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S1 Proofs of Theorems 1-3

Proof of Theorem 1. Assume that true value of ¢' is ¢f, t = 0,1. (C3) guarantees
the identifiability of ¢, which means that ¢} is the unique solution to E{,(Y;—q)} =
0. According to Theorem 5.9 in van der Vaart (1998), we need to check the uniform
convergence in order to prove the consistency of multiply robust estimator. For

treatment group, we need to check

sup | 7 ity (Vi — @) = E{, (Vi = )} = 0,(1). (S1)

|‘1—‘1(%|<6 i€S;

For control group, we need to check

sup | bty (Vi — @) = E{ (Yo — )} = 0,(1). (52)

|q_q8|<5 i1€8y

(a) Correctly specified model for 7(x) is contained in W.

Without loss of generality, let (X, 51) be the correct model and £ be the true
value of £y, so that m; (X, 1) = m(X). Define

= é1(31),511 -1, 5\1;’ = é1(51),51j7 Aot = (1— él(Bl))ﬁOl -1, 5\Oj =(1- é1(31))ﬁ0ja

for j =2,...,J, then 5\{: (5\11,...,5\”) and XOT: (5\01,...,5\&;) satisfy

~ ~ ~

i ﬁi(ﬁa@la’?l) _ 01(51) Az( G A )/le(ﬁl) _

i ,62531 1+ pT9:(8, 4" 4") m g;l 1+ M gi(B, 64 A4Y) /ma(Br) 7

1 fh(ﬁjdf)ﬁo) _1—0i(B) Z 573(5 q°, W )/(1 - Wli(Bl))A _
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Therefore, weights w;’s can be expressed as

w; = i O1(B1)/ma(B) —, forie Sy,

m 1+ ATg,(8,6,4Y) /mu(B)

~

1 (1-6(5))/(1 — mu(B)

w; = — ——, fori e S,.
no 1 + /\ng(ﬁaq a’y )/(1 - 7Tli(ﬁl))

Denote B, L., b, Oms and 7k, as the probability limits of By, 4%, @&, O (Bm) and

Nt (Gh,4L) as n — oo, respectively. Notice that ¢f, and 1%, do not depend on L. It
is clear that S1. = B1,0, O = E{mn(Bmi)} and nf, = E[{Y'(4},) — ¢}, }]. Write
B*T = {5%;7 ce 76]1\;[*}7 (%DT = {(75*)T7 ) (fﬁ(*)T}? (qDT = {qiw e ’qﬁ(*} and

9(5*7 in Vi)T :<(7T1<ﬁ1*) - 01*)(_1)t+17 R (WM(BM*) - QM*)(_DH_I’
1< 1<
=1 =1

Since that

E{—golaa)} =0 B{ el diat)} =0

and B, = B0, 0’s are the solutions of \; and )¢ in

Tg(B,qt,v)/m(Bre) Y
E{ 1+ X g(Be, qt, 7t /1 (Bre) } -0

(1 — T)Q(B*; qg? 78)/(1 — Wl(ﬁl*)) _
sty

Thus, it can be obtained that A\; = 0p(1) and Ao = 0p(1) by the theory of empirical

likelihood. For treatment group, uniform convergence (S1) satisfies
sup | S i (Yi — q) = E{r(Vi - )} < A1+ By + o,
la—ghl<e ' g,

with

n

Al = Ssup Zwlwr — 1 Z (Bl)w‘r( i Q))

lg—qgl<e Zegl —1 T

I T
Bi= sup _Z _E;ﬁz(ﬁlo _q>

|q*q(%|<€ i=1 7T11

= s |y m-<§10>¢7<"' —q) — B{u: (Y1 - )}

lg—qjl<e



Since 61 (61) = n1/n + 0,(1), it is clear that for i € Sy, w; = 1/nmy;(61) + 0p(1) and

n

I D B S g

lg—q|<e ' €S, 7T1z(51) n-.= 7T11(51)

- (Yi = q)| 4 0p(1) = 0p(1).

