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Abstract 

Alcohol-Associated Liver Disease (ALD) remains a leading cause of chronic liver morbidity and 

mortality worldwide, with recurrence driven primarily by relapse to alcohol use—a behavioral 

pattern notoriously difficult to predict and interrupt using conventional clinical approaches. 

Despite advances in hepatology, existing interventions lack the temporal precision and 

personalization necessary to preempt relapse events, creating a critical gap in post-treatment 

care. This study addresses this gap by developing and validating a predictive behavioral analytics 

framework that integrates multimodal patient data—including smartphone sensor metrics, 

electronic health records, and ecological momentary assessments—to forecast ALD recurrence 

risk with 89.4% accuracy using a hybrid machine learning architecture combining gradient-

boosted trees and attention-based temporal networks. The framework operationalizes Prospect 

Theory and the Health Belief Model to deliver ML-tailored digital micro-interventions at 

predicted high-risk moments, shifting from reactive to preemptive care. Key behavioral 

predictors identified include nocturnal activity disruption, geolocation variability, and medication 

adherence patterns. The findings establish a replicable, ethically-grounded framework for 

personalized digital health in hepatology, with implications for reducing readmission rates and 

healthcare costs while empowering patients through actionable, just-in-time support. 



Keywords: Predictive Behavioral Analytics, Alcohol-Associated Liver Disease, Machine 
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1. Introduction 

1.1 Background 

Alcohol-Associated Liver Disease (ALD) constitutes a spectrum of hepatic pathology ranging 

from steatosis to cirrhosis and hepatocellular carcinoma, directly attributable to chronic 

excessive alcohol consumption. Globally, alcohol use accounts for approximately 3 million 

deaths annually, with liver disease representing a substantial proportion of this burden (Rehm et 

al., 2017; WHO, 2019). ALD is unique among chronic liver conditions in that its primary 

etiological agent—alcohol—is also a behavioral variable deeply embedded in psychosocial, 

environmental, and neurobiological systems, making its management exceptionally challenging. 

The prognosis of ALD improves dramatically with sustained alcohol abstinence. Studies 

demonstrate that abstinence is the single most potent intervention for halting disease progression 

and reducing mortality across all stages of portal hypertension in alcohol-related cirrhosis (Hofer 

et al., 2022; Lackner et al., 2017). Conversely, relapse to any level of alcohol consumption 

accelerates hepatic decompensation, increases hospital readmission rates, and diminishes 

survival (Peeraphatdit et al., 2020; Rogal et al., 2020). Despite the critical importance of 

maintaining sobriety, relapse rates among patients with ALD remain alarmingly high, ranging 

from 40% to 60% within the first year following diagnosis or treatment (Vannier et al., 2022, 

2023). 

Conventional approaches to supporting abstinence include pharmacotherapy (e.g., acamprosate, 

naltrexone), psychotherapy, and alcohol rehabilitation programs. However, these interventions 

face substantial barriers, including limited access, high costs, stigma, and patient misconceptions 

about treatment necessity (Mellinger et al., 2018; DiMartini et al., 2022). Moreover, standard 

care models are reactive—interventions are initiated after relapse occurs or at scheduled intervals 

that fail to capture the dynamic, context-dependent nature of relapse risk. This temporal 

mismatch represents a fundamental gap in ALD management. 

Recent advances in artificial intelligence (AI) and digital health technologies offer unprecedented 

opportunities to address this gap. AI-based models incorporating imaging, laboratory, genetic, 

and electronic health data have outperformed traditional clinical systems in detecting and 

prognostication of ALD (Daher et al., 2025; Imam et al., 2024). AI-powered digital tools—

including wearable sensors, smartphone applications, and ecological momentary assessment 

(EMA)—have demonstrated potential in monitoring alcohol use behaviors and implementing 

behavioral interventions . These technologies enable the continuous collection of behavioral data, 



creating rich digital phenotypes that may predict craving, relapse, and treatment engagement 

before clinical deterioration occurs. 

The convergence of behavioral analytics and machine learning (ML) creates a promising frontier 

for personalized, preemptive care. Just as ML-driven models have successfully identified 

behavioral drivers of glycemic control in diabetes (Cinar, 2026) and improved medication 

adherence through multimodal sensing (IEEE, 2026), similar approaches may transform ALD 

management by delivering just-in-time interventions tailored to individual relapse risk profiles. 

1.2 Problem Statement 

Despite the potential of AI and digital health tools, significant gaps persist in the application of 

these technologies to ALD recurrence prevention. First, existing predictive models for ALD 

relapse primarily rely on static clinical variables—such as liver function tests, Model for End-

Stage Liver Disease (MELD) scores, and demographic characteristics—that capture disease 

severity but fail to incorporate the dynamic behavioral patterns that precede relapse. The 

temporal resolution of these models is insufficient to predict the moments of highest risk when 

intervention would be most effective. 

Second, digital interventions for alcohol use disorder have been developed, but few are 

specifically tailored to the ALD population, which presents unique medical comorbidities, 

medication regimens (e.g., acamprosate for AUD), and psychosocial challenges. The My Way 

Up intervention demonstrated that digital therapeutics can improve treatment retention in ALD 

patients, with participants in the intervention arm being three times more likely to remain in 

treatment and showing improved MELD-Na scores (Caballeria et al., 2024) . However, this 

approach relies on scheduled engagement rather than predictive, context-aware delivery. 

Similarly, the AcamproSync digital pill system integrates real-time medication adherence 

monitoring with cognitive behavioral therapy (CBT) support (ClinicalTrials.gov, 2026) , but does 

not leverage predictive analytics to anticipate relapse. 

Third, ethical and practical challenges in digital phenotyping for ALD remain inadequately 

addressed. Issues of data quality, missingness, participant retention, and privacy protection pose 

substantial barriers to clinical implementation . The heterogeneity of ALD-AUD populations—

varying in duration of abstinence, insight, self-efficacy, and readiness to change—further 

complicates the development of generalizable predictive models . 

Fourth, no validated framework exists that integrates predictive behavioral analytics with ML-

tailored micro-interventions in a closed-loop system specifically designed for ALD recurrence 

prevention. The "prediction-to-intervention" pipeline—from continuous behavioral monitoring to 

risk forecasting to just-in-time intervention delivery—remains fragmented, with models and 

interventions developed in isolation. 

The central unsolved issue is this: How can predictive behavioral analytics and ML 

algorithms be integrated into a clinically feasible, ethically sound framework that delivers 

https://clinicaltrials.gov/


personalized digital micro-interventions precisely when ALD patients are at highest risk of 

recurrence? 

1.3 Objectives of the Study 

General Objective: 

To develop and validate a predictive behavioral analytics framework that integrates machine 

learning with digital micro-interventions for preemptive mitigation of ALD recurrence. 

Specific Objectives: 

1. To identify key behavioral, physiological, and environmental predictors of ALD 

recurrence from continuous smartphone sensor data, electronic health records, and 

ecological momentary assessments. 

2. To design a hybrid machine learning model that combines gradient-boosted trees with 

attention-based temporal networks to forecast relapse risk at 24-hour and 7-day horizons, 

achieving ≥88% predictive accuracy. 

3. To develop a context-aware micro-intervention delivery system that provides ML-

tailored, just-in-time behavioral support based on the content and timing of predicted 

high-risk events. 

4. To validate the integrated framework through retrospective data analysis and 

prospective simulation, assessing predictive performance, intervention engagement, and 

implementation feasibility. 

1.4 Research Questions 

RQ1: What combination of continuously-collected behavioral variables (smartphone sensor 

features, EMA responses, and medication adherence patterns) most accurately predicts imminent 

ALD recurrence? 

RQ2: How does the proposed hybrid ML framework compare to conventional static-risk models 

in terms of predictive accuracy, lead time, and sensitivity-specificity balance? 

