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Abstract
Background: Behavioral obesity treatment (BOT) is a gold standard approach to weight loss and reduces the risk of cardiovascular
disease. However, frequent lapses from the recommended diet stymie weight loss and prevent individuals from actualizing the
health benefits of BOT. There is a need for innovative treatment solutions to improve adherence to the prescribed diet in BOT.
Objective: The aim of this study is to optimize a smartphone-based just-in-time adaptive intervention (JITAI) that uses daily
surveys to assess triggers for dietary lapses and deliver interventions when the risk of lapse is high. A microrandomized trial
design will evaluate the efficacy of any interventions (ie, theory-driven or a generic alert to risk) on the proximal outcome of
lapses during BOT, compare the effects of theory-driven interventions with generic risk alerts on the proximal outcome of lapse,
and examine contextual moderators of interventions.
Methods: Adults with overweight or obesity and cardiovascular disease risk (n=159) will participate in a 6-month web-based
BOT while using the JITAI to prevent dietary lapses. Each time the JITAI detects elevated lapse risk, the participant will be
randomized to no intervention, a generic risk alert, or 1 of 4 theory-driven interventions (ie, enhanced education, building
self-efficacy, fostering motivation, and improving self-regulation). The primary outcome will be the occurrence of lapse in the
2.5 hours following randomization. Contextual moderators of intervention efficacy will also be explored (eg, location and time
of day). The data will inform an optimized JITAI that selects the theory-driven approach most likely to prevent lapses in a given
moment.
Results: The recruitment for the microrandomized trial began on April 19, 2021, and is ongoing.
Conclusions: This study will optimize a JITAI for dietary lapses so that it empirically tailors the provision of evidence-based
intervention to the individual and context. The finalized JITAI will be evaluated for efficacy in a future randomized controlled
trial of distal health outcomes (eg, weight loss).
Trial Registration: ClinicalTrials.gov NCT04784585; http://clinicaltrials.gov/ct2/show/NCT04784585
International Registered Report Identifier (IRRID): DERR1-10.2196/33568
(JMIR Res Protoc 2021;10(12):e33568) doi: 10.2196/33568
KEYWORDS
obesity; weight loss; dietary adherence; just-in-time adaptive intervention; microrandomized trial; mobile phone
https://www.researchprotocols.org/2021/12/e33568

XSL• FO
RenderX

JMIR Res Protoc 2021 | vol. 10 | iss. 12 | e33568 | p. 1
(page number not for citation purposes)

JMIR RESEARCH PROTOCOLS

Introduction
Background
Behavioral obesity treatment (BOT), a first-line intervention
for overweight and obesity, typically produces a 5% to 10%
reduction in initial body weight [1,2]. However, many
individuals lose less weight than expected, thereby negating the
potential health benefits of weight loss (eg, reduced
cardiovascular disease [CVD] risk and severity) [3,4]. These
suboptimal outcomes can be, in part, attributed to nonadherence
to the prescribed calorie goal and recommended dietary
guidelines to reduce energy intake [5]. Research has shown that
dietary lapses (ie, specific instances of nonadherence to BOT
dietary goals) occur 3-4 times per week in BOT and are
associated with poorer weight losses on average [6,7]. Although
the ability to cope with temptation and prevent lapse has been
associated with BOT success [8-10], there is insufficient
evidence on how to provide these necessary skills for individuals
to reduce dietary lapses in BOT.
Extant strategies to improve adherence in BOT (eg, stimulus
control) require vigilance for potential lapse triggers and the
ability to implement an effective plan to avoid lapse.
Alternatively, just-in-time adaptive interventions (JITAIs) can
proactively monitor lapse risk and provide support to prevent
lapses in an adaptive manner and in exact moments of need
[11,12]. Our team developed a smartphone-based JITAI that
uses ecological momentary assessment (EMA) [13] to monitor
triggers for lapses via repeated surveys throughout the day [14].
The JITAI analyzes EMA responses in real time using a machine
learning algorithm to calculate the ongoing level of risk for
lapsing and then delivers preventive intervention as needed.
This JITAI has demonstrated feasibility and acceptability in
two 8- to 10-week pilot studies [15,16]. Using simple
intervention messages (ie, 1-2 screens of text), the JITAI was
associated with average reductions in dietary lapses. However,
the JITAI has not been evaluated for efficacy directly in the
moments of heightened lapse risk, and there is little evidence
(or theory) available to guide which interventions should be
delivered in these moments of vulnerability to achieve maximum
clinical benefit.

Objectives
To develop a scientifically rigorous and maximally effective
JITAI for dietary adherence, research must experimentally
evaluate the proximal efficacy of theory-driven interventions
for reducing lapses [17]. This paper describes the design of a
microrandomized trial (MRT) to optimize a JITAI for dietary
lapses by empirically determining which theory-driven
interventions are effective in preventing lapses and contexts
that could influence intervention effectiveness [18,19]. Each
time a participant is determined to be at high risk for lapsing
based on the JITAI’s algorithm, they will be randomized to
either no intervention, a generic alert to risk, or 1 of 4
theory-driven intervention options to provide education on
dietary goals, increase self-efficacy, enhance motivation, or
improve self-regulation. Each participant can be randomized
over 100 times during the study (based on the rate of
algorithm-determined lapse predictions), which will efficiently
https://www.researchprotocols.org/2021/12/e33568
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provide the critical information required to optimize the JITAI
[17,18]. The results of this study will inform an improved JITAI
for lapses that can be evaluated in a future randomized
controlled trial (RCT) and contribute to the broader evidence
base of developing JITAIs for problematic eating behaviors (ie,
understanding the relative efficacy of theory-based approaches
to modifying behavior and informing dynamic theoretical
models of behavior).

Methods
Study Aims and Design
This study aims to optimize a smartphone-based JITAI for
dietary lapses by evaluating the efficacy of 4 theory-driven
interventions on the proximal, immediate outcome of lapse
during BOT. This study uses an MRT design because it is the
most efficient experimental design to determine which
interventions are efficacious at a given moment in time [18].
The use of the MRT, with more than 100 randomizations and
observations of the outcome per participant, allows for the
evaluation of each intervention condition with full statistical
power [17]. In stage 1, the JITAI and MRT study procedures
(including the microrandomization algorithm) will be tested
with a small number of participants for 3 months to ensure
proper functioning before proceeding to stage 2. In stage 2,
adults with overweight or obesity and ≥1 CVD risk factor (eg,
diagnosis of hypertension, hypercholesterolemia, and type 2
diabetes) will participate in a well-established 3-month
web-based BOT (BOT + JITAI) with 3 months of JITAI-only
follow-up. During BOT and follow-up, participants will use the
smartphone-based JITAI consisting of the following: (1) EMA
to assess lapses and relevant behavioral, psychological, and
environmental triggers; (2) a machine learning algorithm that
uses information gathered via EMA to determine real-time lapse
risk; and (3) randomized administration of intervention to
counter lapse risk. When an individual is at risk for lapsing,
they will be randomized to no intervention, a generic risk alert,
or 1 of 4 theory-driven interventions with skills training. The
primary proximal outcome of interest will be the occurrence
(or lack thereof) of dietary lapse, as measured by EMA [7], in
the 2.5 hours following randomization. The secondary proximal
outcomes of interest will be the passive measurement of eating
characteristics (ie, duration, rate of eating, and count of bites
taken in the 2.5 hours following randomization) via wrist-based
monitoring for the first 14 days of treatment and subsequent
14-day periods at 3 and 6 months [20]. Contextual moderators
will be explored to determine the circumstances under which
interventions are more or less effective (ie, location, time of
day, whether in active BOT or follow-up, and type of lapse
triggers endorsed). JITAI engagement, satisfaction, and weight
will be measured at baseline, 3 months, and 6 months. When
the MRT is complete, stage 3 will consist of using the data to
inform an optimized JITAI that selects the theory-driven
approach most likely to counter lapse risk in a given moment.
This study has 4 aims:
•

