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Abstract

Background: Missing data are inevitable in mobile health (mHealth) and ubiquitous health (uHealth) research and are often
driven by distinct within- and between-person factors that influence compliance. Understanding these distinct mechanisms
underlying nonresponse can inform strategies to improve compliance and strengthen the validity of inferences about health
behaviors. However, current missing data handling techniques rarely disentangle these different sources of nonresponse, especially
when data are missing not at random.

Objective: We demonstrate the usability of joint modeling in the mHealth context, showing how simultaneously accounting
for the dynamics of health behavior and both within- and between-person missingness mechanisms can affect the validity of
health behavior inferences. We also illustrate how joint modeling can inform distinct sources of (possibly nonignorable) missingness
in studies using ecological momentary assessment and wearable devices. We provide a practical workflow for applying joint
models to empirical data.

Methods: We applied joint modeling on empirical data comprising 1 year of daily smartphone-based ecological momentary
assessment data (affect and energetic feeling) and smartwatch-tracked physical activity (PA). The approach combined (1) a
multilevel vector autoregressive model for examining the reciprocal influences between daily affect and PA, and (2) a multilevel
probit model for missingness. Unlike conventional 2-stage imputation methods—which first impute missing data before fitting
the main model—joint modeling handles missingness during model fitting without explicit imputation. Sensitivity analyses
compared results from the proposed method to other missing data approaches that do not explicitly model missingness. A simulation
study designed to mirror the temporally clustered (eg, consecutive days of missing data) and person-specific missingness patterns
of the empirical data validated the feasibility of the proposed approach.

Results: Sensitivity analysis indicated relative robustness of the autoregressive effects across missing data handling approaches,
whereas cross-regressive effects could be detected only under the joint modeling but not with methods that did not simultaneously
model missingness mechanisms. Specifically, under joint modeling approaches, participants had higher levels of PA on days
following a previous day with higher self-report energy levels (95% credible interval [CrI] 0.012-0.049). Furthermore, the missing

JMIR Mhealth Uhealth 2025 | vol. 13 | e65350 | p. 1https://mhealth.jmir.org/2025/1/e65350
(page number not for citation purposes)

Cho et alJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

mailto:yfc5309@psu.edu
http://www.w3.org/Style/XSL
http://www.renderx.com/


data model revealed both missing not at random and missing at random mechanisms. For example, lower PA predicted higher
missingness in PA at the within-person level (95% CrI –1.528 to –1.441). Being employed was associated with higher missingness
in device-tracked PA at the between-person level (95% CrI 0.148-0.574). Finally, simulation showed that joint modeling could
improve the accuracy of estimates and identify nonignorable missingness.

Conclusions: We recommend joint modeling with multilevel decomposition for addressing nonignorable missingness in
mHealth/uHealth studies collecting intensive longitudinal data. We also suggest using a missing data model to explore the
missingness mechanism and inform data collection strategies.

(JMIR Mhealth Uhealth 2025;13:e65350) doi: 10.2196/65350
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Introduction

Background
As technology advances, mobile health (mHealth) and
ubiquitous health (uHealth) data collection via mobile and
wearable devices has become increasingly common. This
typically involves continuous tracking of physiological data,
such as step counts and heart rate, through smartwatches [1],
alongside self-reported ecological momentary assessment
(EMA) surveys prompted on smartphones or web interfaces
multiple times a day to measure self-reported behavioral and
psychological variables [2,3]. Such intensive longitudinal data
(ILD) [4,5] offer numerous advantages. They facilitate remote
monitoring for timely interventions, reduce recall bias by
capturing real-time data, and allow for examination of behavioral
changes on more granular timescales. These features have the
potential to enhance the effectiveness of health monitoring and
research. Missing data are inevitable in mHealth and uHealth
studies as triggered by myriad reasons, including variations in
participants’ compliance, engagement, contextual factors, and
other measurements and technical issues [6,7]. Whereas various
modeling methods have been proposed to deal with missing
data in ILD, few mHealth or uHealth studies have systematically
leveraged and integrated passive device and subjective EMA
responses to inform missingness mechanisms that drive
across-participant and across-time variations in compliance
rates and possible consequences on health behavior inference
[7-10].

Why Joint Modeling for mHealth and uHealth Studies?

Overview
Joint modeling is a technique that handles nonresponse bias by
simultaneously fitting 2 interconnected models: 1 for the main
analysis (substantive model) and 1 for understanding how
missing data might occur (missing data model). The substantive
model could be any statistical model for testing the primary
research question, such as linear regression, survival analysis,
and path analysis. The missing data model is a model that
examines whether missingness is linked to certain factors by
modeling binary missing indicators of the variables of interest
(see Figure 1 for an overview).

Joint modeling is commonly used to address nonignorable, also
known as nonrandom missingness, which occurs when the

missingness depends on unobserved outcomes. For example, if
some participants wear their smartwatches only when they are
physically active, the device-tracked physical activity (PA) data
are said to be missing not at random (MNAR), as the likelihood
of missingness depends on the unobserved PA levels, which
ought to be measured but were missing on the less active days
(alternatively, more germane scenarios include missingness
completely at random [MCAR], in which the missingness does
not depend on any variable, and missingness at random [MAR],
in which the missingness depends only on variables that are
observed in the measured data). Overlooking such nonignorable
missingness by examining the substantive processes only with
the available data often results in incorrect inferential
conclusions [11].

Past mHealth and uHealth studies that sought to identify
predictors of participant compliance [8,12] have typically
focused exclusively on the “missing data models.” As such, the
researchers miss opportunities to allow the substantive and
missing data models to iteratively inform each other during
model fitting, especially in MNAR scenarios.

Such a joint inferential approach has several advantages. First,
by explicitly accounting for when and why missingness occurs,
the missing data model informs substantive models with more
plausible values for unobserved data, leading to enhanced
estimates of key substantive processes (such as PA and energy
levels), even when data are incomplete. Second, the missing
data model also benefits from the substantive model, especially
when the likelihood of missingness depends on variations in
the substantive processes (ie, MNAR), as noted in several EMA
studies involving subjective self-reports [13,14].

Third, in mHealth or uHealth contexts, this mutual reinforcement
between models can be further enhanced by leveraging passively
collected data. Passive data such as device usage indicators (eg,
app engagement records) can be collected unobtrusively and
may provide valuable auxiliary information for modeling
missingness mechanisms.

Fourth, the enhanced ability to detect nonignorable missingness
can inform better data collection strategies. For instance, if the
model reveals that PA data are more likely to be missing during
low-activity days (ie, less inclined to wear devices on inactive
days; MNAR), researchers might implement targeted strategies
to improve data quality, such as sending adaptive reminders
encouraging device use particularly during low-activity periods.
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While direct follow-up with nonrespondents is ideal [15], it is
often costly or infeasible, making joint modeling a valuable
alternative for identifying potential MNAR without extra data
collection.

Finally, even highly engaged participants exhibit occasional
missingness in longitudinal studies, but no studies to date have
considered the implications of conflating within- and
between-participant variations in compliance. Examining how
compliance fluctuations relate to PA and energy levels can
inform the design of more sustainable health behavior
interventions.

This study capitalizes on a 1-year intensive longitudinal study
to demonstrate how device-tracked PA and subjective EMA
reports (eg, energy levels) can be integrated within a joint
modeling framework that captures both within- and
between-person variations. Passive indicators such as cell phone
unlock counts are incorporated as auxiliary variables to aid
modeling missingness. This approach highlights the benefits of
leveraging multiple data sources and the risks of ignoring key
sources of variation.

