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Abstract

Background: Micro-randomized trials (MRTs) enhance the effects of mHealth by determining the optimal components, tim-
ings, and frequency of interventions. Appropriate handling of missing values is crucial in clinical research; however, it
remains insufficiently explored in the context of MRTs. Our study aimed to investigate appropriate methods for missing
data in simple MRTs with uniform intervention randomization and no time-dependent covariates. We focused on outcome
missing data depending on the participants’ background factors.

Methods: We evaluated the performance of the available data analysis (AD) and the multiple imputation in generalized esti-
mating equations (GEE) and random effects model (RE) through simulations. The scenarios were examined based on the
presence of unmeasured background factors and the presence of interaction effects. We conducted the regression and pro-
pensity score methods as multiple imputation. These missing data handling methods were also applied to actual MRT data.

Results: Without the interaction effect, AD was biased for GEE, but there was almost no bias for RE. With the interaction
effect, estimates were biased for both. For multiple imputation, regression methods estimated without bias when the imput-
ation models were correct, but bias occurred when the models were incorrect. However, this bias was reduced by including
the random effects in the imputation model. In the propensity score method, bias occurred even when the missing prob-
ability model was correct.

Conclusions: Without the interaction effect, AD of RE was preferable. When employing GEE or anticipating interactions, we
recommend the multiple imputation, especially with regression methods, including individual-level random effects.
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Introduction
The widespread adoption of smartphones and other mobile
devices has driven considerable attention towards mobile
health for diagnosis, treatment, and prevention of diseases.
As of 2018, over 300,000 health-related applications have
been developed,1,2 typically based on the best possible
behavior change theory. However, with few exceptions, it
remains challenging to determine the optimal timings and
frequency of interventions based on these theories.3,4

Micro-randomized trials (MRTs) have been introduced as
a trial design to optimize apps by obtaining required

1Biostatistics Unit, Clinical and Translational Research Center, Keio
University Hospital, Tokyo, Japan
2Graduate School of Health Management, Keio University, Kanagawa, Japan
3Interfaculty Initiative in Information Studies, the University of Tokyo, Tokyo,
Japan
4Department of Biostatistics, School of Public Health, Graduate School of
Medicine, the University of Tokyo, Tokyo, Japan

Corresponding author:
Koji Oba, Department of Biostatistics, School of Public Health, Graduate
School of Medicine, the University of Tokyo, 7-3-1 Hongo, Bunkyo-ku, Tokyo,
Japan.
Email: oba@epistat.m.u-tokyo.ac.jp

Creative Commons Non Commercial CC BY-NC: This article is distributed under the terms of the Creative Commons Attribution-NonCommercial
4.0 License (https://creativecommons.org/licenses/by-nc/4.0/) which permits non-commercial use, reproduction and distribution of the work

without further permission provided the original work is attributed as specified on the SAGE and Open Access page (https://us.sagepub.com/en-us/nam/
open-access-at-sage).

Original Research

DIGITAL HEALTH
Volume 10: 1–15
© The Author(s) 2024
Article reuse guidelines:
sagepub.com/journals-permissions
DOI: 10.1177/20552076241249631
journals.sagepub.com/home/dhj

https://orcid.org/0000-0003-4647-3746
mailto:oba@epistat.m.u-tokyo.ac.jp
https://creativecommons.org/licenses/by-nc/4.0/
https://creativecommons.org/licenses/by-nc/4.0/
https://us.sagepub.com/en-us/nam/open-access-at-sage
https://us.sagepub.com/en-us/nam/open-access-at-sage
https://us.sagepub.com/en-us/nam/open-access-at-sage
https://us.sagepub.com/en-us/journals-permissions
https://journals.sagepub.com/home/dhj


knowledge through clinical studies.4 MRTs usually span
several weeks, up to a few months, with participants rando-
mized numerous times at pre-determined time points. In
MRTs, the assignment of the interventions could be
changed depending on previous outcomes and time-
dependent covariates. Time-dependent covariates would
also be considered when evaluating the intervention
effects.4,5 Although study design incorporating time-
dependent covariates and previous outcomes is the strength
of MRT, some trials have been more simply designed and
analyzed.6–10 Trials where time-dependent covariates or
previous outcomes are used only to increase statistical
power in the analysis11 can be considered simple MRTs.

