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> KEBIILUTESEICTERLTLWVET,

B Hernan MA, Robins JM (2020). Causal Inference: What If. Boca Raton: Chapman
& Hall/CRC. Chapter 14.

Ohttps://www.hsph.harvard.edu/miguel—hernan/causal—inference—book/
(last access date 23-MAR-2021)

> AL NHEFS data U7 OT S LIFLLTICARISNTLET,

Ohttps://cdnl.sph.harvard.edu/wp—content/uploads/sites/1268/2012/10/nhefs sas.zip
Ohttps://cdn1.sph.harvard.edu/wp—content/uploads/sites/1268/2019/01/sas part2.zip

(last access date 23-MAR-2021)
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> G-estimationZ 229 5

BRI HETI-DEGREEZERTS

OE =3P EEE (conditional exchangeability )

O# &R ARET L (structural nested model )

DT,

X

RIRDEEDEZAFEE

295

> G-estimationMD R ;EZD B (SASTOT S L)
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I G-estimation D 454
O mizp

> " — %k (generalized ) "LT=7&T, L& (FERZEIET S
MEZEL ) DERZNE (causal effect ) ZHETET A%

B [PW, Standardization

BB ERAMETILE{HESG-estimation

=1L, BEETINEIZXTHEEMUGETIIARS VRO D LDOEFHST ([Hernan,
Robins 2020 ]MPart 3TF‘HONTLNET )

> ETIVEFERALLGWNGS (XEE0HATIUHLD)
M IPW, StandardizationZ ¥l FH m] g

A:Treatment

> :E7_2)L§1E4 ] j-éi%é L: Covariates
B IPW: &% PrlA=alL 1ZETFI/L{t
B Standardization: 7 2 AL E[Y|A=a, L=l ]ZETILAL
B G-estimation: ERAMETILEZ{FESHTE A E
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> G—estimation®D ZE {5
B AHAT[EET™E (Exchangeability )
B B E R ANMET L (Structural nested model )
B Rank preservation
> G—estimationMDEEFEZD B
M Grid search (1/\5A—32DIZE )
O/NSA—ZHETE
OSAST A4S S5 L
B Closed form J&HETIL, 1-BHI/INTA—2DIFE )
ClEffect modification
O/NSA—ZHETE
OSASTO4'S A
> i& &) 2-4 g-estimation
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ZHAATRETE (EXCHANGEABILITY )
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I A AT gETE (exchangeability)
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> R‘FF‘['J'%X?@_I%'TE

EXNFIRLYER

O mzp



| xmersetmars®

> — B (consistency ) T TY=Y2¢L T, 4
TR EEL, M%Al~§1LTHTO)D“/ZT4J7 o FE

TIWERET S

logit Pr[A

@ mzi
HLE T DB E R

=1Y* L] =ap + a1Y?*+ asL

> CDEE, FHATERMAIBEMEMNRILT NI, o DHEFEIELO

BEEHS, LOFHEFETDTTYLLAITIHIITHS
B G-estimationTIE, CDEEZHLYS
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G—estimationD &2

BERAFETIL
(STRUCTURAL NESTED MODEL )
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I SM, SNMMD

O iz
> MEANYICEZHSRBENRICEKRAHLHEE, LTD
structural model (SM ) TXRIHTZ5.
ElY*='L] - E|Y*="|L| = E|Yy*=! —Yy*=|L]
> ﬂil LOKEB TEREREDERIZEVNWVDEITNIL, §/KET—F
LRI B3N EE (average causal effect ) EE2 5. (B[R 'ﬁ?ﬁi
0)— HRIENRTEHS )

E|Y*=' —Y*=|L] =
FHMERRMRIL, LT ORITNGA—FZEMLET.
ElY* - Y*|L] = pia
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I SM, SNMM®@

> LD IKZEEE] TE
ZEMLAUNE,

E|Y“
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3

SR
LLY

.

— Y*=|L| = Bral+ BaalL

O mizp
ELVDHAELIE, AtLd)scEﬂEFﬁIE
%;)J%onﬁmra;b\ SO,

> Ef, FUEMSKEBAREED T TIE, YREARBIZZDT, LR

DBYRTZENTES.
EDORDED =

E[Ye — ye=0 L] = Bia + B2aL

B ZDmodelXZEHE ERANEXET )L (structural nested mean models,

SNMM ) &R 58

BB RBRETIETINEDIEEIZ, COETILIXIARARIT B[Robins
and Tsiatis (1991 )].

