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Abstract

Background: Self-monitoring is a vital component of behavioral obesity treatment. It often involves tracking dietary intake,
physical activity, and body weight. However, the optimal combination of self-monitoring strategies that maximizes weight loss
is unknown. To address this gap, we leverage a framework called the multiphase optimization strategy, which facilitates the
identification of an intervention’s “active ingredients” that promote weight loss and its “inactive ingredients” that have little
impact, thus adding unnecessary patient effort and time demands.

Objective: This study aims to examine the unique and combined weight loss effects of 3 popular self-monitoring strategies
(tracking dietary intake, steps, and body weight).

Methods: Spark was an optimization-randomized clinical trial that used a 2 × 2 × 2 full factorial design with 8 experimental
conditions. Participants, US adults with overweight or obesity (N=176), were randomized to receive 0-3 self-monitoring strategies
in a 6-month fully digital weight loss intervention. For each assigned strategy, participants were instructed to self-monitor daily
via commercially available digital tools (a mobile app, wearable activity tracker, and smart scale) and received a corresponding
goal (eg, a daily calorie goal) and weekly automated feedback. All participants received core intervention components, including
weekly lessons and action plans informed by Social Cognitive Theory, to promote healthy eating and physical activity. Assessments
occurred at baseline and at 1, 3, and 6 months. Weight was assessed objectively via a smart scale. The primary aim is to test the
main effects of the 3 self-monitoring components and their interactions on weight change from baseline to 6 months. Secondary
outcomes include change in BMI, caloric intake, diet quality, physical activity, and health-related quality of life, as well as 1-
and 3-month weight change and the relation between self-monitoring engagement and weight change. Patterns of engagement
will be operationalized as the percentage of days of self-monitoring during the 6-month intervention. Moderators of weight loss
success will be explored to understand whether certain subgroups of individuals benefit more from specific self-monitoring
strategies. We also conducted a separate embedded experiment to test the impact of a self-directed web-based orientation session
on 6-month trial retention. After the intervention, semistructured qualitative interviews were conducted with a subset of participants
to elucidate factors that impact engagement and its link to weight loss.

Results: Recruitment occurred from September 2023 to November 2024. Data collection was completed in June 2025. Data
analysis is ongoing.
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Conclusions: This trial will provide evidence as to which self-monitoring strategies are the “active ingredients” in a fully digital
weight loss intervention and begin to explore which subgroups may do best with which strategies. These results have potential
for public health impact by maximizing weight loss while minimizing patient burden.

Trial Registration: ClinicalTrials.gov NCT05249465, https://clinicaltrials.gov/study/NCT05249465

International Registered Report Identifier (IRRID): DERR1-10.2196/75629

(JMIR Res Protoc 2025;14:e75629) doi: 10.2196/75629
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Introduction

Background
With the prevalence of overweight and obesity at approximately
71% among US adults [1,2], there is a critical need for weight
loss interventions that are both effective and scalable. Gold
standard behavioral obesity treatments are effective in producing
weight loss of 5%-8%. These 6-12 month treatments pair
frequent counseling with evidence-based behavioral strategies
to promote healthy dietary change and physical activity [3,4].
Despite their efficacy, these treatments are not easily scalable
or accessible due to their high intensity, personnel costs, and
time demands.

Digital health interventions can overcome these barriers by
delivering weight loss programs remotely and in a standalone
format (ie, without a human counseling component). They also
have the potential to target broad segments of the population
with overweight or obesity, including geographically, racially,
and ethnically heterogeneous populations who are
underrepresented in traditional obesity treatment research [5-8]
despite being disproportionately burdened by obesity [9,10].
However, fully digital weight loss interventions produce only
modest weight loss, ranging from 2% to 4% [11-19]. Thus, to
fully capitalize on these highly scalable digital interventions,
more work is needed to enhance their potency.

Self-monitoring is a well-established behavioral strategy for
facilitating weight loss among adults with overweight or obesity
[20-22]. It involves tracking a behavior (eg, dietary intake [23]
and physical activity [24,25]) or a health-related outcome (eg,
body weight [26]). Self-regulation theories, including the Social
Cognitive Theory and the Control Theory, posit that behavior
change occurs through a cyclical process of goal setting, paying
attention to behaviors via self-monitoring, receiving feedback
on how one’s current performance compares to one’s goal or
past performance, creating an action plan to adjust behavior,
and repeating the process to get closer to attaining one’s goal
[27,28]. These behavioral strategies work in tandem to promote
greater behavior change [29-32]. Self-monitoring is one of the
strongest predictors of behavior change [29] and weight loss
[31,33]. Numerous systematic reviews and meta-analyses have
demonstrated that greater engagement in self-monitoring is
consistently linked to greater weight loss [21-23,26,34,35].
Further, this relation holds across many intervention contexts,
including human counseling–based and fully digital
interventions [22]. However, self-monitoring engagement often

declines over time [36-39]. Common barriers include time
demands, perceived burden, accessibility challenges, waning
novelty, lack of clarity on how to use such data to change
behavior, and constraints related to literacy and numeracy
[40-42].

One way to promote self-monitoring engagement is by using
digital rather than paper-based methods of self-monitoring [22].
Advantages of using digital platforms for self-monitoring
include immediate personalized feedback, time savings when
using devices such as wireless activity trackers and smart scales,
and high portability of mobile health tools, which increases the
likelihood of engagement while reducing retrospective errors.
In our systematic review of self-monitoring in digital weight
loss interventions among adults with overweight or obesity, we
found that 81% of interventions included self-monitoring of
dietary intake, 82% included self-monitoring of physical activity,
and 72% included self-monitoring of weight. In total, over half
(54%) of the interventions included all 3 of these self-monitoring
strategies [22]. In summary, self-monitoring is a theory-informed
and evidence-based approach for weight loss that can be
delivered via digital tools.

