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Abstract

Background: Missing data are common in mobile health (mHealth) research. There has been little systematic investigation of
how missingness is handled statistically in mHealth randomized controlled trials (RCTs). Although some missing data patterns
(ie, missing at random [MAR]) may be adequately addressed using modern missing data methods such as multiple imputation
and maximum likelihood techniques, these methods do not address bias when data are missing not at random (MNAR). It is
typically not possible to determine whether the missing dataare MAR. However, higher attrition in active (ie, intervention) versus
passive (ie, waitlist or no treatment) conditionsin mHealth RCTsraise astrong likelihood of MNAR, such asif active participants
who benefit less from the intervention are more likely to drop out.

Objective: This study aims to systematically evaluate differential attrition and methods used for handling missingness in a
sample of mHealth RCTs comparing active and passive control conditions. We also aim to illustrate a modern model-based
sensitivity analysis and a simpler fixed-val ue replacement approach that can be used to eval uate the influence of MNAR.

Methods: We reanalyzed attrition rates and predictors of differential attrition in a sample of 36 mHealth RCTs drawn from a
recent meta-analysis of smartphone-based mental health interventions. We systematically evaluated the design features related
to missingness and its handling. Data from a recent mHealth RCT were used to illustrate 2 sensitivity analysis approaches
(pattern-mixture model and fixed-value replacement approach).

Results. Attrition in active conditions was, on average, roughly twice that of passive controls. Differential attrition was higher
in larger studies and was associated with the use of MAR-based multiple imputation or maximum likelihood methods. Half of
the studies (18/36, 50%) used these modern missing data techniques. None of the 36 mHealth RCTs reviewed conducted a
sensitivity analysis to evaluate the possible consequences of data MNAR. A pattern-mixture model and fixed-value replacement
sensitivity analysis approaches were introduced. Results from a recent mHealth RCT were shown to be robust to missing data,
reflecting worse outcomes in missing versus nonmissing scores in some but not all scenarios. A review of such scenarios helps
to qualify the observations of significant treatment effects.

Conclusions:. MNAR databecause of differentia attrition are likely in mHealth RCTs using passive controls. Sensitivity analyses
are recommended to allow researchers to assess the potential impact of MNAR on trial results.

(J Med Internet Res 2021;23(6):€26749) doi: 10.2196/26749
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Introduction

Background

Intheworld of mobile health (mHealth), high and rapid attrition
istherulerather than the exception [1]. Thislaw of attrition [1]
applies both to the use of mHealth interventionsin naturalistic
settings (eg, internet-based interventions for anxiety and
depression [2]) aswell asto studies designed to test the efficacy
of mHedlth interventions (eg, randomized controlled trias
[RCTS] of smartphone-based interventions for mental health
problems[3]). Attrition in naturalistic settingsinvolves nonusage
or discontinuation of usage, whereas attrition in research settings
can involve these usage patterns along with dropouts from the
study itself [4]. Nonusage and discontinuation of usage can limit
the therapeutic potential of mHealth, and the development of
methods to increase the sustained uptake of mHealth
interventions is an area of active research [5,6]. In research
contexts, attrition can not only attenuate therapeutic effects but
can a so produce additional problems such asreduced statistical
power and the introduction of bias. This bias can skew results
and limit the generaizability of the study findings (eg, only
ableto generalize to those who continue use). Various methods
have been proposed to prevent attrition in mHealth research
(eg, making interventions more engaging, implementing arun-in
period before randomization, and including remainders and
financial incentives [3,7]). However, to date, high attrition
appears to be the rule rather than the exception of mHealth
research [3].

Attrition in research contexts typically results in missing data.
Some exceptions to this may include measures that continue to
be assessed regardless of ongoing study participation (eg,
smartphone app usage). Nonetheless, decades of methodol ogical
work have focused on characterizing the various types of
missing dataand devel oping statistical approachesfor handling
missingness[8,9] (for amore thorough discussion of the various
types of missing dataand methodsfor handling them, interested
readers are directed to Enders[8] and Graham [9]; for atutorial
specifically geared to nonstatistician mHealth researchers, refer
to Blankers et al [10]). There are three basic types of missing
data that can be distinguished by their presumed cause as well
astheir impact on statistical tests[9]. Thefirst and most benign
type is data that are missing completely at random (MCAR).
For example, an RCT testing a smartphone-based intervention
for depression compared with a waitlist control group. In this
context, itiscommon for posttreatment depression scoresto be
missing for asubset of participants[11]. If the missing dataare
MCAR, the cases with missing values can be viewed as a
random sample of all cases. Assuch, the missing values did not
systematically differ from the observed values. Statistical tests
that ignore missing cases (eg, listwise deletion) provide unbiased
estimates of parameter values, abeit with reduced statistical
power. The second missing datatypeis datathat are missing at
random (MAR). For MAR data, the missing value (eg, posttest
depression scores) does not depend on the missing value itself
(ie, whether the missing score, if observed, would have been
high or low) but depends on the observed data. For example,
missingness may be more likely for those who had higher
depression scores at baseline or were younger, but conditional
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upon such variables, the outcomes for missing cases resemble
those of the observed cases (MCAR is actually a specia case
of MAR, specifically onein which the missing values are neither
associated with observed values or missing values). Similar to
MCAR, MAR data can aso be analyzed in ways that produce
unbiased parameter estimates, provided observed variables on
which the missing value depends areincluded in theimputation
and analysis model. Most recent advances in missing data
analysis operate under the assumption of MAR. Multiple
imputation (M1) and maximum likelihood (ML) aretwo widely
used modern statistical methods that effectively use observed
data for unbiased and statistically efficient (ie, not
underpowered) analysis of MAR data and can also be applied
to MCAR data.

Missing data that are MCAR and MAR are relatively
straightforward to handle (so-called ignorable missing data[9]).
In contrast, data that are missing not at random (MNAR) are a
larger problem (ie, not ignorable), particularly when thereis a
substantial amount of missing data (eg, >5% [9]). For MNAR
data, missingness depends on the val ue of unobserved data. For
example, those who would have reported higher depression
symptoms posttreatment may be more likely to drop out. The
consequences of MNAR in RCTs can be substantial. In our
depression RCT example, we found that participants in the
active condition (ie, the intervention arm) were more likely to
have missing posttest depression scores than the waitlist control
(ie, passive control). It is generally impossible to demonstrate
that data are MNAR, and simply having differential attrition
does not necessarily indicate MNAR data or lead to biased
results [12]. Although MNAR cannot be assessed directly, we
might speculate that participants in the active condition who
did not benefit as much from the smartphone-based intervention
may be more likely to drop out of the study (refer to Crutzen et
al [13] for similar possibilities offered to explain higher attrition
in treatment vs control conditions in health behavior change
interventions). This could be because of, for example, the greater
effort required to participate in the treatment arm, especially if
experiencing higher levels of depression. Such a relationship
may well supersede what can be explained by the other
measured variablesfor such subjects. In this case, thelikelihood
of having an unobserved posttest depression scoreis dependent
on the value of the scoreitself, had it been observed. Thus, we
are under the condition of MNAR. Further, the consequences
of the MNAR on the estimation of treatment effects may be
substantial, leading to an overestimation of the effect of the
treatment because of missing observations. It is theoretically
possiblethat the influence of MNAR dataisreversed, with those
dropping out experiencing better rather than worse outcomes
(eg, dropping out of the study because one's symptoms have
already improved). This possibility is viewed as unlikely in
related disciplines (eg, addiction research [14]). Lacking data
or a strong rationale suggesting that missingness because of
improved outcomes islikely in mHealth research, we focus on
the more plausible MNAR mechanism of individuals who fail
to respond to be those most likely to discontinue study
participation.

Unlike MCAR and MAR missingness patterns, MNAR cannot
be easily handled in a confident manner. Moreover, MNAR can
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have multiple causes, making it difficult to develop a single
method that can universally address it, even in a single study.
Asaresult, some form of sensitivity analysis is recommended
to understand the possible effects of MNAR [12,15]. Advanced
toolsfor evaluating the consequences of MNAR data have been
developed, most notably selection models [16] and
pattern-mixture models [17]. These models accommodate the
joint distribution between the probability of missingness and
the observed dataand can be powerful techniquesfor evaluating
theimpact of MNAR. At once, understanding and implementing
selection models or pattern-mixture models is a high bar for
many applied researchers who may be faced with MNAR data.
These models also involve untestable assumptions whose
violations can produce biased results [8,18]. Thus, the
application of MNAR procedures is undertaken more in the
spirit of understanding the possible implications of missingness
rather than explicitly correcting it. This approach is consistent
with viewing missing dataon acontinuum from MAR to MNAR
and focuses on evaluating whether the resultsarerobust to MAR
assumptionsimplicit in Ml and ML analytic approaches[9].

Other methods have been proposed to assess the influence of
MNAR data. The combination of high attrition and data that
are potentially MNAR is not unique to mHealth research, and
several approaches have come from the addiction field [19,20].
A classic example of MNAR data occursin smoking cessation
research, whereindividuals who drop out of the study are more
likely to have returned to smoking. Historically, awidely used
approach to handling missing smoking cessation datais simply
to assume that missingness equals smoking [14]. Thisapproach
is considered conservative and is arguably preferred over
treating the missing values as MAR or MCAR. However,
assuming missing equals smoking can also introduce bias[21];
for example, if missingness is strongly related to group
assignment in the context of an RCT and not all participants
who drop out, in fact, return to smoking (eg, higher attrition in
the waitlist vs nicotine patch condition).

Hedeker et a [14] offered a sensitivity analysis approach for
evaluating the impact of MNAR on study results within the
context of smoking cessation that could be adapted for usein
mHealth research. Specifically, Hedeker et al [14] recommend
evaluating the sensitivity of resultsto varying assumptions about
the smoking status for those with missing data [14]. Models
range, for example, from assuming aperfect association between
missingness and smoking (ie, missing=smoking) to assuming
that the odds of smoking for an individual with missing data
are between 2 and 5 times higher than those with nonmissing
data[14,22]. If theresults are robust to variationsin the assumed
value of missing data, one can be more confident that the
potential MNAR does not undermine the findings. If the results
change, one can also characterize the point at which this occurs
(eg, shifting from statistical significance to nonsignificance).
Similar approaches have been proposed in other fields as well
(eg, cost-effectiveness analyses) and incorporated into a broader
MAR framework (eg, M1 [23]).

