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Multiply Robust Weighted Generalized Estimating Equations for
Incomplete Longitudinal Binary Data Using Empirical Likelihood

In clinical trials, missing data may lead to serious misinterpretation of trial
results. To address this issue, it is important to collect post-randomization data
(such as efficacy measurement data and adverse event onset data). Such post-
randomization data are called auxiliary variables and they can be useful for
constructing missingness and imputation models. A multiply robust estimator
using an empirical likelihood method was previously proposed by Han and Wang
(2013) and Han (2014). However, that estimator was developed for cross-
sectional data and situations in which no auxiliary variables are missing. This is
contrary to actual clinical trial settings, in which some auxiliary variables will
invariably be missing. Consequently, to apply Han’s method to longitudinal data,
missing auxiliary variables need to be imputed. This paper proposes a new
method that extends Han’s method to a longitudinal outcome model by applying
weighted generalized estimating equations with new weights. Monte Carlo
simulations of a repeated binary response with missing at random dropouts
demonstrated that the proposed estimator is multiply robust and exhibits better
performance than that of augmented inverse probability weighted complete-case
estimating equations under several simulation scenarios. We also successfully

applied the proposed method to plaque psoriasis study data.

Keywords: auxiliary variables; imputation model; missing at random; Monte

Carlo simulation; plaque psoriasis



1 Introduction

Consider a randomized, placebo-controlled, double-blind, parallel-group, phase III trial
that collects longitudinal data and assesses the drug efficacy at a planned last time point.
The estimand is the adjusted odds ratio between the improvement proportions of the
treatment groups when all participants complete the study, which corresponds to a
parameter of the treatment group in a fitted regression model. In such clinical trials,
some of the participants are lost to follow-up, resulting in missing primary endpoints. If
the missing data mechanism is missing at random (MAR) or missing not at random,
complete-case analysis may lead to a biased estimate of the treatment effect (Little and
Rubin 2002).

To address this issue, Han and Wang (2013) and Han (2014) proposed a
multiply robust estimator using an empirical likelihood (EL) method (Owen 2001). Han
and Wang (2013) and Han (2014) derived a weight based on the EL method and solved
the weighted estimating equations to obtain a multiply robust estimator. This method
has two advantages. First, it prevents the weight values from being extreme. In the
inverse probability weighting (IPW) method (Horvitz and Thomson 1952), the
probability of measurements being observed is modeled, and the complete-case data are
weighted by the inverse of that probability; however, this method has low estimation
efficiency, especially when the estimated probability of being observed is close to zero

(i.e., an extreme weight) (Kang and Schafer 2007). Second, the multiply robust



estimator allows multiple missingness and imputation models to mitigate the impact of
model misspecification; if a correct model is included among these models, the
treatment effect estimator is consistent. In the missingness and imputation models, post-
randomization data (e.g., an efficacy measurement and an onset of adverse event) are
sometimes included as explanatory variables, i.e., auxiliary variables. These variables
are possibly influenced by treatment, correlated with missingness on an outcome and/or
outcome itself, and improving efficiency (Mallinckrodt 2013). Han and Wang (2013)
and Han (2014) assumed the response variable to be a scalar and that all auxiliary
variables are observed. However, in actual clinical settings, some auxiliary variables are
usually missing.

In this paper, we propose a new method that extends Han’s method to a
longitudinal outcome model by applying weighted generalized estimating equations
(WGEE) with new weights. The resulting estimator is multiply robust, in the sense that
the treatment effect estimator is consistent if any one of the specified missingness or
imputation models is correct. Our method accounts for the within-subject correlation
structure of the repeated measurement. Thus, the proposed estimator achieves better
performance than that of Han in situations where some of the auxiliary variables are
missing (i.e., in coarsened longitudinal data analysis).

A few doubly robust methods for application to longitudinal data with dropout

have been proposed. Bang and Robins (2005) and Seaman and Copas (2009) proposed



an approach that uses augmented inverse probability weighted complete-case estimating
equations (AIPW). The estimator is constructed by the inverse probability weighted
GEE and augmentation term imputed with Paik’s imputation method (1997), and allows
the use of only one missingness model and one imputation model, thus achieving
double robustness. Others (Han et al. 2015; Han 2016) also proposed estimators using
the EL method, which considers longitudinal data with dropouts. The estimator
proposed by Han et al. (2015) is based on the numerical implementation of the
conditional EL method, and allows the use of only one missingness model and one
imputation model, thus achieving double robustness. The estimator proposed by Han
(2016) is based on a calibrating method for missingness probability using data from past
visits, and allows the use of only one missingness model and multiple imputation
models. When the missingness model is correctly specified, intrinsic efficiency is
guaranteed. However, the method targets estimation of a mean of a response at the end
of a longitudinal study instead of estimation of a parameter (such as a treatment effect);
thus, the estimator most recently proposed by Han (2016) was developed under different
conditions compared to Han and Wang (2013), Han (2014), and our proposed method.
The remainder of this paper is organized as follows. In Section 1.1, we describe
the plaque psoriasis trial used as a case study. In Section 2, we introduce the proposed
method and relevant notation. In Section 3, we outline Monte Carlo simulation studies

conducted to evaluate the performance of the proposed method. In Section 4, we



describe the application of the proposed method to the plaque psoriasis study data.

Finally, we provide a brief discussion and the conclusions of the study in Section 5.

1.1 Case Study

The efficacy and safety of the study drug M518101 were evaluated in a randomized,
placebo-controlled, double-blind, parallel-group, multi-center, phase III study in
participants with plaque psoriasis (registered at www.clinictrial.gov as NCT01878461).
Efficacy assessments were taken at baseline and Weeks 2, 4, 6, and 8. The primary
efficacy endpoint was the success rate based on the Investigator Global Assessment
(IGA) score at Week 8. The proportions of missing data at Week 8 were 14.5% (53/365)
and 13.0% (23/177) in the M518101 and placebo groups, respectively. If, for example,
only the participants who showed improvement completed the trial, the complete-case
analysis could be biased. In this study, because the estimand was the treatment effect
supposing that all subjects adhered to the treatment and completed the study, it was also

necessary to consider the influence of the dropout mechanism.

2 Methods

2.1 Notation

Let y;; denote the binary efficacy outcome of a participant i(= 1, ..., N) at a time point

j(=1,..,T),and ¥; = (¥4, ..., yir) T, where stochastic independence of y; ; and y; ;,



i1 # Iy, is assumed. Let X; and R;; denote the design variables (e.g., treatment, baseline
covariates) and the indicator variable of observing y;;, respectively. The post-
randomization data (i.e., auxiliary variables) are represented as Z;;, and Z; =

(Z it L j)T. To simplify an explanation, we assume that Z;; includes only y;;. If both
yij and Z;; are observed, R;; = 1; otherwise, R;; = 0. The situation is reasonable
because it is common that these data are observed simultaneously at each subject-visit.

