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Abstract

In biomedical, behavioral, and health research, the effect of an exposure on an outcome is
often transmitted through multiple temporally ordered mediating mechanisms. When two
ordered mediators are present, an earlier mediator may further affect later mediators and the
outcome, thereby creating intermediate confounding and invalidating the cross-world
independence assumptions commonly used in the natural effects framework.

This thesis studies path-specific effects in settings with two ordered mediators and
intermediate confounders. Two alternative identification strategies are proposed: one based on
no-interaction assumptions and the other based on no-heterogeneity assumptions. Under these
structural restrictions, identification results for the sequential decomposition of path-specific
effects are derived. For estimation, g-computation is used to construct plug-in estimators, and
simulation studies are conducted to evaluate finite-sample performance.

The simulation results show that, when the corresponding identification assumptions hold,
the proposed methods substantially reduce estimation bias relative to a naive approach that
ignores intermediate confounders.. This thesis therefore provides an identification and
estimation framework for path-specific effects in ordered multiple-mediator structures with
intermediate confounding.

Keywords: mediation analysis; ordered ~mediators; path-specific effects; intermediate

confounding; g-computation
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B FrERCIELE LB
%s%,;g 4~ &d vf&ﬁkﬁxh_%i;fg » 1L E PRI @ /‘@ﬁ_ﬂ TR SRR & o T F)
% ¢ 4 » 45 (causal mediation analysis) = 5 2 F % E4|ahE &1 & o
B Rubin (1974) 22 Neyman (1923) ¥ = &~ ¥ 9 =% 2 A # 12 % » Robins and
Greenland (1992)¢# Pearl (2001) #7342 p 3 & 4#&»c/& (natural direct effect) #2 p &
2o (natural indirect effect) » ¢ = 2 H - ¢ 4 SHTITER R DRERIR - X T
b2 E A 2 2t % gk 4 > A2 H03] (‘nonparametric structural equation model with
independent errors, NPSEM-IE ) 7F 4c 72 #3% - 2R @ » Robins (2003)4 2 Robins and
Richardson (2010)i&— # 45 &1 » NPSEM-IE *E 7 5 7] ches+ J jih = 4% B3k (cross-world
independence assumption) - % ® B -+ 3 %] 5+ (intermediate confounders ) - 7= =
recanting witnesses & < & B R 2 ¢ A H 2% L b FRF]F 5 AR - BREH T
EF O Rp Ak e NPSEMHIE T 3 7 7535 (Avin et al., 2005) » 15 & % » 57§ ¥ 44
PTG At 2 a4 7 R v 0 Bl 4edk ) ATen ] % P& (Chen et al.,
2026; VanderWeele & Vansteelandt, 2014) » & & NPSEM-IE 4= 7 A »5 4v g7 ¢ 3K ™ 145
FEa 4 (Tchetgen Tchetgen & Vanderweele, 2014; Xia & Chan, 2023) - 2k @ » szt 3 jx 4
BRI E- P A% A
LFLPFE AP FERERR IR AR P EHAIE SRR SR 4
BEag TR ] BRE - ¢ ke 2 A KRE{ oKD RIEITIE o F
RS B AR PRERE ERA G FRERRRSSRH TR ¢ F 5T
W E PR e F ATy —‘krﬁg,: PRE G FEASER P 4 I EF > Daniel et al.
(2015)#= Steen et al. (2017)#74& 41 2. sequential decomposition > 3& i p 2R3 BI22E T B lw
RO IR TR Ra o B T RDFERD T RIFELY BB EEXR > Fla L
Roxfg> 2] o - EP BFFRF)F F o BERBEZHBERT AL F2 03 30
H-v? ARE? - TR ORI B IRFFEXRBRE 2P AL RT3

FF LAY AR ET O BREAREU ALY B S B d AWK
PR RRA E ISy % ]
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FEETT 0 A S REBAT - AREL o AEERERIETT o SHAT
R A A AAEY ARRT o BT TR BN EF AR

e T RBHEE- R XS LI LE AR A o TN BT B
POTEIEE N RFERA R AL o H - oY A B - 0 R
RREEY AP EPFRATRT O RIABREFLY B85 RFHTFF LFFE
Bt Egr A& 4 (Vanderweele, 2015) o 2 §_» & % B & F| & g B P AR T o gt Xk il
FA7 7 Fla@REehdy A AET L mRae /2% F’B‘mJ'FE-—T#é'"] °
F P NBEEE 2B FARFFIAFIATHERP ARGV L o FERp Rk
ME-IEERY A ARAGRE o A BT H C R T N wmm P R FER o
FNPRIRFFFAFAAL A A HHA BEFFT TR Y /) FF T
e BT R A R R R B &

decomposition #t T_EZ T IR R > ¥ B BIER F T AR

&% 3 FEEL sequential
+ % 4 2 4240 A (linear
structural equation model, linear SEM ) T & {745k - A~ H T &L Pdo™ o 5 - &

7- H

AR LT RS F R A S REE kLA 0 X v A sequential
decomposition ** @5 p RS EAZIE T AT 7 ZFFREK 0 - HEP P FFEF]F Ao
BB R PEEL - B2 FHRS B AR AR LRI Y BRER

BEEEBER > TR BES R FEES S o ¥ £ 518 g-computation e e
PRI NUERAT TR R A URATZ AR BEE LG B F TS
2_ naive approach i& 7wt - % 7 TR EA A BT F R 22 Sy ARG RS

AR P oo
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21 TR BHeF R H

AFTTRET DS BEEFAY TRALF R FERBFTHFI n Bk k-
ARt AES 0 BWIZBEBZTH L 0; = (C, A Ly My, Ly, My, Y).
HY v G 2T ARERIE A 2T RBRE M &2 My 2177 B9 A%HE > ¥ My
BPER PR My 34 0V A7 8RR A2 VY EA Y FIEFS 5 Al
Li; 8 Ly oLy P A B> RS 0 F R FHFF > blc7  FEFREE My ~
My 82Y, 7 326 B8E; Ly PIRDI M B8 2P 7»20 4 5 ¥ FERE
My Yo Z b8 84 BR T 210 =(CAL,M,LyMp,Y) %77 -
BRWEETA PR RBEZ FIELETD e REEE T 0 AoB 21 407 o