B ZOmodelX M5, B1&B2%EG-estimation|Z&YHEE T 5.



I SNMM vs. MSM (Marginal structural model )

O mzH
> FEBEEETIL MSM)IZLLTDEY TH-of-.

E[Y?|L] = fo + Bra+ BaaL + BL
> SNMMIZLL T D@EYTHS.
E[ya . Ya:0|L] = [1a + Byal

> EULME, MSMICEEELTIYDGLMRELMNESNTELY, £
FILOEHEICHLTIYANRNCHD

B SMNMIEEI/NTARN)YIETILTHY, L TOEIZEENLL.
(BULEIZBITAEIIHELLY)

Bo+ B3l = E |[Y*=|L =1]
BLBEEOREERICESAVNEAEETET HBHEAEL
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I Administrative censoring®®H 55 S

@ mEip

> Administrative censoring® #5158, censor&uncensorl 254

(FTERMAREEZRE T NIL, SNMMIZLLTD@EY THAB.

E[ya,c:O . Ya:(),c:()lA = a, L] = [1a + Boal

> IPWTId R #& K+ &administrative censoringlZ& 4 selection
biasZEHZ A€ TdH. ([Hernan and Robins, 2020]12.65 88 )

> {th 5, G-estimation|LA#E

X

FDHRETED.

mET, IPWEZHWTELLEF (pseudo population )Z4ERLL Tselection

biasZFHET 5.

B SR EEH N TG-estimationZE i 9 5.
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G—estimation®D E &R

RANK PRESERVATION
O ZHEL-NHEFS datal3 U FICABSh TOET,

https://cdn1.sph.harvard.edu/wp-content/uploads/sites/1268/2012/10/nhefs _sas.zip
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I Rank for #R;HI{E (Observed )

--

23522 48.5
6928 1 47.5 2
23321 0 - 413 1566

> REZILZTRIIEYICH->TIUVFITLE

B HZ(£235221X L T ORRICAEZEEMLU-ER THS.

71.21kg (19714F )=119.74kg (19824 )

O mzp
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I Rank for ;BT s (counterfactuals )

-

Y &=l Rank Y a0 Rank

23522 v 48.5 1
6928 1 47.5 2 - -
23321 0 G G -413 1566

mYa=1LY 0Tl 2 [CRank I {13 (BRBME D Rank TIXZELY ).
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I Rank preservation

}ET It DRankHYE] L

-_

Y &1 Rank Y a0 Rank

23522 48.5 1
6928 1 47.5 2 XX 2
23321 0 XX 1566 —413 1566

B Rank preservation®MEIZL TLYS ELNS.
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I Additive Rank preservation
O sz

>éfd)¥}§i%ﬁ%‘f‘k $hER (Y=1-Y=20 ) A EIC

Subject Yoy

Y &1 Rank Y a0 Rank
23522 51.5 y 48.5

1 3
6928 475 2 25 2 S

23321 -383 Last -413 Last [

B Rank®, [ L.
M Additive Rank preservation®EILL TLVBHELND. 18



I Additive conditional rank preservation

> LASEICEE H D2 TORBE TRENRAE —
B EGLHLTIE, ARMENELG->THEL

Y&l Rank Y20 Rank
0 23522 515 yi 48.5 3
0 : : : .
0 23321 -383 Last -413 Last 3

6928 475 1 435 1 [N
11111 —400 Last -440 Last |4

B Additive conditional rank preservationHhEILELND.

