�Ä�'���,
∑
i∈S1

vi �éu
∑
i∈S1

a2i vi Ò'��, �

±�ÑØO, = VM (T̂ − T ) ≈
∑
i∈S1

a2i vi, l
���oNoþ�O����O� V̂M (T̂ ) ≈∑
i∈S1

a2i v̂i, ?�Ú���oNþ��O����O� V̂M (Ŷ 1) ≈ N−2
∑
i∈S1

a2i v̂i. Ù¥ v̂i �

�âí� ei = Yi −Xiβ̂ 5�O, Ì�kn«�{: (i) v̂i = e2i ; (ii) v̂i = e2i /(1 − hii); (iii)

v̂i = [ei/(1−hii)]2, Ù¥ hii�ü� i�\m�, �lfÝ
H = XS1(X ′S1
XS1)−1X ′S1

�é

��þ���. dþ�O�Ñ Var (Ŷ 1)��O, = V̂M (Ŷ 1).

éu Var (Ŷ 2), du S2 �VÇ��, Var (Ŷ 2)��O´¦. 3O�Ñ Var (Ŷ 1)��O

V̂M (Ŷ 1)Ú Var (Ŷ 2)��O V̂ (Ŷ 2)��Ò���oNþ��O����O�

V̂ (Ŷ ) =
( n1
n1 + n2

)2
· V̂M (Ŷ 1) +

( n2
n1 + n2

)2
· V̂ (Ŷ 2). (8)

XJ�� S2 �Ø�£�{ü�Å��, K Ŷ 2 ����O� V̂ (Ŷ 2) = (1 − f)s2/n2, Ù¥

f = n2/N ��� S2 �Ä�', s2 ��� S2 �����. ò V̂M (Ŷ 1)� V̂ (Ŷ 2)�äNL

�ª�\ (8)ª, ��oNþ��O����O�

V̂ (Ŷ ) =
( n1
n1 + n2

)2
· V̂M (Ŷ 1) +

( n2
n1 + n2

)2
· V̂ (Ŷ 2)

≈
( n1
n1 + n2

)2
·

∑
i∈S1

a2i v̂i

N2
+
( n2
n1 + n2

)2
· 1− n2/N

n2
s2
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=
1

(n1 + n2)2N2

[
n21
∑
i∈S1

a2i v̂i +Nn2(N − n2)s2
]
. (9)

3ùp, òæ^ v̂i = e2i! v̂i = e2i /(1 − hii)! v̂i = [ei/(1 − hii)]2, ¿�â (9)ªO����

O V̂ (Ŷ )��{©O{P� VM1!VM2� VM3�{.

�d®doNþ��O Ŷ �L�ª Ŷ = n1Ŷ 1/(n1 + n2) + n2Ŷ 2/(n1 + n2)��í�

Ñ
���Oª. d��U¬�)��¦¯, ���©��O [7]��oN��O�{��

�oNþ��O�L�ªÄ��Ó, �´ Ŷ 1¥���êØÓ, @o���©��O�{¥

´Ä��ÏL Ŷ �L�ª��í�Ñ���Oª? �±w�, eÏL Ŷ �L�ªí��

��O, I�O� V̂ (Ŷ 1)Ú V̂ (Ŷ 2), du S2�VÇ��, ¤±ü«�{¥ V̂ (Ŷ 2)ÑN´O

�, '�´ V̂ (Ŷ 1)�O�. ��¡, du���©��O¥��ê��EL§�éu�o

N�{5`��E,, ��ê�|¤¤©�õ�,, {ü/�â�ÅÄ�íänØO�Ñ

����O V̂ (Ŷ 1)�U¿ØU�NÑ��ê�E�E,L§, �ØU)º�VÇ��¥

��ê�O�Ä�CÄ5, �O�J�UØÐ. ,��¡, �oN��O�{¥��ê��

E´3�VÇ��S1þïá�oN�.5�E�, ¿Ø�6ÄuÄ��OÄ��VÇ�

�S2 (�´�ªoN�O�¦^� S2�êâ), éÄ��CÄØ¬é¯a, 
�Äu�.�

íä®k�½�nØÄ:, �±���â�.íänØO�Ñ Ŷ 1 ����O V̂ (Ŷ 1). Ï

d, ���©��O¿Ø·ÜÏL Ŷ �L�ª��í�Ñ���Oª. d	, �
?�Ú

&¢���O��J, 3�[Ú¢yïÄ¥Ó�æ^ BootstrapÚ Jackknife�{5O��

��O.

