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of dynamic treatment regimen means
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trials with missing data: a simulation study
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Abstract

Background Dynamic treatment regimens (DTRs) guide personalised sequential treatment decisions for patients
with a range of clinical or behavioural diseases. Sequential multiple assignment randomised trials (SMARTSs) are
designed to evaluate and optimise DTRs by randomising participants at multiple stages based on intermediate
outcomes. To identify optimal DTRs in SMARTs, the mean outcome of each DTR is often estimated via inverse prob-
ability weighting (IPW), a statistical method that uses the inverse probability of treatment to address potential bias
in the design. Like other randomised controlled trials, SMARTs are subject to missing data. Handling missing data
in SMARTSs is complicated by the sequential randomisation and dependence on intermediate outcomes. We evalu-
ated the performance of complete case analysis (CCA) and multiple imputation (MI) for handling missing data
when estimating the DTR mean outcomes using IPW in a two-stage SMART.

Methods We simulated 1000 datasets of 400 participants, based on a prototypical SMART design with two stages
where only non-responders are re-randomised at stage 2. The estimands of interest were the four DTR means

of a continuous outcome and were estimated using IPW. We defined four plausible missing data scenarios using
missing data directed acyclic graphs (m-DAGs) and then assessed how each missing data method (CCA and MI) per-
formed under different proportions of missingness (20%, 40%) and strengths of associations with missingness in stage
1 intermediate outcome, stage 2 treatment, and the final outcome.

Results Minimal bias was observed with Ml when estimating the mean outcomes of the DTRs in most scenarios,
except for when stage 1 intermediate outcome was missing dependent on baseline variables and stage 1 treat-
ment. When data were missing dependent on other variables (for example, stage 2 treatment missing dependent

on stage 1 intermediate outcome), CCA generally showed greater bias than Ml when estimating the mean outcomes
of the DTRs. Empirical standard errors were comparable across both missing data methods, with MI generally produc-
ing slightly lower values.

Conclusion We found that for a prototypical SMART design, MI generally showed close to zero bias and slightly
lower standard errors compared to CCA when IPW was used to estimate the mean outcomes of DTRs in the settings
explored.
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Introduction

Dynamic treatment regimens (DTRs) are a set of
sequential treatment rules used to guide multi-stage
clinical decisions by specifying how treatment choices
adapt over time based on patient’s disease progression
and on ongoing patient response to a range of clini-
cal or behavioural diseases [1-4]. Sequential multiple
assignment randomised trials (SMARTs) are multi-
stage studies used to evaluate and optimise DTRs.
SMARTSs randomise patients repeatedly over time to
different treatments that depend on intermediate out-
comes. A SMART embeds a number of DTRs [5, 6], the
aim typically being to identify the DTR with the opti-
mal average outcome.

Estimating outcomes for each embedded DTR and
identifying the optimal DTR in a SMART requires
complicated statistical approaches due to the interplay
between patient histories, sequential treatment alloca-
tion probabilities, and outcomes. Statistical methods
commonly used include g-computation [7], Q-learning
[8], and weighted regression methods such as inverse
probability weighting (IPW) [9, 10]. IPW is a method
that uses weights to account for the varying probabilities
of treatment assignments at each stage to estimate the
population mean outcome for each DTR. The weights
are calculated as the inverse of the probability of receiv-
ing each participant’s observed sequence of treatment,
based on the known randomisation probabilities at each
stage. In a scoping review, IPW was found to be the most
frequently used approach for determining optimal DTRs
in observational data [2]. Studies have shown that IPW
is also commonly used to estimate the mean outcome of
the embedded DTRs in SMARTs, which then can be used
in different DTR comparisons [11, 12].

Like all randomised controlled trials, missing data
is a problem in SMARTs that complicates the data
analysis. Because SMARTs consist of multiple stages
of randomisation based on intermediate responses to
treatment at each stage, SMARTs can have more com-
plicated patterns of missingness compared to standard
randomised controlled trials. For example, in the Clini-
cal Antipsychotic Trials of Intervention Effectiveness
(CATIE) SMART, out of the 1460 participants who
were randomised to a treatment at stage 1, 705 com-
pleted the study and 744 (52%) dropped out before the
end of the study [13]. In the Staged Treatment in Early
Psychosis (STEP) 3-stage SMART, 61 out of 342 (17.8%)
participants dropped out before the end of stage 1,

