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RIEIESBIDT IS4

e B 108308) FHEHmODER

. N SR KT, SUF LML, S8 LMEDRE.
BRI, B, lEARa7

e RE#ESR I (128238)  FETILEAWNESE#KTE

» EIRETIL(EHAEHE, BISRE. BRIEEL)

» ERIADTET IV (RIRRE. vvFo s, HHEREEAFT IPW)
» —EO/NAMETE (augmented IPW)
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Take-home message (gij[a])

e XHGEREE = B Rl
» RIBEMTH IV IL—TIZH1FHT(= BAI) LLER
r KHREABIZHITA2IEFHDOMETETIL
- 7'7"73-& J'FI?:ET)I/ — E(le C)
» ERIROT7ETIL = P(X = 1C)
e ETILZDOMNSBE/H
» BRITELRLSLDORKREERMDHDEE
» [LLERITE-EE DR ZEM

= 7NN LENG
= EERO7

» FETILOHEBARINBBITIIAL




EE Lk

r BIEEH
» X H%E(iﬁgﬁ)
» Y 7'7"7]-[%
» C: X_%%%ai%ﬂ

e BETIVMLER
» Y1 X =1 Z2IFT 58 ICEHBEINSGTHAIT I ML
» Y0 X =0 ZRITIGEICHEINSGTHAITI ML
» XDIEICIGCT—ALZTEEINS

e E(Y), E(YX)

e E(Y|X =x), E(Y¥C =¢), E(Y|C = ¢, X = X)



BE KR EXBEH

A& (confounding)
» BEH EAEENBREEL-IGEEEELS
- E(Y=1 | X = 1) # (Y1)
and/or
» EREHR - EHEESENBELENOGEEELD
= E(Y<0| X =0)#E(Y*0)
p XHEZE # (confounders)
» TORBATIKISUORA LMEISNTWNSERGE D EOILTER
» HEH C TRATNIE Yx=0,1)EBE X AT
= E(YST | X=1,C=¢c)=E(Y<! C=c¢)
- E(Y*0|X=0,C=c)=E(Y=0|C = c)

https.//www.icrweb.jp



FELDHA FHRRINR ]

Observed Population

Unexposed Exposed
Causation Association
E(Y x=0) E(Y 1) E(YIX=0) E(Y|X=1)

Hernan. J Epidemiol Community Health 2004; 58: 265-71
Hernan, Robins. Causal Inference: What If. Forthcoming

6
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BRITEAH%H

=

» E(YIX=X,C=¢) :BEC=c)NDREE_LX=x)D[E

>

N
B X
>

8 AT [T 15

CEDFEHDE

Y _E(Y|[X =X, C = c)P(C = c)

P(C=c)

el

FRE(C=c)DKES

REMMN C ELTITRTRHESNTLOINIE

= THEHC T

2.c E(Y|X

BRITHIE Y(x=0,1)E08EE X AT

= x, C = ¢)P(C = ¢) = E(Y)



& Il % 1T

1 Male Young 1360 577 | 0424 | 1640 423 | 0.258

2 Male Old 2800 1709 | 0.61 1200 711 | 0.593
3 Female Young 2660 1707 | 0.642 1140 713 | 0.625

4 Female Old 4020 2978 | 0.741 980 722 | 0.737

Total 10840 6971 \4960 2569 /

N/

E(Y|X, C) = P(Y=1|X, C)

8
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& Il % 1T

1 Male  Young 1360 0.424 1640 0.258 3000 0.19

2 Male Old 2800 0.61 1200 0.593 4000 0.25
3 Female Young 2660 0.642 1140 0.625 3800 0.24

4 Female Old 4020 0.741 980 0.737 5000 0.32

Total 10840 4960 15800

Y_E(Y|X =1, C=c)P(C =c)=0.424(0.19) + ... + 0.741(0.32) = 62.4%
Y. E(Y|X=0,C =c)P(C =c)=0.258(0.19) + ... + 0.737(0.32) = 58.3%

9
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EEFETIL

e ETILTE(Y|X, C) Zizl
» B:OD XTI EIBETIL

P(Y=1|X=X%,C=c¢)

log

1-P(Y=1|X=X%x,C=c¢)

=Nt X+ nyc

mm) R =P(Y=1X=x,C=c)=

exp(jo + 74X + 7C)

T+exp(jp + 71X + 7:C)

1 Male Young 1360 577 | 0.424 | 1640 423 | 0.258

2 Male old 2800 1709 | 0.61 1200 711 | 0.593

3 Female Young 2660 1707 [ 0.642 | 1140 713 | 0.625

4 Female Old 4020 2978 | 0.741 980 722 | 0.737
Total 10840 6971

'\4960

2569 /’

N

E(YIX, C) = P(Y=1|X, C)

10
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)LD Y TIESD

Bl)mET
Sex Age X Y N
1 0 1 1 577
1 1 1 1 1709
0 0 1 1 1707
0 1 1 1 2978
1 0 0 1 423
1 1 0 1 711
0 0 0 1 713
0 1 0 1 722
1 0 1 0 783
1 1 1 0 1091
0 0 1 0 953
0 1 1 0 1042
1 0 0 0 1217
1 1 0 0 489
0 0 0 0 427
0 1 0 0 258

proc logistic desc;

run;

1(81/)

Sex

Age

model y = X sex age;
freq n;

output out = pred p = R;

!

