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Abstract
Background: Nearly 83 million Americans experience mental illness, but fewer than 50% accessed past-year mental health
services. Disseminable, potent mental health interventions are critically needed. Standalone digital interventions offer promise
for improving clinical outcomes, but the efficacy of these interventions to date is modest, likely due in part to insufficient
personalization to patient heterogeneity, varying context, and the stochastic nature of mental health symptoms.
Objective: This study seeks to improve the efficacy of precision digital health interventions by developing real-world,
person-specific models for psychopathology using ecological data and dynamical systems modeling. Dynamical systems
modeling of ecological momentary assessment (EMA) and smartphone sensor data will provide insight into each individual’s
maintenance system for psychopathology in their daily life. Just-in-time adaptive interventions (JITAIs) provide support in
the moment at specific decision points, often via smartphone, when the risk for maladaptive behaviors is determined to
be elevated. This study will use microrandomized assignment to deliver JITAIs at times of risk for maladaptive behavior
based on the individual’s dynamical system to evaluate the granular effects and mechanisms of specific therapeutic skills.
Proof-of-concept of these methods for improving potency of precision psychiatry digital interventions will be evaluated in
eating disorders (EDs), as EDs are characterized by easily measurable maladaptive behaviors, maintained by a complex
intersection of biopsychosocial factors, and their frontline treatment, enhanced cognitive behavioral therapy (CBT-E), is
primarily behavioral. The aims are to (1) test the hypothesis that person-centered dynamical models will describe risk for
dietary restriction, binge eating, and compensatory behaviors with ≥60% average area under the curve; (2) test hypothesized
effects and mechanisms of CBT-E skills using JITAIs; and (3) characterize feasibility and acceptability of the standalone JITAI
system.
Methods: The study will enroll 170 adults with EDs. EMA and smartphone sensor data measuring CBT-E risk factors will
be collected for 16 weeks. Participants will receive JITAIs delivered based on their idiographic risk models for 10 weeks.
ED symptoms, feasibility, and acceptability data will be collected at the end of the study. The study was registered on
ClinicalTrials.gov on May 19, 2026. The first participant was enrolled on July 8, 2026.
Results: This project is funded from August 2025 to July 2030. Recruitment will occur from June 29, 2026, to July 2029.
Data collection started in July 2026 and will end in November 2029. A total of 4 participants have been enrolled (as of August
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14, 2026). Results will demonstrate the efficacy of idiographic dynamical systems modeling for accurately describing real-time
behavioral risk and provide insight into the relative effects and mechanisms of key CBT-E skills under conditions of daily life.
Conclusions: The study will set the stage for a future randomized controlled trial to evaluate the optimized, standalone JITAI,
which will have the potential to substantially improve access to evidence-based mental health care.
Trial Registration: ClinicalTrials.gov NCT07600671; https://clinicaltrials.gov/study/NCT07600671
International Registered Report Identifier (IRRID): DERR1-10.2196/104849

JMIR Res Protoc 2026;15:e104849; doi: 10.2196/104849
Keywords: digital intervention; ecological momentary assessment; sensor; eating disorder; anorexia nervosa; bulimia nervosa;
binge eating disorder; mHealth; precision psychiatry; personalization; mobile phone; mobile health

Introduction
Background
The United States is experiencing a mental health cri-
sis. Approximately 33% of US adults (nearly 83 million
individuals) live with a mental health disorder [1], which is
linked to increased rates of all-cause mortality [2], suicide [2],
substance use [1], physical health problems [3], and impaired
quality of life [4]. Fewer than 50% of Americans with mental
health disorders accessed any past-year treatment for these
disorders [1]. Limited use of mental health services may be
due in part to insufficient health care resources (ie, services,
providers, and settings) to meet mental health care needs [5]
and barriers to accessing treatment in traditional health care
settings (eg, lack of health insurance and stigma) [1]. There is
an urgent need for low-burden, highly accessible, and potent
mental health interventions.

Precision psychiatry digital interventions offer significant
promise for improving mental health outcomes but require
optimization to realize their promise. Precision psychia-
try, which uses data to personalize treatments based on
patient heterogeneity, offers substantial promise for improv-
ing mental health outcomes and reducing the associated
public health burden when delivered at scale [6]. Precision
psychiatry efforts using data to inform decision-making about
treatment modality, approach, and intensity have yielded
significant improvements in clinical outcomes for a range
of mental health disorders compared with treatment-as-usual
[7]. However, effect sizes associated with treatment personal-
ization remain small [7], likely due in part to (1) insufficient
personalization to the range of factors that impact clinical
presentation and treatment response, (2) personalization using
group-level decision rules that fail to account for idiographic
(ie, person-specific) differences in disorder maintenance, (3)
reliance on static interventions that do not address within-per-
son variability in clinical needs over time, and (4) insufficient
precision of delivered intervention content due to limited
understanding of the effects of individual treatment compo-
nents on outcomes and maintaining factors (and how these
effects vary across individuals). To move precision treatments
forward and achieve their full promise, the psychiatry field
must address these limitations, which this study proposes to
do.

First, the potency of precision interventions may be
increased by comprehensive systems modeling of clini-
cal maintenance factors. Comprehensive assessment of
the factors that maintain psychopathology is essential to
personalize psychiatric interventions to the individuals who
receive them. Maintenance of psychopathology over time
can be described by a system of interrelated factors that
impact each other and are governed by system processes
including inputs and outputs of maintenance variables,
feedback loops, inertia, and resiliency [8,9]. For example,
many individuals experience variable levels of body image
concerns (in frequency and intensity) in day-to-day life.
An individual predisposed to an eating disorder (ED) may
experience momentarily increased body image concerns (eg,
due to comparing their body unfavorably to another’s at the
beach), which leads them to engage in dietary restriction
(eg, calorie counting). This restriction leads to weight loss
in the following days, which provides a sense of accom-
plishment and reduces their body-related distress, thereby
reinforcing the dietary restriction. In turn, this feedback loop
increases the frequency and intensity of dietary restriction,
yielding more weight loss, which continues to reinforce
the cycle. To date, most precision psychiatry efforts have
personalized interventions based on only 1 between-subjects
variable (eg, symptom severity and presence or absence of
comorbidity), failing to address the potential interactions
between variables [7]. The Marburg Declaration, a collec-
tion of recommendations by experts in clinical psychology
for improving mental health interventions, identified systems
modeling of multiple related mechanisms as a primary
target for improving psychological treatment efficacy [10].
Precision psychiatry efforts that personalize interventions
to the complex system of contributing factors and their
interactions could improve intervention potency by target-
ing intervariable system dynamics. Despite this promise, no
previous studies have harnessed the power of comprehen-
sive, dynamical systems modeling to understand real-time,
real-world maintenance of mental illness.

Furthermore, person-specific modeling of maintenance
systems is likely to improve treatment efficacy compared
with between-subjects modeling. Comprehensive assessment
and systemic group-level modeling of maintenance fac-
tors for psychopathology alone are insufficient to opti-
mize precision psychiatry efforts. Rather, the field must
also account for individual differences in maintenance
systems for psychopathology and personalize interventions
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based on idiographic (person-specific) maintenance systems.
Research using idiographic models to understand mental
health-related experiences such as stress [11], emotions [12,
13], depression [14,15], social anxiety [16], and substance
use craving [17-19] has identified substantial between-per-
son variability in the direction and magnitude of relation-
ships between established group-level maintenance factors
and outcomes, suggesting that group-level models fail to
accurately characterize these associations for many individ-
uals. Precision interventions that target idiographic mainte-
nance of psychopathology have high potential to improve
clinical outcomes, cost-effectiveness, and efficiency [20-23].
However, interventions informed by idiographic maintenance
models have not been widely developed, likely due to the
need for repeated assessment over time to reliably esti-
mate idiographic models [24]. Ambulatory data collection
(eg, ecological momentary assessment [EMA] and passive
sensing) in which variables are assessed as often as mul-
tiple times per day for weeks or months could provide
the intensive time series data on maintenance factors and
symptoms needed for idiographic modeling [24]. Accounting
for individual differences in relevant symptoms, maintenance
factors, and their associations by using idiographic model-
ing to tailor precision psychiatry interventions is likely to
improve the efficacy of these interventions by targeting the
specific mechanisms most relevant to the patient.

Adaptive interventions, tailored to an individual’s
momentary contextual circumstances, may increase effi-
cacy and maintain participant engagement with precision
psychiatry tools. Although personalization of psychiatric
interventions based on comprehensive, idiographic, dynam-
ical systems models of symptom maintenance is likely to
improve upon extant personalization efforts, mental illnesses
are often influenced by factors that vary day to day and can
change drastically over time. For instance, dietary restriction
(eg, skipping meals) increases risk for binge eating later
that day via increases in hunger signaling. The impact of
dietary restriction on risk for binge eating is likely magni-
fied when a patient is weight suppressed (ie, weighing less
than their lifetime highest adult weight) due to the neuro-
biological signals that attempt to restore weight homeosta-
sis. Therefore, while only prolonged dietary restriction (eg,
>8 h without eating) may increase risk for binge eating
when a patient is at their highest weight, if a patient with
an ED loses weight over time due to chronic undereating,
shorter periods of dietary restriction (eg, >4 h without eating)
may increase binge eating risk and warrant in-the-moment
intervention. An adaptive intervention system should thus be
able to (1) assess and intervene on in-the-moment mainte-
nance factors (eg, dietary restriction) and (2) change the
criteria for intervening on these factors as other maintaining
factors (eg, weight) change over time. Precision interventions
that integrate comprehensive, real-time, repeated assessment
of maintaining factors for psychopathology are likely to
demonstrate magnified effects due to granular tailoring of
interventions to a patient’s specific momentary circumstances
and to longitudinal changes in the system of factors maintain-
ing psychopathology.

Just-in-time adaptive interventions (JITAIs), which are
interventions adapted based on data and delivered at critical
times of risk for maladaptive behaviors or symptoms,
constitute an important first step toward tailoring treatments
to momentary circumstances [25]. These interventions, which
have been applied to depression [26,27], anxiety [27], EDs
[28,29], and substance use disorders [30], recognize that
individuals’ level of symptoms and risk change over time
(often on the scale of minutes to hours) and typically capture
this variability using repeated, ecological data collection
methods such as EMA and sensors. However, extant JITAI
systems largely use group-level decision rules to deliver
interventions, likely yielding interventions that sometimes
feel irrelevant or inappropriate to individual patients. Existing
JITAI systems also use often fixed decision rules (ie, rules or
algorithms that are determined at the onset of treatment and
then applied to momentary data) which do not account for
longitudinal shifts in the system that may occur, potentially
undermining intervention efficacy and patient engagement.
Systems modeling combines the strengths of data-driven
analyses like machine learning in terms of accuracy, while
yielding more interpretable models that account for processes
maintaining (or conversely, disrupting) system homeostasis,
such as feedback loops. Developing JITAI systems that are
based on idiographic maintenance models and adapted to
day-to-day variability in maintenance factors and longitudi-
nal changes in the system dynamics could promote user
engagement by increasing perceived utility of the interven-
tions while minimizing patient burden.