Degspite a longstanding acknowledgment that missing data are
common in mHealth research [1], to our knowledge, there has
not been a systematic investigation of the nature of missing data
(ie, MAR vs MNAR) and no recent evaluation of the waysin

https://www.jmir.org/2021/6/e26749

Goldberg et al

which study authors are handling missing data (for an older
review of missing data analysis techniques in internet-based
interventions for anxiety and depression, refer to Christensen
eta [2]). Asnoted, it isunfortunately not possibleto definitively
determine whether missing data are MAR or MNAR [8]; by
definition, one cannot establish an association between the
likelihood of a missing value and the unobserved value itself.
Some readers may be familiar with Little [24] MCAR test,
which is designed to evaluate the likelihood of MCAR across
adata set. Although it is tempting to consider thisas areliable
option for establishing missingness as MCAR, it has a humber
of substantial drawbacks, including low power (which can lead
to failure to reject the null hypothesis that data are MCAR),
unlikely and untestable assumptions (eg, shared covariance
matrix among miss data patterns), and failing to identify specific
variables that violate MCAR (ie, providing only an omnibus
test [8]). In the absence of a method for determining whether
data are MNAR, one could argue that it is incumbent upon
researchers to consider whether their handling of potentially
MNAR data yields biased results.

Asnoted above, apattern of missingnessthat may be suggestive
of MNAR in mHealth research is when missingness is higher
in an active condition relative to a passive (eg, waitlist) control
group. The context of an RCT is important for making this
claim. Random assignment should produce groups balanced on
all relevant covariates at baseline, including those that would
predict drop out [25]. As attrition would be caused, at least in
part, by group assignment (ie, activevswaitlist), it is, therefore,
important to speculate on the primary mechanism by which
treatment creates missingness. In the context of mHealth, one
could easily imagine that active participants are more likely to
drop out because of the increased burden associated with their
intervention. Presumably, participants who find the burden of
remaining engaged to exceed the benefits (or lack of benefits)
they are experiencing may be most likely to drop out. Likewise,
participants who experienced adverse reactions to the
intervention itself would be more likely to drop out. In both
instances—participantsfailing to realize benefits or experiencing
adverse reactions—missing posttreatment dataarelikely MNAR,
with unobserved scores on average reflecting lessimprovement
than observed scores. Regardless of the specific cause, the
meaning of missingness in the active condition will almost
certainly not be equival ent to the missingnessin waitlist control.
Thismakesit problematic to treat missing data asreflecting the
same outcomes as others in their respective groups, which is
precisely what MAR methods do.

A recent metaanalysis of attrition in RCTs testing
smartphone-based mental health interventions [3] found
evidence consistent with this potential source of MNAR data.
Linardon and Fuller-Tyszkiewicz [3] noted that active
participants were significantly more likely to drop out of the
RCTs than the passive control group participants (odds ratio
[OR] 1.87,95% CI 1.45-2.41, across all follow-up time points).
In contrast, this differential attrition was not observed when an
active control condition wasused (OR 1.13, 95% Cl 0.91-1.42).
As Linardon and Fuller-Tyszkiewicz's [3] study was not
primarily focused on differential attrition, they did not further
explore the possibility of MNAR or its implications, nor did
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they conduct standard meta-analytic sensitivity analysesfor this
specific effect (eg, trim-and-fill adjustment [26]). It would be
valuable to extend this finding by systematically evaluating
how differential attrition ishandled statistically in these mHesalth
RCTs and examining study design features associated with
higher rates of differential attrition (ie, meta-analytic
moderators).

In addition to further clarifying how differential attrition and
potential MNAR are handled within the mHealth literature,
there is a need to understand the potential implications of
MNAR for study outcomes. Selection models and
pattern-mixture models are two promising approaches.
Sensitivity analyses such as those recommended by Hedeker et
al [14] for smoking cessation could aso be readily adapted for
mHealth research.

This Study

This study has 2 primary aims. The first is to systematically
review the analytic methods used to address missingnessin a
portion of the mHealth literature that has previously shown
indications of potential MNAR. We examined 36 RCTs drawn
from Linardon and Fuller-Tyszkiewicz’s [3] recent
meta-analysis of smartphone-based mental health interventions
that compared active interventions and passive controls. To
examine statistical moderators of differentia attrition, we coded
attrition and study design features. We then cataloged how
missing data were handled within these trials, focusing on
whether the statistical approaches could handle MAR or MNAR
data

Our second aim isto present methods for evaluating the effects
of MNAR that may be relevant to mHealth research. We
illustrate the value of sensitivity analyses by applying an
MI-based pattern-mixture model along the lines of Hedeker et
al [14], aswell asasimpler fixed-value replacement sensitivity
analysis as examples of informative methods for evaluating the
impact of MNAR. To illustrate these approaches, we use data
drawn from arecent RCT of a smartphone-based mental health
intervention comparing 2 active conditions with a waitlist
control group [27].

Methods

Assessment of MNAR and Systematic Review of
Missing Data Analytic Approaches

To evaluate study design features associated with differential
attrition and the methods used to handle missing data, we
reanalyzed and systematically reviewed RCTs included in the
meta-analysis of attrition in smartphone-based mental health
interventions by Linardon and Fuller-Tyszkiewicz [3]. This
meta-analysisis recent and includes a reasonably large sample
of RCTs (n=36 studies) that compared active treatment with a
passive control condition (ie, waitlist or no treatment). We coded
the completer and drop out sample sizes for both active and
passive conditions at posttreatment to characterize differential
attrition. These values were then converted to ORs using
standard meta-analytic methods [26].

https://www.jmir.org/2021/6/e26749

Goldberg et al

Log ORs and their variance were then aggregated using a
random effects meta-analysis, weighted astypical using inverse
variance[26] inthe metafor R package (R Core Team). AsORs
and the variance of ORs cannot be computed for cells with
zeros, we conducted analyses using the Peto method [28], as
recommended in the Cochrane handbook [29]. We also
conducted analyses by adding a continuity correction for
instances of empty cells (ie, 0.5 added to all cells in a study
with an empty cell [30]). Heterogeneity of effect sizes was

characterized using 1 (ie, proportion of effect sizevariancethat
occurs between studies) and interpreted based on Higgins et al
[31]. We assessed the potential influence of outliers by
conducting aleave-one-out analysisin the metafor package[32]
and using thefind.outliersfunctionin R[33] that excludes effect
sizeswhose Cl do not overlap with the omnibus effect size Cl.

We systematically reviewed severa features of the included
studies. Theseincluded the overall sample size, overall dropout
rate, whether potential differential attrition was statistically
evaluated (ie, comparing dropout rates for active vs passive
conditions), whether differential attrition was detected, the
approach used for handling missing data, whether a modern
MAR data analytic approach was used (ie, Ml or ML), and
whether a sensitivity analysis was conducted to evaluate the
potential impact of MNAR data. To evaluate whether these
study characteristics were linked with differential attrition, we
tested them as moderators [26]. All analyses were conducted
using R [34].

MNAR Sensitivity Analysis

We used data from a recently conducted RCT testing a
smartphone-based mental health intervention [27] to illustrate
2 sensitivity analysis approaches for MNAR data. As many
mHealth RCTs include pre- and posttreatment assessments on
acontinuous variable, we apply these sensitivity analysesusing
data of this kind. In this study, 2 versions of an active
smartphone-based meditation intervention were compared with
a walitlist control on changes in psychological distress for 8
weeks (n=343). The origina RCT included 3 time points
(pretest, midtreatment, and posttreatment), and the primary
models used multilevel modeling with ML estimation. However,
in keeping with the possibility of MNAR data, attrition was
higher inthe activeintervention than the waitlist (OR 2.10, 95%
Cl 1.34-3.33).

The first approach is a variant of the pattern-mixture model
[23]. First, one conducts M1, imputing missing values based on
available data (eg, pretest scores and demographics). Code in
Multimedia Appendix 1 implements this in R using the jomo
[35], mitools [36], and mice [37] packages with 100 multiply
imputed data sets. It is worth noting that a limitation of Ml in
thiscontext isthe likely simulation of apositive treatment effect
in the missing outcomes (assuming a positive treatment effect
is seen in the observed outcomes), which may not be correct in
the presence of MNAR. Thus, we next modify the imputed (ie,
previously missing) posttest values using an offset parameter
representing varying MNAR conditions. In our example, we
assume progressively worse outcomes for those with missing
posttest values. As a lower distress score is better, we add
positive constants defined in relation to the residual SD from a
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model predicting posttest scores controlling for pretest scores
and group status. As the added positive constant increases, the
assumed outcome for missing observations becomes
progressively worse. To aid in interpretability, we followed
Cohen [38] effect size convention and added this value
multiplied by 0.20, 0.50, 0.80, 1.10, and 1.40 to the multiply
imputed values for cases with missingness. For example, the
deviation applied for the 0.20 condition is as follows:

Missing = Multiply imputed value + 0.20 X SDy;oqa(1)

A possible limitation of this approach is that, in the possible
absence of useful covariates in predicting missing outcomes,
all missing observations will be generated with large SDs,
implying a high degree of uncertainty in the missing outcomes.
Thus, even when introducing the offset parameter following
the pattern-mixture strategy, the observed variability in the
missing observations will still be large. To the extent that we
should not confuse lack of knowledge about missing outcomes
with actual variability in the missing outcomes, a sensitivity
analysis that also considers a fixed-value replacement for
missing observations can be useful. Therefore, we also applied
a second sensitivity analysis approach outside the context of
MI. Consistent with our strategy, this second approach focuses
on estimating residualized change scores, although simple
change scores could also be used. Once residualized change
scores are imputed for missing cases, nonparametric tests (eg,
Wilcoxon signed-rank test) can then be conducted using these
values to compare changesin the active and passive conditions
while avoiding statistical drawbacks associated with conducting
parametric tests using single imputed data (eg, artificially
deflating SE by treating imputed values asif they were observed
values[8]). Similar to the approach described above, to evaluate
the influence of potential MNAR data, we tested varying
assumptions about the meaning of missing posttest data from
complete case analysis to a worst-case scenario. The first
analysis assumes that the missing data are MCAR and uses
complete cases.