Gap in the Field
To the best of our knowledge, no study has systematically
examined the optimal combination of self-monitoring strategies
included in behavioral obesity treatment. Specifically, weight
loss studies often combine multiple self-monitoring
domains—tracking dietary intake, physical activity, and body
weight—into 1 bundled “treatment package,” which is then
compared to a suitable control in an evaluation-randomized
controlled trial (RCT) [21-23,34,35]. In this classical treatment
package paradigm, these trials can determine the overall efficacy
of a weight loss intervention but cannot disentangle the effects
of individual self-monitoring components. Thus, in trials using
the classical paradigm, if an intervention demonstrates
superiority, it would be unclear whether all self-monitoring
strategies were needed to produce clinical impact. In addition,
if an intervention shows a null effect, it would be unclear
whether any of the self-monitoring strategies were beneficial,
or whether their effects were dampened by other burdensome
intervention components. In summary, trials using the classical
treatment package approach are not able to discern whether all
or none of the self-monitoring strategies are valuable.

Similarly, in comparative effectiveness trial designs, the unique
effects of individual self-monitoring components can be
established but not their combined effects. Past studies have
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used these designs to isolate the effects of 1 self-monitoring
domain, including self-monitoring weight (vs not) [43,44] or
self-monitoring diet (vs not) [36,45,46]. Other studies have
varied the content or frequency of what is being self-monitored
within 1 domain (eg, comparing simplified to detailed versions
of dietary self-monitoring) [47-53]. Taken together, it is
unknown whether some or all 3 of these popular self-monitoring
strategies are effective.

Examining whether any interaction effects exist among the 3
most common self-monitoring strategies has the potential for
enhancing the efficacy of digital interventions while limiting
patient burden. Interactions can be synergistic (ie, when
combined, the components result in better outcomes than
expected based on the main effects alone) or antagonistic (ie,
worse outcomes than expected based on the main effects alone).
For instance, a synergistic interaction could occur if combining
self-monitoring components provided individuals with clearer
insights into changing health behaviors, leading to greater weight
loss than expected. In contrast, an antagonistic interaction could
occur if a burdensome self-monitoring component increased
the risk of disengagement from one or more other
self-monitoring components, undermining the effect of those
components. This antagonistic interaction results in the
combined effect being smaller than what would be expected
based on the main effects of the self-monitoring components.

Leveraging the Multiphase Optimization Strategy
Intervention optimization can be used to guide the selection of
self-monitoring strategies for use in weight loss interventions.
To do this, the multiphase optimization strategy (MOST), an
engineering-inspired framework, enables researchers to build
effective multicomponent behavioral interventions through a
3-phase process of preparation, optimization of the intervention,
and evaluation of the newly optimized intervention [54,55].
First, the preparation phase consists of understanding gaps in
the field, selecting intervention components to test, and
developing a conceptual model. Second, the optimization phase
consists of conducting a fully powered optimization-RCT to
rigorously test the intervention components’ unique and
combined effects on the outcome of interest. Third, a subsequent
evaluation phase involves testing the newly optimized
intervention versus a comparator in a traditional 2-arm
evaluation-RCT.

Objective
The Spark trial, focused on the optimization phase of MOST,
seeks to optimize self-monitoring in a 6-month fully digital
weight loss intervention for adults with overweight or obesity.
Specifically, we are examining the unique and combined effects
of 3 popular self-monitoring strategies (tracking dietary intake,
steps, and body weight) on 6-month weight change. In doing

so, we will be able to isolate their individual effects and examine
whether any synergistic or antagonistic interactions exist among
them. Results will inform the development of a newly optimized
intervention that retains only the self-monitoring strategies that
have a clinically meaningful effect in order to maximize weight
loss while minimizing patient burden. We will also assess the
self-monitoring strategies’ unique and combined effects on
secondary outcomes, including caloric intake, diet quality,
physical activity, and health-related quality of life, as well as
on 1- and 3- month weight change and the relation between
self-monitoring engagement and weight change. Moderators of
weight loss success will be explored to understand whether
certain subgroups of individuals benefit more from specific
self-monitoring strategies. Using an embedded experimental
design, we will test whether a self-directed web-based
orientation session—completed prior to enrollment—promotes
greater 6-month retention in the Spark trial. Finally, we will
conduct semistructured qualitative interviews with trial
participants to explore factors that impact engagement and its
link to weight loss. This paper describes the study protocol,
following the SPIRIT (Standard Protocol Items:
Recommendations for Interventional Trials) 2025 Checklist
(see Multimedia Appendix 1), which are standardized guidelines
for reporting clinical trial protocols [56].

Methods

Study Design and Overview
The Spark trial was an optimization RCT that tests the unique
and combined effects of 3 self-monitoring strategies (tracking
dietary intake, steps, and body weight) in a 6-month fully digital
weight loss intervention for adults with overweight or obesity.

The study used a 23 full factorial design (ie, 2 × 2 × 2), whereby
each participant was randomized to 1 of 8 experimental
conditions that represent all possible combinations of these
self-monitoring strategies. For each strategy, half of the
participants were assigned to receive it (“Yes”) while the other
half did not receive it (“No”; see Table 1). All participants
received a core intervention that included weekly lessons and
action plans for promoting healthy eating and physical activity.
We recruited 176 participants (22 per condition). The trial was
preregistered in February 2022 at ClinicalTrials.gov:
NCT05249465. The trial registry includes the study protocol
[57]. No patient involvement occurred, though study procedures
and intervention content were adapted from the principal
investigator’s (PI’s) prior digital weight loss trials (ie,
GoalTracker [36], Spark Pilot [47], and Ignite Pilot [58]) that
gathered qualitative participant feedback on perceived
satisfaction and difficulty of intervention components, feasibility
of study procedures, and suggestions for improvement.
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Table 1. Factorial design (2 × 2 × 2) testing three self-monitoring strategies in the Spark trial.

Track weightTrack stepsTrack dietCoreExperimental condition

NoNoNoYes1

YesNoNoYes2

NoYesNoYes3

YesYesNoYes4

NoNoYesYes5

YesNoYesYes6

NoYesYesYes7

YesYesYesYes8

Participants
The inclusion and exclusion criteria are listed in Textbox 1.

Textbox 1. Inclusion and exclusion criteria.

Inclusion criteria

• Adults aged ≥18 years.

• BMI of 25.0-45.0 kg/m2, which corresponds to having overweight or obesity [59].

• Smartphone ownership and access to a personal email account.

• Willing to install the Fitbit mobile app (Google) on one’s personal phone.

• Proficiency in the English language.