Finally, precision psychiatry efforts would be improved
by granular understanding of the effects and mechanisms
of individual treatment components that comprise evi-
dence-based treatment packages. In addition to developing
idiographic precision interventions that adapt to varying
patient needs, identifying which interventions to deliver
when will further optimize precision psychiatry interven-
tions. Psychotherapeutic interventions have historically been
evaluated as packaged treatments delivered over weeks to
months and their effects have been measured infrequently
(eg, mid-treatment, post treatment, and follow up). Recently,
researchers have begun to conduct dismantling trials to
evaluate the individual and synergistic effects of specific
treatment components, for instance via full factorial study
designs [31]. However, these studies still evaluate treat-
ment effects aggregated over weeks or months (from pre-
to posttreatment), despite effects likely occurring on much
shorter timescales during treatment (ie, after using a therapy
skill, patients likely experience near-immediate changes to the
variables relevant to the system maintaining their symptoms).
For instance, when a patient with binge eating uses urge
surfing to tolerate (rather than act on) their urges to binge,
they likely experience an immediate increase in self-effi-
cacy and perceived control over their eating and avoid
the increased weight concerns that typically follow binge
episodes. These impacts may reduce dietary restriction the
next day (due to lack of perceived need to compensate for
binge eating), which in turn decreases the patient’s future
binge eating risk. Avoiding the binge episode constitutes
a direct improvement in ED symptoms, while improved
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self-efficacy and decreased dietary restriction reduce future
risk. Cognitive behavioral therapy (CBT), the leading
evidence-based psychotherapeutic treatment for a breadth of
mental health disorders including depression [32], anxiety
disorders [33], obsessive-compulsive and related disorders
[34], trauma-related disorders [35], substance use [36], and
EDs [37], supports patients in changing their behaviors
and thinking patterns to improve psychological symptoms.
CBT is skills-based and amenable to delivery in-the-moment
when patients may particularly benefit from using certain
behavioral or cognitive skills. In this way, JITAIs could
be conceptualized as quasi-experimental manipulations of
patient behavior to facilitate testing the short-term impacts of
individual treatment skills. These prompts may be delivered
to induce treatment skill use at each decision point (ie, at
each point when the criteria for JITAI delivery are met),
the effects on symptoms and maintenance factors of which
could then be measured in real time using repeated ecologi-
cal data collection. Microrandomizing the delivery of JITAIs
involves randomizing the content of JITAI delivered at the
decision point within participants, such that all participants
have the opportunity to receive all types of JITAIs. Microran-
domization of JITAIs will allow for evaluation and compar-
ison of the immediate effects of these treatment skills on
symptoms of interest to understand the most potent treatment
ingredients under real-world conditions. Despite the promise
of this use of microrandomization of JITAIs for improving
understanding of CBT efficacy, only a few previous studies
have evaluated the immediate effects of individual CBT skills
on maintaining factors for mental illness in patients’ daily
lives, and none of these studies have used microrandomiza-
tion to do so experimentally [38,39]. These studies found
evidence of differential effects of specific CBT skill use
that followed from ecological momentary interventions on
proximal clinical improvements [38,39], indicating that using
JITAIs to quasi-experimentally test the effects and mecha-
nisms of CBT skills may improve intervention precision.

Standalone digital intervention formats permit precision
psychiatry interventions to be delivered at scale. Standalone
smartphone interventions can be implemented broadly as they
are low cost, accessible to anyone with a smartphone (ie,
90% of Americans) [40], and do not require access to mental
health providers. These benefits could overcome primary
reported barriers to accessing mental health care, including
cost, limited mental health resources, geographic proximity,
and social stigma [5]. As these barriers disproportionately
impact low- and mid-income individuals and individuals
living in rural areas [5], increasing access to effective
mental health care is a critical step toward addressing health
disparities. Optimization of standalone digital interventions
via tailoring of intervention targets to idiographic systems
of symptom maintenance, intervention timing to ecologi-
cal circumstances of risk, and intervention content using
empirical evaluation of the effects of individual treatment
skills is likely to enhance the clinical effects of these low-
intensity interventions, which (at scale) could yield large
improvements in mental health outcomes [6]. This study will
lay the groundwork for future evaluation of an optimized,
standalone precision psychiatry smartphone intervention.

EDs are an ideal population in which to test proof-of-
concept of using ecological data collection, idiographic
dynamical systems modeling, and micro-randomized JITAIs
to efficiently produce an optimized, precision psychiatry
digital intervention. EDs, including anorexia nervosa, bulimia
nervosa, and binge-eating disorder, are complex psychiatric
illnesses characterized by disturbances in eating behaviors
(eg, restriction of dietary intake and binge eating), malad-
aptive weight control behaviors (eg, self-induced vomiting
and laxative misuse), body image disturbances, and cogni-
tive symptoms (eg, preoccupation with eating and fears
of weight gain from specific foods) [41]. EDs are associ-
ated with substantial physical and psychological morbidity,
including premature death [42,43], cardiovascular problems
[44,45], type 2 diabetes [46], and comorbid psychiatric
disorders [46,47]. Previous literature substantiates that EDs
are influenced and maintained by numerous biological (eg,
appetite regulation processes), psychological (eg, body image
concerns and emotion regulation), and social factors (eg,
interpersonal conflict) [48-50]. Further complicating the
clinical picture, many of these factors demonstrate nota-
ble momentary variability (ie, they fluctuate regularly), are
interrelated (such that fluctuations in one impact others),
and change over time as the ED progresses and becomes
entrenched [51]. The frontline treatment for EDs in adults,
enhanced cognitive behavioral therapy (CBT-E), uses a
transdiagnostic model [52]. The CBT-E model conceptu-
alizes ED maintenance via 2 cycles; in the first, body
image concerns (influenced by low self-esteem and clinical
perfectionism) produce attempted or actual dietary restric-
tion and other inappropriate weight control behaviors, which
increase vulnerability to binge eating to maintain nutritional
and weight homeostasis; in the second, aversive momentary
mood (which may result from interpersonal problems or
other life stressors) increases risk for binge eating, which
temporarily improves mood but subsequently increases risk
for attempted or actual dietary restriction and compensa-
tory behaviors to reduce the impact of binge eating on
shape or weight (and associated guilt). CBT-E, like other
CBT treatments, is skills-based and targets patients’ eating
behaviors, thinking patterns, and responses to mood states to
reduce ED symptoms [52]. EDs are well-suited for evaluating
the benefits of idiographic modeling, ecological tailoring, and
experimental testing of individual intervention components
to advance precision psychiatry given the clearly measura-
ble nature of primary ED behaviors (ie, dietary restriction,
binge eating, and compensatory behaviors), complexity of
biopsychosocial factors contributing to their maintenance, and
skills-based nature of the frontline treatment. An estimated
80% of individuals with EDs have not received treatment
[53] due to financial barriers, lack of access to specialized
clinicians, geographic barriers, and stigma [54], indicating
that this population is also likely to be interested in and
benefit from a standalone digital intervention.
This Study
The study will enroll 170 adults with EDs who will com-
plete EMA and smartphone sensor data collection and receive
JITAIs to use treatment skills at times of elevated risk for
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ED behaviors. The specific aims are as follows: the first
aim is to develop dynamical models describing risk for
dietary restriction, binge eating, and compensatory behaviors
using ecological data and dynamical systems modeling. We
hypothesize that these models will demonstrate adequate (ie,
≥ 60%) average area under the curve. The second aim is
to use microrandomized JITAIs to understand the relative
effects and mechanisms of CBT-E skills on ED behaviors and
primary ED maintenance factors (ie, body image concerns,
cognitive dietary restraint, and momentary mood) under

varying real-life circumstances. We hypothesize that reducing
dietary restraint skills will demonstrate the largest effect on
dietary restriction and urge management skills will demon-
strate the largest effect on binge eating and compensatory
behaviors. Figure 1 depicts hypothesized mediation pathways
by which CBT-E skills are expected to impact ED behaviors.
Finally, the third aim is to characterize preliminary feasibility
and acceptability of the delivered JITAIs. We hypothesize
that the JITAIs will meet a priori feasibility and acceptability
standards.

Figure 1. Hypothesized mediation pathways explaining the effects of primary enhanced cognitive-behavioral therapy skills on eating disorder
behaviors.

Methods
Participants
Participants will be 170 adults with clinically significant
EDs. Inclusion criteria are (1) age 18‐70 years, (2) recur-
rent engagement (≥12 instances) in at least 1 type of ED
behavior (ie, binge eating, dietary restriction, or compensa-
tory behaviors) in the past 3 months, (3) ownership of a
smartphone, and (4) willingness to complete EMA and sensor
data collection. Exclusion criteria are (1) inability to fluently
speak, read, and write in English, (2) BMI <17.5 kg/m2, (3)
medical complications of ED symptoms requiring immediate

treatment, (4) current ED-focused psychotherapy, and (5)
intellectual disability or severe psychopathology inhibiting
engagement in study protocols. Informed consent will be
obtained from all participants. As EDs are approximately
twice as common among females as males [55], we antic-
ipate recruiting females and males in a 2:1 ratio. It has
been well-established that EDs impact individuals across all
racial and ethnic groups [56]. However, existing research
in EDs has included predominantly non-Hispanic White
individuals, limiting generalizability of findings and unduly
excluding individuals of racial and ethnic minority identity
from receiving potential research benefits. To counteract this
historical legacy, we will implement targeted recruitment
to intentionally include a significant number of individuals
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belonging to racial and ethnic minority groups. The study will
aim to recruit a sample comprised of 85 (50%) non-Hispanic
White participants and 85 (50%) participants belonging to
racial and/or ethnic minority groups.

Recruitment
Participants will be recruited nationally across the United
States using social media advertising, other online adver-
tising, and ResearchMatch (Vanderbilt University Medical
Center). Participants will complete a phone screen followed
by a virtual baseline assessment (conducted via HIPAA
[Health Insurance Portability and Accountability Act]-com-
pliant Microsoft Teams call) to confirm eligibility and
be oriented to data collection procedures. The study was
registered on ClinicalTrials.gov (NCT07600671) as of May
19, 2026, and is currently recruiting. The first participant was
enrolled on July 8, 2026.

Data Collection Procedures
Following determination of eligibility, participants will then
complete a 16-week data collection procedure. Participants
will complete EMA and collect smartphone sensor data
throughout the 16-week data collection period; the first
4 weeks of data collected will be used to develop idio-
graphic dynamical systems models to describe the partici-
pants’ risk for ED behaviors of relevance. The performance
of these models will be evaluated using weeks 5 and 6 of
the participants’ ecological data. Participants will receive
JITAIs, delivered based on their own idiographic dynamical
systems models, for the remaining 10 weeks. Participants
will complete an end-of-study visit to evaluate feasibility and
acceptability of the JITAIs and collect preliminary efficacy
data on the intervention package.

Measures

Eating Disorder Examination
The Eating Disorder Examination (EDE), a valid and reliable
interview for the assessment of ED symptoms [57], will
be conducted at the baseline assessment to confirm eligi-
bility and measure baseline ED pathology. ED behaviors
that will count toward eligibility include objective and
subjective binge eating episodes, compensatory behaviors
(ie, self-induced vomiting, laxative misuse, diuretic misuse,
excessive exercise, chewing and spitting, and other extreme
weight control behaviors), and instances of dietary restric-
tion (ie, skipped meals, avoidance of specific foods, limiting
overall amount eaten at meals or snacks, and 8-hour fasting);
participants will have to report at least 12 instances of ED
behaviors falling into a singular category for eligibility to
ensure adequate power for the development of idiographic
models. The EDE assesses the presence of cognitive (ie,
intended, successful, or not) dietary restraint, so questions
will be added to assess the frequency of actual dietary
restriction behaviors over the past 12 weeks. The EDE
will also be administered at the end-of-study assessment to
measure eating pathology following receipt of the interven-
tion. At baseline and end-of-study, the EDE will be adminis-
tered by trained research assistants who will have received

didactic training, completed mock assessments, shadowed the
principal investigator completing the EDE with a participant,
and completed several EDEs while shadowed by trained
assessors (eg, the principal investigator). To ensure adequate
training and interrater reliability, new assessors will be
shadowed on the EDE until they consistently rate participant
responses in agreement with previously trained assessors. A
subset (n=34, 10%) of participant EDEs will be randomly
selected and recoded to establish interrater reliability during
the study.