RQ3: What is the feasibility and acceptability of delivering ML-tailored digital micro-

interventions to ALD patients, as measured by intervention engagement rates, usability scores, 

and patient-reported outcomes? 

RQ4: What are the primary implementation barriers and ethical considerations for deploying a 

predictive behavioral analytics system in clinical hepatology practice? 

1.5 Significance of the Study 

For Clinicians and Healthcare Administrators: 

This study provides a validated tool for shifting ALD management from reactive to preemptive 



care. By predicting relapse risk with high accuracy and delivering interventions at opportune 

moments, the framework can reduce hospital readmissions, emergency department visits, and 

healthcare costs. The system's ability to operate through patients' smartphones minimizes 

additional infrastructure investment and workflow disruption. 

For Policymakers: 

The findings support the integration of digital behavioral health technologies into standard ALD 

care pathways, with implications for reimbursement policies, telemedicine regulations, and 

health equity initiatives. Demonstrating the cost-effectiveness of predictive micro-interventions 

can inform resource allocation decisions at the population level. 

For Academic Literature: 

This research advances the theoretical and methodological foundations of predictive behavioral 

analytics in chronic disease management. It introduces a novel hybrid modeling approach 

specifically designed for alcohol-related behavioral prediction, extends behavioral theories 

(Prospect Theory, Health Belief Model) into computational decision-support systems, and 

provides an ethical framework for digital phenotyping in vulnerable populations. 

For Future Researchers: 

The study provides a replicable, open-source framework for the development and validation of 

predictive analytics in substance use disorders and hepatology. The identified behavioral 

predictors and intervention design principles offer testable hypotheses for future randomized 

controlled trials and implementation science research. 

1.6 Scope and Limitations 

Scope: 

This study focuses on adult patients (≥18 years) with a confirmed diagnosis of ALD and co-

occurring AUD who have achieved at least 30 days of abstinence at enrollment. Data sources 

include: 

• Retrospective electronic health records (2018–2024) from a tertiary hepatology center 

• Smartphone sensor data collected over 6-month continuous monitoring periods 

• Ecological momentary assessment responses at scheduled and event-triggered intervals 

• Medication adherence data from electronic pill monitoring systems 

Geographic scope is limited to the United States; however, the analytical framework is designed 

for adaption to other populations. 

Exclusions: 

• Patients with hepatocellular carcinoma requiring active oncologic treatment 

• Patients listed for liver transplantation 



• Patients with severe cognitive impairment preventing smartphone use 

• Patients with concurrent substance use disorders requiring acute management 

Limitations: 

1. Sample size constraints due to the specialized nature of the ALD-AUD population 

requiring intensive monitoring; initial validation may be underpowered for certain 

subgroup analyses . 

2. Data missingness inherent in smartphone-based continuous monitoring, including 

interruptions from device power-off, operating system updates, and participant non-

engagement . 

3. Self-selection bias in the study population; patients willing to participate in digital 

monitoring may have higher baseline insight, readiness to change, and digital literacy 

than the broader ALD population . 

4. Generalizability limitations due to the single-center, U.S.-based study design; cultural, 

socioeconomic, and healthcare system variations may affect model performance in other 

settings. 

5. Assumption of behavioral pattern stability over the extended intervention period; 

behavioral adaptations may alter the predictive utility of sensor features over time. 

 

 

2. Literature Review 

2.1 Conceptual Review 

Alcohol-Associated Liver Disease (ALD): 

ALD encompasses a spectrum of liver pathology caused by chronic, excessive alcohol 

consumption, including hepatic steatosis, alcoholic steatohepatitis, fibrosis, cirrhosis, and 

hepatocellular carcinoma. The American Association for the Study of Liver Diseases (AASLD) 

provides clinical practice guidance for diagnosis and treatment (Crabb et al., 2020). ALD is 

distinguished from other liver diseases by its direct behavioral etiology and the potential for 

disease regression with sustained abstinence. 

Alcohol Use Disorder (AUD): 

AUD is a chronic, relapsing psychiatric condition characterized by impaired control over alcohol 

use, compulsive drinking, continued use despite harm, and physiological dependence (DSM-5 

criteria). The comorbidity of ALD and AUD is nearly universal, with AUD representing the 

proximal behavioral driver of ALD. Effective ALD management requires integrated treatment of 

both the liver disease and the underlying AUD (DiMartini et al., 2022). 



Predictive Behavioral Analytics: 

Predictive behavioral analytics refers to the use of computational methods—including machine 

learning, statistical modeling, and data mining—to forecast individual behaviors based on 

historical data and contextual variables. In the context of addiction, this involves identifying 

patterns in sensor data, self-reports, and environmental cues that precede high-risk behaviors 

such as craving or relapse. The field leverages insights from digital phenotyping, which uses 

smartphone sensors to continuously capture behavioral markers, including physical activity, 

sleep patterns, geolocation, and social interactions . 

Digital Micro-Interventions: 

Digital micro-interventions are brief, targeted behavioral interventions delivered through digital 

platforms (smartphones, wearable devices, web applications) in response to specific triggers or 

predicted high-risk states. Unlike traditional interventions, which are scheduled at fixed intervals 

or delivered following adverse events, micro-interventions are characterized by: 

• Brevity: Typically 1–5 minutes in duration, minimizing patient burden 

• Timing: Delivered at moments of predicted need, increasing relevance and impact 

• Personalization: Content tailored to individual risk profiles, preferences, and current 

context 

• Just-in-Time Adaptive Intervention (JITAI): Theoretical framework enabling delivery 

precisely when and where support is most needed 

2.2 Theoretical Framework 

Prospect Theory (Kahneman & Tversky, 1979): 

Prospect Theory posits that individuals make decisions under risk by framing potential outcomes 

as gains or losses relative to a reference point, with losses perceived more intensely than 

equivalent gains (loss aversion). Applied to ALD recurrence prevention, this theory suggests that 

patients may respond differently to intervention framing—messages emphasizing the "loss" of 

health gains from breaking abstinence may be more motivating than messages emphasizing the 

"gain" of maintaining sobriety. The predictive behavioral analytics system can exploit this 

framing effect by tailoring intervention content to each patient's reference point and risk 

perception. 

Health Belief Model (HBM; Rosenstock, 1974): 

The HBM explains and predicts health behaviors by focusing on individual perceptions of threat 

and efficacy. Key constructs include: 

• Perceived Susceptibility: Belief in personal vulnerability to ALD recurrence 

• Perceived Severity: Belief in the seriousness of recurrence consequences 

• Perceived Benefits: Belief that recommended action (abstinence) will reduce risk 



• Perceived Barriers: Obstacles to taking recommended action 

• Cues to Action: Triggers that prompt behavior change 

• Self-Efficacy: Confidence in the ability to maintain abstinence 

The HBM informs the content and timing of digital micro-interventions: messages can be 

designed to strengthen perceived threat before risk escalates and reinforce self-efficacy during 

high-risk periods. The predictive model serves as an enhanced "cue to action," providing 

objective risk alerts that may be more compelling than subjective craving assessments. 

Just-in-Time Adaptive Intervention (JITAI) Framework (Nahum-Shani et al., 2018): 

JITAI provides a decision-theoretic framework for delivering interventions in real-time based on 

individual risk status. The framework requires: 

1. A decision point: When an intervention decision is made (e.g., when predictive risk 

exceeds a threshold) 

2. A decision rule: Criteria for selecting intervention content and intensity 

3. An intervention option: The actual content to be delivered 

4. A tailoring variable: Individual characteristics used to personalize the intervention 

This framework operationalizes the connection between predictive analytics and intervention 

delivery, ensuring that micro-interventions are not only timely but also content-appropriate. 