We assume a monotone missing data pattern and R;; = 1. Thus, if R;; = 0, then Ry, =

0 (j < k). Let n; denote the number of observed measurements of participant i.

2.2 Models and Estimation

Let E(yl- il X i) = u;;(Bo) denote the outcome model with an arbitrary link function (e.g.,

logit link), where B, represents the u-dimensional coefficients of the mean regression
of y;; on X;. Our main interest is to estimate the parameter of the treatment effect at the
last visit of the longitudinal study (j=7). The proposed method allows multiple
missingness and imputation models, derives a weight including the multiple model
information based on the EL method, and then solves the empirical likelihood weighted
estimating equations for 8. Let B, denote the proposed estimator for 8. If any one of
the multiple models is correct, B can be consistently estimated. In this study, S

missingness models and K imputation models are considered, which correspond to



modeling P(R;; = 1|X;, Z; (j_1), @) fors = 1,..., Sand P(y;; = 1|1X;, Z; (j_1), ¥*)
fork =1, .., K, respectively, where a® and y* are the corresponding parameters.
Note that the imputation models can utilize the post-randomization data (i.e., auxiliary
variables Z i,(j—1)) and are specified at each time point; thus, they differ from the
outcome model u;;(B). In the proposed method, two types of (w)GEE for B, were
performed, other than B, , to derive an EL weight. Let 85,cgg and BX:; denote the

parameters of the (wW)GEE models. The parameters B5,cgp, Bagg, and B, are identical
for the correct missingness or imputation model. A detailed explanation of each model

can be found in Sections 2.3 and 2.4.

2.3 Missingness Model m;;j(a®) and wGEE Model p;;(By,cE)

For the missingness model, let visj (a®) denote the conditional probability of observing
yij being conditional on R; (j_1y = 1, X; and Z; (;_y), v{;(a°) = P(Ri]- =
1|Ri,(]-_1) = 1,Xl-,7i,(j_1), as) fors =1,..., S, and a set of multiple missingness
models as logit{v{;(a®)} = (a5)"X; + (a3)7Z; ;_1). We define P(R;; =
1|Xl-,7i,(j_1), as) = njj(a®) = vj;(@®) X ... X v{;(a@®) as the observation probability
fors =1,..., S (Fitzmaurice et al. 1995; Robins et al. 1995).

Using m;;(@°), the wGEE analysis (Robins et al. 1995) is performed. The

estimating equations for 83,cgg for s = 1, ..., S are as follows:



§5( as’ﬁ@GEE)ZZiM V) "W;cee Y — mi(Byycee)} = 0, (1)

9BwGEE

where p; (Bycee) = (i (Bicee), - Hir (Bucee)} s Wivges, = diag(Rij/ﬂfj(&s))jST

as a diagonal matrix factor, V; is the working covariance matrix of ¥; which is assumed

1 1
asV; = AZR(p)A;, where A; isa T X T diagonal matrix whose jth diagonal element is

the variance functions of y;; ([A?‘SNGEE), and R(p) is a T X T working correlation matrix
with p;; = 1 and pj;, as a correlation between time points j and j'. The predicted value
i j_l)(fif,vGEE) is used to derive a weight w;; (see Section 2.5). When the missingness

model includes y; (j_1) as Z i,(j—1)> @ Missing y; (;_yy is imputed with the predicted value

Hi,(j—1)(ﬁxs/vGEE)-

2.4 Imputation Model §;,4(v}y) and GEE Model p;;(Btg)

For the imputation model, to derive the expected value of y;; for each participant and

time point, we use the sequential imputation method of Paik (1997), in which it is

assumed that
E(vij|X0 Zi -1y Rij-1y = LRij = 0) = E(yij|1X0, Zj—1), Rij-1y = LRy = 1). (2)

Following equation (2), under the MAR assumption, a missing y;; can be imputed using

a regression model for E(yl-jIXi, Z-,(]-_l), Rij-1y = LRy = 1). This model is fitted to



Yij» which is either observed or has already been imputed. Because a monotone missing

data pattern is assumed, the maximum number of missing patterns is 7. As shown in

Figure 1, a T X T table is constructed, where the rows are the missing patterns and the

columns are the time points j. Each y;; is assigned to each cell, and the shaded cells are

missing y;;. Sequential imputation is performed as in the following procedure.

(1) As per equation (2), the missing data in the first diagonal cells (1,2), (2,3), ...,

2)

(T—1,T) are estimated using the observed data (i.e., E(yl-jIXi, Z-,(]-_l), Rij—1 =
LR = 1)). For the imputation of cell (2,3), for example, the data at time point
3, 1.e., cells (3,3), (4,3), ..., (T, 3), are used in the regression model. In the first
step, cell (1,3) is not imputed.

The missing data in the second diagonal cells (1,3), (2,4), ..., (T—2,7) cannot be
estimated directly because E(y;;|X;, Z; (j—2y, Ri(j-2 = 1, Ri(j—1) = 0) is not
equal to E(yl-jIXi,Z,(]-_l), Rij-1y =1L R = 1). If the imputed values of the
first diagonal are treated as observed ones, the missing data in the second
diagonal cells (1,3), (2,4), ..., (T—2,T) are estimated using the observed data and
the imputed values of the first diagonal in accordance with equation (2). For the
imputation of cell (1,3), for example, the data at time point 3, i.e., cells (2,3),

(3,3), ..., (T, 3), are used in the regression model.



(3) By imputing y;; with the observed or imputed data, this procedure is repeated

along the diagonals until all missing measurements have been imputed.

Let d)f‘jd (yfd) (k =1, .., K) denote a set of multiple outcome regression

models for estimating a predicted value of y;;,

¢la(Via) = P(yvij = UXi, Zi 1), ¥5a), 3)

where d(= 1, ..., D) is the notation for a diagonal pattern.

Using d)f‘jd (¥;ja)» the GEE analysis is also performed. The estimating equations

for Bk fork = 1,.., K are as follows:
-~ a{u;(BE ! (T
S*( Bée, yﬁd):x%’g;:)}(vi) Y - wi(BEe)} = 0, 4)

T « R . .
where ﬂi(ﬂléEE) = {Mil(BIéEE)' "".uiT(ﬁléEE)} Y= P, ---ryiT)T- The function

gk T _
> dnilBerr)} (Vl-)‘l{Yl- — ui(ﬂ'éEE)} can be decomposed into

OBGEE
Zi{S{-cl (B’(‘;EE, ?;-‘d)+. . +S§‘T(B’(‘;EE, ?jd)}, where SZ’ (B’(‘;EE, ?;-‘d) is an element of the
estimating function for each time point. A missing y;; is imputed using ¢;§d (]7%)
derived from equation (3); thus, the response variable is J;; = R;;y;; + (1 —
R; j)d)ll‘jd (]7%). Note that BE¢p is estimated as if the entire data were available, except

for the fact that missing y;; are replaced by d)ijd (?;-‘d). The estimate B differs from



Bicer, Which is estimated using information on missingness model r;; (a*). Thus,

B:,cer and BEgg are derived from different informations (i.e., missingness models and

imputation models). After BXpp is estimated, the function S¥ (ﬁ - ?fd =

oy (Ble))
dBEEE

V) MY — w;(Béee)} = S (BEee ¥ia) - +Sir(Ber, Via) is
calculated to derive a weight w;; (see Section 2.5). The response variables are replaced

by the expected value as ¥; = {)’71-1, d){‘w(]’?’z‘d), o Pk (?Td)}T. An observed value y;;
is replaced with y;;, which is the estimate of the expected value of y;; conditioned on
X;. In addition, each observed value y;; (for j=2,..., T) is replaced with d){‘jl ¥j1)s

which is derived from the imputation model described by equation (3) for the first

diagonal cell.