EMA
Participants will complete signal-contingent EMA surveys
during waking hours to assess eating episodes, ED behav-
iors, cognitive dietary restraint, body image concerns,
momentary mood, perfectionism, interpersonal problems,
and self-esteem. These maintenance factors were selected
based on their implication in the CBT-E theory of EDs
[52] and their substantiated relevance to ED symptoms
in previous EMA and other prospective studies [58-66].
EMA surveys will be delivered at 6 semirandom times per
day via the Eating Disorder Dynamic Intervention (EDDI)
app (the smartphone app developed for this study). EMA
questions will be drawn from established measures (Short
Form Eating Disorder Examination-Questionnaire [67], Short
Form Positive and Negative Affect Schedule [68], Frost
Multidimensional Perfectionism Scale [69], Social Adjust-
ment Scale–Self-Report [70], and Single-Item Self-Esteem
Scale [71]) or items previously used in EMA research
in EDs and modified to assess these factors in the time
since the last EMA survey [72]. Behaviors (eating episodes
and ED behaviors) will be reported since the last survey
on each EMA. ED maintenance factors (cognitive dietary
restraint, body image concerns, momentary mood, perfection-
ism, and self-esteem) will be reported on 5-point Likert-type
scales; interpersonal problems are reported on the specific
5-point scales retained from the Social Adjustment Scale–
Self-Report. After each delivered JITAI, the following EMA
survey will begin with the question, “Since you received the
suggested personalized treatment skill, have you used it?” to
confirm experimental manipulation of participant behavior by
JITAIs (ie, induction of CBT-E skill use).

Smartphone Sensor Data Collection
To augment EMA assessment of critical maintenance factors
for ED symptoms without adding substantial participant
burden, sensor data will be passively collected by partic-
ipants’ smartphones to measure factors associated with
momentary mood (ie, accelerometry, keyboard dynamics,
and location) and physical activity (accelerometry) [73-75].
Data will be collected using native smartphone sensors and
accessed by the smartphone app developed for the study.
Factors to be measured by smartphone sensors were selected
based on relevance to the CBT-E model [52] and in previ-
ous prospective literature [58-66] and established capacity for
measurement by smartphone sensors in other populations [73-
75].
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Feasibility and Acceptability
Feasibility of the JITAIs will be characterized by % of
eligible participants who enroll in the study, % attrition,
and % of JITAIs that yield CBT-E skills use. Acceptability
questions will be derived from the technology acceptance
model [76,77] and a modified version of the Perceptions
of Computerized Therapy Questionnaire [78]. Acceptability
ratings will be made on 7-point Likert scales (1=strongly
disagree to 7=strongly agree).
Intervention
Participants will view video modules (total 4) explaining
each CBT-E skill after completing their first 4 weeks of
data collection. These modules will be developed based on
CBT-E guided self-help and will include rationale, didactic
instruction, and interactive activities (completed and saved in
the EDDI app) to prompt participants to apply the CBT-E
skill content to their own symptoms and lives. Participants
will have constant access to psychoeducation about CBT-E
skills within the EDDI app and this psychoeducation will
be hyperlinked directly in all JITAIs. Starting in week 7 of
data collection, JITAIs designed to prompt in-the-moment use
of CBT-E skills (reducing dietary restraint, urge manage-
ment, emotion regulation, and improving body image; refer
to Table 1 in Multimedia Appendix 1) will be delivered
via smartphone push notification when participants are at
elevated (≥50%) risk for dietary restriction, binge eating,
and/or compensatory behaviors based on their own personal-
ized risk models. Although the threshold of 50% risk is higher
than has been used in previous JITAI studies, it was selected
to maximize the magnitude of observed clinical effects of
therapeutic skills and minimize fatigue effects associated with
JITAIs delivered too often [25]. At each identified instance
of risk, individual participants will be microrandomized to
receive 1 of the 4 types of JITAIs (Table 1 in Multime-
dia Appendix 1) or no JITAI (as a control condition) with
equal randomization probability for each condition. This
is to ensure that all participants have the opportunity to
receive JITAIs targeting all CBT-E skills during the study. To
avoid experimental contamination, participants will receive a
maximum of 1 JITAI per day.
Data Analysis

Aim 1
System identification methods [79] will be used to estimate
idiographic dynamical systems models from the first month
of EMA and smartphone sensor data collected from each
participant separately. Distinct models will be developed
to describe risk for dietary restriction, binge eating, and
compensatory behaviors for each participant as relevant,
as individual participants may exhibit differing combina-
tions of these behaviors, and extant evidence suggests that
maintenance factors and their interactions differ between
ED behavioral outcomes [65]. Antecedents and behavio-
ral functions are similar across types of dietary restric-
tion (eg, skipped meals, restriction of amount consumed,
and avoidance of specific foods for shape or weight rea-
sons) [52], for objective- and subjectively-large binge eating

episodes [52,80], and across types of compensatory behaviors
(eg, self-induced vomiting, laxative misuse, and excessive
exercise) [52,81], and individuals with EDs often engage
in multiple types of dietary restriction [82,83], binge eating
episodes [84], and compensatory behaviors [85]. Accord-
ingly, these specific subtypes of ED behaviors will be
aggregated into within-person categories of dietary restric-
tion, binge eating, and compensatory behaviors to maximize
data for model development.

System identification involves identification of candidate
equations that could be used to model the dynamics in the
outcome of interest based on inputs of interest, fitting the
models, and validating the models against an a priori criterion
of fit [79]. Candidate equations for modeling risk for dietary
restriction, binge eating, and compensatory behaviors will be
derived from CBT-E theory. Then, a nonlinear autoregressive
exogenous model (NARX) will be used in combination with
candidate equation structures to estimate system parameters,
consistent with the “gray box” modeling approach within
systems engineering [86]. NARX was selected given its
flexibility for system identification incorporating both known
model structures and unknown model terms and allowance
of both linear and nonlinear terms [86]. Input variables
will include eating episodes, cognitive dietary restraint, body
image concerns, momentary mood, perfectionism, interperso-
nal problems, self-esteem, and average adherence to EMA
and smartphone sensor data collection. A continuous time
framework will be used for modeling the associations
between these inputs and ED behaviors. Input variables will
be selected for each participant’s model using elastic net
regression with rolling origin cross-validation for stability
selection given limited time points per person and autocorre-
lation of the data. A sensitivity analysis will compare the
results of elastic net for variable selection across the first
20 participants to an approach in which input variables are
sequentially added to the model in order of theoretical and
empirical importance in previous literature, and inputs will be
retained if they significantly improve model fit (ie, mini-
mize Akaike Information Criterion) while reducing model
complexity, evaluated using a Pareto analysis [87]. If the
sensitivity analysis exhibits significant divergence between
elastic net and sequential variable selection, model perform-
ance will be compared, and the modeling approach will be
adjusted subsequently.

Model development and initial testing (ie, to determine
model structure, estimate model parameters, and decide
which input variables to retain) will be conducted using
data collected during the first 4 weeks of the data analy-
sis period; model parameters will be tuned using rolling-ori-
gin cross-validation, with an estimated 118 observations per
participant in the training dataset, given 6 EMA surveys/day
× 7 days/week × 4 weeks × 0.7 compliance . We conserva-
tively anticipate approximately 10% of the EMA surveys (ie,
approximately 3 surveys/week, given 6 surveys/day × 7 days/
week × 0.7 compliance) will include reported engagement in
each of the ED behaviors relevant to the individual, based
on reported behavioral frequencies during other EMA studies
of individuals with EDs conducted by the study team in
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which average binge eating frequencies ranged from 4.1 to
6.5 per week, average compensatory behavior frequencies
ranged from 2.2 to 10.2 per week, and average dietary
restriction frequencies ranged from 1.2 to 7.3 per week. The
developed models will be validated against the benchmark
of 60% area under the receiver operating characteristic curve
(AUROC) for their accuracy in describing the ED behavior
using the data collected during the first 2 weeks of month
2 (estimated to be approximately 59 data points per partici-
pant given 6 EMA signals/day × 7 days/week × 2 weeks ×
0.7 compliance); this will ensure that AUROC is evaluated
on previously unseen data to avoid inflated fit metrics from
overfitting. Given the comprehensiveness of maintenance
factors assessed and demonstrated accuracy of dynamical
models developed to describe other health phenomena [88,
89], we anticipate our models’ average AUROC will surpass
60%. To characterize model performance for implementation
of JITAIs, the frequency of ED behaviors occurring when the
risk was predicted to be low (ie, <50%) will be calculated
across the 10 weeks of JITAI delivery by participant.

Because aim 1 of the study aims to identify models
that describe the maintenance of ED behaviors (ie, it is a
matter of system identification), the traditional concept of
power to test the probability of certain effects and com-
pare this probability to an established significance level (ie,
hypothesis testing) is not relevant. Instead, this aim can be
thought of as a series of idiographic (n=1) studies from
which we can seek to draw more broadly generalizable
conclusions. Given the idiographic nature of this approach,
increasing power (ie, data) can be accomplished by increas-
ing frequency of sampling and duration of data collection
within each individual participant. A total of 6 EMA signals
per day (which we expect to produce at least 4 completed
EMA surveys per day, based on conservatively estimating
approximately 70% EMA compliance) is expected to produce
sufficient data to generate meaningful dynamical models for
each individual participant based on previous applications of
these modeling procedures by members of the study team.
Aim 2
The effects of CBT-E skills use that results from delivered
JITAIs will be evaluated using multilevel models using
all aggregated participant data to maximize power. Multile-
vel logistic regression models, in which the CBT-E skill
condition (ie, reducing dietary restraint and restriction, urge
management, emotion regulation, improving body image, or
no CBT-E skill) is the independent variable and ED behaviors
(dietary restriction, binge eating, and compensatory behav-
iors) are the outcomes, will be tested. Only instances when
participants reported implementing CBT-E skills in response
to delivered microrandomized JITAIs will be included in aim
2 analyses. ED behavioral outcomes will be measured at
the EMA time point following the delivery of each JITAI
that successfully induces CBT-E treatment skill use. Missing
data will be addressed with single imputation. Observations
will be nested within participants to account for between-per-
son variability in the effects of CBT-E skills, and random
intercepts and slopes will be included in the model unless
doing so inhibits model convergence. Random intercepts

and slopes will be extracted to characterize between-person
variability in effects of CBT-E skills on ED behaviors. P
values<.05 will be considered statistically significant. Odds
ratios will be calculated as a measure of effect size, and
medium effects (odds ratios≥1.5) will be considered clinically
meaningful.