• Living in the United States.

• Interested in losing weight through behavioral strategies.

Exclusion criteria

• Concurrent enrollment in another weight management intervention.

• Loss of ≥10 lbs (ie, 4.5 kg) in the past 6 months.

• Current use of a weight loss or antiobesity medication.

• Prior or planned bariatric surgery.

• Current, recent, or planned pregnancy during the study period.

• Currently breastfeeding or lactating.

• Living with someone else participating in the study.

• Inability to engage in moderate forms of physical activity akin to brisk walking (assessed via the Physical Activity Readiness Questionnaire for
Everyone [PAR-Q+] [60])

• Potential contraindications to losing weight due to a serious medical condition (eg, cancer or dementia) or medication (eg, steroids).

• A history of an eating disorder or cardiovascular event or uncontrolled diabetes mellitus or uncontrolled hypertension that could predispose an
individual to be better suited for a more intensive or different type of intervention.

• Investigator discretion for safety reasons.

Study Procedures
The study procedures are depicted in Figure 1.
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Figure 1. Study procedures diagram in the Spark trial. SWAT: study within a trial.

Recruitment
The study was fully remote and was delivered across the United
States. Enrollment occurred on a rolling basis until our target
sample size was met. We aimed for at least 50% recruitment of
US racial or ethnic minority group members, given their
underrepresentation in behavioral weight loss trials [6,7] and
the disproportionate burden of obesity among Black and
Hispanic adults in the United States [61]. We recruited
participants via remote channels, including ResearchMatch (a
web-based US national registry of volunteers interested in
participating in health-related studies), an institute-specific
diabetes registry, and ClinicalTrials.gov (a globally recognized
registry of clinical trials). Recruitment materials included a brief
description of the study and eligibility criteria, along with a link
to a web-based eligibility screen on REDCap (Research
Electronic Data Capture; Vanderbilt University), a secure,
web-based software platform hosted at Stanford University.
[62] Those who were eligible were prompted to provide contact
information at the end of the screen.

Self-Directed Orientation Session
Eligible individuals were randomized 1:1 to either receive a
self-directed orientation session or not receive it as part of an
embedded experiment that began prior to the Spark weight loss
trial (see preregistration repository: protocol SWAT (Study
Within A Trial) 211 [63]). Participants in the SWAT control
arm were sent an automated email prompting them to sign up
for a baseline visit using a scheduling website (Calendly). Those
in the SWAT intervention arm were sent an automated email
prompting them to complete the self-directed orientation session,
lasting approximately 20-25 minutes. This web-based orientation
session consisted of video content and interactive activities
(using Articulate [Articulate Global LLC] e-learning software)
geared at explaining the rationale for the study and for
randomization, setting clear expectations of study activities,
visualizing the time commitment via a graphic timeline, and
ensuring the trial was a good fit for their interests by
self-generating pros and cons for joining the trial. The

orientation session was modeled after the innovative
Methods—Motivational Interviewing Approach [64,65], which
was developed to increase retention in clinical trials by
empowering potential participants in making an informed
decision about trial participation prior to enrollment. At the end
of the orientation, individuals had the option to sign up for a
baseline visit using the scheduling website. Thus, it was possible
for some participants to enroll in the embedded experiment
without enrolling in the weight loss trial. These types of
embedded experiments are often referred to as a
Study-Within-A-Trial (ie, “SWAT”) and facilitate empirically
testing strategies to promote recruitment or retention in clinical
trials [66,67].

Baseline Tasks
All participants attended a remote baseline visit with trained
study staff held via Zoom (Zoom Communications, Inc)
videoconference. This visit lasted approximately 1.5 hours in
length and focused on reviewing the purpose and procedures
of the study, confirming eligibility, obtaining informed consent
using REDCap’s electronic signature feature, installing the free,
commercially available Fitbit mobile app, completing a dietary
recall assessment, and administering a health literacy
assessment. The study staff created a unique Fitbit account for
each participant and ensured that participants could log into it.
At the end of the baseline visit, the participants received a link
to the baseline survey. Once completed, study staff mailed an
smart scale (Fitbit Aria Air) to the participant’s home. Once the
scale was delivered, participants received an email that provided
information on syncing their device with the Fitbit app and
prompted them to weigh themselves the following morning
using a standardized protocol (see “Data collection and
measures” section, below). Study staff were available for
troubleshooting via phone or email to assist in syncing devices.

Randomization to Factorial Trial
Following recommendations for factorial designs [68], we
randomized participants to the 8 conditions using restricted
randomization stratified by sex assigned at birth and using
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permuted block randomization with a block size of 8. The
allocation sequence was generated using SAS (SAS Institute
Inc) by the study’s statistician (JAG) and stored in REDCap
[69]. Study staff used REDCap to implement the random
allocation sequence (ie, randomize a participant) once both the
baseline weight and web-based surveys were submitted. If a
participant was randomized to a condition that tracks steps (ie,
conditions 3, 4, 7, and 8), then study staff mailed them a Fitbit
activity tracker (Inspire 3) within 2 business days. Once
delivered, instructions on syncing the tracker with the Fitbit app
were emailed. The first day of the weight loss intervention
occurred approximately 1 day after the tracker arrived (if in
conditions 3, 4, 7, or 8) or 4 days after randomization (if in
conditions 1, 2, 5, or 6). We chose 4 days based on the mean
number of days for the tracker to be delivered once ordered.
This period enabled standardization of the number of days
between randomization and the start date across all conditions.
On the first day of the weight loss program, participants received
an automated email describing their treatment assignment (see
“Intervention” section, below).

Masking
Participants were not masked to treatment assignment, by
design, as they were informed before enrollment about the 3
types of self-monitoring to which they could be assigned. Study
staff were not masked to treatment assignment due to logistical
limitations and the need for quality assurance. However, all
surveys were sent via REDCap and were completed without
study staff involvement. In addition, study staff did not have
access to the allocation sequence. The study statistician (JAG)
will analyze the primary outcome in a masked fashion such that
treatment assignment will not be revealed.

Quality Assurance
During their baseline visit, participants were asked to refrain
from self-monitoring behaviors that were not assigned to them.