Complete case analysis: Missing=NA (2)

For the worst-case scenario, the missing data were assumed to
reflect the worst possible observed outcome. Residualized
change is operationalized as the observed posttreatment score
minus the predicted posttreatment score based on pretreatment.
For an outcome such as distress, in which lower values are
preferred (ie, lower distress), alarger (ie, more positive) residual
indicates a smaller decline in distress (for negative values), or
even an increase in distress over time (for positive values). For
an outcomeinwhich higher scoreswere better (eg, well-being),
one would simply reverse this approach (ie, replace missing
values with the minimum observed residual). In our example,
the worst-case scenario replaces the missing values with the
maximum value of the observed residualized change scores:

Worst-case scenario: Missing=M axi mMUMgeqqua(3)
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We then evaluated possibilities between the complete and
worst-case scenarios, with missing values imputed to be 0.20,
0.50, and 0.80 SD from the mean residualized change score.
These specific values were chosen to reflect small, medium,
and large deviations based on Cohen [38] guidelines. Again, as
alower scoreis better for distress, these deviations were added
to the mean residualized change score (the mean residua is
expected to be zero but is included here for the sake of
completeness):

Small MNAR deviation: Missing = MeaNgegqua +
0.20 x SDRegiciua(4)
Medium MNAR deviation: Missing = Meangegqua +
0.50 x SDRegiciua(5)
Large MNAR deviation: Missing = Meangesgua +
0.80 X SDgesiciua (6)

For example, psychological distress in the RCT by Goldberg
et a [27] was acomposite of 3 measures assessing depression,
anxiety, and stress, which were combined into asingle measure
and scaled to z units (ie, mean 0, SD 1). The mean residualized
change in psychological distress was 0 (SD 0.65), and the
maximum residualized change in psychological distress was
2.3. Therefore, the worst-case scenario replaced all the missing
residualized change scores of 2.3. In the midrange scenarios,
missingness was replaced with asmall deviation from the mean
(0 + 0.2 x 0.65 = 0.13), a medium-sized deviation from the
mean (0 + 0.50 x 0.65 = 0.33), and a large deviation from the
mean (0 + 0.80 x 0.65 = 0.52). Wilcoxon signed-rank tests
compared the rank sum for the active and passive conditions
based on the complete case analysis and the 4 scenarios. All
analyses were conducted using R [34]. Deidentified data [39]
and the R code necessary for conducting the sensitivity analyses
areincluded in Multimedia Appendix 1.

Results

Assessment of MNAR and Systematic Review of
Missing Data Analytic Approaches

Linardon and Fuller-Tyszkiewicz's[ 3] review included 36 RCTs
that compared one or more active conditions with a waitlist
control condition. Intention-to-treat and completer sample sizes,
aong with study characteristicsrelated to missing dataanalysis,
are included in Table 1. The average sample size per study,
combined across active and passive conditions, was 143.53 (SD
118.66). Average attrition rates were numerically higher in the
active condition (23.32%, SD 19.88%) than in the passive
condition (15.36%, SD 15.51%), and 2 studies reported no
attrition [40,41]. Among the 34 studieswith attrition, aminority
(11/34, 32%) statistically compared attrition rates between active
and passive conditions. A total of 6 studies detected differential
attrition, in all cases reporting higher attrition in the active
conditions relative to the passive conditions.
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Table 1. Attrition rates and study design characteristics.

Study Tx? Txdrop ¢ WL Diffd Method® Multipleimputa-  Maximum likeli-
ITTP ITT drop tion hood
Bakker et al [42] 234 146 78 25 N/AF ANOVAY Yes No
Bidargaddi et al [5] 192 106 195 88 Yes, higher in active  t tests Yes No
Bostock et a [43] 128 5 110 4 N/A ANOVA No No
Carissoli et al [40] 20 0 18 0 N/A ANOVA N/A N/A
Champion et al [44] 38 9 36 3 No MLm"  Yes Yes
Enock et a [45] 206 38 36 0 N/A MLM No Yes
Faurholt-Jepsen et al [46] 39 6 39 5 N/A MLM No Unclear’
Hall et a [47] 76 34 25 13 N/A MLM No Unclear
Horsch et al [48] 74 29 7 15 N/A MLM Yes Unclear
Ivanova et al [49] 101 20 51 4 N/A MLM No Yes
Kahn et a [50] 80 1 80 0 N/A t tests No No
Krafft et a [51] 67 15 31 5 N/A MLM No Yes
Kristjansdottir et al [52] 70 23 70 33 N/A t tests No No
Kuhn et a [53] 62 11 58 6 No ANOVA  Yes No
Lee and Jung [54] 102 25 104 18 N/A ANOVA No No
Levin et a [55] 12 0 11 0 N/A MLM No Unclear
Levin et a [56] 59 13 28 5 No MLM No Unclear
Liidtke et a [11] 45 10 45 6 No ANOVA  Yes No
Lukas and Berking [57] 16 2 15 2 N/A ANOVA No No
Ly et al [58] 36 3 37 2 N/A MLM No Yes
Ly et al [41] 14 0 14 0 N/A MLM No Yes
Marx [59] 46 2 50 0 N/A ANOVA No No
Miner et a [60] 25 2 24 3 N/A ANOVA  Yes No
Moéll et al [61] 29 3 28 1 N/A ANOVA No No
Ohet d [62] 39 1 20 4 N/A ANOVA No No
Pham et al [63] 31 14 32 7 N/A ANOVA No No
Proudfoot et a [64] 242 116 230 32 Yes, higher inactive  MLM Yes Yes
Roepke et al [65] 190 152 93 57 Yes, higher inactive  MLM No Yes
Rosen et a [66] 57 17 55 7 Yes, higher inactive  MLM No Yes
Schlosser et a [67] 22 3 21 0 N/A ANOVA No No
Stjernsward and Hansson 196 60 202 42 N/A ANOVA  Yes No
(68]
Stolz et a [69] 60 18 30 7 No MLM Yes yes
Tigheet a [70] 31 2 30 0 N/A ANOVA No No
van Emmerik et a [71] 191 111 186 45 Yes, higher inactive  MLM Yes Unclear
Verdluiset d [72] 46 9 42 3 Yes, higher inactive  MLM No Unclear
Yang et al [73] 45 3 43 4 N/A ANOVA No No

8Tx: active treatment conditions.

BITT: intention-to-treat sample size; drop=attrition at posttreatment assessment.

SWL: waitlist (or no treatment control condition).

YWhether differential attrition was tested and, if so, whether a between-group difference was detected.
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CPrimary data analysis method.
'N/A: not applicable (because of lack of missing data or differential attrition
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test not conducted).

9ANOVA: analysis of variance or related method (eg, analysis of covariance).

PMLM: multilevel model.
'"Unclear whether multiple imputation estimator was used.

Most studies used multilevel modeling (17/36, 47%) or avariant
of analysis of variance (eg, analysis of covariance, multivariate
analysis of variance; 16/36, 44%) as the primary analytic
approach, with 8% (3/36) of studiesusing at test. Half (18/36,
50%) of the studiesused ML or M1 to handle missing data. M|
was used in 31% (11/36) of studies, with multipleimputed data
sets then analyzed using analysis of variance or t tests [5,42].
ML was used in combination with multilevel modeling in 28%
(10/36) of the studies. An additional 19% (7/36) of studies used
multilevel modeling but did not specify the estimator [72]. No
study conducted a sensitivity analysis to evaluate the potential
impact of MNAR data.

Consistent with Linardon and Fuller-Tyszkiewicz [ 3], theresults
of our reanalysis provided a clear indication of differential
attrition, with participants randomized to the active conditions
approximately twice as likely to drop out relative to those in
passive conditions (OR 1.94, 95% CI 1.50-2.51, using the Peto
method; OR 2.22, 95% CI 1.93-2.54 using a continuity
correction; both P valuesare <.001; Figure 1). The heterogeneity
was moderate (12=53.85%, 95% Cl 19.46-71.09). The results
were robust to |eave-one-out analyses (OR range 1.82-2.10; all
valuesof P<.001). Thefind.outlier function detected 4 outliers.
Resultswere similar with these studiesremoved (OR 1.91, 95%
Cl 1.58-2.32; P<.001).

Figure 1. Forest plot displaying results of the meta-analysis. Effects sizes are in log-odds units, with larger values indicating higher attrition in active
conditions relative to passive conditions. The size of points indicates relative weight in the meta-analysis (ie, inverse variance). RE: random effects.
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Several potential moderators were assessed using a
meta-regression analysis. Active conditions were more likely
to show higher attrition than passive conditions as the overall
sample sizeincreased (B=0.0022, 95% CI 0.0005-0.0039; note
that all meta-regression coefficientsareinlog OR units; P=.01;
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Figure 2). Higher overall attrition was not associated with
differential attrition (B=0.57, 95% CI —-0.89 to 2.03; P=.45).
Studies with higher differential attrition were marginally more
likely to test for differencesin attrition rates between active and
passive conditions (B=0.49, 95% Cl -0.002 to 0.99; P=.05,
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where testing=1 and not testing=0). There was no association
between differentia attrition rate and the likelihood of detecting
differentia attrition (B=0.55, 95% CI -0.19 to 1.29; P=.15,
where detecting a difference=l and not detecting a

Goldberg et al

difference=0). The use of a modern missing data analysis
method (ie, ML or MI) was associated with higher rates of
differential attrition (B=0.73, 95% CI 0.25-1.2; P=.003, where
use of ML or MI=1, no use of ML or MI=0).

Figure 2. Results of meta-regression indicating that larger studies are associated with higher rates of differential attrition (ie, higher attrition in active
vs passive conditions). Points are displayed relative to their weight in the meta-regression model (ie, inverse variance).
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MNAR Sensitivity Analysis to thewaitlist control. Consistent with the possibility of MNAR,

Selection and pattern-mixture models are 2 valuable modeling
strategies for handling MNAR (see Multimedia Appendix 2
[8,74,75] for a brief discussion of these methods and their
limitations). New strategies and extensions of these approaches
are continually being developed (eg, the index of local
sensitivity to nonignorability [76]). However, many mHealth
researchers may not be familiar with these methods. Selection
models, in particular, require the missing datamechanism to be
specified, which can be difficult to do. Moreover, a
pattern-mixture approach of the kind described above often
reflects a larger degree of uncertainty in the missing
observations, an uncertainty that should not be confused with
the presence of known variability in the missing outcome.
Therefore, rather than abandon attempts to assess the potential
impact of MNAR, mHealth researchers could consider
approaches that ssimply make specific assumptions regarding
anticipated outcomes for missing observations (ie, fixed-value
replacement). By examining the estimated treatment effectsin
the presence of specific assumed outcomes for missing
observations, we can similarly provide some insight into the
degree to which varying missingness assumptionsimpact study
results [14]. We illustrate both the pattern-mixture model and
fixed-val ue replacement approaches using data drawn from the
RCT by Goldberg et al [27].

Of the 343 participants randomized, 228 (66.5%) were assigned
to 1 of the 2 active conditions, and 115 (33.5%) were assigned

https://www.jmir.org/2021/6/e26749

noncompletion of posttreatment assessments was higher in the
active condition (137/228, 60.1%) than in the waitlist condition
(48/115, 41.7%; OR 2.10, 95% CI 1.34-3.33; P=.001). Goldberg
et a [27] primary analyses used al 3 time pointsin multilevel
models with ML estimation. The results indicated a steeper
decline in psychologica distress for the active conditions
relativeto thewaitlist (time x group interaction; P<.001). Here,
we examine how this result changes based on varying MNAR
scenarios using either an Ml-based pattern-mixture model
approach [23] or afixed-value replacement sensitivity anaysis
approach.

