
ÏJ�÷ÚO�{Øµ
³.��!O�r�!_<¹�ñ ��®�ÆêÆ�ÆÆ�

‘I would rather discover a single causal relationship

than be king of Persia.’(Democritus, B.C.460-B.C.370?)

[Èµ·w�é���ÏJ'X�`²§Ø�¼���Åd� .

(� �|A,�F1óÆ[)]

‘Problems involving causal inference have dogged at

the heels of statistics since earliest days.’ (Holland, 1986)

[È:�9ÏJíä�¯Kg©Ò�4
ÚOÆ����]
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1 ÏÏÏJJJíííäääg�±5§&?¯Ô�m�ÏJ'XÒ´óÆ!g,�Æ!�¬�Æ!�Æ�A�¤k�ÆïÄ��ª8�"æp¬õ�(Aristotle,ú�384-322)�Æ�£´'u�Ï��£ÏJ�£Ǒ�Æ�£��> (Hume, 1740, Atreatise on Human Nature)

Hume¯K: �Ï�)(JØ´²�8B�y¢�.=³*	5ïÄ�ØÑÏJ'X";V(Mill, 1843, A System of Logic)

Mill�o«�{:êÜ{!�É{!�C{!�{{.
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ÏJ��'´ü�ØÓ��Vg§�ÏJ'XǑ�U¬LyÑJb�'5¶��/§kÏJ'XǑ�ULyÑJb�Õá5"
Freedman£1991¤µ�Æ)��ÖUå��º�k�'5; <Ǒ/UC�º�§Ø¬Jp����ÖUå"Q²Ø�ÚOÆöÚ�ÆïÄö¯·µkÏJ'X�{§oATLyk�'5jº���4��±rF�N§ò�Æ·§�´§��4��<�Æ·�U¬�Ø��4��<�Æ·vk�o�É"ÏǑ��4��<Ñ´Nfõ¾�<§LyÑJb�Õá5"f¶ó��ó<�Ù§<�Æ·���£½��¤§ùØU`²f¶Ø¬KǑÆ·§�U´ÏǑf¶ó<´²℄ÀÑ5��NèF�<§be���Ø�³uf¶�{§Æ·�U¬���
"ù«y�¡Ǒèxó<�A"
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2 ÚÚÚOOOÏÏÏJJJíííäää
Galton(1888, Correlation)�'�£8

Person, K.(1911, The Grammar of Science, 3Ed.)��Öö�£
���éL�5�§�òÝº
�Ï�(J�m�'Vg���
Wright(1921, Path analysis)´²©Û
Lewis(1973, Counterfactuals)XJ±¯�E vÑy�{, �o,y3¯�D ÒØ¬Ñy
.·�`: ¯�E ´¯�D ��Ï.
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Neyman (1923)ÚRubin(1974, Counterfactuals)Ú\d3(JCþµ
Y (1): �³�¹e�(J§
Y (0): ��³�¹e�(J¶
Y : *ÿ��(J"�³��NÏJ�^: ICE = Y (1) − Y (0)

‘You can’t step into the same river twice.’ (Heraclitus, ÀÛê�2)

[È:\Ø�Uüg\�Ó�à]�³�²þÏJ�^: ACE = E[Y (1) − Y (0)]

Pearl(1995, Causal diagrams)ÏJ�äã!	ÜZý
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3 ³³³...������
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Z~-3�ÅzÁ�§½��Ñ5b½: [Y (0), Y (1)] Te§
ACE = E[Y (1)] − E[Y (0)] = E[Y (1)|T = 1] − E[Y (0) = 1|T = 0]

= E(Y = 1|T = 1) − E(Y = 1|T = 0) = RD.
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�Ø·, µ·,CþU�*ÿ.b½[Y (0), Y (1)] T |U .