The study’s research question and expectations were explained
prior to enrollment to provide an opportunity for potential
participants to decide whether the study would be a good fit.
We have found high adherence to these requests in our prior
trial [36]. In the first couple of weeks of the intervention, study
staff verified whether participants were self-monitoring correctly
(ie, tracking what they were asked to track and not tracking
what they were asked not to track) through review of objective
self-monitoring data. If a deviation occurred, the staff member
flagged it, and the participant was sent a one-time email via
REDCap reminding them of their self-monitoring assignments.

Intervention

Overview
All participants received a 6-month behavioral weight loss
intervention, which was empirically based [29-31,33,70-75].
This intervention was fully digital, meaning that no human
counseling was provided, which was designed to promote
scalability and broader reach. All participants received core
components of an overall 10% weight loss goal and weekly
behavioral lessons and action plans. Our conceptual model
(Figure 2) outlines how we envision the self-monitoring
strategies promoting weight loss. Each strategy being tested has
an expected mechanism of action (ie, increased engagement in
self-monitoring), which, in turn, is expected to enhance
self-efficacy and self-regulatory skills, as posited by the Social
Cognitive Theory and the Control Theory [27,28]. Together,
these psychosocial and engagement mechanisms are expected
to promote behavior change (ie, improvement in diet and
physical activity), which is anticipated to create a caloric deficit,
leading to weight loss. A summary of intervention components
is provided in Table 2.

Figure 2. Conceptual model of the weight loss intervention in the Spark trial.
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Table 2. Intervention components and digital modalities in the Spark trial.

Experimental componentsDigital modalityIntervention component

Track weightTrack stepsTrack dietCore

Daily self-monitoring

✓aFitbit appDietary intake

✓Activity tracker (Fitbit Inspire 3)Steps

✓Smart scale (Fitbit Aria Air)Body weight

Goalsb and weekly tailored feedbackc

✓Emailed progress reportCalories

✓Emailed progress reportSteps

✓Emailed progress reportWeight loss, weekly

✓Emailed progress reportWeight loss, overall

Weekly skills training

✓Emailed PDF handoutLessons

✓Emailed link to Qualtrics surveyAction plans

aCheck mark indicates that the component was received by participants receiving the experimental condition.
bOn the first day of the intervention, participants were emailed a Goal Sheet.
cEvery day, participants could also view their progress via the Fitbit app.

Core Components
All participants received a goal of 10% weight loss by 6 months.
This goal is consistent with obesity treatment guidelines [3].
Each week, participants received evidence-based skills training
materials, including lessons and action plans. These were sent
via email and were adapted from gold standard weight loss
curriculum [70]. The lessons ere electronic handouts focused
on nutrition, physical activity, and behavior change topics (see
Table 3). Each lesson had a corresponding action plan

(administered via a Qualtrics [Qualtrics, LLC] survey) that
incorporated motivational interviewing [76,77] and
problem-solving strategies [78]. Specifically, participants were
guided through a series of questions to reflect on their current
behaviors and areas for change, generate actionable steps related
to the week’s lesson, reflect on their confidence level in doing
so, and brainstorm potential barriers and solutions. Reminders
were sent 4 days after the initial email to participants who had
not yet completed that week’s action plan.
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Table 3. Topics of 19 lessons in the Spark trial.

TopicWeekLesson number

Overview of the Spark weight loss program11

Physical activity: the basics22

Increasing Green Zone Foods33

Navigating the grocery store44

Reading food labels55

Decreasing Red Zone Foods66

Paying attention to portion control77

Reducing added sugar88

Understanding obesity99

Preparing meals at home1010

Stepping up to physical activity1111

Managing emotional eating1212

Planning ahead for eating out1413

Staying motivated1614

Being aware of environmental cues1815

Identifying social cues and social support2016

Planning for special occasions2217

Taking charge of thoughts2418

Maintaining progress2619

Intervention Components Being Experimentally
Manipulated

Overview

Participants received 0-3 possible self-monitoring strategies
(dietary intake, steps, and body weight; see Table 1). Each
strategy involved daily self-monitoring instructions, a
personalized goal [29,30], and tailored feedback [32,79-81].
These 3 self-regulation strategies work in tandem to promote
behavior change [29-31]. Feedback was provided each week
via a “progress report” in the format of an electronic handout
sent via email. It captured progress on goals (described below)
as well as on the number of days of self-monitoring each week.
A reminder of goals was provided in each progress report.
Participants could also view real-time, graphical feedback in
the Fitbit app. The app was available on both iPhone and
Android platforms and was set up by study staff after
randomization (prior to the first day of the intervention) to
reflect the participant’s self-monitoring domains (dietary intake,
steps, body weight) and corresponding goals (calories, steps,
weight loss).

Component 1: Self-Monitoring of Dietary Intake

Participants randomized to receive this component were
instructed to self-monitor their dietary intake daily via the Fitbit
app. The app allowed users to track all foods and beverages
consumed using a built-in nutritional database, barcode scanner,
or manual entry. To aid in ease of use, recently and frequently
eaten items were quickly accessible. The app automatically
summed daily caloric intake and allowed users to view graphs

of caloric intake over time. Participants assigned to dietary
self-monitoring received a daily calorie goal based on their
anticipated weekly rate of weight loss [82], calculated using
data reported at baseline, including age, sex, weight, and height.
For safety, the minimum daily calorie goals that could be
assigned were 1200 kcal for women and 1500 kcal for men,
based on national guidelines [59].

Component 2: Self-Monitoring of Steps

Participants randomized to receive this component were
instructed to self-monitor their step count daily via a wrist-worn
activity tracker (the Fitbit Inspire 3). In conjunction with the
self-monitoring goal, a daily step count goal was provided that
adapted based on weekly progress. The initial week’s step goal
was based on the participant’s baseline scores on the Godin
Leisure-Time Exercise Questionnaire (GLTEQ) leisure score
index [83,84], with scores ranging from 0 to 13 (interpreted as
“insufficiently active”) assigned to a goal of 5000 steps per day,
scores of 14-23 (“moderately active”) assigned to 7000 steps
per day, and scores ≥ 24 (“active”) assigned to 10,000 steps per
day. Starting in the second week of the intervention, an adaptive
step goal was given using an empirically tested algorithm
[85,86] that was previously adapted and tested in our team’s
prior pilot study [47]. The algorithm calculated the 60th
percentile of the past week’s daily step counts, rounded up to
the nearest multiple of 50, and assigned that as the subsequent
week’s daily step goal. For example, a week with daily steps
of 5000, 5100, 6000, 6500, 7000, 8200, and 8500 (ranked from
lowest to highest) would result in a daily step goal of 6800 for
the subsequent week. The new step goal appeared in each week’s
progress report. The Fitbit activity tracker was synced with the
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Fitbit app to allow participants to view their progress toward
the step goal.