Aim 1: evaluate the effects of any intervention (ie,
theory-driven or generic risk alert) versus no intervention
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•

•

on the occurrence of dietary lapse in each moment when
the lapse risk is predicted to be high.
Aim 2: compare the effects of theory-driven interventions
and generic risk alerts on the occurrence of dietary lapse.
Aim 3: use the data from the MRT to optimize an algorithm
for intervention delivery that will drive the JITAI in a future
RCT examining the effects on overall weight change in an
obesity treatment program.
Exploratory aim: examine contextual moderators (eg, time,
location, and active BOT or follow-up) of interventions.

JITAI for Dietary Lapses
Overview

Goldstein et al
by Nahum-Shani et al [21]. According to their established
framework, JITAIs should include the following components:
decision points (times at which an intervention decision is
made), tailoring variables (information that is used at a decision
point to decide when and how to intervene), decision rules
(algorithms deciding which intervention option to offer and for
whom and when), intervention options, proximal outcomes
(behaviors directly targeted by the JITAI), and distal outcomes
(health conditions that are expected to improve as a result of
targeting proximal outcomes). A conceptual model of the JITAI
components in the current trial and how they work together to
provide real-time adaptive intervention to prevent dietary lapses
is shown in Figure 1.

The JITAI for dietary lapses to be optimized by the current trial
was developed in line with the conceptual framework set forth
Figure 1. Conceptual model of just-in-time adaptive intervention components. EMA: ecological momentary assessment; JITAI: just-in-time adaptive
intervention.

Decision Points
As shown in Figure 1, the decision points in this trial occur
immediately following the completion of each EMA survey
[21]. EMA is well suited to inform decision points because the
measurements of tailoring variables can be repeated over time
in the changing context of everyday life, thus informing multiple
opportunities for assessment and intervention [22]. Consistent
with previous studies, the JITAI for lapses will prompt
participants via vibration and audible tone to complete 6 EMA
surveys throughout the day (anchor times at 8:30 AM, 11:00
AM, 1:30 PM, 4:00 PM, 6:30 PM, and 9:00 PM) [7,15,16].
Participants are given 90 minutes to respond to an EMA survey
before it expires. The 6 EMA surveys inform 6 decision points
each day for which an intervention could be provided.
Randomization to an intervention option will only be triggered
at a subset of decision points in which an EMA survey is
completed, and lapse risk is judged to be elevated, which
previous work has shown occurs approximately once per day
on average [15].

Tailoring Variables
A JITAI tailoring variable is participant information that is used
to decide (1) when to intervene (ie, help define the decision
point) and (2) how to intervene (ie, which type of intervention
to administer) [21]. The tailoring variables used to determine
when to intervene in the proposed JITAI will be measured via
17 EMA survey questions that assess behavioral, psychosocial,
and environmental triggers for lapse. Pilot studies confirmed
that these 17 variables are feasible to assess via EMA and are
suitable for predicting lapse in the JITAI (see the Measures
https://www.researchprotocols.org/2021/12/e33568
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section for a complete list of tailoring variables) [7,15,23]. The
exploratory aim of this research is to identify other tailoring
variables (eg, contextual moderators) to refine the JITAI by
explaining how to intervene under specific risk conditions.

Decision Rule
The decision rule uses tailoring variables to identify the current
state of vulnerability and specifies when it is appropriate to
offer intervention [21]. Owing to substantial individual
variability in what tailoring variables and at which thresholds
indicate a heightened state of lapse risk, a machine learning
algorithm informs the decision rule in this JITAI for lapses
[6,24-26]. In formative work to develop this JITAI, a supervised
machine learning approach was used to train an algorithm using
previously collected data on tailoring variables and dietary
lapses. Preliminary research revealed that ensemble classifiers,
a series of C.5 decision tree algorithms, predicted the likelihood
of reporting a lapse in the next EMA survey (in approximately
2.5 hours) with 72% specificity and 70% sensitivity [7]. This
study also showed that combining group- and participant-level
data is the most efficient approach to lapse prediction; therefore,
the decision rule algorithm allows the JITAI to start with a base
algorithm comprised of data from previous trials and then
continuously adapt itself to the individual via incoming
information. When piloting this JITAI for lapses, the decision
rule algorithm predicted lapses with 80% negative predictive
value (n=43) [15] and 76.5% accuracy (n=116) [16], thus
indicating that it is ready for use in the current trial. At each
decision point, the tailoring variables from a participant’s EMA
survey will be uploaded to the JITAI platform (operating via
PiLR Health, a product of MEI Research Ltd to execute EMA
JMIR Res Protoc 2021 | vol. 10 | iss. 12 | e33568 | p. 3
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studies), which will process the data using the above-described
decision rule algorithm (Figure 1). On the basis of these data,
the algorithm will then predict whether or not a participant is
likely to lapse in the following 2.5 hours. If the prediction for
lapse is yes, then the participant will be randomized to 1 of 6
intervention conditions (ie, 4 theory-driven interventions,
generic risk alert, and no intervention). If the prediction for
lapse is no, then nothing will be done at that time because the
participant is not in a state of heightened lapse risk.

Intervention Options
Overview
The intervention options in a JITAI should be driven
theoretically or empirically [21]. Previous pilot studies to
develop this JITAI for lapses have used simple—interventions
(ie, 1-2 screens of text) based on a multitude of behavior change
taxonomies. This study will improve upon previous work by
using an a priori selected conceptual model of adherence
behavior to guide theory-driven intervention options that are
designed to be interactive and engaging.

Goldstein et al
(IMS) model as a theoretical basis [27]. The IMS model extends
and is grounded in several health behavior models (eg, Health
Belief Model and Theory of Planned Behavior) and has been
shown to be a valid approach to understanding adherence
behaviors via meta-analytic reviews and large-scale trials
[27,28]. The IMS model posits that there are 3 influences on
adherence to health recommendations or guidelines: (1)
information (ie, providing education on factors that influence
adherence and treatment goals), (2) motivation (ie, motivating
patients to carry out recommendations via self-efficacy and
aligning to a person’s values), and (3) strategy (ie, strategizing
with participants to ensure capability and ability to adhere). In
addition to being an empirically validated model for studying
adherence behavior, generally, the IMS model can flexibly
incorporate theory-driven interventions with empirical support
for dietary adherence, specifically. The IMS model also
encourages tailoring within the categories, making it consistent
with the JITAI framework. Figure 2 illustrates how the IMS
model informed the following theory-driven intervention options
to be tested within this MRT, focusing on enhanced education,
self-efficacy, autonomous motivation, and self-regulation.