§4. �[ïÄ

�
ïÄ¤JÑ��O�{��J, y?1�[ïÄ. 3�[¥, )¤��5��

N = 10 000�k�oN, ù�k�oN´l��Ã�oN¥�)�, TÃ�oN��Cþ

�8ICþ�©Ù©O�

Xi ∼ exp(5.5); Yi = 4.5Xi + ei; ei ∼ N(1.5, 4.5),

�Cþ Xi �^u�oN�.�ïá. lk�oN¥Ø�£{ü�ÅÄ�M = 5 000��

�, ÀÙ��äÿÀöêâ¥ V . 3oNÚ�äÿÀöêâ¥�½��¹e, ©OloNÚ

�äÿÀöêâ¥¥Ø�£{ü�ÅÄ� n2 = 100, 200, 500, 1 000, 1 500���VÇ�

� S2 ÚéA� n1 = 150, 300, 750, 1 500, 1 800����� S1 (�äÿÀöêâ¥�N�

��), ­EÄ� S1Ú S2 1 000g (B = 1 000), �� 1 000|�AkÛ��. 3z|�Ak

Û��þ, é�äÿÀöêâ¥�N��� S1 ïá�oN£8�., ¿O�Ñ S1 ��ü

���ê w1i = 1 + (TU − TS1)′(X ′S1
XS1)−1Xi. dud?ïá��oN�.����5£

8�., � S1 ¥1 i�ü���ê� w1i = 1 +
( N∑
i=1

Xi −
n1∑
i=1

Xi

)( n1∑
i=1

X2
i

)−1
Xi. ��, ò
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S1� S2(Ü, ¿|^|Ü��êâ�OoNþ� Ŷ = n1Ŷ 1/(n1 + n2) + n2Ŷ 2/(n1 + n2),

?�ÚO� 1 000|�AkÛ��þoNþ��O Ŷ �þ�!��!�é � (relative

bias, {P� RB)�þ�Ø�. �é ��: RB(%) = 100× (θ̂ − θ)/θ, Ù¥ θ���O�

ý¢ëê, θ̂� θ����O, θ̂� 1 000���þ θ̂�þ�, �é ���, �O��J�

Ð. �
Bu'�, Ó��w Ŷ 1� Ŷ 2�(J, �L 1.

L 1 Äu�oN��O�|Ü���oNþ��O��[(J

þ� �� �é � (%) þ�Ø�

Ŷ 0.80706 0.01165 0.24671 0.01164

n1 = 150, n2 = 100 Ŷ 1 0.81406 0.01360 1.11581 0.01366

Ŷ 2 0.79657 0.04466 -1.05694 0.04468

Ŷ 0.80959 0.00531 0.56006 0.00532

n1 = 300, n2 = 200 Ŷ 1 0.81127 0.00645 0.76882 0.00648

Ŷ 2 0.80706 0.02031 0.24692 0.02029

Ŷ 0.80942 0.00223 0.53917 0.00224

n1 = 750, n2 = 500 Ŷ 1 0.81227 0.00220 0.89400 0.00225

Ŷ 2 0.80513 0.00884 0.00694 0.00883

Ŷ 0.80761 0.00104 0.31468 0.00104

n1 = 1 500, n2 = 1 000 Ŷ 1 0.80930 0.00097 0.52451 0.00099

Ŷ 2 0.80508 0.00422 -0.00007 0.00422

Ŷ 0.80691 0.00075 0.22714 0.00075

n1 = 1 800, n2 = 1 500 Ŷ 1 0.81078 0.00070 0.70889 0.00073

Ŷ 2 0.80225 0.00247 -0.35096 0.00248

dL 1�±w�ÃØ��þ��, =|^�VÇ�� S1 ½VÇ�� S2 ±9(Ü S1

� S2 ���oNþ��Oþ3 0.8NC, ��Ø�. 3��þ, =|^ S2 �oNþ��O

���3ØÓ���þ�¹eÑ´���, ¿� Ŷ! Ŷ 1! Ŷ 2 ���þ�X��þ�O�


~�. l�é �5w, � n1 = 150, n2 = 100Ú n1 = 1 800, n2 = 1 500�, Ŷ ��é

 �ýé�þ��, Ŷ 1 ��é �ýé�þ��; Ù¦��þ�¹e, Ŷ ��é �ýé

�þ?u Ŷ 1 Ú Ŷ 2 �m, Ŷ 1 ��é �ýé�Ñ´���. o�5w, ÃØ��þ��,

Ŷ! Ŷ 1! Ŷ 2 ��é �ýé�þ�u 2%,  ���, ¿��X��þ�O�, Ŷ ��é

 �ýé�Ä�¥eüª³. 3þ�Ø�þ, � n1 = 150, n2 = 100; n1 = 300, n2 = 200;