Missing data are a frequent issue in clinical studies of
health-related apps. The systematic review of apps for
chronic diseases reported that approximately 40% of data
were missing, on average.12 The missing data are often clas-
sified as missing completely at random (MCAR), missing at
random (MAR), and missing not at random (MNAR), with
these classifications varying across.13–17 For our purposes,
we adopted the definitions used in the paper by Curnow
et al.17 We simplified their definition and applied them to
our study. MAR was defined as the case in which missing-
ness depends on only observed variables; MNAR was
defined as the case in which missingness depends on unob-
served variables. Although research on the causes of
missing data in clinical studies of apps is limited, the asso-
ciated factors are considered to be diverse, including age,
educational history, occupation, health literacy, and person-
ality characteristics.12 These factors are numerous, and
some are difficult to measure; thus, measuring all factors
associated with missing data is typically challenging. In
addition, variables such as personality characteristics are
associated with lifestyles, like the number of walking
steps.18–20 Therefore, unmeasured background factors
may introduce non-negligible bias into the estimates
(Figure 1).

To the best of our knowledge, appropriate methods for
handling missing data in MRTs have not yet been
adequately evaluated. We focused on a simple MRT in
which interventions were randomized in the same probabil-
ity for all participants and without considering time-
dependent covariates in the analysis. As a first step in con-
sidering missing data in MRT, our study aimed to investi-
gate the proper methods for handling missing data in
MRTs when missingness depends on background factors.
We performed two generally preferred methods, the avail-
able data analysis and the multiple imputation.16 Sixteen
scenarios were considered, based on presence of the inter-
action effect between the background factor and the inter-
vention, presence of unmeasured background factors,
types of background factors (continuous or categorical),
and influence of covariates on probabilities of the missing
(large or small). Following the simulation study, we
applied missing data handling methods to the MRT of the
assistant to lift your level of activity (Ally), an exercise pro-
motion app for healthy adults.8

Methods
In repeated measures studies, generalized estimating equa-
tions (GEE) and the random effects model (RE) are often
used for estimating the intervention effects.21 GEE and
RE were not valid for MRTs with time-dependent covari-
ates,5,22 but we used GEE and RE in our analysis since
we assumed a situation in which such time-dependent vari-
ables were not present. For the handling of missing mea-
surements, we performed the available data analysis and
the multiple imputation.

Generalized estimating equations21

GEE is a multivariate analysis method for clustered data, for
instance, where subjects are measured at many time points.
We estimate the intervention’s or other variables’ effect (β)
by solving the following estimating equation:

∑n
i=1

∂μi(β)
∂β

( )t

V−1
i (Yi − μi(β)) = 0

where Yi is the vector of outcomes for subject i,
E(Yi) = μi(β) = g(Xiβ), Xi is the design matrix including
the intervention and other variables, g( ) is the link-function
such as identify, and Vi = Var(Yi). When using GEE, it is
necessary to specify the μi(β) model and the Vi structure.
The following sandwich variances provide estimators that
are robust to misspecification of the structure of Vi.

Var(β̂) = D−1MD−1

D =
∑n
i=1

∂μi(β)
∂β

( )t

V−1
i (Yi − μi(β))Figure 1. Directed acyclic graph illustrating non-negligible bias

generation mechanisms due to unmeasured background factors.
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Random effects model21

RE is also a multivariate analysis method for clustered data.
However, unlike GEE, the effect is estimated by maximum
likelihood estimation. We describe the linear model that we
performed in this study. Outcomes are modeled as follows:

Yit = Xt
itβ+ Zt

itbi + ϵit

where Yit is the outcome for subject i at time-point t, X is the
fixed effects covariates, Z is the random effects covariates,
bi is the random effect, and ϵit is the error term. We assume
that ϵit follows an independent normal distribution and bi
follows a multivariate normal distribution.

Available data analysis

A simple approach to address missing data in these analyses
is to remove missing data and analyze only the observed
data. This method is known as the available data analysis.
In general, non-negligible bias occurs in the available
data analysis when unmeasured covariates affect missing-
ness and outcomes.23 In this study, we performed the avail-
able data analysis on GEE or RE and compared the results
with the case of the multiple imputation.