The theory-driven intervention options to be evaluated in this
study were developed using the Information-Motivation-Strategy
Figure 2. The information-motivation-strategy model that informed the just-in-time adaptive intervention options.

The selected intervention options act as companions to the
web-based BOT program. They are designed to remind
participants to use skills that they have already been taught
through the web-based BOT (ie, self-monitoring, setting dietary
goals, basic self-regulation skills, and problem-solving) or
provide easy-to-digest new strategies to facilitate engagement
in behavioral skills. Each intervention option (as well as the
active comparator and generic alerts to risk) comprises a library
of brief intervention modules that can be administered in any
order. The variation in intervention content is expected to
facilitate long-term engagement via reduced repetition and
encourage well-rounded skill development [29,30]. If a
participant is randomized to a theory-driven intervention option
or active comparator condition, a module will be randomly
selected from the library of that condition. Each module is
designed to have the highest impact while minimizing burden.
The content of these modules, which is hosted in the PiLR
Health platform, consists primarily of 3- to 5-minute
instructional videos that are interactive where possible (eg,
https://www.researchprotocols.org/2021/12/e33568
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prompting participant responses and using branching logic to
tailor content) [12]. A description of the modules included in
each theory-driven intervention option as well as active and
inactive comparators is presented in subsequent sections.
Enhanced Education Intervention Option
The IMS model highlights the importance of participant
knowledge in determining adherence [27,31]. Providing
education on the link between dietary recommendations and
health has improved dietary adherence among participants with
CVD risk [32,33]. In particular, asking participants to repeat
key points has been shown to increase the understanding of
disease and enhance adherence to dietary guidelines [34,35]. A
library of 6 independent modules was created; all modules seek
to promote the understanding of health behavior links, improve
health literacy by using brief quizzes, and remind participants
of important elements of the BOT dietary goals. When
participants are randomized to the enhanced education
intervention option, they will randomly receive one of the
JMIR Res Protoc 2021 | vol. 10 | iss. 12 | e33568 | p. 4
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following independent modules focused on (1) the role of dietary
fat in health and strategies to reduce the consumption of
saturated and trans fats, (2) the role of sodium in health and
recommendations for sodium intake to reduce CVD risk, (3)
the role of added sugars in health and strategies to reduce the
consumption of foods with added sugar, (4) the role of small
lapses in contributing to higher caloric intake for the day and
strategies for reducing small lapses, (5) preventing lapse during
a high-risk time by choosing foods that are low in calories and
filling, or (6) the role of evening calorie consumption on health
and weight loss (delivered in evenings only). This intervention
option is expected to improve dietary adherence by reminding
participants of important health goals and improving knowledge
retention.
Self-efficacy Intervention Option
According to the IMS model, participants’ confidence in their
ability to change behavior (ie, self-efficacy) is essential for
adherence [27]. Self-efficacy has been robustly associated with
improved weight loss and adherence to dietary
recommendations, which provides strong justification for
targeting it in the JITAI for lapses [36,37]. A library of 4
independent modules was created based on self-efficacy–based
BOT [38], a multi-component intervention that has been shown
to improve self-efficacy for weight loss via goal-setting,
problem-solving, self-reward, and coping with difficult thoughts.
When participants are randomized to the self-efficacy
intervention option, they will randomly receive one of the
following modules developed to emulate self-efficacy–based
BOT: (1) setting attainable goals related to dietary adherence;
(2) barrier identification for adhering to dietary goals along with
a brief problem-solving exercise; (3) devising a small,
non–food-related self-reward for adhering to the day’s dietary
goal; or (4) a self-assessment of negative thoughts that could
interfere with dietary adherence in the next several hours, along
with suggested coping statements. This intervention option is
expected to facilitate dietary adherence by improving
self-efficacy in moments of heightened lapse risk, which will
enhance motivation and the ability to engage in adherence
strategies.
Autonomous Motivation Intervention Option
Another central tenant of the IMS model is that beliefs about
the value of engaging in a behavior are critical to adherence
[39-41]. A library of 4 independent modules was created based
on principles from motivational interviewing (MI) and
acceptance and commitment therapy (ACT) [42,43]. Both MI
and ACT are widely used strategies for improving and
maintaining motivation for health behavior change [44,45]. MI
and ACT use a collaborative and nonjudgmental approach to
identify valued directions and make mindful decisions about
engaging in behaviors that are consistent with short- and
long-term goals. When participants are randomized to the
autonomous motivation intervention option, they will randomly
receive one of the following modules: (1) guidance in identifying
values related to healthy eating and weight control (eg, longevity
and quality of life) and connecting those values to daily dietary
goals, (2) exploring the short- and long-term consequences of
choosing to lapse or stay the course (eg, “Take a moment to
consider the effect on your longevity if you let your preferences
https://www.researchprotocols.org/2021/12/e33568
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for sweets determine your behavior”), (3) clarifying values and
thinking about every behavior (including a lapse) as an up or
down vote for their values, or (4) engaging participants in a
brief self-assessment of motivation for dietary adherence. This
intervention option is expected to facilitate dietary adherence
by increasing the salience of participants’ beliefs about the
importance of their dietary goals.
Self-regulation Intervention Option
The IMS model indicates that participants must have capacity
and ability in order for adherence to occur [27]. The capacity
to adhere, in particular to self-regulate dietary intake and thus
prevent lapse, largely depends on the ability to maintain
awareness of eating behavior [46,47]. The self-regulation
approach to BOT has been extensively tested and encourages
the self-regulation of dietary intake via increased prompts to
intensify self-monitoring of dietary intake [48-50]. A library of
5 independent modules was developed to prompt self-monitoring
and improve self-awareness. When participants are randomized
to the self-regulation intervention option, they will randomly
receive one of the following modules: (1) a prompt to
self-monitor any foods before they are consumed in the next 2
to 3 hours, (2) introduce the traffic light model to improve the
awareness of intake using a quick rule-of-thumb system
especially when the risk for lapse is high [51], (3) increase the
awareness of portion sizes during heightened lapse risk (eg,
reading labels, weighing and measuring, and portion size guide),
(4) provide a tutorial on noticing hunger and satiety cues and
slowing down the rate of eating, or (5) prompt an awareness of
end-of-day grazing or mindless eating that may lead to lapses
(delivered during evenings only). The self-regulation
intervention option is expected to facilitate the necessary
self-regulation strategies required for dietary adherence.
Generic Risk Alert (Active Comparator)
A generic risk alert intervention option is included as an active
comparator to the theory-driven intervention options, as it
controls for the potential influence of receiving any notification
of risk. For example, the notification alone could be expected
to influence lapse risk via heightened awareness of behavior.
A library of 3 generic risk alert messages was created (eg, “We
have detected that your risk of lapsing from your weight loss
diet is higher than usual and may require attention”). When
participants are randomized to the generic alert active
comparator, they will randomly receive one of these simple
text-based messages (containing no interactive components or
video).
No Intervention (Inactive Comparator)
A no intervention option will be used as an inactive comparator
to the theory-driven intervention options and the generic risk
alert. Randomizing to no intervention will control for the
potential impact of being notified of heightened lapse risk, which
could activate any pre-existing strategies to prevent lapse. When
participants are randomized to the no-intervention inactive
comparator, they will not receive any notification that the lapse
risk is elevated.
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Web-Based BOT Used to Test the JITAI: Rx Weight
Loss
Given that dietary lapses are specific instances of nonadherence
to one or more BOT dietary goals, interventions examining and
targeting lapses must be tested within the context of BOT so
that participants have dietary goals to lapse from. Participants
will be provided with a well-established web-based BOT called
Rx Weight Loss (RxWL). The RxWL program was initially
developed to facilitate weight loss in 154 primary care patients,
whose mean weight loss was 5.8% (SD 4.4%) of the initial body
weight at 3 months that was maintained for an additional 3
months [52]. Since then, RxWL has been refined and tested in
multiple contexts (eg, worksites and community settings) and
consistently produces similar weight losses [53-55].
The RxWL program begins with a 30-minute introductory
session in which a member of the research team introduces the
program eating and activity goals, teaches the participants how
to use RxWL, and provides brief instructions on self-monitoring.
Participants are given a goal of losing 1 to 2 pounds per week
to achieve a total weight loss of approximately 5% to 10% of
their initial body weight. In order to achieve weight loss, they
are prescribed a calorie goal of 1200 to 1800 kilocalories per
day tailored to their initial weight, given guidelines to follow a
low-fat or Mediterranean diet [56-58] and asked to gradually
increase their physical activity to 200 minutes per week of
aerobic exercise [59]. Participants are asked to self-monitor
their daily weight, daily dietary intake, and daily physical
activity [60]. Following the introductory session, RxWL consists
of 12 weekly 10- to 15-minute multimedia lessons for training
in behavioral strategies for healthy eating and physical activity.
Lessons are interactive to improve patient engagement; they
incorporate video, animation, audio, quizzes, and exercises for
goal-setting, planning, and problem-solving [61]. Topics are
drawn from gold standard, empirically supported weight
management programs such as Look AHEAD and Diabetes
Prevention Program [62,63] and include meal planning,
developing an exercise schedule, restaurant eating, changing
the home environment, obtaining social support, and weight
loss maintenance. Each week, participants submit daily values
for tracked weight, caloric, and physical activity minutes to the
RxWL platform (or this information can be automatically shared
with RxWL if the participant chooses to use the Fitbit app for
self-monitoring). Participants then receive automated feedback
messages on their progress to date in the form of text appearing
on the RxWL platform. Messages contain encouragement for
meeting weight, diet, and activity goals, as well as strategies to
improve weight loss if goals are not met. As dietary feedback
is based on average weekly caloric intake, RxWL feedback is
distinct from interventions provided within the JITAI for dietary
lapses, which focus on lapses and triggers occurring at specific
moments in time. To ensure adequate engagement with RxWL,
email reminders will be sent to participants who have not visited
the platform in a given week. Participants will use RxWL for
3 months and then be asked to continue to follow the dietary
recommendations and self-monitoring during the 3-month
follow-up period (during which time they will be receiving the
JITAI with no access to RxWL).
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Stage 1: Technical Preparation and Refinement
Although many of the components of the JITAI for dietary
lapses have been extensively piloted, this will be the first time
that it is being hosted on the PiLR Health platform, which
ultimately supports improved scalability and delivery in future
work. The first phase of this trial will therefore consist of a
small refinement study to ensure proper functionality of the
JITAI in PiLR Health and to identify any barriers to
implementing the study protocol (eg, microrandomization and
assessment procedures). Participants from the target population
(n=15) will complete the trial protocol procedures as described
below for 3 months. Participants will complete study
assessments, which include questionnaires and wearing a
wrist-based device to passively sense eating behavior at baseline
and at 3 months. Semistructured interviews will be used to
collect feedback at the 3-month assessment visit, during which
time participants will be queried to identify initial problems and
potential solutions related to using the JITAI in conjunction
with the web-based BOT. Problems that arise during stage 1
will be resolved before commencing stage 2 (the fully powered
MRT).