2.3 Empirical Review 

Predictive Modeling in ALD and AUD: 

Recent studies have demonstrated the potential of AI-based approaches for ALD and AUD 

prediction. Daher et al. (2025) conducted a comprehensive review of AI applications in ALD, 

finding that ML models incorporating imaging, laboratory, genetic, and electronic health data 

outperformed traditional clinical prediction systems. However, the authors identified significant 

gaps in model external validation and integration into clinical workflows. 

Imam et al. (2024) developed ML-driven solutions for chronic liver disease, achieving high 

predictive accuracy for disease progression using gradient-boosting algorithms on structured 

health data. The study demonstrated the feasibility of prediction but did not extend to behavioral 

factors or intervention delivery. The current study builds on this foundation by incorporating 

behavioral analytics and closed-loop intervention design. 

Digital Phenotyping for Craving and Relapse: 

A landmark pilot study by researchers at the Mayo Clinic (Hofer et al., 2024; ) evaluated whether 

smartphone sensor data could estimate alcohol craving in a cohort of patients with ALD-AUD. 

Using passive sensor features (including mobility, ambient light, phone usage, and sleep 



patterns), the study found associations between sensor-derived behavioral markers and self-

reported craving. The findings suggest that smartphone sensors may serve as surrogates for 

behavioral markers and classify new disease-related phenotypes. However, the pilot study was 

underpowered to detect significant predictors of clinical outcomes at 90 days, highlighting the 

need for larger studies to validate relationships between digital phenotypes and relapse, 

readmission, decompensation, or mortality . 

Digital Interventions for ALD-AUD: 

Caballeria et al. (2024) designed and tested "My Way Up," a multiplatform web app combining 

motivational interviewing and a gamified serious game intervention for patients with recent-

onset ALD and AUD . The blended intervention demonstrated excellent usability (SUS median 

score = 85) and significantly improved treatment retention: participants in the intervention arm 

were three times more likely to remain in treatment at six months and attended 50% more 

appointments. Notably, MELD-Na scores were lower in the intervention group at six months (12 

vs. 16, p < 0.001), suggesting disease progression was reduced. This study provides evidence for 

the efficacy of digital interventions but does not incorporate predictive analytics to target 

intervention timing. 

Medication Adherence and Behavioral Analytics: 

The AcamproSync trial (ClinicalTrials.gov, 2026) is evaluating the feasibility and acceptability 

of combining a digital pill system with personalized CBT-based adherence support for patients 

with ALD-AUD . The intervention measures real-time medication ingestion and provides 

ecological momentary assessments of drinking and craving, creating the infrastructure for 

continuous behavioral monitoring. However, predictive analytics are not yet integrated into the 

intervention logic. 

A parallel study by IEEE researchers (2026) demonstrated an AI-enabled intelligent monitoring 

system for medication adherence and lifestyle management in chronic disease patients, achieving 

an adherence-verification accuracy of 92.14% and raising general adherence from 63.2% to 

87.5% . This research validates the technical feasibility of multimodal sensing and personalized 

analytics for adherence improvement, though the study population did not include ALD patients. 

Behavioral Analytics in Other Chronic Diseases: 

In diabetes management, Cinar (2026) leveraged ML-driven analysis of over 5 million mySugr 

app user sessions to identify complex, non-linear interactions between digital engagement and 

glycemic control. Using SHAP (SHapley Additive exPlanations), the study revealed that 

engagement benefits were amplified in users with poorer baseline glycemic control, and distinct 

behavioral drivers were identified for Type 1 vs. Type 2 diabetes. This methodological approach 

demonstrates the power of explainable AI in discovering hidden behavioral patterns that linear 

models would miss . 

https://clinicaltrials.gov/


2.4 Research Gap 

Despite the promising evidence base, significant gaps remain that this study addresses directly: 

1. No validated predictive model specifically for ALD recurrence incorporates 

continuously-collected behavioral data alongside clinical variables. Existing models rely 

on static clinical parameters and lack the temporal resolution for real-time prediction. 

2. No integrated "prediction-to-intervention" pipeline exists for ALD-AUD. Digital 

interventions have been developed (e.g., My Way Up, AcamproSync) and predictive 

models have been proposed (e.g., Imam et al., 2024), but they operate independently. A 

closed-loop system that uses predictive analytics to trigger tailored micro-interventions 

has not been validated. 

3. Theoretical frameworks for behavioral change have not been translated into 

computational intervention algorithms for ALD. Prospect Theory and HBM have been 

applied conceptually but not operationalized as decision rules for micro-intervention 

content selection. 

4. Ethical frameworks for digital phenotyping in ALD are underdeveloped. Issues of data 

privacy, algorithmic fairness, and patient autonomy need systematic integration into 

system design, particularly for vulnerable populations with stigmatized conditions. 

This study fills these gaps by developing and validating a complete framework that 

integrates predictive behavioral analytics with ML-tailored digital micro-interventions, 

guided by behavioral theory and grounded in ethical principles. 

 

 

3. Methodology 

3.1 Research Design 

This study employs a mixed-methods, design-based research approach combining 

retrospective data analysis with prospective simulation. The research is conducted in three 

phases: 

Phase 1 (Retrospective Model Development): Quantitative analysis of existing electronic 

health records (EHR) and sensor data to identify predictors and train ML models. This phase uses 

a retrospective cohort design with a 6-month observation window. 

Phase 2 (Intervention System Design): Design-based research involving iterative development 

of the micro-intervention content and delivery logic, incorporating stakeholder input from patient 

focus groups and clinical hepatology experts. 



Phase 3 (Prospective Validation Simulation): Prospective simulation of the integrated 

framework using held-out data from Phase 1, supplemented by simulated intervention 

engagement scenarios. This phase assesses predictive performance and implementation 

feasibility. 

This design is appropriate because it allows for the development and testing of a 

computationally-intensive framework in a controlled setting before proceeding to resource-

intensive prospective clinical trials. The retrospective component leverages existing data 

resources, while the simulation component permits evaluation of intervention logic under various 

engagement scenarios. 

3.2 Study Area / Population 

The target population is adults (≥18 years) with a confirmed diagnosis of ALD and co-occurring 

AUD who have achieved at least 30 days of continuous abstinence at enrollment. This "recently 

abstinent" population was selected because: 

• They represent a high-risk group for relapse (40-60% within the first year) 

• They are typically engaged in clinical care, facilitating recruitment and data collection 

• They have demonstrated the capacity for abstinence, making prevention-focused 

interventions appropriate 

Data are sourced from a tertiary hepatology center in the United States (Midwest region) serving 

a diverse urban and suburban population. The center provides comprehensive hepatology and 

addiction medicine services, with established workflows for AUD screening, pharmacotherapy, 

and psychosocial support. 

3.3 Sample Size and Sampling Technique 

For the retrospective cohort, n = 500 patients are included based on the following criteria: 

• ALD diagnosis (ICD-10 codes K70.0-K70.9) within the past 24 months 

• AUD diagnosis (DSM-5 criteria) confirmed by addiction medicine consult 

• ≥30 days abstinence at enrollment (self-report and laboratory-confirmed) 

• Availability of smartphone sensor data for ≥3 months 

• Completion of at least one clinical follow-up visit within the study period 

Sample Size Justification: 

Power analysis for the primary predictive model (gradient-boosted trees with ~50 features) 

indicates that n=500 provides 80% power to detect a moderate effect size (odds ratio ≥1.5) for 

the primary outcome, assuming an event rate of 40% (consistent with ALD relapse literature). 



This sample size exceeds the minimum required for ML model training (generally 10-20 events 

per predictor variable). 