2.5 Derivation of Weight w;; Using EL Method

The proposed method assigns a weight w;; to each observation at all time points (using
the element-wise EL method) (Wang et al. 2010). To derive a weight w;; for the

proposed estimator, the following constraints are imposed:

N ng —
izlzj;lwij —l,Wi]' = 0,

i Z?il Wi gij(a'BGEE' Bwcees ?jd) =0, (%)



where §;; (@, Boee Bwees ¥ja) =

[n};@") — 6*(@", Bugee), -, 7 (@) —05(@S, BSgre),

R . _ = T
(8} (Btee Vi) — 8 Blee i)}, o (S5 (Blon 750) — € (Bl 7)) -

05(@, By,cee) = Xies 25'1:1 s (@s, BS,cee)/(NT), and
§“(Bter Vo) = ZiLa Xj=1 St (Bter. ¥/a)/ (NT).
The equation can be also described as follows:
M1 Z;}il Wij {nisj(as) —05(as, Bicrr)} =0(s=1,..., S),and

X1 Z?il Wij {SE(BI(_{;EE'?M) - ER(B}E;EE;)A’%)} =0(k=1,.., K).

When j = n; + 1, w;; is defined as zero. Vector g;; includes S functions for
missingness model 7;; (@) and K functions for GEE S;‘j (EEEE, )79‘61) ; 1.e., the missing
data are imputed using a set of K imputation models. Similar to Han (2014), our
proposed method employs the calibration method (Lumley et al. 2011). Calibration
weights are defined by matching the values of the calibration variables based on the
sampled participants to the corresponding known population values. In this setting,

n;;j(@°) and § i‘] (EEEE, ??d) play the role of calibration variables and their population

values 85 (@, B3,grr) and & (BEge, ]7%) are estimated by the unweighted sample



averages over all the participants at all the time points (j = 1, ..., 7). The weight
{Wij: i=1..,N,j=1,..,n } is a set of weights assigned to the biased sample
{yl- pi=1,.,Nj=1,.., ni}. Through equation (5), w;; corrects for the selection bias
so that certain population quantities may be consistently estimated based on the biased
sample. When a missingness model includes y; ;1 as Z; (j_1), the missing y; ;_y) are
imputed using ;¢ j_l)(f?f,vGEE) derived from equation (1) {)71',( -1 = Rig-nYig-1 +
(1- Ri,(j—l))ﬂi,(j—l)(B\SNGEE)}- Thus, the predicted value nfj(&s, B:,cee) is estimated
using Hi,j-1) (B\SNGEE)'

Letm=YN, Z]T-zl R;; denote the total number of observed measurements over
the time points. By maximizing [TV, l_[;.lil w;; subject to the constraints in equation (5)

using Lagrange multipliers, the following set of equations can be obtained:

W ==X : (6)
Yom T 1+427g(@Bcee BweeE P ja)

N YW ~ = (5 P o o\ _
L1t G (@ Boes Bwees, Pja) = 0,

ERN Zni 9ij@BGEE BwGEET ja) —0 7)
m S1=12j=1142Tg, (@ Bcee.BweEE Y ja)

A=arg /{gzi)n F,,(2),

where 4 is an (S + uK)-dimensional Lagrange multiplier vector, corresponding to the



functions g (&, Beee Bweee, 7 jd) (Owen 2001). To estimate A, we define F,,(4) =
—m~' YL, XL log{1 + A7g;(@ Bcee, Bweee 7ja)} and let Dp, = {A:1 +

27g;(@ Bcer Bweer 7ja) > 0} (Han 2014). It is easy to see that 8 F,,(1)/04 = 0
because of equation (7). The estimate 4 minimizes F,,(4) in D,,,. Here, the existence
and uniqueness of A are guaranteed by the strict convexity of E,,(4) on D,,. Let nilj (ab)
denote a correctly specified missingness model and &} denote the true value of a®. As

in the method of Han (2014), 2 = (4, Asiux)T can be rewritten as 1; =

neny

ﬁ1+1 2 ﬁl
——— A =1 =2
ot (@ Bicee)’ 1 0@ Blcer) {

, e, (S + uK)}, where Kk is an (S + uK)-
dimensional Lagrange multiplier vector defined in Appendix A and K converges to 0 in

probability when any one of the missingness models is correctly specified. Thus, W;;

can be also described as follows:

o= 1 1 _1 60'(a' Bweer)/mi; (@)
Wij = X T (abdrs ) m X 1378 (BB ) I (al)
m "~ 1+27gj(@BcreBweeeVja) m~ 1+879ij(@BcrrBweEEYja)/mi;@")

The details are provided in Appendix A.

2.6 Proposed Estimator: EL wGEE

Using the weights W;; described in the previous section, we define the EL wGEE as

S(BrL) = Z?&% V)" We i {Y; — u;(BrL)} = 0. 3



As in equation (1), Wgy,; isa T X T diagonal matrix with the jth diagonal element being
R;jw;;. The solution to equation (8) can be obtained using the Newton—Raphson
method. As in Han (2014), the proposed estimator has multiple robustness property.
Theorem 1. The proposed estimator B, is consistent if any one of a set of S
missingness models or K imputation models is correctly specified (see Appendixes A
and B).
As several models need to be defined and estimates need to be prepared to

execute the proposed method, the procedure is summarized as follows:

(1) Define S missingness models 7rj; (@) and K imputation models d)ijd (?fd).

(2) If auxiliary variables are included in the missingness model, perform the wGEE
analysis with 7;;(@°), and calculate p; (;_, (B5,ceE)-

(3) Perform GEE analysis where the missing response variable y;; is imputed with
d)ijd (?fd), and calculate S{‘j(ﬁ'éEE, )7% .

(4) Using nfj(ﬁs ,BS.cee) and S {‘] (Btze, ?fd) for all the participants at all the time
points, calculate 6°(@°, Byyce)» € (Bter, V5a), and g (@, Bcee, Bwore ¥ja)
using equation (5).

(5) Estimate 4 using equation (7), and calculate weight W; ; using equation (6).

(6) Perform an EL wGEE analysis with weight w;;, and obtain BEL.