Table 2 shows the estimates of the effect of group status on
posttest distress, controlling for pretest distress across varying
MNAR conditionswithin the pattern-mixture model framework.
Asthe positive constant added (ie, offset parameter) increases,
increasingly worse outcomes are assumed for the missing
observations. Thosein the active group continued to show larger
declines in distress until imputed posttest distress scores were
offset by avalue of 1.10 or greater residual SD. Figure 3 depicts
the impact of these varying MNAR conditions. The first panel
displays the MAR-based estimates provided by MI, with
imputed values closely following the trgjectory of the respective
groups. As MNAR conditionsvary, the trgjectories for imputed
values becomeincreasingly divergent from the observed scores,
including the point that they reflect worsening scoreswith time.

JMed Internet Res 2021 | vol. 23 | iss. 6 | €26749 | p. 8
(page number not for citation purposes)


http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH

Goldberg et al

Table 2. Results of pattern-mixture model sensitivity analysis based on multiple imputation?,

Model Estimate? P value
MAR® -0.34 .002
0.20 -0.31 .004
0.50 -0.28 .01
0.80 -0.24 .03
1.10 -0.20 .08
1.40 -0.17 .16

@V odels are based on varying assumptions regarding the meaning of missingness. Multiply imputed posttest val ues based on 100 imputations are offset
[23] by varying amounts (ie, 0.20, 0.50, and residual SD).

bCoefficient for active group status (vswaitlist) predicting posttest distress scores controlling for pretest distress scores pooled acrossimputed data sets.
°MAR: missing at random (with no offset applied to posttest values).

Figure 3. Pre- and posttreatment scores for active and passive conditions with varying constant offset parameters added to multiply imputed values
for missing outcomes under conditions of missing not at random (ie, Missing). Values are in z-score units, scaled by distress at baseline (mean 0, SD
1). Panelsillustrate trajectories with offsets ranging from 0.2 to 1.4 residual SD. The missing at random panel represents values derived using multiple

imputation with no offset applied. MAR: missing at random; WL: waitlist.
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We now turn to the results of the fixed-value replacement
sensitivity analysis. Figure 4 visualy depicts the impact of
MNAR conditions on the trajectories of pre-post changefor the
active and passive groups using this approach. Thefirst 2 panels
(Comp Raw and Comp Resid) display changes for completers
only (in raw units and residualized change units, respectively).
However, if MAR is violated in the way hypothesized above,
one would expect the trajectory for unobserved active group
participants to be worse than the observed active group scores
(ie, following atrajectory more similar to the passive condition).
If the missing data are consistent with MAR, this adjusted
trajectory can be adequately recaptured with observed data (eg,
baseline variables), allowing unbiased estimation using ML and
MI. However, in the case of MNAR, the likelihood of

https://www.jmir.org/2021/6/e26749
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missingness depends upon the unobserved value itself, making
it impossible to recapture from available data alone. The
subsequent panels (Worst Resid, 0.20, 0.50, and 0.80) display
theimpact of varying assumptions about the meaning of missing
values. As can be seen in the Worst Resid panel, assuming the
worst observed outcome for those with missing data reverses
the direction of effect, with control group participants now
showing more improvement than active participants. One can
see how the gap in outcomes between active and passive
condition participants narrows as increasingly strong
assumptions are made regarding the degree to which missing
values deviate from observed values. As missingness was more
prevalent in the active conditions, these modifications exerted
astronger influence on the change in the active group.
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Figure4. Pre- and posttreatment scores for active and passive conditions under varying missing not at random conditions using fixed-val ue replacement
of missings. Pretreatment values represent z-scaled distress at baseline (mean O, SD 1). Posttreatment values vary across plots. For Comp Raw,
posttreatment values are posttreatment distress scaled based on baseline distress. Subsequent plots display residualized change scores z-transformed at
posttreatment to aid in visual interpretation of relative, between-group pre-post change. Comp Resid computed posttreatment as baseline plus residualized
change scores for completers only. Worst Resid replaced missing posttreatment Comp Resid values with the lowest improvement in distress. Subsequent
figures (0.2, 0.5, 0.8) replaced missing posttreatment Comp Resid valueswith values0.2, 0.5, and 0.8 SD worse than the mean residual. Comp: compl eter;

Resid: residualized change; WL: waitlist.
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For null hypothesis testing purposes, we used nonparametric
tests of mean residualized change scores. Consistent with the
multilevel modeling results[27], the Wilcoxon signed-rank test
favored the active conditions in the completer sample (mean
ranks 69.11, 93.61, SD 43.01 and 45.90, for active and passive
conditions, respectively, P<.001, where a lower rank indicates
alarger declinein distress; Table 3). In the worst-case scenario,
the direction of the mean rank difference flipped, now favoring
the passive condition, athough only marginally significantly
(P=.08). Mirroring Figure 4, the influence of the varying
missingness assumptions is apparent in Figure 5. The gap
between active and passive conditions narrows, as missing data
are assumed to reflect poorer and poorer outcomes. The pattern

https://www.jmir.org/2021/6/e26749
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specifically indicates that statistical significance persists when
missing values are assumed to be 0.20 above the mean residual
but not 0.50 or higher. Thisresult differsslightly from Goldberg
et al [27], who detected statistical significance at an offset of
0.50. The discrepancy is because of Goldberg et a [27]
calculating the SD for the residual without the group variable
inthe model. We recommend theinclusion of the group variable
in the model, as the resultant SD is presumably more
conservative, based on the assumption that an intervention
increases the SD. Therefore, these results can be interpreted as
robust to MNAR missing, in which the unobserved values
deviate from the observed values only to a small degree, but
not when showing moderate or larger deviations.
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Table 3. Results of fixed-value replacement sensitivity analysis.

Group and model Sample size, n (%) Mean rank (SD) SE P value®
Active
Comp® 91 (39.9) 69.11 (43.01) 451 <.001
Worst® 228 (100) 178.1 (93.05) 6.16 .08
0.20¢ 228 (100) 161.89 (83.25) 551 004
0509 228 (100) 165.19 (84.25) 5.58 .05
0.80¢ 228 (100) 168.52 (86.01) 5.70 32
Waitlist
Comp 67 (58.3) 93.61 (45.9) 5.61 N/A®
Worst 115 (100) 159.9 (85.62) 7.98 N/A
0.20¢ 115 (100) 192.05 (102.27) 9.54 N/A
0.50¢ 115 (100) 185.5 (102.26) 9.54 N/A
0.800 115 (100) 178.9 (100.34) 9.36 N/A

3P value from Wilcoxon signed-rank test comparing active and passive conditions across varying missingness assumptions.
bComp: completer sample.

“Worst: worst-case scenario, which assumed missing values are equivalent to the worst outcome (ie, smallest change in distress).
d0.20, 0.50, 0.80: miissi ng values assumed to be 0.20, 0.50, or 0.80 SDs worse than the mean residualized change score.

EN/A: not applicable.

Figure 5. Results of Wilcoxon signed-rank test using a fixed-value replacement sensitivity analysis across varying missing not at random conditions.
A lower mean rank indicates larger relative decreases in distress. Comp: completer sample; Worst: worst-case scenario which assumed missing values
are equivalent to the worst outcome (ie, the smallest change in distress); 0.2, 0.5, 0.8: missing values assumed to be 0.2, 0.5, or 0.8 SD worse than the
mean residualized change score; error bars: 1.96xSE; WL: waitlist. *P<.05, **P<.01, ***P<.001.

**k

200
e 150 -
c
5 Group
c *k ¥k D Active
100 - .
o WL
=

50 +

0_

T T

Comp  Worst 0.2 0.5 0.8
Model

that MNAR dataarelikely to be aproblem in mHealth research
and one that, to date, has not been adequately addressed. As
Principal Findings reported_ by I__inardon _e_lnd _Fuller_-Tyszkia(vicz [3], Fhe

. . ) ) substantially higher attrition in active relative to passive
This study had two primary aims: to systematically evaluale  qngitions in RCTSs testing smartphone-based mental health
the handling of a potential source of MNAR data in mHeath ey entionsis marked: active partici pants were approximately
research—differential attrition—and advocate for Sensitivity e aslikely to drop out of the study. Althoughit isimpossible
analyses as a family of strategies that might be used 10 8s%esS {4 gy \what the missing posttreatment data would have shown
theimpact of MNAR data. At thebroadest level, resultssuggest a4 jt heen collected, it is plausible that those dropping out from
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the active conditions were less likely to have benefited from
the mHealth intervention (or at least that the benefits they were
experiencing did not outweigh the costs of remaining in the
study). Thus, the observed values may overestimate treatment
effects for those under active conditions. Given that the
likelihood of missingness is related to the unobserved values
themselves, these data would be MNAR.

Although patterns of attrition consistent with potential MNAR
data were detected in the literature as awhole, only a minority
of theincluded studiestested for differential attrition. However,
in keeping with the literature-wide pattern of differential
attrition, 6 of the 11 studies comparing attrition rates between
active and passive conditions detected higher attrition in the
active conditions, whereas the remaining 5 studies failed to
detect adifference. Despite the possibility of MNAR data, none
of the 36 studies directly assessed the potential influence of
MNAR data on the study results. Half of the studies employed
other modern missing data methods, such as M|l or ML. These
approaches have many strengths and are certainly preferred
over historical approaches for handling missingness (eg, last
observation carried forward and complete case analysis [9]).
Encouragingly, it appears that less sophisticated missing data
analysis techniques (eg, last observation carried forward [2])
are being replaced by modern methods. However, both M1 and
ML rely on the assumption that data are MAR; therefore,
missing values can be reliably determined based on measured
variables. Importantly, they are not robust to MNAR [8].

Moderator analyses further characterized the correlates of
differential attrition. The results indicated that differential
attrition was more likely to occur in larger studies.
Unfortunately, this association could produce a pernicious
source of bias within the literature, as larger studies are
presumably the ones most ooked to when evaluating evidence
of efficacy and arelikely to carry more weight in meta-analyses
examining efficacy. Interestingly, studieswith higher differential
attrition were only marginally more likely to assess differential
attrition. It may be that differential attrition is simply not
recognized or acknowledged as a potential concern worth
assessing, even when dropout rates differ. Somewhat
counterintuitively, studieswith higher differential attrition were
not more likely to detect differentia attrition when assessed.
This lack of association could be because of the limited
statistical power for the moderator test itself [77], as only 11
studies tested for differential attrition. Statistical power may
also be low in primary studies themselves. For example,
Champion et al [44] did not detect differential attrition in their
sample of 74 participants, although active participants were
3.42timesmorelikely to drop out of the active condition relative
to the passive condition. It appears that researchers are more
likely to use modern missing data analysistechniques (ML/MI)
when differential attrition is higher, which is preferred to
techniques that are not robust to even MAR data (eg, complete
case analysisand last observation carried forward). Nonethel ess,
these techniques are not capable of eliminating the bias
associated with MNAR data.