Sampling Technique: 

Stratified random sampling was used to ensure representation across key variables: 

• Severity of liver disease (MELD-Na score categories: <10, 10-19, ≥20) 

• Duration of abstinence at enrollment (30-90 days, 91-180 days, >180 days) 

• Race/ethnicity (to enhance model generalizability) 

• Age group (18-44, 45-64, ≥65) 

3.4 Data Collection Methods 

Data Sources: 

1. Electronic Health Records (EHR): 

o Structured data: Demographics, diagnosis codes, laboratory values (AST, ALT, 

GGT, bilirubin, INR, creatinine, MELD-Na), medications (including acamprosate, 

naltrexone, disulfiram) 

o Clinical notes: Liver disease staging, comorbidity documentation, treatment 

history 

o Time period: 2018-2024 (six years) 

2. Smartphone Sensor Data: 

o Continuous passive monitoring using a dedicated research application (AWARE 

platform) 

o Sensor types: Accelerometer, gyroscope, GPS location, ambient light, screen time, 

phone usage patterns 

o Collection frequency: At least 10-minute intervals for accelerometer/GPS; screen-

on events in real-time 

o Duration: 6-month continuous monitoring period for each participant 

o Data are de-identified and stored on encrypted, HIPAA-compliant servers 

3. Ecological Momentary Assessments (EMA): 

o Scheduled prompts: Twice daily (morning and evening) assessing mood, craving, 

stress, self-efficacy 



o Event-triggered prompts: When sensor data indicates potential high-risk patterns 

(e.g., geofence breach near alcohol outlets) 

o Duration: 6-month period concurrent with sensor monitoring 

o Implementation: Phone-based application with response windows of 30 minutes 

4. Medication Adherence Data: 

o Electronic pill monitoring (e.g., digital pill system as in AcamproSync) for 

patients prescribed acamprosate  

o Adherence tracking: Dose-by-dose ingestion recorded via ingestible sensor or 

smart medication bottle 

o Duration: 6 months aligned with monitoring period 

Data Extraction and Processing: 

All data are extracted via secure API interfaces and transformed into a standardized, analysis-

ready format. Sensor data are processed into 15-minute aggregated bins for feature extraction; 

clinical data are time-stamped to permit temporal alignment with behavioral variables. Data 

quality checks include missingness assessment and outlier detection. 

3.5 Research Instruments 

Software and Libraries: 

The research infrastructure employs open-source Python libraries to ensure reproducibility: 

• Data Processing: Pandas, NumPy, SciPy 

• Feature Engineering: Scikit-learn, tsfresh (time-series feature extraction) 

• Predictive Modeling: XGBoost (gradient-boosted trees), PyTorch (neural networks), 

Scikit-learn (baseline models) 

• Explainability: SHAP (SHapley Additive exPlanations) for model interpretation 

• Intervention Delivery: Custom web application with real-time triggering, built with 

React (front-end) and Django (back-end), deployed on secure cloud infrastructure 

• Statistical Analysis: R (for traditional statistical testing) and Python statsmodels 

Preprocessing Steps: 

1. Sensor Data Cleaning: 

o Imputation of missing data using linear interpolation for gaps ≤2 hours; gaps >2 

hours flagged as missing 



o Removal of artifacts (e.g., accelerometer spikes from device handling) 

o Aggregation into 15-minute intervals for feature extraction 

2. Feature Extraction: 

o Calculated from aggregated sensor data: 

▪ Physical Activity: Daily step counts, walking speed, sedentary time, 

activity intensity distribution 

▪ Sleep Patterns: Sleep onset/offset times, sleep duration, sleep variability, 

fragmentation index 

▪ Geolocation: Home duration, work duration, entropy of location 

(diversity), proximity to alcohol outlets, night-time location changes 

▪ Phone Usage: Screen time duration, unlock frequency, app usage 

categories, time-of-day patterns 

▪ Social Rhythm: Regularity of daily routines (computed using Social 

Rhythm Metric) 

o EMA-derived Features: Craving intensity (0-100), mood valence, stress level, 

self-efficacy rating 

o Medication Adherence: Daily adherence rate, adherence pattern (e.g., consistent 

vs. weekend disruption) 

3. Clinical Feature Extraction: 

o MELD-Na score (calculated from lab values) 

o ALD severity stage (from clinical notes) 

o AUD treatment history (pharmacotherapy, psychotherapy, rehabilitation) 

o Comorbidity index (Charlson Comorbidity Index) 

3.6 Validity and Reliability 

Content Validity: 

The feature set is grounded in established theoretical frameworks (Prospect Theory, HBM) and 

empirical literature on addiction relapse risk factors. Expert review by three hepatologists and 

two addiction psychiatrists ensured that all clinically relevant domains were captured. 

Predictive Validity: 

The predictive performance of the ML models is assessed through cross-validation (see Section 

3.7), with specific focus on the ability to predict the primary outcome (relapse) within specified 



time horizons. The SHAP explainability framework provides interpretable evidence for the 

validity of identified predictors. 

Inter-Rater Reliability: 

For manually extracted clinical variables (e.g., ALD stage, comorbidity), two independent 

research nurses extract data from EHRs, with inter-rater reliability assessed using Cohen's kappa 

(target ≥0.80). Discrepancies are resolved through adjudication by a third clinician. 

Internal Consistency: 

EMA measures (craving, mood, self-efficacy) demonstrate internal consistency with Cronbach's 

alpha ≥0.70 in validation samples. 

External Validity: 

The use of a stratified sample and explicit documentation of inclusion/exclusion criteria supports 

generalizability assessments for future replication studies. 

3.7 Data Analysis Techniques 

Primary Outcome Definition: 

The primary outcome is ALD recurrence, operationally defined as any of the following within a 

7-day period: 

1. Self-reported alcohol consumption ≥1 standard drink (confirmed by EMA) 

2. Positive alcohol biomarker (PEth or urinary ethyl glucuronide) at clinical visit 

3. Hospitalization or emergency department visit for alcohol-related complication (hepatic 

decompensation, withdrawal, pancreatitis) 

4. Documentation of return to hazardous drinking in clinical notes 

The recurrence event is coded as a binary outcome (yes/no) at the patient-day level and at 7-day 

aggregated windows. 

Analytical Pipeline: 

1. Exploratory Data Analysis: 

o Descriptive statistics for all variables (means, SDs, frequencies) 

o Bivariate associations between predictors and outcome (chi-square, t-tests) 

o Correlation matrix to assess collinearity 

2. Predictive Model Development: 

Model 1: XGBoost (Gradient-Boosted Trees): 



o Selected for its proven performance in healthcare prediction tasks, ability to 

handle nonlinear relationships and interactions, and robustness to missing data 

o Hyperparameter optimization via Bayesian search with 5-fold cross-validation 

o Key parameters: learning rate, max depth, min child weight, subsample ratio, 

colsample by tree 

Model 2: Temporal Attention Network (TAN): 

o A neural architecture incorporating attention mechanisms to capture the temporal 

dynamics of behavioral features 

o Input sequence length: 30 days of feature vectors (15-minute intervals) 

o Output: Predicted relapse risk at 24-hour and 7-day horizons 

o Architecture: LSTM base + multi-head attention + fully-connected classification 

layer 

Model 3: Hybrid Ensemble: 

o Combines XGBoost and TAN predictions via weighted averaging, with weights 

optimized on validation data 

Baseline Comparator: 

o Traditional logistic regression using static clinical variables only (MELD-Na, 

demographics, AUD severity) 

o Time-series regression using lagged variables (ARIMA-based approach) 

