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Abstract

Background: Successful recovery from alcohol use disorder requires long-term lapse risk monitoring. Self-monitoring is
difficult, given the dynamic, complex interplay of the many risk factors over time. An automated recovery monitoring support
system embedded with a machine learning lapse prediction model could improve sustained, adaptive, and personalized
self-monitoring by delivering daily support messages.

Objective: We propose to optimize the components included in daily support messages to increase engagement with a recovery
monitoring support system.

Methods: The participants will include 304 US adults with moderate to severe alcohol use disorder. Participants will complete
daily surveys and provide geolocation data for 17 weeks. Participants will receive daily support messages, starting in week 2,
that convey a combination of individualized information from a lapse prediction model. Manipulated message components include
(1) lapse probability and lapse probability change, (2) an important model feature, (3) a risk-relevant recommendation, and (4)
message personalization on tone preference.

Results: The National Institute on Alcohol Abuse and Alcoholism funded this project (R01AA031762) on August 9, 2024, with
a funding period from August 20, 2024, to July 31, 2029. The institutional research board of the University of Wisconsin-Madison
Health Sciences approved this project (IRB #2024-0869). Enrollment will begin in December 2025.

Conclusions: Message components that either increase engagement or improve clinical outcomes will be recommended for use
in future recovery monitoring support systems and digital therapeutics.
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Introduction

Alcohol Use Disorder
Alcohol use disorder is highly prevalent and costly. Over 30
million adults in the United States had an active alcohol use
disorder in 2021, and 23.3% reported engaging in past-month
binge drinking [1]. Alcohol ranks as the third leading
preventable cause of death in the United States, accounting for
approximately 140,000 fatalities [2,3] and economic costs that
exceed US $249 billion annually [4].

Relapse Prevention
Alcohol use disorder is a chronic condition. Relapse rates
following initial treatment are high [5,6]. Lapses (ie, single
instances of goal-inconsistent alcohol use) are a necessary
precursor for relapse (ie, full return to harmful levels of alcohol
use). As a result, preventing lapses and guiding behavior change
immediately following a lapse are key goals in both acute and
continuing care alcohol use disorder treatment.

Marlatt and Gordon’s seminal relapse prevention model [7,8]
provides the backbone for contemporary, clinician-delivered
interventions for alcohol use disorder (eg, cognitive behavioral
therapy [9,10] and mindfulness-based relapse prevention [11])
that have the highest level of empirical support [12-14]. The
relapse prevention model provides a detailed framework to
understand how emotions, events, and situations can lead to
lapses and relapse back to alcohol use. This framework includes
both distal and proximal precipitants of lapse such as lifestyle
imbalances, craving, high-risk situations, stressors, negative
affect, self-efficacy or confidence, and abstinence violation
effects. The model’s influence is clearly seen in numerous,
efficacious intervention modules and supports that are included
in cognitive behavioral and mindfulness-based interventions
(eg, coping skills training, lapse management, urge surfing,
stimulus control techniques, and positive lifestyle changes).

The relapse prevention model highlights that relapse is a
complex, nonlinear function of many risk and protective factors
that combine and interact to affect relapse timing and severity
[15-19]. Many of these factors are transient, leading to
fluctuating relapse risk. Urges, mood, lifestyle imbalances,
self-efficacy, and motivation all vary over time. Social networks
evolve to be more protective or risky. High-risk situations can
occur at any time.

Much like other chronic conditions, clinical observation and
research suggest that successful recovery from alcohol use
disorder requires lifelong monitoring [15,17,19-21]. However,
individual (eg, clinician bandwidth) and systemic (eg,
overburdened health care system) resources are insufficient for
long-term clinician-guided care. Additionally, self-monitoring
is difficult, given the dynamic, complex interplay of many risk
factors over time.

Recovery Monitoring Support System
An automated recovery monitoring support system that includes
embedded machine learning lapse prediction models powered
by personal sensing could enable sustained, adaptive, and
personalized monitoring. For example, it could help an

individual track their risk of lapsing, alert an individual to
important drivers of their lapse risk, and potentially recommend
personalized recovery activities and other supports.

Moment-by-moment personal sensing of intra- and interpersonal
risk factors for alcohol use disorder is already feasible [22-33].
Self-report sensing methods, like ecological momentary
assessment (EMA), offer privileged access into subjective
factors, such as craving, affect, valence, and self-efficacy, that
may be difficult to quantify reliably through other sensing
methods. More novel sensing methods, such as tracking
geolocation and cellular communications, could provide a
window into risk-relevant information difficult to obtain with
self-report. For example, individuals may not have the insight
to report on subtle changes in routine or changes to one’s social
circle. Other information, such as time spent in risky locations,
could not possibly be collected solely by self-report without
drastically increasing the burden of EMA (eg, by increasing the
number of questions or frequency of prompts). Irrespective of
the method used, sensing lapse risk factors can provide ongoing
monitoring that cannot be accomplished in real time by
clinicians and is difficult for patients to implement consistently
on their own.

Machine learning models can predict future alcohol use
[28,33,34] and lapses [32,35] using these sensed features. Our
group has developed a model that uses EMA, collected 4 times
daily, to predict future lapses back to drinking in the next day
[35]. Critically, the model’s performance exceeded general
benchmarks for excellent performance [36], with an area under
the receiver operating characteristic curve of 0.91, when
rigorously assessed on new data from new individuals.