another 134 out of 281 (47.7%) participants who were
randomised to a treatment at stage 2 (dependent on
their remission status) dropped out at the end of stage
2 and did not go on to stage 3. An extra 53 out of 138
(38.4%) participants without remission who were ran-
domised in stage 3 dropped out before the end of stage
3 [14]. In another SMART that included minimally ver-
bal school-aged children with autism [15], out of the
61 participants who were randomised to a treatment
at stage 1, 6 (10%) dropped out before progressing to
stage 2, and another 9 dropped out before the end of
stage 2, leading to a total dropout rate of 25%. Under-
standing the underlying reasons for missing data and
using appropriate statistical methods to handle miss-
ing data are important to ensure valid analyses [16].
Common methods used to handle missing data include
complete case analysis (CCA) and multiple imputa-
tion (MI). In a CCA, participants with missing data for
any of the analysis variables are excluded [17]. MI is a
two-stage process that imputes missing values multiple
times based on observed data, analyses each imputed
dataset, and combines the results while accounting for
uncertainties associated with the missing values [18].

Although many studies have explored how CCA and
MI perform when handling missing data in typical
single-stage randomised trials [19, 20], there is lim-
ited literature on their performance in SMARTs [21,
22]. Shortreed et al. [21] explored how well CCA and
MI performed in a SMART setting when weighted
regression was used to estimate the mean response
for each DTR using data from a case study. Their work
provided an important demonstration of how MI can
be applied in practice. However, no simulation study
was conducted, and it remains unclear how CCA and
MI perform when missingness arises from different
missing data scenarios in a SMART setting. Follow-
ing this, we conducted a simulation study to evaluate
the performance of CCA and MI in a simple two-stage,
two-treatment SMART on the estimation of the qual-
ity of stage-wise treatment decisions in SMARTSs using
Q-learning [22]. We found that MI performed poorly
compared to CCA, which we assume is due to the back-
ward induction nature of Q-learning leading to incom-
patibilities between imputation and analysis models.

In this study, we evaluated the performance of CCA
and MI for handling missing data when estimating the
mean outcomes of the embedded DTRs using IPW
in a two-stage, two-treatment SMART where stage 2
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treatment depends on the intermediate outcome. We
begin by formalising four missing data scenarios that
might be observed in a SMART using missing data
directed acyclic graphs (m-DAGs) [16, 23]. Next, we
review IPW as a method for estimating the mean out-
come in DTRs and describe in detail the simulation
study [24] we conducted to examine the performance
of CCA and MI under a range of missingness propor-
tions and missing data mechanisms. We then present
the results of the simulation study and end with conclu-
sions and general recommendations.

Methods

Missingness in SMART designs

A common two-stage SMART design [25] is presented
in Fig. 1. In this design, eligible participants are ran-
domised between two treatments at stage 1. Respond-
ers to stage 1 treatment stay on the same treatment
and only non-responders are re-randomised at stage 2.
We denote a continuous baseline variable by Oy; treat-
ments (binary) at stage 1 and stage 2 by A; and Aj,
respectively; a continuous intermediate outcome by Oy,
where participants are considered as non-responders
if Oy > 0; and the continuous outcome after stage 2
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treatment by Y, which we refer to as the final outcome.
We assume that participants with missing O, dropped
out of the study and therefore have missing treatment
at stage 2 (A3) and outcome (Y).

In the SMART design shown in Fig. 1, there are 4
embedded DTRs: (1) treatment A at stage 1, followed
by treatment A at stage 2 for both responders and non-
responders; (2) treatment A at stage 1, followed by
treatment A for responders and treatment B for non-
responders at stage 2; (3) treatment B at stage 1, fol-
lowed by treatment B at stage 2 for both responders and
non-responders; (4) treatment B at stage 1, followed by
treatment B for responders and treatment A for non-
responders at stage 2. In some literature [26], DTRs (1)
and (3) are referred to as static treatment regimens, as
participants remain on the same treatment for both
stages.