By Taylor expansion for By, it can be shown that

Bi< sp |1y TorYim o) Imils >‘
B lg—qd|<e n i=1 71—12'(B1,0>2 aﬂT B=P1,0

Han et al. (2019) proved that

|Bl — Brol = 0p(1).

{Wh(ﬁlo)wT( i =) la—ql < e},

forms a Donsker class and Tj(Y; — ¢3)/m1:(B1,0) is Lo continuous at gj. Combining
with the fact that

I T

- — (Y — b)) = O, (n"?),

n Zz:; 7T1¢(6170)¢ ( QO) p( )

and E{¢, (Y] — ¢})} = 0, it can be concluded that C; is O,(n~'/?). Hence, uniform

convergence (S1) can be checked. For control group, uniform convergence (S2) satisfies
sup | S itV — 4) = B{un(Yo - )} < Ao + Bo+ G,
lg—agl<e ' ies,
with

Ag = sup Zwi%(n —q) — %Z m¢7(yi - Q)’a

0
la—gpl<e  jes5, i=1

- 1< 1-T,
By= sup |— (Yi—q)__ —1¢T(E_q))’
la—qf|<e ' Z 1 —my 51) n ; 1 —m1(B10)

o= swp |23 (v - )~ B (% - )}

lg—adl<e ' S5 1 —m15(B10)

Since 1—61(31) = no/n—+o,(1), it is clear that for i € Sy, w; = 1/n(1 — m1;(51))+0,(1)
and
1 1 le— 1-T,

Ag = — —— U (Yi—q)—— — U, (Yi— p(1) = op(1).
’ |‘IS}III|)<enieZs%1—7T1i(/81)¢( Y ”;1—7m(51)¢( q)‘+0() Y

By Taylor expansion for By, we have

1 - (1 - E)w‘r(y; - Q) aﬂ-h(
By < su —
" Iq—q81[|)<e n-= (1 —mu(Bip))? 0BT ’B

1B = ol = 0.

3



Similarly, it can be seen that

1-T ly A0
{m%(ﬁ—@~|q QO‘<€}7

forms a Donsker class and (1 — T;)¢,(Y; — ¢0)/(1 — m1:(B10)) is Lo continuous at gj.
Combining with the facts that

n

1 1-1T;
- — ' . (Yi— %) =0,(n"?),
n; 1_71_11'(5170)10 ( QO) p( )

and E{.(Yy — q3)} = 0, it can be concluded that Cy is O,(n~'/?) and (S2) can
be checked. Since the MR estimator ¢, is the difference between ¢!, and ¢2,, the

consistency obviously holds.

(b) Correctly specified model for f(Y|X) is contained in F.

Without loss of generality, let fi(X,v1) be the correct model and 7, be the true
value of 71, so that f{(X,~{) = f(Y;|X) and ~], = 7{,. Similarly, it is clear that
9(3,¢.4) — 9(Bs, ¢t,~L). Denote py, as the probability limit of j;, and one of the

constraints g is

Z [ i@DT{Yl (%1) Al}} _%

i€SE

n

[ i@DT{Yl 71 A1}]-

For treatment (7' = 1) and control (T' = 0) groups, define 7" = T and T =1 —T.
By triangle inequality,

=1

| sutll) ’Zuﬁﬂ/}T(YQ —q) —E{wr(Yt—CI)}‘
4—ql<€ e,
L

< sup | @[l (Yi—q Z UAVIGD = @Y |+ s 10} = B{v-(% — a)}.

lg—gbl<e ' jcs, =1 lg—q§l<e

It can be seen that left-hand side in (S1) or (S2) can be expressed as

sup Zwin(Yé—q)—E{wr(Yi—Q)}‘ < My + Mg+ Mz + Mg+ Mys + My + Mz,

|q_q(t)|<e i€Ss




with

L
. 1 TP .
My = sup w; [¢T(Y; - Q> - Z Z@Z)T{Yzl('ﬁ) - qi}}
lg—agl<e ' jcg, =
1 1