Figure 1. Conceptual framework of joint modeling. EMA: ecological momentary assessment; mHealth: mobile health; PA: physical activity; uHealth:
ubiquitous health.

Existing Joint Modeling Approaches
Three common approaches for handling missing data within
the joint modeling framework are the selection model, shared
parameter model (SPM), and pattern mixture model (PMM).
We focus on the selection model and SPM, as PMM is less
applicable to ILD context. PMM stratifies data by missing
patterns and forms distinct models for each [16], which becomes
impractical for ILD, given its diverse missing patterns.

In the selection model, we assume that the missingness depends
on the unobserved values of the dependent variables (DVs).
Thus, the selection model directly models the probability of
missingness as a function of the (possibly unobserved) DV and
uses a joint likelihood to link the substantive and missing data
models [17]. For example, participants may be inclined to wear
their smartwatches tracking PA only when they are physically
active, leading to missing PA data when they are sedentary. To
address this MNAR issue, selection models directly incorporate
PA levels as a predictor in the PA missingness model, thereby
correcting the bias caused by nonignorable missingness.
Additionally, by integrating auxiliary variables, additional
variables not part of the main analysis but providing valuable
information about the missing data mechanism, as covariates

[18] (eg, time of day as a proxy for habitual exercise routines),
the model can also capture and adjust for MAR mechanisms.
This approach enables the missing data model to serve as a tool
not only for correcting bias but also for investigating potential
contributors to the missingness, such as how PA levels influence
the likelihood of PA data being missing.

In SPM, the missingness and substantive models are linked
through shared latent parameters (eg, random effects) [19], and
it assumes that the substantive and missingness processes are
independent, given the shared or correlated random effects. For
instance, in a longitudinal treatment study, patients may be more
likely to drop out as their health deteriorates (MNAR). Here,
the patient’s latent health trajectory—represented by a random
slope (ie, person-specific effects of time on health)—is
associated with data missingness. By incorporating an
individual’s random slope as a predictor in the missing data
model, 2 processes are linked [20]. When the missing data
model’s regression coefficient for the random slope is nonzero,
it indicates dependence between the substantive and missingness
processes.

While SPM and the selection model are often described as
distinct approaches, SPM is sometimes viewed as a variant of
the selection model [21,22]. Specifically, when applying a
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selection model within a multilevel framework, the structure
closely resembles that of the SPM [22]. This similarity arises
when the DV is decomposed into within- and between-person
components, and the between-person component (ie, the random
intercept) is used as a predictor in the missing data model. In
this case, it mirrors SPM’s use of a latent random effect to link
missingness and substantive processes.

These approaches form the conceptual basis of our proposed
joint modeling, which specifically targets within- and
between-person heterogeneity, as well as temporally clustered
missingness—the tendency for missing days to be followed by
more missing days. We describe each of these characteristics
in turn.

Missing Data Issues in ILD

Heterogeneity in Missing Data Patterns Within and
Across Individuals
Unlike conventional panel longitudinal data, ILD is
characterized by a much higher frequency of assessments,
leading to greater variability in missing data patterns. First, a
high frequency of data collection can amplify within-person
variations in compliance because the number of possible missing
data patterns increases with an increase in the number of
assessment occasions. Since data are collected daily or multiple
days a time, more factors can influence daily compliance rates
in mHealth and uHealth studies [8,9], such as daily variations
in affect, technical issues, forgetting to wear a watch [23], or
any disruptions in daily lives (eg, illness, vacations).
Nahum-Shani et al [7] discussed how engagement in digital
interventions using mobile devices can be influenced by
contextual factors such as emotional, physical, and cognitive
energy. As more concrete examples, nonresponse to EMA push
notifications could be influenced by the emotional energy of
the survey moment, as well as PA levels or sleep duration on
the day, which is proxy of physical energy throughout the day.

Second, participants may miss assessment points due to baseline
individual differences in compliance, such as levels of
conscientiousness or familiarity with mobile technology. This
between-person variation can become more pronounced with
more repeated measures. Martinez et al [12] reported that
compliance rates for wearable trackers and mobile EMA were
related to person-specific characteristics. Older participants
tended to have more difficulties using smartphones, leading to
lower compliance rates [24]. A higher BMI was related to lower
compliance rates in a weight intervention study because of
physical discomfort with wearing the device and the collection
of weight data. In summary, participants’compliance to mHealth
and uHealth data collection changes not only because of their
person-level traits but also due to changes in daily contextual
factors. As sample size and measurement occasions increase,
so does the variability in compliance rates both within and across
individuals.

Our proposed joint modeling approach allows for between- and
within-person heterogeneity in missingness by combining a
multilevel missing data model with a multilevel vector
autoregressive (VAR) model for the substantive processes of
interest. Applications of such multilevel decomposition of

missingness are still nascent in the literature and are primarily
restricted to cross-sectional settings [25], or iterations through
missing data imputation and substantive process modeling in 2
stages [23]. Although a few studies in the ILD literature have
adopted joint modeling approaches (with substantive process
models that were similar to that adopted here) [26], these studies
did not apply multilevel decomposition to the missing data
model itself.

Temporally Clustered Missingness
In our empirical data, we observed significant patterns of
temporally clustered missingness (see Figure 2 for examples).
Specifically, 25.2% (55/218) of the participants had at least 1
period of 7 consecutive days of missingness for EMA-measured
energetic feelings (ENs), and 41.3% (90/218) of participants
had at least 1 period of 7 consecutive days of missingness for
smartwatch-tracked accelerometer-measured PA (see section
“Motivating Empirical Data” for the valid data criterion). These
patterns highlight a notable feature of missing data in ILD: burst
or temporally clustered missingness, where 1 day of missingness
tends to be followed by more missing days. This clustering can
occur for various reasons. For instance, during busy periods or
while traveling, participants may ignore survey prompts for
several consecutive days. If any technical issues occur, the data
can be continuously missing until the problem is resolved. Such
burst missingness suggests that each instance of missing data
may not be independent of the previous instances.

Incorporating this pattern into missingness models could
improve the accuracy of analyses. However, existing methods
often overlook these patterns, likely because it is not commonly
observed in cross-sectional or conventional panel longitudinal
data. To our knowledge, only 1 study has considered the
temporal dependency of missingness when modeling missing
processes but without substantive models [27]. In contrast, an
ILD study with a joint modeling approach [26] did not
incorporate such a temporal component in its missing data
model. To address this gap, we integrate autoregressive (AR)
terms into our proposed missing data model within the
framework of the joint model. AR terms account for the
autocorrelation in missing data by relating the current missing
data status to the previous time points, thereby capturing the
tendency for missingness to occur in clusters.

Our approach is a multilevel joint model based on the selection
model framework, assuming the missingness in DV depends
on unobserved variables or parameters (MNAR), and other
observed covariates (thus allowing for MAR as a special case).
Under this approach, substantive and missingness models are
connected via joint likelihood and correlated residuals. While
rooted in the selection model framework, our multilevel joint
model shares some similarities with SPM: DVs are decomposed
into within- and between-person components in substantive
models, and the latent between-person components (ie, random
intercepts) serve as predictors in missing data models. Our
missing data model can be further extended from an SPM
perspective by incorporating additional random effects (eg,
random AR effects in VAR models). However, such an
extension was not implemented, due to the lack of theoretical
background to expect that person-specific AR coefficients would
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be systemically related to missingness. Table 1 compares the
selection model, SPM, and our multilevel joint model,

emphasizing their suitability for different scenarios and
highlighting the unique contributions of our approach.