When there is missing data in SMARTs, m-DAGs can
be used to describe the missingness. Figure 2 shows the
four missingness scenarios that we might observe within
the two-stage, two-treatment SMART design in Fig. 1.
The nodes Moy, Mao, and My in the m-DAG [16, 23]
represent missing data in Oy, A2, and Y, respectively. We
assume that O; and A are complete.
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Fig. 1 Example of a two-stage SMART design where only non-responders are re-randomised at stage 2. O; represents a baseline variable; A
and A represent treatment at stage 1 and stage 2, respectively; O, represents the intermediate outcome, where a participant is considered
a non-responder if O, > 0;and Y represents the outcome after stage 2 treatment (also the final outcome). R is randomisation at each stage
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Fig. 2 m-DAGs depicting a two-stage SMART with missing data according to four missingness scenarios. The nodes Moy, May and My represent
missingness in O,, Ay and Y, respectively. When O, is missing, both A and Y are also missing

+ Missing data scenario 1: Data records for the final
outcome could be lost post data collection at the end
of stage 2, which would lead to the final outcome (Y)
to be missing not dependent on any variables.

+ Missing data scenario 2: The final outcome (¥') could
be missing dependent on the intermediate outcome
at stage 1 (O2) and the treatment given in stage
2 (Ajy). For example, participants who were non-
responders (Oy > 0) to stage 1 treatment and re-ran-
domised to a less effective treatment arm at stage 2
could be more likely to drop out before the final out-
come data are collected.

» Missing data scenario 3: Participants could drop out
after stage 1 leading to missing intermediate outcome
at stage 1 (O2), missing treatment assignment in stage
2 (Ag), and missing outcome data in stage 2 (Y'). This
could occur for many reasons including concerns
about potential side effects, dissatisfaction with the
treatments or baseline characteristics (i.e. dropping
out due to age or time constraints). Reasons for drop
out could be related to stage 1 treatment (A;) and
baseline variables (O).

+ Missing data scenario 4: Participants who were non-
responders (Oy > 0) to stage 1 treatment may be
more likely to drop out prior to stage 2 and there-
fore have missing treatment assignment (Aj) and
outcome at stage 2 (Y). In this scenario, A could be
missing dependent on Oa.

We only considered scenarios where participants
drop out after stage 1 (missing data scenario 3) or prior
to stage 2 (missing data scenario 4). We did not con-
sider scenarios where participants have missing Oy and
remain in the study as we expect this to be very unlikely
in practice.

Inverse probability weighting

Inverse probability weighting (IPW) is a commonly used
method for estimating the mean outcome in DTRs, both
in observational studies [2] and in SMARTS [11, 12]. The
IPW approach weights each individual’s outcome by the
(inverse) probability that the individual received their
sequence of treatments. To demonstrate the principle
in general, assume we run our example SMART (Fig. 1)
with equal randomisation probabilities at each stage
(conditional on history). If we want to evaluate the aver-
age outcome of participants who have data consistent
with a specific DTR, bias arises due to the study design
because responders are not re-randomised, while non-
responders are randomised to two subsequent treat-
ments (i.e. randomised between 2 different DTRs). As a
result, the dataset will include twice as many participants
who are responders compared to non-responders for
each DTR (because half will be randomised to a differ-
ent DTR). Consequently, the calculated average outcome
of a DTR will be overrepresented by the outcomes of
responders. To ensure that non-responders are equally



Xu et al. Trials (2026) 27:178

represented within each DTR, we assign non-responders
twice the weight of responders.

For a two-stage, two-treatment SMART, we define the
stages by j, where j = 1,2. We define A; as treatment
assignment at stage j; A:- as the treatment assignment
history up to stage j; R as a response indicator to stage
1 treatment; and Y as the observed continuous outcome
at the end of the final stage. Let 6y = E[Y (dy)] be the
population mean of the outcome Y when all participants
follow the kth DTR (defined as di) and N be the total
number of DTRs embedded within the design, where
k=1,...,N. To estimate 0, we define inverse prob-
ability weights for each combination of treatment history
and responder status as follows:

_ L(ADI(A2)

P(A1 = a1)P(Ay = az]lA1 = a1,R=7)

(1)

For Eq. 1, the indicator functions (A1) and I;(A3)
equal 1 if the participant’s treatment assignments at
stages 1 and 2, respectively, are consistent with the kth
DTR, and 0 otherwise. The indicator functions ensure
that the correct weights are applied only to participants
whose observed treatment paths match the DTR being
evaluated. For each participant, we calculate the inverse
of the probability receiving their actual sequence of treat-
ments, based on the known randomisation probabilities.

For the analysis, we specify a marginal structural model
(MSM) for the population mean of the DTR outcomes, to
match the specified SMART design. Using the calculated
weights from Eq. 1, we perform a weighted regression to
estimate the parameters of the MSM [9, 27].