To evaluate mediators of the effects of CBT-E skills on
ED behaviors, multilevel mediation models will be conduc-
ted. In each mediation model, the independent variable will
be the CBT-E skill of interest (or control observations where
no CBT-E skill was prompted), the mediator will be 1 of
the 3 mediators of interest (body image concerns, cognitive
dietary restraint, and momentary mood), and the dependent
variable will be 1 of the 3 ED behaviors (ie, dietary restric-
tion, binge eating, or compensatory behaviors); 36 total
mediation models will be conducted. In each case, CBT-E
skill use will be measured at the EMA survey after JITAI
delivery (as described in the previous sections), the mediator
will be measured at the same EMA time point, and the ED
behavior will be measured at the following EMA time point
(ie, 1 time point after the JITAI induced CBT-E skill use).
Observations will again be nested within participants with
random slopes and intercepts. Random slopes and intercepts
will be extracted from mediation models to characterize
between-person variability in mechanisms of CBT-E skills.
The Holm-Bonferroni method will be used to adjust P values
indicative of statistical significance to control the family-wise
type I error rate given the number of models examined while
minimizing the increase in type II error [90].
Aim 2 Power
To determine the need to test the effects of CBT-E skills
use on ED behaviors with power=0.80, the sample size for
microrandomized trial applet was used [91]. When conduct-
ing the power analysis, we inputted a study duration of 70
days (based on the 10-week period when participants will
receive microrandomized JITAIs) and estimated 4 decision
points per day (conservatively expecting 4 completed EMA
surveys per day, assuming approximately 70% compliance
× 6 survey signals/day). Randomization probability was
constant at 0.20 (indicating the rate of randomization to
any of the 5 JITAI conditions based on equal randomiza-
tion probability). We estimated that availability for micro-
randomization would linearly decrease over the course of
the study, due to improvements in ED behavior risk (as
patients benefit from using CBT-E skills). We estimated
the initial expected availability for microrandomization to
be 0.10 (indicating that participants would be identified to
be at >50% risk for an ED behavior at approximately 10%
of surveys at the start of the study, assuming 3 ED behav-
iors/week (as described in the previous sections) and 28 total
completed surveys/week (6 surveys/day × 7 days/week ×
0.7 compliance) and the average expected availability to be
0.05 (indicating that participants would be identified at >50%
risk for a disordered eating behavior at approximately 5%
of surveys across the entire study period). These estimates
are based on the reported behavioral frequencies during other
EMA studies of individuals with EDs conducted by the study
team. Finally, we estimated that the proximal treatment effect
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would be linearly increasing across the study (due to practice
effects increasing the efficacy of CBT-E skill use), with an
initial effect size of 0.10 and an average effect size of 0.20.
The effect size estimate for the relationship between CBT-E
skills and ED behaviors (0.20) was based on the limited
previous research examining the association between CBT-E
skill use and ED behaviors over a full course of treatment,
which identified effect sizes between 0.19 and 0.34 [92].
This yielded a required sample size of 148 participants to be
powered at 0.80 to detect significant effect (P<.05). Estimated
EMA compliance is based on previous research using EMA
among individuals with EDs, which has identified average
missing data rates of 4.4%‐32.6% [58,59,61,63-66,93-95].

To determine the sample size needed to detect mediation
effects with power=0.80, a power analysis was conducted
using MedPower [96]. A small (ie, 0.20) effect was assumed
between independent (CBT-E skills) and dependent variables
(ED behaviors), and a slightly smaller (ie, 0.15) effect was
assumed both between the independent variable and mediator
and between the mediator and dependent variable. As above,
the effect size estimate for the relationship between CBT-E
skills and ED behaviors (0.20) was based on the limited
previous research examining the association between CBT-E
skill use and ED behaviors over a full course of treatment
[92]. This indicated that 446 observations were needed to
have 0.80 power to detect a mediation effect. Assuming
that participants will receive microrandomized JITAIs at 5%
of completed surveys (6 surveys/day × 0.7 compliance×70
days=294 surveys) across the 10-week period (ie, each
participant will receive approximately 15 microrandomized
JITAIs) and that JITAI content will be evenly distributed
across the 4 CBT-E skills and the control condition, partic-
ipants are estimated to receive an average of 3 instances
of each type of JITAI. Given that power in EMA studies
depends on the total number of observations (rather than the
number of subjects), we then divided 446 by 3 instances
per participant of each type of JITAI to determine the total
required sample size, which yielded 149. To account for
possible attrition, we increased the largest sample size yielded
by the conducted power analyses (n=148‐149) by 15% to
have a final sample size of 170 participants.

Aim 3
Descriptive statistics (percentages or means, SDs, and ranges)
will be computed for all feasibility (ie, eligible participants
enrolled, attrition rate, rate at which participants report
implementing CBT-E skills in response to delivered JITAIs)
and acceptability (ie, technology acceptance model questions,
modified Perceptions of Computerized Therapy Question-
naire) metrics across the full sample of participants. Bench-
marks of ≥85% of eligible participants enrolled, <15%
attrition, and JITAIs inducing CBT-E skill use ≥80% of
the time will be considered to demonstrate feasibility. Mean
ratings ≥5 (on the 7-point Likert rating scales) on accepta-
bility items will be considered to indicate acceptability. As
additional exploratory analyses, the rate at which participants
report implementing CBT-E skills in response to JITAIs will
also be computed by JITAI category and by participant to

inform potential future adaptation of JITAI delivery based on
participant response in addition to JITAI efficacy.
Ethical Considerations
Study procedures will be approved and overseen by the
Dartmouth Institutional Review Board (IRB; initial approval
received October 3, 2025, protocol number 00033481). All
procedures will be conducted according to the Declaration of
Helsinki.

Participants will be compensated up to US $475 for the
study as follows: US $25 for the baseline assessment, US
$20/week for completing data collection, with a weekly US
$5 bonus for each week with EMA adherence above 80%,
and US $50 for the end-of-study visit. This compensation
scheme is designed to facilitate high EMA adherence despite
the extended data collection period.
Safety Monitoring
EDs are inherently associated with substantial potential
morbidity and mortality, due to the impact of ED behav-
iors (dietary restriction, binge eating, and compensatory
behaviors) and associated weight changes on physical health
and to increased rates of suicidal ideation and behavior
in this population. Health risks are particularly elevated
among individuals with underweight (ie, BMI<18.5 kg/m2),
individuals who have experienced recent substantial (>5%)
weight loss (regardless of current weight status), individu-
als engaging in recurrent purging behaviors (ie, vomiting
or laxative misuse), and individuals misusing medications
for weight control. Several inclusion criteria and enrollment
procedures will be implemented to reduce the likelihood of
medical complications and suicidal behavior arising during
the study. First, individuals with BMI<17.5 kg/m2 will be
ineligible for this study, because this level of underweight
requires treatment in an intensive hospital setting [97].
Similarly, participants reporting medical complications of
their ED will also be ineligible for the study, as these
complications warrant more intensive treatment. Participants
who are at elevated risk for medical complications (ie,
participants with BMI<18.5 kg/m2, participants who have
lost >5% of their body weight in the past 6 months, partici-
pants reporting frequency of self-induced vomiting or laxative
use ≥3 times per week, and participants reporting misuse
of medications for weight control) will be required to visit
a primary care provider for assessment of medical stability
and safety to participate in a low intensity study before
participation in the study. Participants who are not deemed
medically stable and safe to participate by their primary
care provider will not be enrolled and will be provided
with local (to the participant) treatment resources. Further-
more, all participants will be required to sign a release of
information to allow the study team to share information
about the patient’s symptoms with their primary care provider
throughout the study as needed. The release of information
will be obtained before the participant’s initiation of the
study daily data collection protocol. Participants endorsing
active, severe suicidal ideation at the baseline assessment
will be ineligible for the study; all participants endorsing
any suicidal ideation at baseline will undergo a thorough
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risk assessment (using the Columbia-Suicide Severity Rating
Scale [C-SSRS]) completed by the assessor and the principal
investigator or another doctoral-level study team member,
which will result in appropriate steps to ensure safety (eg,
completing a safety plan, providing referrals for psychiatric
or psychotherapeutic treatment in their area, instructing the
participant to go to the emergency room for further assess-
ment, and/or calling 9-1-1). All participants endorsing any
suicidal ideation at baseline will be provided with the national
suicide hotline information and information about accessing
emergency services and will be instructed to access these
services if they experience an increase in suicidal ideation
during the study.

To ensure the safety of enrolled participants during their
time in the study, participant EMA data will be monitored
by study staff and the study safety monitor. The study
safety monitor is a licensed clinical psychologist and Program
Director of an inpatient specialty EDs unit who has expertise
in treatment of the spectrum of adult EDs and in conducting
translational research in EDs. The study safety monitor has
independence in her role as safety monitor as she has no other
involvement with the study. Staff will proactively contact
participants who report significant changes in ED symptoms
which may increase risk for medical complications. EMA
data for all participants will be monitored by the research
coordinator on a weekly basis to identify any increase in
ED symptoms. Participants with low weight (ie, BMI<18.5
kg/m2 at baseline) and participants who have lost more than
5% of their body weight in the past 6 months at baseline
will also be required to use a remote weight monitoring scale
weekly to provide remote, blinded weights to the study team.
Participants will be mailed the remote weight monitoring
scale (at no cost to them) if they meet the criteria for weekly
weighing during the study. If any participants exhibit a 50%
or greater increase in weekly ED symptoms sustained over
4 consecutive weeks, exhibit weight loss >0.5 lbs/week for
4 consecutive weeks or >4 lbs over 4 weeks or fall below
the minimum BMI of 17.5 kg/m2, their data will be reviewed
by our independent safety monitor, who will determine if
they should be withdrawn from the study. Participants who
are withdrawn from the study will be provided with local
(to the participant) treatment resources, and their primary
care provider will be notified of their withdrawal to facili-
tate medical monitoring and access to adequate treatment.
These safety procedures will ensure participant safety and
are consistent with previous studies in anorexia nervosa and
bulimia nervosa populations (eg, study by Haynos et al [98])
and with safety guidelines for outpatient treatment [97].

Adverse events that occur during the study will be
reviewed and evaluated by the principal investigator within
72 hours of the study staff becoming aware of the event.
Adverse events will be documented and sent to the study
safety officer for review as part of the quarterly safety
and recruitment reports. All serious adverse events will be
evaluated by the safety officer and principal investigator
within 24 hours, and all study-related serious adverse events
will be reported to the IRB and National Institutes of Health
within 2 weeks. All other adverse events will be reported to

the National Institutes of Health and IRB on an annual basis.
A provisional stopping rule related to excessive study-related
adverse events will be greater than 2 per quarter.

Results
Participant recruitment began on June 29, 2026, and will
continue through July 2029, with an average anticipated rate
of 5 participants per month throughout the recruitment period.
As of August 14, 2026, a total of 4 participants have been
enrolled, and the study is actively recruiting. All data analyses
are expected to be completed by January 2030. Publication of
study results is expected in July of 2030.

Discussion
Principal Findings
The study will yield empirically derived, comprehensive, and
idiographic dynamical models of ED maintenance, extend-
ing previous work examining the individual contributions
of singular variables to ED maintenance. Incorporating the
breadth of maintaining factors is likely to improve model
accuracy and improve the field’s understanding of the
interaction effects between factors that yield ED behaviors in
patients’ daily lives. The study is innovative in its application
of dynamical systems modeling (an engineering approach)
to understand the impact of ecological variables on the
maintenance of eating pathology over time while accounting
for system processes. This application of dynamical systems
to ecological mental health data will constitute an important
first step within the mental health field to quantify dynamics
that produce the development of psychopathology, recovery,
and relapse in chronic disorders. Building these models in a
heterogeneous, transdiagnostic sample may also yield insight
into the well-established phenomenon of diagnostic crossover
(in which individuals initially diagnosed with one ED later
meet criteria for other EDs).

Furthermore, the study’s application of JITAIs as quasi-
experimental manipulations will facilitate a rich examina-
tion of the ecological effects and mechanisms of individual
evidence-based components of CBT-E for EDs, which could
transform the way the mental health field understands and
implements evidence-based treatments. Despite the com-
mon understanding among psychologists that a substantial
proportion of the effects of CBT are produced by patients
applying therapeutic skills in their daily lives, very limi-
ted previous work has examined ecological mechanisms of
therapeutic skills, and no previous study (to our knowledge)
has used JITAIs to experimentally induce CBT skill use in
the ecological environment. Even studies evaluating the effect
of JITAI systems have almost exclusively examined their
effects on a long-term (ie, after weeks or months) timescale,
despite ecological data collection making proximal evaluation
of these effects highly feasible. Understanding the proximal
effects of individual CBT skills in daily life has the potential
to both lay the groundwork for future implementation of a
standalone, optimized JITAI system to extend the reach of

JMIR RESEARCH PROTOCOLS Presseller et al

https://www.researchprotocols.org/2026/1/e104849 JMIR Res Protoc 2026 | vol. 15 | e104849 | p. 10
(page number not for citation purposes)

https://www.researchprotocols.org/2026/1/e104849


traditional therapy and inform how clinical providers discuss
treatment skill use with patients in the context of traditional
therapy.
Clinical Implications and Future
Directions
The study will accrue critical data to develop and evaluate
a standalone, optimized JITAI system that is highly scalable
and well-suited to the complex and relapsing nature of EDs,
which may improve access to treatment and clinical outcomes
among underserved individuals with EDs. Principally, the
study will clarify the added value of developing idiographic
models for ED behavioral risk for the delivery of JITAIs.
The study will also allow for the application of JITAIs that
are most likely to produce improvements in behavioral risk
based on an individual’s current circumstances. These data
will lay the groundwork for a future randomized controlled
trial evaluating the effects of the optimized standalone JITAI
system for EDs relative to waitlist control.