Y(a)z\'r?ﬁ&-%%fl/})‘ KL aPFTRERIN2ZFEFRE T4 M(a) 27 %
BEBAN K aFTREINZLEG - ARA2FEFE - A PRI EAHY
Hc % (total effect, TE) = E[Y(1) — Y(0)] 47/% 2 # b B/ #7132 B IS 4F 200
HHEE AP ABRR T PRIMRE LEREF R AT ZREF UL 22
TRRYERFER L My(aM(a) 2 FEREBAN KL a DR - A%
B M, o~ A M(d) B E P AR M, vt RZFEFE L
Y(a,My(a'),My(a", Mi(a))) 7 £k B A *3% 5 a> %57 A%F M 4 rx
L My(a) FE ¢ AR M, 4 % 5 My(a,My(a)) BF o R RIE Y ¥
FEFE-

AT BRATIARAIMBERLAZ c g A -~ REBEXREREFFHIT ERLLEE8Y

A

¥

AREEFZTA»E RERZRINZFEEE RN > E2ET2FEFE T
M;(A) = My, My (A, M) = My, Y(AL My, M) =Y s B s LB BRERERFTF S
HE2ZiHA>FERL jé - REH 0 T Y(a) =Y(a M (a),Mz(a, Mi(a))) 5 15 -
BMERE RETG EFIWIFZFEE PR EERI Y E T P(C=c)>0"
P(A=a, Ly =1 ,M; =my, L, =1,,M, =m,|C =¢) >0 < = = - (Nguyen et al., 2022;
VanderWeele & Vansteelandt, 2009; VanderWeele, 2009)
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2.2 Sequential decomposition £7 g i3 3 T 3

& 3 2 4 Daniel et al. (2015) *t p #A»c 122 ™ #% 41 sequential decomposition » #-

BT ATIEL LT 237
E[Y(1)—Y(0)]
= E[Y (1, M1(0), M5(0, M;(0))) — ¥ (0, M;(0), M5(0, M1(0)))] ¢y
+ E[Y (1, My (1), M, (1, M,(1))) = Y (1, M4(0), M5 (1, M, (0)))] (2)
+ E[Y (1, M;(0), M2 (1, M4(0))) = Y(1, M1(0), M, (0, M, (0)))] 3)
THZBELNEHEI (D FEAHEFY 28 BREE > T KE M 2 M,

2 BT 0~ g5 5 PSEgg o £ ¢ THR00 & gkt B A B AR 5 (2) 1T

d 5 A RIEM @52 c% > @AM, Y 1E2 A->M, > M, >Y & 8T

A2 i PSE; > B9 T 1 A7 0B EE My 0 @ A UL F e H 58 M, 5 (3)

FEEM s eEd R AR M, B352 2tk 0 WTASM,>Y s A2 iz i PSEy, >
ﬁé—t*ﬂ‘oz Z\/‘ "L_‘{)ﬁ%% q——@Ml’ 1 ‘,q__@MZ

iz + it sequential decomposition » & % #-= B RS TR D N T EACT L

PSEqo = E[Y (1, M;(0), M(0,M,(0))) — Y (0, M;(0), M>(0, M, (0)))],

PSE,. = E[Y (1, M;(1), M5(1, M,(1))) — Y (1, M1(0), M5(1, M1(0)))],

PSEq, = E[Y (1, M;(0), M,(1,M,(0))) — Y (1, M;(0), M>(0, M, (0)))].
Fb o Bon kT AT 5 2 BRSOk e

TE == PSEOO + PSEI + PSEoz.

207 FEEL iR = B RS 4 %k 0 Daniel etal. (2015) Y p Arr iR TR A - eyt
MEX - -Fagd,d" 27 FB2V0BE mom &7 % - ¢ I¥BLFT BB
AAR P ARHE2Z TR BE MR ARERE C L FEBEXT HEEeT (A

ERag P “%’IE&’.‘L%"E’%‘%‘%‘“;/\E‘ é::é/?7f'&7ru%;__#\/?'l'§_mil%
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F1F > T Y(a,m,my) L{AM M} 1 Ci (A2 BRS¢ A2 72 5 hpBF
FHFF T M@ULAIC; (A F =P ABEHRAERB 2T 5 aipEn2FiE
71 3+ My(a,mqy) L{A,M}1C 5 (Ad4)Y(a,my,my) L My(a’) | C ;5 (A5)Y(a,my,m,) L
M,y(a',my) | C 5 (A6) My(a,my) L M;(a’) |1 C > H P (A4)—(A6) FREHZ 2 & 4 » i
T2ZREEFE P EEY B HEBEXR

AP BFREFF 2T 0 F KT TS sequential decomposition FEi 2 A Ao
Bh o A BALEBATAY AEFL Y FIETF P (AD) - (AG) T AL
HeoT- GRE-HR?PTFIFFFT 22 XRBEREHE G WP H o o W7

“0

e s B2 IBEK o

23 ¢ B+ 75 AR

AT R RFRF TP B Ay RE L A LR T
EL A B ER ’w@ZZ%ﬁoi—ﬁéLu’&ﬁ%gA LER X PERLR
BRI My 2 My &%%w%£%®4“ oMLy EE2EABARE
FRERES - VAR M, BRI Y 0 A A REREBER (A 4rxo
Ly B2 (BARE ZRPEREY P (¥ M, 22580V 25406 ERK
% (AB) 2ok FuwdEi L' ALK - P ARAM BE T REREE P 4T M,
BHE A Y B aE ERER (AD) 22 T F L o P iEw B Y B IE TS