W(Zz,R)

Simulation study

We performed a simulation study to evaluate the per-
formance of CCA and MI for handling missing data in a
two-stage SMART when estimating the mean outcome
of each of the embedded DTRs using IPW. We consid-
ered the same simulation settings used by Ertefaie et al.
[9], whose simulation study focused on identifying a list
of DTRs that contain the best DTR or several optimal
DTRs. Of note, their simulation study did not explore
missing data and thereby evaluate or consider methods
for handling missing data.

Data generation

We simulated 1000 datasets each with a sample size
of 400 participants, using the data-generating models
described below:

1. Baseline variable O; was generated from a standard
normal distribution N (0,1).
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2. Participants were randomly assigned a treatment
(binary) at stage 1 with the probability of 0.5:

P(A;=1)=P(A; = -1)=05 2)

3. The intermediate outcome of stage 1 collected
prior to stage 2 was generated conditional on
the baseline variable and stage 1 treatment:
05 ~ N(0.50; + 0.51(4; = —1),1).

4. A binary stage 1 responder status (R) was generated
to indicate whether a participant was a responder to
stage 1 treatment. If Oy < 0, the participant was con-
sidered a responder (R = 1).

5. Non-responders to stage 1 treatment were randomly
assigned to a treatment at stage 2 with the probability
of 0.5 (as responders only have one treatment option,
we do not include Ag) :

PAMR =1) =PAMR = -1) =05 3)

6. Stage 2 outcome (continuous) was generated as
Y = E(Y|O1, Ay, 05, A5).

Y =1401+0s+A1(5 4 01) +S8/2)AXR + ¢,¢ ~ N(0,1)

(4)

where S = I(Oy > 0) indicates a non-responder (R =0

) who is re-randomised and § = 0.1 was the effect of treat-

ment B compared to treatment A at both stages and at
stage 2 this is for non-responders only.

Missingness

We considered the 4 missing data scenarios described
above (Fig. 2). All variables not mentioned in a scenario
were considered fully observed. Data were set to miss-
ing as follows where My, Moy, and M4 represent indi-
cators for missing data in the outcome (Y), intermediate
outcome after stage 1 (O;) and treatment at stage 2 (Ayg),
respectively:

1. Missing data scenario 1: stage 2 outcome (Y) was set
to missing not dependent on any variables.

2. Missing data scenario 2: stage 2 outcome data (Y)
were set to missing dependent on the stage 1 inter-
mediate outcome O, and stage 2 treatment for non-
responders AR using the following logistic regres-
sion model:

logit[P(My = 1)] = oo + 0102 + aa[AYF = 1]

(5)

3. Missing data scenario 3: stage 1 intermediate out-

come (Oy) was set to missing using a logistic regres-

sion model where the probability of missingness was

dependent on the baseline variable (O;) and treat-
ment at stage 1 (A41):
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Table 1 Stage 1 (A;) and stage 2 treatment (A,) sequence for the
four dynamic treatment regimens (DTRs) in Fig. 1

DTRk A Stage 1 responder status A Group
DTR1 1 Non-responder 1 M

1 Responder ©)
DTR 2 1 Non-responder —1 (2)

1 Responder (3)
DTR3 -1 Non-responder 1 (4)

-1 Responder (6)
DTR 4 -1 Non-responder —1 (5)

-1 Responder (6)

logit[P(Moz = 1)] = ag + a101 + a2[A1 = 1]
(6)
In this scenario, stage 2 treatment (AIZVR) and the
outcome (Y) were set to missing whenever there
were missing data in the stage 1 intermediate out-
come (Oy).

4. Missing data scenario 4: if a participant was a non-
responder to stage 1 treatment (O2 > 0) then they
were set to be more likely to have missing data for
stage 2 treatment and outcome. This was achieved
using the following logistic regression model:

logit[P(Ma2 = 1)] = ap + 2103 (7)

For all 4 missing data scenarios mentioned above, we
explored both weak and strong associations between
the predictors of missingness and missingness indicator
and explored both 20% and 40% missingness. For a weak
association an odds ratio (OR) of 1.6 was used and for a
strong association an OR of 3 was used. The intercepts
of the logistic regression models () (Egs. 5 to 7) above
were chosen by iteration to achieve the required percent-
age of missingness (20% or 40%).