Multiple imputation

The multiple imputation is a statistical approach for addres-
sing missing data by repeatedly imputing missing values.
The multiple imputation consists of three steps. The first
step is to create m sets of pseudo-complete datasets by
imputing repeatedly missing values based on the imputation
models. The second step is to estimate the parameters θ and
their covariance matrixes by analyzing each m set of the
pseudo-complete datasets generated in the first step. The
estimated values of θ are denoted as θ̂1, θ̂2, . . . , θ̂m and
the estimated covariance matrixes as V̂1, V̂2, . . . , V̂m.
The final step is to combine the estimates obtained in the
second step into one: the estimator of θ is the mean of esti-
mates, and the estimator of the covariance matrix is given
by the Rubin rule as follows. WIM is the within-variance,
and BIM is the between-variance.

�θ = 1
m

∑m
l=1

θ̂l

V(�θ) = WIM + 1+ 1
m

( )
BIM

WIM = 1
m

∑m
l=1

V̂1,BIM = 1
m− 1

∑m
l=1

(θ̂− �θ)(θ̂− �θ)T

The multiple imputation was initially proposed based on the
Markov chain Monte Carlo method, which randomly
imputes missing values from the posterior predictive distri-
bution conditioned on the observed values.24 However,
implementing random sampling is difficult. Thus, a more
flexible approach based on fully conditional specification
(FCS) was proposed.25 In this approach, missing data
imputation is based on variable-by-variable models under
the assumption that the conditional distribution of each
variable is defined by the other variables. Let X consist of
p variables measured and R be the missing indicator for
X, and they are drawn from the multivariate distribution
P(X, R|φ). We assume all Xj, j = 1, 2, 3, . . . , p could be
specified by X−j, which is X without Xj. FCS specifies a
set of conditional distributions P(Xj|X−j, R, φj) instead
of P(X, R|φ). We evaluated the performance of the multiple
imputation based on the FCS in MRTs. Specifically, the
regression method26 and the propensity score method27

were performed.

Regression method26. In the regression method, a regression
analysis with the imputed variable as the explained variable
is performed using the observed data. The model

Xj = Xt
−jβREG

is fitted. The posterior predictive distributions of the regres-
sion parameters are calculated from the obtained estimates.

The new parameter β∗ obtained based on β̂REG and its vari-
ance structure. The posterior predictive distribution of the
missing values Xj is obtained based on the regression para-
meters randomly drawn from the posterior predictive distri-
bution. The missing values are randomly imputed from the
distribution with an expected value of Xt

−jβ∗.

Propensity score method27. A propensity score is the probabil-
ity of missing data and is estimated by the logistic regression
or other methods using observed data. Let pj be the missing
probability of variable Xj. For example, in the case of logistic
regression, the following model is used for estimation.

logit( pj) = Xt
−jβPS

The data sorted by the estimated propensity scores p̂j, are clas-
sified into k strata, and the approximate Bayesian bootstrap
method28 is applied to each stratum. Let nobs,s be the
number of cases observed in the sth stratum
(s = 1, 2, . . . , k). A dataset is created by sampling nobs,s
cases with replacement from each stratum of the observed
data. The missing values are randomly imputed from the
created dataset. In our study, propensity scores were estimated
by the logistic regression and k = 5. Although this method is
typically not used in clinical studies with baseline intervention
and multiple follow-up data, we used it in the MRT since the
interventions differed from time to time, and each time point
could be considered separate data.
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Research ethics and patient consent

This research was a simulation study; no data were obtained
from new patients. In the application section, we used the
data in the Ally Micro-Randomized Trial. All individual par-
ticipants enrolled in the study provided informed consent.8

The anonymized dataset was available online, and we used
the data after obtaining the permission from the authors.

Simulation study

Data generation

We assumed an MRT with 100 participants, 30 time points,
continuous outcomes, and three background factors. The simu-
lation of the assumed MRT was repeated 1000 times. Let X1i,
X2i and X3i be the background factors of the ith participant and
let Aitϵ{0, 1} be the intervention at time t. The intervention
was assigned with a probability of 0.5. The outcome after
the intervention at twas denoted as Yit+1; the indicator variable
Rit took the value 1 when Yit was missing and 0 when Yit was
observed; the missing probability of Yit was denoted as Pit.

For the background factors, two cases were considered:
(a) the factors followed the standard normal distribution,
and (b) the factors took the value of either 1 or −1 with a
probability of 0.5 independently. The outcomes were calcu-
lated using the following equation:

Yit+1 = aAit + β0 + β1X1i + β2X2i + β3X3i + β12X2i ∗ Ait

+ εit+1

εi = (εi1, εi2, . . . , εi30)T was the error vector for subject i.
εi was generated from a multivariate normal distribution
with the following covariance matrix:

σ2

1 ρ ρ2 . . . ρ29

1 ρ . . . ρ28

1 . . . ρ27

. .
. ..