Perhaps the most notable finding of our review is that none of
theincluded studies conducted a sensitivity analysisto evaluate
the potentia influence of MNAR data on study findings.
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Although several meta-analyses suggest that smartphone-based
mental health interventions produce benefitsrel ative to waitlist
control conditions [78-80], the lack of sensitivity analyses
coupled with literature-wide differential attrition makes the
apparent efficacy more tenuous.

The primary aim of this study is to encourage mHealth
researchersto consider sengitivity analysesto assessthe potential
impact of MNAR missingness, particularly when differential
attrition is present. Several modern techniques exist for
eva uating the potential impact of MNAR missingness, including
selection models and pattern-mixture models that have been
discussed. As most of these methods have limitations (eg, they
are heavily influenced by untestable assumptions) and may not
be within the current analytic repertoire of many mHealth
clinica trialists, we presented an MI-based pattern-mixture
model sensitivity analysis approach adapted from smoking
cessation research [14,22] aswell as a fixed-value replacement
sensitivity analysisapproach as examples of more user-friendly
strategies for evaluating the impact of MNAR data. These
methods are fairly straightforward to implement using a
continuous outcome variable assessed a pree and
posttreatment—a typical situation for mHealth research
[80,81]—and move beyond the traditiona MAR methods
currently emphasized in mHealth research. An attractive feature
of these sensitivity analyses is that one can visually and
statistically evaluate the impact of varying missingness
assumptions on the pattern of findings. As these assumptions
would only apply in cases of missing data, they would have a
minimal impact on the results when missingness is low (eg,
<5% [9]). As expected, the actual impact of varying MNAR
assumptions will be sensitive to other patterns in the data (eg,
trajectories of change for waitlist control participants because
of regression to the mean or natural history). Thus, they do not
imply a particular direction of influence but rather evaluate a
range of possibleimpacts based on deviationsfrom the observed
data

It is worth noting that the 2 sensitivity analysis approaches
illustrated in this study provided somewhat discrepant
conclusions regarding the degree to which data from Goldberg
et al [27] wererobust to MNAR conditions. Thisfact highlights
the value of sensitivity analyses and the importance of authors
using various approaches and assumptions to evaluate the
strength of their findings. These differences are aso
illuminating. In particul ar, the M1-based pattern-mixture model
approach suggested that the results were robust to MNAR
deviations that were large (ie, 0.80) but not larger, whereas the
simpler sensitivity analysis approach indicated that the results
were not robust above small deviations (ie, 0.20). Figure 3
illustrates a plausible explanation for this: the MI-based
approach makes the initial assumption that missing values are
similar to observed values unique to each group. Thus, the fact
that the active group improved overall produced improvement
in the imputed change for missing active participants. In
contrast, the fixed-value replacement approach did not adjust
the expected residualized change scores based on the group
status. We contend that both approaches may provide avaluable
perspective on MNAR sensitivity and should simply be
interpreted in light of their underlying assumptions.
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Limitations and Future Directions

This study had several important limitations. The first and
broadest limitation is that we cannot definitively conclude that
the observed differential attrition necessarily resultsin MNAR
data. It is possible that remaining in the study was because of
factors unrelated to changes in study endpoints (ie, distress).
Likewise, drop outsin the active group could have been because
of participants not using the smartphone app and losing interest
in the study because their psychological symptoms had already
improved (as can be the case in psychotherapy [82]), which
could produce an MNAR bias in the opposite direction (ie,
missing values are better, not worse). Asistypical for research
on missing data, the data necessary to test for MNAR are by
definition missing. The methods proposed here could certainly
be extended to evaluate potential best-case scenarios, in which
missing observations reflect better rather than worse outcomes
or when missingness has different meanings depending on group
assignment (eg, worse outcomesfor active conditions but better
outcomesfor passive condition). Second, weonly evaluated the
degree and correlates of differentia attrition in a small subset
of thelarge and rapidly growing mHealth literature. Itispossible
that researchers are improving their ability to retain study
participants and adherence strategies being investigated [6,83]
may be decreasing attrition in the active conditions. Future
reviews may seeless evidence of thispotential source of MNAR
data. Similarly, there are mHeath RCTs that conducted
sensitivity analyses to evaluate MNAR (eg, pattern-mixture
models [84]), even though none of the 36 RCTs with passive
controls we evaluated did so. Third, we focused only on
differentia attritionin smartphone-based RCTs. It isconceivable
that higher attrition in active than passive conditionsis somehow
idiosyncratic to this delivery platform. An important future
direction would be to evaluate differential attrition in other
mHealth delivery formats (eg, internet-based interventions).
Fourth, we explored only a few examples of possible methods
for addressing sensitivity to MNAR data. Nonethel ess, we hope
our introduction of these approaches with corresponding R
syntax encourages mHealth researchersto begin implementing
and perhaps even testing and developing strategies for
addressing the missing data realities of mHealth.

Several future directions follow naturally from this study.
MNAR sensitivity analyses could be integrated into future
mHealth RCTs. For instances with longitudinal data, more
complex pattern-mixture models may be especially attractive
[84]. For studies with fewer time points, approaches such as
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those introduced here may be worthwhile. If a specific
sensitivity analysis approach were to become widely used, it
could provide researcherswith acommon metric for evaluating
the potential influence of differential attrition as a source of
MNAR on study results. An approach based on readily
interpretable metrics (eg, Cohen d) could be helpful, athough
there are certainly many viable possibilities, many of which
may have advantages over the strategy introduced here. Thisis
an areaof activeresearch, and new and much more sophisticated
methods are regularly becoming available [76].

Short of incorporating sensitivity analysesinto mHealth RCTs,
researchers could, at a minimum, test for differential attrition,
especialy when comparing active and passive conditions.
Acknowledging the potentia influence of MNAR, when
differential attrition is present, can allow readers to more
accurately evaluate study findingsin light of this limitation. A
way to assess the potential impact of MNAR because of
differential attrition would be through reanalysis of published
mHealth RCTSs, especialy large trials that were seen to have
higher rates of differential attrition. Reanalyses of this kind
could help determine the degree to which findings are sensitive
to varying MNAR assumptions, and by extension, the degree
to which conclusions drawn from the broader literature may be
similarly influenced. Another future direction is intentionally
adopting methods that decrease attrition generally [85], given
that differential attrition and associated MNAR data are less
concerning when the amount of missing datais small. Finally,
it could be valuable to investigate differential attrition for
in-person interventions as well. To our knowledge, no such
meta-analysis exists, although the same potential risk of bias
because of MNAR may be applied.

Conclusions

Attrition is a persistent thorn in the side of mHealth clinical
trialists[1]. Modern missing data methods such as M| and ML
successfully minimize the negative impact of some types of
missing data (MCAR and MAR), restoring statistical power
and reducing bias in parameter estimates. However, these
methods cannot remove the bias associated with MNAR data.

Evidence of differential attrition supports the possibility that
MNAR may be a common problem in mHealth RCTs with
passive controls and onethat islargely unacknowledged to date.
Sensitivity analyses offer an approach for establishing theimpact
of differential attrition on the study results.

Theauthorsinclude datafrom an RCT registered at Clinical Trials.gov (NCT04139005) and through the Open Science Framework
[86]. Data are available at the Open Science Framework [39]. This research was supported by the National Center for
Complementary and | ntegrative Health Grant K23AT010879 (SBG), the National Institute of Mental Health Grant RO1IMH43454
(RJD), and by the Clinical and Trandlational Science Award program through the National Institutes of Health National Center
for Advancing Trandational Sciences Grant UL1TR002373. The authors are grateful to Matthew J Hirshberg for his assistance
with tidyverse codein R.

Conflicts of Interest
RJD is the founder, president, and serves on the board of directors for the nonprofit organization Healthy Minds Innovations,

Inc.

https://www.jmir.org/2021/6/e26749 JMed Internet Res 2021 | vol. 23 | iss. 6 | €26749 | p. 13

(page number not for citation purposes)


http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH Goldberg et d

Multimedia Appendix 1

R code for conducting sensitivity analysis.
[DOCX File, 29 KB-Multimedia Appendix 1]

Multimedia Appendix 2

M odel-based approaches for handling missing not at random data.
[DOCX File, 28 KB-Multimedia Appendix 2]

References
1.  Eysenbach G. Thelaw of attrition. JMed Internet Res 2005;7(1):e11 [FREE Full text] [doi: 10.2196/jmir.7.1.e11] [Medline:
15829473]

2. Christensen H, Griffiths KM, Farrer L. Adherence in internet interventions for anxiety and depression. JMed Internet Res
2009;11(2):e13 [FREE Full text] [doi: 10.2196/jmir.1194] [Medline: 19403466]

3. LinardonJ, Fuller-Tyszkiewicz M. Attrition and adherencein smartphone-delivered interventionsfor mental health problems:
a systematic and meta-analytic review. J Consult Clin Psychol 2020 Jan;88(1):1-13. [doi: 10.1037/ccp0000459] [Medline:
31697093]

4.  Christensen H, Mackinnon A. The law of attrition revisited. J Med Internet Res 2006 Sep 29;8(3):20-21 [FREE Full text]
[doi: 10.2196/jmir.8.3.€20] [Medline: 17032636]

5. Bidargaddi N, Musiat P, Winsall M, Vogl G, Blake V, Quinn S, et al. Efficacy of aweb-based guided recommendation
service for acurated list of readily available mental health and well-being mobile apps for young people: randomized
controlled trial. JMed Internet Res 2017 May 12;19(5):e141. [doi: 10.2196/jmir.6775] [Medline: 28500020]

6. LitvinS, SaundersR, Maier MA, Littke S. Gamification asan approach to improve resilience and reduce attrition in mobile
mental health interventions: arandomized controlled trial. PLoS One 2020 Sep 2;15(9):e0237220 [FREE Full text] [doi:
10.1371/journal.pone.0237220] [Medline: 32877425]

7.  FukuokaY, Gay C, Haskell W, Arai S, Vittinghoff E. Identifying factors associated with dropout during prerandomization

run-in period from an mhealth physical activity education study: themPED trial. IMIR Mhealth Uhealth 2015 Apr 13;3(2):€34

[EREE Full text] [doi: 10.2196/mhealth.3928] [Medline: 25872754]

Enders CK. Applied missing data analysis. New York, United States: Guilford Press; 2010:1-377.