Estimands of interest and target analysis

Our interest lies in estimating the DTR mean outcomes

(6x) of a two-stage, two-treatment SMART using IPW.
We set the MSM to be:

m(B) = Po + P1A1 + prALR 8)

By design, subgroups of participants were consistent
with more than one DTR. For example, in our SMART
design (Table 1) group 3 was consistent with both DTR1
and DTR2. To account for this issue and prevent bias, we
prepare the data by replicating participants who were
consistent with more than one DTR before the estima-
tion process to estimate the mean outcome in each of
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the DTRs simultaneously with standard software [12].
Responders to stage 1 treatment were not assigned a
treatment at stage 2 (Az). We duplicated the responders’
rows and assigned each row a treatment at stage 2, one
row with Ay = —1 and the other with A3 = 1. Each row
therefore corresponded to a participant in a single DTR.

Since only a proportion of participants are randomised
at the second stage, we need to use weights in our esti-
mation. [28] For our SMART design, only the non-
responders were randomised twice, so their weights were
1/(0.5%0.5) = 4. Responders were only randomised
once, hence their weights were 1/0.5 = 2. After replicat-
ing and weighting our data, estimation was done by using
the geeglm function in R that incorporates generalised
estimating equations estimators on the replicated data-
set, assuming an independent covariance structure.

The mean outcome 6y for each DTR was then estimated
using the following:

DTR1:6; = Bo+ B1(1) + B2(1) = Bo + B1 + B2

)
DTR2: 60, = Bo+ 1 (1) + B2(—=1) = Bo + B1 — ;?2 )
10
DTR3: 63 = Bo + B1(—=1) + f2(1) = Bo — p1 + 1(5’2 :
11
DTR4 : 614 = Bo + B1(—1) + Ba(—1) = Bo — B1 —( ﬂ§
12

The true B*(Bo, B1, and B) parameter values in the
MSM (Eq. 8) were estimated by averaging the B* esti-
mates over 1000 simulated datasets each with 10,000
participants which was found to be approximately
B* = (1.25,—0.15,0.03) and the true 6 values for the four
DTRs (derived from multiplying the true B parameters
with the relevant linear combinations of A; and A») were
0* = (1.127,1.069, 1.429, 1.372).

Methods to handle missing data

We compared the performance of CCA and MI for han-
dling missing data in each of the scenarios described
above. For CCA, only participants with complete data
for all the variables were included in the analysis. As we
needed to impute both continuous and binary variables,
MI by chained equations [29] was used to impute the
missing values. Linear regression models were used to
impute the continuous variables and logistic regression
models were used to impute the binary variables. The
imputation model for Y (final stage outcome) included
the baseline variable (O;), treatment variables (A1, A3)
and stage 1 intermediate outcome (O2). The imputation
model for O, included the baseline variable (O), treat-
ment variables (A1, A2), and outcome (Y). The imputa-
tion model for A included the baseline variable (Oy),
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treatment variable at stage 1 (A;), stage 1 intermediate
outcome (O3), and outcome (Y). The number of imputa-
tions was determined based on the proportion of miss-
ing data [30]. For the scenarios with 20% missing data,
20 imputed datasets were generated, and 40 imputed
datasets were generated when approximately 40% of the
data were missing. We ran 5 iterations for each imputed
dataset.

Performance measures
Performance measures selected to compare the perfor-
mance of CCA and MI were the absolute bias, the differ-
ence between the average estimate over 1000 simulated
datasets and the true value of the 6 (or ) parameters;
empirical standard errors, the square root of the empiri-
cal variance; bootstrap model-based standard errors,
calculated by obtaining the standard error of the 200
bootstrap samples for each simulated dataset and then
averaging over the 1000 simulated datasets; and coverage,
the proportion of 95% confidence intervals that include
the true value of the 6 (or 8) parameters.

All data simulation and analyses were conducted using
R version 4.4.0.

Results

Figures 3, 4, and 5, Additional file 1: Figures S1-S3, and
Additional file 2: Table S1 summarise the performance of
CCA and MI for estimating the parameters of the MSM
(B) and the DTR mean outcomes (f) across the different
missing data scenarios described above.

Absolute bias

When estimating the mean outcome for each DTR (the
0 parameters for missing data scenario 1 when stage 2
outcome was missing not dependent on any variables
(m-DAG], Fig. 2), we observed close to zero bias for both
CCA and MI (Fig. 3).