Figure 2. Data missingness in bursts from 2 participants. EMA: ecological momentary assessment; EN: energetic feeling; PA: physical activity.

Table 1. Comparison of joint modeling missing data handling approaches.

Common use casesWhen to useKey properties

When missingness depends on

unobserved DVsa.

Selection model •• Widely applied in cross-sectional
and panel data.

Links outcome and missingness models via joint
likelihood, often with correlated residuals.

When missingness relates to la-
tent change components (eg,
random slope).

Shared parame-
ter model

•• Typically to model dropout or attri-
tion in longitudinal panel studies.

Models share latent parameters (eg, random ef-
fects).

• Assumes conditional independence given shared
parameters. • Terminal dropout or attrition does

not require consideration of over-
time variations in missingness.

When missingness depends on
either unobserved variable values
or latent changing dynamics (eg,

random ARb effects), with tem-
porally clustered missing pat-
terns.

Multilevel joint
model (this
study)

•• Tailored for ILDc with intermittent
missingness.

Link 2 models via joint likelihood and correlated
residuals.

• Does not assume conditional independence given
shared parameters. • Useful for ILD-specific challenges:

mixed sources of missingness (per-
son- and context-level), temporal
dependency of missingness.

• Decomposes missingness into within- and be-
tween-person levels, disentangling momentary
and habitual missing tendencies.

aDVs: dependent variables.
bAR: autoregressive.
cILD: intensive longitudinal data.

This Study
Due to the distinct patterns of missingness in ILD, specialized
approaches are required for handling missing data. In this study,
we apply multilevel joint modeling to empirical mHealth data
consisting of up to a year of daily self-reports on feeling
energetic and PA, tracked by smartwatches. Especially, through
this empirical analysis, we provide practical guidance on
building missing data models and discuss the use of joint
modeling of the dynamics of the substantive health processes
and missingness mechanisms.

Additionally, by comparing the empirical results obtained across
different missing data handling methods—such as listwise

deletion, last observation carried forward (LOCF), mean
imputation, Bayesian full information maximum likelihood
(FIML), and joint modeling with alternative missingness
models—we highlight the importance of conducting sensitivity
analysis to evaluate the robustness of substantive conclusions.

Given that true substantive and missing data models are never
known in empirical analysis, we further supplement the
empirical analysis with a simulation study. This simulation aims
to verify the efficacy of the joint modeling approach under
known data-generating mechanisms and missing data patterns
designed to mirror the intricacies of empirical ILD, such as
individual variations in compliance rates, clustered patterns of
missingness, and the presence of ordinal DV (eg, Likert scale).
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Methods

Motivating Empirical Data
Data from the Temporal Influences on Movement and Exercise
study [28], collected over 1 year, were analyzed. The study
recruited young adults (aged 18-30 years; N=246) across the
United States. Participants completed smartphone EMA surveys
on EN at the end of the day and wore smartwatches to track PA
throughout their participation. Each participant’s study start
date was defined as the first day with both EMA and wearable
data. If EMA responses continued after wearable data had
permanently stopped (eg, due to technical issues), those trailing
EMA entries were excluded to preserve meaningful variation
in both affect and PA.

Data were retained for participants who had at least 14 days of
nonmissing data for both EN and PA and at least 30 days of
participation. Participants with more than 80% missing data in
either EN or PA were considered noninformative for the
intended analysis and excluded to prevent excessive imputation
bias. This yielded final data from 218 out of 246 individuals,
with data ranging from 39 to 401 (median 323.5, IQR 153.5-347)
days and a total of 55,716 data points.

Measurement
Participants rated their daily EN on a 5-point Likert scale via
smartphone app at the end of the day. Smartwatch-tracked PAs
were first summarized using the motion independent movement
summary units [29], based on raw acceleration data from Fossil
Sport 4/5 (initially in 1-second epoch), and were aggregated
daily. To facilitate efficient model fitting, daily PA was scaled
by its standard deviation to align with other variables, as large
discrepancies in variable scales can lead to numerical instability
and slower convergence in complex models [30].

Time-varying covariates included daily device wear time,
self-reported daily sleep duration (in hours), a season indicator,
and phone screen unlock counts per day. Device wear time was
determined from the SWaN (Sleep Wake and Nonwear)
algorithm [28], which categorized available data into Wear,
Sleep, or Nonwear. Demographic and between-person variables
were also considered: sex (female=1 and male=0), age,
employment status (employed for wages=1 and no=0),

self-reported depression diagnosis (yes=1 and no=0), and alcohol
consumption habit (number of days of drinks per week).

Missing Data
Individual missing data percentages for EN (the proportion of
missing days relative to each participant’s total participation)
ranged from 0% to 71.2%, with an average of 16.7% per person.
For the entire dataset, the missing rate was 14.9% (8319/55,716),
with continuous missing days ranging from 1 to 38 (mean 1.6,
SD 1.98 days). For daily PA, missing data were defined as less
than 10 hours of smartwatch wear [31]. If no data were available,
it was treated as 0 wear time, and PA was marked as missing.
Individual missing data percentages for PA ranged from 0% to
68.5% (average=19.5% per person). For the entire dataset, the
missing rate was 18.4% (10,265/55,716), with continuous
missing days ranging from 1 to 100 (mean 2.04, SD 3.56 days).
The median of the continuous missing days was 6, and the 90th
percentile was 30, indicating that most of the gaps were short,
with only 10% exceeding a month. Notably large gaps (eg, 100),
upon reviewing research notes, were confirmed to be due to
technical issues, with participants resuming after the issues were
resolved.

Ethical Considerations
This study analyzed fully anonymized secondary data obtained
from a previous study [28] conducted at the University of
Southern California (HS-18-00605). The original study was
approved by the University of Southern California Institutional
Review Board and conducted in accordance with the ethical
standards laid down in the 1964 Declaration of Helsinki and its
later amendments. All participants provided informed consent
to have their deidentified data published in journals. As this
study involved only anonymized secondary data and did not
include direct participant contact, additional ethical review was
not required.

Statistical Analysis
Figure 3 provides an overview of our analytic framework. It
outlines the key steps for specifying the substantive and missing
data models, estimating them jointly, conducting sensitivity
analysis, and interpreting the results. The following subsections
elaborate on each step of this workflow. Code for replicating
empirical analysis is available in Multimedia Appendix 1.
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Figure 3. Workflow of multilevel joint modeling for handling missing not at random intermittent missingness. DVs: dependent variables; MAR: missing
at random; MNAR: missing not at random.

Substantive Model: Multilevel VAR (1) Model
Joint modeling involves 2 components: substantive and missing
data models. The substantive model, driven by research
questions, is a statistical model that tests research hypotheses.
In our case, the research question focused on the reciprocal
relationship between daily PA and EN over time. Specifically,
we aimed to understand how the PA and EN from the previous
day influenced those on the following day. This exploration of
lead-lag relations can provide insights into how changes in one
process may influence the other, potentially informing
interventions to improve physical and mental well-being. For
this, we used a VAR model as our substantive model. The VAR
(1) model for EN (ENi,t) and PA (PAi,t) is described by the
following equations. The subscripts i and t denote the values
for ith individual at time t.