9.  Graham JW. Missing data analysis: making it work in the real world. Annu Rev Psychol 2009;60:549-576. [doi:
10.1146/annurev.psych.58.110405.085530] [Medline: 18652544]

10. Blankers M, Koeter MW, Schippers GM. Missing data approaches in eHealth research: simulation study and atutorial for
nonmathematically inclined researchers. JMed Internet Res 2010;12(5):e54 [FREE Full text] [doi: 10.2196/jmir.1448]
[Medline: 21169167]

11. Ludtke T, Pult LK, Schroder J, Moritz S, Biicker L. A randomized controlled trial on a smartphone self-help application
(Be Good to Yourself) to reduce depressive symptoms. Psychiatry Res 2018 Nov;269:753-762. [doi:
10.1016/j.psychres.2018.08.113] [Medline: 30273901]

12. Bell ML, Kenward MG, Fairclough DL, Horton NJ. Differential dropout and bias in randomised controlled trials: when it
matters and when it may not. Br Med J 2013 Jan 21;346:e8668 [FREE Full text] [Medline: 23338004]

13. Crutzen R, Viechtbauer W, Spigt M, Kotz D. Differential attrition in health behaviour change trials: a systematic review
and meta-analysis. Psychol Health 2015 Jan;30(1):122-134. [doi: 10.1080/08870446.2014.953526] [Medline: 25109224]

14. Hedeker D, Mermelstein R, DemirtasH. Analysisof binary outcomeswith missing data: missing = smoking, last observation
carried forward, and a little multiple imputation. Addiction 2007 Oct;102(10):1564-1573 [FREE Full text] [doi:
10.1111/j.1360-0443.2007.01946.x] [Medline: 17854333]

15. Molenberghs G. Analyzing incomplete longitudina clinical trial data. Biostatistics 2004 Jul 01;5(3):445-464. [doi:
10.1093/bi ostati stics/kxh001]

16. Heckman JJ. The common structure of statistical models of truncation, sample selection and limited dependent variables
and a simple estimator for such models. In: Berg SV, editor. Annals of Economic and Social Measurement. Cambridge,
Massachusetts, United States: National Bureau of Economic Research, Inc; 1972:475-492.

17. Little RJ. Pattern-mixture models for multivariate incomplete data. J Am Stat Assoc 2012 Dec 20;88(421):125-134. [doi:
10.1080/01621459.1993.10594302]

18. Schafer L, Graham JW. Missing data: our view of the state of the art. Psychol Methods 2002;7(2):147-177. [doi:
10.1037/1082-989x.7.2.147)

19. Nich C, Carroll KM. ‘Intention-to-treat’ meets ‘ missing data : implications of alternate strategies for analyzing clinical
trials data. Drug Alcohol Depend 2002 Oct;68(2):121-130. [doi: 10.1016/S0376-8716(02)00111-4]

20. Yang X, Shoptaw S. Assessing missing data assumptionsin longitudinal studies: an example using a smoking cessation
trial. Drug Alcohol Depend 2005 Mar 07;77(3):213-225. [doi: 10.1016/j.drugal cdep.2004.08.018] [Medline: 15734221]

©

https://www.jmir.org/2021/6/e26749 JMed Internet Res 2021 | vol. 23 | iss. 6 | €26749 | p. 14
(page number not for citation purposes)


https://jmir.org/api/download?alt_name=jmir_v23i6e26749_app1.docx&filename=e53cccb87a445b514aeaf30eae8313ff.docx
https://jmir.org/api/download?alt_name=jmir_v23i6e26749_app1.docx&filename=e53cccb87a445b514aeaf30eae8313ff.docx
https://jmir.org/api/download?alt_name=jmir_v23i6e26749_app2.docx&filename=9a82fee37d7d45f3c74409997ddbd576.docx
https://jmir.org/api/download?alt_name=jmir_v23i6e26749_app2.docx&filename=9a82fee37d7d45f3c74409997ddbd576.docx
http://www.jmir.org/2005/1/e11/
http://dx.doi.org/10.2196/jmir.7.1.e11
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=15829473&dopt=Abstract
http://www.jmir.org/2009/2/e13/
http://dx.doi.org/10.2196/jmir.1194
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=19403466&dopt=Abstract
http://dx.doi.org/10.1037/ccp0000459
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31697093&dopt=Abstract
http://www.jmir.org/2006/3/e20/
http://dx.doi.org/10.2196/jmir.8.3.e20
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=17032636&dopt=Abstract
http://dx.doi.org/10.2196/jmir.6775
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28500020&dopt=Abstract
https://dx.plos.org/10.1371/journal.pone.0237220
http://dx.doi.org/10.1371/journal.pone.0237220
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32877425&dopt=Abstract
http://mhealth.jmir.org/2015/2/e34/
http://dx.doi.org/10.2196/mhealth.3928
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25872754&dopt=Abstract
http://dx.doi.org/10.1146/annurev.psych.58.110405.085530
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=18652544&dopt=Abstract
http://www.jmir.org/2010/5/e54/
http://dx.doi.org/10.2196/jmir.1448
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21169167&dopt=Abstract
http://dx.doi.org/10.1016/j.psychres.2018.08.113
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30273901&dopt=Abstract
http://europepmc.org/abstract/MED/23338004
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23338004&dopt=Abstract
http://dx.doi.org/10.1080/08870446.2014.953526
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25109224&dopt=Abstract
https://doi.org/10.1111/j.1360-0443.2007.01946.x
http://dx.doi.org/10.1111/j.1360-0443.2007.01946.x
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=17854333&dopt=Abstract
http://dx.doi.org/10.1093/biostatistics/kxh001
http://dx.doi.org/10.1080/01621459.1993.10594302
http://dx.doi.org/10.1037/1082-989x.7.2.147
http://dx.doi.org/10.1016/S0376-8716(02)00111-4
http://dx.doi.org/10.1016/j.drugalcdep.2004.08.018
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=15734221&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH Goldberg et d

21. Cook JA, Burke-Miller J, Fitzgibbon G, Grey DD, Heflinger CA, Paulson RI, et al. Effects of alcohol and drug use on
inpatient and residential treatment among youth with severe emotional disturbance in Medicaid-funded behavioral health
care plans. J Psychoactive Drugs 2004 Dec;36(4):463-471. [doi: 10.1080/02791072.2004.10524429] [Medline: 15751484]

22. Baker TB, Piper ME, Stein JH, Smith SS, Bolt DM, Fraser DL, et a. Effects of nicotine patch vsvarenicline vs combination
nicotine replacement therapy on smoking cessation at 26 weeks: arandomized clinical trial. JAm Med Assoc 2016 Jan
26;315(4):371-379 [FREE Full text] [doi: 10.1001/jama.2015.19284] [Medline: 26813210]

23. Leurent B, Gomes M, FariaR, Morris S, Grieve R, Carpenter JR. Sensitivity analysis for not-at-random missing datain
trial-based cost-effectiveness analysis: a tutorial. Pharmacoeconomics 2018 Aug 20;36(8):889-901 [FREE Full text] [doi:
10.1007/s40273-018-0650-5] [Medline: 29679317)

24. LittleRJ. A test of missing completely at random for multivariate data with missing values. JAm Stat Assoc 1988
Dec;83(404):1198-1202. [doi: 10.1080/01621459.1988.10478722)

25. Byar DP, Simon RM, Friedewald WT, Schlesselman JJ, DeMets DL, Ellenberg JH, et al. Randomized clinical trials. N
Engl JMed 1976 Jul 08;295(2):74-80. [doi: 10.1056/nejm197607082950204]

26. Borenstein M, Hedges L, Higgins J, Rothstein H. Introduction to Meta-analysis. New York: Wiley; 2009:1-452.

27. Goldberg SB, Imhoff-Smith T, Bolt DM, Wilson-Mendenhall CD, Dahl CJ, Davidson RJ, et a. Testing the efficacy of a
multicomponent, self-guided, smartphone-based meditation app: three-armed randomized controlled trial. IMIR Ment
Health 2020 Dec 27;7(11):e23825 [FREE Full text] [doi: 10.2196/23825] [Medline: 33245288]

28. Yusuf S, Peto R, Lewis J, Collins R, Sleight P. Beta blockade during and after myocardial infarction: an overview of the
randomized trials. Prog Cardiovasc Dis 1985 Mar;27(5):335-371. [doi: 10.1016/s0033-0620(85)80003-7]

29. Higgins J, Green S. Cochrane Handbook for Systematic Reviews of Interventions. London: Wiley & Sons; 2008:1-672.

30. Sweeting M, Sutton A, Lambert P. What to add to nothing? Use and avoidance of continuity corrections in meta-analysis
of sparse data. Stat Med 2004 May 15;23(9):1351-1375 [FREE Full text] [doi: 10.1002/sim.1761] [Medline: 15116347)

31. Higgins JP, Thompson SG, Deeks JJ, Altman DG. Measuring inconsistency in meta-analyses. Br Med J 2003 Sep
6;327(7414):557-560 [FREE Full text] [doi: 10.1136/bmj.327.7414.557] [Medline: 12958120]

32. Viechtbauer W. Conducting meta-analyses in R with the metafor package. J Stat Soft 2010;36(3):1-48. [doi:
10.18637/jss.v036.i03]

33. Harrer M, Cuijpers P, Furukawa TA, Ebert DD. Doing Meta-Analysisin R: A Hands-On Guide. Boca Raton, FL and
London: Chapmann & Hall/CRC Press; 2021.

34. R CoreTeam. R: A language and environment for statistical computing. R Foundation for Statistical Computing, Vienna,
Austria. 2018. URL: https://www.r-project.org/ [accessed 2021-06-01]

35. Quartagno M, Carpenter J. jomo: A package for multilevel joint modeling multiple imputation. 2020. URL : https.//CRAN.
R-proj ect.org/package=jomo [accessed 2021-06-01]

36. Lumley T. mitools: Toolsfor multipleimputation of missing data. 2019. URL : https://CRAN.R-project.org/package=mitools
[accessed 2021-06-01]

37.  Buuren SV, Groothuis-Oudshoorn K. MICE: Multivariate imputation by chained equationsin. J Stat Soft 2011;45(3):1-68
[FREE Full text] [doi: 10.18637/jss.v045.i03]

38. Cohen J. Statistical Power Analysis for the Behavioral Sciences (2nd Ed.). Hillsdale, NJ: Erlbaum; 1988.

39. Goldberg S. Missing datain mHealth RCTs. OSF Home. 2020. URL : https://osf.io/52ru3/ [accessed 2021-06-08]

40. Carissoli C, Villani D, Riva G. Does a meditation protocol supported by a mobile application help people reduce stress?
Suggestions from a controlled pragmatic trial. Cyberpsychol Behav Soc Netw 2015 Jan;18(1):46-53. [doi:
10.1089/cyber.2014.0062] [Medline: 25584730]

41. Ly KH, Ly A, Andersson G. A fully automated conversational agent for promoting mental well-being: apilot RCT using
mixed methods. Internet Interv 2017 Dec;10:39-46 [FREE Full text] [doi: 10.1016/j.invent.2017.10.002] [Medline: 30135751]

42. Bakker D, Kazantzis N, Rickwood D, Rickard N. A randomized controlled trial of three smartphone apps for enhancing
public mental health. Behav Res Ther 2018 Oct;109:75-83. [doi: 10.1016/j.brat.2018.08.003] [Medline: 30125790]