.

1

⎛
⎜⎜⎜⎜⎜⎝

⎞
⎟⎟⎟⎟⎟⎠

The missing probability was calculated using the following
equation:

P(Rit+1 = 1) = logit−1(θAit + η0 + η1X1i + η2X2i + η3X3i)

Two scenarios with and without the interaction were simu-
lated (β12 = 0 or 1.0). The influence of covariates on
missing probabilities was simulated in cases with large
effects (η1 = 0.5, η2 = 1, η3 = 1.5) and small effects
(η1 = 0.25, η2 = 0.5, η3 = 0.75). Other parameters were
set as a = 0.5, β0 = 0, β1 = 0.5, β2 = 1.0, β3 = 1.5,
σ2 = 1, ρ = 0.5, θ = −1.0, η0 = −1.0.

Simulation statistical analysis

The generated datasets were analyzed by GEE and RE with
individual-level intercept. Covariates were not adjusted in

either analysis. We specify independence for the correlation
structure of GEE and used the Kenward–Roger method to
estimate the degrees of freedom in RE. We compared the
following methods for handling missing data. Multiple
imputations were performed within each subset of time
points (we called this “by time point”), and multiple impu-
tations were performed on pooled data without distinguish-
ing time points (we called this “disregarding time points”).
In the “by time point” method, imputation was performed
30 times on the dataset containing 100 participants, and
in the “disregarding time points” method, imputation was
performed once on the dataset containing 100*30 values.
As a reference, we also analyzed the dataset before generat-
ing the missing data (Full).

(i) Available data analysis (AD).
If X1, X2 and X3 could be accounted for (simula-

tion patterns (ii) to (v)), we considered these patterns
as MAR.

(ii) Regression method with A, X1, X2, X3 by time
points (Reg_ByT).

(iii) Regression method with A, X1, X2, X3, disregard-
ing time points (Reg_Pool).

(iv) Propensity score method with A, X1, X2, X3 by
time points (PS_ByT).

(v) Propensity score method with A, X1, X2, X3, disre-
garding time points (PS_Pool).

If we hypothetically assume that only X1 was
observed (simulation patterns (vi) to (x)), these pat-
terns could be considered MNAR. We also evaluated
the performance of the analysis using random effects
in addition to X1.

(vi) Regression method with A, X1 by time points
(Reg_ByT).

(vii) Regression method with A, X1, disregarding time
points (Reg_Pool).

(viii) Regression method with A, X1 and the individual-
level random effect as the intercept (Reg_Re).

(ix) Propensity score method with A, X1 by time points
(PS_ByT).

(x) Propensity score method with A, X1, disregarding
time points (PS_Pool).

In all multiple imputation, we generated 100 pseudo-
datasets and combined the results. We obtained the final
results by averaging the point estimates and standard
errors of 1000 simulations.

Simulation results

A consistent pattern was observed in all scenarios, irre-
spective of whether the covariates were continuous or
categorical. Therefore, we present the results without dis-
tinguishing between different distributions of the covariates.
The results were summarized in four sections based on

4 DIGITAL HEALTH



presence of the interaction effect between the intervention
and the background factor, and whether we accounted for
all covariates or only one covariate (MAR or MNAR).

Under MAR and without interaction. In the available data
analysis, the GEE estimations were biased, but this bias
was minimal in the RE estimates (Figure 2(a) and (b)). In
the regression methods with A, X1, X2 and X3, we obtained
unbiased results regardless of whether the time points were
disregarded. By contrast, the propensity score method
yielded bias in the direction of underestimation. The pro-
pensity score method, which disregarded time points, did
not obtain some results because of the absence of observed
values in the stratified subgroups. The results were obtained
802 times for binary covariates and 862 times for continu-
ous covariates when the effects of the covariates on miss-
ingness were large. These results were similar, regardless
of the degree to which the covariates affected missingness.

Under MNAR and without interaction. In the regression
methods with A and X1, we obtained biased results, regard-
less of whether the time points were disregarded (Figure
3(a) and (b)). The bias was reduced by adding individual-
level random effects as intercepts to the imputation
model. The propensity score method resulted in bias;
however, this bias was smaller than that in the regression
model without individual-level random effects. These
results were similar, regardless of the degree to which the
covariates affected missingness.