%%, OR=exp(y 95% CI

0.2509

0.2404 1.272 1.183 1.368
-0.8674 0.420 0.393 0.449
0.7425 2.101 1.965 2.247

11
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EIFETILD T HE

1 Male Young 1360 0.424 | 0.407 | 1640 0.258| 0.351

2 Male Old 2800 0.61 | 0.991 1200 0.593| 0.531

3 Female Young 2660 0.642 | 0.620 1140 0.625| 0.562

4 Female Old 4020 0.741 [ 0.774 980 0.737| 0.730

\, V. \ J

Total 10840 \ 4960 /

N\ /

_ exp(jo + 74X + 75C)

T+ exp(% + 71X + 7€)
12

XC
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EIRETILIZEAIEAAL

e ) P(Y=1]X=x,C=c)P(C=c)
» 1=F2L.P(Y =1|X =%, C =c) % R, . Tiifl

>.P(Y=1X=1,C=c)P(C=c)
=0.407(0.19) + ... + 0.774(0.32) = 62.1%

>.P(Y=1X=0,C=c)P(C=c)
=0.351(0.19) + ... + 0.730(0.32) = 56.7%

P(Y=1]X=1,C=C)&P(Y=1]X=0,C=C)
ZEAZEIZFRILTERHLTLNSAD ERSZL

13



BRILENGEWNFEEDEHNHLHLES

e ETILTE(Y|X, C) Zizl
» Bl A RToYVEIGETIL

P(Y = 1|X =X, C = ¢)
1-P(Y=1X=x, C=c)

log =t nXt+pc

. exp(jo + 71X + 1C)
mm) R, =P(Y=1X=x,C=C)= S
1+ exp(7 + 74X + %C)

e EADIEC CEIZE(Y|X =X, C) EF

» X=1: ?ﬁ = 1{1 + exp(=7 =7 —C)}
» X - O . ROI - 1/{1 + exp(_/j/() _/7\/2CI)}

e R, —R, £2BTEH
» ERETILIZEEDHZEE L (regression standardization)

14
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BLOMER. FHMESHR(VRIE)

s P(Y=1|X, C)
» Risk : Z| & THEE
v Ry OSZATAv I ERETFILTHE FHAEHNR

1 Male Young 0424 0.407 0.258 0.351 | 0.166 0.056
2 Male Old 0.61 0.591 0.593 0.531 | 0.017 0.0589
3 Female Young 0.642 0.620 0.625 0.562 | 0.017 0.058

4 Female Old 0.741 0.774 0.737 0.730 \ 0.040 0.045 /
S 0.624 0.621 0.583 0.567 | 0.041 0.054)

BIHE .
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Bl R, FHHER (v Xt)

e P(Y=1|X, C)

» Risk : Z|& TH#E

FHEHESHR

» Ryt ADRATYVEIGETILTHRE
Age A A A

1 Male Young 0.424 0.407 0.258 0.351| 2.12 1.27
2 Male Old 0.61 0.591 0.593 0.531 | 1.08 1.27
3 Female Young 0.642 0.620 0.625 0.562 | 1.07 1.27
4 Female OId 0741 0.774 0.737 0.730 \_1.02 1.27 )
ZHE(L 0.624 0.621 0.583 0.567 | 1.19 1.25 |
ERUEES

16
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BRI ORIGEET ILICEDUE L

e ARETILAEMTHLU L., EBRIGETEFERIIELGS
» —HITHDIINERFNIETILIDEZEDH
e AODRToYVEIGETIL
» [EHEMAEAYXER—FIEVLSFH T TODIIEL
« XEERIEZANSDLETEDHZELAEE
e XL
» ADXTAVIETILDFER
« FHAEAVXLE =1.27(ZET—E)
« FiBAYXLE =1.25(")
*E& T EETE non-collapsibility
= FIOMBRIEBEENEHMEDRIBEDGBIZEENLLY
« NATRATIEEL, VX (O —FH) EWVSIEEZEDHE

17
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BRI TEAH7En Part 2

r ZEOBRBWHER PX=1|C)ZKRHD
> 1|3E|-E.|Z:|7
» propensity score (PS)

e 3IDMDAHEC TRATELLENLEEL)

» [ZH-

H

% ER 2 (stratification/adjustment)

» ¥YF % (matching)

| > REEE

s 74441 (inverse probability weighting) |

18



ﬁﬁ%iﬁé&1¢ H_ IPW iInverse probability weighting

r AN i DERIZCZFTT-FEETZ(THEERDFEL
» BREBERETIE W, = 1/PS,
» JEREZEFTII W, =1/(1 -PS)

» BEAHFITT

o SREMA C ELTT A TR S TL Fspgoaum, 454 1967
» = RREHH C TEBATNIX Y*(x=0,1)EIEE X AT

Epw(Y[X =Xx) = E(YY)



Male Young 1360 577 2.21 1640 423 1.83 | 0.453

Male Old 2800 1709 | 1.43 1200 711 3.33| 0.700
Female Young 2660 1707 | 1.43 1140 713 |13.33| 0.700

Female Old 4020 2978 | 1.24 980 722 5.10 0.804

\—/ —

SR = xips™ L xR ps) 4960 2569 N
. X=0= 1/(1-PS)

20
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IPWTEHATIT

Npy
Male Young 3000 1272.8 2.21 3000 773.8 1.83 0.453

Male Old 4000 24414 1.43 4000 2370.0 3.33 0.700
Female Young 3800 24386 143 3800 2376.6 3.33 0.700

Female Old 5000 3704.0 1.24 5000 3683.7 5.10 0.804

Tqtal 9856.8 15800 9204.1
> ckﬁp\/\/= N *HW?
» Ny=1pw = Ny=1 7 IPW

21
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IPWTEHATIT

N 2 \/\
Male Young 3000 1272.8 2.21 3000 773.8 1.83 0.453
Male Old 4000 24414 143 4000 2370.0 3.33 0.700
Female Young 3800 24386 1.43 3800 23766 3.33 0.700
Female Old 5000 37040 1.24 5000 3683.7 510 0.804
15800 0 158 9204 .1
JE vix =152 0888015800 = 624,

> Eny(Y[X = 0) = 9204.1/15800 = 58.3%

22
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ERAXaT7ETIL

e ETFILTP(X=1|C) &zl
» Bl RToYVEIGETIL
P(X=1|C =c)

1-P(X=1|C =c)

= 0oyt a4Cy T a,Cyr T a3C3 T...

log

exp(a, + a4Cq + a,Cy + 05C5 +....)