Component 3: Self-Monitoring of Weight

Participants randomized to receive this component were
instructed to self-monitor their body weight daily via a
Bluetooth-enabled smart scale (the Fitbit Aria Air scale). The
smart scale was synced with the Fitbit app, providing graphical
feedback on weight change. These participants received a
weekly weight loss goal of 0.5-2.0 lbs (0.23-0.91 kg) per week,
depending on how much weight loss was required at baseline
to achieve 10% weight loss at 6 months based on their baseline
weight. This goal remained the same throughout the 6-month
intervention. It appeared in their Fitbit app as well as in each
week’s progress report.

Data Collection and Measures
Study assessments were conducted remotely at all 4 time points:
baseline, 1 month, 3 months, and 6 months (see Figure 3
[83,84,87-109]). At each assessment, participants received an
automated email instructing them to weigh themselves on the
smart scale, input values into a web-based weight check-in form,
and complete a web-based survey. REDCap was used for survey
administration and data management. Reminders to complete
these tasks were automatically sent via REDCap. If the surveys
were not completed after several days, study staff reached out
to participants via text message, email, or phone call.
Confidentiality of participant data was maintained by storing
data in secure electronic files accessible only to trained study
team members, prioritizing using participant ID numbers instead
of names, and presenting study data in aggregate.

Figure 3. Assessment schedule in the Spark trial.
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Primary Outcome Measure
Consistent with our trial preregistration (NCT05249465), our
primary outcome was weight change from baseline to 6 months.
Negative values indicate weight loss, whereas positive values
indicate weight gain. Weight was obtained using a commercially
available smart scale (Fitbit Aria Air).

Participants were asked to follow standardized procedures [110]:

1. Place the scale on a hard, flat surface.
2. Remove all articles of clothing and accessories.
3. Weigh on the scale in the morning before eating or drinking

and after emptying their bladder.
4. Step on the scale and record the value.
5. Repeat it 2 more times for a total of 3 weight measurements

per time point.

Weights synced from the smart scale to the Fitbit app via
Bluetooth. As a preventive measure in case of syncing errors,
participants were also asked to input their weight values on a
web-based weight check-in form. There is high concordance
between weights measured from commercial smart scales and
those from scales used in a clinical setting [87,88].

Secondary Outcome Measures
Weight was also assessed at 1 and 3 months via the same
protocol described above. BMI will be computed as the weight
in kilograms divided by the height in meters squared, and the
change in BMI from baseline at 1, 3, and 6 months will be
reported.

Caloric intake was assessed via the Automated
Self-Administered 24-hour (ASA24) Dietary Assessment Tool
(versions 2022 and 2024), which is a free web-based tool
developed by the National Cancer Institute [90]. Participants
were asked to complete a total of 4 24-hour dietary recalls,
including 2 at baseline and 2 at 6 months. At both time points,
we requested 1 weekday recall and 1 weekend day recall. We
sent up to 4 reminders via email or SMS text message per time
point. We will exclude from our analyses any recalls with
outliers of daily caloric intake reported as <600 kcal or >4400
kcal for women and <650 kcal or >5700 kcal for men, in
accordance with ASA24 recommended procedures based on
NHANES (National Health and Nutrition Examination Survey)
data [111]. To compute caloric intake at each time point, we
will calculate the mean of the weekday recall and the
weekend-day recall. If only one recall is available at a given
time point, we will use that value. Diet quality will be assessed
using the Healthy-Eating Index-2020 [91], calculated from
ASA24 data.

Physical activity was assessed via the GLTEQ, a self-report
measure that assesses the past week’s frequency of different
types of exercise (strenuous, moderate, and mild or light) that
were engaged in for more than 15 minutes during one’s free
time [83,84]. Strenuous activities were described as those where
one’s “heart beats rapidly” (eg, running, jogging, or swimming),
moderate activities were described as “not exhausting” (eg, fast
walking or tennis), and mild activities were described as
requiring “minimal effort” (eg, yoga or easy walking). A leisure
score index will be created using the following formula:

(strenuous × 9) + (moderate × 5) + (light × 3), with higher scores
indicating more frequent exercise. To assess weekly
moderate-to-vigorous physical activity, a composite score will
be created using the same procedures but excluding the light
activities. From this moderate-to-vigorous physical activity
score index, scores of ≥24 units will be interpreted as “active,”
and scores <24 will be considered “insufficiently active” [112].

We also objectively assessed step count using the Fitbit Inspire
3 activity tracker for those participants assigned to track steps
(conditions 3, 4, 7, and 8). In our analyses, we will
operationalize the week 1 step count as the average of the first
7 days of the intervention and the 6-month step count as the
average of the last 7 days (week 26), so long as ≥3 valid days
per week are reported [113]. Fitbit activity trackers have shown
acceptable to excellent validity for step measurements [114].

Health-related quality of life was assessed using the 36-item
Short Form Health Survey (SF-36) [94], with scores provided
for both the physical and mental components. It captures 8
domains: physical functioning, role-physical, bodily pain,
general health, vitality, social functioning, role-emotional, and
mental health.