Stage 2: The Microrandomization Trial
Overview
Stage 2 will consist of an MRT to evaluate the effects of 4
theory-driven interventions, generic risk alerts, or no
intervention on the immediate occurrence of dietary lapse during
a 6-month web-based BOT. The participants (n=159) will
receive 3 months of web-based BOT + JITAI, followed by 3
months of JITAI only. The follow-up period allows the JITAI
to be evaluated during active BOT and JITAI-only follow-up
(during which time participants may choose to pursue continued
weight loss or weight loss maintenance). The MRT includes
sequential randomization to intervention options each time the
JITAI identifies heightened lapse risk. The participants will
attend an in-person orientation session, followed by baseline,
3-month, and 6-month assessments. The primary proximal
outcome is dietary lapse (assessed via EMA after the
randomization of intervention options). The secondary proximal
outcome is eating characteristics (measured via wristwatch
device at assessments) following the randomization of
intervention options. Contextual moderators, such as location,
time of day, whether the participant is in active BOT or
follow-up, and the type of lapse trigger will be collected to
fulfill the exploratory aim of this project. Information regarding
JITAI engagement and satisfaction, and weight change will be
collected and used for descriptive purposes. To ensure the safety
of participants and staff during the COVID-19 pandemic,
procedures have been designed such that they can be conducted
via remote means (eg, video calls for study appointments and
wireless scales) and in person. Participants will be compensated
for completing the study appointments, completing EMA
surveys, and wearing the wristwatch device.

Participant Eligibility Criteria
The following eligibility criteria ensure a generalizable sample
of individuals with CVD risk who are interested in and would
benefit from weight loss. Inclusion criteria are as follows: BMI
JMIR Res Protoc 2021 | vol. 10 | iss. 12 | e33568 | p. 6
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between 25 and 50 kg/m2; age between 18 and 70 years;
physician-confirmed diagnosis of prediabetes, type 2 diabetes
mellitus, hypercholesterolemia, or hypertension; able to walk
2 city blocks without stopping; and English language fluency
and literacy at the 6th grade level. Exclusion criteria are as
follows: currently participating in another weight loss program;
currently taking weight loss medication; having lost >5% of
body weight in the 6 months before enrollment; pregnant within
the 6 months before enrollment; plans to become pregnant within
6 months of enrollment; endorses experiencing chest pain during
periods of activity or rest, or loss of consciousness in the 12
months before enrollment; endorses any medical condition that
would affect the safety of participating in unsupervised physical
activity; history of bariatric surgery; and endorses any condition
that would result in an inability to follow the study protocol,
including terminal illness, substance abuse, eating disorder (not
including binge eating disorder), and untreated major psychiatric
illness.