) PS. =P(X=1|C=c)=

Male Young 1360 877 221 1640 423 1.83 0.453

Male Old 2800 1709 1.43 1200 711 3.33  0.700
Female Young 2660 1707 1.43 1140 713  3.33 0.700

Female Old 4020 2978 1.24 980 722 5.10 0.804

Total 10840 6971 4960 2569

23
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A

\
’

T

BAOAT7ETILOLHTIEH

Sex Age X Y N
1 0 1 1 577
1 1 1 1 1709
0 0 1 1 1707
0 1 1 1 2978
1 0 0 1 423
1 1 0 1 711
0 0 0 1 713
0 1 0 1 722
1 0 1 0 783
1 1 1 0 1091
0 0 1 0 953
0 1 1 0 1042
1 0 0 0 1217
1 1 0 0 489
0 0 0 0 427
0 1 0 0 258

proc logistic desc;

run;

1 (81 H)
Sex

Age

model x = sex age;
freq n;

output out = pred p = ps;

!

®#a OR=exp(a) 95% CI

0.7331
-0.7956 0.451 0.421 0.484

0.8012 2.228 2.078 2.389

24
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ERRAOT7ETILOFRE

Male Young 1360 577 1640 423 0.484
Male Old 2800 1709 1200 711 0.677
Female Young 2660 1707 1140 713 0.675
Female Old 4020 2978 980 722 0.823
./
Total 10840 6971 4960 2569 /

_ exp(7% * 7cC)
PSC _ OA 1/\
1+ exp(% + 7C)

25
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ERIRAOT7ETILIZEBIPW

Male

Male

Young 1360 577

Old 2800 1709

Female Young 2660 1707

1640 423 1.94 0.484

1200 711 3.09 0.677

1140 713 3.08 0.675

Female Old 4020 2978 1. 080 722 564  0.823
Total 10840 6971 / 4960 2569 \
r —1 ! ol
_ exp(7 *+ 74C) _
1/PS, = LA 1/(1 - P8,) = 1

(.

1+ exp(jy + 74C)

1+ exp(7% + 7c)
26
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ERRAIT7ETILIZEKSIPW

'A
Male Young 2807.7 11912 2.06 3180.7 8204 1.94 0.484

Male Old 4137.7 25255 1.48 37119 21993 3.09 0.677
Female Young 39379 25271 148 35129 21971 3.08 0.675

Female Old 4886.8 3620.1 1.22 5525.2 4070.6 5.64 0.823

Total 15770.0 9863.8 15930.7 9287.4

_cc%& = 4\ — QQA2 Q/IAE77N\ N — £ L0/
» Eppy(Y[X = 0) = 9287.4/15930.7 = 58.3%

27
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BRILENGEWNFEEDEHNHLHLES

e ETFILTP(X=1|C) &zl

P(X=1|C=c¢)
1-P(X=1|C=¢)

log

exp(ay + 24 Cy; + 2,Cy + a3Cy; +...)

) PS,=P(X=1|C=C)=

T+exp(ay + aCqi + 2Cyh + 23Cy +...)

e 3IDDAE
» JE R - [B]JF R (stratification/adjustment)
» TYF % (matching)
» EATIT (weighting)

28
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FBIHR ., FHAFEMR

e ERIROT7ZEE|STHELZES EHAFEHR

X=1 X =
g YR

Nipw  Ny-=1pw  RisKjpyy Nipw Ny pw  Riskpy

Male  Young 3000 1272.8 0.424 3000 773.8 0.258 0.166
Male Old 4000 24414 0.610 4000 2370.0 0.593 0.017

Female Young 3800 2438.6 0.642 3800 2376.6 0.625 0.017

Female Old 5000 37040 0.741 5000 3683.7 0.737 | 0.004
\ /

A )

Total 15800 9856.8 0.625 15800 9204.1 0.583 0.041

\, /

SRk ES

29
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FBIHR ., FHAFEMR

e EMRAOT7ZETILTCHELZES

FHEHEHR

X=1 X=0
: : JRDE
Nipw  Ny-=1pw  RisKjpyy Nipw Ny pw  Riskpy

Male Young 2807.7 1191.2 0.424 3180.7 820.4 0.258 0.166

Male Old 4137.7 25255 0.610 37119 2199.3 0.593 0.017

Female Young 39379 25271 0.642 35129 21971  0.625 0.017

Female Old 4886.8 3620.1 0.741 5525.2 40706 0.737 0.004
\ )

Total 15770.0 9863.8 0.625 15930.7 9287.4 0.583 0.042
\ Y
ESBUEIES

30
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ERIRAATDETILIZESE{L

N BUEYIES
» ETILAGELITHS UL, BRIBITEERITIELS
« —HITH5DXEBEFETILIDIGEDH
= XE/ERAE. B ROEFANSG_ETHUBEZSHONS
» BAIGRE) . 9vFUT . IPW WTFhEFEFR
« =1L EMNERZEZIZEVNWTWVAIEZEICERTILESHY (= qiIE)

FHEfFEDE
» C CEATALGOERAIATETILOELUBEIZEST HSLELIEC!)
« ERIROT7IEX C DAME/NTUARAIE LT
= 1=1-.C TERITEALSERMAATIETILIIELIZLVDHITT...
« MEMARATZETIL = BIFGETIL] FERETILORUBEICKYELSE
» EBRIGRE). yFJ . IPW Wt FE+k