If no missingness model is specified, 7;; (@&°), u; j_l)(ﬁf;vGEE), and 65 (@, B3,grg) are
not calculated. In addition, if no imputation model is specified, ¢;§d (]7%),

St (Bége V5a), and & (BEge, P54) are not calculated.

To derive the asymptotic variance of By, as in the method of Han (2014), the
first-order Taylor expansion of the EL wGEE around (07, a¥, Bigs ., y]T-d,*, BY)isa

possible approach (Tsiatis 2006), where al = {(a)T, ..., (@)}, Blgr. =

T T T T e
{(ﬁéEE,*) oo (BEEE) } ,and yj,, = {(y}d,*) o (yﬁ-(d,*) }denote the probability
L ~T ~INT ~S\T, PT 51 \T 5k \T ST
limitsof @™ ={(@")",...,(@)"}, Bgee = {(ﬁGEE) 1-"'(BGEE) },and Via =
{(?}d T, . (?fd T}, and the parameter 8 is defined as the true value. We derived two

formulas for the asymptotic variance of Bg; under the assumption that k, &, and y jaare

known/unknown parameters. The detailed explanation is presented in Web Appendix A
of Supporting information. Under the assumption that each parameter is an unknown

parameter and all auxiliary variables are observed, we derived the asymptotic variance
estimator Vg and confirmed that the comparison of efficiency between Br1 and

B ek is inconclusive (see Web Appendix A of Supporting information). As the
asymptotic variance estimator Vep,pq is valid only when any one of the missingness

models is correctly specified, we additionally derived the asymptotic variance estimator

Vemp2 under the assumption that k, &, and y ;4 are known parameters.



Theorem 2. Under the assumption that k, &, and y ;4 are known parameters,

_17\T
W) . 602) woan|(52) ||
= N[0, E(B;))"'E(Q;Q{){E(B)™"}], ©)
where Q; = % (V) *WeL{Y; — ui(Be)} and

~ T ~
oui(BEL) - opni(PEL)
Bi — {” 6;L } (Vl) 1WEL,L' I"aBEL .

We also suggest a bootstrapping method as alternative to calculate the variance of Bgy..

3 Simulation Studies

We performed Monte Carlo simulations to evaluate the performance of the proposed
method and estimated the bias, standard error (SE), mean square error (MSE), and type-
1 error rate. We set the sample size n to 75 or 150 in each treatment group with 1000
Monte Carlo simulations. In the simulation study, we primarily investigated the
following considerations: (1) whether EL wGEE exhibits multiple robustness compared
to the bias of logistic regression and GEE; (2) whether the efficiency of EL wGEE is
comparable to that of wWGEE when the missingness model is correctly specified; and (3)

whether EL wGEE exhibits adequate performance compared to that of AIPW when



multiple models are specified.

3.1 Simulation Datasets

We generated the full dataset for correlated binary outcomes y;; (j = 1, 2, 3,4) using
Lee’s method (1997). The marginal model for y;; was defined as logit{P ij = 1)} =
Bo + BrrrXtrTi + B1j + B2jXTRT: + B3XBL,i- The model had four independent design
variables: the treatment Xtgpr; (group A: 1, group B: 0), time points, interactions
between the treatment and time points, and baseline covariate Xgy, ;, which was

generated from N (0, 2). The parameters Strr = 1.5, [14= 24=0, L3 = 0.2, and the
other parameters were obtained from the given marginal response rates over time, and

were considered under two scenarios as follows:

Scenario Response rate at time points 1, 2, 3, 4

Low-response 0.25 0.31 0.38 0.48 for group A
0.14 0.15 0.17 0.17 for group B
High-response 0.27 0.43 0.73 0.82 for group A

0.18 0.21 0.50 0.50 for group B

The within-subject correlation structure was set as the autoregressive (1) type,
and the correlation parameter p was set to 0.5, which was set based on the plaque

psoriasis study data. In this simulation, our primary objective was to evaluate the



estimation efficiency (bias, SE, and MSE) of the treatment effect at j = 4, which
corresponds to Srrr = 1.5. In addition, a type-1 error rate was evaluated by
additionally generating null-hypothesis datasets for frrt = 0, 21 = P22 = [23 =
P24 = 0.

We assumed a monotone missing data pattern, and the true missingness model
was logit{P(Rl-j = 1|Ri,(]-_1) = 1)} = &g + a1 X1, T X2Yi(j-1) T X3Z;(j—1), Where
R;j denotes the indicator variable for observing y;; and z;;, and y; (;_1) and z; (;_q) are
auxiliary variables. An auxiliary variable z;; (j = 1,2,3) was generated from y;; + &;;,
&;j~N(0,0.5). The indicator variables R;; were generated from six different missingness
models determined by @ = (a, a1, @, @3). The six missing data mechanisms were
given by (ptl) @ = (ag,—1,—1,—1), (pt2) @ = (ay, —1,1,1), (pt3) a =
(ap,1,—1,-1), (ptd) a = (ay, 0,—1,—-1), (pt5) @ = (ay,1,1,1), and (pt6) a =
(ap, 0,1,1), where the magnitudes of parameters a, and a5 were set based on the
plaque psoriasis study’s auxiliary variables. In addition, we considered two missing data
proportions at the last time point j = 4 as follows: (i) 15% (moderate missing data
scenario) and (ii) 30% (high missing data scenario). These two missing data scenarios

were adjusted from ay.

3.2 Estimators

We specified a correct/misspecified model for the missingness model and the



imputation model for y;;, respectively. The correct missingness model nl-lj (al) was
defined as logit{P(R;; = 1|R;(j—1) = D} = af + af Xrrr: + a3yi(j-1) + @32 (j-1),
where missing y; ;_1) and z; ;_y were imputed using predicted values derived from
wGEE in the proposed method (Section 2.5), and the correct imputation model
®lja(¥ia) was defined as logit{P(y;; = 1)} = vg 4 + V1 jaXTRT: + V2 jaXBL1 +
(¥3ja) Vi1 where ¥y = B, o Digmn) » Pigimn) = Rug-Yig-n +
(1 — Ry j_l))qbil’( i—1).d (17%1'—1),(1)- To achieve asymptotic unbiasedness, it is important to
include auxiliary variable 71-'( j—1) in the imputation model because, under MAR,
171-,( j—1) contains information on the missing data y;;. The misspecified missingness
model 77, (a?) was defined as logit{P(R;; = 1|R;(j_1) = 1)} = af + a?X,;, and the
misspecified imputation model ¢7;; (¥%;) was defined as logit{P(y;; = 1)} = 3 4 +
)/12, jaXTRT,i T yzz, jaX1,i- The covariate X, ; was generated as exp({;), where {; ~
N(0.1,0.5) for the misspecified model. In the GEEs model, we fit the correctly
specified model as logit{P(y;; = 1)} = By + BrrrXtrr;i + B1j + B2jXtrT:i + B2 XBL15
except that we specified the correlation structure as unstructured and imposed the
constraint that the parameter for time point 4 be equal to zero (4 = f4 = 0) in order
to make fBrry the treatment effect at time point 4.