Importantly, if effective, this intervention may be able
to overcome barriers to mental health care access, which
disproportionately impact marginalized and underserved
groups. If proof-of-concept is established in EDs in this study,
these methods could be implemented broadly in the mental
health field to develop efficacious, scalable, and accessible
interventions for a range of disorders (eg, depression, anxiety
disorders, and substance use).
Strengths and Limitations
The study methods are strengthened by the racial, ethnic,
and gender diversity of the proposed sample, the collection

of active (ie, EMA) and passive (ie, smartphone sensors)
ecological data to comprehensively assess ED symptoms
and their maintaining factors, the application of idiographic
modeling to describe each participant’s behavior, and
recruitment of a large enough sample (N=170) and extended
duration of data collection to ensure that the analyses for all
aims are fully powered. Study limitations include potential
biases in participants who are likely interested in participating
in this study (eg, preference for digital interventions, interest
in and willingness to complete ecological data collection),
leading to a nonrepresentative sample of individuals with
EDs; importantly, similar preferences are likely to impact
who uses the optimized intervention in real-world implemen-
tation as well, suggesting that the sample in this study will
still likely provide meaningful information for optimization
of the intervention. The study may additionally be limited
by the impact of participant insight and social desirability
biases on self-report of ED symptoms and their maintenance
factors. The study will not enroll a control group who
complete ecological data collection without receiving JITAIs;
although participants will complete 6 weeks of ecological
data collection before receiving any JITAIs, thereby allowing
us to preliminarily understand the impact of self-monitoring
on behavior, the lack of randomization precludes us from
causally attributing potential improvements in ED symptoms
to JITAIs specifically. Finally, the effects of JITAIs will be
observed only when risk for ED behaviors is predicted to be
high and may therefore not generalize to circumstances in
which the model makes an incorrect prediction of risk or in
which ED behaviors arise due to factors unmeasured in the
planned data collection.

Acknowledgments
No generative AI was used in the development of this manuscript.
Funding
Research described in this publication was supported by the Office of the Director, National Institutes of Health (OD) and the
National Institute of Dental & Craniofacial Research (NIDCR) under award number DP5OD039510. The content is solely the
responsibility of the authors and does not necessarily represent the official views of the National Institutes of Health.
Data Availability
The data generated during this study will be publicly available via the National Data Archive.
Conflicts of Interest
Dr. Marsch is affiliated with Square2 Systems, Red 5 Group, and Boehringer Ingelheim. These relationships are extensively
managed by her academic institution, Dartmouth College.
Multimedia Appendix 1
Sample just-in-time adaptive intervention (JITAI) content.
[DOCX File (Microsoft Word File), 17 KB-Multimedia Appendix 1]

Peer Review Report 1
Peer review report by the ZRG1 BP-M (70) - Center for Scientific Review Special Emphasis Panel RFA Panel: NIH Director's
Early Independence Award Review (National Institutes of Health, USA).
[PDF File (Adobe File), 147 KB-Peer Review Report 1]
References
1. Substance Abuse and Mental Health Services Administration. Key substance use and mental health indicators in the

United States: results from the 2021 National Survey on Drug Use and Health. Center for Behavioral Health Statistics

JMIR RESEARCH PROTOCOLS Presseller et al

https://www.researchprotocols.org/2026/1/e104849 JMIR Res Protoc 2026 | vol. 15 | e104849 | p. 11
(page number not for citation purposes)

https://jmir.org/api/download?alt_name=resprot_v15i1e104849_app1.docx
https://jmir.org/api/download?alt_name=resprot_v15i1e104849_app1.docx
https://jmir.org/api/download?alt_name=resprot_v15i1e104849_app2.pdf
https://jmir.org/api/download?alt_name=resprot_v15i1e104849_app2.pdf
https://www.researchprotocols.org/2026/1/e104849


and Quality, Substance Abuse and Mental Health Services Administration; 2022. URL: https://archive.org/details/key-
2021 [Accessed 2026-09-20]

2. Walker ER, McGee RE, Druss BG. Mortality in mental disorders and global disease burden implications: a systematic
review and meta-analysis. JAMA Psychiatry. Apr 2015;72(4):334-341. [doi: 10.1001/jamapsychiatry.2014.2502]
[Medline: 25671328]

3. Doherty AM, Gaughran F. The interface of physical and mental health. Soc Psychiatry Psychiatr Epidemiol. May
2014;49(5):673-682. [doi: 10.1007/s00127-014-0847-7] [Medline: 24562320]

4. Evans S, Banerjee S, Leese M, Huxley P. The impact of mental illness on quality of life: a comparison of severe mental
illness, common mental disorder and healthy population samples. Qual Life Res. Feb 2007;16(1):17-29. [doi: 10.1007/
s11136-006-9002-6] [Medline: 17036252]

5. Cohen Veterans Network, National Council for Behavioral Health, Ketchum Analytics. America’s mental health 2018.
The National Council for Behavioral Health; 2018.

6. Deisenhofer AK, Barkham M, Beierl ET, et al. Implementing precision methods in personalizing psychological
therapies: barriers and possible ways forward. Behav Res Ther. Jan 2024;172:104443. [doi: 10.1016/j.brat.2023.104443]
[Medline: 38086157]

7. Nye A, Delgadillo J, Barkham M. Efficacy of personalized psychological interventions: a systematic review and meta-
analysis. J Consult Clin Psychol. Jul 2023;91(7):389-397. [doi: 10.1037/ccp0000820] [Medline: 37166831]

8. Gauld C, Depannemaecker D. Dynamical systems in computational psychiatry: a toy-model to apprehend the dynamics
of psychiatric symptoms. Front Psychol. 2023;14:1099257. [doi: 10.3389/fpsyg.2023.1099257] [Medline: 36844296]

9. Scheffer M, Bockting CL, Borsboom D, et al. A dynamical systems view of psychiatric disorders-theory: a review.
JAMA Psychiatry. Jun 1, 2024;81(6):618-623. [doi: 10.1001/jamapsychiatry.2024.0215] [Medline: 38568615]

10. Rief W, Asmundson GJG, Bryant RA, et al. The future of psychological treatments: the Marburg Declaration. Clin
Psychol Rev. Jun 2024;110:102417. [doi: 10.1016/j.cpr.2024.102417] [Medline: 38688158]

11. Aalbers G, Hendrickson AT, Vanden Abeele MM, Keijsers L. Smartphone-tracked digital markers of momentary
subjective stress in college students: idiographic machine learning analysis. JMIR Mhealth Uhealth. Mar 23,
2023;11:e37469. [doi: 10.2196/37469] [Medline: 36951924]

12. Kraiss JT, Vaessen T, Klooster PMT. Idiographic bidirectional associations of stressfulness of events and negative affect
in daily life as indicators for mental health: an experience sampling study. Stress Health. Oct 2024;40(5):e3433. [doi: 10.
1002/smi.3433] [Medline: 38817035]

13. Wright AGC, Hallquist MN, Stepp SD, et al. Modeling heterogeneity in momentary interpersonal and affective dynamic
processes in borderline personality disorder. Assessment. Aug 2016;23(4):484-495. [doi: 10.1177/1073191116653829]
[Medline: 27317561]

14. Cusack CE, Ralph-Nearman C, Christian C, Fisher AJ, Levinson CA. Understanding heterogeneity, comorbidity, and
variability in depression: idiographic models and depression outcomes. J Affect Disord. Jul 1, 2024;356:248-256. [doi:
10.1016/j.jad.2024.04.034] [Medline: 38608769]

15. Ebrahimi OV, Borsboom D, Hoekstra RHA, et al. Towards precision in the diagnostic profiling of patients: leveraging
symptom dynamics as a clinical characterisation dimension in the assessment of major depressive disorder. Br J
Psychiatry. May 2024;224(5):157-163. [doi: 10.1192/bjp.2024.19] [Medline: 38584324]

16. Piccirillo ML, Rodebaugh TL. Personalized networks of social anxiety disorder and depression and implications for
treatment. J Affect Disord. Feb 1, 2022;298(Pt A):262-276. [doi: 10.1016/j.jad.2021.10.034] [Medline: 34699851]

17. Zheng Y, Wiebe RP, Cleveland HH, Molenaar PCM, Harris KS. An idiographic examination of day-to-day patterns of
substance use craving, negative affect and tobacco use among young adults in recovery. Multivariate Behav Res.
2013;48(2):241-266. [doi: 10.1080/00273171.2013.763012] [Medline: 25309000]

18. Zheng Y, Cleveland HH, Molenaar PCM, Harris KS. An alternative framework to investigating and understanding
intraindividual processes in substance abuse recovery: an idiographic approach and demonstration. Eval Rev. Apr
2015;39(2):229-254. [doi: 10.1177/0193841X14567313] [Medline: 25589520]

19. van Lier HG, Noordzij ML, Pieterse ME, et al. An ideographic study into physiology, alcohol craving and lapses during
one hundred days of daily life monitoring. Addict Behav Rep. Dec 2022;16:100443. [doi: 10.1016/j.abrep.2022.100443]
[Medline: 35855973]

20. von Klipstein L, Riese H, van der Veen DC, Servaas MN, Schoevers RA. Using person-specific networks in
psychotherapy: challenges, limitations, and how we could use them anyway. BMC Med. Nov 23, 2020;18(1):345. [doi:
10.1186/s12916-020-01818-0] [Medline: 33222699]

21. Fisher AJ, Boswell JF. Enhancing the personalization of psychotherapy with dynamic assessment and modeling.
Assessment. Aug 2016;23(4):496-506. [doi: 10.1177/1073191116638735] [Medline: 26975466]

22. Bringmann LF. The future of dynamic networks in research and clinical practice. World Psychiatry. Jun
2024;23(2):288-289. [doi: 10.1002/wps.21209] [Medline: 38727056]