31
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BRILENZWIEE O T—20 T

32



ERIROTIZLBITEHE)

v B Al [B])F 3R 22 (stratification/conditioning/adjustment)
» PS(C) ARILIEDH T T IIL—T THRHEE. &
o EHAFESUALIEDRTE + NSUREEZFDEEFA
¥ YWF % (matching)
» PS(C) ARILIEDH TV I —"Thoo o3 Lt = B DEAFEDHE
o FHMESUTLIEDRTE + NSUREICHEDHERY LTS
v B HEERE AT (inverse-probability weighting)
» 1/PS(C) or 1/(1 —PS(C)) TEH&t+ = FATHRHETE
« BAFIT-2TIE X & C AL (statistically exogenous)
« FHEMEIUFLIEDRTEEGHE T, Y* & X B IL (causally exogenous)

r WINEEE XBTHREE CEHE/N\TUARSELHE

33
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ERRAOT7HTE. ERALDFE A1

e ERIRDTICEDINEREE
» DFEY. BT REHEE

1. EARMICIEIZREH C

» BZBEELTIOMILELEETSHED

» BEOHRERIEEHEL

» DAG (directed acyclic graph) TLADET NV IR T N\ RZESEH#H D V]
0. MRFEICHECBELET HDEHITIE DL

» TOMALIZEEELLELY R # (instrumental variable)

» TORDLICEELTH, ESLEMERNATRZBIRT HEE
3. TIOMILIZEETLHEHIIEDS

» BRELEENGKTELEO AN
VanderWeele, European Journal of Epi 2019

34
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ERRXOT7HEE. ERALDFER2

r ETILOYETIEFY #ETILOHIRIA

v C-Hict=

» BEHYX=1Di)DPS DA

H%EEEL(X 0OdDj)dDPS &b
K= BE S

» ROCHI#E TE*FE (AUC)

Area under the receiver operating characteristic curve
» IRTDHYRET cIZxLT
« ME=PPS>c|X=1)%
= 1-4$FEE=PPS>c|X=0)
[ZxLTTaYE

sensitivity

L 1 L 1 J
0.00 020 0.40 0.60 0.80 1.00

1 — specificity 35
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ETILDOYTIEZEY

e BRIRXO7 P(X=1|C) DaLlZTHETEE
» ETIL:C THLLER TE -G8 DHEEREH—MICKIT
» RIREH C (FERITRFE-TLND
« [ZHOHELANIETETIEFEY (Tovb) 1T AR TT
« CICEFENIZEHRTOXREERACEREBRERET TS
= 5 . LELLLIETE OHosmer-Lemeshow#fist 274 &
e C-#ict=
» JIL—THBIOERRTT D5 EEE S (discrimination)
s ETILDOHTEIFY T EESNIEMR 7 DFEEHLHT
» C-HEETEMNKEL = ERAXO7DEGY A /NS
« EMAOTICLDABBINDALES (MEATHIIEDIES) ZRE
s RBEHDTHERBTREELGLIDT, KKFABOWHEMREZRIE

36
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=15 : Rotterdam Tumor Bank

e rott
» ELAAREDZ M (n =2982) DEFT—3
» R package AF &Y AFTHIEE
e 7OMALT
» ERFE4FHME
p BEEE X
» IEZEEEZL (=1, n=580). HY (= 0; n =2402)
» 77L:24024 . HY:5804
e HEEC

» S, BARRIRR (HY/IZL) . BB (<20mm, >20-50mm, >50 mm).
EETL—K(2/3), ) /NEER#8 8 (0~34) . TOX XATOVZEIK,
IRNAT U ZEK

37
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LA

e [ime: RF
¢ Event: RFI
¢ Exposure: NO CHEMO

e Covariates:
» AGE
» MENO (characteristic 0/1)
» SIZE (characteristic 3-category)
» GRADE (characteristic 2/3)
» NODES (0-34) — EX_NODES: exp(-0.12*NODES) |ZZ= #&
» PR
» ER

38
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ERRAOT7HE

data

run;
proc

run;
data

run;
proc

run;

rott;
set rott;
ex_NODES = exp(-0.12*NODES);

logistic data = rott desc;
class MENO SIZE GRADE;

model NO_CHEMO = AGE MENO SIZE GRADE ex NODES PR ER;

output out = rott2 p = PS;

rott2;
set rott2;
CHEMO = (1 - NO_CHEMO);
W = NO _CHEMO/PS + (1 - NO_CHEMO)/(1 - PS);

univariate data=rott2;
var PS W; class NO_CHEMO; histogram;

IPWH®DOEH

39

https:.//www.icrweb.jp



ERIAAT7HEED 7 M

e C=0.875
JERRERRE |
(Chemo) | 7
e T
Y
(No-chemo)

40



PSTYF 5 (1:1yF5)

ods graphics on;
proc psmatch data = rott region = treated;
class NO CHEMO MENO SIZE GRADE;
psmodel NO CHEMO(Treated='0') =
AGE MENO SIZE GRADE ex NODES PR ER;
match method = greedy stat=1ps caliper=0.2;
assess lps var = (AGE MENO GRADE ex NODES PR ER)
/ weight = none plots = all;
output out(obs = match) = rott3 matchid= MatchlD;
run;

IRZERF n = 580, JEMREEE n = 2402
= 4957

41
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Kaplan—Meiert & {E

proc lifetest data = rott outsurv = s_crude; |kigzp4Fahia
time rf * rfi (0);
strata NO_CHEMO;

run;
proc lifetest data = rott2 outsurv = s;
time rf * rfi (0); IPW 17 B R
strata NO_CHEMO;
weight W;
run;
proc lifetest data = rott3 outsurv = s matched;
time rf * rfi (0);
strata NO_CHEMO; PS<wF R4 17

run;