Methods from interpretable machine learning [37] can be used
to identify patient-specific predictors of lapse risk at any moment
in time [35]. These outputs can be anchored within the relapse
prevention model to identify specific interventions and supports
that are risk-relevant for each patient—much like a clinician
would do if they were available in the moment. For example,
during sensed periods of high stress, guided mindfulness and
body scans could be recommended. Moreover, these systems
can harness valuable information that a clinician could not
realistically capture, like real-time changes in activity patterns.
If increased time with risky people or locations is driving lapse
risk, the recovery monitoring support system could provide
information on local Alcoholics Anonymous or other support
meetings.

Beyond exceptional performance and interpretable inputs, it is
imperative that feedback from these machine learning models
is intentionally tailored such that patients use the information
and follow its recommendations. Communication research has
begun to explore how humans communicate with artificial
intelligence and other embedded algorithms [38,39] and how
qualities of these communications influence trust, acceptance,
and the use of “advice” [39-44].

The degree of transparency of the model’s outputs (ie, the
system’s reasoning) is one potential area for tailoring. Research
has demonstrated that making predictions or recommendations
from “black-box” machine learning models more transparent
can improve perceptions, acceptance, and trust of these
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embedded machine learning models [45-51]. In the context of
a recovery monitoring support system, some transparency, such
as revealing key factors driving an individual’s lapse risk, may
also promote patient learning and insight to yield additional
clinical benefits [46,52-54]. However, in some instances, overly
complex or otherwise detailed explanations of how a system
works may erode confidence in that system because incremental
feedback provides more information than necessary, reveals
errors, or leads users to question the system even when it was
correct [45,48,51,52,55-57].

Research also suggests that people are more likely to trust,
prefer, and engage with automated systems that portray
human-like traits, emotions, and intentions [58-60]. Tailoring
the linguistic style and tone may be one way to deliver feedback
in a manner that more closely resembles an authentic supportive
interaction.

Automated communications written with an informal linguistic
style have been shown to be related to higher perceptions of
human-likeness and trust compared to formal styles. However,
this relationship between style and trust is likely
context-dependent. In studies where interactions with automated
agents are more task- and goal-oriented (eg, during a customer
service interaction), informal style was associated with perceived
human-likeness, but not trust or overall satisfaction [61,62].

Substantial research exists on human-written (rather than
automated) supportive messages and advice. Messages written
in tones that acknowledge the recipient’s feelings, help the
recipient feel accepted, validate experiences of distress, and
emphasize the feasibility of following the advice or
recommendation have all been shown to be important [63-65].
Given that people tend to anthropomorphize automated
messaging systems, these tones are likely important when
extending to a supportive messaging system. It is less clear,
however, which tones are most appropriate and would be best
received in the context of a recovery monitoring support system
that delivers important information about lapse risk.

Additionally, important individual differences in linguistic style
and tone preferences exist. Research shows that people tend to
rate automated messages and agents more favorably when they
reflect traits similar to their own (ie, the similarity-attraction
effect [66]). These findings have been demonstrated to exist
broadly at the group level (eg, culture [67], gender [68,69], and
age [70]) and narrowly at the individual level (eg, cognitive and
personality style [71,72]).

In the context of digital mental health applications, more
broadly, promoting trust is important for eventual therapeutic
benefit [73], and mistrust is a key factor in abandonment of
mobile health apps [74]. Moreover, declines in user engagement
are a known issue in the context of digital mental health supports
and may not be exclusively related to trust in the system [75].
Therefore, for a recovery monitoring support system to succeed,
we must first explicitly evaluate and optimize the feedback from
these embedded machine learning models to maximize patient
engagement, trust, and clinical benefit.

Objectives
Our broad goal is to develop a recovery monitoring support
system with personalized daily support messages for people
with alcohol use disorder. In this project, we propose to optimize
the components included in these daily support messages to
increase engagement with the support system.

Our approach is guided by the Multiphase Optimization Strategy
(MOST) framework [76-78]. MOST has become highly
influential for the optimization and evaluation of adaptive and
multicomponent interventions in digital health. Its core
assertions are that (1) interventions should be explicitly
optimized to meet specific criteria; (2) intervention optimization
and intervention evaluation are different phases of research,
pursue different specific aims, and require different
methodological approaches; and (3) the optimization of an
intervention should precede its evaluation. The research in this
project focuses on the MOST optimization phase. Completion
of study objectives sets the stage for future, programmatic
MOST research to evaluate optimized smart digital therapeutics
using appropriate designs (eg, randomized controlled trial) for
subsequent phases of development.

We will manipulate 4 candidate components of daily support
messages that convey transparent, individualized, risk-relevant
information from our machine learning lapse prediction model
to participants. These message components include (1) the user’s
current lapse probability for that day and trends in that daily
lapse probability over the past 2 weeks, (2) an important lapse
feature contributing to their current lapse probability, (3) a
risk-relevant recommendation for a recovery activity to complete
that day, and (4) linguistic style and tone personalization for
the support message. These components use output that would
be available from any machine learning lapse prediction model
such that conclusions about the impact of these components on
engagement can generalize beyond our system.

Models will be optimized on a measure of engagement (days
of engagement with the daily support messages). We will use
a MOST factorial experiment to determine which of the 4
message components encourages individuals to continue
engaging with the support system. We will also look at
secondary optimizing outcomes of trust in the support system,
perceived usefulness of the support messages, and digital
working alliance with the support system, as these are likely to
drive long-term engagement.