YL e pNT o Hr Kk L B, AP s Y SRRV FIFES S

!nhn
’ﬂhjé
“
ik 3*:%;%

\

ol

LigLiy, Loy » F 5 ~ Ly a REFE M, 22V 2.7 BFEEFF » Ty, Lo P75~
Ly 18t » 22 PR E- FA Lp Ly~ Ly 8L A &% % Ly Ly 47
3R ﬁ.3$f§1?§251m15 B+ 4 7]+ o

Ad o wH - ¢ AR T o T p R T R BB TS
ABRLERBRUEI PRSI Ak Rl 2 RBEY A RB R EREEF A
B RSFFRBEAFTEA LY RI FE A2 FR A B ALY VA
& 1@ ki (Vanderweele, 2015) k@ » §F 3 HHu W 13 BE G PR AP 4 %38
o TR EBEY - ARAOREFFAS TR BEPTRARD FRESF - Y
ﬁ%ﬁ%%‘i%%%§¥:ﬂG?%%iﬂﬁlﬁﬂioﬂ&’giﬁﬁﬁﬂﬁﬁ

X FT &u% g = % ¥ 3 ¢ ‘E B ﬁ;_—ij ?z? g =t sequentlal
decomposition # T_& 2. FLiE 8 T IR H VO FER o



AT AT BRI L) B Ly B AT 0T Taveh? BFREFS o Ui
ELT R E T HRRER RS - T - i H P NPSEM-IE £ FFRCISTG =

%ég ji 5‘) %“‘—m 3 éﬂ ) A2 j; 7 v(&‘ﬁ: FFRCISTG % ; r'\ ltl’; ﬁg-%%v’\‘ ﬁ\“x Z Zé‘ﬁ
(a) (b)
o Lyp S LE‘:

f/ J:R“‘x T T

[ H"x‘ IIl b4 e -
A—PM;[—*MZ_"Y A_'Ml_.MZ_'Y
L'\\\:‘““---_ \"«-,___ ,z" e 1%““‘&____ I\H“‘-_--: ~ — “'—:"f’
(©) (d) |
x//f””’a_+'L2Y S

.
; H.\‘ |f \‘*
A—M —M, —>Y A—>M M >Y
A

F122 7 AP A3 ET e A B2 g B SRR B
#p R sE $ITC

2.4 NPSEM-IE ~ FFRCISTG £ 7% F* 42

ko] & e WP > sequential decomposition it Eo& 2o BL S RATR 0 A B Rk
1278 ™ 7 Wrig (A4)-(AB) It b2 Bk e hysdt o a0 FHET AT M5
Y BT L B GRS - T A R AR BS
RocptesE orikip . F TR R TP A2 S 5 Pecdk FFRCISTG %5 » 47 A ## -
NPSEM-IE (nonparametric structural equation model with independent errors) 3 p #X
Ml gk ¥ L F TR R o LSRR T o DAG R - Ry R HEE - B
MAFATBAITAT 0 P A PR BZFAT R o - R TFEHFR - AR
ReniEEpr B - HENT R AL R FEFEF DM G T

B NPSEM-IE ™ » f fRonflef T 2 oo Tonfl > ¥ 7 A S aise Ribz LR

R o BERABMHBEXDLEFELY > HpEHz: 220 F- B8 - F- F

PR

%P HEFMDFEEFTE o blde (A4 - (A6) & BB FLEEND 4 AT - 4 0k
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LERRE BT A0 RETLY AEEREMI L 0§ THBEY B ALk
ﬁﬁﬁﬂﬁ%@zﬂ@1%ﬂ4ﬁ,§§%ﬂﬂ&iw%%z@$i’;
NPSEM-IE & i = = o

.;\_

a2z » FFRCISTG (finest fully randomized causally interpretable structured tree
graph) # & @35 ek 9 3 A# - FFRCISTG VAL 5 d F: Worif 2 F £ F 3>
ERVSHEHEINE -2 AP HF TR B2 EFEEE -2 R 4~ B (single
world intervention graph, SWIG) ;3% it 7% - 3# 3 2. » FFRCISTG # & A - ¥ 2
ArRETOFEFEREAABIH R G TFFHABERIRA LR 2Z2FEFE
(S TR
¢t > NPSEM-IE ¥ FFRCISTG kg4t 4 £ 43t 8 3R K b2 12 - NPSEM-
IE %ﬁd *1‘# AN E AT FERSE- YR EBY R F R MR
FFRCISTG B % %% d Fl|% Bl s L F 8 - ¥ R =24 > & 2 % cross-world
quantities & 4v Zf ¢ * L] o
AP E R o A 5 edk FFRCISTG T4 F £ 9 3 Ad - - FH T 24
;= sequential decomposition % FFRCISTG F ¥ p f25%3k » @ £ & % (A4)—(A6) &
B R b BB AR L TERIER - e » Widk FFRCISTG & 7 X7 % & a4 %ok
ez %8s o d 3 FFRCISTG 7 £ 75k (A4)-(A6) » n £ d B B jb= M EX “THE M
PR v v Z A EH Va.‘“]t#]%L LR o % 2 2 #-4 FFRCISTG f2 T 15 25 &
FER R D % - i &3 7% B3R (no-interaction assumptions, NI) » H %4 &~
TSR RBEY 223 F% ARBAFRS F2 23 g8 FHER (no-
heterogeneity assumptions, NH) > H& £ EZHE S 252 qF e r T F° MfFkm
B oo A R P o A BB S 2 pF o sequential decomposition TR 2

Bl #F ¥ g b BF 3R TS BT AR



52  BREF O RIFREBRRE

AFUFF R AR TR R IR FILET AR AEET 0 HH
sequential decomposition #7 % _#& 2. = BRICHF TR FESFEE o 5 - F ¢ WP > @i
BT IR T e g i (A4)(AB) EBE A HER SR 0 F 3 AR EBD
BEY AREL TR TSP T RK § ARSI . I TR
¥R AFH#2 FFRCISTG T5 F £ B A 15 By > £

LB FERESE > TP H TS

PR L ﬁ#”fﬁ FFREERIP B RAOEZEY AT FY R
sequential decomposition #7 % & 2. FLiSF @ e ¥ BRI FFIFF 7RIS - &
a2 AREHESEEL T T2 BEIT T EK

Assumption NI1.

