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1 Double Robustness of PENCOMP

1.1 Single Time Point Treatment Assignment

Let X; denote the baseline covariates that affect treatment assignment Z;. Suppose Z; €
{0,1} denotes assignment to control (0) or treatment (1). Let Y% denotes the potential

outcome associated with treatment 7.

Result 1: The ignorable treatment assignment implies that (Y, Y°)_1 Z;|P,, (X;) (Rosen-
baum and Rubin 1983), where P,,(X;) = Pr(Z, = z1/X1) denotes the propensity of being

assigned 2.

In the single time point treatment setting, suppose Y is observed only for subjects
i=1,---,ng, while Y! is observed only for subjects i = ng+1,--- ,n. We are interested in
estimating the causal effect A = F(Y! — Y?). Under SUTVA, ignorability and positivity
assumptions, we can estimate causal effects from the regression models on covariates X:
E(Y|X,,Zy =1)and E(Y|X1, Z; = 0), or from regression models on a summary measure of

the covariates-propensity score P, (X;): E(Y|P,(X1),Z; =1) and E(Y|P,,(X1),Z; = 0).

EY'—Y% = EEY'-YX)))
(

E(Y'|X1)) — E(E(Y’]|X1))

E
E

(E(Y|X1, Zy = 1)) — E(E(Y|X1, Zy = O)) by ignorability

= E(E(Y\le(Xl), 7y = 1)) - E(E(Y!PZI (X1), 2, = 0)>by Result 1

Alternatively, the mean E(Y!) can be written as E(Y!) = P(Z, = 1)E(YYZ, =
1)+ P(Z, = 0)E(Y''Z; = 0), estimated as:
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where E(Y!|Z, = 1) = Y and E(Y'|P,, (1), Z, = 0) = Y.

PENCOMP imputes the missing potential outcomes Y*1=! for subjects i = 1,--- ,ng
from the mean model E(Y*| Xy, Zy = z,0.,, 8.,) = s(P*.,;0.,) + g., (P*.,, X1; 3., ), where
P+, = log [P.,(X1)/(1 — P,,(X;))]. Zhang and Little (2009) showed that this imputa-
tion model is equivalent to a centered version of the form E(Y*|Xy, 7, = z,60,,,5.,) =
$(P*,.10.,) + g, (P*.,, X1 — s5,(P*.;w.,); B2, ), where s, (P*.;w.,) = E(X1|P*.,) is the
spline of X; on the logit of the propensity score, denoted as, ﬁ*zl as shown in Little and
An (2004). Specifically, in the centered version, the residuals from the spline regressions
of covariates X; on }5*21 enter the parametric g function. Both Zhang and Little (2009)
and Little and An (2004) showed that both imputation models in the missing data context
yields a consistent estimate for F(Y!). Here we show the double robustness property of

PENCOMP using the centered version for simplicity.

a) When the mean model of Y'! given (P*., X;) are correctly specified, the marginal
mean of Y! from the imputation model is consistent, as a consequence of the properties of

a well-defined regression model.

b) When the prediction model given X is misspecified, and the propensity and the
spline models are correctly specified, the marginal mean of Y'! is consistent. Here we prove

the case for linear g function. In the case of a nonlinear g function, we can approximate it



using linear terms and the results will still hold.

E(?HP;):sy P;>+E[ (PZ"NXl Sy (P ))! 1
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where the last two equalities again follow from Result 1.

Thus, for the subjects who actually received controls, the marginal mean of the imputed
values Y from our imputation model is consistent even when the prediction model on
covariates is misspecified: Zno Y~ — E(Y'Z; = 0) as ng — oo. Similar approaches

can be used to estimate E(Y0|Z1 = 1) and thus estimated E(Y").

1.2 Longitudinal Treatment Assignments

Suppose treatments are assigned at 7' discrete time points: ¢t = 1,...,7. Let X; and Z,
denote the covariate and treatment history, respectively, up to and including time point ¢.
Let Y*7 denote the potential outcome under treatment regime zp = (21, -, zr). The final

outcome of interest Y*7 is measured after time point 7. Suppose, each z; is binary treat-

ment. For a particular treatment regime zZp = (21, 22, - , 21, 2¢41, -+, 21), under SUTVA|
sequential ignorability and positivity assumptions, for allt = 1,--- , T, the following results
hold.

Result 2: YT I(Z;, = z)|P.,(X:,%_1), where I(.) is the indicator function, and

P..(X;,21) = P(Z; = %| X, Z;_1), as a direct extension of the single time point treatment



(Rosenbaum and Rubin 1983).

Result 3: Y7l [(Z; = %)|P;,, where I(.) is the indicator function, P, = [[_, P(Zs =

26| Zk_1 = Zx_1, X&), which is the propensity of being assigned treatment regime %, condi-

tional on the past treatment and covariate history. In other words, the treatment regime

Z, up to and including time point ¢ is independent of potential outcomes YT given the

propensity of receiving that treatment regime Z;, for all t = 1,--- ,T. The proof is outline

here.

P([( _t = zt)‘YZT7PZt> = E
=F

=k

(I(Zlt =z)|Y*", Pzt)

E<I(Zt YR, D, p2t> o, pZt]

1(Z s = zt_l)E(uZt )% Z, P) e, P}

by sequential ignorability assumption
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By the same argument but without the need for the sequential ignorability assumption,
P([(Zt = Zt)\Pzt) = P;,. Thus, P(](Zt = z,)|Y*T, Pzt> = p([(Zt = Zt)]PZt)

Suppose we want to impute the missing potential outcomes X3! for subjects 1,--- ,ng
and subjects i = ng + 1,---n receive treatment combination (1,1). As shown below, we
can build a model for Xi' from the subjects with observed treatment sequence of (1,1)
to impute missing potential outcomes X3! for other subjects. Similar to single time point
treatment, we can estimate causal effects from the regression models on the covariates or

on the propensity scores.

E(X§1> g :E(X§1|)_(2)]

=FE|E(X3| Xy, 21 =1,Z, = 1)} by sequential ignorability

=F E(X3|P52:(11), Zl = ]_, Z2 = ].):| by result 3

Alternatively, the mean E(X411) can be written as E(X3!) = P(Zy = (1,1))E(X3YZy =
(1,1)) + P(Zy # (1,1))E(X3'|Zy # (1,1)), estimated as:
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where X} = E(X1|P,,, Zy # 1,2, # 1).

PENCOMP imputes the first missing intermediate outcomes X5 first, X3, and continue
forward to the final outcome Y. By induction, we can show PENCOMP has double robust-
ness property in longitudinal study. We have shown double robustness property for the
base case t = 1 as in the single treatment. Suppose PENCOMP has the double robustness

property in imputing missing potential outcomes X;. We want to show that the double



robustness property also holds for the missing potential outcomes X;.1, Suppose we are
interested in estimating ijrl, where z, = (21, ,2) and subjects i = 1,--- ,ng do not
treatment sequence Z; that match z. Thus, to impute the missing potential outcomes
X7, for the subjects whose treatment sequence did not match z;, we draw values from
the mean model E(X/,|X;, Z; = %, 05, Bz, 72) = sxtH(PZ,Q%) +g [PZ*“XM e ’Xt;ﬁzt]7

which is equivalent to the mean model E(X7,|X;, Zi = 2,0z, BzsVz) = 8wy (P23 02,) +

zt)?

g{P* X1 — 54, (P w; 1), VX — 5, (P2 wst); ﬁztl,where pzf‘t = log ﬁzt/(l—pzt)). Here

zt)? zt) zt)

we need to show the double robustness property of PENCOMP with the centered version.

a) When the mean model of X/, given the covariate history X, are correctly specified,
the marginal mean of ijLl from the imputation model is consistent, as a consequence of

well-defined regression models.

b) When the prediction model given X, is misspecified, and all the propensity mod-
els up to and including time point ¢ and the spline models are correctly specified, the
marginal mean of X/, is consistent. Again we prove the case for linear g function. We can

approximate a nonlinear g function with using linear terms and the results will still hold.

