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Abstract

Background: Adults experiencing homelessness have much higher rates of alcohol misuse than 

housed individuals. This study describes the development and preliminary effectiveness of a 

smartphone-based, just-in-time adaptive intervention (JITAI) to reduce alcohol use among adults 

experiencing homelessness.

Methods: We conducted a pilot trial (N = 41; mean age [SD] = 45.2 [11.5]; 19.5% women) of 

the Smart-T Alcohol JITAI where participants completed brief ecological momentary assessments 

(EMAs) each day, received personalized treatment messages following each EMA, and accessed 

on-demand intervention content for 4 weeks. The prediction algorithm and treatment messages 

were developed based on an independent but similar sample as part of the trial. We examined 

three drinking outcomes: daily drinking (yes/no), drinks per day, and heavy episodic drinking, 

controlling for scores on the Alcohol Use Disorders Identification Test (AUDIT) at baseline, age, 

and sex using quadratic growth curve models.

Results: Over the 4-week period, participants showed a decline in all alcohol use outcomes. 

Participants also reported high levels of satisfaction with the JITAI.

Conclusions: Use of the Smart-T Alcohol JITAI was well received and provided encouraging 

evidence that it may reduce any drinking, drinks per day, and heavy episodic drinking among 

adults experiencing homelessness.

Correspondence Scott T. Walters, Department of Health Behavior and Health Systems, School of Public Health, University of North 
Texas Health Science Center, 3500 Camp Bowie Blvd., EAD 709, Fort Worth, TX 76107-2699, USA. scott.walters@unthsc.edu. 

CONFLICT OF INTEREST
MSB is an inventor of the Insight mHealth Platform and receives royalties related to use of this platform. However, MSB did not 
receive royalties for the use of the platform for this study.

SUPPORTING INFORMATION
Additional supporting information can be found online in the Supporting Information section at the end of this article.

HHS Public Access
Author manuscript
Alcohol Clin Exp Res. Author manuscript; available in PMC 2022 September 25.

Published in final edited form as:
Alcohol Clin Exp Res. 2022 September ; 46(9): 1732–1741. doi:10.1111/acer.14908.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



Keywords

alcohol; ecological momentary assessment; homeless; just-in-time adaptive intervention; treatment

INTRODUCTION

In 2020, more than 580,000 people in the United States experienced homelessness on a 

given night (United States Department of Housing and Urban Development, 2021). The 

2020 statistics on homelessness show a fourth consecutive year of increase in the number 

of people experiencing homelessness, including a substantial increase in the number of 

people who are chronically homeless. People experiencing homelessness are more likely to 

be men, African American, and have an average life expectancy that is substantially shorter 

than domiciled adults (Morrison, 2009; United States Department of Housing and Urban 

Development, 2021). One primary contributor to the increased morbidity and mortality is the 

elevated rates of alcohol use: Adults experiencing homelessness are up to eight times more 

likely than adults in the general population to have an alcohol use disorder (AUD; Hasin et 

al., 2007; Fazel et al., 2008). In addition to exacerbating health risks, alcohol use contributes 

to the onset and chronicity of homelessness by inhibiting progress toward employment, 

housing, and a better quality of life (North et al., 1998; United States Conference of Mayors, 

2008).

People experiencing homelessness face several barriers to engaging in AUD treatment, 

including lack of stable housing (Wenzel et al., 2001), fractured social networks (Kertesz et 

al., 2006), and high rates of co-occurring disorders (Gonzalez & Rosenheck, 2002; Neisler 

et al., 2019; Reitzel et al., 2020). In fact, many of the barriers to access alcohol treatment 

in the general population are exacerbated for people experiencing homelessness, including 

lengthy waitlists, cost, and transportation problems (Brubaker et al., 2013; Upshur et al., 

2018). At the same time, key factors that would ordinarily predict success in AUD treatment 

(e.g., good health status, higher socioeconomic status, and no co-occurring disorders) are 

less prevalent among people experiencing homelessness (Moos & Moos, 2007). Moreover, 

AUDs tend to be highly dynamic, with multiple individual and contextual factors influencing 

alcohol use (Maisto et al., 2014; Morgenstern et al., 2014). This may be especially true for 

people experiencing homelessness, whose environments tend to be less structured and whose 

social networks are often saturated with people who drink heavily (Rhoades et al., 2011; 

Wenzel et al., 2009).