In addition to the engagement outcome, we will test message
component effects on clinical outcomes because the risk-relevant
information from our machine learning model may provide
direct benefits to participants through mechanisms other than
engagement (eg, information about relapse processes highlighted
by important model features may promote gradual adaptive
lifestyle and behavioral adjustments that are difficult to
quantify). Message components that either increase engagement
or improve clinical outcomes will be recommended for use in
future recovery monitoring support systems and digital
therapeutics.
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Methods

Overview
The primary goal of this study is to optimize daily support
messages from our Smart Technology for Addiction Recovery
(STAR) recovery monitoring support system to increase
participant engagement with the system. To this end, participants
will receive daily support messages from the STAR system for
16 weeks. We will manipulate 4 separate components of these
support messages independently in a fully crossed, 4-way
factorial, between-subjects design. Each component is
operationalized to be binary (eg, include or exclude) so that
each is either included or excluded in the support message
delivered to the participant. This yields 16 between-subjects
conditions, with each participant assigned to receive support
messages defined by one of these conditions for the entire study
period.

The first 3 components of the support messages involve
personalized information based on output from the lapse risk
prediction model embedded within the STAR system. The three
prediction model-based components are (1) the user’s current
lapse probability for that day and trends in that daily lapse
probability over the past 2 weeks, (2) an important lapse feature
contributing to their current lapse probability, and (3) a
risk-relevant recommendation for a recovery activity to complete
that day.

The fourth component of the support message is linguistic style
and tone personalization. The support messages are created
using a large language model (LLM) that takes the relevant
prediction model-based components as inputs along with a
prompt that dictates the linguistic tone and style of the message.
Participants either receive support messages using a linguistic
tone and style that matches their prespecified preferences or is
yoked to another participant’s preferences.

The primary analyses for this study evaluate the main effects
and 2-way interactions among these 4 message components on
days of engagement with the STAR system daily support
messages. The secondary analyses examine the effects of the
components on other perceptions of the STAR system (message
usefulness, system trust, and system digital working alliance)
and clinical outcomes (eg, days of drinking and heavy drinking
and flourishing).

Participants
Participants must be 18 years of age or older and meet criteria
for alcohol use disorder with at least moderate severity (≥4
Diagnostic and Statistical Manual of Mental Disorders [Fifth
Edition;DSM-5] symptoms). All participants will report a goal
of abstinence from alcohol, with their most recent use of alcohol

between 1 week and 3 months in the past at study intake [79].
Participants with medical and psychiatric comorbidities will
not be excluded. However, participants must be able to read in
English and will be excluded if they have disabilities that
prevent the use of a smartphone (eg, uncorrected vision, hearing
problems, or profound cognitive impairment). Participants must
have a smartphone and cellular plan.

We will recruit 304 individuals to participate for up to 17 weeks.
This includes a 1-week burn-in period to collect input features
prior to using the lapse risk prediction model for personalized
support messages followed by 16 weeks of daily support
messages from the STAR system combined with data collection
of study outcomes. Participants will be recruited using social
media and through laboratory-affiliated treatment centers. A
diverse sample with respect to age, sex, race or ethnicity, and
population density (eg, urban, suburban, and rural regions) will
be recruited. We will track recruitment success and make
ongoing adjustments to meet our target sample characteristics
throughout the recruitment period.

Participants will be paid US $40 for the intake visit and US $20
for phone visits at 8 and 16 weeks into the data collection period.
Participants will also be paid up to US $105 each month on
study for completing daily EMAs (up to US $50 per month
depending on adherence), for sharing geolocation data (US $5
per month), and to offset costs of cell phone service (US $50
per month).

Procedure
Participants will first complete an intake session by phone or
videoconference according to their preference. During this
session, study staff will describe study procedures, requirements,
and participant compensation. Study staff will also confirm the
participant’s alcohol use disorder diagnosis (via module E of
the Structured Clinical Interview for DSM-5) and assess other
inclusion or exclusion criteria to determine study eligibility (eg,
abstinence goal and duration). Eligible participants will be
randomly assigned to 1 of 16 possible message conditions (a
crossed factorial design of 4 message components included or
not included in the messages).

Following the intake session, participants will start to complete
daily EMAs and provide geolocation data. After a 1-week
burn-in period, participants will begin receiving personalized
daily support messages based on output from the lapse risk
prediction model embedded in the STAR system (see Daily
Support Messages section). Participants will continue to
complete EMAs, share geolocation, and receive daily support
messages for 16 weeks following the burn-in period. Participants
will complete 2 phone follow-up visits at 8 and 16 weeks into
this data collection period to measure other study outcomes.
Figure 1 presents a flow diagram of study participation.
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Figure 1. Participant flow diagram. During enrollment, participants are assessed for eligibility and complete baseline measures. Eligible participants
are subsequently randomized to 1 of 16 possible messaging conditions. Each of the 4 message components, lapse probability and trend, important lapse
feature, recovery activity recommendation, and style and tone personalization, can be turned on or off (ie, 2×2×2×2 factorial design). Participants then
immediately begin providing ecological momentary assessment and geolocation data. After a 1-week burn-in period, participants begin receiving daily
support messages. Participants complete 2 follow-up visits at 8 and 16 weeks after messaging begins. Each follow-up visit consists of an interview and
a battery of self-report measures.