For comparison with the proposed estimator (EL wGEE), Strt Was also

estimated using a logistic regression model (CLUDE), GEE (Liang and Zeger 1986),



wGEE (Robins et al. 1995), and the AIPW method (Seaman and Copas 2009). In

CLUDE, the outcome model was defined as logit{u;4,(X;, B)} = Bint + BrrrXTRT: +

PBLXBL,i-

3.3 Simulation Results

For each of the 48 ways that data were generated (Low/High-response rate X six
missing data mechanisms X 15%/30% missing data proportion X two pattern of sample
size for 75/150 per treatment group), we compared the five methods of analysis. Of
these six missing data mechanisms, all analysis methods using the coarsened datasets
from (pt5) @ = (ay, 1,1,1) and (pt6) @ = (ay, 0,1,1) had unbiased estimates of SrrT,

thus, the results for these two scenarios are not shown.

When estimating the parameters of missingness/imputation models, quasi-
complete separation occurred in some simulation datasets. Those datasets were
therefore excluded from the analysis. The number of quasi-complete separations is
shown in Web Appendix B of Supporting information. We consider that the impact of
excluding these datasets on the performance evaluation of each analysis method is
small. We checked the distribution of the remaining datasets (i.e., this excluded the

datasets in which quasi-complete separation occurred) and found that the mean values

of ,[?TRT in the complete datasets were similar among the 1000 Monte Carlo datasets and



the remaining datasets (the difference in the mean values of Srry ranged from 0.0001 to
0.001). This implies that there are no characteristic differences among the 1000 Monte
Carlo datasets and the remaining datasets. In addition, the quasi-complete separations in
each scenario (except missing mechanism of pattern 2) were approximately less than 10
out of 1000 datasets; thus, we consider that the performance of each estimator could be
evaluated with the remaining datasets. We report the simulation results for the scenario
of 30% missing data proportion and n = 150 because the pattern of bias, SE, MSE, and
type-1 error rate in the scenario of 15% missing data proportion and n = 75 were
similar, but the bias was smaller in the scenario of 15% missing data proportion. These
results for the scenario of 15% missing data proportion and n = 75 are summarized in
the Web Appendix. As discussed by Emerson and Owen (2009) and Han (2014), the
empirical likelihood method may be problematic when the sample size is small, in

which case 0 may not be in the convex hull of g;; ((’72, Bcee BweEE ?]-d). In the

simulation studies, there was no difficulty with estimating parameter 4.

Figure 2 reports on the bias of Srgr for n = 150 and 30% missing data
proportion. The notation of these estimators includes the names of the estimators and
the model specification, which have the form “method-0000.” Each digit in the four-
digit number, from left to right, indicates whether or not
i (at), mhi(a?), dlia(Vja), or §Fia(¥3a) is included, where “1” indicates “included”

and “0” indicates “not included.” In the simulation results, EL wGEE exhibited better



performance when a correct model was included among the missingness or imputation
models compared to when only misspecified models were included, excluding pt3 of the
low-response rate datasets.

wGEE exhibited similar performance to that of EL wGEE under the correctly
specified missingness model.

AIPW exhibited similar performance to that of EL wGEE in most of the
scenarios, especially when one missingness model and one imputation model are
specified and both models are correctly specified (i.e., EL wGEE-1010 and AIPW-
1010). The similarity of the estimators is explained in Appendix C. Interestingly, the
bias for AIPW was larger than that for EL wGEE when only the imputation model was
correctly specified (i.e., AIPW-0110) in the ptl, pt3, and pt4 of the high-response rate
datasets. In addition, the bias for AIPW was larger than that for EL wGEE when both
missingness and imputation models were misspecified (AIPW-0101). When there is a
higher risk of misspecification for the missingness model, EL wGEE may be more
robust than AIPW and wGEE.

Although GEE resulted in biased estimates in most of the scenarios, as expected,
GEE interestingly exhibited better performance than EL wGEE in pt3 of the low-
response rate datasets and pt2 of the high-response rate datasets. The pt2 (@ =
(ap,—1,1,1)) describes a situation in which subjects who are treated with an active drug

are vulnerable to dropout because of an adverse event and an outcome is assumed to be



an indicator of improvement (i.e., if y;; = 0, the subject is at a higher risk of dropout).
The pt3 (¢ = (ay,1,—1,—1)) describes a situation in which subjects who are treated
with a placebo is vulnerable to dropout because of lack of efficacy and an outcome is
assumed as an indicator of worsening of symptoms (i.e., if y;; = 1, the subject is at a
higher risk of dropout). In addition, GEE also exhibited better performance than wGEE
when the missingness model was misspecified. Thus, in some scenarios, GEE might be
applied in missing longitudinal data analysis.

Web Tables 5 to 8 of Supporting information report on the SEs of Srrr
( i23°SEg, ./ 1000). The SEs of EL wGEE were calculated based on equation (9).

The SEs of AIPW were also calculated using the sandwich estimator under the
assumption that both the missingness and imputation models are correct (Seaman and
Copas 2009, p. 944). In addition, the empirical SE, which is the standard deviation in a
1000 replication parameter estimate gy, is shown to confirm the validity of these SEs.
Although the SEs of EL wGEE, AIPW, and wGEE were similar to or slightly larger
than those of CLUDE and GEE, the difference became smaller in the scenario of 15%
missing data proportion (Web Tables 6 and 8). We expected that the efficiency (SEs) of
the EL wGEE method would be improved owing to use of the longitudinal response
variable; however, adding weights to the estimating equations may have a greater

influence on the estimation efficiency.



Figure 3 reports on the MSEs of frgy for n = 150 and 30% missing data
proportion (2112 QO(ﬁTRT,,- — ﬁTRT)Z / 1000). Overall, although the results of MSEs were

similar to that of SEs, the MSEs of EL wGEE were comparative to those of CLUDE
even under 30% missing data proportion. Other results are summarized in Web Tables 9
to 12 of Supporting information. The results indicate that the degree of inefficiency of
EL wGEE relative to the CLUDE or GEE estimator depends on the proportion of
missing data. At least, the impact on efficiency was small in applying the proposed
methods in this setting.

Figure 4 reports on the Type-1 error rate (using null-hypothesis datasets for
Brrt = 0, B21 = B22 = P23 = P24 = 0). In general, the Type-I error rates of EL wGEE
approximately ranged from 4% to 6% and were similar to those of other methods in

each scenario.