42
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1.0

0.8

0.6

0.4

0.2

Relapse-free survival

0.0

1.0

0.8

0.6

0.4

0.2

Relapse-free survival

0.0

A) Original cohort

0: Chemotherapy
—1: No chemotherapy

48 96

144

Months

C) Propensity-matched (1 to 1) cohort

0: Chemotherapy
% —1: No chemotherapy

192

48 96

144

Months

192

Relapse-free survival

1.0

0.8

0.6

0.4

0.2

0.0

B) IPW cohort

. 0: Chemotherapy
b —1: No chemotherapy

48 96 144 192
Months

ERRaT7IZLS

T XA LY

R EEENFEER

43
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Cox[BllgMDA T 3>

e AYF)L-ak—k
» REABETILAATZHY)
» SEHERAEETIVL(C EHR/EETIL)
» PSERAZEETIL(PS &H-FE=ETIL)
¥ PSTyFF-afkR—k
v REIABETIL(EDBETIL)
» YYFR-RTDERIETIL(PS &HMAEETIL)
» SEHRAEETIVL(C EHR/EETIL)
e IPWOR—F
» REABETIL(EDBETIL)
» SEHERAEETIVL(C EH/EETIL)

44
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A)oF )L -ak—

* Unadjusted (biased) HR;
proc phreg data = rott;

model rf * prfi(@) = NO_CHEMO/ rl;
run;
* PS-adjusted (conditional) HR;
proc phreg data = rott;

model rf * rfi(@) = NO_CHEMO PS/ rl;
run;
* Multivariable-adjusted (conditional) HR;
proc phreg data = rott;

class MENO SIZE GRADE;

model rf * rfi(@) = NO _CHEMO AGE MENO SIZE GRADE

ex_NODES PR ER AGE*AGE ex_ NODES*ex NODES / rl;

run;

45
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<YFk-ak—Fhk

* Conditional (stratified) HR;
proc phreg data = rott3;
model rf * rfi(@) = NO_CHEMO/ rl ties=exact;

strata pair; | TwFRK-R7TER|

run;

* Conditional HR;

proc phreg data = rott3;
class MENO SIZE GRADE;

model rf * rfi(@) = NO _CHEMO AGE MENO SIZE GRADE ex NODES PR
ER AGE*AGE ex NODES*ex NODES / rl ties=exact;

run;
* Marginal HR in unexposed population;
proc phreg data = rott3 covs(aggregate); | YYFF - XF7RDHRBEZZEE
model rf * rfi(@) = NO_CHEMO/ rl ties=exact;
id pair;

run; 46
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IPWak—Fk

* IPW (marginal HR);

proc phreg data = rott2 covs(aggregate);
model rf * rfi(@) = NO_CHEMO/ rl;
weight W;
id pid;

BATIT=EEEFNT
O/NA R ER

run;
* IPW + Multivariable-adjusted (conditional HR);
proc phreg data = rott2 covs(aggregate); | EA{TI+-1E5ITT
class MENO SIZE GRADE; O/\NX 58K
model rf * rfi(@) = NO_CHEMO AGE MENO SIZE GRADE
eXx NODES PR ER AGE*AGE ex NODES*ex NODES / rl;

weight W;

id pid;

run;
47
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faR N\ —KFLLDHEFEE

Unadjusted Cox model Original cohort Biased 0.84 0.75 0.95
Multivariable Cox model ¢ Original cohort C-conditional 148 1.27 1.71
PS-adjusted Cox model Original cohort PS-conditional 1.34 116 1.55
Stratified Cox model 2 Matched cohort ~ PS-conditional 1.47 118 1.83
Unstratified Cox model ® Matched cohort  Marginal © (RS SN NINISH s
Multivariable Cox model Matched cohort  C-conditional {ES9N NIFSIN NG 3
IPW Cox model ¢ IPW cohort Marginal 1.32 1.07 1.62
IPW multivariable Cox model &9 Rl A«elslelq C-conditional 1.58 1.28 1.96

Cl, confidence interval; IPW, inverse-probability weighted; HR, hazard ratio.

a Stratified on matched pairs.

bUsing a robust variance estimator aggregating residuals within pairs.

¢ Using a robust variance estimator aggregating residuals within an individual woman.

d Adjusted for age at surgery, menopausal status, tumor size, tumor grade, progesterone receptors, oestrogen receptors, and exp(—

0.12 * the number of positive lymph nodes). Age and the transformed number of nodes were included by linear and quadratic terms.

¢ Target population is the matched part of unexposed population (treated with chemotherapy).

f Target population is total (unexposed and exposed) population. 48
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FEATIGRDFEED

v ERAI7ORXBRBITIEFREATIMLTEERD
» IYFUY L IPW, EHE

e BB/ N\Y—KLt vs. FHEAE/NY—FE
» SABAEIZEH>TELSIEE (estimands) H HER]
= —f%IZ, AN —RLEIXEHFAESNANTF—REEXY1THED
« Ay XL THREBRDITR (non-collapsibility)

» ST EBETIVEEHAZTETIVIZEBIZERYIL =50
o LBl NS —RMEDQ YLLK R TONY—REEDER 2
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S EFEFHET ML

RE?

v FFERFROLEFMESE S(L) vs. SFU(L)
» IPW AFBEHHETEE

» Cox

A

m

JEETILICKAIEELHETESE

—EONARMEGFEHEMES

Bai et al., Biometrics 2013
Shinozaki & Nojima, Epidemiology 2019
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A

T ERREE + FREH TIEMELT-

—_Ea M/ \Z I\*‘E:l\:
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FERRNRDOHETE X

e ETIILDESGTNIRERAE
=E
» BRIBBITD2DODRA
r RRABICETILHADELIRKR
» 7OMALEIFEETIL
» ERIAOTETIL
r ETIILEFEDODILAEH/LENEL, EBEFDMOIM?
» MADMSIZEONRMEFE
» ETILICHELGREIL?