Recruitment and Enrollment
Participants will be recruited via advertisements in local media
(eg, newspapers and radio), targeted web-based advertising
(including social media), flyers and advertisements posted in
waiting rooms and examination rooms in primary care offices,
referrals from physicians within the Lifespan health system and
hospital network, informational materials made available as
part of the health and wellness program for employees in the
hospital network, and direct mailings. Recruitment of men and
minorities will be maximized by tailoring the advertisement
content and placement. Interested individuals will be given a
brief study description and screened via a web-based survey or
telephone to determine eligibility. Those who appear eligible
will be invited to attend an orientation session, where the study
will be described, informed consent will be obtained, and BMI
will be confirmed via height and weight measurements. Before
returning for the baseline visit in approximately 1 week,
participants will be asked to have their physician sign a
permission form that confirms their CVD diagnosis as well as
safety to participate in the weight loss program, complete
baseline questionnaires, adequately record dietary intake for 7
days (at least two meals or snacks per day), and complete 7 days
of the JITAI EMA protocol (at least 70% of EMA surveys
completed). These procedures ensure that only eligible
participants who are capable and willing to adhere to study
procedures move forward with the remainder of the study. At
the baseline appointment, participants receive a 30-minute
introductory session to the web-based BOT and training in using
the JITAI for dietary lapses.

Microrandomization
Sequential randomization (or microrandomization) to
intervention options will occur via an algorithm that was created
by the research team and embedded within the PiLR Health
system server. Microrandomization begins at the start of the
third week after participants have completed 2 weeks of EMA
without any interventions on their dietary lapses and relevant
triggers. PiLR Health will then use the algorithm and accrued
participant data to microrandomize the delivery of interventions
at each decision point (ie, when a participant is determined to
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be at risk for lapse after completing an EMA survey). The
randomization is independent of prior randomization and
participants’ responses to previously delivered interventions
for lapse [18]. On the basis of pilot work, the predictive
algorithm that guides the decision rule in this JITAI is expected
to predict a heightened state of lapse risk approximately 1 to 2
times per day on average across participants [15]. This estimated
average accounts for potential decreases in EMA adherence and
the likelihood of lapse that may occur during the study. As such,
each participant will likely be randomized to an intervention
option approximately 180 times over the study period. In
accordance with the primary aim to compare the immediate,
proximal effect of any active intervention option as compared
with no intervention, intervention options will be randomized
based on the following probabilities: 0.4 of decision points will
be randomized to no intervention (inactive control), 0.12 to
generic risk alerts (active control), 0.12 to the enhanced
education intervention option, 0.12 to the self-efficacy
intervention option, 0.12 to the autonomous motivation
intervention option, and 0.12 to the self-regulation intervention
option. As such, a given participant is expected to receive no
intervention at approximately 72 decision points over the study,
and the remaining 108 decision points will be divided equally
among the 5 remaining intervention options (approximately
21-22 each).

Measures
Participants will complete assessments with a research assistant
who does not need to be blinded because of sequential
randomization at baseline, 3 months, and 6 months to complete
the measures. Outcomes collected via the JITAI EMA will occur
6 times per day over the 6-month study period.

Primary Proximal Outcome Measure
As in several previous trials conducted by the research team
and others, dietary lapses will be assessed via EMA [6,7,64].
EMA typically captures naturalistic eating behavior better than
lab-based tasks because near real-time reporting has the potential
to reduce bias and improve validity [13,65,66]. Participants will
be asked at each EMA survey to report whether they have
experienced a dietary lapse since the last survey. A dietary lapse
will be defined as any “eating or drinking likely to cause weight
gain and/or put weight loss/maintenance at risk.” Participants
will be asked to record the time of the lapse and will be asked
to describe the lapse using the following select all-that-apply
options: “I ate a larger portion of a meal or snack than I
intended,” “I ate when I had not intended to eat,” or “I ate a
type of food that I intended to avoid.” Participants will be trained
to identify and report dietary lapses at the baseline visit and
retraining will occur at 3- and 6-month visits.

Secondary Proximal Outcome Measures
Wrist-based accelerometry will be used to passively infer the
frequency of eating, duration of eating episodes, rate of eating,
and estimated count of bites during eating. The goal of including
these objectively measured eating characteristics is to examine
the potential effects of the JITAI intervention options on eating
behaviors that are difficult to capture via self-report (eg, longer
duration of eating [67], slower eating [68], more regular eating
JMIR Res Protoc 2021 | vol. 10 | iss. 12 | e33568 | p. 7
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patterns [69], and more bites per meal). Participants will wear
the ActiGraph GT9X Link (ActiGraph, LLC) on their dominant
wrist for 2 weeks at each assessment point (first 14 days of
treatment, 3 months, and 6 months). Although the ActiGraph
is typically used to measure physical activity and sleep, the
inertial measurement unit, which contains an accelerometer and
a gyroscope, allows for the detection of a characteristic wrist-roll
motion that occurs when food is brought to the mouth. These
data will be analyzed using eating detection and characterization
algorithms that have been extensively developed and validated
by the research team [20,70-73]. These studies have shown that
wrist-roll patterns and velocity can be analyzed to infer the
timing and duration of eating with approximately 81% accuracy
and estimate the number of bites taken during a meal with 86%
sensitivity [20,71]. Both metrics can then be used to calculate
the rate of eating (seconds/bite) [20]. After inferring and
characterizing eating episodes, the following variables will be
calculated: number of eating episodes, the average duration of
eating episodes, total duration of eating, average bites taken
during each episode, total bites taken, and the average rate of
eating. During the baseline assessment period, these variables
will be calculated at the day level and used descriptively because
microrandomization will not take place. During the 3- and
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6-month assessment periods, these variables will be calculated
at the level of microrandomization (eg, 2-3 hours between
intervention access and the next EMA survey).

Tailoring Variables
Each JITAI EMA prompt will measure tailoring variables that
have been previously validated for lapse prediction across
several pilot studies [7,15,23]. The data will be used by the
predictive decision rule algorithm to determine whether an
individual is likely to be in a state of heightened lapse risk. The
following tailoring variables will be assessed: hunger, cravings,
missed meals or snacks, presence of tempting food, urges to
eat, socializing (with and without food), watching television,
affect, negative interpersonal interactions, seeing advertisements
for food, hours of sleep, fatigue, confidence, planning meals
and snacks, boredom, cognitive load (ie, amount of cognitive
difficulty during everyday tasks), level of motivation for weight
loss, alcohol consumption, and time of day (automatically
recorded by PiLR Health). Each EMA question and the
respective response options that will be used to measure the
tailoring variables are featured in Table 1. As described in the
analytic plan, tailoring variables will also be evaluated as
exploratory contextual moderators (eg, if the presence of a
particular trigger impacts the efficacy of intervention options).
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Table 1. Just-in-time adaptive intervention tailoring variables that inform the determination of heightened states of risk for dietary lapse.
Tailoring variable

Ecological momentary assessment question

Response options

Missed meal or snack

“Have you eaten since the last survey?”