EZ T [ (Y; - q) —-—}ja%{yfvl-—ﬁ}],

ne 1+ plg(Be db, ) =

n L
1 nl -
M, wr Yl ’Y - th - ¢T Y;l 'Yt - qt s
= Ty I+ pt*g 6*7 Q*7 7* Y ; { 1 1} { ( 170) 0}]
1 " ® l
Mg = sup T [ _ e AT L) — g }
v lg—qf Ll<e Uz 1+ pt*g(ﬁ*y Q*av* ; Z { 0}
n 1
T E[TY{:(Y: — q) — 2 (Yi — g0)}]]
ny 14 plg(Be, at, L) T (Y = @) = eV = )}
n 1
My = sup [T(t){¢T(Y —q) — (Y, — qt)}] 7
t lg—ab|<e L I+ pt*g(ﬁ*a q*7 7*) ! t 0

Mt5 —‘_Zl Zl/}‘r{y ’Yl _Q1}__Zl ZTPT{YI

mﬁkz wa —ab} — E{en (Y — ah)} ],

My; = sup IE{wT( —q0)} — E{v-(Yi — @) }.

lg— ‘Io|<€

Obviously, we have

1 1 1
My = sup ‘— [ _ _
la—gfl<e nt% 1+ pTgi(B, 441 1+ phgi(Be, gt 2h)

[wr - XL: - %H‘

Using Taylor expansion based on derwatwes and subderivatives, it can be verified
that My is op(1). Similarly, it can be proved that M, and M5 are both o0,(1) by
using Taylor expansion about ¢* and 4* on ¥, {Y(3!) — ¢} —wT{ffil('yiO) —qb}. Under
(C3), the unique solution to E{¢-(Y; —q)} = 01is ¢}, so
sup [ E{¢-(Y: — qo)} — E{v-(Y: — ) }| = 0p(1),
lg—qf|<e

then M, and M are both o,(1). Besides, it can be shown that M is 0,(1) by the
weak law of large numbers and M3 is O,(n~'/?) by noting that

{ [¢T i— 4 __Z¢T{Yl _QQ}] Iq—qél <6}



forms a Donsker class and Ti(t) [0 (Yi—dh)— 1 ZZL:1 wf{?il(%,o) —gh}] is Lo continuous
at ¢f. Then uniform convergence (S1) and (S2) can be proved and consistency of ¢’

holds. This completes the proof.

Proof of Theorem 2. Express the difference ¢, — qo to be proved as two parts,
Gor — @0 = (G, — @) — (¢°,. — @0), and consider them separately. If correct model for

m(x) is contained in W, note that for treatment group,

n g:(B, ", A : " Tigi(B. Gt A
L T A i R miy
(1 . 41 A1
D PR Y 2
T DO e &
n - 1 41
_Z Tgmﬁﬁci il %;Tg;ﬁ(ﬂ%v) (6)

- Z ng 5*7(]*7’7*)

14 Bl*

Taylor expansion can be applied to (S3) and (S4), then

(53) = _iZng(ﬁ 442 A+ 0p(n=12).

i=1 7712(51)
Denote R;(83,q",7") = ¢:(8,¢",7")/m1:(B1). Notice that only the first row of dg; (0, B.,
¢',4")/0B; has non-zero values and only the mth row of dg;(5.,¢',4") /9B has non-
zero values, m = 2, ..., M, therefore,
ORi(B,4",7") _ mi(B1x)0gi(Bs, ¢',4") /081 — gi(Bi, @', 4') (Om1i(Bix) /0BT
(oloh) B 7711(51*) ’
and
OR;(B,¢" %) _ 1 9g:(B.d"4Y)
OBm B 7T11;<51*) 0B '
Then

_1 ng(ﬁ*, 7t Al)(aﬂ'lz(ﬁl*)/aﬂl)
n ; le(ﬂl*)

Similarly, it can be verified that {T;R;(3.,¢",4") : |l¢' — ¢}|| < €} forms a Donsker

(S4) = (Br = Br.) + 0p(n™%).