Lapse Risk Prediction Machine Learning Model
Following the methods and analysis workflow used in Wyant
et al [35], we have developed a machine learning model that
uses both geolocation and daily EMAs to predict the probability
of a lapse back to alcohol use in the next day. This elastic net
model was trained using approximately 300,000 labeled
observations from 146 participants with moderate to severe
alcohol use disorder [31,35]. Critically, the model has high
combined sensitivity and specificity as indicated by its area
under the receiver operating characteristic curve that exceeds
0.90 for held-out observations (using grouped k-fold
cross-validation). This model can be used to provide both the
probability of a lapse back to alcohol use in the next 24 hours
and the change in that lapse probability over the past 2 weeks
(eg, increasing, decreasing, or stable). A complete description
of the model, including model coefficients and feature
engineering details, is available on the Open Science Framework
(OSF) repository for this project [80].

Local feature importance [37] for risk categories (eg, craving,
stress, and risky situations) is quantified in log-odds using model
coefficients and scores for features within each risk category
that are associated with each model prediction (ie, a predicted
lapse probability for a specific participant on a specific day).
Locally important features are features that substantially increase
or decrease the predicted probability of a lapse for that
participant at that time from the aggregate lapse probability (ie,
average probability across all participants and times in the
original training data). We consider features that increase or
decrease the log-odds of a lapse by >|0.1|, clinically important
for binary classification models [37]. By extracting local (ie,
for a specific, single prediction) feature importance, we can use
the model to determine not only the probability of a lapse and

its change over time but also information about why that lapse
is likely or unlikely to happen.

Our model features tap into key constructs from the relapse
prevention model such as craving, affect, stressors, lifestyle
imbalances, high-risk situations, self-efficacy or confidence,
and abstinence violation effects. This allows us to use the relapse
prevention model to identify interventions and other supports
that are personally relevant to that participant at that moment
in time to address their risk. Following methods implemented
by Fisher et al [81] and Fernandez et al [82] (also see [83-86]),
combinations of lapse probability (categorized into low,
moderate, or high risk) and important feature categories are
mapped to specific recommendations using a mapping matrix
based on clinical expertise guided by the relapse prevention
model. Combinations of lapse probability and important features
(ie, cells of the mapping matrix) often map to more than 1
appropriate module. For example, if craving is important and
lapse probability is low, multiple useful urge management
recommendations exist (eg, guided urge surfing and distracting
games and activities). Thus, this procedure allows us to use the
lapse prediction model to identify the set of interventions and
supports that are most personally relevant to the participant at
that moment in time, given their recent experiences, current
lapse probability, and important risk features.

Daily Support Messages

Overview
All participants will receive daily support messages beginning
after the 1-week burn-in period. Each day, participants are sent
an SMS text message that will contain a Qualtrics (Qualtrics
XM) link. The daily support message is accessed and viewed
or read in Qualtrics by clicking on that link. The use of Qualtrics

JMIR Res Protoc 2025 | vol. 14 | e81697 | p. 5https://www.researchprotocols.org/2025/1/e81697
(page number not for citation purposes)

Wyant et alJMIR RESEARCH PROTOCOLS

XSL•FO
RenderX

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


to display the support message allows us to have a time-stamped
confirmation that the support message has been accessed that
day. Text messages with this Qualtrics link will be sent out at
5 AM each morning in the participant’s own time zone so that
the support message is available at the start of the new day upon
waking. A reminder is also sent by text message at 11 AM and
4 PM if the participant has not yet accessed the support message
in Qualtrics by those times.

The support messages are generated for each participant each
night using an LLM (GPT-4o) that is accessed by the STAR
system through the Microsoft 365 Copilot application
programming interface. LLM prompts and example messages
are provided on the OSF repository for this project [80]. The
core of each support message is a simple statement that
encourages the participant to engage with their recovery that
day. In addition to the core statement, the message may include
up to 4 additional components of personalized information
derived from their linguistic tone or style preferences and the
lapse risk prediction model to guide their recovery efforts that
day. These components are (1) their current lapse probability
for that day and trends in that daily lapse probability over the
past 2 weeks, (2) an important lapse feature contributing to their
current lapse probability, (3) a risk-relevant recommendation
for a recovery activity to complete that day, and (4) linguistic
style and tone personalization. These 4 message components
are operationalized as follows.

Current Lapse Probability and Trends in Daily Lapse
Probability Over the Past 2 Weeks
If included, the support message will contain categorical
information about the participant’s lapse probability in the next
24 hours based on output from the lapse risk prediction model.
Lapse probability will be provided using a 3-level categorization
of “low risk” (P≤.05), “moderate risk” (.05<P≤.20), or “high
risk” (P>.20). These probability cut points were determined
both from clinician input and distributional information in the
sample of 151 participants with alcohol use disorder where we
developed our model [35]. The cut points represent
approximately the 10th and 60th percentiles in the overall
distribution of the ~300,000 observed probabilities. The decision
to convey lapse probability categorically (rather than
numerically) follows current best practice recommendations to
avoid complex numerical probability statements, especially for
those with low numeracy, and provide the minimal information
needed for individuals to assess the magnitude of risk, weigh
options, and act [87-91]. It also follows the format from an
existing app that characterizes the risk associated with various
blood alcohol concentration levels [92].