n1 = 750, n2 = 500�, Ŷ �þ�Ø�Ñ´���; �n1 = 1 500, n2 = 1 000Ú n1 = 1 800,

n2 = 1 500�, Ŷ 1 �þ�Ø�þ��, g��´ Ŷ , Ù� Ŷ 1 �þ�Ø���Ø� 0.0001,

A��Ó; ÃØ��þ��, Ŷ 2 �þ�Ø�Ñ´���, `²Äu�oN��OÚ|Ü�

��oNþ��O��Ç�p, =|^VÇ���oNþ��O��Ç�$. d	, �X�
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�þO�, Ŷ!Ŷ 1!Ŷ 2 �þ�Ø�þÅì4~, L²�X��þO�n��Oþ��O�

ÇþÅìJp. l�é �Úþ�Ø�nÜ5w, Äu�oN��OÚ|Ü���oNþ

��O�J�Ð.

Ø
:�O, Ó��Ä���O. 3z|�AkÛ��þ, �â (9)ªO�ÑoNþ

��O����O, Ø�P� V̂M (Ŷ ), Ù¥ (9)ª¥� v̂i æ^n«�{: v̂i = e2i! v̂i =

e2i /(1 − hii)Ú v̂i = [ei/(1 − hii)]2 5O�, ùp hii = X2
i

/ n1∑
i=1

X2
i . Ó�, æ^ Bootstrap

Ú Jackknife�{5O����O. |^ Bootstrap�{�O���, �
;�­EÄ��

�Ä�� S1 ½ S2 ���, ©O3 S1!S2 ¥Ø�£{ü�ÅÄ���þ� n1/2Ú n2/2

�ü���|Ü��� Bootstrap��, ,��£���2¦^Ó���{­#Ä���

Bootstrap��, �Ä� 100g, �� 100� Bootstrap��, 3ù 100� Bootstrap��

þO����O. |^ Jackknife�{�O���, ò�� S = S1 ∪ S2 y©¤ 5��Å

|. BootstrapÚ Jackknife�{O�������O©OP� V̂bs(Ŷ )Ú V̂jk(Ŷ ). ��, 3

1 000|�AkÛ��þO����O�IOØ� (standard error, {P� SE), �é �

� 95%�&«mCXÇ (coverage rates of 95 percent confidence interval, {P� CR). �

��O�IOØ�´�AkÛ��������O�IO�Ø±�AkÛ���ê�²

��, = SE = S/
√
B, Ù¥ S =

√
B∑
b=1

[V̂b(θ̂)− V̂ (θ̂)]2
/

(B − 1), V̂ (θ̂) =
B∑
b=1

V̂b(θ̂)
/
B ©O

� 1 000���þ���O�IO��þ�, IOØ���, ���O���Ý��. ��

�O��é ��: RB(%) = 100× [V̂ (θ̂)−MSE(θ̂)]/MSE(θ̂), Ù¥MSE(θ̂)� 1 000��

�þ8IoNþ��O�þ�Ø�, �é ���, ���O��J�Ð. ���O� 95%

�&«mCXÇ� 1 000���¥÷v |θ̂−θ|
/√

V̂ (θ̂) 6 1.96����ê¤Ó�z©',C

XÇ��Cu 95%, ���O��J�Ð. �ªO�(J�L 2, ùp V̂M1(Ŷ )! V̂M2(Ŷ )!