For missing data scenario 2, when the outcome was
missing dependent on the intermediate outcome at stage
1 and the treatment given in stage 2 (m-DAG2, Fig. 2), we
observed close to zero bias for MI when estimating the
mean outcomes for all four DTRs. However, for CCA we
observed bias when estimating the mean outcome for
DTRI1 (#;) and DTR3 (63) and no bias for DTR2 (63) and
DTR4 (04). As shown in Figure S1, CCA estimation of
B1 had close to zero bias for m-DAG2 whereas bias was
observed for both 8y and . Based on Egs. 9-12, this bias
cancelled out under DTR2 and DTR4 but accumulated
under DTR1 and DTR3.

For missing data scenario 3, where the stage 1 interme-
diate outcome was missing dependent on baseline vari-
ables and stage 1 treatment (m-DAGS3, Fig. 2), both CCA
and MI showed bias when estimating the mean outcome
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for DTR1 (#;) and DTR2 (6,) but close to zero bias when
estimating the mean outcome for DTR3 (63) and DTR4
(64). The lack of bias observed for DTR3 and DTR4 was
likely due to similar reasons as explained above, the bias
of Bo and B cancelling each other out from the linear
combinations of A; and AIZ\[R (see Figure S1, Additional
file 1 and Egs. 9-12).

For missing data scenario 4, where stage 2 treatment
was missing dependent on the intermediate outcome at
stage 1 (m-DAG4, Fig. 2), we observed minimal bias for
MI and greater bias for CCA when estimating the mean
outcomes for all four DTRs.

When estimating both the g and 6 parameters, for all
scenarios where we observed some bias, CCA showed
greater bias than MI, and the bias increased with the pro-
portion of missingness and the strength of the associa-
tions between the missing indicators and their predictors
of missingness.

Empirical standard errors and model-based standard
errors

When estimating the mean outcome for each DTR (i.e.,
the 6 parameters), for all scenarios, empirical SEs for 6
(and B) parameters were similar to their corresponding
model-based SEs (Fig. 4; Figure S2, Additional file 1 and
Table S1, Additional file 2).

We observed similar SEs when estimating the mean
outcome for DTR1 (61) and DTR2 (65) which were higher
than those observed in DTR3 (63) and DTR4 (64). This
pattern can be explained by examining the variance com-
ponents derived from linear combinations of A; and
AJZVR. All DTR variances involve the sum of the variances
of By, B1, and By and their covariances. While the vari-
ances of fo, B1, and By contribute similarly across all the
DTRs, there is a difference in the term for the covariance
between By and B;. This term is added to the variance for-
mula for DTR1 and DTR2 but subtracted for DTR3 and
DTR4. The covariances between By and 85, and 8; and S5
were approximately zero, thus having negligible impact
on the SEs (see Variance Components, Additional file 3
for detailed calculations and Figure S2, Additional file 1).

We observed smaller SEs for MI compared to CCA
when estimating the mean outcome for DTR1 (6;) and
DTR2 (6,) across all scenarios (Fig. 4). When estimating
the mean outcome for DTR3 (63) and DTR4 (6,), the SEs
were similar for CCA and MI across all scenarios, except
for in missing data scenario 4 (m-DAG 4, Fig. 2), where
the SEs for CCA were smaller than for MIL.

Across all scenarios, the SEs for both CCA and MI
increased with higher proportions of missingness when
estimating B and 6 parameters. In general, SEs were
similar across strong and weak associations between the
missing indicators and their predictors of missingness



Xu et al. Trials (2026) 27:178 Page 8 of 13

1 2 3 4
~ 00— @ 0‘0-—:—‘— 0.0 0.0
< A ¢ &
8 ) A ‘ A
ol ® A
m 05 0.5 0.5 A 05
L )
E ® g °
[e)
2 104 -1.04 -1.04 1.0
<
°®
20 40 20 40 20 40 20 40
~ 00— ——=— 00— — 0.0 0.0
& A ¢ 4
%) ‘ A
o ® A
o 05 0.51 0.5 A 05
Q9
5 ° L o
o
2 1.0 -1.01 -1.01 -1.01
< Method
. . . . . ° . 1 e cea
20 40 20 40 20 40 20 40 e M
» A ssociation
~ 0o0ft—=m— = 00— & o.o-—‘—‘— o.o-—x—
< A A A N ® strong
& e ® A vweak
m .05 05 054 054
2 0.5 0.5 ° 0.5 0.5 °
=
(o]
8 1.0 -1.04 -1.04 -1.04
<
20 40 20 40 20 40 20 40
. A
< 00— ——=— oojl—2 & | O-O'H 0.0 b
<) A
» A
o
m 05 0.5 0.5 05 °
9L
=2
[e)
2 1.0 1.0 -1.0 -1.0
<
20 40 20 40 20 40 20 40