E[Y(a,Mi(a’),m;) =Y (a',My(a’), m;) — Y (a,M,(a"), m3) + Y(a', My(a"), m3)|M;(a’)
=m,,C] =0

Assumption NI2.

E[Y(a,my,m;) —Y(a',my,m,) = Y(a,m;,m;) + Y(a',mj;,m,)|M(a") =m,,C] =0

Assumption NI3.

E[Y(a,m,) — Y(a’,ml) —Y(a,my) +Y(a',m))|M;(a") =m,,C]=0

Assumption NI1 % 77 & M, Bz My(a') shr 3L /P > L2 My(ad)=m,

BC RBAEY Y AR M, HE5%Y 7% A3 (8% o Assumption NI2 % 77
M, I my BT o BT M@)=m ECE kB AEY - A
M, 3% Y % 3 &3 (% o Assumption NI3 PJie— # & £ K HIZ M, » 3% T

M(a)=m & CH > hBALT - AR M HERY P73 H5 LT (£ o

32 & B FRRK T dm v

PR -EFFARGAE R ERT T BRREZE S A2 E- KR DY D apER
%¢°&§%1§ﬁﬁ%%i%§ﬁﬁﬁtfﬁ%’m LU F S 2 Fl %2 s
BARFERPARFEFZ LB Efla g > ARG ERTIHABRERETHRKR



Assumption NH1.

E[Y(1,my,m;) — Y(0,my,m;)|M;(0) = my, M;(0) = my, C]
= E[Y(1,my,my) — Y (0,my, m,)|C]

Assumption NH2.
E[Y(1,my) —Y(0,m;)[M;(0) = my,C] = E[Y(1,my) — Y(0,my)|C]

Assumption NH1 £ 7 ¢ & B9 A RIEFRFATF > bR AHES Y aF %225k 7
"t M;(0) 22 My(0) chk B FE A @ e % o Assumption NH2 plie- # & & § ©H 2%
—P AR M P ERARERY PF ek A M (0) hE TR P TH o

,{L.%ﬂ'ri..%:;—f#% #244] (linear structural equation model, linear SEM ) ~ » Assumption
NH1 £ Assumption NH2 = # g & 7 5 - 2w 23 %% T4 - 248/ % > Assumption
NHL $80 8 %4030 2% As Ly &1 Ly Z WS T (5% o & Ly 2 &
AP 2 3 A8 Ly 2 BFenk 3 i8% o Assumption NH2 “r*ﬁf@;\‘ﬁ]&m# EE
FRBEHU R A Ly Ly 8 My 2 S R IR RR M, L S
AP A AL B L, 2 R T R KL, it R R G AAE L,
2B 30T o

F1pt o Assumption NI1T-NI3 £ Assumption NH1-NH2 = ¥ #4ft SEM T 32 % % ¥
T 23 0T* 5 L F 24 ¥ 7 %3 likelihood ratio test (LRT) # LR ey
PAREF - Efm 2 0 FAMRES ZAEMEEPYIT THIEL T FRT L EH

“,%&‘d-)f%i‘aj (e 752 R v i > 2 3 (E% B LT HF G

3.3 3 s 5 2 F) % 4,05

& FFRCISTG % A 3 #73 112 é;—f]&'ﬁ_fifa,{ = = P » sequential decomposition #1%_%&

ZZ BREFIURETAFER c 0T LR[BS B T 2RSS o S &
Ao A L & T 7 a0 #k  Pr(a ) =E(Y|ac) ;. ¢ola,my,myc) =
E(E(E(Y|a,L;,my, Ly, my, c)|a, Ly, my, c)l|a,c); ¢p1(a,my,c) = E(E(Y]|a, Ly, my,c)|a,c).

Theorem 1. B 2.1 “t%t&2 FFRCISTG ¥ » = A-Y ~M,-Y & M,-Y B (2% 3 &
R £ FEFF 0 ¢ Assumption NIT-NI3 = = » R 5 T 7|5 i & ¢

PSEqo = E($o(1,m3, m3, €) — ¢o(0,m3, my, ©));

PSE;. = E(¢7(1,C) — ¢1(0,0)) — E(¢1(1,my, €) — ¢1(0,my, 0));

PSEg, = E(¢1(1,m3, C) — ¢1(0,my,C)) — E(¢o(1,my, m3,C) —

$0(0, my, m3, €)),



s L

B mi&rmy o ELHTE -

& Theorem 1 ® > H & 2 3 (7% % > A7 ek Daniel et al. (2015) #7 % %
2 sequential decomposition « s* p¥ » PSEqy % 77 A % [5d My & M, 2 E #&2c% > £ 5%
BEEFIRRFEIA BP 4 %E 2 controlled direct effect (CDE) © PSE;. # 7+ 5§
d M, Byfz »c% > Hypnd i ¥ ! “*9:-‘3:#?"4}:"’] T_M, 16 2. CDE - PSE,y, % 7w &
d M, BiE2 2k o BiRESE FRHLM, 22 CDE- Lic's b FFHE LM, & M,

FRERET S - eyER i rE R A IR AP A @ N BEXRAERE

ER LN SO B R AR s L

Theorem 2. & ® 2.1 “t¥ &2 FFRCISTG ~ > & A-M; ~ A-Y ~ M;-M, ~ M;-Y &

My-Y B 47 % i Bl R+ FF »  Assumption NHL-NH2 = = » Bl § T 75 % ¢

PSEgg = E{E[¢o(1,My, M3, C) — (0, My, M;,C) | A= 0,C]};