JMIR RESEARCH PROTOCOLS Presseller et al

https://www.researchprotocols.org/2026/1/e104849 JMIR Res Protoc 2026 | vol. 15 | e104849 | p. 12
(page number not for citation purposes)

https://archive.org/details/key-2021
https://archive.org/details/key-2021
https://doi.org/10.1001/jamapsychiatry.2014.2502
http://www.ncbi.nlm.nih.gov/pubmed/25671328
https://doi.org/10.1007/s00127-014-0847-7
http://www.ncbi.nlm.nih.gov/pubmed/24562320
https://doi.org/10.1007/s11136-006-9002-6
https://doi.org/10.1007/s11136-006-9002-6
http://www.ncbi.nlm.nih.gov/pubmed/17036252
https://doi.org/10.1016/j.brat.2023.104443
http://www.ncbi.nlm.nih.gov/pubmed/38086157
https://doi.org/10.1037/ccp0000820
http://www.ncbi.nlm.nih.gov/pubmed/37166831
https://doi.org/10.3389/fpsyg.2023.1099257
http://www.ncbi.nlm.nih.gov/pubmed/36844296
https://doi.org/10.1001/jamapsychiatry.2024.0215
http://www.ncbi.nlm.nih.gov/pubmed/38568615
https://doi.org/10.1016/j.cpr.2024.102417
http://www.ncbi.nlm.nih.gov/pubmed/38688158
https://doi.org/10.2196/37469
http://www.ncbi.nlm.nih.gov/pubmed/36951924
https://doi.org/10.1002/smi.3433
https://doi.org/10.1002/smi.3433
http://www.ncbi.nlm.nih.gov/pubmed/38817035
https://doi.org/10.1177/1073191116653829
http://www.ncbi.nlm.nih.gov/pubmed/27317561
https://doi.org/10.1016/j.jad.2024.04.034
http://www.ncbi.nlm.nih.gov/pubmed/38608769
https://doi.org/10.1192/bjp.2024.19
http://www.ncbi.nlm.nih.gov/pubmed/38584324
https://doi.org/10.1016/j.jad.2021.10.034
http://www.ncbi.nlm.nih.gov/pubmed/34699851
https://doi.org/10.1080/00273171.2013.763012
http://www.ncbi.nlm.nih.gov/pubmed/25309000
https://doi.org/10.1177/0193841X14567313
http://www.ncbi.nlm.nih.gov/pubmed/25589520
https://doi.org/10.1016/j.abrep.2022.100443
http://www.ncbi.nlm.nih.gov/pubmed/35855973
https://doi.org/10.1186/s12916-020-01818-0
http://www.ncbi.nlm.nih.gov/pubmed/33222699
https://doi.org/10.1177/1073191116638735
http://www.ncbi.nlm.nih.gov/pubmed/26975466
https://doi.org/10.1002/wps.21209
http://www.ncbi.nlm.nih.gov/pubmed/38727056
https://www.researchprotocols.org/2026/1/e104849


23. Piccirillo ML, Rodebaugh TL. Foundations of idiographic methods in psychology and applications for psychotherapy.
Clin Psychol Rev. Jul 2019;71:90-100. [doi: 10.1016/j.cpr.2019.01.002] [Medline: 30665765]

24. Dunton GF, Rothman AJ, Leventhal AM, Intille SS. How intensive longitudinal data can stimulate advances in health
behavior maintenance theories and interventions. Transl Behav Med. Feb 11, 2021;11(1):281-286. [doi: 10.1093/tbm/
ibz165] [Medline: 31731290]

25. Nahum-Shani I, Smith SN, Spring BJ, et al. Just-in-time adaptive interventions (JITAIs) in mobile health: key
components and design principles for ongoing health behavior support. Ann Behav Med. May 18, 2018;52(6):446-462.
[doi: 10.1007/s12160-016-9830-8] [Medline: 27663578]

26. Teepe GW, Da Fonseca A, Kleim B, et al. Just-in-time adaptive mechanisms of popular mobile apps for individuals with
depression: systematic app search and literature review. J Med Internet Res. Sep 28, 2021;23(9):e29412. [doi: 10.2196/
29412] [Medline: 34309569]

27. Garey L, Zvolensky MJ, Gallagher MW, et al. A smartphone-based intervention for anxiety and depression in racially
and ethnically diverse adults (EASE): protocol for a randomized controlled trial. JMIR Res Protoc. Dec 5,
2022;11(12):e40713. [doi: 10.2196/40713] [Medline: 36409958]

28. Juarascio AS, Srivastava P, Presseller EK, et al. Using continuous glucose monitoring to detect and intervene on dietary
restriction in individuals with binge eating: the SenseSupport withdrawal design study. JMIR Form Res. Dec 14,
2022;6(12):e38479. [doi: 10.2196/38479] [Medline: 36515992]

29. Juarascio AS, Presseller EK, Srivastava P, Manasse SM, Forman EM. A randomized controlled trial of CBT+: a
clinician-controlled, just-in-time, adjunctive intervention for bulimia-spectrum disorders. Behav Modif. May
2023;47(3):551-572. [doi: 10.1177/01454455221109434] [Medline: 35833258]

30. Perski O, Hébert ET, Naughton F, Hekler EB, Brown J, Businelle MS. Technology-mediated just-in-time adaptive
interventions (JITAIs) to reduce harmful substance use: a systematic review. Addiction. May 2022;117(5):1220-1241.
[doi: 10.1111/add.15687] [Medline: 34514668]

31. Baker TB, Smith SS, Bolt DM, et al. Implementing clinical research using factorial designs: a primer. Behav Ther. Jul
2017;48(4):567-580. [doi: 10.1016/j.beth.2016.12.005] [Medline: 28577591]

32. Gautam S, Jain A, Gautam M, Vahia VN, Grover S. Clinical Practice Guidelines for the management of depression.
Indian J Psychiatry. Jan 2017;59(Suppl 1):S34-S50. [doi: 10.4103/0019-5545.196973] [Medline: 28216784]

33. Bandelow B, Michaelis S, Wedekind D. Treatment of anxiety disorders. Dialogues Clin Neurosci. Jun
2017;19(2):93-107. [doi: 10.31887/DCNS.2017.19.2/bbandelow] [Medline: 28867934]

34. Society of Clinical Psychology. Exposure and response prevention for obsessive-compulsive disorder. Society of
Clinical Psychology, APA Division 12; 2015.

35. Paintain E, Cassidy S. First-line therapy for post-traumatic stress disorder: a systematic review of cognitive behavioural
therapy and psychodynamic approaches. Couns Psychother Res. Sep 2018;18(3):237-250. [doi: 10.1002/capr.12174]
[Medline: 30147450]

36. Substance Abuse and Mental Health Services Administration, Office of the Surgeon General. Chapter 4. early
intervention, treatment, and management of substance use disorders. In: Facing Addiction in America: The Surgeon
General’s Report on Alcohol, Drugs, and Health. US Department of Health and Human Services; 2016.

37. Costandache GI, Munteanu O, Salaru A, Oroian B, Cozmin M. An overview of the treatment of eating disorders in adults
and adolescents: pharmacology and psychotherapy. Postep Psychiatr Neurol. Mar 2023;32(1):40-48. [doi: 10.5114/ppn.
2023.127237] [Medline: 37287736]

38. Bernstein EE, Bentley KH, Nock MK, Stein MB, Beck S, Kleiman EM. An ecological momentary intervention study of
emotional responses to smartphone-prompted CBT skills practice and the relationship to clinical outcomes. Behav Ther.
Mar 2022;53(2):267-280. [doi: 10.1016/j.beth.2021.09.001] [Medline: 35227403]

39. Ball MI, Flics MJ, Maimone JS, et al. Quality of engagement with in-the-moment digital CBT during periods of distress:
a study of patients with suicidal thoughts and behaviors. J Affect Disord. May 15, 2026;401:121248. [doi: 10.1016/j.jad.
2026.121248] [Medline: 41616858]

40. Sidoti O, Gelles-Watnick R, Faverio M, Atske S, Radde K, Park E. Mobile fact sheet. Pew Research Center; 2024.
41. Feeding and eating disorders. In: Diagnostic and Statistical Manual of Mental Disorders. 5th ed. American Psychiatric

Association; 2013. ISBN: 978-0-89042-555-8
42. Keel PK, Dorer DJ, Eddy KT, Franko D, Charatan DL, Herzog DB. Predictors of mortality in eating disorders. Arch Gen

Psychiatry. Feb 2003;60(2):179-183. [doi: 10.1001/archpsyc.60.2.179] [Medline: 12578435]
43. Crow SJ, Peterson CB, Swanson SA, et al. Increased mortality in bulimia nervosa and other eating disorders. Am J

Psychiatry. Dec 2009;166(12):1342-1346. [doi: 10.1176/appi.ajp.2009.09020247] [Medline: 19833789]
44. Casiero D, Frishman WH. Cardiovascular complications of eating disorders. Cardiol Rev. 2006;14(5):227-231. [doi: 10.

1097/01.crd.0000216745.96062.7c] [Medline: 16924163]

JMIR RESEARCH PROTOCOLS Presseller et al

https://www.researchprotocols.org/2026/1/e104849 JMIR Res Protoc 2026 | vol. 15 | e104849 | p. 13
(page number not for citation purposes)

https://doi.org/10.1016/j.cpr.2019.01.002
http://www.ncbi.nlm.nih.gov/pubmed/30665765
https://doi.org/10.1093/tbm/ibz165
https://doi.org/10.1093/tbm/ibz165
http://www.ncbi.nlm.nih.gov/pubmed/31731290
https://doi.org/10.1007/s12160-016-9830-8
http://www.ncbi.nlm.nih.gov/pubmed/27663578
https://doi.org/10.2196/29412
https://doi.org/10.2196/29412
http://www.ncbi.nlm.nih.gov/pubmed/34309569
https://doi.org/10.2196/40713
http://www.ncbi.nlm.nih.gov/pubmed/36409958
https://doi.org/10.2196/38479
http://www.ncbi.nlm.nih.gov/pubmed/36515992
https://doi.org/10.1177/01454455221109434
http://www.ncbi.nlm.nih.gov/pubmed/35833258
https://doi.org/10.1111/add.15687
http://www.ncbi.nlm.nih.gov/pubmed/34514668
https://doi.org/10.1016/j.beth.2016.12.005
http://www.ncbi.nlm.nih.gov/pubmed/28577591
https://doi.org/10.4103/0019-5545.196973
http://www.ncbi.nlm.nih.gov/pubmed/28216784
https://doi.org/10.31887/DCNS.2017.19.2/bbandelow
http://www.ncbi.nlm.nih.gov/pubmed/28867934
https://doi.org/10.1002/capr.12174
http://www.ncbi.nlm.nih.gov/pubmed/30147450
https://doi.org/10.5114/ppn.2023.127237
https://doi.org/10.5114/ppn.2023.127237
http://www.ncbi.nlm.nih.gov/pubmed/37287736
https://doi.org/10.1016/j.beth.2021.09.001
http://www.ncbi.nlm.nih.gov/pubmed/35227403
https://doi.org/10.1016/j.jad.2026.121248
https://doi.org/10.1016/j.jad.2026.121248
http://www.ncbi.nlm.nih.gov/pubmed/41616858
https://doi.org/10.1001/archpsyc.60.2.179
http://www.ncbi.nlm.nih.gov/pubmed/12578435
https://doi.org/10.1176/appi.ajp.2009.09020247
http://www.ncbi.nlm.nih.gov/pubmed/19833789
https://doi.org/10.1097/01.crd.0000216745.96062.7c
https://doi.org/10.1097/01.crd.0000216745.96062.7c
http://www.ncbi.nlm.nih.gov/pubmed/16924163
https://www.researchprotocols.org/2026/1/e104849


45. Tith RM, Paradis G, Potter BJ, et al. Association of bulimia nervosa with long-term risk of cardiovascular disease and
mortality among women. JAMA Psychiatry. Jan 1, 2020;77(1):44-51. [doi: 10.1001/jamapsychiatry.2019.2914]
[Medline: 31617882]

46. Kessler RC, Berglund PA, Chiu WT, et al. The prevalence and correlates of binge eating disorder in the World Health
Organization World Mental Health Surveys. Biol Psychiatry. May 1, 2013;73(9):904-914. [doi: 10.1016/j.biopsych.
2012.11.020] [Medline: 23290497]

47. Hudson JI, Hiripi E, Pope HG, Kessler RC. The prevalence and correlates of eating disorders in the National
Comorbidity Survey Replication. Biol Psychiatry. Feb 1, 2007;61(3):348-358. [doi: 10.1016/j.biopsych.2006.03.040]
[Medline: 16815322]

48. Frank GKW. The perfect storm - a bio-psycho-social risk model for developing and maintaining eating disorders. Front
Behav Neurosci. 2016;10:44. [doi: 10.3389/fnbeh.2016.00044] [Medline: 27014006]

49. Munro C, Randell L, Lawrie SM. An integrative bio-psycho-social theory of anorexia nervosa. Clin Psychol Psychother.
Jan 2017;24(1):1-21. [doi: 10.1002/cpp.2047] [Medline: 27739190]

50. Agüera Z, Lozano-Madrid M, Mallorquí-Bagué N, Jiménez-Murcia S, Menchón JM, Fernández-Aranda F. A review of
binge eating disorder and obesity. Neuropsychiatr. Jun 2021;35(2):57-67. [doi: 10.1007/s40211-020-00346-w] [Medline:
32346850]

51. Schaefer LM, Engel SG, Wonderlich SA. Ecological momentary assessment in eating disorders research: recent findings
and promising new directions. Curr Opin Psychiatry. Nov 2020;33(6):528-533. [doi: 10.1097/YCO.0000000000000639]
[Medline: 32740204]

52. Fairburn CG. Cognitive Behavior Therapy and Eating Disorders. The Guilford Press; 2008:324. ISBN: 978-1593857097
53. Hart LM, Granillo MT, Jorm AF, Paxton SJ. Unmet need for treatment in the eating disorders: a systematic review of

eating disorder specific treatment seeking among community cases. Clin Psychol Rev. Jul 2011;31(5):727-735. [doi: 10.
1016/j.cpr.2011.03.004] [Medline: 21501580]

54. Penwell TE, Bedard SP, Eyre R, Levinson CA. Eating disorder treatment access in the United States: perceived
inequities among treatment seekers. Psychiatr Serv. Oct 1, 2024;75(10):944-952. [doi: 10.1176/appi.ps.20230193]
[Medline: 38716514]

55. Deloitte Access Economics. The social and economic cost of eating disorders in the United States of America: a report
for the strategic training initiative for the prevention of eating disorders and the academy for eating disorders. Harvard
T.H. Chan School of Public Health; 2020.