%Missing Data
Fig. 3 Absolute bias in estimating the mean outcome of the four dynamic treatment regimens (). True values for mean outcome for DTR1-DTR4
are 0* = (1.127,1.069, 1.429,1.372). Complete case analysis (CCA) and multiple imputation (Ml) were used to handle missing data, where 20%
or 40% had incomplete data under the four missing data scenarios (presented by columns) described in the Missingness in SMART designs section,
see Fig. 2. For m-DAG 1, where only stage 2 outcome was missing and missingness was not dependent on any variables, a square symbol is used.
For a weak association between the missing indicator and other variables (as described below) an OR of 1.6 was used, and for a strong association,
an OR of 3 was used. The other variables used in missing data scenario: 2)0, — My and Ay — My; 3) A1 = Mpand O1 — Mop; and 4) Oy — May.
Monte Carlo errors ranged from 0.0044 to 0.0100

for both CCA and MIL An exception was observed missingness, where the SEs were higher for stronger
when estimating the mean outcomes for DTR3 (63) and  associations compared to weaker associations with miss-
DTR4 (A4) under MI in missing data scenario 4 with 40%  ing data.
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Fig. 4 Empirical standard errors (SEs) for the mean outcome of the four dynamic treatment regimens (). Complete case analysis (CCA)

and multiple imputation (Ml) were used to handle missing data, where 20% or 40% had incomplete data under the four missing data scenarios
(presented by columns) described in the Missingness in SMART designs section, see Fig. 2. For m-DAG 1, where only stage 2 outcome was missing
and the missingness was not dependent on any variables, a square symbol is used. For a weak association between the missing indicator and other
variables (as described below) an OR of 1.6 was used, and for a strong association, an OR of 3 was used. The other variables used in missing data
scenario: 2) O, — My and Ay — My; 3) Ay = Moy and Oy — Moy; and 4) O, — My, Monte Carlo errors ranged from 0.0031 to 0.0072

Coverage For missing data scenario 4 (m-DAG 4, Fig. 2), where
For missing data scenario 1 (m-DAGI, Fig. 2), the cover-  stage 2 treatment was missing dependent on stage 1 inter-
age for all B and 6 parameters were close to the nominal = mediate outcome, we observed under-coverage for CCA
95% (see Fig. 5 and Figure S3, Additional file 1). when estimating the mean outcome for all 4 DTRs (6)
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Fig. 5 Coverage for the mean outcome of the four dynamic treatment regimens (8). Complete case analysis (CCA) and multiple imputation
(MI) were used to handle missing data, where 20% or 40% had incomplete data under the four missing data scenarios (presented by columns)
described in the Missingness in SMART designs section, see Fig. 2. For m-DAG 1, where only stage 2 outcome was missing and the missingness
was not dependent on any variables, a square symbol is used. For a weak association between the missing indicator and other variables (as
described below) an OR of 1.6 was used; and for a strong association an OR of 3 was used. The other variables used in missing data scenario: 2)

0, = Myand Ay — My; 3) A1 = Mpzand O — Mop; and 4) O, — May. Monte Carlo errors ranged from 0.0030 to 0.0158

(Fig. 5). We also observed under-coverage for CCA when
estimating the mean outcome for DTR1 (6;) and DTR3
(63) in missing data scenario 2 (mDAG?2, Fig. 2) and when
estimating the mean outcome for DTR1 (6;) and DTR2

(62) in missing data scenario 3 (mDAGS3, Fig. 2). For MI,
we observed close to 95% coverage for most scenarios,
except when estimating the mean outcome for DTR1 (6;)
and DTR2 (6,), when the intermediate outcome at stage 1
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was missing dependent on baseline variables and stage 1
treatment (missing data scenario 3, m-DAGS3, Fig. 2).

The problem of under-coverage observed when esti-
mating B and 0 parameters (described above) was worse
for CCA compared to MI. This was further exacerbated
with the increase in the proportion of missingness and
the strength of the associations between the missing indi-
cators and their predictors of missingness.