PSE,. = E(¢+(1,€) — ¢1(0,C)) — E{E[¢p, (1, M,,C) — ¢$1(0,M;,C) | A= 0,C]};

PSEy, = E{E[¢p,(1, M, C) — ¢1(0,M;,C) — ¢po(1, M, M,,C) + ¢p,(0, M, M,,C) |
A=0,C]}

Ap 83 Theorem 1 2 &2 %9 /) 38 B 23 25 » Theorem 2 #-¢ 4 18 B 7>+ H

BEA=0T2FE AT UERRBHE L B P o ey BT o PSEg 27§ A

—\

BY A RAFTNHEA=0T 2 EF » FEHES2L L4485t § PSE;. 71 Bk fo
A M, AR A=0T 2 BRFaE k%  PSEy, Bl % a A M, R HE A=0

AR
[

E%m@#I%’#%%%%WhﬁMzﬁi*ﬂA=071E%ﬁﬁﬁﬁ%o
Flt o B PR KGR BB TR A SR L p 7 A

=

R F R RREY 4223 (8% FALE L PR pF > Theorem 1 3% i B 45 55%
BEE D FIIEF TR 3 RABEEALFFFTY AR VARG RO

o

Theorem 2 Bl4% £ ¥ — %@ 3 (F ey ok o
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4
AESENRAT TSR TR AR At MR A T AR e A2
LHRE PR ENA B ﬁﬁrfTEﬂﬂlﬁﬂimﬁﬁﬂ%%ﬁ’%&ﬁﬁﬁ
g §: el 851 EF O RRREFOURLFFEL a5 0 AR
WgHTﬁ%W%Iﬂ—’ﬁﬁﬁlﬁﬂir&f%;i%ﬁﬂa%ﬁf%#:%’
AT S AT R RRBREFOURNT RS ET - RS B o O IRNEXK
PIEF P ARGV ELT ERT Y DBHFR 0 D F ARG AT LG R
it $o & o
LLFHEL 4]

AT REFHET R ARAEE T

Jﬂﬁ&;#ﬁr‘]+7?l—l—

ERE 1  4coB] 2.1 H1T e
- IHHEY o ReET R AL

2

C ~ Ber(p = 0.5),
A | C ~ Ber{p = expit(0.5 — C)}

Ly 1 C,A~Norm(u=0.3C—0.84,06%=1)
M; | C,A L ~ Ber{p = expit(0.3C — 24 + 0.5L,)}
L, |1C,A Li,M; ~Norm(u = 0.3C — A+ 0.5L, + M,

g’ =1),

M, | C,A, Ly, My,L, ~ Ber{p = expit(0.3C + 24 — L, — 1.2M; — 0.3L,)},

Y | C A, Lll Mll L2, MZ ~ NOI‘m(,u = 0.3C + O.6A T 0.8L1 - 2M1 - 1 2L2 + 4‘M2,
—,_tl? -

g2 =1).

? s expit(x) = {1 + exp(=x)}"* > Norm 4 7 § & ~# > Ber & 7 a¥y fla# -
Foyk BTk &
o R

T ¢ IJ
EHRREHY P ARA LD A AR RRE LR LR REAR P
FFAL B RS LR BREREE KT A
F]Q &E’-‘nggﬁ s 1k Bi" g g{

T

RXEBHY B RELG
FRAAER YA REE R TR A DR
il B R

B3k 1B Fﬂimxp‘, 75 A2
Bk 4ok - BB

BBIEER SRR -
- AY @3 AP e r A B L, < 3 1 38 > 1 1§ Assumption
NH1-NH2 #t:& & > @ Assumption NI1-NI3 i&4F & = o F]gt » 558 Theorem 1 2. 3+ &
£ % - Rk @ Theorem2 2 3~ E3p 8 N Wik -
FE - Y s AP 4o r A M, 2 25 (F% 15 > % 18 Assumption NI2-NI3
AiE ko @ Assumption NH1-NH2 4% = = o %]yt » 5548 Theorem 2 2 3+ £ 5 -
&> @ Theorem 1l z G E I NI iBE -
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2 3 "Lk > & R4 naive approach +* &

~ & & * Daniel et al. (2015) & ? B F 3§ F|F sl & 105 A% » % uw
# Theorem 1 22 Theorem 2 #¥fis fp 3+ £ 22 £ R o #4730 F - BREEFH > A2 ¥R L7
LA~ ) 5 n=1,000 & £ 45 g 1,000 =& o & =g W Ry 4.1 & orit 2 R4
B4l A 2 EEFTA > ¥ 4 w2 Theorem 1~ Theorem 2 #f/& 2 g-computation fz 3+ & 2
naive approach fz 3+ = i & /5 42 T2l

BN HCERAT Y ¢ TR A S5 v A v BiEiE X 2 A& Monte Carlo H3tiT i
AP RS B 2 A RpApR T S BHA L R AE n=10% e S
AR Tk RBEEAF OB HRIFRNE =B PSE A g T35 1R (2
FEed U AGIFE 2T ME E o i > # 1,000 = § "Lk A PFERATE 2 B R L
IR B R PR e BT i (bias) s 2% % (standard deviation,
SD) ¥35- % % (\mean squared error, MSE )

% 41 R FETZAFBE T R Famit S o RN B (base) T 0 Assumptions
NI1-NI3 ¥ NH1-NH2 f pF = = » Theorem 1 ¥# Theorem 2 = g-computation i+ 3+ & % =
BRAFTOTERDERET LR ARk F o PR T 0 g ¢ B FF 9 naive
approach ¥t = i B /24 Tk A 4 e E ek -

a8 - ¢ > Assumptions NH1-NH2 8 51]i& & » & Assumptions NI1-NI3 i 28 = = -
pLpF > Theorem 1 G3t & =z BREF IR P IDAF TR HE > B LI ATER -
Theorem 2 fz 3+ & R ¥t PSEgo £ PSE;. H IRk > & pr 2 fikdf chg R TR © i
E o