52



AIPWHE =

e Augmented IPW (+ reweighted)

e IPW (+ reweight) #E 7V HLA[E Jﬁai—
FAAAT-BRTES/INTAN) YO B TNHETE
» E(Y | X=%x,C=c) DETI
» PX=1|C=c)DETI

. L\'d:*tb\d):E?)l/b‘”IEL,(‘f*L(dflii’ﬂ XRIRD
— 2 E

—F EI/\ZI~ % (double robustness)

ITI




(BRIRXa7ETIL

IPWitE =

e EMAOT7ETIL
P(X =1|C =¢)
1-P(X=1|C=c¢)

= 0oyt aCy T a,Cr T a3C3 ...

log

» BN ISHLTFENE 73 2155

= 7 ={1 +exp(—a — 4 Cyqi — 2,Ch — 2Cq —.. )}

e EATITHE

§1>‘~ a)"—

Hopw = Hipw = Z

54
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7oA LEIRETIL

AlfRIRELEHTE=

e VOMNAL

H

IBETIL

E(YIX=1,C=c¢)

I
og1

—E(Y|X=1,C=c)

E(Y|X =0, C =c)

log

1—E(Y[X=0,C=c)

»EU\HJWLT$@MEm%“m“VE =)

0, =11+ eXp(—goo ,§’01C1| ,A5’02C2| ,A303C3| s
- r’ﬁ“ = {1+ exp(-L1o = B1Cyi — $12Ca — B13Cqi —... )}

e FHYE

(M)

1)

luo,reg

m m
3 3

Hq ,reg

= Pio t P11C1 + B12Co + [i3C3 ...

= oo ¥ So1Cq t LooCor + fsCs t...

55
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-

(BRIRXa7ETIL

7oA LEIRETIL

AIPW(ZEONRNEE =

e EMAIT7ETIL
| P(X=1|C =c)
1 _px=1C=c¢)
- 7/Z}i = {1 + exp(_ao - a’]C’H - a2C2i - a3C3i —.. .)}_1

e 7OMALEIRETIL

E(Y|X=1,C =c)
—~E(Y|]X=1,C=c¢)

E(Y|X =0, C = c)

1-E(Y]X=0,C=c) " )
= My; = {1 + exp(—fo — So1Cri — Bo2Cai — PosCai —--- )}
= my;={1 + exp(=Bio — S1Cri— P12Co — P13Cai—... )}

I
091

log

= Pio t P11Cq + B1oCo + [i3C3 +

= oo t So1Cq t LooCor + fyaCs +

56
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(BRIRXa7ETIL

AIPW (ZE

-4

7oA LEIRETIL

EO/NAR) HETFEE

=

==

e [PWIY +

a

J'Fﬁ' m—%'“:

A _ -1 i
My apwy =N i{_A i

o
Mo arpw =N i{ 1

JmIRE1LE

e —FO/NXMY¥ Gz
/s E(X|C)= !

7(C) EIELSHE
« E(Xm,/7) = E{E(Xm,/x| C)} = E{(m,/E(X|C)} = E(m
m,(C) EIELLEFRE

E(XY/7) = E{E(XY|C)/z} = E[E{X E(Y|X,C) |C}/#]
= E[{1-m-Pr(X=1|C) + 0-my-Pr(X=1|C)}/#] = E{m,-E(X|C)/7}

E(Y | X=X%,C)=

1)

/
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(ERRAI7ETIL 7oA LEIRETIL

#EE’J’;EKI’P“Z_T:_ED/\ZH’EE

e IPWIB

I HE TE =

1. POMALBIRETIL m(P) & EH W TEHFITHE
ZEMER = £EMLHK = W = IPW
ZEMER =BEHE = W=IPW xP(X=1|C)
- EREF = EBER = W= IPW xP(X =0|C)
2. BHTTITIZEIFIZLEL

W =

W =

W =

IPW

= EM2K(1,...N) TFBRIE E(Y|X =X, C) &F1y
IPW X P(X = 1|C)

= BEF(,..,n,) TFBRIE E(Y|X =X, C) &F 14
IPW X P(X = 0|C)

= JERFZ|E(1,...,n,) TFANE E(Y|X = x, C) & F1y

Disc. in Kang & Schafer, Stat Sci 2007
58

https:.//www.icrweb.jp



L\@%ﬁg)é:ﬁn/{zh#ﬁ&

l

It

. HREOMEE. BOKE

2 CT-H#ERE

» BIABIR . FHAFEIR
- SEEF.BEHFX=1). FBEFHX=0)

= IYFUTENT-EH

= C=cDYITFT)L—T
» EFIE

= AIPWit5E

-« G-#7E

= TMLE (targeted minimum loss-based/maximum likelihood estimation)
e T—ADHFHEIZIGCIZEEE
» ITEUIYEESEFRET —4

» FRURL . “Hfichdia

BT —43
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=45 :NHEFST—%4

¢ NHANES | Epidemiologic Follow-Up Study

» National Health and Nutrition Examination Survey

= www.cdc.gov/nchs/nhanes/nhefs/nhefs.htm
= Hernan & Robins, Causal Inference, 2018

E N—XSZ3AT—32(19715)

e 10FROTIAO—T YT T—5(19824)

» "For the study, medical and behavioral information were
collected during an initial physical examination, and

again at follow-up interviews approximately one decade
later”

60
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FIND DATA SEARCH/COMPARE VARIABLES DATA-RELATED PUBLICATIONS

Filters

Subject ¥

demographic
characteristics

social
indicators
(42)

Log In/Create

https://www.icpsr.umich.edu/icpsrweb/ICPSR/index.jsp

RESOURCES FOR STUDENTS  HELP

Search Results

45 results.