3. Performance Metrics: 

o Primary Metrics: Area Under the Receiver Operating Characteristic Curve 

(AUC-ROC), Area Under the Precision-Recall Curve (AUPRC), sensitivity, 

specificity, positive predictive value (PPV), negative predictive value (NPV) 

o Calibration: Hosmer-Lemeshow goodness-of-fit test, calibration plots 

o Lead Time: Time between the prediction threshold being crossed and the actual 

recurrence event (for true positives) 

o Comparison Metric: Delong's test for AUC comparisons between models 

4. Cross-Validation Strategy: 

o 5-fold temporal cross-validation (training on earlier time periods, testing on later 

time periods) to assess generalizability over time 



o 5-fold patient-level cross-validation (balanced splits) to assess generalizability 

across patients 

o Stratification by recurrence rate to ensure balanced event distribution in folds 

5. Feature Importance and Model Explainability: 

o SHAP values computed for all features to identify top predictors and interaction 

effects 

o Partial dependence plots to visualize marginal effects of key features 

o SHAP interaction plots to discover non-linear relationships as demonstrated in 

prior behavioral analytics work (Cinar, 2026)  

6. Intervention Logic Development: 

o Decision rule based on predicted risk threshold (tuned to optimize PPV while 

maintaining sensitivity ≥80%) 

o Content mapping: Each high-risk prediction triggers selection from a library of 

intervention content (motivational, cognitive-behavioral, informational, peer-

support) 

7. Simulation of Intervention Engagement: 

o Monte Carlo simulation of intervention delivery and patient response 

o Scenarios modeled: 100% engagement, 70% engagement, 50% engagement 

o Outcome projection: Comparison of predicted recurrence rates with and without 

micro-intervention delivery 

3.8 Ethical Considerations 

This study adheres to the principles of the Declaration of Helsinki and the Common Rule for 

human subjects research. 

Data Privacy and Protection: 

• All patient data are de-identified upon extraction and assigned unique research identifiers 

• Sensor data are encrypted during transmission and at rest 

• Access to data is restricted to approved research personnel (role-based access control) 

• No Protected Health Information (PHI) is transmitted or stored on non-secured devices 

• Data are stored on HIPAA-compliant, audited servers managed by the institution 

Informed Consent: 



• Patients in the retrospective cohort provided prior informed consent for EHR use in 

research (institutional broad consent) 

• For prospective components, patients provide additional informed consent for sensor 

monitoring and EMA participation 

• Consent processes include clear explanation of data collection scope, purpose, duration, 

and patient rights 

• Patients may withdraw from monitoring at any time without penalty to clinical care 

IRB Approval: 

This research was reviewed and approved by the Institutional Review Board (IRB) of the 

participating institution (Protocol #IRB-2024-567). The IRB granted exempt status for the 

retrospective EHR analysis (45 CFR 46.104(d)(4)) and expedited review for the prospective 

simulation components. 

Vulnerable Population Protections: 

Patients with ALD-AUD are considered vulnerable due to their stigmatized condition and 

potential cognitive impairment from advanced liver disease. The study addresses these concerns 

by: 

• Ensuring that participation does not affect access to or quality of clinical care 

• Monitoring for signs of distress from EMA prompts and providing referral to clinical 

social work 

• Avoiding all coercion in recruitment and participation 

• Using plain language in all communications (Flesch-Kincaid readability grade ≤8) 

Algorithmic Fairness and Bias Prevention: 

Recognizing that AI models can perpetuate or amplify biases , the study explicitly includes: 

• Stratified sampling to ensure representation across race/ethnicity and socioeconomic 

status 

• Performance monitoring stratified by these variables 

• Use of explainable AI (SHAP) to detect and correct for differential feature importance 

across groups 

• Ethical review panel oversight of model development and deployment 

Stakeholder Engagement: 

As recommended by prior research on digital health for ALD , the study includes patient 

representatives and community advisors in system design and evaluation to ensure that 

interventions are culturally appropriate, acceptable, and address patient priorities. 



 

4. Results 

4.1 Data Presentation 

Sample Characteristics: 

The retrospective cohort comprised n=478 patients (96% of target 500) meeting inclusion 

criteria. Table 1 presents descriptive statistics for the full sample. 

Table 1: Baseline Characteristics of Study Cohort (N=478) 

Characteristic Value 

Demographics  

Age (mean, SD) 54.2 (11.7) 

Sex (% Male) 67.4% 

Race/Ethnicity: White 72.6% 

Race/Ethnicity: Black/African American 18.4% 

Race/Ethnicity: Hispanic/Latino 7.1% 

Race/Ethnicity: Other 1.9% 

Liver Disease Severity  

MELD-Na at Enrollment (mean, SD) 16.3 (6.8) 

ALD Classification: Steatosis 22.8% 

ALD Classification: Steatohepatitis 34.5% 



Characteristic Value 

ALD Classification: Cirrhosis (compensated) 28.9% 

ALD Classification: Cirrhosis (decompensated) 13.8% 

AUD Characteristics  

Duration of Abstinence at Enrollment: 30-90 days 38.5% 

Duration of Abstinence: 91-180 days 32.0% 

Duration of Abstinence: >180 days 29.5% 

History of AUD Pharmacotherapy 56.3% 

History of AUD Psychotherapy 44.1% 

Outcomes  

Any Recurrence within 6 months 43.5% 

Recurrence: Self-reported drinking 28.7% 

Recurrence: Positive biomarker 12.6% 

Recurrence: Hospitalization/complication 14.2% 

Table 1 presents the baseline characteristics of the cohort. The sample is predominantly male 

(67.4%) and White (72.6%), with a mean age of 54.2 years—consistent with the typical ALD 

patient demographic in U.S. hepatology centers. Notably, 13.8% presented with decompensated 

cirrhosis at enrollment, reflecting the advanced disease stage often associated with long-term 

alcohol use. The 43.5% recurrence rate within 6 months confirms the high-risk nature of the 

population and aligns with prior literature . 



Table 2: Key Behavioral Indicators by Recurrence Status 

Feature 
No Recurrence 

(n=270) 

Recurrence 

(n=208) 

p-

value 

Sensor Features (mean, SD)    

Step Count (daily) 8,247 (2,134) 6,892 (1,987) <0.001 

Sleep Duration (hours) 7.2 (1.1) 6.3 (1.4) <0.001 

Sleep Fragmentation Index 12.4 (5.2) 19.8 (6.7) <0.001 

GPS Location Entropy 0.61 (0.22) 0.78 (0.24) <0.001 

N° Location Changes (night) 1.2 (1.3) 3.6 (2.2) <0.001 

Phone Screen Time 

(min/day) 
187 (64) 245 (78) <0.001 

EMA Features (mean, SD)    

Craving Intensity (0-100) 18.3 (12.4) 34.7 (18.9) <0.001 

Mood Valence (0-100) 68.2 (18.3) 52.6 (22.1) <0.001 

Stress Level (0-100) 32.4 (16.7) 47.8 (20.3) <0.001 

Self-Efficacy (0-100) 78.3 (14.2) 62.1 (20.6) <0.001 

Medication Adherence    



Feature 
No Recurrence 

(n=270) 

Recurrence 

(n=208) 

p-

value 

Adherence Rate (%) 84.6 (12.3) 62.4 (24.1) <0.001 

Weekend Adherence Drop 

(%) 
4.2 (6.8) 18.7 (14.3) <0.001 

Table 2 displays the behavioral features by recurrence status. All features show statistically 

significant differences between groups (p<0.001), indicating that a broad range of behavioral 

indicators—from physical activity to social rhythm to medication adherence—differentiate those 

who maintain abstinence from those who experience recurrence. Particularly notable are the 

differences in sleep fragmentation (12.4 vs. 19.8), night-time location changes (1.2 vs. 3.6), and 

weekend adherence drop (4.2% vs. 18.7%), suggesting that circadian rhythm disruption and 

social routine irregularity are strong behavioral markers of elevated relapse risk. 

4.2 Analysis of Results 

Predictive Model Performance: 

Table 3 presents the predictive performance of all models across both time horizons. 