In these equations, µ1,i and µ2,i are individual baseline levels of
EN and PA, when all predictors are at their average values.
Individual variations in baseline were allowed and predicted by
person-specific variables (sex, age, employment status,
depression, and alcohol consumption habits), with EN baseline
additionally predicted by person-average sleep duration, and
PA baseline by person-average device wear time.

The coefficients a1,i and a2,i represent the AR effects for person
i, namely, the extent of yesterday’s energy (PA) on today’s
energy (PA), respectively. The coefficients, b1,i and b2,i, termed
cross-regressive (CR) coefficients, represent yesterday’s PA →
today’s energy and yesterday’s energy → today’s PA effects
for person i. Thus, temporal dependencies within individuals
were explicitly accounted for through individual differences in
AR and CR effects, which include the sample’s average AR
and CR coefficients (termed “fixed effects”), and stochastic
parts that capture each person’s deviations from the sample
averages (termed “random effects”). All the random effects
were allowed to covary with each other.

Daily sleep duration, a seasonal indicator, and device wear time
were included as time-varying predictors. The terms e1,i,t and
e2,i,t represent dynamic noises, or residuals in the 2 processes
that were not accounted for by other variables, but whose effects
carried on to future time points through the AR and CR terms.
These dynamic noises were allowed to covary with each other.

Given the importance of modeling time effects in ILD analyses,
we examined potential temporal trends in PA. We found no
significant linear trend in PA over the year. However, to account
for seasonal variations in PA, we included a season variable in
the model [32]. Exploratory analysis showed that PA levels
were higher in summer and lower in winter, with no significant
difference between spring and fall. Thus, winter was coded as
–1, spring or fall as 0, and summer as 1. It is worth noting that
the specification of the substantive model and the omission or
misestimation of covariances between random effects can impact
parameter estimates, particularly in the presence of substantial
missing data [33].

Missing Data Model: Multilevel Probit Model

Choice of Models for Binary Outcomes

We constructed a missing data model for each of 2 DVs (EN
and PA). Each was constructed as a multilevel univariate probit
regression model [27], with the binary missing indicators of
whether a data point is missing (0=observed and 1=missing) on
a particular day t for person i and construct d serving as the
ordinal DV. Underlying the ordered binary responses for each
construct were a normally distributed, time- and person-varying
latent variable that represented each individual’s underlying
and continuous tendency missingness on a given day, with
missingness occurring if this tendency exceeds an estimated
threshold parameter.

While logit and log-log links are viable alternatives for modeling
binary outcomes, we selected the probit model for both
theoretical and practical reasons. First, although logit and probit
models often yield similar results [34], theoretical considerations
favor the probit model. Theoretically, the probit model aligns
well with ILD missing data contexts, where a latent tendency
for missingness at person level (habitual missing) and day level
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(short-term tendency) is plausible. Second, prior research
suggests that in complex settings—such as multivariate binary
response models with random effects—probit often provides
better fit than logit [35]. Third, the log-log link is tailored to
rare‐event or survival‐type dropout contexts, whereas our
focus is on intermittent nonresponse. Finally, software
constraints—such as Mplus’s support for multilevel Bayesian
probit but not logit—made probit the most feasible option in
practice.

Across-Time and Person Heterogeneity in Missingness

Since missing data indicators were themselves longitudinal and
nested within each person, the proposed multilevel probit

regression model extended standard probit regression by
decomposing the missingness mechanisms into day- and
person-level missingness. The within-person part modeled
day-to-day variations in missing tendency related to
time-varying covariates, such as energy and PA levels
themselves, and phone usage. The between-person part captures
individual differences in overall missingness tendencies, linked
to person-specific predictors (eg, person mean of phone usage)
and demographic factors. Table 2 summarizes representative
hypotheses about within- and between-person missingness
mechanisms and shows how each is reflected in the multilevel
missing data model.

Table 2. Plausible missingness-related hypotheses.

MechanismsReflecting missing data modelsLevels and hypotheses

Within-person

EN missingi,t = β1 × ENb
i,t

On days when they feel less energetic than usual,

they tend to miss more EMAa prompts.

• MNARc

EN missingi,t = β2 × PAd
i,t

On days when they engage in more physical ac-
tivity than usual, they tend to miss more EMA
prompts.

• MARe, if PA missingness is not related to energy
level.

• MNAR, if PA missingness is related to energy
level itself (eg, on low-energy days, people are
less likely to wear smartwatches).

EN missingf
i,t = β3 × Phoneg

i,t
On days when they use smartphones more than
usual, they tend to miss fewer EMA prompts.

• MAR

Between-person

EN missingh
i = β5 × ENi

People who have lower energy than others tends
to miss more EMA prompts.

• MNAR

EN missingi = β4 × PAiPeople who are generally more physically active
than others tend to miss more EMA prompts.

• MAR, if overall PA missingness is not related to
overall energy level.

• MNAR, if overall PA missingness is related to
overall EN level (eg, those with generally lower
energy are less likely to wear smartwatches).

EN missingi = β6 × PhoneiPeople who generally use phones more than
others tend to miss fewer EMA prompts.

• MAR

aEMA: ecological momentary assessment.
bENi,t: energetic feelings. Subscripts i and t denote the values for ith individual at time t.
cMNAR: missing not at random.
dPAi,t: physical activity. Subscripts i and t denote the values for ith individual at time t.
eMAR: missing at random.
fMissingi,t: missing indicator at time t for person i (1=unobserved and 0=observed).
gPhonei,t: the number of times the phone screen was unlocked. Subscripts i and t denote the values for ith individual at time t.
hMissingi: between-person level missingness for person i.

Selection of Predictors for Missing Data Models

Building missing data models requires identifying appropriate
predictors of missingness, a process closely tied to hypothesis
generation, as illustrated in Table 2. Theory-driven approaches
use prior research to inform potential predictors of missingness
or compliance. For example, age was related to lower
compliance rates [24]. Daily emotional, physical, and cognitive
energy may influence engagement in mHealth studies [7]. In
our context, daily EN, PA, and sleep duration, which are proxies

of daily energy levels, can be considered potential predictors
of missingness. Also, smartphone usage had a significant impact
on EMA response rates [8].

When theoretical guidance is limited, statistical exploration
helps identify potential predictors of missingness, particularly
under MAR assumptions. To inform the multilevel probit model,
we conducted correlational analyses between missingness
indicators and person-mean centered (within-person) and
person-mean (between-person) variables. Predictors significantly
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associated with missingness at each level were selected for
inclusion. The full list of predictors and their correlation results
is reported in the “Results” section.

Burst Missingness

To capture burst patterns in missingness observed in the data,
we included lagged (yesterday’s) latent missingness tendencies
of yesterday’s missingness for EN and PA on today’s
missingness for EN and PA in the missing data model. By
incorporating temporal dependencies (ie, AR effects) of
yesterday’s missingness for DVs on today’s missingness for
DVs, the model allowed a participant’s missingness tendency
on 1 day to influence missingness on the following day.

Estimation of the Joint Model
After constructing the substantive and missing data models, we
jointly estimated them by linking them through joint likelihood
and correlated residuals between the substantive and missing
data models. For estimation, we used Bayesian methods due to
its pragmatic advantages in handling complex models with
multilevel structures [36-38]. Following practices for Bayesian
reporting [39], we presented the median of each posterior
distribution as the point estimate, alongside standard deviations
and 95% credible intervals (CrIs). Parameters were considered
significant if their CrI did not include zero.