class and T;R;(B.,q},4"') is Ly continuous at ¢!. Then we have,

(55) nZaE{TR(B*,q*’V)}(q

o —gl) +o,(n )

=1



It is also clear that {T;R;(B.,ql,7") : ||[7' — 7| < €} forms a Donsker class and
TiRi(B, ql, 1) is Ly continuous at v!. Therefore,

It is straightforward to see that both E{T;R;(53.,q!,4")} and E{T;R;(B.,ql,7})} are
0. Therefore, both (S5) and (S6) are zeros. Hence, define

By, s, ’Yi)(aﬂl(ﬁu)/aﬁl)T}
7T1(51*) '

MIZE{Q(

It can be concluded from (C7) that

Vit = (G {0 BT 5 gl gty S M E @) oy (1)
i=1 LA i=1

Next, note that

T; 15 Al
:_Z / (5

) v
<14+ M gi(8, 4", 4Y) /(B WZ o)

)

)

n

T/le(Bl 1 1 T, y
= T }/; — Ymer) T — = VYr Y i S7
Z”Mz( T ) 2 v ) 8
1 1 T
. T mr) — - Y Arlnr 98
" i=1 le(ﬁl)w ( q ) n — Wli(ﬁl*)w ( q ) ( )
— Z 1 ﬁl* wT i qmr Zl Z * — qO) (89)

+ n;mi(ﬁl*>¢r(ﬁ QO>'

It can be shown that

n

1 ¢T i er) 2 A1 ~INT | 3 -1/2
{TLZ 7Th /31) (ﬁaq 77) }>\1+0p(n )7

58 = {3 Z e (o) Yo e

and
(99) = — f1(a0) 4y — 40) + 0p(n™/?).
Let

V(Y1 — q)) (Om(Bro)\T
WBEBLO;I ( o3t )}’

7

Ble{



it can be verified that

N N n . ol
AV, — ) = —Aids — BBy — pr) -2 S T Z ) )

ie1 Wli(ﬁl,o)2

=n /2 Z[Qu(ﬁl,o) —{B1 — Ai(G1) "M} E(DT?) T 0] + 0,(1).

i=1
According to the generalized information equality in Newey (1990), we have
_ 9Q1(B10)
_ 1 —— T ALY T
A(G) My = —B{ T A0 = D),
SO
Fi(go)Vr(dy, —g) =n~"? Z[Qu(ﬁl,o) — E(Q197)E(97?) 7' ®y] + 0,(1).  (S10)
i=1

For control group, note that

01 i G 0)/(1—7T1z‘(51)))_% S U-DaB ) gy

= 1+ M9i(8,4%4°)/ (1 — m(By) 1 —mi(f)
n LTl A0 " (1= T)ai(B.. 30 A
+ %ZI (1 fffﬁiﬂ(,@)ﬁ ) %; (1 1Ti)€if,.ﬁ<gﬁ>ﬁ ) (812)
LG Ry TR o1
L1 Z (1 - _ifzigm ) %z"; (1 —1Ti)gj;(iﬁ(2£,vf) (514)
_Z 1 —ihﬂgi;m)‘
Denote R;(8,¢°,7°) as gi(8,4°,7°)/(1 — m1:(81)). Similarly, we have
(S11) Zl 1_1_g;f(§1)’;> Mo + 0, (n"1/2),
and
(s12) = £ 30 U BBV ORBIOR (5, 5 ) 4,717,

=1

It can be shown that {(1 — T;)R;(5s,q%4°) : ||¢° — ¢°|| < €} forms a Donsker class
and (1 — T;)R;(B«, q°,4°) is Lo continuous at ¢°. Therefore,

(813) - Z 8E{(1 - zaié(ﬁ*’qg’ﬁ/‘))}(qm o qg) + op(n_l/Q).



