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Executive Summary 
This report presents the comprehensive analysis and modeling results from Cohort 1 of 
the BootStRaP project, which aims to detect Problematic Internet Use (PUI) among 
adolescents across European countries. The study combines privacy-respecting mobile 
sensing technology with advanced risk modeling to provide timely, supportive guidance 
for youth, families, and schools. 

Cohort 1 successfully collected and analyzed data from 498 adolescents over a 6-
month period, developing predictive models to classify healthy versus unhealthy internet 
use patterns. The analysis demonstrates promising results in detecting at-risk 
individuals through passive smartphone sensing, with models showing improved 
performance when incorporating country-gender-specific and behavioral pattern 
features. 

Study Objective and Design 

Primary Objective 
The primary objective of Cohort 1 was to develop and validate a risk assessment model 
for Problematic Internet Use (PUI) among adolescents. The model aims to predict the 
likelihood of unhealthy internet use patterns based on passively collected smartphone 
mobile sensing data, enabling early intervention and support. 

Study Population 
The study enrolled 498 adolescents with the following characteristics: 

• Total participants: 498 adolescents
• Gender distribution: 266 males (53.4%), 232 females (46.6%)
• Age range: 12-16 years
• Geographic distribution: Multiple European countries

• All had usable data for modeling.



Data Collection Framework 

Passive data – Mobile Sensing Data 
Digital behavioral data was collected continuously through passive mobile 
sensing: 

• Duration: 6 months of continuous monitoring 
• Collection mode: 24/7 mobile sensing 
• Operating system events: Screen on/off, WiFi on/off 
• Application usage: Turn on/off events for installed applications 

Active Data - Clinical Labels: S-CIUS Questionnaire 
• The Short Compulsive Internet Use Scale (S-CIUS) served as the ground truth 

for PUI assessment, collected through active self-report questionnaires 
administered on mobile devices. 

• Frequency: Monthly self-assessments over 6 months 
• Compliance rate: Approximately 65% 
• Score range: 0-20 points 
• Risk classification: High risk (score ≥9), Low risk (score <9) 
• Basis: Classification threshold based on published research literature 

 

Data Processing end-to-end pipeline 

The raw smartphone logs underwent a sophisticated transformation process to create 
meaningful features for predictive modeling. This three-steps pipeline, previously 
validated in adolescent suicide risk prediction research at Schneider Children's Medical 
Center (Stemmer et al., 2024) and was also adapted for a chronic pain study (Stemmer 
et al., 2025). Each step built upon the previous one to create increasingly enhanced 
representations of user behavior. 



Step 1: Application Categorization and Aggregation 
The first transformation step grouped raw application usage data into meaningful 
categories: 

1. Mapped individual applications to predefined application categories (e.g., social 
media, gaming, productivity, entertainment) 

2. Aggregated usage logs on an hourly basis for each application category 
3. Created feature vectors where each feature represents hourly usage of a specific 

application type 
4. Synchronized feature vectors with clinical assessment labels by grouping data 

from the week preceding each S-CIUS questionnaire 

 

Step 2: Behavioral Pattern Clustering 
The second transformation identified recurring behavioral patterns and highlighted 
irregularities: 
Rationale: Most adolescents exhibit consistent smartphone usage patterns, but 
irregular behaviors may indicate problematic use. This stage aims to create a 
representation that highlights these irregularities. 

1. Clustered hourly feature vectors using unsupervised learning to identify common 
behavioral patterns 

2. Mapped each hourly vector to its closest cluster using Mahalanobis distance 
3. Calculated distance from each vector to its assigned cluster center 
4. Binned distances into nine quantiles (Q1-Q9) 
5. Assigned each hourly vector to a specific quantile within its cluster, with higher 

quantiles indicating more unusual or irregular behavior 

 



Step 3: Weekly Aggregation of Quantile Counts 
The final transformation created dense weekly summary vectors: 

• For each week, counted how many hourly vectors fell into each quantile of each 
cluster 

• Created a dense feature vector of quantile counts (e.g., 3 vectors in Blue cluster 
Q1, 2 vectors in Blue cluster Q2, etc.) 

• Transformed sparse hourly behavioral data into a compact weekly summary 
suitable for machine learning models 

Example: A weekly vector might show: 3 hours in Blue cluster Q1, 2 hours in Blue 
cluster Q2, 1 hour in Blue cluster Q3, 5 hours in Red cluster Q1, etc. This 
representation captures both typical patterns and irregular deviations in a compact 
format. 

 

 

 

 

 

 

 

 



Methodology 

Train-Test Split Strategy 
A rigorous train-test split methodology was implemented to ensure model 
generalizability and prevent data leakage: 
Objective: Minimize generalization error by ensuring the training set is representative of 
the full population while maintaining strict separation between training and test data. 