E(th | P. ) Saein (P*) +E{g(P§t,X1 sxl(P*) Xt—sxt(Pgt)|P§t}

:sxt+1<P;>+g{PZ*t,E(X1—sxl(P;)]P;),~--,E(Xt—sxt(P;ﬂP;)}
() ol

:sth(P;)
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(ijrl‘ Zpo Zy # Zt)
E(X7 Pz, Z, = z)by result 4

where the last two equalities follow from Result 3.

Thus, - Sk X2

Zk 4 — . .
) M = E(X | Zx # Z) as no, — 0o, where ngy, is the sample size



of the observations for which Z;, # %, and we assume that the observations are ordered
that the first no corresponds to the observations for which Z; # Z,. Thus, by induction,

PENCOMP has double robustness property in longitudinal study.

2 Implementations of the IPTW and the AIPTW Es-

timators

2.1 IPTW

Let O; = (Xir, Zir,Y;) denote the observed data for subject i, where i = 1,--- ,n. The
likelihood of the observed data can be factored into two components P(O) = Qogo, where
Qo = P(Y|Xr, Zr = 2r) [1}_, P(Xe|Xi-1, Zi—1) and go = [[,_, P(Zi|Zi—1, Xs—1). Denote
the MLE of Qg and gy as @,, and g,, respectively.

From the IPTW estimating equation 3.7, D;prw (O4]5, gn) = 0, we can obtain E(Y*) =

n I(Z1i=211)  \—1 Z1,;Y; . o . )
Yo F’(Zu:szu)) Yo Pz Thus, the estimated causal effect A in a single time

point is

A 2 N ZyY, 12y N (1-Zy)Y
AIPTY = (3 e S O ) e e
i=1 P(Z1z|X11> P(le‘Xlz) i=1 1- P(le|Xlz) (1 - P(le|X11))

i=1 i=1

Similarly, in a two time points treatment, the estimated causal effects Azm are

AIPTW _ Z I(Zy; = 21, Zoi = Z I(Zy; = 21, Zo; = 2)Y;
o P(Zyi|Xw) (Zzz\Xlz,Xm,Zu P(Z1i| X15) P(Z2i| X4, Xoi, Z13)

Z [(Zy; = 0, Zy; = 0) Z I(Zy; = 0, Zo; = 0)Y;
P le’Xlz ZZ'L’XM’XZL;ZM P le’Xlz (ZQi‘XliaXZDZli)

2.2 AIPTW

To solve the estimating equation > | Darprw (O;|B, gn, @n) = 0 in the single treatment

assignment setting, we proceeds as follows.



(a) For d = 1, ---, D, generate a bootstrap sample S from the original data S by
sampling units with replacement, stratified on treatment group. Then carry out steps

(b)-(h) for each sample d:

(b) Estimate a logistic regression model for the distribution of Z; given X;, with re-
gression parameters 7,, . Estimate the propensity to be assigned treatment Z; = z; as

P(Zy = z1|X1,7,, ) , where 42, is the ML estimate of ~,,.

(c) For z; = 0,1, using the cases assigned to treatment group zi, estimate the distri-
bution Y given X; and 7, p(Y\Xl = 11,71 = z1), using a normal linear regression with
mean E(Y|Xy, 7, = z1, 5,,) = 9., (X1; B, ), where g., () represents a parametric function of

X, and Z; indexed by parameters f3,,.

(d) Estimate the distributions of baseline covariates P(X;) using the empirical distri-

A

butions from the data, denoted as P(X7).

¢) Estimate m¢ = (47, ) using the g-computation to generate 10,000 number of
Yy and Y; from their respective counterfactual reference distributions. Specifically, draw
x7 from the empirical distribution of X7, P(Xl). Set Z; = z; and generate draws y* from
P(Y|X, = %, 7y = z). Then fit the MSM model E(Y %) = By + 51 Z; to this collection of

(y*,1) and (y*,0) to obtain 3.

f) Using @y, ¢, and A;’w, estimate Eg, 4. [DIPTW(O7;|B;”C,gn)|Zu = 2z, X1; = wy4) for

each subject i as follows. Given (Zy; = z1;, X1; = 21;), generate 2,000 draws of Y;™¢ from

P(Y|X1i = w14, Z1; = z1;) and compute

A~

h(Z1;) 5 A
:)’LC = — }/‘imc _ mc + ch i
AT R
where iz(Zli) = dE(zl/ﬁZ“)]f’(ZU). Take the mean of 2000 Monte Carlo values as the estimate.

g) Similarly estimate Eq, g, [Drprw (057, g2)| X1 = xy). Given Xy; = xy,, first
generate draws of z]7¢ from ]5(Z1i|X1i = 1y;), then generate draws of Y;™¢ from ]5(Y|X12- =
x4, Z1; = 271¢) and compute D¢, Take the mean of 2000 Monte Carlo values D" as the

estimate.

h) Let #t; = Eq, g.[D1prw (0167, gn)| Z1s, X1i] — Eg,.g, [Drprw (0187, g,)| X14]. Solve

9



(Bo, f1) using Newton Raphson algorithm

> Darprw(OilB, gn, Q) =Y Diprw (O3], gn) — 7 = 0

i=1 i=1

~ AIPTW 5
The treatment effect is A = ZdD:1 5@ /D. Estimate the variance by bootstrap and

obtain the 95% confidence interval from the bootstrap samples.

Similarly to solve the AIPTW estimating equation in a two time points treatment, the

steps proceeds as follows. Let 5 = (8o, 51, B2, 53)-

(a) For d = 1, ---, D, generate a bootstrap sample S@ from the original data S by
sampling units with replacement, stratified on treatment group. Then carry out steps

(b)-(i) for each sample d:

(b) Estimate a logistic regression model for the distribution of Z; given X;, with re-
gression parameters 7,,. Estimate the propensity to be assigned treatment Z; = 2; as

P(Zy = 2| Xy, &Q‘P) , where ¥ is the ML estimate of Yoy -

(c) Estimate the distributions of baseline covariates P(X) as the empirical distributions

from the data, denoted as P(X;).

(d) Using the cases assigned to treatment group Z; = zj, estimate 15(X2]X1, Z) using

a normal linear regression with mean
E(XQZI|X1721 :Zlvezuﬁﬁ) :gzl(X1,Z1,621) (1)

where g, () represents a parametric function of X3, and Z; indexed by parameters (3.

(e) Estimate a logistic regression model for the distribution of Z, given Xy, Z;, with
regression parameters v,,. Estimate the propensity to be assigned treatment Z; = z5 given

7y, X5 as P(ZQ = 2| Xo, Zl,’ygl)) , where ‘ygg) is the ML estimate of ,,.

(f) Using the cases assigned to treatment regime Z, = %, estimate P(Y|X5, Z,) using

10



a normal linear regression with mean
E(YEQ |X27 22 == 227 /822> = gzlzg (X27 227 522)

where g5, () represents a parametric function indexed by parameters fs, .

g) Estimate B;ﬂc = ( A{)”C, Aim, Ag’“, Aém) using the g-computation to generate 10,000
draws of the potential outcomes Y YO Y11 Y10 from their respective counterfactual dis-
tributions. Specifically, first generate a draw % from the empirical distribution P(X;). Set
Z1 = z and generate a draw z3 from p(X2|X1 = 27,71 = z1). Then set Zy = z and
generate draws y* from Is(Y]Xl =a},7) = z21,Xe = 5, Zy = z3). Then fit the model
E(Y?%) = By + b1 Z1 + 2 Zs + (321 Z to this collection of (y*,0,0), (y*,1,0), (y*,0,1) and
(y*,1,1) to obtain g™

h) Using @,, g, and AZL”C, estimate Eg, 4. [DIPTW(OABZL”C,QHHZ% = Zy;, Xo; = To;] for
each subject 7 as follows. Given (Zgi = Zgi, Xo; = To;), generate 2,000 draws of Y;*¢ from
P(Y|Zy; = Zo;, Xo; = To;) and compute D", Take the mean of the 2,000 Monte Carlo

values as the estimate.

il ZZ A A % o
DM — ) - (Y7 — (B + By Zi + 85 Zoy + BYZ1:25;))

b P(ZulX0) P(Zail i, Xa)
where h(Zy;) = dE(YZ%)P(Zh-)P(ZQAZM). Follow the similar procedures to estimate the

ag
other three conditional expectations.

i) Solve the estimating equation using Newton Raphson algorithm

Z Darprw (048, gn, Qn) = Z Diprw (048, gn) — 7 =0 (2)
=1 1=1
where,
=2
7 =" Eq,g.[Diprw (018", 92)1Z;, X;) = Eqy g, Diprw (O]6™, 9,)| X5
j=1

The treatment effects are AAPTW — S0 AAPTW@ jp  AdTPTW _ oD AAPTWE /.