1
1
1

O mzp
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I Additive unconditional/conditional rank preserving structural model® 5l
O nzRp

> Unconditional ET ILDIBE (1/835A—4)
BLDEICESTETOHEBRE TLENRINE—

Y* — Y%=V = 4)a for all subjects i
> Conditional ET JLMDIFGE (2/35A—43 )
B E—DOLOEZFH D2 TOHBRE CTREMRIR—
Y* — Y=Y = 4pya + pal; for all subjects ¢

mELGSHLTIE, ARNENEL>TERL
O Pia + sal for L =1
0 Via+ gal’ for L =1
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I Rank preservation & 2 (unconditionalDi5& )

> Additive rank preserving structural modelZ{REJ 5 ¢,

B Y® - Y*" =1a for all subjects i
n Ya:O — Vo _ wla

O ye=0—=ye=l _ 4, for subject with a = 1
O ye=Y =y for subject with a = 0

XY, Y '=y —y A

O ye=0 =Yy — 4, for subject with a = 1
O Y= =Y for subject with a =0

> DFY, EWERE DY % HRAI6E
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I Rank preservationlZ DL\ TDFE,

> Rank preservation{x &

@ mEip

BT HEEAEELLLLEL, RREXRIRET SRR HERD R
FiEIE—ERMIZFERT RETIEELY [Hernan, Robins 2020 ]

BAR{FEEDAD, G-estimationDE

RO LV =HEALT:

OG-estimationld, rank preservationMD{RTE D FLILIZ K BH7E0N

B7;$, [Question and answer on adjustment for cross—over in
estimating effects in oncology trials | TI&, rank preserving

structural failure time (RPSFT) D BN TLVET [EMA ]
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G-estimation : grid search: 1/\SA—32Di5&E

INTA—RHESE
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I G-estimationMZ&ZZ HD)

> Additive rank preserving structural modelZx{RE9 5 &,
EHERBDBAERCZTHRTES.
o Y=Y =Y — ¢y for subject with a =1
- Y=Y =Y for subject with a = 0

I Yoty

Yal Rank Y20 Rank
23522 O 48.5 1 A

6928 1 475 2 475-4 2 A

23321 0 XX 1566 -413 1366 A

2-4 g-estimation
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I G-estimationMZ&ZZ H 2
O niz
> P EDKOIZHETET HH
BOBERMBYTZETIVIE H QT ) =Y —yYTA49 5L, vyTOHREMSIEL
L\ ZBACEE, ELWVBTERIGH (W )ZEESCEITFMELS
BQut =y, ZRATHE H@Y) =Y UTOASAT4YIETILE
ELLET B
logit Pr[A=1|H(Y"),L] = ag + a1 H(Y") + as L
»Y*rEOLIDEAT, AP AToyYEIFERYEL, o) =
0LTE-T=BFEDYTHY, g-estimate P,
M grid search
B TETMATEEME LY, Pr (4 = 1|1, YO)IXYAZIKREFELLRLY

BlogitPr (A =1|L, Y*) = ag + a, Y + a; LIRELWNVETILTHAHED,

2-4 g-estimation
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>, DHETEEDISWEFE

2=y T Dtyhk

XL, o ,=0NRTE TplEAH0.05% L[B

@ mEip

> BRE mi:Selection biasDZEEDT=OHICIPWH EEZXHILVf=C &%

%Fg'd‘é
BONXMELDFIFE

OXZARTIIRSFHGEBEREZERT S

B Bootstrapping® F| FF

OEFEXRBIEIERSFRIELGY, AONAMTRZRAWN -t D LY

S LA
n-l_ﬁib\i Z_%)
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I Rank preservation vs. non rank preservation

@ mEip

> P, 129 HG-estimation 7 LT X LI, FEEETILAI
SNTLWNIE, SNMMD B . D—HHEEEEX 5 X5
B JogitPr[A =1|H(y™), L]
m H(yT)

ELSRE

> [Rank preservation[ZT DWW TDEE | THRAR-H, EERAMEY

ETJLTIE, rank preservingD{RTE D KEIZL BN

» DL, BERAMNEYETILTH,
B 2HEREFETH(B) = Y ' THOIDEFAL

BH(B) &Y', R—DEBAFEFEHEZFODLDAZBLELLTINDS

2-4 g-estimation
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G-estimation : grid search: 1/\SA—32Di5&E
SASTOY S A
> {ERALNHEFS data® U705 S LIFLTICAREIATLET,

O htips://cdn1.sph.harvard.edu/wp-content/uploads/sites/1268/2012/10/nhefs sas.zip
O htips://cdni.sph.harvard.edu/wp-content/uploads/sites/1268/2019/01/sas part2.zip
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I 7095 LQ censoringDIRAERAEAW cDEH

