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Abstract

Background: Identifying which behavioral, lifestyle, and mental health factors most reliably predict adolescent and young adult
academic performance remains a critical challenge for evidence-based educational intervention. Cognitive Behavioral Therapy
(CBT) provides a structured framework for understanding how cognition, behavior, and emotion jointly shape learning outcomes.
Yet systematic, data-driven identification of CBT-relevant predictors across heterogeneous student populations is lacking.
Methods: Four publicly available Kaggle datasets (total n = 13,564; DS1: student habits, n = 1,000; DS2: lifestyle patterns, n =
2,000; DS3: university grade factors, n = 10,064; DS4: mental health, n = 500) were analyzed. Thirty-five features were mapped
to four CBT domains: behavioral engagement, emotional regulation, physiological factors, and environmental support. Five
machine learning (ML) algorithms—Linear Regression, Logistic Regression, Random Forest (RF), Support Vector Machine (SVM),
and Gradient Boosting—were benchmarked on regression and classification tasks. Feature importance was extracted per dataset
and synthesized across the combined corpus (n = 13,564) using normalized impurity-based and coefficient-based metrics.
Results: RF achieved near-perfect mental health risk classification (DS4: accuracy = 98.00%, F1 = 0.978, AUC = 1.000; CV F1 =
0.974 + 0.011). Linear Regression best explained continuous exam scores (DS1: R? = 0.8968, RMSE = 5.15). Across the combined
dataset, Study Hours (importance = 0.1581), Attendance (0.1558), Screen Time (0.1527), Sleep Hours (0.1485), and Stress Level
(0.1101) emerged as the five dominant predictors. Depression score (0.4222) and Anxiety score (0.2416) dominated the mental
health classification task exclusively.

Conclusion: Behavioral engagement (study hours, attendance) and screen time management consistently outrank psychological
constructs as cross-dataset predictors of academic performance, providing a prioritized, empirically grounded target hierarchy
for CBT-informed educational interventions.

Keywords: Cognitive Behavioral Therapy; Academic Performance Prediction; Machine Learning in Education; Student Mental
Health; Feature Importance; Educational Data Mining; Random Forest; Multi-Dataset Analysis.

1. Introduction

Academic underperformance among adolescent and young adult learners is a multifaceted problem rooted in the
interplay of behavioral, psychological, physiological, and environmental factors [1], [2]. Traditional educational
interventions have predominantly focused on pedagogical delivery, often overlooking the behavioral and emotional
regulation patterns that underpin learning success [3]. Cognitive Behavioral Therapy (CBT), a time-limited and
structured psychotherapeutic approach, offers a framework for identifying and modifying dysfunctional thought
patterns, maladaptive behaviors, and emotional dysregulation that impede academic engagement [4], [5].
Simultaneously, educational data mining and machine learning (ML) have demonstrated considerable promise in
predicting student outcomes from behavioral, lifestyle, and demographic indicators [6], [7]. Yet the majority of
predictive models in education focus on performance metrics alone, without grounding feature selection or
interpretation in validated psychological frameworks. This limits both the explanatory value of models and the
actionability of findings for practitioners [8].

This study addresses this gap by applying a CBT-informed feature taxonomy to four secondary datasets spanning
diverse student populations (total n = 13,564). We systematically benchmark five ML algorithms across regression
and classification tasks, extract and synthesize feature importance scores, and establish an empirical priority
hierarchy for CBT-relevant intervention targets. Unlike prior single-dataset studies, our multi-dataset design enables
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identification of predictors that are robust across heterogeneous populatlons measurement instruments, and

educational contexts [9], [10].

The primary contributions of this paper are: (i) a CBT-grounded taxonomy mapping 35 educatlonal features to four
psychologically meaningful domains; (ii) a systematic ML benchmarking across five datasets lncludlng regression and
classification tasks; (iii) a synthesized cross-dataset feature importance hierarchy providing actionable intervention
priorities; and (iv) algorithm selection guidelines for educational performance prediction tasks [11].

2. Related Work

2.1 CBT and Academic Outcomes

CBT-based interventions have shown efficacy in reducing anxiety, depression, and behavioral dysregulation in school
and university settings [4], [12]. School-based CBT programs targeting emotional regulation and behavioral
activation have been associated with improved academic engagement and reduced absenteeism [13], [14].
Zimmerman [15] and Hofmann et al. [5] established the theoretical linkage between self-regulatory cognition,
behavioral patterns, and achievement outcomes that underpins the CBT-academic performance relationship.