Smartphone-based interventions offer numerous advantages over traditional service delivery 

methods for this population, including portability, personalization, and easy access in real-

world contexts (Ali et al., 2016; Carreiro et al., 2020; Kazemi et al., 2017; Marcolino et 

al., 2018). A majority of people experiencing homelessness already own mobile phones, 

with rates approaching 80% in some studies (Heaslip et al., 2021), and charging stations 

widely available in locations such as homeless shelters and libraries. Moreover, this number 

is expected to increase with US government programs now providing free smartphones 

and data plans to eligible low-income adults (https://www.safelinkwireless.com/). People 

who are homeless report the value of having a smartphone in terms of maintaining 

Walters et al. Page 2

Alcohol Clin Exp Res. Author manuscript; available in PMC 2022 September 25.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript

https://www.safelinkwireless.com/


social connections, the ability to reach healthcare providers, and the ability to obtain help 

when needed (Heaslip et al., 2021). Thus, smartphone interventions have the potential for 

significant public health impact in this group given the majority access to smartphones, 

reduced access to traditional interventions, and high need.

Despite the proliferation of mHealth interventions, relatively few studies have examined 

the effectiveness of smartphone-based apps for adults with alcohol misuse, and none, to 

our knowledge, have been tested specifically among adults experiencing homelessness. A 

2020 review identified 19 unique smartphone apps designed to reduce alcohol use that 

had been evaluated for effectiveness (Colbert et al., 2020). Of the seven apps designed 

for adults with AUD, only three were evaluated in randomized clinical trials (Colbert 

et al., 2020). One app that focused on individuals entering residential alcohol treatment, 

the Addiction-Comprehensive Health Enhancement Support System (A-CHESS), reduced 

heavy drinking days across the intervention window and at follow-up, relative to usual 

care (Gustafson et al., 2014). The A-CHESS app included advice, motivational messages, 

on-demand resources, a GPS alert when approaching high-risk locations, and the ability 

to alert key people if relapse was imminent. We are not aware of any smartphone-based 

interventions that have been designed specifically for adults with alcohol misuse who are 

experiencing homelessness.

This paper reports on the development and preliminary effectiveness of a smartphone-

based just-in-time adaptive intervention (JITAI) for reducing alcohol use among people 

experiencing homelessness–Smart-T Alcohol (Businelle et al., 2020). Like A-CHESS, 

Smart-T Alcohol provides on-demand motivational messages to help people avoid or reduce 

drinking. In addition, Smart-T Alcohol assesses momentary risk factors for imminent 

drinking via EMA and automatically delivers tailored messages at the end of each EMA 

based on individual and contextual factors, including current drinking goal (if any), time of 

day, and imminent risk factors for drinking (Walters et al., 2021). This approach directly 

targets real-time influences on alcohol use without having to rely on treatment providers or a 

sober social support network, neither of which may be present for these individuals.

The Smart-T Alcohol trial had three phases. In the first phase previously reported, we 

collected EMA data from 78 adults experiencing homelessness (mean age [SD] = 46.6 

[9.2]; 15.4% women) who reported hazardous drinking (Walters et al., 2021). Participants 

completed up to five EMAs per day for 4 weeks. The first assessment was prompted 30 min 

after the participant's self-reported waking time, and four were prompted at random times 

throughout the day. Participants were also asked to self-initiate an assessment if/when they 

were about to drink.

In Phase 2, we used Phase 1 data to develop algorithms and messages that could be used in 

real-time to predict and intervene with drinking. First, we used a predictive machine learning 

model to test 36 potential event-level covariates, which were reduced to the following 

seven variables: urge to drink, alcohol easily available, confidence that alcohol would 

improve mood, feeling depressed, low commitment to being alcohol-free, not interacting 

with someone drinking alcohol, and being indoors. The final prediction model correctly 
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predicted 82% (i.e., sensitivity) of imminent alcohol use episodes within 4 h of the first 

drink of the day and correctly identified 76% of nondrinking episodes (i.e., specificity).