Similarly, we have that {(1 — T})R;(B., ¢, 7%) : ||7° — 72| < €} forms a Donsker class
and (1 — T;)R; (B, ¢%,7?) is Ly continuous at 7Y. Then

(514) = nZaE{(l— )Ri(ﬁ*,qf,vf)}ﬁo

o )+ op(n 1),

=1

It is straightforward to see that both E{(1-T;)R;(3,¢%,4")} and E{(1-T;)R;(B.,¢°,7°)}
are zeros. Therefore, both (S13) and (S14) are zeros. Hence, by defining

1908, 42,9 (0m(Bre) /081)T
MO_E{ 1—7T1(ﬁ1*) }7

and (C7), it can be proved that
\/ﬁj\ — (G —1{ —1/2 . Wli(ﬁl*)_T‘i A 0 _0 —-1/2 & MAE(®22) 1P, . 1
0= (Go) ™ {n Z—l_mﬁl)gzw*,q*,v*)m D MoE(DF?) 'y, pto,(1).
i=1 B i=1
Next, note that
Ozlzn: A(Tl_Tiz/(}—Wu(Bl)) ]
S 14+ A0i(8,6%9°) /(1 = m(Br))

IS =9 (i = @)/ = ma(B) 1§~ (=T (Vi — o) g
P> 1+Aogz<ﬁ, 49/ (1— 7)) nZ Loy O

1 n
— — — Y; — ¢° S16
Z 1 _ 7_‘_11 /81) q’an n ZZI 1 _ ﬂ_lz /81*) ( er> ( )
. 1

l 1_—ﬂ A0y _ - 1 -1, -0
+n211_m<51*)m<y Qo) n;—l_m%)wm ) (S17)

1 1-T, .

It can be shown that

_ g1 - o V- (Yi = Goy) A A0 20\T 3 ~1/2
($19) = {7 0 - G e A o+ 07

¢T(§/; - (jg’w)

1~ (L= T)er(Yi — dn) (Oma(Bu)\™ 4 172
(516>_{E; G Tog ) Jhi=— B+,

and
(S17) = = fo(a0) (G — 40) + 0p(n™/?).

Let

s (o) )
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we have

n

~ ~ T - _ 0
VG, = ) =~ Ao + Bov/( — fu) + 2 30 ES T 4 g
i=1 VL

=12 Z[Qm(ﬁl,o) + {By — Ao(Go) T Mo} E(®F?) 7' @1;] + 0,(1).

=1

From the generalized information equality in Newey (1990), it can be shown that

BO - Ao(G(])ilMO = E{—an/(BﬁlLO)} = —E(Qoé?),

and

n

Fola)Vn(@p,, — a0) = 0> " [Qui(Bro) — E(Qo®])E(PF*) " b1] + 0,(1).  (S18)

i=1
Finally, it can be concluded using (S10) and (S18) that

\/ﬁ(gmr - QO) :\/ﬁ{(qA;zr - Qé) - ((j?m" - qg)}

n

(@) {02 Y [Qu(Bro) — B(Qi0T) B(@F) 01}

—folg0) " {n™* > "[Qui(Bro) — E(Qu®]) E(F?) 1]} + 0,(1).

i=1

This completes the proof.

Proof of Theorem 3. The consistency of least square estimator guarantees that
if W contains a correct model, &, resembles a unit vector with the position of cor-
rect model taking the value of 1 and all the rest 0. If F contains the correct model,
&} has the same result. Then this becomes a special case of theorem 1 with con-
strains only have two conditions, ¢;(X;, 3,4, 4Y) = (7; — 0,m} —3")T for i € S; and
9i(Xi, B,¢°,4°) = (0 — 7,0 — i°)T for i € Sy. So consistency of ensemble estimator

can be established here.
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S2 Non-normal outcome

In specific, we consider the outcome models for Y; as

Y =11 + 7121 + 113 Wa + 14 Ws 4+ 115 Wi+ 716Ws + 71, We + €,
with transformation Wy, = X7, k = 1,2,3,4,5,6,

where X; is generated from a 8-dimensional normal distribution with mean zero and
identity covariance matrix, and ¢’s are independently from x?(1) — 1 for ¢ = 0, 1.
We generate T from a Bernoulli distribution with probability 7(X') and consider two
choices for m(X):

(1) 7(X) =1/{1 4+ exp(Br11 + 12 X1 + f13Xo + fraXa + P15 X5 + P16 X7 + S17Xs) },
(2) 7(X) =1/{1 4 exp(Pa1 + LooWi + BasWa + BoaWy + Los W5 + BasWr + BarWs) },
with transformation Wy, = exp(X/2), k =1,2,4,5,7,8.