NHEFS VIEW ALL

search tips =

INFORMATION FOR: Prospective Students Current Students Alumni Faculty & Staff Friends & Supporters

M ig uel Hernan https://www.hsph.harvard.edu/miguel-hernan/

& > Miguel Hernan > Causal Inference Book

MIGUEL HERNAN

Causal Inference Book

Search this section E My colleague Jamie Robins and I are working on a book that provides a cohesi
inference. Much of this material is currently scattered across journals in seve]
Home the book will be of interest to anyone interested in causal inference, e.g., epidj;
Research v sociologists, political scientists, computer scientists... The book is divided in 3
Teaching G models, causal inference with models, and causal inference from complex lon
Causal Inference Book 61
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FHEEHI—F

seqn UNIQUE PERSONAL IDENTIFIER

sex 0: MALE 1: FEMALE

race 0: WHITE 1: BLACK OR OTHER IN 1971

age AGE IN 1971

education AMOUNT OF EDUCATION BY 1971: 1: 8TH GRADE OR LESS, 2: HS DROPOUT, 3:

HS, 4:COLLEGE DROPOUT, 5: COLLEGE OR MORE

smokeintensity NUMBER OF CIGARETTES SMOKED PER DAY IN 1971

smokeyrs YEARS OF SMOKING

gsmk QUIT SMOKING BETWEEN 1ST QUESTIONNAIRE AND 1982, 1:YES, 0:NO

wit82 71 INCREASE IN NUMBER OF CIGARETTES/DAY BETWEEN 1971 and 1982

death DEATH BY 1992, 1:YES, 0:NO

exercise IN RECREATION, HOW MUCH EXERCISE? IN 1971, 0:much exercise,1:moderate

exercise,2:little or no exercise

active IN YOUR USUAL DAY, HOW ACTIVE ARE YOU? IN 1971, O:very active,
1:moderately active, 2:inactive

wt71 WEIGHT IN KILOGRAMS IN 1971

62
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BEAT 73 &

p BEEE X

» ZE gsmk (1:1E&T=. 0 E2E)
e 7ORALY

» 10FEfEDIET death (1: 3. 0: & 1F)
e RIREH

» SeX, race. age (Ll EILE{E : 2RKIFF THE) . education,
smokeintensity, smokeyrs, exercise. active, wt71

r KREARATOHMR E(Y") - E(Y0) ZHE
» IPW

» 7ORALEE
» —EO/NXK

AT

> SAS/PROC CAUSALTRT

63
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IPWHEE

ods graphics on;
proc causaltrt data = nhefs_nmv desc;
class exercise active education /desc;
psmodel gsmk(ref="0") = sex race age age*age education

smokeintensity mokeintensity*smokeintensity
smokeyrs smokeyrs*smokeyrs

exercise active wt71 wt71*wt71

/ plots = (psdist weightdist
pscovden(effects(age smokeyrs)) );

model death / dist = bin;
run;

Analyzis of Gausal Effect

Treatment Robust Wald 5%
Parameter Lewvel Estimate Std Err  Gonfidence Limits Z Pr> |2l
POM 1 01884 00185 01514 02254 | 953 <0001
POM 1] 01839 Q0112 016159 02058 | 1641 <0001
ATE QOQ4AESS | Q0207 -002503 00415 022 0B2ES
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WEEDIT7OTSLTIL...

proc logistic data = nhefs_nmv desc;
class exercise active education;
model gsmk = sex race age age*age education
smokeintensity smokeintensity*smokeintensity
smokeyrs smokeyrs*smokeyrs
exercise active wt71 wt71*wt71/ lackfit;
output out = nhefs ps p = ps;
run;

data nhefs ps;
set nhefs ps;
w = gqsmk/ps + (1 - gsmk)/(1 - ps);

run;
E%1551-6 DIST = NORMAL

proc genmod data = nhefs_ps; (HEEIXIPWRE—H. D HDRBFE T TLARIIE L)

class seqn; AL ITHIL DIST = POISSON
model death = gsmk /dist = normal;
weight w;

CCTOANRMRUTMERRAITETILDHEEETEEL
TLWEW =&, LB G #E S Rt E &
2L, A7 R I RSP EYE GBREHE S 5) 7]

repeated sub = seqgn;
run;
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LU o T=5

T ILAE

VA

» IREFEED CAUSALTRT TIET7A4IILNTH AT ALY

HZEE, 2017 “SASIZ LA R EH#iF: CAUSALTRTZOY

~ O

v DEEN

e SASTIZT—FRFSYTIEEREH

—

» T

bl VIEWTABLE: Work.Bootipws

JAILETIEZEEL TRTPOM .

4 73]
CNTPOM_, _ATE_ |

—

Bootztrap Bootztrap
zample zample
eztimate for | estimate far
Control Treatment
Patential Potential
Cutcome Cutcome
Mean Mean
1 01504778876 01106642154
2 01508252221 01367215302
3 01534402872 01375840047
4 01538615485  0.1395440364
] 01551464369 01404315419
fi 01BRGT60707 01406643752
7 DBG204791 01431206381
i 01564066971 01449201657
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[B]jmiR &1L

ods graphics on;
proc causaltrt data = nhefs_nmv poutcomemod desc;
class exercise active education /desc;
psmodel gsmk(ref="0") ;
model death = sex race age age*age education
smokeintensity
smokeintensity*smokeintensity
smokeyrs smokeyrs*smokeyrs
exercise active wt71 wt71*wt71
/ dist = bin;
bootstrap bootci(all) plot seed=1234;
run;
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[B]jmiR &1L

Analyziz of Gausal Effect

Treatment Robust  Bootstrap Wald 55% Bootstrap Wald 55%
Parameter Level Estimate 3td Err Std Err Gonfidence Limits  Confidence Limits
POM 1 0178 00 00175 01465 02134 01448 02151
POM 0 01851 D012 00114 01631 02071 01628 02075
ATE -0.00516 0 0.0191 00195 | 004288 002226 -004413 0 003385