Model estimation was conducted on a PC (Intel i7 CPU, 32GB
RAM) and took 2 hours to converge. If there are too many
predictors in the missing data model, the run time may increase
and convergence issues may arise. In such cases, simplifying
the model by reducing the number of predictors or restricting
the random effects may help. In our experience, fitting the
missing data model alone without the substantive model often
led to convergence issues. This highlighted 1 practical advantage
of using the joint modeling approach to allow inclusion of values
of substantive processes in the missing data and vice versa to
facilitate the estimation process. Details of the default Bayesian
estimation settings in Mplus and the convergence criteria are
outlined in Multimedia Appendix 1.

Sensitivity Analysis
To assess sensitivity to different missing data methods, we
compared our joint modeling result with other commonly used
techniques in behavioral science, including listwise deletion,
LOCF, mean imputation, and Bayesian FIML. Listwise deletion
(complete case analysis) removes any time points with missing
values, resulting in the greatest extent of data loss among the
methods considered. LOCF fills in missing values by carrying
forward the last observed value, assuming no change since the
last entry. Mean imputation replaces missing values with the
variable’s overall mean, disregarding individual and temporal
variation. FIML is a more sophisticated technique that leverages
all available data, including both fully and partially observed
patterns (where some variables are measured at a specific time
point while others are missing). It is considered more robust
than traditional methods, such as mean imputation, and effective
under the MAR assumption [17]. Bayesian FIML is an approach
that uses Bayesian inference to handle missing data similarly
to FIML, leveraging the computational advantages of Bayesian
estimation [40,41].

Additionally, given recent advancements in deep learning for
time series imputation—particularly methods that explicitly
model temporal dependencies—we conducted a sensitivity
analysis using 2 methods that have shown promising results:
SAITS (Self-Attention-based Imputation for Time Series [42])
and BRITS (Bidirectional Recurrent Imputation for Time Series
[43]). SAITS is a transformer-based model that leverages
self-attention mechanisms, while BRITS is based on
bidirectional recurrent neural networks. We applied SAITS-base
[42] and BRITS to impute missing values in our data before
estimating the substantive model. Imputation was implemented
using PyPOTS [44].

Notably, the methods discussed do not incorporate explicit
missing data models that we can interpret. To further assess the
sensitivity of our joint modeling approach, we examined the
robustness of key conclusions under an alternative missing data
model specification by extending the proposed missing data
model to include additional lagged variables of the DVs as
predictors.

Among the approaches mentioned, listwise deletion, LOCF,
mean imputation, SAITS, and BRITS are 2-stage processes,
where missing data are imputed first, followed by fitting the
substantive model using the complete dataset. In contrast,
Bayesian FIML and joint modeling are a 1-stage process that
handles missing data while fitting the substantive model, without
explicit data imputation process.

Results

In this section, we first present the results from our proposed
joint modeling approach, which addresses the possibility of data
being MNAR, through both the substantive model and the
missing data model. We then report the results of sensitivity
analyses, comparing our approach with alternative missing data
handling techniques and evaluating the robustness of our
findings under different specifications of the missing data model
within the joint modeling framework.

Correlation Analysis for Specifying the Missing Data
Model
To inform the multilevel probit model, we conducted
correlational analyses between missingness indicators and both
person-mean centered (within-person) and person-mean
(between-person) variables. At the within-person level, daily
phone usage (r=–0.065; P<.001) and sleep durations (r=0.021;
P<.001) were correlated with EN missingness. Similarly, daily
phone usage (r=–0.022; P<.001) and sleep durations (r=0.031;
P<.001) were correlated with PA missingness. At the
between-person level, average phone usage was negatively
correlated with both EN (r=–0.255; P<.001) and PA (r=–0.14;
P=.039). Average sleep duration was related to EN missingness
(r=–0.136; P=.045). It should be noted that these correlational
results are based on observed data only and may differ from
results obtained under joint modeling; their purpose was to
inform predictor selection rather than to test missingness
mechanisms.

Based on the theoretical considerations and these correlational
findings the final missing data models included the following
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predictors: at the within-person level, daily EN, PA, sleep, and
phone usage, and at the between-person level, the person means
of EN, PA, sleep, and phone usage, along with participants’
sex, age, employment status, self-reported depression, and
alcohol consumption habit.

Substantive Model Results
To examine the daily reciprocal relationship between PA and
EN, the multilevel VAR (1) model was fitted jointly with the
multilevel probit regression model to represent the missingness
of 2 DVs. Results showed that higher than usual levels of PA
or EN on 1 day were significantly associated with higher levels
of the same variable on the following day, as indicated by
positive AR coefficients (EN 0.226, 95% CrI 0.196-0.254; PA
0.081, 95% CrI 0.066-0.097). This suggests that both PA and
EN exhibited a certain level of continuity over time. Regarding
reciprocal influence—the focus of this analysis—CR coefficients
indicated that higher energy levels on 1 day predicted higher
PA levels the next day (b=0.03; 95% CrI 0.012-0.049), and vice
versa: higher PA levels also predicted higher energy levels on
the following day (b=0.03; 95% CrI 0.006-0.054).

Covariate effects were as follows. PA levels tended to increase
during warmer seasons (b=0.031; 95% CrI 0.025-0.038).
Individuals with self-reported depression exhibited generally
lower EN levels (b=–0.411; 95% CrI–0.735 to –0.078).
Individuals who were employed (b=0.380; 95% CrI 0.178-0.582)
and those who reported higher frequencies of alcohol
consumption (b=0.069; 95% CrI 0.009-0.128) showed higher
overall PA levels. Additionally, sex differences were observed
in PA baseline, with females exhibiting higher baseline PA than
males (b=0.219; 95% CrI 0.017-0.420).

Missing Data Model Results
In this section, we present results from missing data models to
explore plausible hypotheses about missingness mechanisms.
Full probit model results are shown in Table S1 in Multimedia
Appendix 2. It is worth noting that the estimated missingness
mechanisms here are not definitive; rather, they provide
preliminary insights that warrant further discussion with experts
in the field.

Missing Not at Random
The results indicated that the PA level was significantly
associated with missingness in both within- and between-person
levels of EN and PA. Lower than usual PA levels or overall
lower PA levels compared with others were linked to more
missingness in both EN and PA. Since PA was passively
recorded via smartwatch, the observed negative association
between same day PA and missingness likely reflects that more
active days coincide with consistent device wear.

Unlike PA, EMA self-reported EN levels were not associated
with EN missingness at either the within- or between-person
level, indicating that individuals with lower energy—whether
generally or on a given day—were not more likely to miss
reporting. Interestingly, at the within-person level, missingness
in smartwatch-tracked PA was higher on days they reported
higher than usual EN. While unexpected, this result might reflect
nuanced interactions between study and other unmeasured

factors that were not accounted for by the model. Follow-up
sensitivity analysis (see the “Sensitivity Analysis” section)
showed that this result, while unexpected, was robust to changes
in variations in the missing data models.

Missing at Random
As expected, the amount of phone usage was negatively
associated with missingness in EMA-measured EN at both the
within-person and between-person levels. More frequent phone
usage than usual or compared with others was associated with
less missingness in EN. However, phone usage was not related
to the missingness of smartwatch-tracked PA. Self-reported
sleep duration was not significantly related to missingness of
either PA or EN.