We then developed a database of 839 messages that provided both automated and on-

demand content. Automated messages were tailored to a person's current risk of drinking 

as determined by the risk algorithm which took into account the probability of drinking 

based on the prediction model (i.e., Low vs. High Risk), participants' self-assessment 

of their drinking probability (i.e., likely to drink today) or actual drinking (i.e., already 

drank), and leading momentary imminent risk indicators (i.e., urge to drink, negative mood, 

and social/availability of alcohol). Individuals with low imminent drinking risk received 

Level-1 messages, which were focused on general wellness, for instance, spending time 

with supportive people, setting and achieving goals, and engaging in healthy behaviors. 

Individuals who were deemed at risk of imminent drinking received Level-2 messages that 

were tailored to (1) the person's imminent risk indicators and (2) current drinking goal. 

People whose drinking goal was to stay sober versus moderate their drinking received 

appropriate messages that were tailored to that goal. People who were at high risk of 

imminent drinking but did not have a current drinking goal received Level-4 messages that 

encouraged them to reconsider their need for change. Participants who already drank that 

day received either Level-4 messages focused on motivation (if they indicated no current 

drinking goal) or Level-3 messages focused on reframing the drinking episode as a learning 

experience and offering strategies to handle situations differently in the future. We further 

refined messages based on time of day (i.e., morning messages focused on planning, mid-

day messages focused on immediate activities, and evening messages focused on reflection 

on the day's activities). For instance, if a person's risk of imminent drinking was estimated 

to be high (Level 2), the highest-rated drinking trigger was negative mood, and the person's 

drinking goal for the day was to stay sober (e.g., avoid all drinking), a message in the 

morning might be phrased:

• Make sure you are avoiding “dead time” today. Keep yourself busy with things 

you enjoy and take your time to do things well. If you are busy and engaged in 

your work, you are more likely to stay sober.

On the contrary, if a person's imminent risk was estimated to be high, the leading risk 

indicator was social/availability, and the person's drinking goal was to cut back or moderate 

their drinking, a message might be phrased:

• Try to avoid people, places, and things that remind you of drinking. Seek out 

people and situations that make it easier for you to cut down on drinking.

Finally, on-demand messages (“tips”) could be accessed at any time on a variety of topics, 

such as the benefits of sobriety and ways to manage urges, mood, availability of alcohol, 

diet, physical activity, sleep, and safety. Figure 1 shows screenshots of the Smart-T Alcohol 

homescreen, a sample message, and the tips menu.

The current study reports the results of a single-arm pilot trial (Phase 3) of the Smart-T 

Alcohol JITAI using an independent but similar sample to the one used to develop the 

prediction model, algorithms, and treatment messages (for more information, see Appendix 

S1). Since this was a single-arm trial, we report changes in the probability of any drinking, 
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probability of heavy drinking, and drinks per day during the 28 days of the intervention 

period.

MATERIALS AND METHODS

Participants and procedures

Participants were recruited from a homeless shelter in a major metropolitan area of the 

United States. Eligible participants (1) scored eight or more on the Alcohol Use Disorders 

Identification Test (AUDIT; Saunders et al., 1993); (2) consumed at least one standard drink 

in the past week; (3) were receiving services at the homeless shelter; (4) agreed to complete 

the baseline and follow-up visits; (5) scored >6th-grade English literacy on the REALM-SF 

(Arozullah et al., 2007); and (6) scored ≥24 on the Mini-Mental State Exam (Tombaugh 

& McIntyre, 1992). Approximately 5 days after the baseline interview, participants 

attended a setup visit where they received the phone. Phones were Samsung S3 or S7 

models preloaded with an app developed using the Insight™ mHealth platform (https://

healthpromotionresearch.org/Mobile-Health-Technology). We provided phones because at 

the outset of the study, smartphone ownership and model compatibility were not always 

assured. Thereafter, participants completed up to five EMAs each day for 28 days. Figure 2 

shows the CONSORT participant flowchart.

A total of 41 participants (mean age [SD] = 45.2 [11.5]; 19.5% women) completed the 

setup visit where they received the phone. There were no significant differences between 

those who completed the setup visit and those who did not. Participants were paid $25 for 

completing the baseline assessment, $25 for completing the 4-week follow-up assessment, 

up to $25 per week for completing EMA assessments (based on percent completed), and $25 

for returning the equipment at the end of the study. Data collection took place from August 

2020 to July 2021. This study was registered at ClinicalTrials.gov (NCT03746808), and the 

North Texas Regional IRB approved the research protocol.