43. Bostock S, Crosswell AD, Prather AA, Steptoe A. Mindfulness on-the-go: effects of a mindful ness meditation app on work
stress and well-being. J Occup Health Psychol 2019 Mar;24(1):127-138 [FREE Full text] [doi: 10.1037/0cp0000118]
[Medline: 29723001]

44. Champion L, Economides M, Chandler C. The efficacy of a brief app-based mindfulness intervention on psychosocial
outcomesin healthy adults: a pilot randomised controlled trial. PLoS One 2018 Dec 31;13(12):e0209482 [ FREE Full text]
[doi: 10.1371/journal.pone.0209482] [Medline: 30596696]

45. Enock PM, Hofmann SG, McNally RJ. Attention bias modification training via smartphone to reduce social anxiety: a
randomized, controlled multi-session experiment. Cogn Ther Res 2014 Mar 4;38(2):200-216. [doi:
10.1007/s10608-014-9606-2]

46. Faurholt-Jepsen M, Vinberg M, Frost M, Christensen EM, Bardram JE, Kessing LV. Smartphone data as an electronic
biomarker of illnessactivity in bipolar disorder. Bipolar Disord 2015 Nov;17(7):715-728. [doi: 10.1111/bdi.12332] [Medline:
26395972]

https://www.jmir.org/2021/6/e26749 JMed Internet Res 2021 | vol. 23 | iss. 6 | €26749 | p. 15

(page number not for citation purposes)


http://dx.doi.org/10.1080/02791072.2004.10524429
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=15751484&dopt=Abstract
http://europepmc.org/abstract/MED/26813210
http://dx.doi.org/10.1001/jama.2015.19284
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26813210&dopt=Abstract
http://europepmc.org/abstract/MED/29679317
http://dx.doi.org/10.1007/s40273-018-0650-5
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29679317&dopt=Abstract
http://dx.doi.org/10.1080/01621459.1988.10478722
http://dx.doi.org/10.1056/nejm197607082950204
https://mental.jmir.org/2020/11/e23825/
http://dx.doi.org/10.2196/23825
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33245288&dopt=Abstract
http://dx.doi.org/10.1016/s0033-0620(85)80003-7
https://doi.org/10.1002/sim.1761
http://dx.doi.org/10.1002/sim.1761
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=15116347&dopt=Abstract
http://europepmc.org/abstract/MED/12958120
http://dx.doi.org/10.1136/bmj.327.7414.557
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=12958120&dopt=Abstract
http://dx.doi.org/10.18637/jss.v036.i03
https://www.r-project.org/
https://CRAN.R-project.org/package=jomo
https://CRAN.R-project.org/package=jomo
https://CRAN.R-project.org/package=mitools
http://localhost/handle/1874/44635
http://dx.doi.org/10.18637/jss.v045.i03
https://osf.io/52ru3/
http://dx.doi.org/10.1089/cyber.2014.0062
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25584730&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S2214-7829(17)30091-X
http://dx.doi.org/10.1016/j.invent.2017.10.002
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30135751&dopt=Abstract
http://dx.doi.org/10.1016/j.brat.2018.08.003
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30125790&dopt=Abstract
http://europepmc.org/abstract/MED/29723001
http://dx.doi.org/10.1037/ocp0000118
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29723001&dopt=Abstract
https://dx.plos.org/10.1371/journal.pone.0209482
http://dx.doi.org/10.1371/journal.pone.0209482
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30596696&dopt=Abstract
http://dx.doi.org/10.1007/s10608-014-9606-z
http://dx.doi.org/10.1111/bdi.12332
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26395972&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH Goldberg et d

47.

48.

49,

50.

51.

52.

53.

55.

56.

57.

58.

59.

60.

61.

62.

63.

65.

66.

Hall BJ, Xiong P, Guo X, Sou EK, Chou Ul, Shen Z. An evaluation of alow intensity mHealth enhanced mindfulness
intervention for Chinese university students: arandomized controlled trial. Psychiatry Res 2018 Dec;270:394-403. [doi:
10.1016/j.psychres.2018.09.060] [Medline: 30300870]

Horsch CH, Lancee J, Griffioen-Both F, Spruit S, Fitrianie S, Neerincx MA, et al. Mobile phone-delivered cognitive
behavioral therapy for insomnia: a randomized waitlist controlled trial. J Med Internet Res 2017 Apr 11;19(4):e70 [FREE
Full text] [doi: 10.2196/jmir.6524] [Medline: 28400355]

IvanovaE, Lindner P, Ly KH, Dahlin M, Vernmark K, Andersson G, et al. Guided and unguided acceptance and commitment
therapy for social anxiety disorder and/or panic disorder provided viatheinternet and asmartphone application: arandomized
controlled trial. J Anxiety Disord 2016 Dec;44:27-35. [doi: 10.1016/j.janxdis.2016.09.012] [Medline: 27721123]

Kahn JR, Collinge W, Soltysik R. Post-9/11 veterans and their partnersimprove mental health outcomeswith aself-directed
mobile and web-based wellness training program: arandomized controlled trial. JMed Internet Res 2016 Sep 27;18(9):e255
[FREE Full text] [doi: 10.2196/jmir.5800] [Medline: 27678169]

Krafft J, Potts S, Schoendorff B, Levin ME. A randomized controlled trial of multiple versions of an acceptance and
commitment therapy matrix app for well-being. Behav Modif 2019 Mar;43(2):246-272. [doi: 10.1177/0145445517748561]
[Medline: 29262693]

Kristjansdottir OB, Fors EA, Eide E, Finset A, Stensrud TL, van Dulmen S, et a. A smartphone-based intervention with
diaries and therapist feedback to reduce catastrophizing and increase functioning in women with chronic widespread pain.
part 2: 11-month follow-up results of arandomized trial. JMed Internet Res 2013 Mar 28;15(3):e72 [FREE Full text] [doi:
10.2196/jmir.2442] [Medline: 23538392]

Kuhn E, Kanuri N, Hoffman JE, Garvert DW, Ruzek JI, Taylor CB. A randomized controlled trial of a smartphone app for
posttraumatic stress disorder symptoms. J Consult Clin Psychol 2017 Mar;85(3):267-273. [doi: 10.1037/ccp0000163]
[Medline: 28221061]

LeeRA, Jung ME. Evaluation of an mHealth app (DeStressify) on university students mental health: pilot trial. IMIR Ment
Health 2018 Jan 23;5(1):e2 [FREE Full text] [doi: 10.2196/mental.8324] [Medline: 29362209]

Levin ME, Haeger J, Pierce B, Cruz RA. Evaluating an adjunctive maobile app to enhance psychological flexibility in
acceptance and commitment therapy. Behav Modif 2017 Nov;41(6):846-867. [doi: 10.1177/0145445517719661] [Medline:
28689449]

Levin ME, Haeger J, An W, Twohig MP. Comparing cognitive defusion and cognitive restructuring delivered through a
mobile app for individuals high in self-criticism. Cogn Ther Res 2018 Jul 13;42(6):844-855. [doi:
10.1007/s10608-018-9944-3]

Lukas CA, Berking M. Reducing procrastination using a smartphone-based treatment program: a randomized controlled
pilot study. Internet Interv 2018 Jun;12:83-90 [FREE Full text] [doi: 10.1016/].invent.2017.07.002] [Medline: 30135772]
Ly KH, Truschel A, Jarl L, Magnusson S, Windahl T, Johansson R, et al. Behavioural activation versus mindful ness-based
guided self-help treatment administered through a smartphone application: a randomised controlled trial. BMJ Open
2014;4(1):e003440 [FREE Full text] [doi: 10.1136/bmjopen-2013-003440] [Medline: 24413342]

Marx LS. A mindful eating “app” for non-treatment-seeking university women with eating and weight concerns. Ph D
Dissertation - Emory University, Georgia, United States. 2016. URL: https://search.proquest.com/docview/1896581612/
abstract/8A3BA 70DACBCA4214PQ/1 [accessed 2020-12-07)

Miner A, Kuhn E, Hoffman JE, Owen JE, Ruzek JI, Taylor CB. Feasibility, acceptability, and potential efficacy of the
PSTD coach app: a pilot randomized controlled trial with community trauma survivors. Psychol Trauma 2016 Jan
25;8(3):384-392. [doi: 10.1037/tra0000092] [Medline: 27046668]

Moéll B, Kollberg L, Nasri B, Lindefors N, Kaldo V. Living SMART — A randomized controlled trial of a guided online
courseteaching adultswith ADHD or sub-clinical ADHD to use smartphonesto structuretheir everyday life. Internet Interv
2015 Mar;2(1):24-31. [doi: 10.1016/j.invent.2014.11.004]

Oh SJ, Seo S, Lee JH, Song MJ, Shin M. Effects of smartphone-based memory training for older adults with subjective
memory complaints: arandomized controlled trial. Aging Ment Health 2018 Apr;22(4):526-534. [doi:
10.1080/13607863.2016.1274373] [Medline: 28071929]

Pham Q, Khatib Y, Stansfeld S, Fox S, Green T. Feasibility and efficacy of an mhealth game for managing anxiety: "Flowy"
randomized controlled pilot trial and design eval uation. Games Health J 2016 Feb;5(1):50-67. [doi: 10.1089/g4h.2015.0033]
[Medline: 26536488]

Proudfoot J. The futureisin our hands: the role of mobile phones in the prevention and management of mental disorders.
Aust N Z J Psychiatry 2013 Feb;47(2):111-113. [doi: 10.1177/0004867412471441] [Medline: 23382507]

Roepke AM, Jaffee SR, Riffle OM, McGoniga J, Broome R, Maxwell B. Randomized controlled trial of superbetter, a
smartphone-based/internet-based self-help tool to reduce depressive symptoms. Games Health J 2015 Jun;4(3):235-246.
[doi: 10.1089/g4h.2014.0046] [Medline: 26182069]

Rosen KD, Paniagua SM, Kazanis W, Jones S, Potter JS. Quality of life among women diagnosed with breast cancer: a
randomized waitlist controlled trial of commercially available maobile app-delivered mindfulness training. Psychooncol ogy
2018 Aug;27(8):2023-2030. [doi: 10.1002/pon.4764] [Medline: 29766596]

https://www.jmir.org/2021/6/e26749 JMed Internet Res 2021 | vol. 23 | iss. 6 | €26749 | p. 16