ACE(T → Y )

= E[Y (1) − Y (0)] = E{E[Y (1) − Y (0)|u]}

= E{E[Y (1)|u]− E[Y (0)|u]}

= E{E[Y (1)|T = 1, u] − E[Y (0)|T = 0, u]}

= E{E[Y |T = 1, u] − E[Y |T = 0, u]}.���·,Ï�´Ä�3ºU5OÚ#©�# ≤ 40� > 40�5O å I å Ik� �� k� �� k� �� k� ��#� 5 5 40 50 30 10 5 55S¤J 60 55 5 5 30 5 5 35

RD11 = −0.02 RD12 = −0.06 RD21 = −0.11 RD22 = −0.04
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Holland (1988, JASA),

Greenland, Robins & Pearl (Statist. Sci., 1999),

Geng, Guo & Fung (2002, JRSS B).Ø�u��b½[Y (0), Y (1)] T |U .

T Y (0) Y (1) U

1 ? 1 . . .

1 ? 0 . . .

... . . .

1 ? 1 . . .

0 1 ? . . .

0 1 ? . . .

... . . .

0 0 ? . . .�KØ�u��b½º
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4 OOO���rrr���: OOO������III(surrogate, biomarker, intermediate)

-=::82/<1

.:=1 170 9847<

, /6 3/:651;;+

O�r�3�ÆïÄ¥§ý��(Û�Ik�éJ��"£�→ CD4 → AIDS¾<�)��m§~^CD4�ǑO��I"XÛ(½O��Iº
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~~~: (J Am Med Asso, 2002) ^_-�Ú�NÑ?1ý²��-�Ö¿£�(HRT)Q��ǑUü$�%9¾�ºx§Ùnd´
1. -�£�ü$É�ÿ�U§
2. ÿ�U$�<���%9¾�ºx$"�´§�5�^S¤Jéì��ÅzïÄL²§
HRT¢SO\%9âu¯�"~~~ HIVa/ÚAIDS�ïÄ"~~æ^CD4�Ǒ£�AIDS�Ô�O��I"£�éCD4��^ØUýÿ£�é�K(J£AIDS�u�½k��m¤��^"~~~ ý²Oå���Õt�ïÄ"Íz?|O\��Ý"?n|'S¤J|k�p��òÇ"(Ø§Í?nO\��Ý§�����Cy§Ïd���òyf"
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~~~ 'u%9¾Æ�O��I�¯K"'uO��IØ�&�²;~f:^/~�%¿É~0�Ǒü$%É+k�Ç�O��I"%%%ÆÆÆ���~~~³³³���nnnØØØµµµ��%Æ�~¬��%9½Ê"³�%Æ�~U~�k�Ç"'u%Æ�~³�Á�ïÄ(CAST)µdn«�:

Enkaid(O¶µencainide),

Tambocor (zÆ¶µflecainide acetate),

Ethmozine(O¶µmoricizine)).§�Ñ�±k�/³�%Æ�~§��FDA1O"{Izk20õ�<Ñ^ù
�"k�L5�<ku|%Æ�~�"ù�êi��HÔ�±9�mÔ�¥k��<ê��"´{I²{����g�³¯�"
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4.1 888���^̂̂���AAA«««OOO������IIIOOOKKK
a. rrr���'''OOOKKKµO��IX7L�(JYkr�'5"�´§r�'OKØU�y?nTéO��ISk��'�^§K?nTé(JY�½k��'�^"�~�eã(Baker and Kramer, 2003)"�AIDS¾<�)��mY§CD4OêS.

CD4OêS�)��mY���5�'"
-3152 ,

-3152 4
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13



b. ^̂̂���ÕÕÕáááOOOKKK(Prentice, 1989)µ�½O��I^�e§(J�?nÕá( Y T |S)§�o§S´��ÚOO��I"d(S T ) UíÑ(Y T ).

c. ÌÌÌ©©©���OOOKKKµµµ(Frangakis and Rubin, 2002)ÏÏÏJJJ777���555µµµ?nTéO�S�ÏJ�^§Ké(JY��^"=§²þÏJ�^(the average causal effects - ACE) ÷v:

ACE(T → S) = 0 =⇒ ACE(T → Y ) = 0.ÚOO��IØ÷vÏJ7�5"ÌÌÌ���nnnOOOKKKµµµXJé¤k�s, '�8Ü
{Yi(1) : Si(1) = Si(0) = s} & {Yi(0) : Si(1) = Si(0) = s},�)���(J§�oS ´��Ì�n(a principal surrogate)§^u'�?nT = 1ÚT = 0é(JY��^§=§?nTéO�S�ÏJ�^§Ké(JY��^"
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d. rrrOOO������III�OK(Lauritzen, 2004)µrO��IS´?nT�(JYÏJ´»þ�¥mCþ"
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rO��I: �y?nTéO��IS�ÏJ�^�{§?nTé(JYÒ�½�ÏJ�^"
p p p- -T S Y

ACE(S → Y ) = +ACE(T → S) = +

ACE(T → Y ) = −·�(JRSS B, 2007)¡ù«y�ǑOOO������III���ØØØ(a surrogate para-

dox).
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4.2 OOO������III���ØØØ���~~~fff~~~. ¢S�~f(Fleming and DeMets, 1996; Moore, 1995).3��£�%Æ�~��ÔïÄ¥,%Æ�~¬Úå�Ïk�,�´³�%Æ�~Ø=ØUò�Æ·§�O\
k�Ç.
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T = 1 ?n, T = 0 éì¶
S = 1 ³�%Æ�~;

Y = 0 dk¶
U = 0 %9�ú§½ÄÏpL�.
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b�P (U = 0) = 0.3, P (T = 1) = 0.5, Ù�XTab. 3¤«.

Table 1:b��VÇ©Ù
p(S = 1|u, t) p(Y = 1|u, s)

T = 0 T = 1 S = 0 S = 1

U = 0 0.98 0.79 0.00 0.98

U = 1 0.02 0.99 0.98 0.99?n�±3�k�/³�%Æ�~µ:

P (S = 1|T = 1)/P (S = 1|T = 0) ≈ 3.02;�´§?nO\
k�Ç3�:

P (Y = 0|T = 1)/P (Y = 0|T = 0) ≈ 2.91;dVÇ©Ù§�±��µ
ACE[T → S|do(T = 1), do(T = 0)] = 0.6220 > 0§
ACE[S → Y |do(S = 1), do(S = 0)] = 0.3010 > 0§�´§ACE[T → Y |do(T = 1), do(T = 0)] = −0.0491 < 0.
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'''uuuTTT���ØØØ¶¶¶¡¡¡���)))ººº:
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• CþS´lT�YÏJ´»¥�¥mCþ§T�Ø����Ü·�¶¡ǑN´
‘¥¥¥mmmCCCþþþ���ØØØ(the intermediate variable paradox)’�±L«����¹Â.

• �±òCþTwǑ��óäCþ.T�ØǑ¡Ǒ‘óóóäääCCCþþþ���ØØØ(the instrumental paradox)’"
• T�Ø�±wǑYule-Simpson ���ØØØ§�U�3�����·,Ï�U§§�±Zì5/UCÚO(Ø.
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4.3 ������OOO������III§§§îîî���������OOO������III(Chen, Geng & Jia, 2007, JRSS B)Ǒ
;�O��I�Ø§¿���±íÿACE(T → Y )�ÎÒ,·�ïÆO��ISATke¡�5�µ��5Úî���5.½½½ÂÂÂ1. ������OOO������III(Consistent surrogate)��rO��IS ´ý�ª:�IY���O��II�÷v^�µ
1. �½ÂS��ACE(S → Y ) > 0�, k

ACE(T → S) ≤ 0 =⇒ ACE(T → Y ) ≤ 0 Ú
ACE(T → S) ≥ 0 =⇒ ACE(T → Y ) ≥ 0,

2. ACE(T → S) = 0 =⇒ ACE(T → Y ) = 0.½½½ÂÂÂ2. îîî���������OOO������III(Strictly consistent surrogate)��r�nS ´ý�ª:�IY�î���O��II�÷v^�µ
1. �½ÂS��ACE(S → Y ) > 0�, k