Self-monitoring engagement was assessed objectively for all
182 days (6 months) of the intervention using data collected
from the Fitbit digital tools. Data were pulled from the Fitbit
app and retrieved via Fitabase (Small Steps Lab, LLC), a
software data management platform. In our analyses,
engagement will be operationalized as the percentage of days
in the intervention that participants self-monitored dietary intake,
steps, and weight (reported separately for each domain). For
self-monitoring of diet, we will count days as valid if they have
≥800 kcal recorded, which is a threshold that best predicted
weight loss [37] and is commonly used for determining
minimum adherence [36,115,116]. For self-monitoring of steps,
we will count days as valid only if ≥1000 steps are recorded.
This minimum threshold is used to minimize the possibility of
inaccurately counting days with high amounts of nonwear time
[117]. We also assessed engagement in other intervention
components, including the percentage of action plans completed,
which was objectively assessed via Qualtrics, with 100%
indicating completion of all 19 action plans. Using self-report
at 6 months, we assessed which of the 19 lessons were read and
the frequency with which progress reports were reviewed, with
options of “weekly,” “less than 1 time per week,” “less than 1
time per month,” and “never.”

Putative moderators were assessed via self-report survey
measures administered at baseline, including demographic (eg,
sex, age, and education), psychosocial (eg, stress and
self-efficacy), behavioral (eg, pretreatment caloric intake and
physical activity), and clinical (eg, diabetes diagnosis)
characteristics. A health literacy questionnaire, the Newest Vital
Sign, was administered orally by study staff at the baseline visit
[104]. In exploratory aims, change in psychosocial outcomes
were assessed via self-report survey measures over time. At the
1-month assessment, 2 measures (self-efficacy for
self-monitoring and mastery for self-monitoring) specifically
asked about only the domains that a given participant was
instructed to self-monitor (ie, diet, steps, and weight).
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Adverse events were documented via a REDCap report and
reviewed by our Independent Safety Officer. If serious adverse
events occurred, they were reported promptly to the Institutional
Review Board and the National Institutes of Health.

Acceptability data were collected via survey to assess perceived
helpfulness and perceived difficulty of intervention components.

Outcomes of the Embedded Experiment
Our embedded experiment tests whether implementing a
self-directed web-based orientation session improves the Spark
trial’s 6-month retention rate (the primary outcome of embedded
experiment). Retention is operationalized as the percentage of
participants who report weight at 6 months out of total
participants in the Spark trial (N=176). We will also examine
the orientation session’s impact on the secondary outcomes
listed in Textbox 2.

Textbox 2. Secondary outcomes in the embedded experiment

• 1- and 3-month retention in the Spark trial.

• Weight change from baseline to 6 months.

• Proportion of participants achieving ≥5% weight loss at 6 months from baseline.

• Engagement in self-monitoring over the 6-month intervention.

• Proportion of the 391 participants in the embedded experiment who enrolled in the Spark trial.

• Whether orientation sessions affect characteristics of the sample who enroll in Spark.

• Perceived value of retention.

• Knowledge of the importance of retention.

• Completion rates of the orientation session.

Qualitative Interviews
After the end of the intervention, a subset of participants were
invited to participate in a one-to-one semistructured qualitative
interview, held via Zoom videoconference. Interviews lasted
30-45 minutes. Using an interview guide, trained research team
members asked participants about factors that impacted
self-monitoring engagement, perceived helpfulness, and
satisfaction of the intervention components (eg, goals,
self-monitoring, lessons, action plans, and progress reports),
contributors and barriers to weight loss, perceived changes in
self-efficacy, and to what extent self-monitoring contributed to
weight loss. To contextualize and tailor their questions,
interviewers integrated each participant’s engagement and
weight loss outcomes as well as their 6-month acceptability
data. Example questions included “You tracked your food [x%]
of days over the 6-month Spark program. What factors
contributed to tracking that amount?” and “You rated tracking
your food as [“not at all” up to “very”] helpful. What contributed
to feeling this way?”

Interviews were recorded and then transcribed verbatim using
a professional transcription service. Memos were used by
interviewers to reflect and record emerging themes. Data
saturation was achieved once no new themes emerged from the
interviews, at which point we stopped recruitment for the
interviews. Transcripts will be coded using an iterative
team-based approach to reduce potential bias. A cloud-based
software platform (Dedoose; SocioCultural Research
Consultants, LLC) will be used to facilitate the coding process.
A codebook was created both deductively (derived from the
PI’s experience and from the research questions) and inductively
(derived from an initial set of transcripts). Data will be analyzed
using thematic analysis. A mixed methods approach will be
used to integrate the data [118,119]. providing insight into how

self-monitoring engagement and weight loss are or are not
related, and if so, why (ie, mechanisms). Joint display tables
will be used to depict how the qualitative data provide context
to the quantitative outcomes from the trial [120]. The design
and reporting of the qualitative study will adhere to the COREQ
(Consolidated Criteria for Reporting Qualitative Research)
checklist [121].

Statistical Analysis
Unlike an RCT that compares the means of each arm to one
another (1 vs 2 vs 3, and so on), in a factorial trial, the means
across combinations of conditions are used to test main effects

of components and their interactions [122]. In our 23 full
factorial trial (ie, a 2 × 2 × 2 with 8 conditions), we are testing
whether 3 self-monitoring strategies, alone or in combination,
improve weight loss at 6 months (our primary time point). To
estimate the main effect of each self-monitoring component on
weight change, we will examine the difference between the
mean of conditions where the target component is present and
the mean of conditions where the target component is absent
[54]. For example, for “Tracking Diet,” the mean of
experimental conditions 5, 6, 7, and 8 (ie, the component is
present) will be compared to the mean of conditions 1, 2, 3, and
4 (ie, the component is absent; see Table 1). We will use effect
coding (ie, –1 when a component is absent and 1 when a
component is present) for analyzing the main effects and
interactions of the components, as recommended for factorial
designs [54]. Thus, a main effect is interpreted as the effect of
a factor averaged across all other factors. Since each main effect
and interaction is based on the entire sample, the factorial design
is considered efficient and economical [123].
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Sample Size and Statistical Power
Using a power calculation, we determined that a sample size of
176 participants would be required in our factorial trial to detect
a minimum clinically important difference of 2.4 kg at 6 months,
which is associated with improvements in cardiometabolic risk
factors [59]. We assumed an SD of 4.5 kg, based on prior
6-month weight loss outcomes in digital interventions
[49,124,125]. Thus, we sought to detect a main effect or
interaction effect of Cohen d=0.53. Specifically, assuming 80%
power, an α of 5% in a 2-sided test, and 35% attrition at 6
months (a conservative estimate based on prior trials of fully
digital weight loss interventions [22,36,50,126]), a sample size
of 172 is needed. To obtain an equal number of participants in
each treatment condition, we increased the sample size to 176
total participants (22 per condition). Allowing for an equal
number of participants per condition permits the tests of the
main effects and interactions to be uncorrelated. Even if unequal
sample size across conditions occurs due to differential dropout
resulting in minor imbalance, the correlations between effects
should be small [122]. This power analysis was computed using
the FactorialPowerPlan SAS Macro (version 1.0) [127].