Measures

Alcohol outcomes—Alcohol outcomes included (1) whether participants drank (i.e., any 

drinking); (2) how many drinks they had (i.e., number of drinks); and (3) whether they 

reported heavy episodic drinking (HED) on each day during 28 days. These outcomes were 

determined based on EMA responses.

Alcohol use on a given day was determined based on any positive answer to the following 

questions: (1) “Have you consumed alcohol today?,” which was scheduled up to five times 

per day (daily diary and random EMAs); (2) “Did you just drink or are you about to drink 

alcohol?,” which was asked when participants self-initiated drinking-related EMAs; and 

(3) “Did you drink any alcohol yesterday?,” which was asked during the daily morning 

assessment about drinking the previous day. We counted a day as a drinking day (coded 

as 1) if there was a positive answer to the “any alcohol use” question. In the absence of 

a valid positive answer for the morning diary question, alcohol use was coded as 0 only 

when participants answered “No” to all alcohol use EMA questions (e.g., random EMAs 

without any self-initiated drinking-related EMAs) the previous day. If a participant reported 
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no drinking for some EMAs but had missing values/nonresponse for other EMAs within 

the same day and the next day's daily diary was not completed, alcohol use was coded as 

missing for that day.

The number of drinks per day was assessed during the morning assessment each day (i.e., 

“How many standard drinks did you have yesterday?”). Heavy episodic drinking (HED) was 

determined by the number of drinks per day reported (i.e., 5 or more drinks for men; 4 or 

more drinks for women).

Covariates—Baseline scores on the AUDIT, sex assigned at birth, and age in years were 

included as covariates in all analyses. A 30-day timeline follow-back (TLFB; Sobell & 

Sobell, 1992) provided an estimate of baseline drinking.

Analysis plan

We limited the analysis to participants (n = 34) who had at least 8 days of either EMA or 

daily diary reports. Because this pilot study aimed to examine the preliminary effectiveness 

of a new app, we deemed it necessary to have more than one week of exposure to the 

Smart-T Alcohol JITAI (out of a maximum of 28 days) to reasonably test whether the 

app was efficacious. However, an intention-to-treat (ITT) analytic approach without any 

minimum app use (i.e., receiving EMA or daily diary) and a more stringent filter of at least 2 

weeks of app use were also analyzed as a sensitivity check.

We conducted growth curve analyses with generalized linear mixed-effects models to 

examine trajectories of alcohol outcomes for participants over the entire 4-week course 

of the study. EMA data were aggregated to the day-level data following the procedure 

described in Mun et al. (2021) and detailed in the Measures section. Generalized linear 

mixed-effects models can better handle missing EMA data and data clustering due to 

repeated measures than repeated measures ANOVA. This analysis allowed more flexible 

modeling of outcomes in-process and at the study endpoint, while retaining the most 

granular data.

A mixed-effects negative binomial regression model was used for the number of drinks 

per day to account for overdispersion, and a mixed-effects logistic regression was used for 

any drinking and HED on a given day. Trajectories were examined with sequential model 

comparisons to determine the most appropriate form among models representing no change, 

linear change, and quadratic change over the 28 days. Time trends were specified (i.e., a 

linear change noted as “day,” a quadratic change noted as “day × day”). All models included 

AUDIT score, self-identified sex, and age as covariates to adjust for between-person 

differences. Within-person effects and within-by-between-person effects were accounted for 

by modeling random effects of the intercept and slope(s) across individuals. Chi-square 

difference tests and relative model fit comparisons were used to determine the most 

parsimonious and well-fitting model. Finally, inference was made on the individual effect 

estimates from the best-fitting growth curve model. Missing data were assumed missing 

at random and handled with maximum likelihood estimation. Models were fitted using the 

lme4 package (Bates et al., 2015) in the R statistical program (R Core Team, 2021). Results 

were visualized using the sjPlot and sjstats packages (Lüdecke, 2021a, 2021b).
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RESULTS

Baseline descriptives

Table 1 shows baseline characteristics of participants who completed the EMA setup visit. 

At baseline, participants reported relatively high AUDIT scores (23.8; SD = 8.7) and an 

average of 3.6 drinks per day (SD = 2.9). We subsequently included age, sex, and AUDIT 

scores as covariates to adjust for baseline individual differences.