V̂M3(Ŷ )©OL«æ^ v̂i = e2i! v̂i = e2i /(1− hii)Ú v̂i = [ei/(1− hii)]2O�����O.

dL 2��, ÃØ��þ��, IOØ��$�´æ^ VM1�{������O, �

p�´ Jackknife���O, o�5wÊ����O�IOØ�þ�~�Cu 0, ��Ýþ

'�p, �þ�X��þ�O�
~�. l�é �5w, � n1 = 150, n2 = 100�, Ê�

���O��é �ýé�þ�u 10%, Ù¥ V̂M1(Ŷ )��é �ýé���, V̂jk(Ŷ )�

�é �ýé���;� n1 = 300, n2 = 200�,=k V̂M1(Ŷ )��é �ýé�$u 10%,

Ù¦���O��é �ýé�þpu 10%; � n1 = 750, n2 = 500�, V̂jk(Ŷ )��é 

�ýé��u 10%, Ù¦���O��é �ýé�þ�u 10%, � V̂M1(Ŷ )!V̂M2(Ŷ )Ú

V̂M3(Ŷ )��é �ýé�Ø� 2%; � n1 = 1 500, n2 = 1 000Ú n1 = 1 800, n2 = 1 500

�, V̂M1(Ŷ )! V̂M2(Ŷ )Ú V̂M3(Ŷ )��é �ýé�þ�u 4%, V̂bs(Ŷ )Ú V̂jk(Ŷ )��é

 �ýé�þ�u 10%,  ���. o�5w, ÃØ��þ��, V̂M1(Ŷ )��é �ýé

�þ$u 10%,  ���. 3 95%�&«mCXÇþ, � n1 = 150, n2 = 100; n1 = 750,

n2 = 500Ú n1 = 1 500, n2 = 1 000�,CXÇ�p�þ�Bootstrap���O,�'��C

95%, Cqu��CX, Ùg´ V̂M1(Ŷ )!V̂M2(Ŷ )Ú V̂M3(Ŷ ), CXÇ�$�Ñ´ Jackknife



1 3Ï 4Ð, �Cw: Äu�oN��O�|Ü���ÿÀöêâ¥�äN��íäïÄ 229

L 2 Äu�oN��O�|Ü������O��[(J

V̂M1(Ŷ ) V̂M2(Ŷ ) V̂M3(Ŷ ) V̂bs(Ŷ ) V̂jk(Ŷ )

SE 5.93603e-05 6.17108e-05 6.44271e-05 8.65833e-05 2.98546e-04

n1 = 150, n2 = 100 RB (%) 1.39009 2.88442 4.49552 7.01908 7.25730

CR (%) 94.8 94.90 95.00 95.00 87.80

SE 1.95905e-05 1.99543e-05 2.03449e-05 3.52039e-05 0.00014

n1 = 300, n2 = 200 RB (%) 9.43243 10.23632 11.07073 15.58569 17.12736

CR (%) 96.00 96.40 96.50 96.30 90.50

SE 4.54482e-06 4.58134e-06 4.61897e-06 1.16925e-05 5.73502e-05

n1 = 750, n2 = 500 RB (%) -1.42167 -1.13965 -0.85331 9.34029 10.23809

CR (%) 94.10 94.10 94.10 95.30 88.50

SE 1.32106e-06 1.32570e-06 1.33042e-06 5.77307e-06 2.82666e-05

n1 = 1500, n2 = 1 000 RB (%) -3.48277 -3.35363 -3.22351 16.85805 20.00666

CR (%) 93.90 93.90 93.90 95.50 89.50

SE 8.34094e-07 8.36128e-07 8.38187e-07 4.42997e-06 2.28913e-05

n1 = 1 800, n2 = 1 500 RB (%) 0.22991 0.32442 0.41952 27.61355 31.53672

CR (%) 95.60 95.60 95.60 97.60 91.30

���O; Ù¦��þ�¹eCXÇ��C 95% �þ� V̂M1(Ŷ ), CXÇ�$�E,´

Jackknife���O. oNþØ
 Jackknife���O	Ù¦���O�CXÇþ3 93%�

98%�m, äk�Ð��&«mCX. l�é �Ú 95%�&«mCXÇü��¡5w,

`k�Ä V̂M1(Ŷ ), Ùg´ V̂M2(Ŷ )Ú V̂M3(Ŷ ), V̂jk(Ŷ )��O�J��.