A8 - ¢ > Assumptions NI2-NI3 :§ 1]z ¥ - 2 Assumptions NH1-NH2 i3 #% = =
MRS AR A T H D Theorem 2 = BRSH TRIIBDERT R HE - @
Theorem 1 R[4t PSEy, & PSE;. 11 3P & ik 3% o naive approach = faF 5 T 2% Mk
A

FENM Pk o WA A FES RSN L R ok Theorem 1 kg % #03)
I RBEY N2 (F PR 4 Theorem 2 Pl A 5 WA 2 R B LY 2

I PERR G osxenf 82 %k o @ naive approach R OFBLT Lk Suide A ko MAE

GRS AT G AT BFETS S TR R BT R B EAHL IR e &
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ZAL AP FHL AR T R R FREABFEFE AR

Method Scenario PSE Bias SD MSE
Naive base PSEyo -2.6579 0.1631 7.0911
Thm1l -0.0021 0.1786 0.0319
Thm2 -0.0025 0.1836 0.0337
Naive PSE;. 1.1292 0.5109 1.5360
Thml 0.0063 0.4135 0.1711
Thm2 0.0068 0.4168 0.1737
Naive PSE,, 15281  0.2484  2.3967
Thm1l -0.0049 0.1865 0.0348
Thm2 -0.0049 0.1944 0.0378
Naive Scenario 1.~ PSE,, -2.1074 0.1483 4.4633
Thml -0.0015 0.1649 0.0272
Thm2 0.1335 0.1778 0.0494
Naive PSE;. 0.8794 0.4554 0.9808
Thm1l 0.0075 0.3897 0.1520
Thm2 -0.1273 0.3709 0.1538
Naive PSE,, 1.2282 0.2354 1.5639
Thm1l -0.0062 0.1865 0.0348
Thm2 -0.0063 0.1936 0.0376
Naive Scenario 2 PSE,, -2.6577 0.1661 7.0911
Thm1l -0.1373 0.1786 0.0508
Thm2 -0.0024 0.1913 0.0366
Naive PSE;. 1.1290 0.4667 1.4925
Thml 0.1414 0.3912 0.1730
Thm2 0.0067 0.3724 0.1388
Naive PSE,, 1.5314 0.2484 2.4069
Thml -0.0015 0.1865 0.0348
Thm2 -0.0016 0.1939 0.0376
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AP IHEH LS BLFEFOEAZY AR 5 A FLEFF AR
sequential decomposition #7 % & 2. B/ 4F T 4o AW L E Bk b2 i

®
| TR T MR AT A Y 6 g B - g
¥

TS T AR TS o WA =
MERED - AREd %20 A2 RREFOUE R o MRS RU

TR A TR R LM BER - TR Bt EBATAY ABD
2 ¢ BFETES gl B B BEK ¢ X IS 0 # @5 sequential

i
K

decomposition SR # A Z B FH S 2 ST — R RE 0 A 2 izt FFRCISTG % ;4
FEAWAUAH  #LSBE R BELIIFRER > Tie- %3
world assumptions ez 1 F¥ e o A v oha & :ﬁ;&,@%%,ﬁ DAy A B TS
PG R AR o YRR D B B R & DGR LRI B F

Ir:}_o

A

¥ F i cross-

LH.

Y fly eF SR
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sequential decomposition #t & &2 = B &8 T 0/ ¥ 4 4 1 & controlled effect z_ fF &
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o AP T 0 £k ¢ 4E F)S dhnaive approach Rt BEEENEBL T ¥ RO K Sk
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Vi dsr
“ték A Theorem 1 2_ ysda

& FFRCISTG ™ » @& Assumption NI1-NI3 #& 3 Theorem 1 - ;&% 1~ %% > £

my,m, F Z & H TLE T ¢r(a,c)=EX¥lac) >~ ¢(a,my,c) =EE |
a,Li,my,c)lac)~ ¢po(a,my,my,c)=EEEY |a Ly, my,Ly;myc) ]l aly,m,c)lac)-
LEEFioEd g-formula #Es -
ElY(0)] = E[¢r(a, O)], E[Y(a,m)] = E[¢p1(a,my,C)], E[Y(a,my,my)]
= E[¢o(a,my,my, C)].
("." consistency -~ positivity ~ (AL1)-(A3))
Al terERE ()
E[Y(a, M, (a"), Mz(a’, My (a")))]

= z E[Y(a, M (a’), my) | My(a',M;(a")) = my,c] P(M,(a’,My(a")) = m; | c)P(c)

= Z E[Y(a', My(a"), m;) +Y(a,My(a),m;") =Y (a',M(a"), m;") | My(a',M;(a’))
=my, ¢] P(My(a’,My(a’)) =m; | )P (c)
(*.” Assumption NI1)
= E[Y(a")] — E[Y(a’, M1 (a"),m;")] + E[Y (a, M;(a"),m;")].
(*.” composition )
He XL ER

E[Y(a,M,(a’),m;")] = Z E[Y(a,my,m;") | My(a") = my,c] P(My(a") = my | c)P(c)

mq,C

= Z E[Y(a,m;,m,) +Y(am,",m,) —Y(a,m',;my") | My(a’) = my,c] P(My(a’)

mq,Cc
=my | c)P(c)
("." Assumption NI2 )
= E[Y(a',M1(a’), mN] + E[Y (a,my',my")] — E[Y (a’,my", my")].
(*.” composition )

o 7

19



E[Y (a, Mi(a’), My(a’, My (a')))]
= E[Y(a)] + E[Y(a,m;",m;")] — E[Y(a',m;",m};)]. (A-1)
A2 #<FERE (=)
E[Y(a,M;(a"))] = z E[Y(a,my) | My(a") = my,c] P(My(a) = my | c)P(c)

m,,C

= z E[Y(a,my) +Y(a,m;") —Y(a',m) | Mi(a’) =my,c] P(My(a’) =my | c)P(c)