•
•

Yes
No

Affect

“Please rate your current mood”

•
•
•
•
•

I am in an especially good mood
I am in a good mood
I feel slightly stressed/upset
I feel very stressed or upset
I feel intensely stressed or upset

Fatigue

“Do you feel tired right now?”

•
•

Yes
No

Hunger

“Are you hungry right now?”

•
•

Yes
No

Boredom

“Are you bored right now?”

•
•

Yes
No

Motivation for weight loss

“Compared with other things in your life, is weight control a high pri- •
ority for you right now?”
•

Yes
No

Cravings

“Are you experiencing a craving (an intense desire or urge to eat a
specific food) right now?”

•
•

Yes
No

Urges to eat

“Since the last survey, have you had a sudden urge to go off your eating •
plan for the day?”
•

Yes
No

Cognitive load

“Since the last survey, please rate the difficulty of tasks that you have
been working on in terms of the mental effort required (eg, work,
planning, decision-making).”

•
•
•
•
•

Requiring almost no mental effort
Requiring slight mental effort
Requiring moderate mental effort
Requiring most of my mental effort
Requiring almost all of my mental effort

Confidence

“How confident are you that you can meet your dietary goals for the
rest of the day?”

•
•
•
•
•
•

Not at all
A little bit
Somewhat
A lot
Very
Extremely

Socializing

“Since the last survey, have you engaged in socializing with coworkers, •
family, or friends?”
•
•

Watching television

“Since the last survey, have you watched TV?”

•
•

Yes
No

Interpersonal interactions

“Since the last survey, have you had an unpleasant encounter with an- •
other person?”
•

Yes
No

Presence of tempting foods

“In the past hour, would it have been easy to access delicious (but un- •
healthy) food/drink?”
•

Yes
No

Food advertisements

“In the past hour, have you seen an advertisement for food?”

•
•

Yes
No

Planning meals or snacks

“To what extend have you planned your eating in the next few hours?” •
•
•
•
•
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None
Yes, and there was food present
Yes, and there was not food present

Not at all
Slightly
Moderately
Very
Extremely
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Tailoring variable

Ecological momentary assessment question

Response options

Alcohol consumption

“Since the last survey, have you consumed any alcohol?”

•
•

Sleep

“How many hours of sleep did you have last night?”

(Numeric response)

Time of day

Automatically recorded by the PiLR app

Automatically recorded in PiLR

Contextual Moderators
Contextual moderators will be used to further optimize
intervention delivery within the JITAI. In addition to informing
the JITAI decision rule, the above-described tailoring variables
will be evaluated as contextual moderators (eg, if the presence
of a particular trigger impacts the efficacy of intervention
options). In addition, analyses will explore potential moderators
of location (self-reported via EMA as described in Table 1) and
whether the participant is in active BOT or JITAI-only
follow-up.

Measures for Descriptive Purposes
Engagement and Satisfaction
Engagement with the JITAI (ie, the degree to which surveys
and interventions within the JITAI were completed) will be
assessed via PiLR Health. The following information will be
automatically timestamped by the server: EMA surveys
delivered, EMA surveys completed, interventions delivered,
interventions accessed, and any responses recorded in interactive
content. From this information, the percentage of EMA surveys
completed, percentage of interventions accessed, and percentage
of interventions with recorded participant interaction will be
calculated. Participants will be asked to indicate satisfaction
with the intervention content using a 5-star rating system (1 star
is least helpful and 5 is the most helpful) at the conclusion of
each module [74].
Participant Characteristics
Demographic information, health, and weight history will be
assessed at baseline. Weight will be measured to the nearest 0.1
kg using a digital scale at each assessment; height will be
measured to the nearest millimeter with a stadiometer at
baseline, using standard procedures. Measurements will be made
in light indoor clothing without shoes. Height and weight are
measured solely for descriptive purposes and are to be used in
reporting.

Analytic Plan, Sample Size, and Power Estimates
Analytic Plan
Statistical analysis will follow good practices for the evaluation
of RCTs as embodied in the Consolidated Standards of
Reporting Trials statement [75]. Preliminary analyses will
include descriptive statistics and exploratory graphing for all
variables of interest that are measured at all assessment points.
Initial exploratory data analysis will be used to identify outliers,
such as measurement and recording errors, logical
inconsistencies in data, and values extreme in the marginal
distributions of the variables in question. Key baseline variables
(eg, baseline BMI, age, and sex) will be considered for use as
covariates in the proposed analyses. Missing data will be
https://www.researchprotocols.org/2021/12/e33568
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No

imputed using a multiple imputation approach and outcome
models averaged across imputations to adhere to the
intent-to-treat principle. A sensitivity analysis will explore the
impact of various assumptions about missing data on study
results, including assumptions that the outcome (lapses) is
missing not at random, as participants may be more likely to
skip surveys when they have lapsed.
Generalized multilevel models will be used to evaluate the study
aims [76,77]. These types of models allow for increased
statistical power, account for a hierarchical data structure (eg,
observations nested within individuals within days), and include
all participants regardless of whether there are missing data at
particular time points [78]. First, a generalized multilevel model
will be used to examine the effect of any intervention (4
theory-driven interventions and generic risk alert) compared
with the no intervention condition on the occurrence of lapse
(aim 1). Whether an intervention is provided at a decision point
will be used to predict each participant’s probability of reporting
a lapse in the following EMA survey. Next, an interaction
between the intervention indicator variable and the week in
which the intervention occurred will be added to test time trends
in intervention effects [79]. Different distributions and link
functions will be evaluated by comparing and assessing model
assumptions and goodness-of-fit measures. Restricted maximum
likelihood will be used to estimate the model parameters and
to test the significance of random effects. Statistical significance
will be accepted when P<.05 (2-tailed) and the estimated
coefficient for the predictor (without accounting for the time
trend) will represent the overall (average across all decision
points) effect of delivering any intervention versus providing
no intervention on the probability of lapse.
Second, similar methods will be used to build generalized
multilevel models that examine the efficacy of the 4 individual
theory-driven intervention options, compared with the generic
risk alert, on the immediate occurrence of lapse (aim 2). In total,
4 intervention indicator variables will be used separately to
represent whether each of the 4 theory-driven interventions was
provided at a decision point, which allows for the comparison
of the average effects of the theory-driven intervention options
versus the generic risk alert on the probability of reporting a
lapse in the next EMA survey. A comparison among the
intervention options will be informed by estimated effect sizes.
Aim 1 and aim 2 analyses will be repeated to evaluate the
immediate effects of intervention options on objectively
measured eating characteristics at 3 and 6 months. Generalized
multilevel models will be used to examine the effects of
intervention indicators on the number of eating episodes detected
via ActiGraph between the decision point and the next EMA
survey, and the duration, rate of eating, and number of bites
taken per eating episode recorded during that period.
JMIR Res Protoc 2021 | vol. 10 | iss. 12 | e33568 | p. 10
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Intervention indicators will be allowed to interact with the day
of assessment (eg, day 1 vs day 14 of wear time) and assessment
period (eg, baseline vs 3 months) to account for potential time
trends in intervention effects. In addition to other key
demographic variables (eg, baseline BMI, age, and sex),
ActiGraph wear time (hours per day that the device was worn)
will be considered as a potential covariate.
Third, potential contextual moderators (ie, time of day, location,
active treatment vs follow-up, and type of lapse trigger) will be
added to the above-described generalized multilevel models to
further inform JITAI optimization (exploratory aim). Moderators
will be allowed to interact with the intervention indicators to
determine whether these variables moderate the effect of the
intervention on probability of reporting a lapse in the next EMA
survey. Meaningful moderators will have interaction terms that
are statistically significant at the P<.05 level. Statistically
significant interactions will be interpreted by plotting simple
regression lines for each level of categorical variables or for
high and low values of continuous variables. Given the
exploratory nature of this aim, analyses will not formally control
for multiple comparisons, but claims about results will be made
with appropriate caution.
All analyses will be conducted on the intent-to-treat sample
(every instance of microrandomization and subsequent
intervention delivery will be included in the final analysis), and
several assumptions about the missing data mechanism will be
evaluated. Sensitivity to these assumptions will be tested by
collecting follow-up information on all participants (including
dropouts), and loss-to-follow-up censoring will be employed.
In total, 3 statistical approaches for handling missing data will
be compared: a multiple imputation approach to impute missing
outcomes, inverse probability weighting with propensity scores
to produce unbiased estimates provided that data are missing
at random, and pattern mixture models to allow for the
possibility that data are not missing at random.