• Stratified split by gender and country: Behavioral patterns differ significantly 
across genders and countries, necessitating careful stratification 

• Within-subgroup balancing: Additional features (e.g., median S-CIUS score per 
participant) were balanced within each gender × country × OS subgroup to 
preserve internal structure 

• Strict participant separation: All data from a given participant was assigned 
exclusively to either training or test set (no participant appeared in both) 

• Conducted statistical tests to validate that the difference between the train and 
test groups is insignificant  

Result: A diverse, representative training set that supports reliable predictions on 
unseen participants 

Modeling Approaches 
Multiple modeling strategies were systematically evaluated to identify the optimal 
approach for PUI risk prediction. Each strategy was designed to test specific 
hypotheses about the data structure and feature importance. 

Baseline Model: Naive Algorithm 
Purpose: Establish a performance baseline using only the previous S-CIUS label 

• Features: Previous month's S-CIUS score only 
• Rationale: Tests whether smartphone behavioral data adds predictive value 

beyond simple label persistence 

Gender-Specific Modeling 
Purpose: Account for potential differences in smartphone usage patterns between 
males and females 

• Approach: Separate models trained for male and female participants 
• Features: Weekly quantile count vectors derived from behavioral patterns 

 

 



Country-Gender-Specific Modeling 
Purpose: Capture country-specific cultural and behavioral differences 

• Approach: Individual models for each country-gender combination 
• Hypothesis: Different countries may exhibit distinct smartphone usage norms and 

PUI patterns 
• Trade-off: Higher specificity but smaller training sets for each model 

Global-Gender-Specific Modeling 
Purpose: Maximize training data while maintaining gender-specific patterns 

• Approach: Pool data across all countries for each gender 
• Advantage: Larger training sets enable detection of more general patterns 
• Trade-off: May miss country-specific nuances 

Feature Variations: With and Without Previous Label 
Both country-gender-specific and global-gender-specific models were evaluated in two 
configurations: 

• Without previous label: Uses only behavioral pattern features from smartphone 
data 

• With previous label: Includes the previous month's S-CIUS score as an 
additional feature 

• Comparison goal: Determine whether temporal label information significantly 
enhances prediction accuracy 

  



Results and Key Findings 
The systematic evaluation of multiple modeling approaches revealed several important 
insights about predicting PUI risk from smartphone behavioral data. 

Performance Hierarchy 
The models demonstrated a clear performance hierarchy based on their design 
characteristics: 

• Naive baseline model: Provided the weakest performance, confirming that 
smartphone behavioral data adds substantial predictive value beyond simple 
label persistence 

 
• Gender-specific models: Showed improved performance over the baseline, 

validating the importance of gender-stratified analysis 

 
 
 
 
 

 
 



• Country-Gender-specific and Global-Gender- specific models: 
Both country-gender-specific and global-gender-specific approaches 
demonstrated strong performance 

 

Impact of Feature Engineering 
The three-stage data processing pipeline proved effective in creating meaningful 
features: 

• Behavioral pattern clustering successfully captured individual variations in 
smartphone usage 

• Quantile-based representation effectively highlighted irregular behaviors 
associated with PUI risk 

• Weekly aggregation provided appropriate temporal granularity for monthly PUI 
assessments 

Model Comparison Insights 
Impact of inclusion of previous label: Including the previous S-CIUS label as a 
feature consistently and substantially improved model performance across all modeling 
approaches, demonstrating that temporal continuity in PUI risk is a critical predictive 
signal. This improvement was observed universally across both Country-Gender-
Specific and Global-Gender-Specific models, highlighting the value of longitudinal 
information in risk assessment. 
 
Country-Gender-Specific vs. Global-Gender-Specific: Country-Gender-Specific vs. 
Global-Gender-Specific models demonstrated comparable performance overall. When 
the previous label is available as a feature, Global-Gender models are preferred due to 
their superior generalization and consistency. However, when the previous label is 



unknown, Country-Gender models may better capture local behavioral patterns, though 
notable exceptions exist: females in Lithuania, Portugal, and Great Britain, and males in 
Switzerland showed weaker performance with country-specific modeling, suggesting 
these subgroups benefit from the larger, cross-national training data available in Global-
Gender models. 

Limitations and Considerations 

Compliance and Data Quality 
• Questionnaire compliance: The 65% compliance rate for monthly S-CIUS 

assessments introduces potential selection bias 
• Passive data collection: While less burdensome than self-report, passive 

sensing may miss contextual information about smartphone use that could 
enhance predictions 

Conclusion 
Cohort 1 of the BootStRaP project has successfully demonstrated the feasibility and 
effectiveness of using passive smartphone sensing data to predict Problematic Internet 
Use among adolescents. Through a rigorous data processing pipeline and systematic 
model evaluation, we have established that: 

• Smartphone behavioral patterns contain meaningful signals for PUI risk 
assessment 

• Gender-stratified modeling significantly improves prediction accuracy 
• Behavioral pattern clustering and quantile-based features effectively capture 

individual variations 

• Temporal information (previous labels) enhances predictive performance 

These findings provide a strong foundation for developing privacy-respecting digital 
health interventions that can support adolescents, families, and schools in promoting 
healthy internet use patterns. The insights gained from Cohort 1 will guide continued 
research and development in Cohort 2, with the ultimate goal of translating these 
predictive capabilities into timely, supportive interventions for at-risk youth. 

* * * 

The Data Science Institute, Reichman University 
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