Our trial uses a 23 factorial design since it has 3 factors, each

with 2 levels (Yes and No). In these types of 2k factorial
trial—those with k number of factors—all else being equal, the
power for detecting a β-weight corresponding to an interaction
effect is the same as that for detecting a β-weight corresponding
to a main effect when using effect coding to represent the levels
of the factors [54]. Thus, no additional participants are needed

to detect interactions in 2k factorial trials.

Analytic Plan for Primary Outcome
Our primary outcome is weight change, in kilograms, from
baseline to 6 months. Using intent-to-treat principles, we will
use linear mixed models to examine the main effects of the 3
self-monitoring components and all of their interactions on
mean weight change at each follow-up time point. This model
will include fixed effects for the following: time point (1, 3, or
6 months), sex assigned at birth (ie, the stratification variable),
self-monitoring component, pairwise interactions of each
component, and the time-by-component and time-by-pairwise
interactions. We will fit an unstructured covariance matrix to
take into account the correlation of weight measures within a
person across time. We will use maximum likelihood to estimate
the model parameters, allowing for missingness at random. Data
will also be disaggregated by sex in exploratory analyses.

Analytic Plan for Other Outcomes

Secondary Outcomes
Similar linear mixed models will be used to assess the main
effects and interactions on the secondary outcomes, including
BMI, caloric intake, diet quality, physical activity, and
health-related quality of life (see Figure 3). To assess differences
in achieving clinically significant weight loss (≥5% from
baseline) [59] between the “present” versus “absent” levels of
each factor, we will fit a log-Poisson GEE (generalized
estimating equations) model [128] with robust SEs [129,130]
and an unstructured working correlation matrix to take into

account repeated measures across time. From these models, we
will report risk ratios comparing levels of intervention
components and their interactions. As recommended by the
CONSORT (Consolidated Standards Of Reporting Trials)
statement for randomized trials [131], we will report both
absolute and relative effects of these models.

Moderators
We will use signal detection analysis [132] to assess whether
there are any moderators or predictors of ≥5% weight loss at 6
months and whether this varies by self-monitoring strategy.
Signal detection analysis is a nonparametric recursive
partitioning technique that can identify patient subgroups that
demonstrate a better or worse response to an intervention. In
this analysis, we will examine demographic, psychosocial,
behavioral, and clinical characteristics, all assessed at baseline.
These exploratory analyses help generate hypotheses that can
inform which interventions are most suitable for which
individuals [133]. We will use publicly available ROC5 program
software (Stanford University) to conduct this analysis [134].

Engagement and Its Association with Weight Loss
We will first assess patterns of self-monitoring engagement
over 6 months using descriptive statistics (medians and IQR if
non-normally distributed, as is expected [36]) and via graphical
presentation. Then, we will use Spearman rank correlation
coefficients (if engagement data are non-normally distributed)
and linear regression models to examine the relation between
self-monitoring engagement and weight change at 6 months.
Using descriptive statistics, we will also assess completion of
the other intervention components (action plans completed,
lessons read, and progress reports reviewed) and follow similar
procedures to examine the relation between engagement in each
of these components and weight change at 6 months.

Characterizing the Sample
Descriptive statistics will be used to describe baseline
characteristics. To determine whether any baseline variables
differ by retention status (completers vs noncompleters), we
will use Pearson chi-square tests for categorical variables,
ANOVA for continuous variables, and Fisher exact tests for
small cell counts.

Analytic Plan for the Embedded Experiment
We will assess differences in 6-month trial retention between
participants who were randomized to receive versus not receive
the self-directed orientation. We will fit a log-Poisson GEE
model with robust SEs [129,130] and an unstructured working
correlation matrix to take into account repeated measures across
time. As is common in embedded experiments, sample size is
constrained by the number of participants in the parent trial (the
Spark weight loss trial) [66]. A power calculation was run to
determine the effect size that could be detected assuming a
sample size of 176, 80% power, an α of 5% in a 2-sided test,
and retention of 65% in the arm not receiving the orientation
(assuming 35% dropout). We would have 80% power to detect
a retention rate of 83% in the arm receiving the orientation.
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Data Monitoring
The PI was responsible for regular monitoring of the data, in
accordance with the Data Safety and Monitoring Plan. Issues
of safety were reviewed with the independent safety monitor,
who was not involved in the study’s design or conduct. If they
occurred, major protocol deviations were reviewed by all
investigators. The PI and study statistician will have access to
the final dataset.

Decision Criteria for Selecting Components for an
Optimized Intervention
Using the MOST framework for intervention optimization, this
study seeks to balance intervention effectiveness (ie, weight
loss) against efficiency (ie, minimizing participant burden).
Thus, our “Optimization Objective” is to create an intervention
made up of all active components without any inactive
components. To decide which self-monitoring strategies should
comprise our newly optimized intervention, we will use the
component screening approach described by Collins [54], which
iteratively sorts through the results of the factorial trial. A
minimum mean weight loss threshold of 2.1 (SD 4.5) kg at 6
months will be used to decide whether to consider including
any self-monitoring components alone or in combination. This
magnitude equates to an α of .10. We selected a higher alpha
level during this decision-making phase when constructing the
newly optimized intervention because we want to lower the
chance of mistakenly discarding an intervention component that
is actually beneficial (ie, reduce the type 2 error rate). This
rationale reflects the “decision-priority perspective” of MOST.
In contrast, the “conclusion-priority perspective” is focused on
drawing scientific conclusions from a trial using well-established
conventions of α level ≤.05 [54,55].