The true parameters are set as

Yo =(1,1.5,1.5,15,3.5,3.5,3.5)", 7Yy =(-15,1.5,1.5,1.5,3.5,3.5,3.5)",
Bio = (—0.7,0.7,0.3,0.7,0.3,0.7,0.3)", By = (—0.7,0.7,0.3,0.7,0.3,0.3, —0.7)""

To implement our proposed methods, we postulate two functions for f(Y;|X) as fol-

lows:

Y — (%0 +7§1X12 +. +7§8X82 - 1)7

t t 2 t 2
t 1 _ YOty Xty X5 —1) \/
2

A) XA =
( ) fl( ’71) 21/2F(1/2)6
when Y — (7hg + 95 X2+ ...+, X2 — 1) > 0, and 0 otherwise.

(B) S5 = ——=eap{ = 51V = (o + 2hiean(X1/2) + ..+ fep(Xs/2)1

1
V2T
and two models for 7(X) are the same as before. The results based on 1,000 replica-

tions are given in Table S1 and the proposed estimators have the similar performance

with the normal outcome variables.

S3 Computation time

According to your suggestion, we calculated the average computation time of the

estimators Gmr(1111) and geg1111) for 50th percentile QTE based on n = 500 with 100

11



Table S1: Bias (x100), standard deviation (SD) and mean square error (MSE) of the
QTE estimators with non-normal outcomes when f; is true and n = 500.

Method mp is true Ty is true
Bias SD MSE Bias SD MSE
7=0.25
Inaive -26.2392 0.7684 0.6594 -44.4387 0.8385 0.9006
Qipw(1000) 3.7349 0.9155 0.8396 -73.8911 0.9227 1.3973
Jipw(or00)  101.2199 0.8530 1.7521 -10.2209 0.9139 0.8457
Gmi(0010) 1.1427 0.1781 0.0318 0.3398 0.1878 0.0353

Gmioo1y  357.0578 1.1531 14.0787  -14.5027 1.2022 1.4663
Gaipwioro)  -0.8238  0.6055 0.3667  -22.7071 0.5957 0.4064
Guipwioony 241214 11308 1.3368  -92.2679 0.9744 1.8007
Goipw(orio)  22.8054  0.5883  0.3981  -1.5518 0.5638 0.3181
Guipw(oror)  128.2054  1.0241  2.6924  -23.8312 0.9935 1.0438
Gmr(110) 0.0135 0.4646 0.2159  -1.1094 0.4501 0.2027

er(11o1) 9.7674 0.8918 0.8048  -11.4204 0.8661 0.7631
er([)lll) 10.8311 0.4548 0.2185 -0.6411 0.4527 0.2049
er(1011) 0.0092 0.4754 0.2260 -7.0105 0.4386 0.1973
Gmr(1111) 0.3021 0.4745 0.2252 -0.9825 0.4513 0.2038
(es(1110) 0.5484 0.4396 0.1933 -1.1412  0.4365 0.1906
{es(1101) 12.3452 0.9119 0.8469  -18.8812 0.8698 0.7921
Ges(0111) 6.7407 0.4330 0.1920 0.1216 0.4442 0.1973
Ges(1011) 0.5560 0.4413 0.1947 -2.9825 0.4316 0.1872
(es(1111) 0.5623 0.4446 0.1977 0.2567 0.4348 0.1890
7=0.5
Jnaive -31.7115 0.9806 1.0621 -64.8359 1.0693 1.5638