Under MAR and with interaction. In the available data ana-
lysis, both the estimations of GEE and RE were
biased (Figure 4(a) and (b)). The regression methods with
A, X1, X2 and X3 resulted in a similar degree of bias as
the available data analyses, regardless of whether time
points were disregarded. The propensity score method
resulted in a more considerable bias. The propensity score
method, which disregarded time points, did not obtain
some results because of the absence of observed values in
the stratified subgroups. The results were obtained 802
times for binary covariates and 862 times for continuous
covariates when the effects of the covariates on missingness
were large. These results were similar, regardless of the
degree to which the covariates affected missingness.

Under MNAR and with interaction. In the regression methods
with A and X1, we obtained biased results, regardless of
whether the time points were disregarded (Figure 5(a) and
(b)). The bias was reduced by adding individual-level
random effects to the imputation model as intercepts. The
propensity score method improved over the available data
analysis but resulted in bias.

Standard errors. The results regarding standard errors were
presented below, without distinguishing between different

mechanisms of missing data, presence of interactions, and
degrees of impact of covariates on missingness. In all ana-
lyses, standard errors of the RE were smaller than those of
GEE. The multiple imputations in GEE outperformed the
available data analysis in terms of accuracy, but the mul-
tiple imputation in RE had worse accuracy.

Application study

The ally micro-randomized trial (the ally trial)

We compared the available data analysis and the multiple
imputation by applying them to the Ally MRT data. The
MRT of the Ally, an app that promotes physical activities
in adults, was conducted in Switzerland between October
and December in 2017 with 274 health insurance partici-
pants. The results of this trial were published, and the anon-
ymized dataset was available online (cited 2023 Apr 13).8

The purpose of the trial was to evaluate the effects and inter-
actions between the three interventions.

1. Incentive conditions (cash, charity, or no incentives)
2. Weekly plannings (action planning, coping planning, or

no planning)
3. Daily self-monitoring prompt (receiving or not)

Interaction effects between incentives and self-monitoring
prompts (SMPs) and interaction effects between incentives
and weekly plannings were postulated when the study was
designed.29 Each intervention was randomized at different
times. The SMPs were randomly assigned every day
except Sunday, which was micro-randomized. The primary
endpoint was achievement of the target number of steps
per day, whereas the secondary endpoint was the number
of steps taken. The expected number of steps was 11508, cal-
culated as 274 participants for 42 days. However, 34.4%
(3957/11508) of the records were missing. The published
paper reported that only incentives were effective.8

Application statistical analysis

We estimated the step ratios and 95% confidence intervals
(CIs) for the three interventions, the interactions between
incentives and plannings, and the interactions between
incentives and SMPs. The log-transformed numbers of
steps were analyzed as the outcomes using GEE and RE.
We specified independence for the correlation structure of
GEE and used the Kenward–Roger method to estimate
the degrees of freedom in RE. In RE, to account for the
nesting of interventions (split-split-plot design), we speci-
fied the interactions between participants and incentives,
and the interactions between participants, incentives,
weeks, and plannings as random effects.

The available dataset included age, gender, employment
status, smartphone operating system, and the number of
steps taken during the baseline period as background

Kondo and Oba 5



factors. The number of steps taken was imputed from these
background factors and interventions at each time point.
Because there were missing background factors, we
imputed the background factors with multiple imputation
by chained equations (MICE)30 among background
factors and then imputed the missing step counts. In
MICE, categorical variables were imputed with the logistic

regression, and continuous variables were imputed with the
predictive mean matching.31,32 We compared the following
methods for handling missing step counts.

(i) Available data analysis.
(ii) Regression method with interventions and back-

ground factors by time points.

Figure 2. Simulation results of mean point estimates± average standard errors when all covariates were accounted for, there was no
interaction, and the effects of covariates on missingness were (a) large and (b) small.
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(iii) Regression method with interventions and back-
ground factors, disregarding time points.

(iv) Regression method with interventions, background
factors and the individual-level random effect as the
intercept.

(v) Propensity score method with interventions and back-
ground factors by time points.

(vi) Propensity score method with interventions and back-
ground factors, disregarding time points.

In all multiple imputation, we generated 100 pseudo-
datasets and combined the results. SAS 9.4 was used for
all statistical analyses.