O mzp

proc logistic data=f##r7—2 vk 4A;

class Z#4;

model [CensorZE$ | = T84,

output out=fERT—3 vk 4

p= [CensorfER D ETFBE R ];

run;
data fEfT T —2t YR BA;
merge I T—2t VbR HERET—32tVh4A;
by F—ZEHA;
if [CensorK 2] = <iTHUIYRDIKE(E >;
w c=1/[CensorfEXDHTIEL I |; [Hernan & Robins (2020).

run, Chapter 14, Program14.1]

» Selection biasﬁﬁﬁéﬁﬂéﬁﬂj
m $T5H0HE CensorfERDBRHICUNFTSLRN
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I 704 5.1.2) G-estimation by grid search

%macro gest_gsearch;

%do loop=200 %to 500 %by 10; @
%let psi=%eval(&loop)/100;

grid search: ¥ #2.0~5.0
FTO.1%IATEIE

run;

proc genmod data 2T T—3 YRR A;

class Z#4;
weight w_c;

FHw cDF A

run;quit;
%end;
%mend;

data fEtr T —42tVvh4&B; set BT T —2tYhRBA:;
Hpsi = {AEZ L E 3T ]-&psix [BLEFEET I ];

H(") =Y -y A

model [B2fEFHITEL | = T4 Hpsi / dist = bin link = logit;

logit Pr[A = 1/H(¢"), L] = ag + ay H(%™) + ay [}

repeated subject = [#{EEE 2L ] / type = ind;

O/NNARDBRDFIFE

[Hernan & Robins (2020). Chapter 14, Program14.2]

O mzp
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I 70745 5.LQ3) grid searchD R LR

95%15 48 X ]

@ mEip

25 00176
26 00157
3.3 0.0027
3.4  0.0009
3.0 -0.0010
44 -0.0182
45 -0.0202

0.0086
0.0086

0.0088
0.0088
0.0089

0.0094
0.0094

-BELT-5E, a,h0IZk

0.0008
—0.0011

—-0.0145
-0.0164
—-0.0184

—0.0365
—0.0386

L13.4~3.5kg{KE

0.0344
0.0326

0.0199
0.0181
0.0164

0.0001
—-0.0017

0.0404

0.0670

0.7552
0.9221
0.9085

0.0513

0.0322

s AN EMNT 5.
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G-estimation: closed form R ETIL, 1-EH/N\SA—2DBE )

EFFECT MODIFICATION

2-4 g-estimation

O mzp
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I Effect modification

> VOKEIZE>TEHRARMNENELSHIHES, SNMMITLLT

MDiEY.

ElY® —-Y*YA=a,L] = Bra+ faaV
> Xt 9 BHrank preserving modellZLL T DAY
Y — Y%= = 4h1a + aV for all subjects

> O X749

logit Pr[A = 1|H("), L] = ap + a1 H()T) + as H(Y )V + asL

A

FETILERAWTay, a, ZHETE.

BHWT)ZLUTORICERT S.

H(ypt) =Y =] A— ¢35 AV

o, = 0D Da, = 045y, YI&EERTS.

2-4 g-estimation
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G-estimation: closed form R ETIL, B/ NSA—2DEZE )

INTA—RHESE

2-4 g-estimation

O mzp
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I INTGA—RHETFE
@ mEip

> INDA—A (Y1, Y, DEHIEM (1D—2D)
BHEMNICERTHIONEIZKE ! 2XT)

> — iR ZHEE AR, closed formTHRHE T, VI 7 CEIET
BRI ETRET 5.
B SAS/IML Tl Nelder-Mead simplex method] (NLPNMS Call )H\F| FH H 3£,
HEAEXRZMAHEKEWNGEENIRZS.
([Hernan, Robins 2020 ] 17&&08 )

ERXNRBETILTHNIL, BBIEIIEHERTHE (closed form ) .

AT

> H#EE A
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I G—estimation of structural nested mean models
O mzi
> FlZIE, 1-parameter® SNMMZZ&E %2 5.
logit Pr[A = 1|H(%™"),L] = ap + a1 H(Y™") + as L
M score test*Z A 5L, TitDHEEAERZES.
S I[Ci =0l WEH(vT)(Ai — E[A|Li]) =0

BIC;, =0|W!IET—ahoHELRKS.
BIFICH,(Y) =Yi—ytAELT=EE, XY dclosed form (BEATHYIC
fBiTd ).