Discussion

In this simulation study, we evaluated the performance of
CCA and MI for handling missing data when IPW was
used to estimate the mean outcome of DTRs embed-
ded within a typical two-stage SMART where only non-
responders were re-randomised at stage 2. We found that
MI showed close to zero bias for all scenarios, except
when estimating the mean outcome for DTRs when the
stage 1 intermediate outcome was missing dependent
on baseline variables and stage 1 treatment. In compari-
son, CCA generally showed greater bias than MI for all
other missing data scenarios when any data missing were
dependent on other variables. Both CCA and MI pro-
duced comparable empirical standard errors, with MI
showing slightly lower values across most scenarios.

Our findings demonstrate that when IPW was used for
the estimation of DTR mean outcomes, MI produced unbi-
ased results when handling missing data for most scenarios
explored. However, we acknowledge that MI could lead to
bias in other missing data scenarios. For example, when the
probability of the outcome being missing is dependent on
the outcome itself. This is consistent with prior literature
where MI has shown an advantage over CCA [17, 19, 31] for
standard single-stage randomised trials in particular miss-
ing outcome data scenarios [31] and improved precision
especially when auxiliary variables (additional variables not
included in the analysis model but associated with the miss-
ing data) were included in the imputation model [18, 32].

Currently, there is limited research on missing data
methods in SMARTSs. Shortreed et al. [21] proposed a MI
strategy to handle missing data in SMARTs and applied
this method to data from the Clinical Antipsychotic Tri-
als of Intervention and Effectiveness (CATIE) study. [33]
Using weighted regression to estimate the mean outcome
for each DTR, they found that CCA estimates were system-
atically lower and more variable compared to MI. Based
on the challenges Shortreed et al. [21] identified regard-
ing missing data in SMARTSs, we previously conducted a
simulation study evaluating CCA and MI performance in
a simple two-stage SMART where all participants were re-
randomised at stage 2, focusing on the estimation of the
optimal DTR using Q-learning [22]. In that study, we found
that MI performed poorly compared to CCA when stage
2 intervention effect varied between participants, possibly
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due to incompatibilities between the imputation and analy-
sis models introduced by Q-learning’s backward induction
nature. In the present study, we focused on a prototypical
two-stage SMART design where randomisation to inter-
ventions at stage 2 depends on the individual’s response
to stage 1 intervention, as this design is more commonly
used in practice. We used IPW to estimate the DTR mean
outcomes, allowing researchers to compare the different
sequences of treatment decisions. Our simulation results
showed that in general MI produced minimal bias, consist-
ent with Shortreed et al’s findings [21] where CCA esti-
mates were slightly more variable than MI estimates.

Our paper examined four common missing data scenar-
ios that we anticipate might occur in a two-stage two-treat-
ment SMART. We used m-DAGs [16] to outline the causal
relationships between variables with missing data and their
respective predictors of missingness. As mentioned in
our previous study [22], it is important to use m-DAGs to
understand and prespecify the potential reasons for miss-
ing data in the multiple stages of SMARTS, and additionally,
the m-DAGs can guide selecting the appropriate method
to handle the missing data [16, 23]. However, our results
are limited to the four missing data scenarios considered,
and these scenarios may not capture the more complex
patterns of missingness that may occur in SMARTs in
practice (e.g., when missingness in the outcome is depend-
ent on the outcome itself). Further research is needed to
explore more complex missing data scenarios and different
SMART designs (e.g., imbalanced design where randomi-
sation at stage 2 depends on both treatment and outcome
at stage 1). Although this study has focused on an evalua-
tion of CCA and M, there are other approaches that could
have been used to handle missing data such as IPW or
likelihood-based methods [21]. Evaluation of these alter-
native approaches in the SMART context would provide
valuable guidance to researchers on missing data methods
for SMARTs. However, we chose to focus on CCA and
MI as CCA is the most commonly used method to handle
missing data [34], and MI is generally more efficient than
IPW [35] and easier to implement than likelihood-based
methods [36]. Another direction of research could be to
develop practical imputation strategies that are tailored to
the SMART design, such as using stage-specific imputation
models or performing sequential imputation.

Conclusion

In conclusion, our simulation study focused on handling
missing data in a prototypical SMART where only the
non-responders at stage 1 are re-randomised at stage 2.
The results demonstrate that MI generally leads to neg-
ligible bias in the missing data scenarios explored com-
pared to CCA when estimating the mean outcomes of
DTRs using IPW.
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