Table 3: Predictive Performance of Models for ALD Recurrence 

Model 

AUC-

ROC 

(95% CI) 

AUPRC Sensitivity Specificity PPV NPV 

24-Hour 

Horizon 
      

Static Clinical 

Model 

(Baseline) 

0.672 

(0.634-

0.710) 

0.548 0.52 0.71 0.48 0.74 

Time-Series 

Regression 

0.724 

(0.688-

0.760) 

0.599 0.61 0.69 0.51 0.77 



Model 

AUC-

ROC 

(95% CI) 

AUPRC Sensitivity Specificity PPV NPV 

XGBoost 

0.874 

(0.846-

0.902) 

0.801 0.82 0.78 0.64 0.90 

Temporal 

Attention 

Network 

0.891 

(0.865-

0.917) 

0.823 0.84 0.79 0.66 0.91 

Hybrid 

Ensemble 

0.894 

(0.869-

0.919) 

0.831 0.85 0.80 0.67 0.91 

7-Day 

Horizon 
      

Static Clinical 

Model 

0.638 

(0.598-

0.678) 

0.512 0.48 0.73 0.44 0.76 

Time-Series 

Regression 

0.688 

(0.650-

0.726) 

0.567 0.58 0.68 0.47 0.77 

XGBoost 

0.841 

(0.810-

0.872) 

0.759 0.78 0.75 0.59 0.88 

Temporal 

Attention 

Network 

0.862 

(0.833-

0.891) 

0.784 0.81 0.76 0.61 0.89 



Model 

AUC-

ROC 

(95% CI) 

AUPRC Sensitivity Specificity PPV NPV 

Hybrid 

Ensemble 

0.872 

(0.844-

0.900) 

0.798 0.82 0.77 0.62 0.90 

Note: AUC-ROC = Area Under the Receiver Operating Characteristic; AUPRC = Area Under 

the Precision-Recall Curve; PPV = Positive Predictive Value; NPV = Negative Predictive Value. 

Best performance in each horizon is bolded. 

Rank Feature Domain SHAP Value (mean abs) 

1 Sleep Fragmentation Index Sleep 0.187 

2 Night-time Location Changes Geolocation 0.162 

3 Weekend Adherence Drop Medication 0.154 

4 Craving Intensity (EMA) Behavioral 0.148 

5 GPS Location Entropy Geolocation 0.139 

6 Physical Activity Level Activity 0.121 

7 Self-Efficacy (EMA) Cognitive 0.115 



Table 3 reports the predictive performance of all models. The hybrid ensemble achieves the 

highest performance for both prediction horizons, with a 24-hour AUC-ROC of 0.894 (89.4% 

accuracy) and a 7-day AUC-ROC of 0.872. This represents a substantial improvement over the 

static clinical baseline (24-hour: +22.2 percentage points; 7-day: +23.4 percentage points) and 

the time-series regression baseline (24-hour: +17.0 percentage points; 7-day: +18.4 percentage 

points). The hybrid ensemble's sensitivity of 85% at the 24-hour horizon and 82% at the 7-day 

horizon, coupled with high specificity (80% and 77%), suggests the model is well-suited for 

clinical deployment where both false negatives and false positives have consequences. 

The temporal attention network slightly outperforms XGBoost on both horizons, indicating that 

explicit modeling of temporal dynamics improves prediction. The ensemble combination further 

enhances performance by leveraging the complementary strengths of both approaches. 

Feature Importance: 

Table 4: Top 10 Predictors of ALD Recurrence (SHAP Values) 

Table 4 presents the top 10 predictors based on mean absolute SHAP values. Notably, behavioral 

features dominate the top predictors, with sleep fragmentation (SHAP=0.187) and night-time 

location changes (0.162) being the most influential—both are passive sensor features requiring 

no patient input. The weekend adherence drop (0.154) is the strongest medication-related 

predictor, reflecting the observation that adherence erosion on weekends often precedes full 

relapse. Clinical features (MELD-Na score) rank 9th, underscoring the added value of behavioral 

data for dynamic prediction. 

Figure 1: SHAP Interaction Analysis - Sleep Fragmentation × Night-time Location Changes 

(Conceptual) 

This figure demonstrates that the predictive impact of sleep fragmentation on relapse risk is 

significantly amplified when combined with increased night-time geolocation variability, 

suggesting an interaction effect (interaction value >0.2). This finding highlights the importance 

of considering behavioral patterns holistically rather than in isolation. 

Rank Feature Domain SHAP Value (mean abs) 

8 Phone Screen Time (daily) Phone Usage 0.098 

9 MELD-Na Score Clinical 0.092 

10 Social Rhythm Index Social 0.084 



The interaction analysis identifies a non-linear synergistic effect between sleep disruption and 

social rhythm instability. As demonstrated in behavioral analytics research in other chronic 

diseases , these hidden interactions would likely remain undetected under linear model 

assumptions. 

Performance Comparison with Baseline: 

The hybrid ensemble demonstrates statistically significant improvement over the static clinical 

baseline model: 

• 24-hour AUC-ROC: 0.894 vs. 0.672 (Delong's test: Z=12.4, p<0.001) 

• 7-day AUC-ROC: 0.872 vs. 0.638 (Delong's test: Z=13.1, p<0.001) 

The magnitude of improvement (22-23% absolute) is clinically meaningful: moving from a 

model that correctly classifies only 67% of patients to one exceeding 89% accuracy represents a 

substantial advance in risk prediction capability. 

Lead Time Analysis: 

For true positive predictions at the 24-hour horizon, the median lead time (time from crossing the 

risk threshold to the actual recurrence event) was 18.4 hours (IQR: 12.1-22.7 hours) . This 

provides clinicians and intervention systems with a meaningful window for preemptive action. 

For the 7-day horizon, the median lead time was 4.2 days (IQR: 3.1-5.8 days) , enabling earlier 

interventions. 

Micro-Intervention Engagement Simulation: 

Table 5 presents the projected outcomes of micro-intervention delivery under varying 

engagement scenarios. 

Table 5: Simulated Impact of ML-Tailored Micro-Interventions on Recurrence Rate 

Scenario 
Engagement 

Rate 

Predicted 

Recurrence Rate 

Absolute 

Reduction 
NNT 

No Intervention — 43.5% — — 

Universal Intervention 

(all high-risk alerts) 
100% 21.2% 

22.3 

percentage 

points 

4.5 



Scenario 
Engagement 

Rate 

Predicted 

Recurrence Rate 

Absolute 

Reduction 
NNT 

Moderate Engagement 70% 27.8% 

15.7 

percentage 

points 

6.4 

Low Engagement 50% 32.4% 

11.1 

percentage 

points 

9.0 

NNT = Number Needed to Treat (to prevent one recurrence) 

Table 5 demonstrates that even under conservative engagement assumptions (50%), delivering 

micro-interventions to patients identified as high-risk by the predictive model could reduce the 6-

month recurrence rate from 43.5% to 32.4% (absolute reduction of 11.1 percentage points). 

Under optimal engagement (100% of high-risk alerts generate patient response), recurrence 

could be halved to 21.2%, with a Number Needed to Treat of 4.5—a highly favorable value 

compared to many clinical interventions. 

These projections are based on the assumption that micro-intervention engagement reduces 

short-term risk by 60-80%, consistent with the effect sizes observed in related digital 

interventions for AUD . The actual clinical benefit would need to be confirmed in prospective 

randomized controlled trials. 

 

 

5. Discussion 

5.1 Interpretation 

Prediction of ALD Recurrence from Behavioral Data 

The study's primary finding—that a hybrid machine learning model combining gradient-boosted 

trees and temporal attention networks achieves 89.4% accuracy in predicting 24-hour relapse 

risk—answers RQ1 by demonstrating that behavioral variables derived from continuous 

smartphone monitoring are powerful predictors of ALD recurrence. The top predictors (sleep 

fragmentation, night-time location changes, weekend adherence drop) are all passively collected, 

highlighting the potential for minimally burdensome monitoring systems. 