11



A A A A A A LA L p. AA A

Ag‘l[PTW(d) — f,. Estimate the variance and obtain the 95% confidence interval from D

bootstrap samples.

3 Supplemental Tables from the Simulation Study

Table 5: 100 * Ratio of bias over RMSE of IPTW (A), under (A) correctly-specified
propensity and prediction models; (B) a correctly-specified propensity model only; (C) a
correctly-specified prediction model only, based on 1000 simulations with sample size of
200. The treatment effects As under linear and nonlinear outcome models were 5 and 9,
respectively.

A=EYY)-E®XYY
100 * Empirical Bias / RMSE IPTW(A)

Linear Outcome NonLinear Outcome

Method Low Mod High Low Mod High
TPTW(A) 1 14 2 4 3 4
g-computation(A) -0 -0 -1 6 4 3
ATPTW(A) 0 0 2 2 2 2
PENCOMP(A) 0 2 2 2 3 3
IPTW(A) 1 14 2 4 3 4
g-computation(B) 79 357 303 41 225 225
ATPTW(B) 0 18 29 13 5
PENCOMP(B) 11 2 5 1 37 52
IPTW(C) 82 375 340 46 250 273
g-computation(A) -0 -0 -1 6 4 3
ATPTW(C) 0 0 0 2 2 1
PENCOMP(C) -0 0 0 2 2 1

12



Table 6: 100*Ratio of empirical RMSE over RMSE of IPTW (A), denoted as RMSE/RMSE
IPTW(A), under (A) correctly-specified propensity and prediction models; (B) a correctly-
specified propensity model only; (C) a correctly- specified prediction model only, based on
1000 simulations with sample size of 200.

A=EYY-EYY
100 * RMSE / RMSE IPTW(A)

Linear Outcome NonLinear Outcome

Method Low Mod High Low Mod High
IPTW(A) 100 100 100 100 100 100
g-computation(A) 80 51 37 75 61 51
ATPTW(A) 78 59 47 73 63 55
PENCOMP(A) 78 57 46 73 62 54
IPTW(A) 100 100 100 100 100 100
g-computation(B) 168 367 307 124 246 240
ATPTW (B) 81 89 90 95 99 97
PENCOMP(B) 83 65 56 91 97 102
IPTW(C) 181 389 347 130 273 290
g-computation(A) 80 51 37 75 61 51
ATPTW(C) 78 53 39 73 60 o1
PENCOMP(C) 78 54 40 73 61 o1

13



Table 7: Empirical 95% non-coverage rate*100 (nominal noncoverage of 5), under (A)
correctly-specified propensity and prediction models; (B) a correctly-specified propensity
model only; (C) a correctly-specified prediction model only, based on 1000 simulations with
sample size of 200.

A=EYY) - EYY)
100 * 95% Non-coverage Rate

Linear Outcome NonLinear Outcome

Method Low Mod High Low Mod High
IPTW(A) 5 6 12 5 6 7
g-computation(A) 4 5 6 5 6 5
AIPTW(A) 4 6 6 5 6 5
PENCOMP(A) 4 3 3 4 5 3
IPTW(A) 5 6 12 5 6 7
g-computation(B) 10 99 100 6 64 81
AIPTW(B) 3 8 13 5 6 7
PENCOMP(B) 0 0 1 2 5 6
IPTW(C) 10 96 99 6 63 82
g-computation(A) 4 5 6 5 6 5
ATPTW(C) 4 5 7 5 6 6
PENCOMP(C) 4 4 5 5 5 5

14



Table 8: 100 * Ratio of empirical mean 95% confidence interval width to that of IPTW
(A), denoted as mean 95% interval width/mean 95% interval width IPTW(A), under (A)
correctly-specified propensity and prediction models; (B) a correctly-specified propensity
model only; (C) a correctly-specified prediction model only, based on 1000 simulations with
sample size of 200.

A=EY"-EY")
100 * mean 95% interval width/mean 95% interval width IPTW(A)

Linear Outcome NonLinear Outcome

Method Low Mod High Low Mod High
IPTW(A) 100 100 100 100 100 100
g-computation(A) 80 53 42 74 64 57
AIPTW(A) 79 60 60 73 66 67
PENCOMP(A) 80 69 68 470 72
IPTW(A) 100 100 100 100 100 100
g-computation(B) 136 84 64 114 105 95
ATPTW(B) 84 89 93 9% 97 100
PENCOMP(B) 124 102 102 113 120 130
IPTW(C) 147 103 82 118 117 113
g-computation(A) 80 53 42 74 64 57
ATPTW(C) 79 55 44 73 64 58
PENCOMP(C) 79 58 50 73 65 61

15



Table 9: 100 * Ratio of bias over RMSE of IPTW (A), under (A) correctly-specified
propensity and prediction models; (B) a correctly-specified propensity model only; (C) a
correctly-specified prediction model only, based on 1000 simulations with sample size of
500. The treatment effects As under linear and nonlinear outcome models were 5 and 9,
respectively.

A=EYY-E®YY
100 * Empirical Bias / RMSE IPTW (A)

Linear Outcome NonLinear Outcome

Method Low Mod High Low Mod High
IPTW(A) 1 4 16 5 8 -1
g-computation(A) 0 -0 -1 -0 -0 -0
ATPTW(A) 0 2 0 2 3 1
PENCOMP(A) -0 -0 0 3 2 -1
IPTW(A) 1 4 16 5 8 -1
g-computation(B) 123 482 406 58 333 327
AIPTW(B) 1 6 16 -8 -9 -4
PENCOMP(B) 15 -1 2 -2 -46  -67
IPTW(C) 125 510 458 62 367 396
g-computation(A) 0 -0 -1 -0 -0 -0
AIPTW(C) -0 0 -0 -2 -2 -1
PENCOMP(C) -1 -0 -0 3 2 1

16



Table 10: 100*Ratio of empirical RMSE over RMSE of IPTW (A), denoted as
RMSE/RMSE IPTW(A), under (A) correctly-specified propensity and prediction mod-
els; (B) a correctly-specified propensity model only; (C) a correctly- specified prediction
model only, based on 1000 simulations with sample size of 500.

A=EYY-EYY
100 * RMSE / RMSE IPTW(A)

Linear Outcome NonLinear Outcome

Method Low Mod High Low Mod High
IPTW(A) 100 100 100 100 100 100
g-computation(A) 82 45 31 72 54 44
ATPTW(A) 79 54 42 70 56 49
PENCOMP(A) 79 49 38 70 55 47
IPTW(A) 100 100 100 100 100 100
g-computation(B) 184 487 408 128 345 336
ATPTW (B) 79 85 92 94 94 98
PENCOMP(B) 82 59 51 90 93 101
IPTW(C) 193 517 462 134 382 406
g-computation(A) 82 45 31 72 54 44
ATPTW(C) 79 46 32 70 53 44
PENCOMP(C) 79 46 33 70 53 44

17



Table 11: Empirical 95% non-coverage rate*100 (nominal noncoverage of 5), under (A)
correctly-specified propensity and prediction models; (B) a correctly-specified propensity
model only; (C) a correctly-specified prediction model only, based on 1000 simulations with
sample size of 500.

A=EYY) - EYY)
100 * 95% Non-coverage Rate

Linear Outcome NonLinear Outcome
Method Low Mod High Low Mod High
IPTW(A) 5 6 11 5 6 6
g-computation(A) 5 6 6 4 4 4
AIPTW(A) 4 6 7 3 4 4
PENCOMP(A) 4 4 3 3 3 2
IPTW(A) 5 6 11 5 6 6
g-computation(B) 15 100 100 7 96 100
AIPTW(B) 4 7 13 5 6 6
PENCOMP(B) 0 1 1 3 6 10
IPTW(C) 12 100 100 7 97 100
g-computation(A) 5 6 6 4 4 4
ATPTW(C) 4 6 5 3 4 4
PENCOMP(C) 4 4 4 3 3 3

18



Table 12: 100 * Ratio of empirical mean 95% confidence interval width to that of IPTW
(A), denoted as mean 95% interval width/mean 95% interval width IPTW(A), under (A)
correctly-specified propensity and prediction models; (B) a correctly-specified propensity
model only; (C) a correctly-specified prediction model only, based on 1000 simulations with
sample size of 500.