Using the component screening approach, first, the main effects
of each self-monitoring component on 6-month weight change
will be determined. The self-monitoring strategies that meet or
exceed this threshold will be tentatively included in the
“screened-in” set while those not meeting this threshold will be
included in the “screened-out” set. Then, lower-level interactions
will be examined, first among any components in the screened-in
set, followed by those in the screened-out set. Next, we will
examine the interaction among all 3 self-monitoring
components. For interactions meeting or exceeding the 2.1 kg
threshold of weight loss, their components will be considered
for inclusion in the screened-in set (even if the components, by
themselves, did not demonstrate main effects). To aid in
interpretation of interactions, we will plot the predicted marginal
means. This visualization will provide information on whether
synergistic or antagonistic interactions exist. Results of this trial
will inform development of a newly optimized intervention that
can be tested in a subsequent evaluation-RCT. If no
self-monitoring strategies, alone or in combination, exceed our
2.1 kg weight loss threshold, then we will return to the
preparation phase of the MOST framework to refine the
conceptual model, brainstorm and pilot test new candidate
components, adapt existing components, or strengthen the core
digital health intervention.

Ethical Considerations
All study procedures and human subjects research ethics were
approved by the Stanford University Institutional Review Board
(protocol number 64716; approval date: March 28, 2022). The
participants provided written informed consent via electronic
signature before enrollment. They were informed that
participation is voluntary, and they could withdraw or opt out
at any time. The consent form is available on the trial registry
[57]. Participants were compensated a maximum of US $60
(via electronic gift cards) for their completion of assessments,
as follows: US $20 at 3 months, US $30 at 6 months, and an
additional US $10 for completion of all 4 dietary recalls (2 each
at baseline and 6 months). Those who participated in the
qualitative interviews received an additional US $25.
Deidentified data will be used in study analyses and in
disseminated materials.

Results

The study received funding in April 2022 (see Multimedia
Appendix 2). The first participant was enrolled (ie, consented)
in the Spark trial on September 22, 2023. Randomization to the
factorial trial occurred between October 6, 2023 and November
26, 2024. We recruited 176 participants. Data collection was
completed June 23, 2025. Upon analysis of trial data, results
will be disseminated to study participants via an optional
webinar. They will also be shared through presentations at
national conferences, via publication in peer-reviewed journals,
and posted on ClinicalTrials.gov. Data analysis is ongoing and
results are expected to be published in early 2026.

Discussion

Scientific Contribution
The Spark trial will provide the first set of evidence on
optimizing self-monitoring in a weight loss intervention for
adults with overweight or obesity. It is common for behavioral
obesity treatment to include self-monitoring of diet, physical
activity, and body weight, yet it is not actually known whether
all 3 of these components are necessary for weight loss or
whether any are ineffective, or even detrimental. Removing any
inactive components would help to minimize patient burden
and effort. Using an intervention optimization framework
(MOST) enables our team to build an effective and efficient
fully digital weight loss intervention, which is much needed
given the high prevalence of obesity, its detrimental health
consequences, and the limited scalability of existing weight loss
interventions. Further, to our knowledge, our trial will be the
first to empirically test the impact of a self-directed web-based
orientation session on trial retention. If deemed effective, this
orientation session may be an affordable, brief, and scalable
strategy that could be easily adapted and embedded in behavioral
intervention research to enhance the validity of trial outcomes.

Limitations
Several limitations exist. First, while our trial’s primary outcome
is weight loss, it is possible that a component may have limited
impact on weight but still improve diet quality, physical activity,
or health-related quality of life. The MOST framework provides

JMIR Res Protoc 2025 | vol. 14 | e75629 | p. 13https://www.researchprotocols.org/2025/1/e75629
(page number not for citation purposes)

Patel et alJMIR RESEARCH PROTOCOLS

XSL•FO
RenderX



flexibility in interpreting the data in different ways depending
on the Optimization Objective of interest. Thus, the intervention
could be optimized for a different outcome, which would involve
simply reinterpreting the trial’s existing data in light of that
outcome. Second, due to funding constraints, we are unable to
collect data beyond the 6-month time point, thus precluding the
examination of long-term weight loss maintenance, which could
be a focus of future research. Third, it is unknown whether
results would generalize to digital weight loss interventions that
include direct human counseling. However, by design, our trial
focused on fully digital interventions (without such counseling)
since they offer an opportunity to reach broad populations,
including those with limited access to high-quality obesity
treatment, and to deliver a weight loss program in a more
scalable manner. Fourth, due to the behavioral focus on the
intervention, participants are not masked to factorial condition,
which could introduce bias. We aimed to establish clinical
equipoise during our discussion of the various self-monitoring
components at the baseline visit. Fifth, due to technical
limitations, the Fitbit app is not able to reflect participants’
adaptive step goal each week. Therefore, the step goal feedback
provided by the app likely differed than the feedback provided
via our weekly progress reports. Sixth, our embedded
experiment that is testing the effect of a self-directed orientation
session may be underpowered to detect small differences in
retention due to sample size constraints of the Spark trial. This
is an inherent limitation of embedded experiments [67], yet
given their simpler and less resource-intensive nature, they are
designed to be replicated across multiple clinical trials to build

up the evidence base on potential retention-promoting strategies.
These data can then be evaluated together in meta-analyses.

Implications for Research and Clinical Care
From a research standpoint, we hope that our findings will shed
light on which self-monitoring strategies should be included in
behavioral obesity treatments. Considering MOST’s continual
optimization principle, interventions should be continuously
improved upon in an iterative fashion to enhance outcomes.
Future research could seek to optimize other components of
fully digital interventions, such as type of feedback, skills
training materials, and gamification approaches, and could test
artificial intelligence–driven strategies for tailoring intervention
content based on participant preferences, needs, and treatment
response. From a clinical standpoint, we hope this work will
inform clinicians who provide obesity counseling as to which
self-monitoring strategies they should be recommending to their
patients who are seeking to lose weight in a standalone manner.

Conclusions
The Spark trial leverages an intervention optimization
framework to understand whether self-monitoring diet, steps,
or body weight maximizes weight loss, alone or in combination,
which addresses a critical research gap. Ultimately, building a
fully digital intervention comprised of only clinically meaningful
self-monitoring strategies has potential for broad public health
impact in providing scalable, potent, low burden, and
far-reaching weight loss interventions. If the optimized
intervention is effective, it could serve as a first-line weight loss
treatment for adults with overweight or obesity.
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