Bootstrap Percentile | Bootstrap Bias Corrected

05% Confidence Limits | 95% Confidence Limits Z Pr> |Z]
0.1458 02177 0.1454 02143 | 10EE {0007
0.1638 02003 01620 02080 1648 {0007

—0.042165 003542 =0 040095, QOITEE -027 07868
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KEDI7OTSLTIL...

data

run;
proc

nhefs_nmv;
set nhefs_nmv;
wtl = gsmk;
wte = 1 - qgsmk;

genmod data = nhefs_nmv desc;
class exercise active education;
model death

sex race age age*age education

smokeintensity smokeintensity*smokeintensity smokeyrs

smokeyrs*smokeyrs exercise active wt71 wt71*wt71/ dist = bin covb;
weight wtl; | gsmk =1 TOHAHUTIEH = E(Y | C) DFEEEXEEIZIFS
output out pred3 p = pdeathl;
run;
proc genmod data = pred3 desc;
class exercise active education;
model death = sex race age age*age education
smokeintensity smokeintensity*smokeintensity smokeyrs
smokeyrs*smokeyrs exercise active wt71 wt71*wt71/ dist = bin covb;
weight wt@; | qgsmk =0 TOHHTIEH = E(YO|C) DFRAEZLEIZHES
output out pred3 p = pdeatho;
run;
proc means data = pred3; ZNEE H 2\ E = Fl - — s
var pdeathl pdeathe; - JJH&';':EJ? AT KD TILAE
run; FFT RSV T ETHEIEE
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AIPW(—ZEO/N\XRMHETFES

ods graphics on;
proc causaltrt data = nhefs _nmv ppsmodel poutcomemod desc;
class exercise active education /desc;
psmodel gsmk(ref="0") = sex race age age*age education
smokeintensity smokeintensity*smokeintensity
smokeyrs smokeyrs*smokeyrs
exercise active wt71 wt71*wt71;
model death = sex race age age*age education
smokeintensity smokeintensity*smokeintensity
smokeyrs smokeyrs*smokeyrs
exercise active wt71 wt71*wt71/ dist = bin;
bootstrap bootci(all) plot seed=1234;
run;
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AIPW (= EO/AX R HEES

1|

Analys
Treatment Robust Bootstrap Wald 95%
Parameter Level Estimate Std Err =td Err | Confidence Limits
PO 1 01855 00189 00197 01486 02225
POM 0 01857 00112 00114 01837 02078
ATE -0.00014 00208 00215 004081 | 004053
sis of Gausal Effect
Bootstrap Wald 95%  Bootstrap Percentile Bootstrap Bias Corrected
Confidence Limits 95%% Confidence Limits  95% Confidence Limits Z Pr> |Z]
0. 1470 02242 0.1492 02251 01477 02235 583 <000
0. 1534 02081 0,160 02084 01632 02084 1654 L0001
-004232 004204 —0.03903 004570 —0.0E3900 004574 =001 09945
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ETILIZEOAEHMMNELSLL

e [ZEONRMEJFHEESNGL
» T575 CE=EEDTH=MEIF
» THOH CEEHEDF-ERATT
DETILEEIZKNTHHE
p ETILICEDHBATE T AMO/NAME I TIEXAEL

Keil et al., Am J Epidemiol 2018 (Letter)

¥ PRARVIIGFAAEHE (DOSTEWNIEIAULNWNTT)
» XIREHO—EZEMERIRITZETILTINTUASETHET

» INTUREINTWVGEW—EZEFET JLTIRHE
Shinozaki and Nojima, Epidemiology 2019




T RBFAEZAEDFIAR

r REEBC HLHDLEL. EBRIFEH
» RIBEHMN CELTHRBESINTULS (= FHAHESUH LIR)IRTE
e FERETNTEENGS
» BRIZTZGEABHOAVEGND,BAZEIZC DENELD
e BETET IV EBRIEHTOELIFE
» EIRETIL = E(Y|X, C)
» EERAI7ETIL = P(X=1|C)
« BAZLICEGHEN LN
« HCETRBEEHC DEZEDELARLLY

» EELMEFES
» TWAOMS = ZEONZNETE
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FEOH BFRICHLELGEH

r LWEGRE
1.C TERITERD X BIUFLITRES =ERIEHTICHE

2a. E(Y|X, C) ZIELLFE ~mEBETIL
2b. P(X =1|C) ZIELLHFE =ERARI7ETIL

2c. E(Y|X, C) E£f=I& P(X =1|C) (F=IxMA)ZELSETE
=AIPW(ZEAO/NXNHETFE=




Take-home message (F518)

e XAREREE = [ERIFEMT

» XEEMTYH I T IL—T 21T T (= EBRI) iR
r RHRABIZCBITA2IBEHOMETETIL

¥ 7'7"73-& J'FI?:ET)I/

» (EMAOTETIL

e ETILEZDHNOSHEB
» BRITELGRWNNIEDKBERMDAHLHLES
/"—%‘%
« POMALEF
= {EER37

> BSETILOHEBARNERTIEAL




Why propensity score?

2 TEINTANYTETILOHEA semiparametric inference
» THEIRDHEH/NFTA—F I USNDIREZBAOHLI-ETIL
» ZEO/NAMETE (doubly robust estimation)
r BFEIRTFERIEDEFEE  adjustment for time-varying confounding
» AENMEHESITHNDIRR (X, Xy, .., X))
» HAEHEMN
a. BRADABEORBEHTHY. D
b. HIDBEDEEZZITD
BE. TOEHFRAEBLTELECTENMT R
e EEIR-EIENE mediation analysis
» BAEXZORRBEHEMENLESR -NSLGVIE
. FHITEREEL T A dynamic treatment regimens
» BEX, FIRBOELEE L, DEICISCTRDABE X, FRE
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