("." Assumption NI3)
E[Y(a,Mi(a)] = E[Y(a)] + E[Y(a,m)] — E[Y(a',m,)].  (A-ii)
(*." composition )
A3 & » % PSE
PSEqo = E[Y (1, M1(0), M2(0, M,(0)))] — E[Y (0, M;(0), M>(0, M1 (0)))]
= (E[Y(0)] + E[Y(1,m;,", my")] = E[Y(0,m;",m;")]) — E[Y(0)]
("% -38d (A-i)> % =34 composition )
= E[¢o(1,my',m;’, €) = ¢o(0,m;’, m;’, O)].
PSE;. = E[Y (1, My (1), M (1, M,(1)))] = E[Y (1, M;(0), M, (1,M,(0)))]
= E[Y(1)] = E[Y (0)] = (E[Y.(1,m,")] = E[Y (0, m;)])
(*."% - 5 d composition » &% = 38 4 (A-ii))
= E[¢T(1l C) - ¢T(Ol C)] - E[¢1(1' mll' C) 4 ¢1 (Or mllr C)]
PSEq, = E[Y(1, M1(0), M5(1, M,(0)))] = E[Y (1, M1(0), M2 (0, M1(0)))]
= (E[Y(0)] + E[¢:1 (1, my",C) = ¢1(0,m;, O)])
—(E[Y(0)] + E[¢o(1,m;’, m5,C) = ¢o(0,m;", m,’, CO)])
(&% -3d (A-i) > -8 d (A-Q)

= E[¢:1(1,my",C) — $1(0,m;, C)] — E[po(1,m;",m;’, C) — (0, m;’,m;’, C)].

=7V A 2 Theorem 1 2o 38 % o
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“t4 B Theorem 2 2_ #Fasit ¥

# FFRCISTG ™ » i Assumption NH1-NH2 i % Theorem 2 ; 355 ¢p, 1, by F
ak Ao d (A2)~ (A3) £ consistency » F EF P AL F T D A=0T BB F FER
P(My(0)=mylc)=P(My=my|A=0,c) > PM(0,my)=my|M(0)=my,c)=
P(My; =m, | A=0,M; =my,c) °
Bl f#«r¥RE (-)

£ w(my,my,c) = P(Mz(0,m;) = my | M1(0) = my,c) P(M1(0) =my | c) P(c) °

PSEq, = E[Y (1, M;(0), M, (0, M;(0))) — Y (0, M,(0), M,(0,M;(0)))]
- z E[Y(1,my,my) — Y(0,my,my) | My(0,my) = my, My(0) = my, c] w(my,my, c)

mi,my,C

("." consistency )

= z E[Y(1,mqy,m,)—Y(0,my,my) | c]w(my, my,c)

mq,my,C

("." Assumption NH1)

= Z [Po(1, my,my, ) — o (0,my, my, )] P(My =my | A=0,myq,c) P(My =my | A
my,my,c
=0,c) P(c)
(. g-formula g2 @ £ 2 % F¥a8)
= E{E[¢o(1, M1, M5,C) — $o(0, M, M;,C) | A =0,C]}.
B2 #erEFE (=)

E [y (1, M, (0), M,(1, Ml(O)))] —E [Y (0, M, (0), M, (0, M1(0)))]

= E[Y(1L, M, (O)] — E[Y (O] = ) E[Y(1,my) = ¥(0,my) | My(0)

=my, c] P(M1(0) =my | c)P(c)
(*.” composition )

= Y EIY(Lmy) = Y(0,m) | €] P(My (0) = my | €)P(C)

m,,C

("." Assumption NH2 )

= > [ (L1, €) = $1(0,my, )] P(My = my | 4= 0,6) P(C)

m,,C

(. g-formula 22 ¢ 4 & F 50
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E[Y (L, My(0))] — E[Y(0)] = E{E[$1 (1, My, C) — $1(0,M;,C) | A=0,C]}.  (B-ii)
B3 &% PSE

PSE,, = # 3 Bl - H &4 a4 8 d 45 & & E[Y(1,M(0),My(1,M.(0))] =

E[Y(1,M,(0))] ¥ :
PSE,. = E[Y (1, M;(1), M5(1, M, (1)) — Y (1, M;1(0), M>(1, M1(0)))]

= E[Y (D] = E[Y (1, M1(0))]
= (E[Y(D] - EY(O)D — (E[Y (1, M,(0))] = E[Y(0)])

(*.” composition )

= E[¢pr(1,0) = ¢7(0,0)] — E{E[¢1(1, M, C) — $1(0,M;,C) | A = 0, (]}
(. (B-ii))
PSEq; = (E[¥(1,M;(0))] = E[Y(0)]) — PSEq,
= E{E[¢1(1, M, C) = ¢1(0, My, C) — ¢ (1, My, M3, C) + o (0, My, M5, C) | A = 0,C]}

pL= 38T 3 2 Theorem 2 2_ #5382 % o
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e C R B TR M R T 2 A A

ArpaR P RS 2803 (linear SEM) T 0 A v 2 @ B EK NHL &
NH2 4ol it 5 - 24 % 2 3 (% 38 5 F 2. no-interaction restrictions o # ¥ 4% & g2
NH > 2 # % NI (NI % £ = % no-interaction assumptions) -