ACE(T → S) > 0 =⇒ ACE(T → Y ) > 0 Ú
ACE(T → S) < 0 =⇒ ACE(T → Y ) < 0,

2. ACE(T → S) = 0 =⇒ ACE(T → Y ) = 0.
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½½½nnn1. S ´��O��I�^�´
1. Y�^�Ï"E(Y |s, u)´s�üN¼ê=∂E(Y |s, u)/∂s ≥ 0 or ≤ 0 ∀u, ¿�
2. éuS§T´���xÏ�(=F (s|t′′, u) ≥ F (s|t′, u), t′ > t′′, ∀s&u)½öT´���oÏ�(=F (s|t′′, u) ≤ F (s|t′, u), t′ > t′′, ∀s&u).555))):

• ÏǑvk*ÿ�U ,½n1 ¥�^�´Ø�u��.I��â;��£5�ä^��Ün5.

• ^�1, Ï"�üN5¿�XO��IS ´���xÏ�.~X§éu�Ó�µ�¾<§¡¥��hþS��§�¡J�VÇ½Ï"Òk�"=p(Y = 1|u, s′) ≥ p(Y = 1|u, s′′) ∀s′ > s′′.3�5�.E(Y |s, u) = bs + g(u)e, ^�1 g,¤á.

• ^�2 ¿�X©Ù�üN5,§'�NüN5�b½�f§(Imbens and Angrist, 1994).~X§ïÄ ^��é%9¾��^§É��ǑO��I"Ó�oN ^�þ��' ^�þ��k��VÇkpÉ�"�Ø��z� �N ^���½'��< ^�þ���N´kpÉ�"
20



5 ���äääããã���...§§§(((���ÆÆÆSSS
T = {t1, t2, · · · , tS} — *ÿêâ�ª

ts — |s¥�N�*ÿCþ8Ü.

X1 . . . X|V |

1

Group 1
... Xt1

n1

1

Group 2
... Xt2

n2

...
...

...

1

Group S
... XtS1 XtS2

nS

XtS
= (XtS1, XtS2)

Fig. 3. An observed data pattern.�ãL«*ÿêâ�ª.���>>> — ��!:�8Ü,L«*ÿCþ�8Ü"
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Example 1. (Continued)

Observed data pattern is T = {{1, 2, 3}, {1, 2}, {3}}.

X1 X2 X3

1

Group 1
... Xt1

n1

1

Group 2
... Xt2

n2

1

Group 3
... Xt3

n3

Observed data pattern T = {{1, 2, 3}, {1, 2}, {3}}.

*

+

,

A graph with hyperedges.

22



A Naive Bayesian Model:

-

.* .+ .,

A Hidden Markov Model (HMM):

-* -+ -,

.* .+ .,

Training data patterns:

-* -+ -,

.* .+ .,
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A Coupled Hidden Markov Model:

0* 0+ 0,

1* 1+ 1,

0- 0. 0/

2* 2+ 2,

Training data patterns:

0* 0+ 0,

1* 1+ 1,

0- 0. 0/

2* 2+ 2,
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5.1 ÏÏÏJJJ���äää���ÆÆÆSSS�ä¥>���L«ÏJ��"
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Paiµ�ÅCþXi�I(:8Ü.z�!:dI!:(½µ
X1 = f(ε1), X2 = f(X1, ε2),

X3 = f(X1, ε3), X4 = f(X2, X3, ε4),

X5 = f(X4, ε5), X6 = f(X5, ε6).

éÜVÇ©Ù:

P (x1, x2, x3, x4, x5) = P (x1)P (x2|x1)P (x3|x1)P (x4|x2, x3)P (x5|x4).
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�â*ÿêâ§�EBayesian�ä"
Table 2: êâÝ
ÄÏ1 ÄÏ2 . . . ÄÏK

Microarray 1 X11 X12 . . . X1K

Microarray 2 X21 X22 . . . X2K

...
...