We investigated the relationship between demographic variables
(sex, age, employment status, self-reported depression, and
alcohol consumption) and missingness in the data. First, we
found that none of the demographic variables were significantly
associated with missingness in EMA-measured EN. Notably,
self-reported depression and age did not affect missingness.
This may be because the participants were a nonclinical sample
and they were all from generations familiar with smart devices,
which could have minimized the impact of these variables on
missingness. Conversely, people who were employed for wages
showed higher missingness in smartwatch-tracked PA,
suggesting that occupational demands may interfere with
consistent device wear. We address the importance of
considering job-related factors in influencing uHealth missing
data in the “Discussion” section.

Burst Missingness
To account for burst missingness, we included the previous time
point’s missing indicators as predictors. A positive AR
coefficient indicates temporally clustered missingness. In the
EN missing data model, the AR coefficient was positive and
significant (b=0.332; 95% CrI 0.312-0.352), suggesting that if
a participant missed responding to EMA once, they were more
likely to miss responding the next day as well. However, the
AR coefficient in the PA missingness model was not positive
(b=–0.011; 95% CrI –0.019 to –0.003), which will be further
discussed in the “Sensitivity Analysis” section. The different
AR patterns between EMA-measured EN and
smartwatch-tracked PA imply that missing data patterns may
differ between active self-report EMA measures and passively
recorded smartwatch-tracked measures.

Sensitivity Analysis
We compared our findings from the proposed joint model (joint
model 1) with other missing data handling techniques that do
not explicitly incorporate missing data models: (1) listwise
deletion, (2) LOCF, (3) mean imputation, (4) Bayesian FIML,
(5) SAITS base, and (6) BRITS. Furthermore, to examine the
sensitivity of our conclusions to the specification of the missing
data model itself, we tested an alternative joint model (7), joint
model 2, that extended joint model 1 by including an additional
predictor—a lagged DV—into the missingness models.
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Substantive Model

AR Effect

Comparison of AR and CR effects—the key substantive model
results—is summarized in Figure 4. For both PA and EN,
significant positive AR coefficients were observed across all
methods. The magnitudes were generally similar for EN across
methods, except for LOCF, which overestimated AR parameters

due to its characteristic of repeating the same value. Conversely,
the AR estimates for PA were notably influenced by missing
data handling methods. This appears to stem from the high
incidence of MNAR missingness in PA, as discussed in the
previous “Missing Data Model Result” section. As expected,
AR coefficients were more similar between the Bayesian FIML
and joint models than with other 2-step approaches.

Figure 4. Sensitivity analysis of autoregressive (AR) and cross-regressive (CR) parameters across missing data handling methods. Each node represents
EN or PA at time t or t−1. Arrows show AR and CR paths with point estimates and 95% credible intervals (within parentheses). Labels in boldface
indicate significance (95% credible interval excludes 0). (A) Listwise deletion, (B) LOCF, (C) mean imputation, (D) Bayesian FIML, (E) SAITS-base,
(F) BRITS, and (G) joint model 2. BRITS: Bidirectional Recurrent Imputation for Time Series; EN: energetic feeling; FIML: full information maximum
likelihood; LOCF: last observation carried forward; PA: physical activity; SAITS: Self-Attention-based Imputation for Time Series.

CR Effect

In contrast to AR effects, CR coefficients—representing the
dynamic interplay between energy levels and PA—were much
closer to 0, thus yielding inferential conclusions that were
sensitive to changes in missing data handling methods (Figure
4). Across approaches without an explicit missing data model,

in models (A) to (F), CR estimates were not statistically
significant. However, when joint modeling was applied (joint
models 1 and 2), a significant CR effect emerged. Similar to
joint model 1, joint model 2 also showed that higher energy
levels on one day predicted higher PA levels on the next,
demonstrating the robustness of this finding. However, the
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reverse CR effect (from PA to energy) was not significant in
joint model 2, unlike in joint model 1.

These findings illustrate how joint modeling can uncover
dynamic associations that might be obscured when missing data
are not explicitly modeled. They also show how the estimation
of CR effects can be influenced by the specific construction of
the missing data model, highlighting the importance of
sensitivity analysis across missing data model specifications.

Person-Level Covariate Effect

We investigated whether the baseline levels of DVs are
associated with person-specific characteristics such as sex, age,
employment status, depression, and alcohol consumption habit.
Overall, the estimates were consistent across different methods.
One exception was the effect of sex on PA baseline: although
estimated sex differences from other missing data handling
methods were in the same direction (ie, positive), it was
significant only in 2 joint models and SAITS, where females
exhibited a higher baseline PA (joint model 1: b=0.219, 95%
CrI 0.017-0.42; joint model 2: b=0.226, 95% CrI 0.025-0.43;
and SAITS: b=0.0.190, 95% CrI 0.017-0.353). This aligns with
our simulation results, which are elaborated later, and indicates
that while the estimates of person-level covariate effects on
baseline levels are generally less sensitive than CR effects, some
parameters can still be influenced by missing data handling
methods.

Missing Data Model
The probit model results for joint model 2 are shown in Table
S2 in Multimedia Appendix 2. Compared with joint model 1,
here we address some robust findings and note key differences
from joint model 2. Under joint model 2, the previous day’s
EMA-measured EN level was not significantly associated with
EN missingness, and the overall estimation on EN missingness
mechanisms remained unchanged. In contrast, the previous
day’s smartwatch-tracked PA level was positively associated
with PA missingness (95% CrI 0.214-0.249), resulting in some
shifts in parameter estimates— already noted in the “Substantive
Model” subsection of “Sensitivity Analysis.”

Missing Not at Random

Consistent with joint model 1, joint model 2 showed that lower
smartwatch-tracked PA levels were associated with higher
missingness in both EMA self-reported EN and device-tracked
PA measures at the within- and between-person levels,
supporting the robustness of this pattern. Additionally, both
models revealed an unexpected within-person effect: on days
when individuals reported higher than usual EN, there was more
missingness in PA measures. While unexpected, this result
remained robust across different model specifications. To
investigate further, we fitted another joint model with a weekend
indicator to predict outcome missingness. This revealed higher
PA missingness on weekends (b=0.093, 95% CrI 0.068-0.119),
but the other main results remained unchanged.

Missing at Random

A higher frequency of alcohol consumption was associated with
more missingness in smartwatch-tracked PA in joint model 1,
but not in joint model 2. While individuals who consume alcohol

more frequently may experience forgetfulness or have lifestyle
choices prioritizing social activities over research participation
[45], this association appeared sensitive to the missing data
model specification. Another less robust finding was a sex
difference in smartwatch-tracked PA missingness: females
showed higher missingness in joint model 2 but not in joint
model 1. This suggests that certain between-person
effects—alcohol consumption and sex—may be more
model-dependent and should be interpreted with extra caution.

Burst Missingness

In EN missingness model, similar positive AR coefficients
(0.332 in joint model 1 and 0.331 in joint model 2) suggest a
robust pattern of burst EN missingness: participants who missed
an EMA-measured EN response were more likely to miss the
following day as well. However, the AR coefficient in the PA
missingness in joint model 2 (b=0.031, 95% CrI 0.023-0.039)
differed from joint model 1. This difference suggests that burst
missingness in PA is partially driven by the PA levels
themselves (ie, MNAR), as well as by other unexplained
autocorrelated processes. In joint model 2, we included lagged
PA as a predictor, allowing the model to attribute part of the
burst missingness to the autocorrelated nature of PA. As a result,
the AR term—which previously captured both structured (ie,
MNAR-related) and unstructured burst missingness—changed,
now reflecting primarily the unstructured component of burst
missingness that is unrelated to PA levels.