§5. ¢y©Û

æ^ 2014c{I1�ºxÏ�iÿN�êâ (e1�� http://www.cdc.gov/BRFSS),

éÄu�oN��O�|Ü����VÇÄ�íä�{?1¢y©Û. À�Cþ�z

U²þZ��m (SLEPTIM1)!L�´Äk³��X (ADDEPEV2), ±9�ä¦^C

þ (INTERNET)� 3�Cþ, 3�K"�!“Ø��”½ “áý”��Y�ü��, �e

445 744 �ü�. Ù¥, zU²þZ��m��� 1 – 24 ��, L�´Äk³��X��

� 1½ 2, òÙ=�¤ 0½ 1, 0L«vk, 1L«k. b�T 445 744�ü��¤8IoN

(N = 445 744), Ù¥L�´Äk³��X�8ICþ, zU²þZ��m��Cþ, ¿�L

�´Äk³��X�þ�, =k³��X�<¤Ó�'~� 0.19109, ��� 0.15458. Äk

l8IoN¥Ø�£{ü�ÅÄ�����þ� 200�VÇ�� S2 (n2 = 200), Ù��ü

��Ä:�ê� w2i = N/n2, i = 1, 2, . . . , n2. ò 445 744�ü�¥¦^�ä�ü�À��
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äÿÀöêâ¥, ¿l�äÿÀöêâ¥¥Ø�£{ü�ÅÄ� 300�ü�, ���äÿ

Àöêâ¥�N��� S1 (n1 = 300). du�äÿÀöêâ¥´¦^�ä�oNü�, 2

l¥�ÅÄ�ü����äÿÀöêâ¥�N��� S1, S1=��VÇ��, l��Ä�

�L§�±w����ÀJ�8ICþ¿Ã'X, ¿Ø�6u8ICþ, T��ÀJÅ�

áu��Ñ�ÀJÅ�.

3¢yïÄ¥À�L�´Äk³��X�8ICþ Y , zU²þZ��m��C

þ X, Uì���ÚO5Æ, ´Äk³��X�zU²þZ��m�'XAT´�½

�, Ïdéu��ü�����ü�5`, ´Äk³��X�zU²þZ��m�m

'X��.AT´�Ó�, ��©c¡�b½�Î. dd��â�äÿÀöêâ¥�

N��� S1 ïá´Äk³��X�zU²þZ��m��oN£8�., l
�E

Ñ S1 ���ê, ��ò S1 � S2 (Ü, |^|Ü��êâO���oNþ���O

Ŷ = n1Ŷ 1/(n1 + n2) + n2Ŷ 2/(n1 + n2). ­EþãL§ 1 000g, �� 1 000�oNþ��

O Ŷ , ��O� 1 000�oNþ��O Ŷ �þ�!��!�é ��þ�Ø�. �
Bu

'�, Ó�O�=|^�VÇ�� S1 ½VÇ�� S2 ���oNþ��O Ŷ 1! Ŷ 2 �þ

�!��!�é ��þ�Ø�.

L 3 Äu�oN��O�|Ü���oNþ��O�¢y(J

þ� �� �é � (%) þ�Ø�

Ŷ 0.18460 0.00030 -3.39580 0.00034

Ŷ 1 0.17967 0.00051 -5.97923 0.00064

Ŷ 2 0.19201 0.00077 0.47935 0.00077

L 3w«=|^�VÇ�� S1 ���êO��oNþ��O Ŷ 1 ±9Äu�oN�

�OÚ|Ü���oNþ��O Ŷ Ñ3 0.18NC, 
=|^VÇ�� S2 ���oNþ�

�O�C 0.19, cüö��ö�åØ�. l��5w, Ŷ 2�lÑ§Ý��, Ŷ �lÑ§Ý�

�. l�é �5w, Äu�oN��OÚ|Ü���oNþ��O Ŷ , ±9=|^ S1 �

��oNþ��O Ŷ 1 þ$�
8IoNþ�, 
=|^ S2 ���oNþ��O Ŷ 2 p�


8IoNþ�, ÃØ´p��´$�,  l§Ý���´ Ŷ 1, ���´ Ŷ 2, ¿�oNþ

n��O��é �ýé�þ$u 6%. ��, Ŷ!Ŷ 1!Ŷ 23þ�Ø�þ�g4O, L²Ä

u�oN��OÚ|Ü���oNþ��O��Ç´�p�, =|^VÇ�� S2 �Oo

Nþ���Ç�$.