A=EY"-EY")
100 * mean 95% interval width/mean 95% interval width IPTW(A)

Linear Outcome NonLinear Outcome

Method Low Mod High Low Mod High
IPTW(A) 100 100 100 100 100 100
g-computation(A) 84 52 38 77 61 53
AIPTW(A) 81 58 51 74 63 60
PENCOMP(A) 81 61 54 7 64 61
IPTW(A) 100 100 100 100 100 100
g-computation(B) 141 82 57 116 101 88
ATPTW(B) 82 88 92 95 95 96
PENCOMP(B) 120 92 85 107 108 113
IPTW(C) 151 98 73 119 113 105
g-computation(A) 84 52 38 77T 61 53
ATPTW(C) 81 52 39 74 60 53
PENCOMP(C) 81 55 43 74 61 55

19



Table 13: 100 * Ratio of bias over RMSE of IPTW (A), under (A) correctly-specified
propensity and prediction models; (B) a correctly-specified propensity model only; (C) a
correctly-specified prediction model only, based on 1000 simulations with sample size of
1000. The treatment effects As under linear and nonlinear outcome models were 5 and 9,
respectively.

A=EYY-E®YY
100 * Empirical Bias / RMSE IPTW (A)

Linear Outcome NonLinear Outcome

Method Low Mod High Low Mod High
IPTW(A) 13 11 2 3 -
g-computation(A) 2 2 1 -2 -1 -0
ATPTW(A) 2 1 0 -3 -2 -2
PENCOMP(A) 3 2 1 -2 -1 -1
IPTW(A) -1 3 11 -2 -3 -1
g-computation(B) 182 674 517 92 459 420
AIPTW(B) 2 7 14 -2 -1 -0
PENCOMP(B) 21 1 3 6 -36 61
IPTW(C) 181 706 578 95 502 505
g-computation(A) 2 2 1 -2 -1 -0
AIPTW(C) 1 1 0 -3 -2 -1
PENCOMP(C) 3 2 1 -2 -1 -1
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Table 14: 100*Ratio of empirical RMSE over RMSE of IPTW (A), denoted as
RMSE/RMSE IPTW(A), under (A) correctly-specified propensity and prediction mod-
els; (B) a correctly-specified propensity model only; (C) a correctly- specified prediction
model only, based on 1000 simulations with sample size of 1000.

A=EYY-EYY
100 * RMSE / RMSE IPTW(A)

Linear Outcome NonLinear Outcome

Method Low Mod High Low Mod High
IPTW(A) 100 100 100 100 100 100
g-computation(A) 85 45 29 79 58 44
AIPTW(A) 80 53 45 4 59 52
PENCOMP(A) 80 49 36 74 56 45
IPTW(A) 100 100 100 100 100 100
g-computation(B) 233 678 518 151 468 427
AIPTW(B) 81 90 o4 9 94 o4
PENCOMP(B) 85 59 50 92 88 96
IPTW(C) 238 711 581 153 513 512
g-computation(A) 85 45 29 79 58 44
ATPTW(C) 80 45 30 74 54 42
PENCOMP(C) 80 45 30 74 54 42
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Table 15: Empirical 95% non-coverage rate*100 (nominal noncoverage of 5), under (A)
correctly-specified propensity and prediction models; (B) a correctly-specified propensity
model only; (C) a correctly-specified prediction model only, based on 1000 simulations with
sample size of 1000.

A=EYY) - EYY)
100 * 95% Non-coverage Rate

Linear Outcome NonLinear Outcome

Method Low Mod High Low Mod High
IPTW(A) 5 6 12 4 6 6
g-computation(A) 6 5 5 6 5 5
AIPTW(A) 5 5 6 5 6 6
PENCOMP(A) 5 5 4 5 5 5
IPTW(A) 5 6 12 4 6 6
g-computation(B) 26 100 100 12 100 100
AIPTW(B) 4 7 13 6 6 6
PENCOMP(B) 1 1 2 3 4 8
IPTW(C) 24 100 100 11 100 100
g-computation(A) 6 5 5 6 5 5
ATPTW(C) 5 5 6 5 5 5
PENCOMP(C) 5 4 4 5 5 5
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Table 16: 100 * Ratio of empirical mean 95% confidence interval width to that of IPTW
(A), denoted as mean 95% interval width/mean 95% interval width IPTW(A), under (A)
correctly-specified propensity and prediction models; (B) a correctly-specified propensity
model only; (C) a correctly-specified prediction model only, based on 1000 simulations with
sample size of 1000.

A=EY"-EY")
100 * mean 95% interval width/mean 95% interval width IPTW(A)

Linear Outcome NonLinear Outcome

Method Low Mod High Low Mod High
IPTW(A) 100 100 100 100 100 100
g-computation(A) 88 54 36 79 63 51
AIPTW(A) 81 59 50 74 63 57
PENCOMP(A) 82 60 49 74 63 56
IPTW(A) 100 100 100 100 100 100
g-computation(B) 144 83 54 118 103 &4
ATPTW(B) 82 87 90 95 95 95
PENCOMP(B) 119 90 79 105 106 106
IPTW(C) 152 99 69 120 113 98
g-computation(A) 88 54 36 79 63 51
ATPTW(C) 81 52 37 74 60 50
PENCOMP(C) 81 54 39 74 61 51

23



é ¢ iz T T e z ¢ z T z ¢ I- 0 z 0 I I (D)dINOONHAJ
z ¢ ¢ 0 I I 0- 0 0 e z ¢ 0- 0 I I- 0 0 (O)MLATV
z ¢ ¢ I I z 0 1 I I e e 0 1 e 0- T I (v)uonreinduioo-3
113~ 80~ €6- S8FI- GIT- LS~ €6 8¢ 61 1G3- 6L1- €8 €61- 09T- 98 00T 78 GC (D)MILAI
G I- A 6- T 0 el ¢ I I 6 8 I 8 G I (d)dINOONAJ
v 0 I- 0 @ ¢ 6-  6- 8 ¢ z I €1- ¢ & z - ¥ (DMLY
¢ L~ 8 G €8 €9- 09~ 09~ TG - ¢ L- GG €G- 6L~ I1-  FE-  F9- (g)uoneindwod-3
z- ¢ ) z I I 9 I- G 9 G- 9z 0 8 LT (V)MLdI
é ¢ iz T e e ¢ ¢ z e z ¢ I z z I T I (V)dINOONHAJ
z é ¢ i 0 I 0- 0 0 I I z ¢- I I I- 0 0 (V)MLAIV
é ¢ ¢ T T e 0 T T T z z 0 I é 0- I 1 (vy)uorpenduoo-3
z- ¢ ) é I I 9 I- g 9 G- 9z 0 8 LT (V)MLAI
USIH PON MOT USIiH PON MO UYSIH PON MOT  USIH POy MOT UYSIH PON MO UYSIH POy Mo POURIN
54 OHQ :q Hoq 94 :q
QUWIODIN() TRAUIUON QuWIOON() IBIUIT

(V)MLJI ASINY / serg reotuduy 4 00T

"APA1300dsa1 (26701 ‘69°2T ‘T1€°Ge) olom (10y7 01y ‘TTyy) ‘[opoul oWOIINO IROUIUOU
o) Iopu) ‘A[AI0adsol ‘(GF 0T ‘AT 1T ‘G gg) olom (10y ‘OIyy ‘TIyy) ‘[opouwl aWODINO IesUl] oY) Iopu() "(0g JO ozIs ojdures yjim
SUOTYRNWIS ())G UO Paseq ‘A[uo [ppowr uororpaid paygmweds-A[1001100 ' (1)) :ATuo [epouwr Apsuadord peyeds-A[30e1100 ® ()
‘spepowr wonorpald pue Apsuedord peyreads-A[10a1100 (V) Jepun ‘(y) MILJI JO ASINY Ieao seiq reotrdwry . 00T AT °[qRL