If included, the support message will also contain categorical
information about the trend in the predicted probabilities of a
lapse over the past 2 weeks. Lapse probability change will be
reported using a 3-level categorization of “decreasing risk”
(lapse probability decreases by ≥.05 over 2 weeks), “increasing
risk” (probability increases by ≥.05 over 2 weeks), or “stable
risk” (probability changes by <.05 over 2 weeks). Lapse
probability change is quantified as the difference in mean weekly
predicted lapse probability over the 2 previous weeks (ie, week
2 mean–week 1 mean). We use a simple weekly mean difference

to capture both linear and more complex (eg, increasing
monotonic) trends across these 2 weeks. The 2-week lapse
probability trend is provided because trajectory information
may make subtle changes in risk level more apparent, can relieve
cognitive load associated with monitoring over time, and can
provide incremental value beyond absolute risk levels alone
[93]. The decision to convey this information categorically
follows the same best practice recommendations as for lapse
probability [87-92].

Important Lapse Feature
If included, the support message will contain a description of
1 important model feature category that contributes to the
participant’s predicted lapse probability that day. The feature
category will be selected from among the set of important
feature categories that day as defined based on the categories’
log-odds values (ie, feature categories that increase or decrease
the log-odds of a lapse by >|0.1|). Among this set of important
features, features will be ranked or sorted by how often they
have been included in recent support messages and then the
magnitude of their importance score. This will prioritize
providing the participant with information about new but also
important risk features. We include this message component
because providing risk feature information may help participants
both identify which issues to target for change and select
appropriate support tools matched to these issues [94]. Emerging
best practices from interpretable machine learning suggest that
this information may make the machine learning model less of
a “black box,” which may build trust, or allow individuals to
engage more thoughtfully (eg, questioning false positives and
scrutinizing model behavior) and gain insight [95-97].

Risk-Relevant Recommendation for a Recovery Activity
If included, the support message will contain a suggestion to
consider completing a specific recovery activity that has been
identified by the lapse risk prediction model as personally
risk-relevant, given their lapse probability and important model
features. All recovery activities are drawn from existing
empirically based treatment protocols for relapse prevention,
including matrix [98], cognitive-behavioral coping skills therapy
[99], and motivational enhancement therapy [100]. As with the
feature information mentioned earlier, when multiple
risk-relevant recovery activities are available and appropriate,
given the lapse risk prediction model output, activities that have
not been recommended recently will be selected. We include
this message component following best practice suggestions to
pair risk information with specific action recommendations to
address the risk [101]. This component follows directly from
the guiding thesis of our research that improved clinical
outcomes will result from increases in adaptive, personally
relevant engagement rather than simply more engagement. This
component also follows recent examples of digital therapeutics
that used machine learning prediction models to generate
intervention recommendations for medical or health issues other
than alcohol use disorder [102,103].

Linguistic Style and Tone Personalization
In addition to the relevant lapse risk prediction model–based
message components for that participant, the LLM prompt for
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support message creation also includes details about the
linguistic style (formal or informal) and tone (legitimizing,
caring and supportive, self-efficacy support, acknowledging,
value affirming, and normalizing) for the support message.
These styles and tones were selected based on research on
linguistic factors that can affect the acceptance and use of advice
during algorithmic or computer-mediated communications
[44,104], medical decision-making [105-107], and
communications more generally [108-111].

At intake, participants rate how much they would like to receive
messages written in each of the available tones and styles
independently on a 7-point Likert scale with 1=strongly disagree
and 7=strongly agree as anchors. Participants are assigned to
either receive support messages matched to their preferences

(ie, across days, support messages will be written using any of
the tones or styles that were rated higher than the neutral
midpoint of the scale) or yoked to receive messages that match
the preferences of another participant.

Measures

Overview
Detailed descriptions of the measure items, sources, and
administration are available on the project’s OSF repository
[80]. Our description of study measures is organized into 5
categories: demographic and other stable characteristics, lapse
prediction model inputs, primary or optimization outcome,
secondary system outcomes, and secondary clinical outcomes.
A summary of these measures is also presented in Table 1.

Table 1. Measure constructs, sources, frequency, and use.

Measure useMeasurement frequencySourceConstructs

Model inputContinuousFollowMee appGeolocation

Model inputDailyEMAaDaily experiences and events (eg,
craving, affect, stressors, and risky
situations)

Primary or optimization outcomeDailyConfirmation support message ac-
cessed

System engagement

Baseline characterization or covari-
ate

Intake visitLaboratory-createdDemographics

Baseline characterization or covari-
ate

Intake visitDiagnostic and Statistical Manual
of Mental Disorders (Fifth Edition)

Alcohol use disorder symptoms

Baseline characterization or covari-
ate

Intake visitLaboratory-createdAlcohol use history

Baseline characterization or covari-
ate

Intake visitWorld Health Organization’s Alco-
hol, Smoking, and Substance In-
volvement Screening Test

Lifetime substance use

Baseline characterization or covari-
ate

Intake visitAdapted from Propensity to Trust
Questionnaire and Trust in Automa-
tion Scale

Trust in automated systems

Secondary system outcome8- and 16-week follow-up visitsLaboratory-createdMessage usefulness

Secondary system outcome8- and 16-week follow-up visitsAdapted from Trust of Automated
Systems Test and Trust in Automa-
tion Scale

System trust

Secondary system outcome8- and 16-week follow-up visitsDigital Working Alliance InventorySystem digital working alliance

Secondary clinical outcome8- and 16-week follow-up visitsAlcohol Timeline Follow-Back and
EMA

Number of drinking days (past 30
days)

Secondary clinical outcome8- and 16-week follow-up visitsAlcohol Timeline Follow-Back and
EMA

Number of heavy drinking days
(past 30 days)

Secondary clinical outcomeIntake and 8- and 16-week follow-
up visits

Generalized Anxiety Disorder-7Anxiety

Secondary clinical outcomeIntake and 8- and 16-week follow-
up visits

Patient Health Questionnaire-9Depression

Secondary clinical outcomeIntake and 8- and 16-week follow-
up visits

Flourishing MeasureHuman flourishing

Secondary clinical outcomeIntake and 8- and 16-week follow-
up visits

Multidimensional Inventory of Re-
covery Capital

Recovery capital

aEMA: ecological momentary assessment.