This finding extends the pilot work on digital phenotyping for alcohol craving by demonstrating 

that sensor-derived behavioral patterns not only correlate with craving but also predict actual 

recurrence events. The study addresses the limitation of small sample size identified in the pilot 

by using a larger, more heterogeneous cohort (n=478 vs. the pilot's smaller sample), and extends 

the outcome measure from craving to concrete clinical endpoints. 

The dominance of behavioral predictors over clinical features (MELD-Na ranked 9th) 

underscores a critical insight: while disease severity is important, it is the dynamic behavioral 

patterns that signal impending relapse. This aligns with the theoretical framework of the Health 

Belief Model, where perceived susceptibility and cues to action are triggered by real-time 

behavioral changes—in this case, objective sensor data rather than subjective self-assessment. 

Comparative Model Performance 

The hybrid ensemble's substantial outperformance of both static clinical models and time-series 

regression (RQ2) validates the use of advanced ML techniques in this context. The temporal 

attention network's superior performance over XGBoost (AUC-ROC 0.891 vs. 0.874 at 24 hours) 

suggests that capturing the sequential dependencies in behavioral data is important for 

prediction—relapse risk is not just a function of the current state but of the trajectory of recent 

behavioral changes. 

The magnitude of improvement over baseline (22-23% absolute AUC increase) is clinically 

meaningful. A model that correctly identifies 85% of impending relapses with 80% specificity 

could be deployed in clinical practice with acceptable false positive rates. This addresses a key 

concern in predictive health applications: balancing sensitivity and specificity to minimize both 

missed opportunities (false negatives) and unnecessary interventions (false positives). 

The lead time analysis (median 18.4 hours for 24-hour predictions, 4.2 days for 7-day 

predictions) provides actionable windows for intervention delivery. The 7-day prediction horizon 

is particularly valuable, as it allows for clinician-initiated outreach or intensive intervention 

scheduling, while the 24-hour horizon enables just-in-time micro-intervention delivery through 

the patient's smartphone. 

Theoretical Extensions 

The study operationalizes theoretical frameworks in novel computational forms: 

• Prospect Theory: The micro-intervention content library includes both "loss-framed" 

messages (e.g., "You risk losing the health gains you've achieved") and "gain-framed" 

messages (e.g., "You can maintain your progress"), allowing for personalization based on 

individual reference points. The predictive model can also identify when a patient's risk 

perception may be insufficient (e.g., low concern but high behavioral risk), triggering 

educational content to align perceived susceptibility with objective risk. 

• Health Belief Model: The micro-intervention logic directly maps to HBM constructs: 



o Perceived susceptibility: Visual risk dashboards showing predicted risk level 

o Perceived severity: Educational content on consequences of recurrence 

o Perceived benefits: Testimonials and data on abstinence benefits 

o Perceived barriers: Problem-solving support for identified obstacles 

o Cues to action: Alert notifications at predicted high-risk times 

o Self-efficacy: Affirmational messages and skill-building content 

• JITAI Framework: The decision rules for intervention delivery (e.g., threshold crossing 

+ patient readiness assessment) operationalize the JITAI principles of timing, tailoring, 

and contextualization. 

Alignment with Prior Literature 

The findings are consistent with Caballeria et al. (2024) , who demonstrated that digital 

interventions improve treatment retention (aOR 3.24) and liver function in ALD patients. The 

current study extends this work by adding predictive targeting—delivering interventions when 

they are most needed rather than relying on scheduled engagement. The engagement simulation 

results (57.1-78.8% predicted reduction) compare favorably with the Caballeria trial's 82.9% 

retention rate in the intervention arm, suggesting that the combination of prediction and 

intervention could produce additive or synergistic effects. 

The study also aligns with Imam et al. (2024), who demonstrated the feasibility of ML for 

chronic liver disease prediction using structured clinical data. The current study incorporates 

behavioral data as a complementary information stream, addressing the gap identified in Imam et 

al. regarding the need for more holistic patient modeling. 

5.2 Implications 

Academic Implications 

This study makes several contributions to academic literature: 

1. Methodological: The hybrid modeling approach (gradient-boosted trees + temporal 

attention networks) provides a template for predictive behavioral analytics in chronic 

disease settings. The use of SHAP for interaction discovery demonstrates a 

methodological advancement over traditional linear modeling, revealing non-linear 

synergies between behavioral domains (e.g., sleep × geolocation) that would otherwise be 

missed. 

2. Theoretical: The study translates established behavioral theories (Prospect Theory, 

HBM, JITAI) into computational algorithms, bridging the gap between behavioral 

science and AI. The identification of specific behavioral predictors (e.g., weekend 



adherence drop, sleep fragmentation) provides empirical grounding for these theories, 

suggesting that cognitive constructs (HBM) and dynamic behavioral patterns are 

mutually reinforcing. 

3. Empirical: The study provides the first validated predictive behavioral analytics 

framework specifically for ALD recurrence, addressing the research gap identified in 

Section 2.4. The large sample size (n=478) and rigorous validation approach (temporal 

cross-validation, multiple performance metrics) establish a benchmark for future studies. 

Practical Implications 

For clinicians and healthcare systems, the findings suggest actionable strategies: 

1. Deploy Predictive Alerts: The model can be integrated into clinical dashboards to flag 

patients at elevated risk of recurrence. Clinicians can then proactively reach out via 

telehealth or schedule extra appointments, rather than waiting for clinical deterioration. 

The 7-day prediction horizon enables meaningful advance planning. 

2. Target Limited Resources: Addiction treatment resources are often constrained. The 

model's sensitivity and specificity allow for resource allocation to the highest-risk 

patients, maximizing impact. With a PPV of 67% at the 24-hour horizon, approximately 

two of every three alerts correspond to true impending relapses—a favorable ratio for 

clinical deployment. 

3. Implement Micro-Intervention Infrastructure: Healthcare systems can develop or 

license digital micro-intervention platforms for ALD patients. The content library can be 

developed collaboratively with patients to ensure cultural appropriateness and 

engagement. The engagement simulation results suggest that even 50% engagement 

yields clinically meaningful benefit (NNT 9.0), which is comparable to many 

pharmacotherapies. 

4. Monitor Key Behavioral Indicators: Clinicians can ask patients about specific 

behavioral markers during visits (e.g., "Have you noticed changes in your sleep 

patterns?" or "How has your weekend routine been?"), using the research findings to 

guide patient education and goal-setting. 

5. Optimize Medication Adherence Interventions: The finding that weekend adherence 

drop is a strong predictor (SHAP=0.154) suggests that adherence interventions should 

specifically target weekends—for example, through Saturday morning reminder texts or 

automated check-ins. 

Policy Implications 

For policymakers, the study supports several strategic directions: 



1. Reimburse Digital Behavioral Health: The clinical benefit projected by the engagement 

simulation (22.3 percentage point reduction in recurrence under optimal engagement) 

suggests that predictive digital interventions could be cost-effective. Policymakers should 

consider reimbursement codes for digital behavioral monitoring and micro-intervention 

delivery. 

2. Fund Implementation Research: The gap between model performance and real-world 

implementation requires dedicated funding for implementation science studies. Policy 

support for pragmatic clinical trials, health economics evaluations, and health equity 

analyses is warranted. 

3. Address Data Privacy and Access: The reliance on smartphone sensor data raises 

privacy concerns. Policymakers should develop regulatory frameworks that balance 

innovation with patient protection, including clear guidelines for data ownership, consent, 

and de-identification. 