4 Application: Plaque Psoriasis Phase I1I Study

In this section, we describe the application of the proposed method to the Plaque

Psoriasis Phase III Study. In total, 542 participants were randomized in a 2:1 ratio to the
M518101 or placebo group. Efficacy assessments were taken at baseline, Weeks 2, 4, 6,
and 8. The primary endpoint was the success rate based on the IGA score at Week 8. In

other efficacy outcomes, we evaluated the modified Psoriasis Area and Severity Index



(mPASI, in the range 0-no disease to 64.8-maximal disease) and itch score (on a scale
from 0-None to 3-Severe). The treatment effect frrr was estimated using the CLUDE
for the complete case, GEE, wGEE, AIPW and the proposed estimator (EL wGEE). Let
Xtrt denote the treatment (M518101 = 1, placebo = 0) and Xp;, the baseline mPASI
score. We used three auxiliary variables Z = (Z,, Z,, Z3), where Z;, Z,, and Z; indicate
the success rate according to the IGA score, mPASI score, and itch score at a previous
visit, respectively.

It is desirable to include all the components of the auxiliary valuables and the
interactions in one missingness model and one imputation model; however, this was not
feasible in this case, due to the quasi-complete separation for the binary outcome model.
Nevertheless, the proposed estimator was able to address this issue via multiple
modeling. The missingness model was logit{ P(R;; = 1|Ri,(j_1) = 1,Xl-,Zi,(j_1))} =
ap + aj Xrri + @3 Xpri + @3 + @fXtrr; X Xpri + @2Z; (j_1), Where the two
missingness models (s = 1, 2) were set as follows: nilj (al) with auxiliary variables
Z1,Z5 , and Xtpr X Z5, and nl-zj (a?) with an auxiliary variables Z3, and Xpgp X Z3. The
imputation model for y;; was logit{P(yi]- = 1|Xi,Zi,(]-_1))} = qbg‘]-d(y?d) = y’éjd +
ylfjdXTRT,i + Y§jdXBL,i + yf,fdei,(]-_l). As with the missingness model, the two

imputation models (k= 1, 2) were set as follows: ql)iljd (y}d) with auxiliary variables



Zy,and Z,, and ¢/, (y¥54) with an auxiliary variable Z3. The GEE analysis was

performed using the same settings as in Section 3.

As running example, the proposed method was performed as follows:

(1)

(2)

3)
(4)

()

Estimated the parameter of missingness models for vl-lj (al) and calculated
values of nl-lj (@) in each participant and time point {i = 1, ...,N,j =1, ...,n; }.
The same analysis was performed with vl-zj (a?), and calculated values of

7 (@?).

Performed wGEE analysis with a combination of weight R;;/ nilj (@) and
outcome Z,, where the outcome model was defined as logit{P (Zy; = 1)} =
Bwceg,o + BwGeE TRTXTRT,: + BwceEj + Bweer2jXTRT: + Bwcer 3XBLi-
Calculated predicted values of Z; using the wGEE model.

The procedures described in (2) and (3) performed again with a combination of
Ry;/mi;(@") and Z, as well as R;;/m};(@) and Z5 to calculate predicted values
of Z, and Z;.

After missing Z,, Z,, and Z; were imputed with the predicted values of (3) and
(4), nl-sj ((’725, ﬁf;vGEE), s =1, 2 for all the participants at all the time points
{i=1,..,N,j=1,..,T } were calculated. These estimates ;; (@, BS,crp)> s =

1, 2 were used in (10).



(6) Performed Paik’s imputation method using the imputation model ¢} jd (Y}d) and
calculated predicted values ¢; jd (?}d) of y;; in each participant and time point.
The same Paik’s imputation was performed using the imputation model
$Fia(¥V34). Similar to ¢f5, (¥%,), missing Z, were imputed with the predicted
values of Z, ;; using the imputation model for Z; ;; with auxiliary variables
Yij-1) and Z; ; (j_qy; missing Z3 were imputed with the predicted values of Z3 ;;
using the imputation model for Z3 ; i with auxiliary variables Yi,(i-1) and
Z3i(j-1)-

(7) Performed the GEE analysis, where the outcome model was defined as
logit{P(y;; = 1)} = Béero + BéeerrrXTrT: + BéEE1j + BéEE 2 XTRT,: +
[S’éEE'3XBL,i, and the missing response variable y;; was imputed with qbil]-d i)

(8) Calculated the function § }j (ﬁ CEES ?}d), where all values y;;, including the
observed ones, were replaced by model-based expectation d)iljd (?}d). The
calculated S};(B&gg, ¥}a) were used in (10).

(9) The procedures described in (7) and (8) performed again with qbiz]-d (?]Z-d) and

B2, and finally calculated S l_zj (EéEE, 77 1)



(10) Using 7§ (@5, Byyges) and SF(BEee P5a), s =1, 2, k=1, 2 for all the
participants at all the time points, calculated 8°(@5, BS,cer)» € (BEee, ??d), 5=
1,2,k=1,2 and gi]-(a, Boee BweEE ?jd) using equation (5).

(11) Estimated A using equation (7), and calculated weight W; ; using equation (6).

(12) Performed an EL wGEE analysis with weight w;;, and obtained BEL.

GEE analysis (Liang and Zeger 1986) and wGEE analysis (Robins et al. 1995)
correspond to the EL wGEE analysis in step (12), where the weight w;; is replaced by
identity matrix, R;;/m};(@") and R;;/mf; (@), respectively.

The results are summarized in Table 1. In Table 1, the odds ratio of CLUDE was
4.62, while that of EL wGEE was 3.83 to 4.08, and that of AIPW was 3.93 to 4.05,
respectively. We speculated that these estimators mitigated the bias of CLUDE. In
addition, these findings were more deeply evaluated by the multiple modeling of EL
wGEE-1111, which included all components of auxiliary valuables. Therefore, the

proposed method was useful for evaluating the stability of the conclusion.

5 Discussion and Conclusions

The proposed method extends Han’s method to the longitudinal outcome model. The
simulation results indicate that the EL wGEE method achieves better performance if

any one of the specified missingness or imputation models is correct (multiple



robustness).

In these simulation studies, we also evaluated the performance of this method
when multiple missingness and imputation models were utilized. Greenland and Pearce
(2015, p.99) state that “Methods that model both outcome and exposure (including
doubly robust methods) avoid having to make a choice, but at the cost of more
modeling effort. They have the option of using more data information with potential
accuracy gains as a result.” Although diagnostic measures have been widely used in
model assessment, it is difficult to apply them to incomplete outcome and auxiliary
data; consequently, there is significant concern regarding model misspecification in
such a situation. In addition, when a dimension of auxiliary variables is high (i.e., there
are many auxiliary variables), there is a risk of (quasi-) complete separation for the
binary outcome model. In such cases, multiple lower dimensional models can be used to
resolve the issues. However, there have been only a few studies on the performance
evaluation of the proposed method when misspecified models are included; thus, it
might not be preferable to use multiple models without a strong reason. We recommend
specifying one missingness model and/or one imputation model for the primary analysis
and additional models for the sensitivity analysis. The need for sensitivity analysis
regarding missing data is established, and its importance is emphasized in the ICH E9
(R1) (2019). Notably, the multiple modeling method allows for a wide range of

sensitivity analyses.