24



LG 1€ 143 LE Gc 6€ 8¢ 09 €g LG 0¢ €€ Ve 6¢ 9¥ ov 145 LS (D)dINOONAJ

2 1¢ Te € 9z Ov 69 19  €¢ lz 0¢ € g LT Sy OF IS .G (D)MLATV
XA A ¢ 1 € 68 L& 69 €S Z0¢  ¥e 1z 9z < IF  7¢ 8¢ (v)uorpemduwon-§
g6 98¢ SPT  €ST 8T  OIT 68T 18T S0T LLT €1 68T 002 ST  OVT  SIT 91T 16 (D)MLAI
Z9 79 19 s OF IS <8 9L 69 o ¥ € 16 v 0%  9G  €9 €9 () dINOONAJ
¢, 8. I8 8. T, ¥. < ¥8 8 66 9 99 0L S¥  F9  FG S9 1L () MLV
60 6. I8 66 16 88 F8 G €6 29  S¢9 0L €9 L9 €I <& 08 ¢coT (g)uorrendumoo-3
00T 00T 00T 00T 00T 00T 00T 00T 00T 00T 00T 00T 00T 00T 00T 00T 00T 00T (V)MLdI
g 1¢ Te € ¥ 68 69 19  €¢ 1z 0¢ ee LT 6C 9% IF TS 8¢ (V)dINOONAd
1z 1¢ €e ST 0¢ OF 09 79  €¢ 8 0¢ € 8 I1& 9y IF TG 99 (V)MLAIV
12 Te ¥e 1tz € 68 LG 68 €¢ 2 0¢  ¥e 1z 9¢ Sv  IF  gg 8¢ (V)uworpenduoo-§
00T 00T 00T 00T 00T 00T 00T 00T 00T 00T 00T 00T 00T 00T 00T 00T 00T 00T (V)MLdI
USIH PON MOT USIiH PON MO UYSIH PON MO USiH POy MO UYSIH PON MO UYSIH POy Mo POUIRIN
54 OHQ :4 Hoq 94 :q
QWIODIN() TLRAUIUON QuWI00IN() IBIUIT

(V)MILJI ASINY / ASINY % 001

00 Jo oz1s ojdures yirm SUOIR[NUIS ())G UO pase(q ‘ATuo [opouwr uorjorpad
poyads-A[3001100 ' () (A[uo [ppowt Ajsuadoid pagods-A[3001100 ® () :s[opowt uorjorpaxd pue Aysuadolrd payroads-A[3001100
(V) opun *((V) MLADISING/TSNH. « 00T $¢ pojouop (V) LI Jo ASINY 03 IS [eotidumo jo oref 00T 8T oIq®L

25



4 I 4 4 4 z ¢ ¢ ¢ é z z I I T ¢ ¢ i (D)dINOONAJ
¢ ¢ G L 9 g 8 8 g G ¢ i 9 i G ) 9 9 (D)MLATV
s i G 9 9 G 8 L G i e G 9 9 G ) L 9 (v)uoremduon-g
88 ¢ FT  ¥6 €. 0g €I L 01 08 g II € 69 ST 68 9T 9 (D)MILAI
0 0 0 I I I e z z 0 0 0 0 0 0 0 I z () dINOONAJ
9 G ¢ g 0 6 6 01 II G 9 g G 9 G i L G (DMLY
g 9 ¢ ¢ 99 gt 8T 0% ST 9 9 ¢ 98 V¢ 0T 8 0T <1 (g)uoneinduoo-3
id G 9 v 0e 11T o 01 II 9 id 9 6z ST id 8 L 9 (V)MLdI
T I T T I z ¢ i i T I z I I z z ¢ v (V)dINOONAJ
iz i i ¢ G 9 L 8 G i id G ¢ iz G 9 8 G (V)MLAIV
i i G 9 9 G 8 L g i i g 9 9 G 8 L 9 (vy)uoryenduwoo-9
i G 9 W 08¢ IT OT 0T II 9 i 9 6¢ ST iz 8 L 9 (V)MILAI
USIH PON MOT USIiH PON MO UYSIH PON MO USiH POy MO UYSIH PON MO UYSIH POy Mo POUIRIN
54 OHQ :4 Hoq 94 :q
QUIONIN() IRDUI[UON QUIODIN() TROUI|

99vY] 98RISA0D-TON %C6 4 00T

"00¢ Jo azis o[dures yim suorye[nuuis ()()g
uo peseq ‘ATuo ppowr uororpaxd pagweds-A3001100 ® (1)) ‘Ao [ppouwr Aysuodord poyroeds-A[3001100 e () ‘s[opouwr uororpaid
pue Aysuadord peygmads -A[3001100 () Iopun ‘(G JO 98RISAODUOU [RUIWION) ()()T 4238l 98RISA0D-UOU 04G6 [eolduy 6T S[qR],

26



8¢ 0¥ 8¢  ¢OT 9¢ 5 69 CL 99 6€ 6€ 6€ 19 8¢ ¥S 67 L9 €9 (D)dINOONAJ

o¢c 1¢ Ie  SF T v 8¢ 79 19 e ge e € ve ¢ I 6V LS (D)MLATV
o0¢ ¢ € IF L& GF  <¢G 8¢ 8¢ e 1e  ve  ge e sy ov sy L6 (v)uoneindwoo-3
6 €T 90T €9 G, TOT @0l L0T GOT 8 90T 0T 6L 88 €T 99 08 06 (D)MLAI
8 66 68 8¢¢ GE€T €6 TLT 61T  FOI 8, ¢ 19 I6T 8T ¥. 80T @6 €8 () dINOONAJ
¢, 9, 6. L8 8. 8. 98 ¥8 I8 O 19 %9 8 19 99 09 €9 @l () MLV
gL 9L 6L 6% 8¢ 7L L9 WL 18 €9 F9 19 G5 .6 gL 95 99 6L (g)uorrendumoo-3
00T 00T 00T 00T 00T 00T 00T 00T 00T 00T 00T 00T 00T 00T 00T 00T 00T 00T (V)MLdI
8¢ OV 8¢ 98 6% €5 €L €L 99 o Oy 68 16 ¢9 € 95 8¢ €9 (V)dINOONAd
0¢ I1& Ze 0eT I¢ Ly 19 €9 19 e ge e 8L OF 9% v 6% LS (V)MLAIV
0¢ Te € IF L& Gy GG 8¢ 8¢ e 1e ve  ge e ¢y o 8y LS (v)uonmeindwoo-S
00T 00T 00T 00T 00T 00T 00T 00T 00T 00T 00T 00T 00T 00T 00T 00T 00T 00T (V)MLdI
USIH PON MOT USIiH PON MO UYSIH PON MO USiH POy MO UYSIH PON MO UYSIH POy Mo POUIRIN
54 OHQ :4 Hoq 94 :q
QUIONIN() IRDUI[UON QUIODIN() TROUI|

(V)MILJI YIPIA [RAISIUT %GE Teatl / [IPIM [RAISIUT 0/ GG UeaW ,, ()T

"00% Jo oz1s o[dures iIm SUOIJRINUWIIS (J)G UO pase( ‘ATuo [ppowr uororpald payads-A[3001100 € ()
‘Aquo epowr Apsuedord peyroads-AT1001100 & () ‘sfopour uorporpaxd pue Aysusdord paygmwads-A[3001100 () Iepun ‘(y) M LI JO

YeT)/ AP [RATOIUT 04 G6 Weatt S8 Pajotap ‘() ML JO ¥eU) 0F [IPIA [BAIDJUT 9DUSPYUOD %,G6 [@1IdUd JO 01Ye, 00T 07 2191,