Alcohol outcomes over 4 weeks

Trajectories of all alcohol outcomes were best characterized by a quadratic model in which 

drinking behaviors initially increased before significantly decreasing in the latter half of 

the study (Figure 3). Table 2 provides estimates from the generalized mixed-effects models 

with up to quadratic change. The significant main effects of Day and Day × Day indicated 

a decline in drinking outcomes over the course of the study, with the rate of decline 

accelerating as the study went on. As shown in Figure 3, participants generally showed a 

flat trajectory or a slight increase in drinking outcomes over the first 2 weeks, followed 

by declines below initial levels. There were relatively large variance components for the 

random intercept, and the conditional R2 (which accounts for both fixed and random 

effects) was quite large, indicating substantial individual differences in drinking between 

participants. AUDIT score at baseline was a significant covariate, but age and sex were not 

statistically significant (see limitations for a note on sex). Note that uncertainty surrounding 

the average trajectory became smaller as the study went on, which suggests that participants' 

drinking became more similar over time.

As a sensitivity analysis, the models were refit in an ITT analytic framework with no 

filtering for number of days that participants interacted with the Smart-T alcohol app. The 

pattern of results from the additional analyses (significance of quadratic trend, direction of 

effects, etc.) was consistent with the results reported (Table S2).

Perceived usefulness

Most participants who attended the final follow-up visit (N = 33) reported that the number 

of prompted assessments was appropriate (12.1% “Too High”; 12.1% “Not Enough”; 75.8% 

“About Right”) and felt the app increased their awareness of their thoughts, feelings, and 

behaviors (90.9% “Mostly Yes” or “Definitely Yes”). Participants also reported that the 

on-demand “Tips” feature was useful (M = 3.9, SD = 1.0; 1 to 5 scale where 1 = Not 

at all Useful and 5 = Extremely Useful), that the app as a whole helped reduce alcohol 

consumption (M = 3.6, SD = 1.1; 1 to 5 scale where 1 = Not at all Helpful, and 5 = 

Extremely Helpful), that they were generally interested in using the app in the future (M = 

3.8, SD = 1.5; 1 to 5 scale where 1 = Not at all Interested and 5 = Extremely Interested), 

and that they would likely recommend the app to a friend (M = 4.0, SD = 1.4; 1 to 5 scale 

where 1 = Very Unlikely and 5 = Very Likely). Finally, app use data indicated that of those 

who received the phone (n = 41), over 95% used the on-demand “tips” feature at least once. 

The most commonly viewed tips were related to the benefits of sobriety (27.4% of views), 

strategies for improving sleep (17.6%), coping with cravings (11.6%), and coping with other 

people drinking (11.1%).
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DISCUSSION

This paper summarizes alcohol use outcomes among adults experiencing homelessness 

while they were using the Smart-T Alcohol JITAI. Over 4 weeks, participants showed a 

decline in the probability of any drinking, heavy episodic drinking, and drinks per day. 

Moreover, participants reported high levels of perceived usefulness of the JITAI and an 

overwhelming majority accessed the on-demand tips features.

To our knowledge, this is the first JITAI specifically designed for adults with alcohol misuse 

who are experiencing homelessness. Prior JITAIs for alcohol use have most often been 

designed for young adults (O'Donnell et al., 2019; Suffoletto et al., 2018; Wright et al., 

2018) or domiciled adults (Attwood et al., 2017; Dulin et al., 2014; Gonzalez & Dulin, 

2015), both of whom tend to be more stable populations with better access to traditional 

treatment services. This study is also unique in that real-time risk assessments of imminent 

drinking were derived from a machine learning algorithm that incorporated empirically 

established risk factors for drinking, including urge to drink, negative mood, and social/

availability of alcohol (Walters et al., 2021). Prior JITAIs for alcohol use have utilized 

geographic location (i.e., GPS) (Attwood et al., 2017; Dulin et al., 2014; Gonzalez & Dulin, 

2015) or a single factor (e.g., self-reported drinking or low self-efficacy to avoid drinking) 

to determine when to deliver treatment messages (Suffoletto et al., 2018; Weitzel et al., 

2007). Finally, Smart-T Alcohol is the first JITAI to deliver treatment messages based on 

participants' real-time motivation, drinking goal, and risk factors.