Simulation Study Results

Simulated Substantive Model Results
To evaluate the consequences of omitting components or the
entire missing data model, we conducted a simulation study
designed to closely mirror the structure and characteristics of
our empirical data (see Multimedia Appendix 3 for full
simulation design). By anchoring the data generation on true
parameter values, simulation lets us quantify bias when omitting
specific components of the missing data model or entire missing
data models.

Briefly, we generated complete longitudinal datasets for 200
participants over 300 days using a 2-outcome multilevel VAR
(1) model, with known AR, CR, and covariate effects. Parameter
values were set to approximate those estimated in the empirical
analysis. We then introduced 30% missingness on both outcomes
and a time-varying covariate under missing completely at
r a n d o m  ( M C A R ) ,  M A R ,  a n d  M NA R
mechanisms—incorporating within- and between-person
predictors, individually different overall compliance rates, and
burst missingness. Finally, we compared 5 analysis strategies
(complete data, Bayes-FIML, and 3 joint model variants) across
100 replications. Results are summarized graphically in Figure
S1 in Multimedia Appendix 3.

When There Were No Missing Data

Fitting the substantive model to fully observed data (“full data”
condition in Figure S1 in Multimedia Appendix 3) provides a
benchmark for other models. Under this ideal condition,
estimations were unbiased: all closely approximate the true
values. Only the covariate effects on AR were slightly
underestimated, within an acceptable range.
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Complete Omission of Missing Data Model

What happens if missing data models are not included at all?
When missing data were handled solely through Bayesian FIML,
estimates were severely biased across all parameters compared
with models with explicit missing data models (see Bayes FIML
condition in Figure S1 in Multimedia Appendix 3). These
findings underscore the importance of incorporating dedicated
missing data models, especially with MNAR.

Joint Modeling: When the Missing Data Model Was
Included

When results were obtained using our proposed joint model
(joint model 1; Joint DV condition in Figure S1 in Multimedia
Appendix 3), which included missingness models for 2 DVs,
estimation results from the joint model were almost comparable
to fitting models to fully observed data despite the use of MNAR
data. Notably, despite being small (0.05), the CR coefficients
were accurately estimated.

Adding a Missing Data Model for Time-Varying Covariates

In many cases, time-varying covariates also have missingness.
Should we incorporate missingness models for them, too? The
short answer is: when time-varying covariates have MNAR
missingness, proper missing data models can improve
estimation. However, compared with joint models that accounted
for missingness only in DVs, adding missing data models for
covariates did not always lead to substantial changes in statistical
inference. Therefore, a pragmatic approach may be to include
missing data models for the DVs under thorough explorations
and as guided by theories but incorporate simpler missing data
handling methods on the time-varying covariates (eg, partial
FIML proposed by Ji et al [26]).

When Clustered Missingness Was Not Accounted for

What happens when missingness is temporally clustered but
AR terms to capture the burst missingness are not included in
the missing data model? Our simulation shows that while
omitting AR terms is not as detrimental as excluding the missing
data model entirely, it can still lead to subtle but meaningful
bias in certain parts of the substantive model. For detailed results
and more discussion, see Multimedia Appendix 3.

Simulated Missing Data Model Results
The missing data model estimates under the “Joint DV”
condition are shown in Table S1 in Multimedia Appendix 3.
Overall, the results suggested that all parameters from the
multilevel probit model were well recovered under the joint
modeling framework. At the within-person level, all coefficients
were estimated accurately, regardless of whether the missing
mechanism was MAR or MNAR, with the absolute relative bias
ranging from 0.0 to 0.08—well below the commonly accepted
threshold of 0.1. This demonstrated the probit model’s adeptness
in identifying both MAR and MNAR. Also, the AR coefficients
were accurately estimated, indicating that the model can capture
clustered missing patterns if they existed. At the between-person
level, however, the coefficients were generally overestimated,
with relative biases falling within a range typically considered
unacceptable (0.1). Despite these biases, the coefficients still
correctly captured the directions and approximate magnitudes
of the true values. Thus, while person-level coefficients may

lack some accuracy, they remain practically meaningful in terms
of direction and magnitude.

Therefore, when used in conjunction with an appropriate
substantive model, the proposed missing data model can offer
useful insights into missing data mechanisms, even for MNAR
scenarios. While testing for MNAR is widely recognized as
challenging, using joint models may help in gaining a better
understanding of these mechanisms. However, when applied
to empirical data, caution is always necessary, as the true model
for both the substantive and missing processes is unknown.

Discussion

Principal Results
We illustrated the process of fitting a multilevel VAR model to
ILD, addressing potential MNAR missingness using a multilevel
joint modeling framework. Our approach extends prior selection
models to specifically handle intermittent missingness in ILD
by incorporating within- and between-person decomposition
and by capturing the temporal dependencies in the missing data
model. We further conducted a sensitivity analysis comparing
this approach with commonly used missing data methods, a
deep leaning–based imputation technique, and alternative
specifications of the missing data model—thus evaluating the
robustness of findings on both substantive behavioral processes
and underlying missing mechanisms.

We proposed examining the plausible missingness mechanisms
through the missing data model. These insights are valuable for
future mHealth and uHealth designs, as identifying patterns in
missingness under certain conditions can help reduce such
occurrences or address technological challenges that may
disproportionately affect specific subgroups. Specifically, our
analysis consistently revealed, across different missing data
model specifications, that missingness in smartwatch-tracked
PA and EMA-measured EN is not random but rather MNAR.
That is, lower than usual PA levels, or overall lower PA levels,
were associated with increased missingness in both PA and EN.
This suggests that people are more likely to have missing data
when they are less active, possibly because they are less mindful
of wearing tracking devices during low activity. This also aligns
with prior discussions in the study by Nahum-Shani et al [7],
which suggest that insufficient physical energy levels may
contribute to higher noncompliance rates in responding to EMA
prompts or wearing wearable devices. Interestingly, yesterday’s
high PA was linked to more missingness in PA today. This
could be due to factors such as smartwatch battery
issues—where a day of high PA leads to excessive battery
consumption, leaving the smartwatch uncharged the next day
and resulting in missing data. Alternatively, it could be a pattern
where 1 day of high PA leads to a PA drop the following day,
which in turn increases the likelihood of not wearing the
smartwatch. While the PA process exhibited an AR pattern in
the overall sample, excessive PA on one day can reduce the
next day’s PA [46]. Confirming these potential reasons would
require follow-up interviews or further investigation.

Additionally, employed individuals showed higher PA missing
rates, suggesting that employment status may influence mHealth
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and uHealth data compliance. Job-related factors, such as
demanding schedules, limited time to resolve technical issues,
and stress, could affect missingness. For example, based on our
research note, issues such as device malfunctions or charger
problems often require contact with research staff for resolution.
However, individuals with regular jobs may have fewer flexible
schedules, making it difficult to address these issues.
Additionally, Martinez et al [12] found that individuals in
supervisory roles, who experience higher busyness, exhibited
lower compliance. Researchers may need to consider these
factors when designing uHealth studies.