= ZI C; = 0| WEY;(A; — E[A|L)) /Yf i = 0| WE Ai(A; — E[A|L))

1=1

W EHH, ) DFRIFHREICFEET 5. [Robins (1994) |

2-4 g-estimation
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O mzp

G-estimation : closed form (JT2ETIL, 1-EHBU/SA—2DEE )
SASTOY S A
> {EHL=NHEFS data®Z U7 AY S LIZLLTIZARShTLNVET,

O htips://cdn1.sph.harvard.edu/wp-content/uploads/sites/1268/2012/10/nhefs sas.zip
O htips://cdni.sph.harvard.edu/wp-content/uploads/sites/1268/2019/01/sas part2.zip

2-4 g-estimation 37



I 1INSA—2DBED
@ mzi
>**'J@EL,7“—:U‘J:%> KENDEEZTRETLI=L.
BEI L, T—2IBE[A|IL; | 2EHT 5.

Sy I[C: = 0| WE Hy(y+) (A —[E[A]Li]) = 0

proc logistic data=f##77—42t v+ 4 A descending;
class Z£#4;
weight w_c;
model [B2fEHELETH | = THA;
output out=FF R T—2 vk 4

p= [EEHEERDHETEE ];

|||.U||

run;

AT5AK28TE H L1-Selection biasSRZEHEHw c

A gesimalon reman & Robins (2020). Chapter 14, Program14.3]
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I 1INSA—EDBED

> 1-parameter closed formMDiF &

by = ZI[C—O]WCY(A — E[A|L) /TI =0 WEA(A; — E[A|L))

1=1

1=1

O mzp

proc iml;

AT53AR28TE H L1=Selection biasiiZHEHw c

use FERT—2tVh4A;

read all var {[B2/EEELTH | [BEMEDHTEE ] (KELILEE ] wel
close [Z/EMHERDMHTEIE I;

[psi ] = sum(w_C*[AEELILZEH *(FREFEEMN |- [EEEZEDOHTENE D)

append from [psi |;

print [psi |
quit;

close ERT—3EYLEBA;

[ sum(w_c[BER BT x(BEF T |- [BEERQHETEE 1))
create EERET—F VM EA from [psi ];

psi
3 4458871

BEEEL-5E, AEMNI4kgtEMNT S

[Hernan & Robins (2020). Chapter 14, Program14.3]
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I 2INTA—=RDNIBES
> VD KEIZEH>THERERIENE

BVIZ1BH=YDR/N\aDARE (B2

@ mEip

BOERZERE.
EARE).

proc iml;
use FERT—AtYR4E;
read all var {{ A IZ#FEE(BE ) 1);
lhs = J(2,2,0 ); EESI+ETE (BE );
rhs = J(2,1,0 ); BEFI$ETE (B );
[psi ] =t (solve (Ihs, rhs ) );
create FERT—2tyFAA from [psi ];
append from [psi J;
close fERT—2tVrEA,;

psi

BINTA—R(xt9 BHscore test
DETF AR ELAERXEL
T, B2Fllhs (217251 )&BEFlrhs

(29715 )THEXEL, solveFH#( T
iTE

print [psi J; XKECHIDIEEFDFHMIL, [Hernan,
quit: 285631 00300411 Robing 2020]0) 14E 5 HR
BT RDFANIANORTRET HE, AMED2.86ketBZ 5.

xf- A/Nap1REz

HE, KEMN003kglEZ 5.

[Hernan & Robins (2020). Chapter 14, Program14.3]
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> G-estimationMDZ&E A FZxIEELT-
BRADY, DIRFRZ, BERICHW ) DERE T

BLUTHAELLMES, WEATHKEREZE#EL=logisticETILD
HWY ) DINGA—FHEFEEIF0EED

OStructural nested mean modelZ%85F
O Conditional exchangeabilityZ{x 7&
> G-estimation DR A EZZEAELT-
B Grid search
BiRTETILTIIEBFTRIIZERITS
> G-estimation®SASTOY S LEEBFELT-

@ mEip
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