JMIR Res Protoc 2025 | vol. 14 | e81697 | p. 7https://www.researchprotocols.org/2025/1/e81697
(page number not for citation purposes)

Wyant et alJMIR RESEARCH PROTOCOLS

XSL•FO
RenderX

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


Demographic and Other Baseline Characteristics
At the intake visit, we will collect self-report information about
demographics (age, sex at birth, gender identity, sexual
orientation, race, ethnicity, household income, education level,
marital status, and number of individuals living in the
household), DSM-5 alcohol use disorder symptoms, general
alcohol use history characteristics (eg, age of first use, years of
regular use, number of quit attempts, and previous treatment
received), and lifetime substance use (World Health
Organization’s Alcohol, Smoking and Substance Involvement
Screening Test [112]). We also measure individual differences
in generic trust in automated systems using a subset of items
from the Propensity to Trust Questionnaire (6 items [113]) and
the Trust in Automation scale (7 items [114]).

Lapse Prediction Model Inputs
Input features for the lapse risk prediction model are engineered
from two sources: (1) 1 time daily EMA and (2) passively sensed
geolocation. Participants will complete 1 brief (less than 1
minute to complete) EMA each day. EMAs will be sent to the
participant by SMS text message at 5 PM each night in the
participant’s own time zone. These SMS text messages will
include a link to a Qualtrics survey optimized for completion
on their smartphone. A reminder to complete the survey is sent
by text message at 7 PM if a participant has not yet completed
it.

On each EMA, participants will report their current mood (ie,
affective valence and arousal), their peak alcohol craving since
their last EMA, and the occurrence and intensity of any positive
events and any stressors or hassles since their last EMA. They
also report how likely they are to encounter risky situations
(people, places, or things) and pleasant and stressful events in
the next week and how confident they are about abstaining from
alcohol use in the next week. They conclude each EMA by
reporting any alcohol use that they have not yet reported, the
time of the start of that use, the duration of the drinking episode,
and the number of drinks consumed.

Participants’ location will be continuously sensed passively
using the FollowMee (FollowMee LLC) geolocation tracking
app. We will increase the predictive signal from geolocation by
gathering contextual information about the locations that
participants visit frequently (≥2 times per month). For frequent
locations, participants will report the location type (eg, home
of friend, bar, restaurant, workplace, and Alcoholics Anonymous
meeting location), if alcohol is typically present at that location,
if they drank there previously, their typical emotional experience
at that location (pleasant, unpleasant, mixed, or neutral), and
the perceived risk to their recovery associated with that location.
This contextual information can be gathered quickly by
appending these additional questions about a newly detected
frequent location to their next daily EMA.

Primary or Optimization Outcome
Our primary outcome for this study is STAR system
engagement. System engagement is measured by counting the
days that participants access the daily support message by
following the link to the support message provided to them by
text message. We will calculate message engagement scores

that count the number of days the support message is accessed
across the full 16 weeks of data collection. Support message
engagement serves as the optimization outcome for this study.

Secondary System Outcomes
We measure 3 secondary STAR system outcomes at 8 and 16
weeks into the data collection period: daily support message
usefulness, system trust, and system digital working alliance.
Daily support message usefulness is measured with 7 items
scored on a 7-point Likert scale. These items ask participants
to rate the perceived helpfulness, general liking, and personal
relevance of the messages [115-118]. Trust in the overall STAR
recovery monitoring support system is measured with 10 items
scored on a 7-point Likert scale. These items come from the
Trust of Automated Systems Test (9 items [119]) and the Trust
in Automation scale (1 item [114]). The system digital working
alliance between the participant and the STAR system is
measured with the Digital Working Alliance Inventory [120].
This measure consists of 6 items measured on a 7-point Likert
scale.

Secondary Clinical Outcomes
We will measure 2 primary clinical outcomes recommended by
the Food and Drug Administration [121] for the evaluation of
interventions for alcohol use disorder: number of drinking days
and number of heavy drinking days in the past 30 days. These
2 outcomes are quantified at 8 and 16 weeks into the data
collection period. Information about participant alcohol use is
obtained from 2 sources. First, participants report episodes of
alcohol use in the daily EMAs as described earlier. Second,
study staff conduct a 30-day alcohol Timeline Follow-Back
(TLFB) procedure [122] at the study phone visits at 8 and 16
weeks in the data collection period. The TLFB procedure is a
calendar-assisted retrospective reconstruction of how many
standard alcoholic drinks were consumed by the participant
each day in the assessment period. This procedure is further
enhanced by adding previously reported drinking episodes
(dates, times, and number of drinks) from the daily EMAs to
the calendar used with the participant. This provides an
opportunity to validate those previous reports and collect any
additional drinking episodes that may have been missed by the
EMAs. The number of drinking days is defined as the number
of days that any alcohol is consumed during the relevant 30-day
period. The number of heavy drinking days is defined as the
number of days that more than 3 or 4 standard drinks are
consumed for women and men, respectively, during the relevant
30-day period. The TLFB will also be administered by study
staff during the intake visit to determine inclusion or exclusion
criteria (ie, time since last drink).