56. Cheng ZH, Perko VL, Fuller-Marashi L, Gau JM, Stice E. Ethnic differences in eating disorder prevalence, risk factors,
and predictive effects of risk factors among young women. Eat Behav. Jan 2019;32:23-30. [doi: 10.1016/j.eatbeh.2018.
11.004] [Medline: 30529736]

57. Fairburn CG, Cooper Z, O’Connor M. Eating Disorder Examination (Edition 170D). 2014. URL: https://www.credo-
oxford.com/7.2.html [Accessed 2026-09-25]

58. Biçaker E, Trolio V, Miller AE, Zhu LY, White C, Racine SE. Affective processes underlying restrictive eating in
atypical anorexia nervosa: comparisons to anorexia nervosa and bulimia nervosa using ecological momentary
assessment. Int J Eat Disord. Apr 2024;57(4):879-891. [doi: 10.1002/eat.24134] [Medline: 38192012]

59. Wonderlich JA, Crosby RD, Engel SG, et al. Negative affect and binge eating: assessing the unique trajectories of
negative affect before and after binge-eating episodes across eating disorder diagnostic classifications. Int J Eat Disord.
Feb 2022;55(2):223-230. [doi: 10.1002/eat.23648] [Medline: 34877679]

60. Wayda-Zalewska M, Grzegorzewski P, Kot E, Skimina E, Santangelo PS, Kucharska K. Emotion dynamics and emotion
regulation in anorexia nervosa: a systematic review of ecological momentary assessment studies. Int J Environ Res
Public Health. Oct 21, 2022;19(20):13659. [doi: 10.3390/ijerph192013659] [Medline: 36294238]

61. Ranzenhofer LM, Engel SG, Crosby RD, et al. Using ecological momentary assessment to examine interpersonal and
affective predictors of loss of control eating in adolescent girls. Int J Eat Disord. Nov 2014;47(7):748-757. [doi: 10.1002/
eat.22333] [Medline: 25046850]

62. Ansell EB, Grilo CM, White MA. Examining the interpersonal model of binge eating and loss of control over eating in
women. Int J Eat Disord. Jan 2012;45(1):43-50. [doi: 10.1002/eat.20897] [Medline: 21321985]

63. Ambwani S, Roche MJ, Minnick AM, Pincus AL. Negative affect, interpersonal perception, and binge eating behavior:
an experience sampling study. Int J Eat Disord. Sep 2015;48(6):715-726. [doi: 10.1002/eat.22410] [Medline: 25946681]

64. Lavender JM, Mason TB, Utzinger LM, et al. Examining affect and perfectionism in relation to eating disorder
symptoms among women with anorexia nervosa. Psychiatry Res. Jul 30, 2016;241:267-272. [doi: 10.1016/j.psychres.
2016.04.122] [Medline: 27208513]

65. Mason TB, Smith KE, Crosby RD, Engel SG, Wonderlich SA. Examination of momentary maintenance factors and
eating disorder behaviors and cognitions using ecological momentary assessment. Eat Disord. 2021;29(1):42-55. [doi:
10.1080/10640266.2019.1613847] [Medline: 31081472]

JMIR RESEARCH PROTOCOLS Presseller et al

https://www.researchprotocols.org/2026/1/e104849 JMIR Res Protoc 2026 | vol. 15 | e104849 | p. 14
(page number not for citation purposes)

https://doi.org/10.1001/jamapsychiatry.2019.2914
http://www.ncbi.nlm.nih.gov/pubmed/31617882
https://doi.org/10.1016/j.biopsych.2012.11.020
https://doi.org/10.1016/j.biopsych.2012.11.020
http://www.ncbi.nlm.nih.gov/pubmed/23290497
https://doi.org/10.1016/j.biopsych.2006.03.040
http://www.ncbi.nlm.nih.gov/pubmed/16815322
https://doi.org/10.3389/fnbeh.2016.00044
http://www.ncbi.nlm.nih.gov/pubmed/27014006
https://doi.org/10.1002/cpp.2047
http://www.ncbi.nlm.nih.gov/pubmed/27739190
https://doi.org/10.1007/s40211-020-00346-w
http://www.ncbi.nlm.nih.gov/pubmed/32346850
https://doi.org/10.1097/YCO.0000000000000639
http://www.ncbi.nlm.nih.gov/pubmed/32740204
https://doi.org/10.1016/j.cpr.2011.03.004
https://doi.org/10.1016/j.cpr.2011.03.004
http://www.ncbi.nlm.nih.gov/pubmed/21501580
https://doi.org/10.1176/appi.ps.20230193
http://www.ncbi.nlm.nih.gov/pubmed/38716514
https://doi.org/10.1016/j.eatbeh.2018.11.004
https://doi.org/10.1016/j.eatbeh.2018.11.004
http://www.ncbi.nlm.nih.gov/pubmed/30529736
https://www.credo-oxford.com/7.2.html
https://www.credo-oxford.com/7.2.html
https://doi.org/10.1002/eat.24134
http://www.ncbi.nlm.nih.gov/pubmed/38192012
https://doi.org/10.1002/eat.23648
http://www.ncbi.nlm.nih.gov/pubmed/34877679
https://doi.org/10.3390/ijerph192013659
http://www.ncbi.nlm.nih.gov/pubmed/36294238
https://doi.org/10.1002/eat.22333
https://doi.org/10.1002/eat.22333
http://www.ncbi.nlm.nih.gov/pubmed/25046850
https://doi.org/10.1002/eat.20897
http://www.ncbi.nlm.nih.gov/pubmed/21321985
https://doi.org/10.1002/eat.22410
http://www.ncbi.nlm.nih.gov/pubmed/25946681
https://doi.org/10.1016/j.psychres.2016.04.122
https://doi.org/10.1016/j.psychres.2016.04.122
http://www.ncbi.nlm.nih.gov/pubmed/27208513
https://doi.org/10.1080/10640266.2019.1613847
http://www.ncbi.nlm.nih.gov/pubmed/31081472
https://www.researchprotocols.org/2026/1/e104849


66. Srivastava P, Felonis CR, Clancy OM, Wons OB, Abber SR, Juarascio AS. Real-time predictors of body dissatisfaction
in females with binge eating: an ecological momentary assessment study. Eat Weight Disord. May
2022;27(4):1547-1553. [doi: 10.1007/s40519-021-01296-0] [Medline: 34524652]

67. Gideon N, Hawkes N, Mond J, Saunders R, Tchanturia K, Serpell L. Development and psychometric validation of the
EDE-QS, a 12 item short form of the eating disorder examination questionnaire (EDE-Q). PLoS ONE.
2016;11(5):e0152744. [doi: 10.1371/journal.pone.0152744] [Medline: 27138364]

68. Thompson ER. Development and validation of an internationally reliable short-form of the positive and negative affect
schedule (PANAS). J Cross Cult Psychol. Mar 2007;38(2):227-242. [doi: 10.1177/0022022106297301]

69. Frost RO, Marten PA. Perfectionism and evaluative threat. Cogn Ther Res. Dec 1990;14(6):559-572. [doi: 10.1007/
BF01173364]

70. Weissman MM, Bothwell S. Assessment of social adjustment by patient self-report. Arch Gen Psychiatry. Sep
1976;33(9):1111-1115. [doi: 10.1001/archpsyc.1976.01770090101010] [Medline: 962494]

71. Robins RW, Hendin HM, Trzesniewski KH. Measuring global self-esteem: construct validation of a single-item measure
and the Rosenberg Self-Esteem Scale. Pers Soc Psychol Bull. Feb 2001;27(2):151-161. [doi: 10.1177/
0146167201272002]

72. Maugeri A, Barchitta M. A systematic review of ecological momentary assessment of diet: implications and perspectives
for nutritional epidemiology. Nutrients. Nov 7, 2019;11(11):2696. [doi: 10.3390/nu11112696] [Medline: 31703374]

73. Knol L, Nagpal A, Leaning IE, et al. Smartphone keyboard dynamics predict affect in suicidal ideation. NPJ Digit Med.
Mar 1, 2024;7(1):54. [doi: 10.1038/s41746-024-01048-1] [Medline: 38429434]

74. Dominiak M, Kaczmarek-Majer K, Antosik-Wójcińska AZ, et al. Behavioral and self-reported data collected from
smartphones for the assessment of depressive and manic symptoms in patients with bipolar disorder: prospective
observational study. J Med Internet Res. Jan 19, 2022;24(1):e28647. [doi: 10.2196/28647] [Medline: 34874015]

75. Jafarlou S, Lai J, Azimi I, et al. Objective prediction of next-day’s affect using multimodal physiological and behavioral
data: algorithm development and validation study. JMIR Form Res. Mar 15, 2023;7:e39425. [doi: 10.2196/39425]
[Medline: 36920456]

76. Lee Y, Kozar KA, Larsen KRT. The technology acceptance model: past, present, and future. CAIS. 2003;12:752-780.
[doi: 10.17705/1CAIS.01250]

77. Chuttur MY. Overview of the technology acceptance model: origins, developments, and future directions. All Sprouts
Content. 2009;9(37). URL: https://aisel.aisnet.org/sprouts_all/290/ [Accessed 2026-09-20]

78. Carper MM, McHugh RK, Barlow DH, editors. Development and initial validation of the perceptions of computerized
therapy questionnaire. Presented at: 44th Annual Convention for the Association for Behavioral and Cognitive
Therapies; Nov 18-21, 2010; San Francisco, CA. URL: https://www.researchgate.net/publication/215564875_
Development_and_initial_validation_of_the_Perceptions_of_Computerized_Therapy_Questionnaire [Accessed
2026-09-20]

79. Ljung L. System identification. In: Procházka A, Uhlíř J, Rayner PWJ, Kingsbury NG, editors. Signal Analysis and
Prediction. Birkhäuser; 1998. [doi: 10.1007/978-1-4612-1768-8_11]

80. Goldschmidt AB, Wonderlich SA, Crosby RD, et al. Latent profile analysis of eating episodes in anorexia nervosa. J
Psychiatr Res. Jun 2014;53:193-199. [doi: 10.1016/j.jpsychires.2014.02.019] [Medline: 24630466]