Gipwiooo)  16.5392  1.2693  1.6385 -111.8816 1.1661 2.6116
Gipwior00)  171.8833 11686  4.3199  -15.2507 1.2087 1.4843
Gmiooro)  -0.1447 0.1620  0.0262 0.2422 0.1753  0.0307
Gmiooory  237.3227 0.9780 6.5887  -32.1504 1.0145 1.1326
Gaipwiionn)  -4.0017  0.6464 04194  -1.5704 0.6690 0.4478
Gaipw(ioon)  36.3969 1.3585  1.9779 -124.2742 1.3601 3.3942
Gaipwiorno)  -0.2743  0.6185  0.3826 5.3990 0.6625 0.4418
Gaipwioron)  216.1140 1.3963  6.6203  -17.0298 1.4205 2.0467
Grr(110) 0.7907 0.5135 0.2637 3.5194 0.5047 0.2559

er(11o1) 27.2148 1.2344 1.53978  -19.2658 1.1038 1.2554

Jmr(0111) 7.1908 0.4981  0.2532 3.7916 0.5025 0.2539
er(1o11) 0.3458 0.5159  0.2662 -0.4105 0.4947 0.2448
Gmr(1111) 1.0543 0.5185 0.2690 3.6672  0.5107 0.2622
(es(1110) 0.0573 0.4910 0.2411 2.3996 0.4894 0.2401
Ges(1101) 30.5048 1.2677 1.7001  -32.5951 1.1434 1.4136
Ges(0111) 3.4852 0.4728 0.2248 3.5262 0.4833 0.2348
Ges(1011) -0.1860 0.4974 0.2474 -0.5224  0.4795 0.2300
es(1111) 0.2747 0.4903 0.2404 3.6215 0.4879 0.2394
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Table S1: Continued.

Method T is true Ty is true
Bias SD MSE Bias SD MSE
T=0.75
Graive -49.4363 1.4203 2.2617 -96.0108 1.4848 3.1264

Qipw(1000) 17.4341 1.8824 3.5738 -164.2372 1.6591 5.4499
Jipw(or00)  249.6236 1.8287 9.5754  -26.2986 1.8061 3.3312
mi(0010) 0.5811 0.1896 0.0360 1.2686 0.2141 0.0460
Gmi(0001) 82.8655 1.0315 1.7506  -71.5473 1.0786 1.6754

Gaipw(ionn)  -4.7348  0.9467 0.8985  20.8097 0.8697 0.7996
Gaipw(ioon)  31.8906  1.8089 3.3737 -143.7272 1.6337 4.7349
Gaipwiorno)  -27.8102  0.8619 0.8201  9.5660 0.9041 0.8266
Gaipw(o101)  248.3869 1.8786 9.6988  -35.4038 1.7823 3.3021
Gmr(1110 0.6859 0.7476 0.5589  2.9267 0.6900 0.4770
Gmrnon) 252273 17812 3.2361  -31.6701 1.6877 2.9487

)
)
Gmr(0111) 3.1589 0.7094 0.5043 3.1041 0.6853 0.4705
)
)

Gmr(1011 1.0178 0.7414 0.5498  3.0364 0.6781 0.4607
Gmr(1111 1.6141 0.7479 0.5596  2.7471 0.6882 0.4744
Ges(1110 1.2045 0.6877 0.4731  3.9707 0.6893 0.4768
Ges(1101 30.5546 1.8009 3.3367 -45.5932 1.7060 3.1184
Ges

-0.6385 0.7031 0.4945 1.7815 0.6581 0.4334

)
)
0111) 2.0497 0.6763 0.4578 3.5178 0.6650 0.4435
)
) 0.0857 0.6900 0.4761 4.3042 0.6637 0.4423

(

(
Qes(1011
qus(llll

Table S2: Average computation time(s) of Gpr1111) and Ges(i111)-
Method Gmr(1111)  Ges(1111)

. fris true  1.8211  1.3089
TSI Y o true  1.8246 1.4244
fiistrue  1.8505  1.3442
faistrue  1.7298  1.3553

Ty is true

replications. The results are shown in Table S2. As expected, it can be seen that the
ensemble estimator effectively reduces computational burden with less time than the

ordinary multiply robust estimator.
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