Sample Size and Power Estimates
The sample size requirements of this trial were based on
analyses proposed to accomplish both aim 1 (ie, compare the
effects of no intervention option and any intervention option)
and aim 2 (ie, compare the effects of theory-driven intervention
options and the active comparator to one another). Statistical
power and sample size were calculated according to the
established procedures for powering MRTs, as described by
Liao et al [17], which enable robust treatment effect estimation
using the centered and weighted least squares method [80]. On
the basis of previous work, participants are expected to average
180 points of randomization during the trial with an assumed
100% availability (because a participant in an
algorithm-determined heightened state of lapse risk will have
just completed an EMA survey, indicating that they are near a
smartphone and able to engage [15]).
The sample size calculation began with aim 2, given that the
minimum clinically significant difference among active
intervention options will likely be smaller than comparing no
intervention with any intervention. Using available data from
previous studies, a standardized effect size of 0.1 for aim 2 was
calculated (which corresponds to a minimum clinically
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significant difference of reducing lapses by an average of 1
lapse per week, with an SE of 3.27). A reduction of 1 lapse per
week is estimated to be associated with an additional 2.6%
weight loss over 6 months for a single intervention option, which
could substantially boost the overall proportion of participants
achieving meaningful weight losses. The estimated number of
decision points available in which any of the 2 single
intervention options were delivered is 43 (180 total decision
points × 0.24 probability of delivering either of 2 intervention
options). Thus, the required sample size to detect any given
contrast between intervention options in aim 2 at 80% power
and 0.05 type 1 error rate is 106. Inflating this number by 50%
to account for the binary nature of the proximal outcome brings
the required sample size to 159. For aim 1, a larger standardized
effect size of 0.153 was estimated that corresponds to reducing
lapses by an average of 2 lapses per week with an SE of 3.27.
With the projected sample size of 159, type 1 error rate of 0.05,
180 decision points at which either intervention or no
intervention was provided, and 0.60 probability of providing
any intervention option, there will be at least 90% power to
detect the specified effect for aim 1.

Stage 3: Application of MRT Results for Optimization
Stage 3 of this trial will involve using the results of the MRT
to inform additional algorithms that will ultimately optimize
intervention delivery within the JITAI for dietary lapses. Results
from aims 1 and 2 will contribute to an understanding of the
most effective intervention for preventing the immediate,
proximal occurrence of dietary lapse, whereas results from the
exploratory aim will inform which interventions are effective
in a particular context (eg, if the autonomous motivation
intervention option is effective in the afternoon vs other times
of day). Together, these findings will be used to optimize the
current JITAI decision rule (ie, deliver an intervention whenever
any participant is in a heightened state of lapse risk) by training
the intervention delivery algorithm to also consider contexts in
which certain types of intervention options should be delivered.
The resulting new decision rule algorithm, ideally using models
that are minimally computationally intensive and easy to
interpret (eg, regressions and decision trees), will be dynamic
and personalized by considering baseline variables (eg, sex,
age, race, ethnicity, and baseline BMI), specific trigger types
(eg, feelings of hunger vs feelings of boredom), and context
(eg, location and time of day). The finalized JITAI will no longer
randomize intervention but administer the intervention option
likely to have the greatest effect under the current risk
conditions. Stage 3 ensures the development of an optimal JITAI
for dietary lapses that is ready to be tested in a future RCT to
evaluate the effects on distal clinical outcomes such as weight
and CVD risk.

Results
This study was funded by the National Heart Lung and Blood
Institute (Multimedia Appendix 1). As of the date of submission
of this manuscript, the trial is ongoing. Data collection for stage
1 began on April 19, 2021, and has been completed. Stage 2
recruitment is scheduled to begin by October 1, 2021. As this
research involves no more than minimal risk, there will be no
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interim analysis, and data and safety monitoring will occur in
accordance with guidelines by the National Institutes of Health
and the Institutional Review Board of record. Ethical approval
was granted by the Miriam Hospital Institutional Review Board.

major strength of this research, as it accelerates the translation
of research to practice by answering several research questions
within one study using fewer participants than a traditional RCT
[83,84].

Discussion

This project will be the first known implementation of an MRT
protocol to optimize a JITAI on the proximal outcome of eating
behavior. Across the field of health behavior change, MRTs
remain novel; there are several MRTs in the process of
optimizing JITAIs in the areas of physical activity [85,86],
smoking cessation [87,88], stress management [88], mood [86],
medication adherence [89], and substance use [90,91]. A
recently completed MRT to increase self-monitoring in a
commercial wellness app for lifestyle behaviors found that
sending prompts with tailored suggestions (vs tailored feedback)
significantly increased the odds of self-monitoring and that the
frequency of engagement with the app moderated this effect
(eg, as frequency of self-monitoring increased and sending
prompts with suggestions reduced the odds of engagement)
[92]. The results of this trial demonstrate the way in which
MRTs provide crucial information about how context impacts
intervention efficacy. One of the most influential MRTs was
the microrandomized optimization trial of HeartSteps, which
has provided a guiding framework for harnessing the MRT
design for JITAI optimization [18]. The trial evaluated the
efficacy of different types of suggestions to increase physical
activity via the HeartSteps mobile app [79]. The results revealed
that providing a walking suggestion (vs no suggestion) increased
step count by an average of 24% and that suggestions to reduce
sedentary time did not affect step count. The study also found
that the efficacy of suggestions in HeartSteps was initially
stronger and diminished over the course of the study. The
HeartSteps trial has informed several methodological and
practical guidelines for executing MRTs [17,19,93,94] and
provided a rich data source to optimize future versions of
HeartSteps via innovative algorithms that personalize the content
and timing of activity suggestions [95-97].