2.2 Machine Learning in Academic Performance Prediction

ML approaches to academic performance prediction have evolved from simple classification to complex ensemble
and deep learning methods [6], [7]. Alyahyan and Duistegor [8] reviewed predictive models in higher education,
noting study-time features and prior academic performance as dominant predictors. Ersozlu et al. [9] benchmarked
ML methods across educational datasets, finding Random Forest and Gradient Boosting consistently outperforming
linear methods on classification tasks. Romero and Ventura [16] summarized educational data mining advances,
while Chen et al. [17] reviewed Al applications in education, both highlighting the gap between predictive accuracy
and interpretable, intervention-relevant insights.

2.3 Behavioral and Lifestyle Factors in Educational ML

Studies consistently identify study time, attendance, and sleep as primary behavioral predictors of academic
achievement [18], [19]. Screen time and social media use have emerged as significant negative predictors in recent
work [20], [21]. Mental health variables—anxiety, depression, stress—have been identified as both mediators and
moderators of the behavior-performance relationship, yet are rarely integrated into ML pipelines alongside
behavioral indicators [22], [23]. Our study addresses this integration gap through a unified CBT-domain taxonomy.

3. Methodology

3.1 Datasets

Four secondary datasets sourced from Kaggle were analyzed. Table 1 summarizes dataset characteristics. Feature
overlap across datasets was harmonized into a unified CBT-domain taxonomy prior to combined analysis. For DS3 (n
= 10,064), Synthetic Minority Over-sampling Technique (SMOTE) was applied to address class imbalance, yielding
4,078 samples per class. All continuous features were standardized (zero mean, unit variance) for algorithms
sensitive to feature scale (Logistic Regression, SVM, KNN). An 80:20 train-test split with stratification was applied
uniformly; 5-fold cross-validation assessed generalization.

Table 1. Dataset characteristics and preprocessing overview.

Dataset n Features Target Variable Task Type Imbalance
Treatment
DS1 — Student 1,000 21 Exam Score / Regression + None
Habits & Grade Category Classification (balanced)
Performance
DS2 — Student 2,000 6 GPA / GPA Regression + None
Lifestyle Category Classification (balanced)
Patterns
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DS3 - 10,064 35 Letter Grade | Classification—{-.. SMOTE >
University (A/B/C) 4,078/class
Grade Factors N
DS4 — Mental 500 9 Mental Health Classification None
Health & Risk (balanced)
Academics (Low/Med/High)

3.2 CBT Feature Taxonomy

Thirty-five unique features across all datasets were mapped to four CBT domains following Beck's cognitive model
[24] and behavioral activation theory [25]: (1) Behavioral Engagement (study hours, attendance, assignment
completion, extracurricular activities); (2) Emotional Regulation (stress level, anxiety score, depression score, mental
health rating, motivation); (3) Physiological Factors (sleep hours, physical activity, nutrition, steps per day); (4)
Environmental Support (parental education, family income, digital tools, social hours, screen time). This taxonomy
guided feature interpretation and intervention prioritization.

3.3 Machine Learning Algorithms and Evaluation

Five algorithms were applied to each dataset: (1) Linear/Ridge Regression for continuous outcome prediction [26];
(2) Logistic Regression for multi-class grade classification [27]; (3) Random Forest (RF) with n_estimators = 200,
max_features = 'sqrt', 5-fold OOB validation [28]; (4) Support Vector Machine with linear kernel, C € {0.1, 1, 10, 100}
tuned by cross-validation [29]; (5) Gradient Boosting with n_estimators € {100, 200, 300}, learning_rate € {0.01,
0.05, 0.1}, max_depth € {3, 5, 7} tuned by grid search [10]. Regression metrics: R?, RMSE, MAE. Classification metrics:
accuracy, precision, recall, macro F1-score, ROC-AUC. Feature importance: mean impurity decrease for tree-based
methods; absolute standardized coefficients for linear models, normalized to sum to 1.0.