Figure 3. Simulation results of mean point estimates± average standard errors when only one covariate was accounted for, there was no
interaction, and the effects of covariates on missingness were (a) large and (b) small. Values in parentheses are average standard errors.

Kondo and Oba 7



Application results
The estimates of the step ratio for the SMPs, which were
micro-randomized in the study, remained consistent
among different methods for handling missing data
(Table 1). Other estimates did not also change considerably
(Table 2, Table 3).

Except for incentive interventions, the point estimates
of the step ratios ranged from 0.9 to 1.1, and the 95% CIs
included 1.0. The point estimate of the step ratio for the
incentive intervention was approximately 1.1. In some
multiple imputation, the lower limits of the 95% CIs
exceeded 1.0. GEE resulted in narrower CIs for the

Figure 4. Simulation results of mean point estimates± average standard errors when all covariates were accounted for, there was the
interaction, and the effects of covariates on missingness were (a) large and (b) small.

8 DIGITAL HEALTH



incentive interventions and wider CIs for the SMPs com-
pared to RE.

Discussion

Principal findings

We evaluated the performance of the available data analysis
and the multiple imputation in MRTs in which interventions

were uniformly randomized for all participants through the
trial and without considering time-dependent covariates in
the analysis. We considered 16 MRT scenarios in simula-
tion based on the presence of the interaction effect
between the background factor and the intervention, the
presence of unmeasured background factors, the distribu-
tions of background factors, and the influence of covariates
on the missing probabilities. The three main findings were

Figure 5. Simulation results of mean point estimates± average standard errors when only one covariate was accounted for, there was the
interaction, and the effects of covariates on missingness were (a) large and (b) small.
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as follows: first, the available data analysis could be an
option for handling missing data; second, including
random effects in the regression methods reduced bias;
and third, the propensity score method performed poorly,
even when the mechanism of missing data was MAR.

Our first main finding was that there were some scen-
arios in which the available data analysis performed better
than the multiple imputation. In general, bias in the avail-
able data analysis can occur because of unmeasured
factors influencing both missing data and outcomes.23 In
our study, bias was observed in GEE. However, when
using RE for the available data analysis in scenarios
without the interaction effect, the bias was minimal. In
the presence of time-dependent covariates, RE is not con-
sidered valid, and methods based on estimating equations
have been proposed.5,22,33 However, within the MRTs we
focused on, our results suggested that RE may be better
than GEE. These results are consistent with the statements
in Little14: “If the data are MAR, likelihood inference based
on the random effects model is equivalent to inference
based on the full likelihood considering missing-data mech-
anism. In contrast, GEE generally requires a stronger
assumption to yield a consistent estimator”. Nonetheless,
these results do not necessarily imply that the available
data analysis by RE is superior to other methods. In our
study, bias was evident in scenarios with an interaction
between the covariate and the intervention, similar to obser-
vations in GEE. This could be because the random effects
partially reflected the effects of the unobserved covariates
in the patterns without the interaction, and the random
effects corresponding to the interaction were not included
in the patterns with the interaction.

Our second key finding was that including random effects
in the regression model of the multiple imputation could help
reduce bias. As expected, the multiple imputation with the

regression model performed well only in scenarios where
we accounted for all covariates and without the interaction,
whereas bias was observed in scenarios where we accounted
for only one covariate or with interaction effects. However,
the bias was reduced by including individual-level random
effects as intercepts in the imputation models with only
one covariate. The results indicate that including individual-
level random effects could reduce the influence of unmeas-
ured background factors.

Our final key finding was that the propensity score
method could introduce bias, even in situations where the
missing probability model was correct. The propensity
score method does not consider the association between
the variables used to estimate the probabilities of missing
data and the outcome variable. When the intervention
affects the outcome variable but not the missingness, the
intervention effect is underestimated because the associa-
tions between the outcome variable and the interventions
are not correctly reflected in the imputations.34 In the simu-
lations, the impact of background factors on missing data
was greater than that of the intervention, and the effect of
the intervention on the outcome may have been underesti-
mated due to the relatively small impact of the intervention
on missingness. When imputations were performed at each
time point, the observed subjects in the subgroups stratified
by missing probabilities were absent and could not be com-
pleted. In MRTs with a small number of participants, esti-
mates may not be obtained if missing data are handled
using the propensity score method at each time point.