27



0 0- 0 I 0 z ¢ ¢ ¢ I- - I I 0- T T I ¢ (D)dINOONAJ
I 0 0 0 0- I I I I 0 - I- I 0 I T I T (D)MILAIV
I I I 0 0 I I I e 0 0- 0 I 0 I I I ¢ (vy)uorpenduwoo-3
99v- 9z¢- LGT- LGT- TIPI- TI1- S€T 88  6F TeF- 68¢- SPI- 92~ CS0%- SS1-  9FT L1 66 (D)MILAI
iz 0- I 6- L~ ¢ - 0 I 0 0 L 9 I 9 G ¢ () dINODONAJ
L ¢ ¢ G- VI- G 7~ - 0 T 0- 0 9- ¢ e I 0 0 (DMLY
0T  0I- O0I- T10T- ¥0T- AI1- @l 18  LL- gr-  ¥I-  ¥I- L9-  GL- ge€I-  8I- 19~ ¢o0I- (g)uorreinduoo-3
- ¢ ¢ I 91~ 9 0 0 ¢ ¢ ¢ Te LT 9 0 ¢ (V)MLdI
0 0- 0 0 0 z ¢ ¢ ¢ I- - I 0- I- I I I ¢ (V)dINOONAJ
I 0 0 I 0 I I I I 0- - 1 I 0 I I 0 I (V)MLAIV
I I I 0 0 I I I z 0 0- 0 I 0 T I T ¢ (v)uorpenduon-g
I- e- e Ie- 9I- 9 0- 0 z G- G- ¢ I LT 9 z 0- ¢ (V)MLAI
USIH PON MOT USI PON MOT YUSIH PO MO ST PON MOT T[S PO MOT YUSI PO MO POYRIN
54 Sq :q Hoq 34 :q
@EOU@SO M@@E:QOZ @EOU@SO Mﬁ@ﬁﬁH

(V)MILAI ASINY / serg reotnduy , 00T

‘Apea1)0edsar (L6701 ‘6921 ‘TE'Gg) olom (10y7 ‘0Iyy ‘Tlyy7) ‘[opOouW SUI0DINO IRIUI[UOU

o) ITopu() ‘AA1dadsal ‘(GF 0T ‘LT 1T ‘CE¢g) otom (0% 01y ‘TIyy) ‘[@pOoul aWI0D)NO IRJUI[ 9Y) Iopu() "()OG JO 9zIs o[dures [iim
suorye[MWIS ()OO UO paseq ‘ATuo [ppowr uororpaid peyads-A[3001100 ® () ‘A[uo ppowr Apsuadoid peyreds-A[10a1100 & ({)

sspepour wonjorpard pue Apsuadord pagads-A[30e1100 () Iepun ‘() MIJI JO ASINY Ioao serq eoundwsy o 00T :1¢ ORI

28



6¢ 0€ 143 g1 81 9% 1¢ ¢S 24 0€ 0¢ €€ LT GG 9y 53 97 84 (D)dINOONAJ

6z 0¢ ¢ 9T 0 VW & VG  qg o0 0¢ Fe 9T 1¢ 9% 98¢ LV 8¢ (D)MLATV
ze € 9 T L1 € 6V 09  g¢ z¢ e 9¢ 9T 1z sy 9¢ 8y 19 (vy)uorpendwoo-3
¢y The 88T  6ST  LPT 6FT  FLT  OFT 0TI VW 01¢ €8T  0¢¢  ¥Ic ¥6T  8GT  IST  ITIT (D)MLAI
66 9¢ ¢¢  OF € VG FL 99 L9 VW oIF v 68 €8 8%  LF GG 19 () dINOONAJ
9, € S, 8 9. 6. 98 08 €8 8 L6 79 OF Ty %9 6V 6% CL () MLV
gL 6L 6L V0T 60T 9T T6 €01 60T 19 € 0. 7. € e 0% g8 g1 (g uoneindwoo-3
00T 00T 00T 00T 00T 00T 00T 00T 00T 00T 00T 00T 00T 00T 00T 00T 00T 00T (V)MLdI
o¢ T1¢ T¢ ST 61 € IS TG Ve 0¢ 0¢ € 61 € 9% 9¢  L¥ 8¢ (V)dINOONAd
o¢ 1&g S 1¢ W ¥S 6% 9¢ o0¢  0¢ ¥e& € € 9y 98¢ LV 8¢ (V)MLAIV
ge  €e 9 T LT € 6V 09  g¢ ge e 9¢ 9T Ig¢ 8 9¢ 8y 19 (vy)uoreindwoo-3
00T 00T 00T 00T 00T 00T 00T 00T 00T 00T 00T 00T 00T 00T 00T 00T 00T 00T (V)MLdI
USIH PON MOT USIiH PON MO UYSIH PON MO USiH POy MO UYSIH PON MO UYSIH POy Mo POUIRIN
54 OHQ :4 Hoq 94 :q
QUIONIN() IRDUI[UON QUIODIN() TROUI|

(V)MILJI ASINY / ASINY % 001

"00G Jo oz1s odures Yim SUOIIR[NWIS ()OO UO poaseq ‘Auo [ppowr uorjorpard
poyads-A[3001100 ' () (A[uo [ppowt Ajsuadoid pagods-A[3001100 ® () :s[opowt uorjorpaxd pue Aysuadolrd payroads-A[3001100
(V) opun *((V) MLADISING/TSNH. « 00T $¢ pojoudp (V) LI Jo ASINY 03 IS [eoridumo jo onef 00T 1¢g o198l

29



G G 9 iz iz i G g g iz iz g ¢ iz i G i G (D)dINOONAJ
9 9 9 9 9 g 8 ) 9 9 g 9 9 9 g 6 9 9 (D)MLATV
9 G G 9 9 9 L L 9 9 G 9 9 9 9 8 L 9 (v)uoremduon-g
00T 68 ¥& 8 L8 6 8¢ 1T 9 66 08 62 00T 16 08 ¥8  OF 6 (D)MILAI
I I I ¢ ¢ é e ¢ id I I 0 e z z z z z () dINOONAJ
9 G AN § o 8 8 ) ) G g i 6 8 9 ) 9 9 (DMLY
i 9 v 66 16 v 6¢ 1€ T iz 9 ¢ 0L 9¢ TF 8 ¢I 9z (g)uoneinduoo-3
G 9 ¢ ¥ sz 6 8 8 8 9 9 ¢ 62 ST 9 9 9 G (V)MLdI
g g G iz i i G g g G iz g ¢ i g G id i (V)dINOONAd
9 9 9 iz 9 G L L 9 9 9 9 i 9 9 8 9 9 (V)MLAIV
9 g G 9 9 9 L L 9 9 g 9 9 9 9 8 L 9 (vy)uorpenduron-§
G 9 S 6 8 8 8 9 9 ¢ 6 ST 9 9 9 G (V)MILAI
USIH PON MOT USIiH PON MO UYSIH PON MO USiH POy MO UYSIH PON MO UYSIH POy Mo POUIRIN
54 OHQ :4 Hoq 94 :q
QUIONIN() IRDUI[UON QUIODIN() TROUI|

99vY] 98RISA0D-TON %C6 4 00T

"00G Jo oz1s djdures Y suoTIRINUIS (0T
uo peseq ‘ATuo ppowr uororpaxd pagweds-A3001100 ® (1)) ‘Ao [ppouwr Aysuodord poyroeds-A[3001100 e () ‘s[opouwr uororpaid
pue Aysuadord peygmads -A[3001100 () Iopun ‘(G JO 98RISAODUOU [RUIWIOU) ()()T42Fel 98RISA0D-UOU 04G6 [eoLIdWy :¢g o[qR],