Beyond identifying missingness mechanisms, we also examined
how accounting for these mechanisms through joint modeling
influenced the estimation of substantive behavioral inferences.
Our substantive model included 2 key components: AR effects,
capturing temporal stability, and CR effects, capturing the
reciprocal influences between PA and EN. While AR effects
remained consistent across different missing data handling
methods, CR effects were significant only when using the joint
modeling approach. The CR effects, although relatively small,
reflected the reciprocal dynamics between variables and were
of central interest in studies of health behaviors. Thus, this
finding highlights the value of joint modeling and the importance
of sensitivity analysis in assessing the robustness of parameter
estimates in the presence of MNAR. Importantly, follow-up
sensitivity analysis using alternative missing data model
specification suggested that only the CR from EN to PA was
robust to variations in the missing data model. The opposite CR
effect (from PA to EN) was not. This underscored the need for
sensitivity analyses with alternative missing data model
specifications, even when using advanced missing data
techniques such as joint modeling.

Nonetheless, our simulation study suggested that the joint
modeling approach provided more reliable estimates than other
methods under MNAR conditions. The proposed joint model
yielded results comparable with those from fully observed data
despite MNAR data. In contrast, simply fitting the substantive
model alone, without explicitly modeling missingness, led to
overall biased estimates. CR effects were particularly vulnerable
due to their typically smaller magnitude than AR effects,
resulting in low power (around 30%) when MNAR was not
dealt with in the model. This aligned with our empirical results,
where the CR effects were significant only in the joint models.

While joint modeling offers a principled approach grounded in
theory, there has been a growing interest in mHealth and uHealth
studies to use machine learning (eg, deep learning–based time
series imputations) to handle missing data. Most of these
approaches, including the approaches considered in our
sensitivity analysis, typically handle the missingness and
substantive model fitting as a 2-step process (imputation
followed by model fitting), thus missing the opportunity to
leverage the interdependence between the substantive and
missing data models. Also, deep learning models often lack
interpretability of conventional statistical models, making it
difficult to explore missing mechanisms. They also require large
sample sizes and extensive hyperparameter tuning, which can
be a barrier in some studies. This may explain why SAITS and
BRITS, in our sensitivity analysis, performed similarly to

methods without explicit missing data models. While these
models hold potential, their current performance may be limited
by their assumptions about MCAR [42], the need for further
hyperparameter tuning and larger samples, which may require
additional refitment for behavioral data contexts. Nevertheless,
the proposed joint framework can, in principle, be extended to
deep learning architectures—allowing for simultaneous
modeling for the substantive and missingness processes and
thus “sharing” of information from these different data streams
to strengthen the overall prediction as well as classification
results.

Limitations
In this study, we leveraged model-implied values for the
substantive processes afforded by the multilevel VAR model
to shed light on the missing data processes. In practice, there is
no guarantee that the multilevel VAR model reflects the true
change mechanisms of the substantive processes. Thus, results
from modeling, including those from the missing data model,
should always be interpreted with some caution. Nevertheless,
our view is that the multilevel VAR model, as one of the most
commonly adopted models for describing ILD processes [47],
serves as a useful proxy for describing the unfolding of PA and
affective processes in the study participants.

Our proposed missing data model was also limited in that we
did not consider participant attrition. The missing data model
used in our example mainly addressed intermittent missingness.
To address dropout as well, a multinomial logit model [11] may
be used as an extension to our proposed model to categorize
participants’ missingness tendency into 3 nominal categories:
observed, intermittent missing, and dropout, thereby providing
a more comprehensive approach to handling missing data in
longitudinal studies.

Additionally, our analysis was based on daily aggregated data
and did not delve into specific reasons behind the missing
accelerometer data, such as data transfer issues, battery drain,
or the watch being powered off. Instead, we focused on the
broader issue of missingness, emphasizing psychological,
physical, and individual factors. Exploring reasons related to
technical issues in depth would require analysis at a finer
granularity, such as minute-by-minute or second-by-second
data. However, this level of detail was beyond the scope of our
study.

As a future direction aligned with a finer timescale analysis, it
would also be beneficial to differentiate between partial missing
data (eg, 2-3 hours of device wear time less than 10 hours) and
complete missing data (0 hours of wear time) for PA, as there
may be qualitative differences between these scenarios.
Similarly, while this paper focuses on day level, a multilevel
joint modeling approach could be more advantageous in studies
where EMA items are measured multiple times a day. For
example, the relationship between PA and EMA missingness
might appear weak or inconsistent at the day level, but at a finer
scale, individuals who engage in high levels of PA during EMA
prompts may be less likely to respond to those prompts [9].
Finally, we note that the results of the missing data model may
depend on the choice of PA measure. Notably, there is no
universally accepted convention for measuring PA [48].
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Researchers who measured PA using accelerometers have
constructed PA metrics in several ways, including (1) the total
volume of activity counts or acceleration signals accumulated
throughout a specified time interval (eg, day) [49]—similar to
total daily step count; (2) the mean activity counts or signals
per hour or minute, which offer an average measure of activity
intensity [50]; and (3) the duration of time spent in PA
categorized by intensity thresholds, such as moderate to vigorous
PA [51]. Depending on the PA measure used, the definition of
missing or valid data can vary, leading to potentially divergent
model estimation results [52].

Additionally, PA data are often positively skewed, with a
concentration of data at the lower end of the scale [53]. This
deviation from normality may pose a potential limitation, as
joint modeling approaches typically rely on the normality
assumption [15]. While addressing this limitation is beyond the
scope of this study, future research should consider modeling
strategies that accommodate nonnormal data distribution, such
as transformation or using a gamma link function [53].

Conclusions
This study enriches our understanding of missing data
mechanisms and strategies for managing them in ILD. Key
contributions include the following: First, incorporating missing
data mechanisms into the model not only improves the properties
of the estimation results but also provides a nuanced
understanding of missing data mechanisms. Understanding the
reasons for missing data holds significant value for several
reasons. If the reasons are within the researcher’s control, it can
provide insights into how to collect data in future studies.
Detecting contextual factors related to missingness can be used
to pinpoint ways to improve participants’ engagement.
Additionally, understanding the mechanisms behind missing
data can sometimes provide deeper insights into the variables
themselves, thus hastening researchers’ and practitioners’
understanding of the phenomenon under study.

Second, we highlight the importance of sensitivity analysis.
Evaluating the sensitivity and robustness of specific model
aspects in relation to missing data provides crucial insights for
informed medical decisions based on model outcomes. If the
results exhibit sensitivity to methodological changes, it
necessitates a thoughtful interpretation of the conclusions
regarding their effects and suggests a potential need for further
research.

Third, we demonstrated the effectiveness of our approach using
simulated data that closely resemble actual datasets. We showed
that our multilevel joint modeling is effective even with ordinal
variables, such as Likert scale variables, and could reveal even
strong MNAR mechanisms, as evidenced by the large
coefficients observed in the empirical results. Furthermore, AR
terms in the missing data model were able to capture frequently
observed temporal dependency in missingness in ILD. However,
it is important to note that the outcome of joint modeling may
differ based on the chosen missing data model specification and
still can give biased results if the specified model is not correct.
Therefore, we strongly recommend performing sensitivity
analysis with multiple missing data models to ensure the
robustness of findings and avoid overreliance on a single model.

In summary, our findings highlight the importance of
appropriately handling nonignorable missing data, particularly
through multilevel joint modeling, followed by sensitivity
analysis. This workflow will improve the validity of substantive
conclusions and enhance our understanding of the underlying
missing data mechanisms, which can inform better study designs
and intervention strategies. While our analysis focused on a
limited set of plausible variables, researchers would benefit
from exploring a broader array of the psychological and
behavioral factors that may influence compliance in mHealth
studies. We hope this study serves as a framework for future
investigations.
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