...
...

...

Microarray n Xn1 Xn2 . . . XnK

~: XJü�Cþ�'A/B, ØU(½=�´Ï§=�´J"
s s s sA B A B- �

CþA�CþBǑNJb�'§,��CþC´AÚB�ú��Ïµ
ss s

A C B
� -
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ÏJ�äÆSµ
1. XÛ(½ü:�m´Äk>ºéu�é�'CþAÚB§´Ä�3�|CþS = {g1, . . . , gk}§U
)ºA�B��'´Jb�º

. /

0,*+++*01

-

IC�{§IP�{µéu?¿ü�CþAÚB§Ïé¤k�U�Cþ8ÜS,�ä´ÄA B|S"
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2. XÛ(½ÏJ���?~µXJA�B�'§�½CeA�BÕá§K�U´e¡�¹µ
qq qA C B- -

qq qA C B� -

qq qA C B��XJA�BØ�'§�´�½CeA�B�'�{§�±(½��µ
q

q qA
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@
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�	ÏL	ÜZý§?1ÏJ���ÆS"~X§Zý,
Cþ§*	Ù�Cþ�Cz"
1. �â^�Õá�b�u�§ïá�ä§

Spirtes, Glymour & Scheines (1993), Pearl (2000)¶
2. æ^�©�{§ÀJ�Z�©�ä¶
3. Bayesian�{§Heckerman, D. (1997)

4. ÀJ�Ø��{¶
5. ëY��©Ù�Lasso�{§

Meinshausen & Buhlmann (Ann. Stat., 2006)¶
6. ÄuMarkov�da�ÏJÆS§He, Geng & Liang (ALT 2005)"
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5.2 ___<<<¹¹¹���

êâ¥1

X1 X2 X3 X4 X5�ö1 X11 X12 X13 X14 X15�ö2 X21 X22 X23 X24 X25

...
... "�Xij =?

... . . . . . .�ön Xn1 Xn2 Xn3 Xn4 Xn5êâ¥2

X1 X6 X7 X8 X9�ön + 1 Xn+1,1 Xn+1,6 Xn+1,7 Xn+1,8 Xn+1,9

...
...

...
...

...
...�ön + m Xn+m,1 Xn+m,6 Xn+m,7 Xn+m,8 Xn+m,9êâ¥J

X8 . . . Xp�ök Xk,8 . . . Xk,p

...
...

...
...�öN XN,8 . . . XN,p
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5.3 kkk���ÏÏÏJJJ���äää���©©©)))ÆÆÆSSS���{{{(Xie, Geng & Zhao, AI, 2006)�Æ�äXÚ§¾<i�§k37�Cþ�ALARM�äµ
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Fig. 10. Three databases.
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(b) A subgraph for the middle node of T
,+

3

+*

+,

+.

+/

+1

+2

+3

,,

,-

,.

,/

,0

-.

-/

++

,*

--

+-

+0

-0

-1

1

(c) A subgraph for the right node of T

Fig. 12. Undirected independence graphs for nodes of T .
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Fig. 13. The global triangulated graph.
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Fig. 14. The d-separation tree T ′.
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6 ���äää(((���ÆÆÆSSS���àààaaa©©©ÛÛÛ���(((ÜÜÜ(Wang, Geng, Wang, ISNN

2006)�âêâ§òaq�Cþ©Ǒ��a"
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L5. áë�¡J�61¾ÆïÄ
(a) ¾~éìïÄ (b) ��ïÄ (c) VÇ©Ù��O