Cl #MESEM2Z T2 =7
T RACT N T IR gE 2 - i T A S )]
Ll == OlaA + ((':1,
My = BaA+ B, L+ g1(4 Ly, €;) + &,
L, =YsA+vyyLly+Vm M+ f2(A L, My, €3) + &3,
Mz = 5aA + 611L1 + 6m1M1 + 612L2 + gz(A, Lll Ml' Lz, 64) + &4
Yy = HaA + HllLl + HmlMl + 912L2 + emZMz +f3(A, Ll’ Ml' Lz, Mz, 65) + Es,

HY X3 8% 5 T &
fo = 11ALy + 1, AM; + 131 M;,
92 = WALy + pAMy + pz ALy + pyLyMy + pisLy Ly + peM, Lo,
fz = 01ALy + 0,AM; + 03ALy + 0,AM;, + 05L My + 0gL{L, + 07L M, + 0gM, L,
+ ogM{ M, + 019L;M,.
LFFEFEALA=aT

Li(a) =agza+¢,
Ly(a,my) =yea+y,Li(Q) +Vm,m + fo(a, Li(a), my, €3) + &3,
My(a,my) = qa+ 8y, Ly1(a) + 8, my + 6, La(a,my) + g2(a, Ly(a), my, Ly(a,my), €4) + &4

C.2 NH1 2 %1+ SEM % 7

NH1 & % Y(1,my,m,) — ¥(0,my, m,) £ {M;(0),Ms(0)} 2267 C i oo Y =
AN R BPATHIFLERCFRER G

Y(1,my,my) —Y(0,my,my) =0, + 6, [L1(1) — L (0)]
+ 01, [L2(1,my) — L (0,my)] + [f3(1, my, mp) — f3(0,my, my)].

+ % -0, ¥k EeEEeiR (1) (L 2 fgﬂgk 6,,[L1(1) — L, (0)]) ~ &
() (Ly 2 Fx) 238 (1) (fs 23 8% 2 Fpe) o

7). 6, [L1(1) = Li(0)] =0 ,aq > 5 % B> &2 {M;(0),M;(0)} o= o

Z (). BB

Ly(1,my) — Ly(0,my) = yq + Vi, @ + T1(@q + &) + Tomy + T3a,my,
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B 0,16 - BFMO0) B e tpMamEripattowd 1y=0 (% L #5317 &
AXLy 23 08% ) o f 1y=0- 3% () 5 @& (my,my) 2 52 T o e > &
{M;(0), M2(0)} 3= -

#F O, & r 7,=0 2 B R f3(1,m,my) — f3(0,my,my) » 2 ¢ o Li(1) ~
o3Ly(1,my) & 06[Li(DLo(1,my) — Li(0)L,(0,my)] 7 & > B F 2 ft o fd B =B F

0'1:0'320'6:0 (E"FY’}’E_‘_TJ& -,‘I/EAXLl‘AXLz‘L]_XLZ —ij ﬁ;’*) o,,ﬂfé’%%,Iﬁfié

i

K

(ml,mZ) —LFE’EP‘Q&‘:}’& o X I

3

NH1 222 20 it i 1=02 gg=03=04=0¢°

P e 2 ki - 3R NHL $RT A8k H0A Y #3”% A~Ly~Ly, 2 Pz 442 3
T > F & RL,2 2 FHAY 3 3 AEL 2 LTI o
C.3 NH2zZ s SEM % 7

NH2 & £ Y(1,m)—Y(O0,my) £ M (0) 2% =2 C (&b

| 4

MM, R RBY
B s ZERNZ O M, 2238 ¢
Y(1,my) —Y(0,my) = 04 + 6, [L1(1) = L1 (0)] + 6,,[Lo(1,my) — L(0,my)]
+ O, [M3(1,my) — M, (0, my)] + [f3(1, mq) — f5(0,my)].
CREA R () (L @) A () (L 2 T S () (Mp 2 T fr) 2
T (V) (fs 23 62 2 Ffe) o
% (). B NH1 -6, [Li(1) — L1 (0)] = 0,04 > = % 8> &2 M(0) o= -
F (). B NHL - Ly(1,my) —L(0,my) = yq + ¥, @ + T1(ag + &) + T,my +
T3®aMy 2 T16° X F Ty =0RE 7% &i¥f g > * 5 R my 2 FEe it ddico
E (). & &
M,(1,my) — My(0,my) = 64 + 61, + 8,,[L2(1,my) — Ly(0,my)] + [92(1,-) — 92(0,-)].
92(1,) = g2(0,") ¢ pi(ag +&) ~ pzla(Lmg) ~ ps[Li(1)La(1,my) —
L1(0)L,(0,my)] % & > @& My(1,my) —M,(0,my) & M;(0) # b= o ¥ d wy=p3=
Us =0 (% M, #3]°P & AXL ~AXLy~Ly XL, 3 i8%* ) o

# (V). FINH2 ¥ M, A AT & 2 2 p R EL R T2 Mp(1,my) ~ My(0,my)
= fo(1,my) — f5(0,my) #& NH1 % D132 M, 2. "gH# 2 3 1% o “$ NH1 = & £2 ¢y =
03=0=07%%> &% 0,=0 (i} 2 AXM, > FloM,(1,my) 7 &) ~0,=0 (i} 2
Li XM, » %] Li(a)My(a,my) 2. £ 7 & &2 223 ) ~a0=0 (2 Ly XM, » 7]

Ly(a,m)My(a,my) 22 £ 3 & 2 H I3 ) o
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£ (x# 7z NHLZ2igi2) 7

NH2 st 2z umifit iy =00 =03=0=0 3 =pg=ps=0% o, =07, =

019 =0-
HE A At - RONHZ S R AP B ALy s Ly My 2 B2 AR T F

ok B R M,z A NHAY B AL~ Ly 2 B2 AT s ¥R R, 2

A REAY A A8 Ly 223 EF o Fpt NH2 3 NH1 > ® s NH1 € % 5 H3g ¢t

Ak p NH2 P M, ¥ 2LEH 25> a £ 2 p RBE R T2 gWrTFE -
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