We will also collect secondary measures of anxiety (General
Anxiety Disorder-7 [123]), depression (Patient Health
Questionnaire-9 [124]), human flourishing (total score and
subscales from the Flourish Measure [125]), and recovery capital
(Multidimensional Inventory of Recovery Capital [126]). Each
of these measures will be collected at intake and at 8 and 16
weeks into the data collection period.
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Data Analytic Plan

Overview
All data preprocessing, visualization, and exploratory analyses
will be done using the tidyverse ecosystem [127] in R (R
Foundation for Statistical Computing). General or generalized
mixed effects models will be fit using the lme4 package [128]
in R. Multiple imputation will be performed using the mice
package [129].

Primary Analyses
MOST [77] highlights the importance of optimizing any
intervention prior to evaluating it with a formal randomized
controlled trial. The goal of this project is to optimize support
message components in the STAR system by identifying which
of the several message components increase engagement with
the daily support messages. Such information will be crucial to
develop future digital therapeutics for alcohol and other
substance use disorders that use personalized supportive
messages based on machine learning lapse risk prediction
models.

Collins [130] advocates for the use of the factorial experiment
as a highly efficient and powerful design to optimize
intervention components generally. We use this design to
evaluate the effects of our 4 message components (current lapse
probability and trends in daily lapse probability over the past 2
weeks, important feature contributing to current lapse
probability, risk-relevant recommendation for a recovery
activity, and linguistic style and tone personalization) on the
primary or optimization outcome (count of days of support
message engagement) measured at the end of the data collection
period (week 16). The goal of these analyses is to determine
the effect of each support message component and whether the
effect of one component varies depending on the level or setting
of another component (eg, Is the effect of a recovery activity
recommendation greater if given in combination with lapse
probability or an important feature?).

We will analyze support message engagement in a generalized
linear model (with Poisson or negative binomial distribution
dependent on the distribution diagnostics for the count data).
We will use unit-weighted orthogonal contrasts to code for main
effects and 2-way interactions among the 4 message
components. Support message engagement will be indexed as
the count of days on which the support message was accessed
by the participant across the full 16 weeks in the data collection
period. Baseline covariates will be included in the model, as
described in the Covariates section. This analysis will include
all participants who were randomized into the study, following
intention-to-treat principles. If participants discontinue use of
the STAR system during the data collection period, they will
get a 0 for each subsequent day they do not engage with the
message.

Secondary Analyses
Analyses for secondary outcomes will follow the same analytic
plan as for the primary analyses but will use the secondary
outcomes (eg, daily support message usefulness, system trust,
system digital working alliance, and clinical outcomes) as the

outcome variable. These analyses will allow us to determine
whether the effects of message components on engagement also
extend to other perceptions of the STAR system and clinical
outcomes. The error distribution (Gaussian, Poisson, and
negative binomial) for these generalized linear models will be
selected based on the distribution of the outcome variable. These
secondary analyses will use mean scores for each outcome
across the 16 weeks (ie, average of scores at 8 and 16 weeks)
as the dependent measure because the effects of time are not a
primary focus, given the relatively short duration of the study.
These analyses will only include participants who provided at
least 1 measurement for the secondary outcomes during the data
collection period (ie, at 8 or 16 weeks). For participants missing
1 measurement, scores will be imputed using multiple
imputation (see Missing Data section).

Covariates
The use of covariates has been demonstrated to improve
estimation efficiency and increase power to test parameter
estimates in linear models [131-135]. Given this, the inclusion
of baseline characteristics measured prior to assignment to levels
for message components will be considered as covariates in the
primary and secondary analyses. When available, the baseline
scores associated with the study outcome for each model (eg,
baseline flourishing for the model examining flourishing) will
be included in the model to control for baseline differences on
that measure. In addition, following well-established practices
in our laboratory [136-138], other baseline characteristics (eg,
demographics and alcohol use or history measures and baseline
scores on other outcomes) will be included in the model if they
demonstrate a significant relationship with the outcome variable
for that model, independent of (ie, controlling for) message
component effects. This allows for the selection of covariates
that will increase statistical power but not bias the parameter
estimates for the message component effects.

Sample Size Planning
The primary optimization outcome (count of days of support
message engagement) will be analyzed in a generalized linear
model (with Poisson or negative binomial distribution) and
contrast coding for the main effects and 2-way interactions of
the 4 message components. We planned the sample size for this
study by simulating the power to detect main effects or
interactions of the message components across varying effect
sizes and baseline (all message components off) support message
engagement rates. We simulated count data using the Poisson
distribution for support message engagement across 112 days
(16 weeks), with λ (mean count for distribution) calculated as
the number of days of observation multiplied by the baseline
engagement rate. We added a message component effect to
these data by increasing the count to reflect an increased rate
of support message engagement across days (eg, on 5% more
days) when the component was included in the support message.
These simulations indicated that 304 participants would provide
85% power to detect a message component main effect or
interaction that increased support message engagement rates by
3% of days when the baseline engagement rate was 85% of
days. Power was higher still when message effects were larger
(ie, >3%) or the baseline engagement rate was lower (eg, <85%
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of days). We believe that message components that increase
engagement rates by less than 3% would not be sufficiently
large to warrant including that component in future versions of
the STAR system. Furthermore, if baseline engagement exceeds
85%, there would not be much need for support messages to
increase engagement further. Therefore, we believed these
bounds to be appropriate to represent the minimal clinically
meaningful contribution from message components. It should
also be noted that this power estimate is likely conservative
because it does not include potential covariates that will be
included in the analysis model.