81. Kinnear A, Siegel JA, Masson PC, Bodell LP. Functions of disordered eating behaviors: a qualitative analysis of the
lived experience and clinician perspectives. J Eat Disord. Aug 21, 2023;11(1):141. [doi: 10.1186/s40337-023-00854-4]
[Medline: 37605248]

82. Presseller EK, Lampe EW, Nunez N, Juarascio AS. Latent profiles of dietary restraint among individuals with binge-
spectrum eating disorders: associations with eating disorder symptom severity. Int J Eat Disord. Dec
2022;55(12):1843-1852. [doi: 10.1002/eat.23816] [Medline: 36161726]

83. Romano KA, Lipson SK. Dietary restraint patterns and eating disorder help-seeking. Eat Weight Disord. Feb
2021;26(1):159-168. [doi: 10.1007/s40519-019-00833-2] [Medline: 31853888]

84. Thompson KA, DeVinney AA, Goy CN, Kuang J, Bardone-Cone AM. Subjective and objective binge episodes in
relation to eating disorder and depressive symptoms among middle-aged women. Eat Weight Disord. Jun
2022;27(5):1687-1694. [doi: 10.1007/s40519-021-01305-2] [Medline: 34558018]

85. Haedt AA, Edler C, Heatherton TF, Keel PK. Importance of multiple purging methods in the classification of eating
disorder subtypes. Int J Eat Disord. Dec 2006;39(8):648-654. [doi: 10.1002/eat.20335] [Medline: 16941627]

86. Chen S, Billings SA. Representations of non-linear systems: the NARMAX model. Int J Control. Mar
1989;49(3):1013-1032. [doi: 10.1080/00207178908559683]

JMIR RESEARCH PROTOCOLS Presseller et al

https://www.researchprotocols.org/2026/1/e104849 JMIR Res Protoc 2026 | vol. 15 | e104849 | p. 15
(page number not for citation purposes)

https://doi.org/10.1007/s40519-021-01296-0
http://www.ncbi.nlm.nih.gov/pubmed/34524652
https://doi.org/10.1371/journal.pone.0152744
http://www.ncbi.nlm.nih.gov/pubmed/27138364
https://doi.org/10.1177/0022022106297301
https://doi.org/10.1007/BF01173364
https://doi.org/10.1007/BF01173364
https://doi.org/10.1001/archpsyc.1976.01770090101010
http://www.ncbi.nlm.nih.gov/pubmed/962494
https://doi.org/10.1177/0146167201272002
https://doi.org/10.1177/0146167201272002
https://doi.org/10.3390/nu11112696
http://www.ncbi.nlm.nih.gov/pubmed/31703374
https://doi.org/10.1038/s41746-024-01048-1
http://www.ncbi.nlm.nih.gov/pubmed/38429434
https://doi.org/10.2196/28647
http://www.ncbi.nlm.nih.gov/pubmed/34874015
https://doi.org/10.2196/39425
http://www.ncbi.nlm.nih.gov/pubmed/36920456
https://doi.org/10.17705/1CAIS.01250
https://aisel.aisnet.org/sprouts_all/290/
https://www.researchgate.net/publication/215564875_Development_and_initial_validation_of_the_Perceptions_of_Computerized_Therapy_Questionnaire
https://www.researchgate.net/publication/215564875_Development_and_initial_validation_of_the_Perceptions_of_Computerized_Therapy_Questionnaire
https://doi.org/10.1007/978-1-4612-1768-8_11
https://doi.org/10.1016/j.jpsychires.2014.02.019
http://www.ncbi.nlm.nih.gov/pubmed/24630466
https://doi.org/10.1186/s40337-023-00854-4
http://www.ncbi.nlm.nih.gov/pubmed/37605248
https://doi.org/10.1002/eat.23816
http://www.ncbi.nlm.nih.gov/pubmed/36161726
https://doi.org/10.1007/s40519-019-00833-2
http://www.ncbi.nlm.nih.gov/pubmed/31853888
https://doi.org/10.1007/s40519-021-01305-2
http://www.ncbi.nlm.nih.gov/pubmed/34558018
https://doi.org/10.1002/eat.20335
http://www.ncbi.nlm.nih.gov/pubmed/16941627
https://doi.org/10.1080/00207178908559683
https://www.researchprotocols.org/2026/1/e104849


87. Hendriks M, Geilen M, Basten T. Pareto analysis with uncertainty. Presented at: Proceedings of Ninth IEEE/IFIP
International Conference on Embedded and Ubiquitous Computing; Oct 24-26, 2011:189-196; [doi: 10.1109/EUC.2011.
54]

88. Timms KP, Rivera DE, Collins LM, Piper ME. A dynamical systems approach to understanding self-regulation in
smoking cessation behavior change. Nicotine Tob Res. May 2014;16 Suppl 2(Suppl 2):S159-68. [doi: 10.1093/ntr/
ntt149] [Medline: 24064386]

89. Deshpande S, Rivera DE, Younger JW, Nandola NN. A control systems engineering approach for adaptive behavioral
interventions: illustration with a fibromyalgia intervention. Transl Behav Med. Sep 2014;4(3):275-289. [doi: 10.1007/
s13142-014-0282-z] [Medline: 25264467]

90. Holm S. A simple sequentially rejective multiple test procedure. Scand J Stat. 1979;6(2):65-70. URL: https://www.jstor.
org/stable/4615733 [Accessed 2026-09-20]

91. Liao P, Klasnja P, Tewari A, Murphy SA. Sample size calculations for micro-randomized trials in mHealth. Stat Med.
May 30, 2016;35(12):1944-1971. [doi: 10.1002/sim.6847] [Medline: 26707831]

92. Clancy OM. Predicting cognitive-behavioral therapy outcomes for bulimia nervosa patients based on skill use during
treatment. Drexel University; 2022.

93. Schaefer LM, Smith KE, Anderson LM, et al. The role of affect in the maintenance of binge-eating disorder: evidence
from an ecological momentary assessment study. J Abnorm Psychol. May 2020;129(4):387-396. [doi: 10.1037/
abn0000517] [Medline: 32212743]

94. Smith KE, Mason TB, Schaefer LM, et al. Examining intra-individual variability in food-related inhibitory control and
negative affect as predictors of binge eating using ecological momentary assessment. J Psychiatr Res. Jan
2020;120:137-143. [doi: 10.1016/j.jpsychires.2019.10.017] [Medline: 31677551]

95. Williams-Kerver GA, Schaefer LM, Hazzard VM, et al. Baseline and momentary predictors of ecological momentary
assessment adherence in a sample of adults with binge-eating disorder. Eat Behav. Apr 2021;41:101509. [doi: 10.1016/j.
eatbeh.2021.101509] [Medline: 33905971]

96. Kenny DA. MedPower: an interactive tool for the estimation of power in tests of mediation. 2017.
97. Academy for Eating Disorders. Eating disorders: a guide to medical care. Academy for Eating Disorders; 2021.
98. Haynos AF, Venables KG, Anderson LM, Craske MG, Peterson CB. Reducing relapse by enhancing reward responsivity

in anorexia nervosa: the VIBRANT (virtual interventions for bolstering recovery following anorexia nervosa treatment)
trial †. J Psychiatr Brain Sci. 2024;9(4):e240005. [doi: 10.20900/jpbs.20240005] [Medline: 39582672]

Abbreviations
AUROC: area under the receiver operating characteristic curve
C-SSRS: Columbia-Suicide Severity Rating Scale
CBT: cognitive behavioral therapy
CBT-E: enhanced cognitive-behavioral therapy
ED: eating disorder
EDDI: Eating Disorder Dynamic Intervention
EDE: Eating Disorder Examination
EMA: ecological momentary assessment
HIPAA: Health Insurance Portability and Accountability Act
IRB: Institutional Review Board
JITAI: just-in-time adaptive intervention
NARMAX: nonlinear autoregressive moving average model with exogenous inputs

Edited by Javad Sarvestan; The proposal for this study was externally peer-reviewed by the ZRG1 BP-M (70) - Center
for Scientific Review Special Emphasis Panel RFA Panel: NIH Director's Early Independence Award Review (National
Instititutes of Health, USA). See the Peer Review Report for details.; submitted 16.Jun.2026; final revised version received
21.Aug.2026; accepted 31.Aug.2026; published 15.Oct.2026

Please cite as:
Presseller EK, Farooq F, Reyes-Madriz E, Rouleau-Tang M, Jacobson NC, Thomas JG, Marsch LA
Rapid Innovation of Precision Psychiatry Interventions Using Dynamical Systems Modeling and Ecological Quasi-Experi-
ments: Protocol for a Proof-of-Concept Study on Eating Disorders
JMIR Res Protoc 2026;15:e104849
URL: https://www.researchprotocols.org/2026/1/e104849
doi: 10.2196/104849

JMIR RESEARCH PROTOCOLS Presseller et al

https://www.researchprotocols.org/2026/1/e104849 JMIR Res Protoc 2026 | vol. 15 | e104849 | p. 16
(page number not for citation purposes)

https://doi.org/10.1109/EUC.2011.54
https://doi.org/10.1109/EUC.2011.54
https://doi.org/10.1093/ntr/ntt149
https://doi.org/10.1093/ntr/ntt149
http://www.ncbi.nlm.nih.gov/pubmed/24064386
https://doi.org/10.1007/s13142-014-0282-z
https://doi.org/10.1007/s13142-014-0282-z
http://www.ncbi.nlm.nih.gov/pubmed/25264467
https://www.jstor.org/stable/4615733
https://www.jstor.org/stable/4615733
https://doi.org/10.1002/sim.6847
http://www.ncbi.nlm.nih.gov/pubmed/26707831
https://doi.org/10.1037/abn0000517
https://doi.org/10.1037/abn0000517
http://www.ncbi.nlm.nih.gov/pubmed/32212743
https://doi.org/10.1016/j.jpsychires.2019.10.017
http://www.ncbi.nlm.nih.gov/pubmed/31677551
https://doi.org/10.1016/j.eatbeh.2021.101509
https://doi.org/10.1016/j.eatbeh.2021.101509
http://www.ncbi.nlm.nih.gov/pubmed/33905971
https://doi.org/10.20900/jpbs.20240005
http://www.ncbi.nlm.nih.gov/pubmed/39582672
https://www.researchprotocols.org/2026/1/e104849
https://doi.org/10.2196/104849
https://www.researchprotocols.org/2026/1/e104849


© Emily K Presseller, Falzah Farooq, Estefano Reyes-Madriz, Marianne Rouleau-Tang, Nicholas C Jacobson, J Graham
Thomas, Lisa A Marsch. Originally published in JMIR Research Protocols (https://www.researchprotocols.org), 15.Oct.2026.
This is an open-access article distributed under the terms of the Creative Commons Attribution License (https://creativecom-
mons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and reproduction in any medium, provided the original
work, first published in JMIR Research Protocols, is properly cited. The complete bibliographic information, a link to the
original publication on https://www.researchprotocols.org, as well as this copyright and license information must be included.

JMIR RESEARCH PROTOCOLS Presseller et al

https://www.researchprotocols.org/2026/1/e104849 JMIR Res Protoc 2026 | vol. 15 | e104849 | p. 17
(page number not for citation purposes)

https://www.researchprotocols.org
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.researchprotocols.org
https://www.researchprotocols.org/2026/1/e104849

	Rapid Innovation of Precision Psychiatry Interventions Using Dynamical Systems Modeling and Ecological Quasi-Experiments: Protocol for a Proof-of-Concept Study on Eating Disorders
	Introduction
	Background
	This Study

	Methods
	Participants
	Recruitment
	Data Collection Procedures
	Measures
	Intervention
	Data Analysis
	Ethical Considerations
	Safety Monitoring

	Results
	Discussion
	Principal Findings
	Clinical Implications and Future Directions
	Strengths and Limitations