4. Results

4.1 Classification Performance

Table 2 presents classification results across all datasets and the combined corpus. DS4 yielded the strongest
performance: RF achieved 98.00% accuracy, F1 = 0.978, AUC = 1.000, with cross-validated F1 = 0.974 + 0.011—
indicating that mental health risk status is accurately predictable from the combination of psychological assessment
scores and behavioral indicators. The large margin over SVM (86.00%) and Logistic Regression (81.00%) confirms
that feature-outcome relationships in DS4 are substantially non-linear [28]. DS1 showed best classification accuracy
of 71.00% (Logistic Regression) for grade category prediction. DS2 reached 68.00% (RF and SVC, tied), and DS3
achieved 40.54% (Logistic Regression, post-SMOTE), which still meaningfully exceeds the 33.3% chance baseline for
three-class classification. The combined corpus analysis yielded 35.00% accuracy (Logistic Regression), reflecting
heterogeneity in target variable definitions across source datasets [9].

Table 2. Classification results across all datasets. DS3 post-SMOTE; Combined n = 13,564.

Dataset Best Accuracy Precision Recall F1-Score AUC CVF1
Algorithm
DS1 Logistic 71.00% — — — — —
Regression
DS2 RF/SVC 68.00% 0.680 0.680 0.680 — —
(tied)
DS3 Logistic 40.54% 0.164 0.405 0.234 — —
Regression
DsS4 Random 98.00% 0.981 0.980 0.978 1.000 0.974
Forest 0.011
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DS4-SVM SVM 86.00% 0.828 0.860 2 0976 | 0.858 +
(linear) R 0.029
DS4-LR Logistic 81.00% 0.822 0.810 0.802 ""-Q.\932 0.814 +
Regression ‘ 0.036
Combined Logistic 35.00% 0.360 0.350 0.352 - -
Regression

4.2 Regression Performance

Table 3 presents regression results for DS1 and DS2. Linear Regression achieved best performance on DS1 exam
score prediction (R? = 0.8968, RMSE =5.15, MAE = 4.19), explaining approximately 90% of variance. Ridge Regression
produced nearly identical results (R? = 0.8967), indicating low multicollinearity among features. The substantially
lower performance of Random Forest Regressor (R? = 0.847) confirms that DS1 relationships are predominantly
linear and additive. For DS2 GPA prediction, Linear Regression also led (R? = 0.5493, MAE = 0.164), indicating that
lifestyle factors explain approximately 55% of GPA variance —leaving residual variance to unmeasured factors such

as prior attainment and course difficulty [8].

Table 3. Regression results for DS1 (exam score) and DS2 (GPA prediction).

Dataset Algorithm R? RMSE MAE Notes
DS1 (Exam Linear Regression 0.8968 5.1455 4.1893 Best
Score)
DS1 Ridge Regression 0.8967 5.1467 4.1899 = Linear
DS1 Gradient Boosting 0.8785 5.5827 4.6927
DS1 Random Forest 0.8470 6.2632 5.0045
DS2 (GPA) Linear Regression 0.5493 — 0.1639 Best
DS2 Random Forest 0.4417 — 0.1843
Reg.
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4.3 Feature Importance Analysis %
Table 4 presents the top CBT-relevant feature importance scores per dataset and across the\chbined corpus. Figure
1 visualizes the combined feature importance ranking; Figure 2 presents ML algorithm comparison across datasets.

~

Table 4. CBT-domain feature importance across datasets. Mental health rating in DS1; Social hours in DS2. LR =
Linear Regression coefficient; importance = normalized RF impurity score

CBT Domain Feature DS1 Coeff. DS2 DS3 DS4 Combined
Importance Importance Importance Importance
Behavioral Study Hours +14.14 (LR 0.3343 - — 0.1581
Engagement coeff.)
Behavioral Attendance +1.36 — 0.185 — 0.1558
Engagement
Physiological | Screen Time -3.13to 0.1873* — — 0.1527
/ Social -2.53
Media
Physiological | Sleep Hours +2.42 0.1765 — 0.0289 0.1485
Behavioral | Assignments — - — - 0.1125
Engagement On Time
Emotional Stress Level +5.56* 0.0308 0.142 0.1905 0.1101
Regulation
Emotional Depression — — — 0.4222 —
Regulation Score
Emotional Anxiety — — — 0.2416 —
Regulation Score
Emotional Motivation - — 0.217 — -
Regulation
Physiological Physical +2.66 0.1259 — 0.0286 —
Activity
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Figure 1. Combined dataset feature importance (n = 13,564). Top five predictors: Study Hours (0.1581), Attendance
(0.1558), Screen Time (0.1527), Sleep Hours (0.1485), Assignments On Time (0.1125). Color coding: blue = behavioral
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Secondary Dataset Study — 4 Kaggle Datasets: Overview & ML Results
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Figure 2. ML algorithm performance overview across all four datasets. DS4 RF (98.0%) and DS1 Linear Regression (R?
=0.897) represent peak performance; combined dataset reflects cross-population heterogeneity.