Anticipated Findings
Overweight and obesity remain major public health concerns
[81,82]. BOT is a recommended first-line treatment for weight
loss and has the potential to reduce the severity of CVD risk
factors [1-4]. However, nonadherence to the prescribed diet in
BOT (ie, dietary lapse) has been shown to prevent many
individuals from achieving expected weight loss outcomes [5,6].
Although gold standard BOT protocols typically provide
behavioral strategies that are intended to promote dietary
adherence (eg, stimulus control and meal planning), these
interventions do not appropriately account for the complex,
momentary, and dynamic nature of the numerous potential
triggers of dietary lapses in everyday life [12]. Instead, a
smartphone-based JITAI for dietary lapses that assesses potential
triggers for lapse via EMA and provides intervention during
heightened states of lapse risk, is a scalable approach that has
shown promise for improving dietary adherence in BOT [15,16].
This clinical optimization trial represents a critical next step in
developing this JITAI for dietary lapses, aiming to optimize the
approach by empirically tailoring the provision of an
evidence-based intervention to the individual and the context.
This study will use a JITAI to compare which theory-driven
interventions (vs no intervention or a generic alert to lapse risk)
have an immediate, proximal impact on dietary lapses and other
characteristics of eating behavior (eg, rate of eating and bite
count). The results will establish, for the first time, whether the
provision of in-the-moment intervention during heightened
states of lapse risk has a direct effect on preventing lapse. These
data will inform the optimization and refinement of the JITAI
by revealing which types of interventions and in what contexts
have the greatest impact on lapse [18,79]. Using this formative
work to optimize the JITAI now ensures that the intervention
is maximally effective, efficient, and directly targets the
proximal outcome of interest (ie, dietary lapses) before
conducting a future RCT to evaluate the efficacy of the JITAI
for improving weight loss and reducing CVD risk [18].
An MRT design will be used to examine immediate, proximal
effects of intervention options on lapse and thus provide the
necessary data to optimize the JITAI. Rather than randomizing
an individual only once to a single treatment, as is typical in an
RCT, the MRT uses sequential randomization to repeatedly
randomize individuals to intervention at specific instances based
on their current state or context (in the current trial and
heightened lapse risk) [17,19]. As each participant will be
randomized approximately 180 times over the course of the
study, the design requires fewer participants to achieve sufficient
power to detect the proximal main effect of an intervention
option. In contrast, using a traditional RCT to optimize this
JITAI would require numerous participants across 6 intervention
conditions and would not be able to directly compare
intervention options within subjects. The MRT is therefore a
https://www.researchprotocols.org/2021/12/e33568
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A major strength of the proposed JITAI for dietary lapses is the
use of previously validated machine learning algorithms to
determine the heightened states of lapse risk. Machine learning
has enormous possibility for informing precision medicine tools;
the ability to make sense of vast amounts of individual data
through dynamic algorithms enables highly sophisticated and
nearly automatic patient feedback [98-100]. One aim of the
proposed MRT is to develop additional algorithms that can
dovetail with the current decision rule infrastructure, resulting
in an even more precise and potent JITAI for lapses. For
example, data from this MRT can support simulation studies to
develop reinforcement learning algorithms that continuously
adapt the provision of support to changing contexts between
and within individuals [96]. There is also potential for these
data to be used in a warm start fashion, which would involve
using participant data from this MRT to boost effective learning
more quickly in future versions of the JITAI for lapses [97].
Both of these examples demonstrate how products resulting
from this MRT can optimize future versions of this JITAI for
lapses, but also lead to important methodological discoveries
in using personal health data to inform precision medicine.

JMIR Res Protoc 2021 | vol. 10 | iss. 12 | e33568 | p. 12
(page number not for citation purposes)

JMIR RESEARCH PROTOCOLS
In addition, systematic evaluation of the efficacy of
theory-driven interventions will allow the findings from this
MRT to advance the science of dietary lapse etiology and
prevention specifically and nonadherence more generally. As
dietary lapses are relatively understudied, it is not known which
theory-driven approaches to behavior change will be most
effective for preventing lapses during heightened lapse risk
[101,102]. The MRT will provide important data about the role
of each theory-driven intervention in preventing lapse and how
these roles may change over time and across different contexts
[18]. For example, if the motivation intervention option is
effective in reducing dietary lapse and this effect is moderated
by whether a participant is in active treatment or follow-up, this
might indicate that motivation is an important momentary factor
contributing to adherence, especially during JITAI-only
follow-up. The results of this MRT will therefore contribute to
the development of more dynamic theories of adherence or
nonadherence behavior by directly comparing the immediate
effects of multiple behavior change theories repeatedly over the
course of a behavioral intervention [11].

Limitations
This study also has several notable limitations. First, the JITAI
for dietary lapse is currently solely reliant on EMA, which
improves the rigor of self-report but also incurs a high level of
participant burden. Although, previous work indicates that
participants are willing to respond to EMA prompts 6 times per
day, there is a high priority for this research to transition to
passively sensed dietary lapses or relevant triggers [64,103].
Second, the selected theory-driven intervention options to be
evaluated in this MRT are based on the best available, but
nonetheless static, model of adherence behavior. Without a
dynamic model of behavior to guide the selection of intervention
options, there is a risk that the interventions within this JITAI

Goldstein et al
do not fully appreciate the known complexity of dietary
adherence behaviors [101]. This MRT is designed such that the
results are expected to inform dynamic models of behavior for
future studies. Third, the analytic plan does not adjust for
multiple comparisons with regard to the exploratory analyses
that will be used for JITAI optimization. The results of these
analyses will be interpreted with caution, and a distinction will
be made between findings from the stated primary aims and
exploratory analyses to develop and refine future iterations of
the JITAI. Finally, study procedures have been modified such
that they can be delivered in-person and remotely in response
to the COVID-19 pandemic. The assessment of primary and
secondary study outcomes, involving EMA and wrist-based
eating detection and characterization, will remain unaffected
by these changes, but other descriptive measures (eg, height
and weight) may be affected.

Conclusions
This project targets dietary lapses, which are a major cause of
poor outcomes during BOT. An MRT will be used to test 4
possible theory-driven intervention options within a JITAI that
monitors risk and intervenes on lapses as needed. The primary
proximal outcome is the occurrence of dietary lapse, as
measured via EMA, between when the intervention was
delivered and the next EMA prompt. Secondary proximal
outcomes of interest are objectively assessed eating
characteristics via wrist-worn device. Contextual moderators
of intervention efficacy, such as location and time of day, will
be explored. Data from the MRT will inform additional
algorithms to personalize the timing of intervention delivery,
thus optimizing the JITAI such that it has the greatest potential
to show clear clinical impact in future RCTs and pragmatic
trials.
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