4. Promote Digital Health Equity: The study sample, like most ALD research, is 

predominantly White and male. Policymakers should incentivize research in diverse 

populations and support interventions that do not require expensive devices or high 

digital literacy. 

5.3 Limitations 

The study has several important limitations that must be acknowledged and addressed in future 

research: 

1. Sample Size and Generalizability: 

While the n=478 cohort is larger than previous digital phenotyping studies in ALD , it remains 

modest for complex ML models with many features. The sample is drawn from a single, U.S.-

based tertiary hepatology center serving primarily urban populations; generalizability to other 

geographic, socioeconomic, and cultural contexts requires validation. The sample's demographic 

composition (67.4% male, 72.6% White) reflects the known epidemiology of ALD but may limit 

model performance in underrepresented groups—a concern raised in AI fairness literature . 

2. Measurement and Data Quality Challenges: 

Smartphone sensor data are subject to missingness due to device variability, participant non-

engagement, and technical interruptions . While we employed imputation strategies, missing data 

patterns may be informative (e.g., patients who stop carrying their phone may be at different 

risk). Similarly, the reliance on self-reported craving and alcohol use in EMA may be subject to 

social desirability bias, particularly in a stigmatized population. 

3. Assumption of Behavioral Pattern Stability: 

The model is trained on historical behavioral patterns and assumes they remain stable over time. 

However, patients may adapt their behaviors in response to monitoring (Hawthorne effect) or 



develop new coping strategies that change the predictive utility of sensor features. Longitudinal 

model updating will be essential for long-term deployment. 

4. Simulated Intervention Engagement: 

The intervention engagement estimates are based on simulations rather than a prospective trial. 

Actual engagement rates and clinical benefits may differ substantially. The assumptions about 

micro-intervention efficacy (60-80% risk reduction) are derived from related digital intervention 

studies but require direct validation in the ALD population. 

5. Technology Access and Literacy: 

The intervention is designed for smartphone users; patients without smartphones or with limited 

digital literacy would be excluded, potentially exacerbating health disparities. This is particularly 

relevant for older patients and those with lower socioeconomic status, who may also have higher 

ALD burden. 

6. Ethical and Regulatory Uncertainty: 

The use of predictive behavioral analytics raises unresolved ethical questions: How should false 

positive alerts be managed to avoid stigmatization? What are the consequences of patients being 

alerted to high risk? How should data privacy be ensured when third-party platforms are 

involved? These issues require ongoing stakeholder engagement and regulatory guidance . 

5.4 Future Research Directions 

The study identifies several important directions for future research: 

1. Prospective Randomized Controlled Trial: 

The highest priority is a pragmatic RCT evaluating the efficacy of the integrated framework. The 

trial should compare: 

• Arm 1: Predictive analytics + micro-interventions (full framework) 

• Arm 2: Predictive analytics only (alerts without intervention) 

• Arm 3: Standard care (no predictive analytics) 

Outcomes should include recurrence rate (primary), liver function trajectory, healthcare 

utilization, quality of life, and cost-effectiveness. The sample size should be powered to detect a 

moderate effect size (e.g., 15-20% reduction in recurrence). The trial should be multi-site to 

enhance generalizability. 

2. Extension to Diverse Populations: 

Replication studies in diverse geographic, socioeconomic, and cultural settings are essential. 

Particular attention should be paid to populations with high ALD burden that are 

underrepresented in this study (e.g., Hispanic/Latino patients, women, rural populations). 

Comparative effectiveness analyses should examine whether model performance and 

intervention acceptability differ across groups. 



3. Personalization Refinement: 

Future work should examine individual-level heterogeneity in model performance. What patient 

characteristics predict model accuracy? Can we identify subgroups for whom specific 

interventions are more or less effective? Reinforcement learning approaches could dynamically 

optimize intervention content and delivery timing based on individual responses, moving beyond 

the static decision rules used in this study. 

4. Integration with Other Data Modalities: 

The current model is limited to smartphone-based data, EHR, and EMA. Future work should 

incorporate other data streams: 

• Wearable devices (e.g., heart rate, skin conductance for stress detection) 

• Alcohol biomarkers (e.g., PEth from blood spots, transdermal sensors) 

• Environmental data (e.g., weather, alcohol outlet density) 

• Social media and text analysis (e.g., language patterns reflecting craving) 

As demonstrated in the AI-Enabled Intelligent Monitoring System study , multimodal sensing 

can significantly enhance adherence prediction and intervention effectiveness. 

5. Implementation Science: 

Understanding how predictive behavioral analytics systems are adopted and sustained in clinical 

practice is critical. Implementation studies should examine: 

• Clinician workflows and decision support integration 

• Patient preferences for notification channels and frequency 

• Organizational factors affecting adoption (e.g., IT infrastructure, leadership support) 

• Financial sustainability and reimbursement pathways 

6. Longitudinal Model Updating: 

Models must be updated as new behavioral data become available and as patient populations 

evolve. Research should explore online learning approaches that continuously refine predictions 

without requiring full retraining. Understanding the rate of model drift in this context is 

important for maintaining performance over time. 

7. Cost-Effectiveness Analysis: 

Formal health economic evaluation is needed to demonstrate the return on investment for 

predictive behavioral analytics. Analyses should consider: 

• Upfront implementation costs (technology, training, infrastructure) 

• Ongoing operational costs (data management, intervention delivery) 



• Downstream cost savings (reduced hospitalizations, ER visits, liver transplants) 

• Quality-adjusted life years (QALYs) gained 

8. Patient Perspectives and Engagement: 

Deep qualitative research is needed to understand how patients experience digital phenotyping 

and micro-interventions. Questions include: 

• What types of intervention content are most acceptable and motivating? 

• How do patients perceive the trade-offs between monitoring and privacy? 

• What barriers to engagement exist, and how can they be addressed? 

• How do family members and social networks factor into intervention effectiveness? 

 

 

6. Conclusion 

This study provides the first comprehensive framework integrating predictive behavioral 

analytics with machine learning-tailored digital micro-interventions for mitigating ALD 

recurrence. Through the development and rigorous validation of a hybrid ML model combining 

gradient-boosted trees and temporal attention networks, we demonstrate that continuously-

collected behavioral data—particularly sleep patterns, geolocation variability, and medication 

adherence—accurately predict impending relapse with 89.4% accuracy at a 24-hour horizon. The 

model substantially outperforms both static clinical models and conventional time-series 

regression, establishing the value of dynamic behavioral phenotyping in this clinical context. 

The key contribution of this research is the closed-loop "prediction-to-intervention" pipeline. By 

operationalizing behavioral theories (Prospect Theory, Health Belief Model) and the JITAI 

framework into computational decision rules, the study bridges the gap between prediction and 

action—a gap that has limited the clinical utility of prior work. The engagement simulation, 

while requiring prospective validation, suggests that delivering micro-interventions at predicted 

high-risk moments could reduce recurrence rates by 11.1-22.3 percentage points, with a Number 

Needed to Treat as favorable as 4.5 under optimal engagement. 

For healthcare administrators and clinicians, the framework provides a practical, replicable 

approach to shifting ALD care from reactive to preemptive. By identifying patients at imminent 

risk and delivering tailored support precisely when needed, healthcare systems can reduce costly 

readmissions, improve quality of life, and potentially slow disease progression. The study's 

grounding in open-source tools and established ethical frameworks facilitates translation to 

diverse clinical settings. 



Future research must validate these findings in prospective trials, extend the framework to 

underserved populations, and address the implementation challenges inherent in digital health 

innovation. However, this study establishes the foundational principle: ALD recurrence is not 

random; it is a behavioral pattern that can be predicted and, with timely, targeted support, 

prevented. The era of preemptive, personalized digital hepatology is within reach, and this 

framework offers a roadmap for its realization. 
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