Missing Data
We pursue a variety of methods to minimize biases that can
occur when participants are dropped from analyses because of
discontinued participation or missing data. First, we follow
guidelines and procedures that have been recommended for
clinical trials [139,140].

Second, our primary optimization outcome (support message
engagement) will use all participants who were randomized to
the study because days of support message engagement can be
measured for all participants who were randomized, even if they
do not complete the full 16 weeks of data collection.

Third, our Food and Drug Administration–recommended clinical
outcomes (days of drinking and heavy drinking) are somewhat
robust to missing data because they can be scored independently
from 2 separate methods (daily EMA and TLFB at 8- and
16-week visits). Ideally, both measurement methods will
contribute to the most reliable measurement of these outcomes.
However, either is sufficient to score these clinical outcomes
and can be used in isolation if the other method is missing (due
to missing periods for daily EMA or missing study visits).

Finally, our secondary analyses use outcomes that are averaged
across 2 measurement periods. This will provide a more reliable
measurement for the outcomes. In instances where participants
are missing a measurement, we will use multiple imputation to
estimate the missing score. Multiple imputation does not attempt
to estimate each missing value with a single imputed value but
instead uses a random sample of imputed values. This allows
for valid statistical inferences that properly reflect the
uncertainty that results from missing values, such as valid SEs
and CIs for parameters [141]. In brief, we will use mice to
impute missing values in the dataset using predictive mean
matching. Five distinct imputed datasets will be generated.
Relevant statistical models for each secondary analysis will be
fit to these imputed datasets, and parameter estimates will be
averaged.

Ethical Considerations
The institutional research board of the University of
Wisconsin-Madison Health Sciences approved this project (IRB
#2024-0869). All participants will provide written informed
consent and will be told they can discontinue at any time without
penalty. Participants will share location data through the use of
a third-party app (FollowMee). Their location data will only be
identified by a randomly generated Device ID created when the
app is installed. Location data are encrypted and sent to the
FollowMee servers, where it will be automatically deleted after

14 days. The University of Wisconsin Cybersecurity Office has
reviewed the FollowMee software, its security practices, data
loss history, and encryption system for transmitting data and
judged the risk of a data breach to be low. All raw data
(including geolocation) will be stored on Health Insurance
Portability and Accountability Act (HIPAA)–compliant servers
protected behind a firewall. Raw data will be labeled with an
anonymous study identification number. We also have obtained
a certificate of confidentiality, which prevents the disclosure of
identifiable, sensitive research information to anyone not
connected to the study except with explicit consent by the
participant. While we use an LLM to generate personalized
support messages, no identifiable participant data will be passed
into the LLM. It will only be given up to 4 pieces of information
about the participant: lapse probability (high, moderate, or low),
trend in lapse probability (increasing, decreasing, or stable),
one important lapse feature category selected from several
categories, and preferences for style and tone.

Results

The National Institute on Alcohol Abuse and Alcoholism funded
this project (R01AA031762) on August 9, 2024, with a funding
period from August 20, 2024, to July 31, 2029. Enrollment will
begin in December 2025. We plan to recruit participants for
approximately 3 years.

Discussion

Clinical observation and research suggest that successful
recovery from alcohol use disorder requires long-term and
perhaps lifelong self-monitoring of lapse risk. Self-monitoring,
however, is difficult given the dynamic and complex interplay
of numerous risk factors over time.

Machine learning lapse prediction models are now emerging.
Recovery monitoring support systems that synthesize these
developments can potentially guide patients toward personally
risk-relevant engagement that is adaptive, efficient, and more
effective. Research is needed to determine the optimal feedback
from embedded machine learning prediction models such that
patients make the best use of these automated capabilities.

The optimization study in this project is guided by the MOST
framework. The research in this project focuses on the MOST
optimization phase. We propose to optimize feedback from a
lapse prediction model (via daily engagement messages) both
to increase engagement with a recovery monitoring support
system and to improve clinical outcomes. We will evaluate the
effects of 4 message components (lapse probability or lapse
probability change, an important feature, a risk-relevant module
recommendation, and tone personalization) that comprise the
daily engagement messages and can make the output from our
machine learning model more transparent to participants.
Completion of our specific aims sets the stage for future,
programmatic MOST research to evaluate optimized recovery
monitoring support systems using appropriate designs (eg,
randomized controlled trial) for that subsequent phase of
development.
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Additionally, the optimization components use output that would
be available from any machine learning lapse prediction model
such that conclusions about the impact of these components on
engagement can generalize beyond our specific machine learning
model. Similarly, engagement messages including these message
components could be used in any recovery monitoring system

or digital therapeutic for alcohol use disorder, allowing
conclusions to generalize to current and future system variants.
At the conclusion of the grant period, we will also deliver this
optimized recovery monitoring support system as a tangible
product and model for how to embed sensing and machine
learning into other existing systems.
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