In our study, multiple imputation had shown better effi-
ciency when we used GEE but not when we used RE. This
comparison conclusions of efficiency in RE align with pre-
vious studies.35–37

Based on the findings of this study, it is challenging to
determine the best method of handling missing data in

Table 1. Estimates and 95% CI of the step ratios of self-monitoring prompts for the Ally trial.

Method for handling missing data

GEE RE

Estimate 95% CI Estimate 95% CI

Available data analysis 1.000 [0.953–1.049] 0.993 [0.954–1.034]

Regression method by time points 1.000 [0.950–1.052] 1.000 [0.956–1.046]

Regression method, disregarding time points 0.998 [0.950–1.049] 0.998 [0.956–1.042]

Regression method with random effects as intercepts 1.000 [0.951–1.052] 1.001 [0.957–1.046]

Propensity score method by time points 1.007 [0.957–1.059] 1.006 [0.961–1.054]

Propensity score method, disregarding time points 0.999 [0.952–1.049] 0.999 [0.956–1.043]

CI, confidence interval; Ally, assistant to lift your level of activity; SMP, self-monitoring prompt; GEE, generalized estimating equations; RE, random effects
model.
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MRTs. However, we can propose several recommenda-
tions. The available data analysis of the RE might
perform others when interaction effects are not considered.
Nonetheless, this assumption may not hold true in the
context of MRTs. Within the scope of our study, we
found that multiple imputation by regression methods,
including individual-level random effects, yielded better
results under such conditions.

Limitations and future research

This study had some limitations. First, it assumed that
background factors and the intervention determined the
presence of missingness. In the Ally trial, since the
number of steps was measured automatically, the associ-
ation between missingness and previous outcomes was
expected to be weak. However, in other MRTs, there
may be a strong association between missingness and pre-
vious outcomes. Therefore, it is necessary to research
cases in which missingness depends on the previous out-
comes in the future. In MRTs with non-monotonic
missing data, multiple imputation conditioned on vari-
ables of all time points is unrealistic owing to overfitting
and problems with the number of parameters. One pos-
sible approach would be to apply a two-fold FCS38 that
performs multiple imputation for separate time points.

Second, time-varying covariates were not considered in
this study. The time-varying variables analyzed in the Ally
trial were the interventions and the outcome, and only the
outcome could be missing. However, time-dependent cov-
ariates are collectible using wearable devices to optimize
interventions.4,39 The analysis of such app studies should
consider coping with time-varying covariates; hence, this
is an important topic to investigate in the future. In MRTs
where time-dependent covariates are used for only statis-
tical power, sensitivity analysis should be performed
using missing handling methods without including time-
varying covariates in the analysis.

Third, this study examined the performance of the mul-
tiple imputation in situations where the outcome was a con-
tinuous variable but not in situations where the outcome
was a categorical variable.

Fourth, we compared the performance of traditional mul-
tiple imputation methods. Multiple imputation using
machine learning and other methods have been devel-
oped,40–42 and these methods can potentially implement
multiple imputation methods with fewer assumptions. The
evaluation of applying these methods to the missing data
in MRTs is one of the important future works.

Application discussion

In the Ally trial, the expected number of records was 11508,
calculated as 274 participants for 42 days, but 34.4% (3957/
11508) of records of daily steps were missing. Although

many values were missing, the results were similar
between the approaches. It was suggested that the study
might receive little influence owing to missing data. We
found no significant intervention effects in the available
data analysis. The paper reporting the results of the Ally
trial8 also found no significant effect when the number of
steps was analyzed as a continuous quantity, and the
results in this study were considered consistent.

GEE tended to obtain narrower CIs for incentives and
wider CIs for SMPs than RE. This result appropriately
reflects the study design of split-split plot design. RE that
appropriately reflects the study design should be selected.

Conclusion
We compared the performance of multiple imputation and
the available data analysis in simple MRTs, where
missing data depend on the intervention and background
factors. The available data analysis of the random-effects
model performed better if there was no interaction
between the intervention and the background factor.
However, we recommend using the multiple imputation
when performing GEE or when interactions are assumed.
In addition, the imputation model in regression methods
should include individual-level random effects. When
using propensity score methods, it is advisable to exclude
variables with minimal influence on the outcome.

Abbreviations
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CI confidence interval
FCS fully conditional specification
GEE generalized estimating equations
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MCAR missing completely at random
MICE multiple imputation by chained equations
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