æ^��í�����Oª!Bootstrap Ú Jackknife n«�{5O����O

V̂M1(Ŷ )!V̂M2(Ŷ )!V̂M3(Ŷ )!V̂bs(Ŷ )� V̂jk(Ŷ ), cnö©O�æ^ v̂i = e2i! v̂i = e2i /(1−
hii)Ú v̂i = [ei/(1− hii)]2O�����O. |^ Bootstrap�{�O���, ©O3 S1�

S2¥Ø�£{ü�ÅÄ������ 150 (n1bs = 150)Ú 100 (n2bs = 100)�ü���, ò

Ù|Ü��� Bootstrap��; |^ Jackknife�{�O���, ò�� S = S1 ∪ S2 �Å
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©¤ 5�|. �ªO�����O�IOØ� (SE)!�é � (RB)� 95%�&«mCX

Ç (CR)�L 4.

L 4 Äu�oN��O�|Ü������O�¢y(J

V̂M1(Ŷ ) V̂M2(Ŷ ) V̂M3(Ŷ ) V̂bs(Ŷ ) V̂jk(Ŷ )

SE 7.18803e-07 7.21272e-07 7.23779e-07 1.46868e-06 6.55531e-06

RB (%) 0.40786 0.65137 0.89622 -0.27199 -1.29472

CR (%) 93.70 93.70 93.70 93.00 84.80

dL 4�±w�, Ê����O¥IOØ��$�´ VM1�{����O, �p�´

Jackknife���O, ¿� V̂M1(Ŷ )! V̂M2(Ŷ )! V̂M3(Ŷ )�IOØ��g4O, o�5`Ê

����O�IOØ�Ñ��. l�é �5w, Ê����O��é �ýé�þ�u

2%, Ù¥�é �ýé����´ Bootstrap���O, Ùg´æ^ VM1�{O���

��O V̂M1(Ŷ ), ���´ Jackknife���O, L² Bootstrap���O�æ^ VM1�{

O�����O ���. 3 95%�&«mCXÇ�¡, V̂M1(Ŷ )! V̂M2(Ŷ )! V̂M3(Ŷ )�

CXÇ�Ó�´�p�, ��C 95%, ���O�J�Ð, Jackknife���O�CXÇØ

� 85%, �O�J��, ù��[(JÄ���. nÜ�Än��I, V̂M1(Ŷ )��O�J

�Ð, Jackknife���O��J��.

§6. ( Ø

�©�éÿÀöêâ¥�äN��ÚOíä¯K, JÑ
Äu�oN��O�|Ü�

���VÇÄ�íä�{. Äké�VÇ��=�äÿÀöêâ¥�N���ïá�oN

�.5�E��ê, ,�ò�VÇ���VÇ��(Ü|^|Ü��êâ5�O8IoN.

?�Ú�â�oN�.����OnØ��í�ÑoNþ��O����O, ¿'�
T

���O� Bootstrap���O!Jackknife���O��J. �[ïÄ�¢y©ÛL²Ä

u�oN��O�|Ü���oNþ��O3�O�ÇþÐu=¦^�VÇ��½VÇ

���oNþ��O, ¿�|^ VM1!VM2Ú VM3�{O�����O�Jþ'�Ð.

�©¤JÑ��{òÄu�.��{�Äu��O��{��|©�KÜ, ¼�
°

Ý�p�oN�O, ¿©|^
Äu�.�A:Ú`³, ��VÇÄ��ÚOíäJø
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Research on Inference of Candidate Database Web Surveys

Based on Superpopulation Pseudo Design and the

Combined Sample

LIU Zhan PAN Yingli

(Faculty of Mathematics and Statistics, Hubei Key Laboratory of Applied Mathematics, Hubei University,

Wuhan, 430062, China)

Abstract: How to solve the inference problem of candidate database web surveys is an urgent problem

to be solved in the development of web survey. In order to solve this problem, the inference method of

non-probability sampling based on superpopulation pseudo design and the combined sample is proposed.

A superpopulation model is firstly built up to construct pseudo weights for a survey sample of the web

candidate database. The estimator of the population mean is then computed according to the combined

sample composed of the survey sample of the web candidate database and a probability sample. The

variance estimator of the population mean estimator is lastly derived according to the variance estimation

theory of the superpopulation model. The Bootstrap and Jackknife methods are also used to compute the

variance estimator. And all these variance estimation methods are compared. The research results show

that the population mean estimator based on superpopulation pseudo design and the combined sample is

better, and has higher efficiency than the estimator only using the probability sample and the weighted

estimator only using the survey sample of the web candidate database. The variance estimator computed

by using the VM1, VM2 and VM3 method are relatively better.

Keywords: superpopulation; pseudo design; combined sample; web candidate database; non-probability

sampling
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