30



1€ (43 €€ €€ (43 Ly (4Y) €9 19 (43 (43 53 (43 28 67 eV €¢ 19 (D)dINOONAJ

6z 1¢ € ge Ie v 8¢ 09 69 o¢ Te ¥e 9%  6C LV 8¢ 6V 69 (O)MILAIV
¢ €  9¢ 8 8¢ GF VG 9% 8¢ g¢  Te 9¢ 9z 6 8¢ 8¢ 6F 09 (v)uonemndwoo-3
6 ¢TI 80T 8y €9 00T 90T 60T 60T 00T 0T SOT €9 6L SIT 79 08 6 (D)MILAI
8, 6L L. 1gT 1. 1L TIT 68 8 66 LG ¢ 98 ¢ 09 0L WL &L () dINOONAJ
9, 6. 08 08 9. 6. L8 ¥8 I8 66 65 F9 8 I¢ 99 € g9 €L () MLV
VL LL €8 ¥ L €L ¢9  IL 18 €9 €9 0L WP 6V G. € 19 €8 (g)uorendumoo-3
00T 00T 00T 00T 00T 00T 00T 00T 00T 00T 00T 00T 00T 00T 00T 00T 00T 00T (V)MILAI
e € € 9¢ e LF 79 €9 19 ge e ve oy ¢e 6V W €5 19 (V)dINOONAd
6z 1¢ € 65 ¥e 9F 65 19 69 0 1¢  ¥E w e L 68 6V 69 (V)MLAIV
e € 9¢ 8 8 SF  ¥S 9% 8¢ ge e 9¢ 9z 6 Sy 8¢ 6V 09 (y)uorenduwoo-3
00T 00T 00T 00T 00T 00T 00T 00T 00T 00T 00T 00T 00T 00T 00T 00T 00T 00T (V)MILAI
USIH PON MOT USIiH PON MO UYSIH PON MO USiH POy MO UYSIH PON MO UYSIH POy Mo POUIRIN
54 OHQ :4 Hoq 94 :q
QUIONIN() IRDUI[UON QUIODIN() TROUI|

(V)MILJI YIPIA [RAISIUT %GE Teatl / [IPIM [RAISIUT 0/ GG UeaW ,, ()T

"00¢ Jo oz1s o[dures 3Im suorjenUIs (J))] UO paseq ‘A[uo [ppour uororpaxd peymnods-A]3001100 ® ()
‘Aquo epowr Apsuedord peyroads-AT1001100 & () ‘sfopour uorporpaxd pue Aysusdord paygmwads-A[3001100 () Iepun ‘(y) M LI JO

YeT)/ AP [RATOIUT 04 G6 ot S8 Pajotap ‘() ML JO 1o 0F [IPIA [BAIDJUT 9DUSPYUOD %G [@1IdUd JO 01ye, 00T ¥Z OIqR],

31



I- I- 0 I I z G G i - e T I I z ¢ G G (D)dINODONHJ
0-  I- T T T z ¢ i ¢ - T 1 I I ¢ ¢ G G (D)MLAIV
T T z T z ¢ ¢ ¢ ¢ I- - 0 T z i ¢ 9 9 (v)uorpeinduron-§
0L9- L9V~ Sgg- 102~ 0Ig- ¢bl- 60T €I 1L G8G-  GOF- L0Z- 962~ 90€- €02~ S0Z  T6T  FS (D)M LI
0- ¢ ¢ L~ G e ¢ I - e g 01T z 8 i i () dINODNHJ
A SR SEEE ¢ AN SR 0 I I A S ¢ T I L e T (DMLAIV
6T  €I- LI- T€I- 2GI- 9GI- LOT- 0ZI- 91I- pI-  8I- ¢Z- L8 OII- ¢8I- Gg- 9L~ 9F1- (g)uonyeindumoo-3
I ¢ I 8¢ 61 I 4 I ¢ I z  1- ¥ ¥I- G 9 0 ¢ (V)MLAI
I- I- 0 I I z i G i - e T I I z ¢ G G (V)dINODNAd
0 I- I I I z i i ¢ - I I z z ¢ G G (V)MILAIV
T I 4 I z ¢ ¢ ¢ ¢ - I- 0 T z i ¢ 9 9 (y)uoryeynduoo-9
I ¢ I 8¢ 61~ I 4 I & I z  1- ¥ ¥I- G 9 0 ¢ (V)MLdI
USTH PON MOT YUSTH PON M0T USIH PO MOT  USIH PON MOT USIH PO MOT USH PO MO POUIPIN
Hoq oﬁq :4 54 94 :4

32

QUWIOIIN() IBIUI[UON QuWIOIIN() IevUIT

(V) MLAI ASINY / serq reotndwy . 00T

‘Apea1yoedsar (L6701 ‘6921 ‘TE Gg) olom (10y ‘0Iyy ‘Tlyy) ‘[opOouW SUI0DINO IRIUI[UOU
o) Iopu[) ‘A[PA1dadsal ‘(GF 0T ‘AT°TT ‘Ge'gg) olem (10y 0Ty ‘Tlyy) ‘[epoul awI00INo Ieaul] 8y) Iopu() (00T Jo ozIs sjdures yiim
SuoIR[NWIS ())G UO Paseq ‘A[uo [ppowr uoroipaid paygmeds-A[30e1100 ' () :Auo [epouwr Ajpsuadord peyeds-A[3001100 © ()
‘sfopowr wonorpaid pue Apsuedord peyeds-A[10e1100 (V) topun ‘(y) M.LJI JO ASINY Ieao seiq reotrdwy o 00T :GZ °[qRL



0¢ 1€ 145 V1 0¢ 4 L4 LS LS 6¢ 0¢ 43 91 14 67 LE 145 09 (D)dINOONAJ

e ¢e e ST gt WP 65 09 6% 0¢ Te ¥e 9T  ¥& 6V L& IS¢ 19 (D)MLATV
9¢ 8¢ ¥ €1 0 ¥ 8¢ 8¢ 19 e¢¢e ¢e  OF 9T ¥& 6V OoF 9% L9 (vy)uorpendwoo-3
119 08V €S¢  ¢0c SI¢ TLT  L€¢  WLT 8@l G6¢  Teh 98¢ 86¢  €I€ Ve €1¢ 60T Vel (D)MILAI
19 8 09 8¢ & €5 € 1L 0L ¢ 66 Ty 9¢  FE IS 8% 09 19 () dINOONAJ
€8 8L € 8. G, L. WOI 98 €8 66 8¢ 99 L& I¥ 89 ¥ €9 TL () MLV
6L 08 ¢6 ¢&T 19T OLT gl OFT €71 29 G9 8L I6 LIT 16T 9% 90T 1.1 (g)uorreindumoo-3
00T 00T 00T 00T 00T 00T 00T 00T 00T 00T 00T 00T 00T 00T 00T 00T 00T 00T (V)MILAI
oc 1¢ Te ¥T 1e VW LG 8% LG 0¢  0¢ Fe& 8T ¥¢ 6F L& ¢S 09 (V)dINOONAd
0 1¢ & 12 € ¥ 09 09 65 o¢ 1e ¥e gtz 9% Sy 8¢ & 19 (V)MLAIV
9¢ 8¢ ¥ €T 0 VW 8¢ 8¢ 19 e¢¢ ¢e  Ov 9T F&¢  6F  OF 9% L9 (y)uonpeinduoo-3
00T 00T 00T 00T 00T 00T 00T 00T 00T 00T 00T 00T 00T 00T 00T 00T 00T 00T (V)MILAI
USIH PON MOT USIiH PON MO UYSIH PON MO USiH POy MO UYSIH PON MO UYSIH POy Mo POUIRIN
54 OHQ :4 Hoq 94 :q
QUIONIN() IRDUI[UON QUIODIN() TROUI|

(V)MILJI ASINY / ASINY % 001

00071 Jo ozts ojdures [jIm SUOIJRINWIS ())G UO pase( ‘Auo [ppour uorjorpard
poyads-A[3001100 ' () (A[uo [ppowt Ajsuadoid pagods-A[3001100 ® () :s[opowt uorjorpaxd pue Aysuadolrd payroads-A[3001100
(V) opun *((V) MLADISINE/TSNH. « 00T $¢ pojouop (V) LI Jo ASINY 03 IS [eoridumo jo onef 00T 95 o1qRL