Smoker Non-smoker Total Smoker Non-smoker Smoker Non-smoker

X = 1 X = 0 X = 1 X = 0 X = 1 X = 0

Cancer Y = 1 688 21 709 8 2 0.0067 0.0002

Control Y = 0 650 59 709 1992 1998 0.9082 0.0849

Total 2000 2000

7 õõõêêêâââ¥¥¥999^̂̂���ÄÄÄ���êêêâââ(Jia, Geng & Wang, SSPR 2006)eZ�61¾ÆN�ïÄ���õ�ØÓ�êâ¥§z�N�ïÄkØÓ�ÀJ���IO"~~~1 ��¾~éìïÄ´�â;¾G�À½¾<§,�N���´ÄQ²�³L,«�xÏ�"L5(a)'uáë�¡J�¾~éìïÄ"�âTêâ�Ø�¡J¾~3<+¥�'Ç§Ǒ�Ø��éºx��O§�U��`³'��O"b��k��'uáë�¡J���ïÄ§���êâXL5(b)¤«"�âù���ïÄ�±�O�éºx:

P̂ (Y = 1|X = 1)

P̂ (Y = 1|X = 0)
=

8/2000

2/2000
= 4.ÏǑ�¾<ê�~�§ù��O°ÝØp"ò¾~éìïÄ���ïÄ�(Ü§���éºx��Oµ

P̂ (Y = 1|X = 1)

P̂ (Y = 1|X = 0)
=

0.0067/(0.0067 + 0.9082)

0.0002/(0.0002 + 0.0849)
= 3.1160.
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~~~2 �Äkü�ïÄ§��¾~éìïÄµÀJJw¾<Úéì¾<§w��´Äáë§XL6(a)¶,��ïÄN�
10000�<¥áë�ªê§XL6(b)"=�â¾~éìïÄ�Ø��¾�©Ù"�âL6(b)�N�êâǑ�Ø��¾�©Ù"òL6(a)Ú(b)�ü�êânÜ§�±��L6(c)�VÇ©Ù��O§dd�±��T<+�¾�©Ù0.59%"L6. ü�N�êâ8ÜÚVÇ©Ù
(a) ¾~éìïÄáë ØáëJw¾< 688 21 709éì¾< 650 59 709

(b) áëN�áë Øáë oÚ
9171 829 10000

(c) VÇ©Ù��Oáë ØáëJw¾< 0.0057 0.0002 0.0059éì¾< 0.9114 0.0827 0.9941

0.9171 0.0829 1.0000

?�Ú§õ�ïÄ�kØÓ�N��8§XL7¤«"�±òõ�êâ¥nÜ?1ÚO©Û" L7. õïÄêâ¥ïÄ1¾< ÉØ # %Æ · · ·

1 110/70 25 75 · · ·

2 120/80 40 60 · · ·
...

...

ïÄ2¾< ÉØ # N§ · · ·

1 110/70 25 37 · · ·

2 120/80 40 38 · · ·
...

...
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K�^�êâ¥µ[B1|A1], . . . , [BK|AK ], Ù¥⋃
k[Ak ∪ Bk] = V"´Ä�±£OéÜ©Ùº½½½nnn P (V )�dêâ¥[B1|A1], . . . , [BK|AK ]£O�¿©^�µe¡�{���8Üµ

• �©zt = 0, [B
(0)
k |A

(0)
k ] = [Bk|Ak] ∀ k, V (0) = V .

• Ïéêâ¥[B
(t)
i |A

(t)
i ] ��B

(t)
i ∪ A

(t)
i = V (t).XJvkù��êâ¥,KP (V )Ø�£O.

• -V (t+1) = A
(t)
i , [B

(t+1)
k |A

(t+1)
k ] = [B

(t)
k \B

(t)
i |A

(t)
k \B

(t)
i ] ∀ k,-t = t+1.

• EþÚ§��V (t) = ∅.~~~: êâ¥[456|1237], [147|23], [45|6], [2|1347], [3|45].

• V (0) = {1, 2, 3, 4, 5, 6, 7}.

• V (1) = {1, 2, 3, 7}. êâ¥zǑ: [17|23], [2|137], [3].

• V (2) = {2, 3}. êâ¥: [2|3], [3].

• V (3) = {3}. êâ¥: [3].

• V (4) = ∅.
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