(page number not for citation purposes)


http://dx.doi.org/10.1016/j.psychres.2018.09.060
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30300870&dopt=Abstract
http://www.jmir.org/2017/4/e70/
http://www.jmir.org/2017/4/e70/
http://dx.doi.org/10.2196/jmir.6524
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28400355&dopt=Abstract
http://dx.doi.org/10.1016/j.janxdis.2016.09.012
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27721123&dopt=Abstract
http://www.jmir.org/2016/9/e255/
http://dx.doi.org/10.2196/jmir.5800
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27678169&dopt=Abstract
http://dx.doi.org/10.1177/0145445517748561
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29262693&dopt=Abstract
http://www.jmir.org/2013/3/e72/
http://dx.doi.org/10.2196/jmir.2442
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23538392&dopt=Abstract
http://dx.doi.org/10.1037/ccp0000163
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28221061&dopt=Abstract
http://mental.jmir.org/2018/1/e2/
http://dx.doi.org/10.2196/mental.8324
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29362209&dopt=Abstract
http://dx.doi.org/10.1177/0145445517719661
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28689449&dopt=Abstract
http://dx.doi.org/10.1007/s10608-018-9944-3
https://linkinghub.elsevier.com/retrieve/pii/S2214-7829(17)30046-5
http://dx.doi.org/10.1016/j.invent.2017.07.002
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30135772&dopt=Abstract
http://bmjopen.bmj.com/cgi/pmidlookup?view=long&pmid=24413342
http://dx.doi.org/10.1136/bmjopen-2013-003440
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24413342&dopt=Abstract
https://search.proquest.com/docview/1896581612/abstract/8A3BA70DAC8C4214PQ/1
https://search.proquest.com/docview/1896581612/abstract/8A3BA70DAC8C4214PQ/1
http://dx.doi.org/10.1037/tra0000092
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27046668&dopt=Abstract
http://dx.doi.org/10.1016/j.invent.2014.11.004
http://dx.doi.org/10.1080/13607863.2016.1274373
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28071929&dopt=Abstract
http://dx.doi.org/10.1089/g4h.2015.0033
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26536488&dopt=Abstract
http://dx.doi.org/10.1177/0004867412471441
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23382507&dopt=Abstract
http://dx.doi.org/10.1089/g4h.2014.0046
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26182069&dopt=Abstract
http://dx.doi.org/10.1002/pon.4764
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29766596&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH Goldberg et d

67.

68.

69.

70.

71.

72.

73.

74.

75.

76.

77.

78.

79.

80.

81.

82.

83.

85.

86.

Schlosser D, Campellone T, Truong B, Etter K, Vergani S, Komaiko K, et al. Efficacy of PRIME, amabile app intervention
designed to improve motivation in young people with schizophrenia. Schizophr Bull 2018 Aug 20;44(5):1010-1020 [FREE
Full text] [doi: 10.1093/schbul/sby078] [Medline: 29939367]

Stjernswérd S, Hansson L. Effectiveness and usability of aweb-based mindfulness intervention for caregivers of people
with mental or somatic illness. A randomized controlled trial. Internet Interv 2018 Jun;12:46-56 [FREE Full text] [doi:
10.1016/j.invent.2018.03.004] [Medline: 30135768]

Stolz T, Schulz A, Krieger T, Vincent A, Urech A, Moser C, et a. A mobile app for social anxiety disorder: athree-arm
randomized controlled trial comparing mobile and PC-based guided self-help interventions. J Consult Clin Psychol 2018
Jun;86(6):493-504. [doi: 10.1037/ccp0000301] [Medline: 29781648]

Tighe J, Shand F, Ridani R, Mackinnon A, De LaMata N, Christensen H. Ibobbly mobile health intervention for suicide
preventionin Australian Indigenous youth: apilot randomised controlled trial. BMJOpen 2017 Dec 27;7(1):e013518 [FREE
Full text] [doi: 10.1136/bmjopen-2016-013518] [Medline: 28132007]

van Emmerik AA, Berings F, Lancee J. Efficacy of a mindfulness-based mabile application: a randomized waiting-list
controlled trial. Mindfulness (N Y) 2018;9(1):187-198 [FREE Full text] [doi: 10.1007/s12671-017-0761-7] [Medline:
29387266]

Verdluis A, Verkuil B, Spinhoven P, Brosschot J. Effectiveness of a smartphone-based worry-reduction training for stress
reduction: arandomized-controlled trial. Psychol Health 2018 Sep;33(9):1079-1099. [doi: 10.1080/08870446.2018.1456660]
[Medline: 29609475]

Yang E, Schamber E, Meyer RML, Gold JI. Happier Healers: randomized controlled trial of mobile mindfulness for stress
management. J Altern Complement Med 2018 May;24(5):505-513. [doi: 10.1089/acm.2015.0301] [Medline: 29420050]
Allison PD. Missing Data. Thousand Oaks, California, United States: SAGE Publications; 2001:1-104.

Manning W, Duan N, Rogers W. Monte Carlo evidence on the choice between sample selection and two-part models. J
Econom 1987 May;35(1):59-82. [doi: 10.1016/0304-4076(87)90081-9]

XieH, Gao W, Xing B, Heitjan DF, Hedeker D, Yuan C. Measuring the impact of nonignorable missingness using the R
packageisni. Comput M ethods Programs Biomed 2018 Oct; 164:207-220 [ FREE Full text] [doi: 10.1016/j.cmphb.2018.06.014]
[Medline: 30195428]

Valentine JC, Pigott TD, Rothstein HR. How many studies do you need? J Educ Behav Stat 2010 Apr 01;35(2):215-247.
[doi: 10.3102/1076998609346961]

Firth J, Torous J, Nicholas J, Carney R, Pratap A, Rosenbaum S, et a. The efficacy of smartphone-based mental health
interventions for depressive symptoms. a meta-analysis of randomized controlled trials. World Psychiatry 2017
Oct;16(3):287-298 [FREE Full text] [doi: 10.1002/wps.20472] [Medline: 28941113]

Firth J, Torous J, Nicholas J, Carney R, Rosenbaum S, Sarris J. Can smartphone mental health interventions reduce symptoms
of anxiety? A meta-analysis of randomized controlled trials. JAffect Disord 2017 Aug 15;218:15-22 [FREE Full text] [doi:
10.1016/j.jad.2017.04.046] [Medline: 28456072]

Linardon J, CuijpersP, Carlbring P, Messer M, Fuller-Tyszkiewicz M. The efficacy of app-supported smartphoneinterventions
for mental health problems: a meta-analysis of randomized controlled trials. World Psychiatry 2019 Oct;18(3):325-336
[FREE Full text] [doi: 10.1002/wps.20673] [Medline: 31496095]

Heber E, Ebert DD, Lehr D, Cuijpers P, Berking M, Nobis S, et a. The benefit of web- and computer-based interventions
for stress: asystematic review and meta-analysis. JMed Internet Res 2017 Feb 17;19(2):e32 [EREE Full text] [doi:
10.2196/jmir.5774] [Medline: 28213341]

Simon GE, Imel ZE, Ludman EJ, Steinfeld BJ. Is dropout after afirst psychotherapy visit aways abad outcome? Psychiatr
Serv 2012 Jul;63(7):705-707 [FREE Full text] [doi: 10.1176/appi.ps.201100309] [Medline: 22752034]

Pratap A, Neto EC, Snyder P, Stepnowsky C, Elhadad N, Grant D, et al. Indicators of retention in remote digital health
studies: a cross-study evaluation of 100,000 participants. NPJ Digit Med 2020 Feb 17;3(1):21 [FREE Full text] [doi:
10.1038/s41746-020-0224-8] [Medline: 32128451]

Arean PA, Hallgren KA, Jordan JT, Gazzaley A, Atkins DC, Heagerty PJ, et a. The use and effectiveness of mobile apps
for depression: results from afully remote clinical trial. JMed Internet Res 2016 Dec 20;18(12):€330 [FREE Full text]
[doi: 10.2196/jmir.6482] [Medline: 27998876]

Little RJ, D'Agostino R, Cohen ML, Dickersin K, Emerson SS, Farrar JT, et a. The prevention and treatment of missing
datain clinical trials. N Engl JMed 2012 Oct 4;367(14):1355-1360 [FREE Full text] [doi: 10.1056/NEJM sr1203730]
[Medline: 23034025]

Impact of targeted mental exercises on awareness, connection, and insight: apilot RCT. Open Science Framework Registries.
URL: https://osf.io/rdey9 [accessed 2021-06-09]

Abbreviations

MAR: missing at random
MCAR: missing completely at random
mHealth: mobile health

https://www.jmir.org/2021/6/e26749 JMed Internet Res 2021 | vol. 23 | iss. 6 | €26749 | p. 17

(page number not for citation purposes)


http://europepmc.org/abstract/MED/29939367
http://europepmc.org/abstract/MED/29939367
http://dx.doi.org/10.1093/schbul/sby078
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29939367&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S2214-7829(18)30004-6
http://dx.doi.org/10.1016/j.invent.2018.03.004
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30135768&dopt=Abstract
http://dx.doi.org/10.1037/ccp0000301
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29781648&dopt=Abstract
http://bmjopen.bmj.com/cgi/pmidlookup?view=long&pmid=28132007
http://bmjopen.bmj.com/cgi/pmidlookup?view=long&pmid=28132007
http://dx.doi.org/10.1136/bmjopen-2016-013518
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28132007&dopt=Abstract
http://europepmc.org/abstract/MED/29387266
http://dx.doi.org/10.1007/s12671-017-0761-7
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29387266&dopt=Abstract
http://dx.doi.org/10.1080/08870446.2018.1456660
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29609475&dopt=Abstract
http://dx.doi.org/10.1089/acm.2015.0301
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29420050&dopt=Abstract
http://dx.doi.org/10.1016/0304-4076(87)90081-9
http://europepmc.org/abstract/MED/30195428
http://dx.doi.org/10.1016/j.cmpb.2018.06.014
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30195428&dopt=Abstract
http://dx.doi.org/10.3102/1076998609346961
http://dx.doi.org/10.1002/wps.20472
http://dx.doi.org/10.1002/wps.20472
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28941113&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S0165-0327(17)30015-0
http://dx.doi.org/10.1016/j.jad.2017.04.046
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28456072&dopt=Abstract
https://doi.org/10.1002/wps.20673
http://dx.doi.org/10.1002/wps.20673
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31496095&dopt=Abstract
https://www.jmir.org/2017/2/e32/
http://dx.doi.org/10.2196/jmir.5774
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28213341&dopt=Abstract
http://europepmc.org/abstract/MED/22752034
http://dx.doi.org/10.1176/appi.ps.201100309
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22752034&dopt=Abstract
https://doi.org/10.1038/s41746-020-0224-8
http://dx.doi.org/10.1038/s41746-020-0224-8
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32128451&dopt=Abstract
http://www.jmir.org/2016/12/e330/
http://dx.doi.org/10.2196/jmir.6482
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27998876&dopt=Abstract
http://europepmc.org/abstract/MED/23034025
http://dx.doi.org/10.1056/NEJMsr1203730
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23034025&dopt=Abstract
https://osf.io/rdey9
http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH Goldberg et d

MI: multiple imputation

ML: maximum likelihood
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