Although the imputation approach in the proposed method was under MAR
assumption, the approach can be modified to be under missing not at random (MNAR),
such as “jump-to-reference (J2R)” to perform a sensitivity analysis. In J2R
(Mallinckrodt et al., 2017), missing data for reference group are imputed assuming
MAR; missing data for drug-treated group are imputed assuming MNAR such that the
benefit from the drug immediately disappears after discontinuation of the study drug.
Therefore, parameter y j; was estimated using data only for the reference group. Note
that since this analysis is under MNAR, specifying missingness models nfj (@®) under
MAR is not reasonable.

In some simulation datasets, especially those with low-response rate and n=75,
quasi-complete separation occurred. In the scenario of pt2 (@ = (ay, —1,1,1)) and low-
response rate, the phenomenon was often observed because most subjects drop out after
yi; = 0. In this situation, where it is difficult to estimate the parameters of the
missingness/imputation models, we may choose logistic regression or the GEE
method—for which there is no need to specify missingness/imputation models.

In Web Appendix C, we additionally compare the performance of EL wGEE to
that of Han’s method, in which we specify an imputation and missingness model similar
to that of the proposed method and use the imputation method of Paik. If explanatory

variables y; ;_1) and z; (;_qy were missing in the missingness model of Han’s method,

we imputed them using last observation carried forward (LOCF) method to calculate



61(= YN, n},(@)/N). The EL wGEE method achieved better performance with Bias,
as compared to that of Han’s method with LOCF in such an eventuality. It appears that
the coarsened explanatory variables Z; j (i.e., yi3 and z;3) affect the accuracy of Brrr-
When a subject i drops out at or before time point 3, the 7}, (@) cannot be estimated,
because the explanatory variable Z;5 (i.e., y;3 and z;3) is missing. In addition, the
observation probability 7}, (@) is estimated for all of the participants to calculate 8 (=
N m} (@@Y)/N). To cope with this problem, 7, (@) was estimated substituting y;, or
¥i1 in place of y;3 in Han’s method with LOCF in our simulation studies (the same
applies to z;3), but that might introduce bias. In contrast, the proposed method can
impute the missing Z;5 (i. e., y;3 and z;3) with the predicted values derived from
wGEE. The proposed method can therefore be used for longitudinal data analysis.

In the psoriasis clinical trial data analysis, although it was not feasible to include
all the components of the auxiliary valuables as well as the interactions caused by the
quasi-complete separation of the binary outcome model, such as in wGEE and AIPW.
The proposed estimator was able to address this issue via multiple modeling and enable
the further evaluation of the validity of the conclusions derived.

Although we assumed that the outcome is binary data and that Z;; includes only

yij to simplify the explanation presented in Section 2, the proposed method can easily

be extended to continuous and count data outcomes and used to handle multiple

auxiliary variables. In terms of multiple robustness, the proposed method is expected to



be more robust and useful than existing methods when the dimension of the auxiliary
variables is high, and/or reasonable multiple candidate models are available. Future
work should further investigate the relative performance of the other methods under a

wider range of settings.
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Appendix

Appendix A: Connection Between A and &

To prove that By is consistent if any one of the missingness models is correctly specified
in Appendix B, we provide the derivation of the weight w;; subject to different constraints.

More formally, we denote

g;(a. Beeg-Vja.) = |7} (@d) — 01 (al), .., mi(ad)—65(ad),

T T
{Sjl (ﬁ%}EE,*i Y}d,*) - 51 (ﬁ%}EE,*i Y}d,*)} ) eeey {S]K (ﬁIéEE_*' Y;'(d,*) - fK (ﬁléEE,*l Y;'(d,*)}T:I .

The expected value E{Z]T-zl Ri;g; (a*, BGEg+ Y ]-d,*)} # 0, when the missing data
mechanism is MAR; thus, the Lagrange multipliers 4 are also not guaranteed to converge
to zero based on the theory of empirical likelihood (Owen 2001). Let nilj (a') denote a
correctly specified missingness model, @} denote the true value of @', and p; ; denote the
conditional empirical observation probability on R;; = 1, where p;; is subjected to the

following constraints:

121 1p1]

pij = 0,
121 i @) — 65(@°, Biygee)}/mi @) =0(s=1,..., S),and

121 1 Pij {S (BGEEI ?d) - fk(EEEE'??d)}/nilj(al) =0(k=1,.., K).

As in equation (6), using the Lagrange multipliers, we obtain



.1 1
Dij

m 1+87g; (@ Bcee.BweeEYja)/m}; (@)

where & is also an (S + uK)-dimensional Lagrange multiplier vector. When the
missingness model is correctly specified, E{Y¥7_; R;;g (e, Beeg s ¥ja.) /i (@)} = 0,
and the Lagrange multiplier vector K therefore converges to 0 (Owen 2001). As in

equation (7), the estimating equations for k are as follows:
N Zni .."..("A ] ’\)/ 1(/\1)_0
i=1 j=1p1] gl] alﬁGEE'ﬁWGEE'Y}d T[ij a’) =0,

9ij(@BceeBweee?ja)/mi; (@)

IyN v —0 Al
m l=12]=1 1+k7g;j(@Bcer BweEEVja)/mi;@Y) ' (A1)
Then,
izgv Zni 9ij(@BceEBwGEE P ja) —0
m <=1 J=1 n},(@)+x"g;j(@BceE BwGEE P ja) ’

1 N an 9ij(@BceEPwcEETjd)
61(a Bhgpp)xm ~1=1 1211< . B 1113
61 (a' By gee) 0@ Byger) (@ BygEr)

=0.

>gij(aﬁGEErBwGEEJ7jd)

Ri+1

By comparing the above equation with equation (7), it is evident that A, = @ f o)’
'PwGEE

~ K
A _ l

L= @) [=2,..., (§tuK). The weight w;; can be described as follows:

01 @ Bhge) @
Wij :ix 1 _lx (a B GEE)/”](“ ) (A2)

m " 1+4Tg;j(@BeeeBweeeVja) m  1+8Tg;;(@BcerBweEr P a)/ml @)




Appendix B: Multiple Robustness of the Proposed Estimator

The proposed estimator By, is consistent if any one of a set of S missingness models or K

imputation models is correctly specified. The details are as follows:

When the missingness model is correctly specified
Appendix A demonstrates that the weight w;; can be denoted as shown in equation (A.2).