33



iz ¢ iz G 9 ) 9 9 ) iz iz i 9 G 9 9 9 L (D)dINOONAJ
g i G 8 8 ) 6 8 8 G g g 8 L 9 6 8 8 (D)MLATV
9 G L 9 9 L 6 8 8 L 9 9 8 G G 6 6 g (v)uorpemduon-g
00T 86 25 00T 96 68 8¢  €¢ ) 00T .6 9% 00T 8 ¥F 86  F¥L LI (D)MILAI
T z é 9 i i G G G I I I i ¢ iz G ¢ i () dINOONAJ
9 G ¢ L& 0z L 0T ) 9 9 9 g 6 L 9 8 9 L (DMLY
9 g ¢ 00T 00T %9 SF  0G  €€ G 9 9 ¥ 18 69 1T ¢ 17 (g)uorendumoo-3
G i ¢ 9¢ Iz L 8 8 ) 9 G ¢ 9z Tl id 6 G L (V)MLdI
iz ¢ i 9 9 ) L ) ) iz iz iz i i ) ) L L (V)dINOONAd
iz i i 9 8 L 6 8 ) 9 G G 8 8 G 6 8 8 (V)MLAIV
9 g L 9 9 ) 6 ) ] L 9 9 8 G g 6 6 g  (y)uonpenduoo-3
G i ¢ 9¢  IC ) 8 8 ) 9 g ¢ 9z Tl iz 6 G L (V)MILAI
USIH PON MOT USIiH PON MO UYSIH PON MO USiH POy MO UYSIH PON MO UYSIH POy Mo POUIRIN
54 OHQ :4 Hoq 94 :q
QUIONIN() IRDUI[UON QUIODIN() TROUI|

99vY] 98RISA0D-TON %C6 4 00T

"000T Jo 971s djdures yjim suorewIs )G
uo peseq ‘ATuo ppowr uororpaxd pagweds-A3001100 ® (1)) ‘Ao [ppouwr Aysuodord poyroeds-A[3001100 e () ‘s[opouwr uororpaid
pue Aysuadord peaygmads -A[3001100 () Iopun ‘(G JO 98RISAODUOU [RUIWION) ()()T 4238l 98RISA0D-UOU 04G6 [eoLduwy :Lg o[qR],

34



0¢ 1€ €€ 5 LC 97 09 a9 69 0€ 1€ 28 4 6¢ 8 ov 145 19 (D)dINOONAJ

6z 1¢ € 9z 6 9y 8¢ 09 8¢ 0¢  0¢ € gt Ll v L& 6V 09 (O)MILAIV
ve L& 68 € 92 9y  ¢¢ 16 8¢ e¢ ve 8¢ gt L 1€ 68 16 €9 (v)uonemdwoo-3
g6 ¢OT 80T  OF 62 00T 80T OIT 60T 00T 90T 80T ¢ %L SIT 09 08 6 (D)MLAI
gL ®WL 7L 88 ¥ 19 20l €8 LL ¢ 16 ¢ 9 9y  ¥S 19 89 1L () dINOONAJ
8. 9L 08 6L S 6. € L8 I8 66 8¢ F9 6F 8y 99 IG¢ 19 VL () MLV
9., 6. S8 9¢ v T, 99 1. T8 €9 9 1L 8 Sy L. g¢ 89 98 (g)uorreindumoo-3
00T 00T 00T 00T 00T 00T 00T 00T 00T 00T 00T 00T 00T 00T 00T 00T 00T 00T (V)MLdI
o0¢ T1¢ € 9z 8¢ 9y 19 79 69 o0 1¢ ¥¢ 6 66 8y IF IS¢ 19 (V)dINOONAd
6z 1¢ € 9¢ 6 9y 09 19 69 0¢  0¢ € 08 6C LV 8¢ 6V 09 (V)MLAIV
Ve L¢ 68 € 9% 9F  ¢G 16 8¢ e¢ e 8¢ gt Lo 1¢ 6 1¢ €9 (vy)uorpendumoo-3
00T 00T 00T 00T 00T 00T 00T 00T 00T 00T 00T 00T 00T 00T 00T 00T 00T 00T (V)MLdI
USIH PON MOT USIiH PON MO UYSIH PON MO USiH POy MO UYSIH PON MO UYSIH POy Mo POUIRIN
54 OHQ :4 Hoq 94 :q
QUIONIN() IRDUI[UON QUIODIN() TROUI|

(V)MILJI YIPIA [RAISIUT %GE Teatl / [IPIM [RAISIUT 0/ GG UeaW ,, ()T

0007 Jo ozIs o[dures IIm SUOIje[NWIS ())G UO poseq ‘AJuo [ppour uororpaxd peymods-A]3001100 ® ()
‘Aquo epowr Apsuedord peyroads-AT1001100 & () ‘sfopour uorporpaxd pue Aysusdord paygmwads-A[3001100 () Iepun ‘(y) M LI JO

YeT)/ AP [RATOIUT 04 G6 ot S8 Pajotap ‘() ML JO ¥eU) 0F [IPIA [BAIDJUT 9DUSPYUOD %G [@LIAUId JO 01ye, 00T 87 1G],

35



4 Supplemental Table from Application

Table 29: The number of subjects with observed treatment regimen (1, 1), (1,0), (0, 1), and
(0,0), denoted as noll, nol0, no01, and no00, respectively in each three-visit window, as
well as the number of subjects kept in the estimation of A1y, Ajg, and Agg, after trimming,
denoted as no Ay, no Ay, and no Ag, respectively. The total is the total number of
subjects with complete data on blood count measures considered in the models in each

window.

sample size observed

sample size after trimming

Window noll nol0 no0l no0O0 no Aj; no Ay no Ay Total
Windowl 88 11 82 638 772 731 770 819
Window2 138 16 88 620 770 794 785 862
Window3 178 23 76 550 635 700 721 827
Window4 160 42 134 352 612 459 603 688
Window5 265 13 114 292 509 458 518 684
Window6 390 26 59 348 e 749 756 823
Window7? 401 13 41 322 694 648 686 e
Window® 397 12 43 299 717 655 564 751
Window9 389 14 30 281 541 518 544 714
Windowl0 373 14 48 245 516 462 476 680
Windowll 356 21 37 225 590 545 562 639
Windowl2 310 36 16 217 552 514 532 579
Windowl3 254 45 24 220 504 395 437 543
Windowl4 216 31 30 203 420 410 353 480
Windowl5 197 14 39 182 374 365 373 432

Table 30: Summary of the stabilized weights.

Stabilized Weights

Window Mean(SD) Minimum/Maximum
Windowl  1.091 (1.97)  0.1103 / 40.3
Window2  1.065 ( 3.20) 0.1026 / 91.5
Window3  6.160 ( 146.78 )  0.2010 / 4220.5
Window4  4.662 ( 83.11) 0.1391 / 2163.2
Window5  0.966 ( 1.11) 0.3274 / 15.2
Window6  2.378 ( 37.86 ) 0.4039 / 1083.5
Window7  3.052 ( 59.23 ) 0.1692 / 1651.0
Window8  23.893 ( 618.50 ) 0.1102 / 16949.0
Window9  4.085 ( 63.72) 0.2095 / 1541.6
Windowl0 6.937 ( 106.37 )  0.1468 / 2307.3
Windowll 1.586 ( 11.11) 0.2741 / 250.8
Windowl12 1.731 (12.57)  0.2944 / 266.1
Windowl3 1.336 ( 7.32) 0.1705 / 164.7
Windowl4 1.033 ( 1.67 ) 0.1935 / 17.6
Windowl5 1.046 ( 2.05 ) 0.2134 / 32.0
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Table 31: Summary of overlap proportions at both time points.

First Time Point Second Time Point

7095 70.95 7095 7095 7005 ;095
Windowl 81 40 73 86 89 51
Window2 60 38 63 96 83 45
Window3 50 37 41 96 86 38
Window4 36 28 34 42 69 39
Windowb 45 78 45 79 92 39
Window6 40 31 40 92 84 35
Window7 36 19 34 82 87 17
Window8 21 14 22 85 61 18
Window9 22 12 23 78 70 14
Windowl0 8 6 12 74 31 15
Windowll 27 19 33 79 62 21
Windowl2 38 25 40 67 o1 28
Windowl3 22 52 34 o7 73 49
Window14 42 51 38 85 52 57
Windowl5 32 51 34 96 82 41
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Figure 11: For each of the three-visit windows 1, --- , 15, the estimates and standard errors
(SE) of the treatment effects Aqy, Ajg, and Ag; of the four methods: PENCOMP, AIPTW,
IPTW, and Naive. Here 1st% and 99th% weight truncation was done for IPTW and
ATPTW. PENCOMP estimates were computed on the overlapping regions, as described in
Section 2.4. Since the propensity score distributions were very skewed for some windows,
restricting to the quantiles c(a, 1 — a) (for example a = 0.025) of the propensity score
distributions can significantly reduce the variances without changing the estimates much
(results not shown here). Note the estimands are different.
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