This study had a number of limitations, notably the small sample size and a single-arm 

repeated measures design. Because this study was not a randomized controlled trial, the 

preliminary effectiveness evidence should be cautiously interpreted. In addition, we report 

comparisons between Phase 1 and Phase 3 participants only in the supplemental materials 

because of potentially systematic differences between the phase conditions. Furthermore, the 

sample only included a small number of women, leading to large variability (i.e., wide CIs) 

and instability in the estimates of sex differences. However, the proportion of women in this 

study is comparable with the proportion of women who experience homelessness (Statista 

Research Department, 2021). Larger samples with more female participants are needed. An 

additional limitation of this study is the reliance on self-reported drinking, psychosocial 

context, motivation, and environmental variables needed to tailor treatment messages. While 

our prior work found good concordance between EMA reports and transdermal alcohol 

readings (Mun et al., 2021), frequent EMAs may be burdensome to some participants. 

Although a majority of participants (75.8%) in this study believed that the amount of EMAs 

was “about right,” future studies may consider ways to reduce the number of questions 

or assessment points and/or collect data passively (e.g., via independent biosensors or 

integrated phone sensors) to reduce participant burden (Perski et al., 2021). Payment for 

participants to engage in the mHealth app and EMA completion is an inherent limitation 

with unclear implementation implications. Given that this was a treatment development trial, 

it was critical to provide subject payment to keep people engaged. However, an app can 

be optimized to stand on its own without the need to pay people to complete EMAs. The 

advantage of app-based interventions is the relatively low effort that is required to receive 

assistance (e.g, multiple 1 to 2 min surveys), rather than arranging transportation to attend 
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hour-long sessions (with additional barriers such as stigma). Telehealth and online options 

for alcohol treatment have become more important in recent years following the COVID-19 

pandemic experience. Hence, identifying optimal strategies for engaging people in our and 

similar apps without payment remains a critical future research direction.

Immediate future directions for this work include a randomized controlled trial of the 

efficacy of Smart-T Alcohol in a larger sample of adults experiencing homelessness that also 

includes longer-term follow-up. In a larger test, we would likely be able to install the app 

directly on the participant's personal device and assist them with obtaining one if necessary. 

Additionally, continued efforts to refine the prediction algorithm and improve message 

tailoring may bolster treatment effects. Recent studies on cigarette smoking suggest images 

of the current environment may have particular value in predicting behavioral outcomes and 

integration of a similar approach may be particularly helpful for improving risk predictions 

(Engelhard et al., 2019, 2021). This approach could also be extended to other intervention 

targets relevant to this population (e.g., opioid use) or other at-risk populations that might 

benefit from such an approach (e.g., people who were recently housed). Overall, the 

results of this study suggest that smartphone-based JITAIs may be feasible and potentially 

efficacious in this population that has substantial barriers to entering and completing 

traditional AUD treatments. A majority of people experiencing homelessness already have 

and use cell phones, a number that will undoubtedly increase in the coming years (Rhoades 

et al., 2017). Indeed, a number of ongoing and recently completed studies are exploring 

the utility of mobile health interventions for this population (Gonzalez et al., 2018; Sheoran 

et al., 2016; Thompson Jr et al., 2020). Accordingly, JITAIs for alcohol use may offer a 

promising and timely method for improving drinking outcomes, quality of life, and overall 

health for this highly disadvantaged and understudied population.
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FIGURE 1. 
Example screens of the Smart-T Alcohol App
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FIGURE 2. 
CONSORT diagram
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FIGURE 3. 
Model-implied trajectories of alcohol outcomes. The top panel plots the probability of 

drinking on a given day. The mid panel plots the number of drinks per day. The bottom panel 

plots the probability of heavy episodic drinking on a given day.
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TABLE 1

Characteristics of participants who completed the EMA setup visit (n = 41)

Variable

Age (M, SD) 45.2 (11.5)

Sex (Male, %) 80.5

Race

 White, % 70.7

 Black, % 24.4

AUDIT score (mean, SD) 23.8 (8.7)

Alcohol consumption

 Drinking days, % 55.5

 Number of drinks per day (mean, SD) 3.6 (2.9)

 Heavy episodic drinking days, % 31.4

Abbreviation: AUDIT, alcohol use disorders identification test.
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