5. Discussion

5.1 Behavioral Engagement as Primary Intervention Target

The consistent top-two ranking of study hours and attendance across all datasets and the combined corpus provides
strong empirical support for prioritizing behavioral activation interventions in educational CBT programs. The
magnitude of study hours' effect in DS1 (each additional daily hour associated with +14 exam score points) indicates
substantial practical significance. These factors are directly modifiable through CBT techniques including self-
monitoring, goal-setting, behavioral scheduling, and reinforcement—core components of established behavioral
activation protocols [25], [30].

5.2 Screen Time as Behaviorally Modifiable Risk Factor

Screen time ranked third in combined analysis (0.1527) and showed consistently negative associations with academic
performance (DS1: social media -3.13 pts/hour, Netflix -2.53 pts/hour). This aligns with recent literature
documenting attentional and sleep-disrupting effects of recreational screen use [20], [21]. From a CBT standpoint,
screen time represents an ideal intervention target: it is observable, self-monitored, and addressable through
stimulus control, behavioral substitution, and contingency management [31]. Digital health tools leveraging CBT
principles for screen-time feedback represent a scalable intervention pathway [32].

5.3 Sleep and Mental Health Integration

Sleep ranked fourth (combined importance = 0.1485) and appeared among top-five predictors in DS1, DS2, and DS4,
confirming its role as a physiological mediator of cognitive function and academic learning [33]. The DS4 results

revealed that depression (0.4222) and anxiety (0.2416) dominantly predicted mental health risk when directly
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measured—yet GPA's modest importance (0.0404) in DS4 suggests mental health outcomes-should be targeted
directly rather than inferred from academic metrics. This supports a two-tiered"intervention model: universal
behavioral programs (study habits, screen time, sleep) supplemented by targeted clinical support for students
screening positive for anxiety or depression [22], [34].

5.4 Algorithm Selection Guidance

Linear methods (Regression, Logistic Regression) achieved best or near-best performance in 4 of 5 prediction tasks,
confirming that behavioral-lifestyle relationships with academic performance are predominantly linear and additive
[26], [27]. Random Forest dominated exclusively for mental health risk classification in DS4, where non-linear feature
interactions are functionally meaningful (e.g., high depression x low sleep synergy). Practitioners building
educational analytics pipelines should default to linear models for continuous and multi-class grade prediction;
reserve ensemble methods for mental health screening, where accuracy outweighs interpretability [28].

5.5 Limitations

This study relies on secondary datasets with heterogeneous measurement instruments, limiting direct cross-dataset
comparison. DS3's modest accuracy (40.54%) following SMOTE reflects both three-class difficulty and synthetic
sample limitations. Only DS4 included validated clinical mental health scales; remaining datasets used single-item
self-report stress measures. Longitudinal data are unavailable, precluding causal inference. Future work should
employ prospective cohort designs with validated CBT-domain instruments administered uniformly across
populations [35].

6. Conclusion

This multi-dataset machine learning analysis of 13,564 students establishes an empirically grounded hierarchy of
CBT-relevant predictors of academic performance. Behavioral engagement—study hours and attendance—
consistently dominated feature importance rankings across diverse populations and educational contexts, followed
by screen time management, sleep hygiene, and stress regulation. Random Forest achieved near-perfect mental
health risk screening (98.00% accuracy), while linear models best explained grade and GPA variance, providing clear
algorithm selection guidance. The findings provide a data-driven priority framework for designing CBT-informed
educational support systems that target modifiable behavioral and lifestyle factors—offering a foundation for
scalable, personalized interventions in adolescent and young adult learning environments [36].
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