. . ~ P . . . .
When T[l-lj (a?) is correctly specified, K = 0. Therefore, the estimating equations in

equation (8) are asymptotically equivalent to the wGEE (Robins et al. 1995), which is
weighted with the inverse probability of observing. When the missingness model is
correctly specified, the left-hand side of the estimating equations converge to zero in

probability under the true parameter f,. Thus, we have
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When the imputation model for y;; is correctly specified
Let gbiljd (¥ja) denote the estimate of the expected value of y;; using a correctly specified
imputation model, ¥j, o denote the true value of P}4, and Bggg denote the estimated

parameter of the GEE model using qbil]-d (?}d). The estimated parameter Bgg converges to
the true parameter B in probability. From the constraints in equation (5),

1 Z;-lil Wi S:il]' (B(leE’ ?jd) =yN, Z]T-zl S}]- (ﬁ(l;EE, ?jd)/(NT). Under this condition,
both sides of the equations converge to zero in probability. The main analysis function

X 2?21 w;; S (Bo) also therefore converges to zero in probability. By using y;; L

Ri;|(Xij,Z; (j-1y) and equation (8),
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Appendix C: Similarity Between EL wGEE and AIPW

When one missingness model and one imputation model are specified, and both models
are correctly specified, the proposed estimator is similar to the AIPW estimator.

From equation (8),

S(Br) = T, L V) Wy (- i(By)) = 0
£V=12}11wi,-sij (Bo) = 0.
By using equation (5), %I, XL, wi; S1(Bles Pla) = 21 Xj-1 St (Béee Pja)/(NT),
X Wiy Sy(Bo) —
iYL Wi SH(Btee Va) + 21 Xe1 St (Btee 7ja)/(NT) = 0.

When the missingness model is correctly specified, from equation (A.2),
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When the imputation model is correctly specified, Btgg = Bo, thus,
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Equation (C.1) is similar to equation (4) of the AIPW described in Han et al. (2015).



Tables

Table 1. Parameter estimates Srry in the plaque psoriasis study.

95% confidence

it @2 ' $> Prrr SE  Odds ratio
interval

CLUDE - - - - 1.531 0.283 4.62 2.653-8.055
GEE - - - - 1.452  0.280 4.27 2.468-7.398
wGEE I 0 0 O 1.402  0.278 4.06 2.357-7.004

o 1 0 O 1.417  0.282 4.12 2.372-7.168
AIPW I 0 1 0 1.399 0.274 4.05 2.369—-6.930

0O 1 0 1 1.367 0.280 3.93 2.269-6.790
EL wGEE 1 1 1 1 1.367 0.281 3.92 2.262-6.799

I 0 1 0 1.407 0274 4.08 2.384-6.988

0O 1 0 1 1.343  0.280 3.83 2.212-6.630

CLUDE: logistic regression; wGEE: weighted generalized estimating equations; AIPW:

augmented inverse probability weighted complete-case estimating equations (Seaman and Copas

2009); EL wGEE: proposed estimator; SE: standard error.

The names of the estimators have the form “method-0000,” with each digit of the four-digit

number, from left to right, indicating whether or not 7}; (a®), /i (@®), ¢{;4(¥ia), or dfia(¥3a) is

included, where “1” indicates “included” and “0” indicates “not included.” In the results of the

proposed method and AIPW method, only two or three models are shown; EL wGEE-1111 for the
multiply robust model and EL wGEE-1010, and EL wGEE-0101 (or AIPW-1010, AIPW-0101) for

the doubly robust model
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Figure 1. Imputation method of Paik.
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Figure 2. Bias of frgr in each estimator obtained using 1000 Monte Carlo datasets (n = 150 in each treatment

group; proportion of missing data at j=4 is 30%). CLUDE: logistic regression; wGEE: weighted generalized

estimating equations; AIPW: augmented inverse probability weighted complete-case estimating equations (Seaman

and Copas 2009); EL wGEE: proposed estimator. The results were multiplied by 100 to reduce the number of



decimal places. The notation of these estimators in the table includes the names of the estimators and the model
specification, which have the form “method-0000.” Each digit in the four-digit number, from left to right, indicates
whether or not 7r}; (a®), f;(@?), lja(¥]a), or ¢Fa(¥54) is included, where “1” indicates “included” and “0”
indicates “not included.” When estimating the parameters of the missingness/imputation models, quasi-complete
separation occurred in some of the simulation datasets. Those datasets were excluded from the analysis. The

detailed values are shown in Web Appendix B of Supporting information.
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CLUDE - - . - - - - -

GEE . - . - . . - .
wGEE-1000 . . . . . . . .
wGEE-0100 . . . . . . . .
ATPW-1010 . - . = ® s * *
APW-1001 . . . . . . . .
APW-0110 . . . . . . . N
APW-0101 . . . . . . . -

EL wiGEE-1111 . . . . . . . N
EL wiGEE-1110 - . - - - - - &
EL wGEE-1101 . - - . . . . .
EL wizEE-1011 . . . . . . . .
EL wGEE-0111 - . - . . . - .
EL wiGEE-1100 . . . . - . . *
EL wiGEE-0011 * . . ® . . * *
EL wiGEE-1010 . . . . . . . M
EL wiGEE-1001 . - - . . . .
EL wGEE-0110 . . . . - . . .
EL wiFEE-1000 . - - - - - -
EL wiGEE-0010 . . . . . . . .
EL wizEE-0101 » - . . . . . .
EL wiGEE-0100 - = - - - . . .
EL wiGEE-0001 . . . . . . . *
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Figure 3. Mean square errors (MSE) of frrr in each estimator obtained using 1000 Monte Carlo datasets (n = 150
in each treatment group; proportion of missing data at j=4 is 30%). CLUDE: logistic regression; wGEE: weighted

generalized estimating equations; AIPW: augmented inverse probability weighted complete-case estimating



equations (Seaman and Copas 2009); EL wGEE: proposed estimator. The results were multiplied by 100 to reduce

the number of decimal places. The detailed values are shown in Web Appendix B of Supporting information.



Low-response rate High-response rate
{Tvpe1 error rate)

Full dxtasat * - * * * + * .
CLUDE - - - - . - - -
GEE . . - . >
wizEE-1000 4 * * # 4+ + * 4
wizEE-0100 - - - - - -
ATPW-1010 * + - 3 = + +
ATP-1001 - - - * P . . 4
ATPTF-0110 . - - - - . - "
ATFR-0101 - * * * - - *
EL wizEE-1111 . - - 3 - 4 . -
EL wGEE-1110 - - + 3 + * + -
FL wGEE-1101 L L] * . il L -
EL wGEE-1011 . . . . - - -
EL wizEE-0111 - - - - - . - -
FL wGEE-1100 + * * * « u .
EL wizEE-0011 * - - - - . -
EL wGEE-1010 . * + . . - * *
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Figure 4. Type-1 error rates in each estimator obtained using 1000 Monte Carlo datasets (n = 150 in each treatment
group; proportion of missing data at j=4 is 30%). Full dataset: logistic regression with full dataset; CLUDE: logistic

regression; WGEE: weighted generalized estimating equations; AIPW: augmented inverse probability weighted



complete-case estimating equations (Seaman and Copas 2009); EL wGEE: proposed estimator. The results were
multiplied by 100 to reduce the number of decimal places. The detailed values are shown in Web Appendix B of

Supporting information
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