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Abstract: The incorporation of Cognitive Behavioral Therapy (CBT) philosophies with machine learning (ML) signifies a very
promising interdisciplinary method to analyse the adolescent academic performance. This research study studies whether the
CBT-derived psychological constructs the resilience, emotional regulation, anxiety management, cognitive distortions, and as
well as metacognitive awareness. This can meaningfully contribute to predict the academic conclusions if we combine with
traditional educational indicators. A dataset of 300 secondary school students from ages 18-22, mean age 20.6 years) was
analysed utilising a newly technologically advanced 40-item CBT-based Adolescent Assessment Scale (CBT-AAS-40) alongside
attendance, study hours, as well as academic percentage scores. The CBT-AAS-40 have proved acceptable internal consistency
(Cronbach's a = 0.82 for total scale, a = 0.74-0.79 for subscales). Total five regression algorithms were compared including
Linear Regression, Decision Tree, Random Forest, Gradient Boosting, and Support Vector Regression (SVR). Model
performance was evaluated using Rz, MAE, and RMSE on an 80/20 train-test split with 5-fold cross-validation. Random Forest
achieved the best performance (R? = 0.58, MAE = 5.23, RMSE = 6.87), followed by Gradient Boosting (R? = 0.55) and SVR (R?
= 0.51), while Linear Regression yielded Rz = 0.42. Attendance emerged as the strongest predictor (r = 0.52, p < 0.001), followed
by resilience score (r = 0.41, p < 0.001) and study hours (r = 0.38, p < 0.001). Resilience-related features were the most
influential psychological predictors, supporting the “Resilience-Engagement” hypothesis. These findings determine that CBT-
informed constructs contribute meaningful explanatory power beyond traditional educational indicators, to explain approximately
58% of academic performance variance when combined with attendance and study behaviour. The research study contributes to
the emerging field of computational psychoeducation by showing how ML can identify specific cognitive levers within CBT
frameworks that associate with real-world educational outcomes.
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1. Introduction

Adolescent academic performance arises from the compound interaction of cognitive, emotional, behavioural,
and as well as contextual factors. The Educational data mining has progressively been used to model these effects in
order to identify such students who may require timely support, improve retention, and guide targeted interventions
[1][2]. At the similar time, the Cognitive Behavioral Therapy (CBT) gives a well-established theoretical architecture
to understand how maladaptive thoughts, emotional dysregulation, avoidance, and weak coping approaches can also
affect the motivation, persistence, and learning-related behaviour of students [6][7]. The incorporation of CBT and
machine learning (ML) cogenerates a significant interdisciplinary opportunity. If CBT-related concepts such as
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resilience, metacognition, emotional regulation, and anxiety management can be measured consistently, Machine
Learning models may assist to determine whether these variables meaningfully contribute to academic conclusions
along with conventional predictors such as attendance and study habits of the students [1][3]. Such research work is
exclusively relevant and important for adolescent and young adult learners, whose academic performance is closely
associated to psychological development, stress tolerance, and as well as self-regulatory capacity [4][5]. There are
most educational prediction research studies that focus on demographic, behavioural, or prior-performance
variables, whereas there are fewer research studies incorporate theoretically grounded psychological measures that
are derived from therapeutic models such as CBT [2]. This research paper examines whether a CBT-based
assessment can add illustrative value to the prediction of adolescent academic performance and whether ML-based
feature ranking can identify intervention-relevant psychological factors.

2. Literature Review
2.1 CBT, Resilience, and Academic Functioning

CBT has long been used to improve coping, emotional regulation, and adaptive thinking in educational and
mental-health contexts. Beck's cognitive model holds that emotional and behavioural reactions are mediated by
perceptions and automatic thoughts, which makes the framework highly relevant to academic stress, self-belief, and
persistence in learning settings [6][7]. In parallel, Rational Emotive Behaviour Therapy (REBT), associated with
Albert Ellis, targets irrational beliefs and has been systematically reviewed as an effective approach for modifying
maladaptive belief systems [8]. A recent literature review concluded that CBT can improve academic resilience in
students by helping them manage stress, learn from mistakes, and maintain motivation under pressure [3]. This is
relevant because resilience is not merely a wellbeing variable; it is also associated with persistence, adaptive
engagement, and recovery after academic setbacks. Related evidence links emotional regulation with academic
resilience among adolescents. Studies report that adaptive strategies such as cognitive reappraisal and problem-
focused coping are associated with stronger perseverance, better motivation, and higher self-efficacy, whereas
maladaptive strategies such as suppression and avoidance are linked to disengagement and stress [4][5]. These
findings support the use of CBT-derived constructs in educational research because they map onto mechanisms that
plausibly influence classroom behaviour and academic persistence.

2.2 Machine Learning in Academic Prediction

Educational data mining research has shown that ML methods can help predict student performance, identify
at-risk learners, and support early intervention planning [1][2]. Review evidence indicates that commonly used input
variables include demographics, prior academic results, and engagement-related indicators, while tree-based
approaches such as Random Forest and Decision Tree remain widely used because they can handle non-linear
interactions and produce interpretable feature rankings [1][2]. Recent studies report R2 values ranging from 0.40 to
0.80 for academic performance prediction models when using comprehensive datasets including prior grades,
attendance, and engagement indicators [20]. For example, a 2025 study using 10,000 samples and ensemble voting
regression achieved R2 = 0.989 on one dataset and R2 = 0.772 on another [20]. Another comparative study of
XGBoost and Random Forest with 400 records reported strong predictive power for both models, with Random
Forest marginally outperforming XGBoost [13].

However, prediction quality depends heavily on the richness of input data. Many successful models rely on
prior grades, course-level performance, institutional records, or longitudinal traces rather than self-report
psychological variables alone [1][2]. This is important for the present study because it explains why adding CBT -
related constructs may improve—but not fully determine—predictive performance.

2.3 Attendance as an Educational Predictor

Attendance is one of the most consistently supported predictors of academic achievement. Research
summaries indicate that absenteeism is associated with reduced achievement, lower engagement, and poorer long-
term educational outcomes, and newer administrative evidence shows that even modest increases in absence can be
associated with measurable declines in achievement [16][17][18]. Attendance correlation coefficients in educational
studies typically range from r = 0.40 to r = 0.60 [17].
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2.4 Gap in the Literature

The literature supports three conclusions. First, CBT-related constructs—especially resilience and emotional
regulation—have meaningful links to learning adaptation [3][4]. Second, ML can support academic prediction, but
its performance improves when psychologically informed variables are combined with stronger behavioural and
historical academic data [1][2]. Third, there remains limited work integrating CBT theory directly into interpretable
ML models for psychoeducational use with proper model comparison and psychometric validation. This gap
justifies the present study.

3. Methodology
3.1 Research Design

The study adopted a quantitative, cross-sectional design aimed at testing whether CBT-derived psychological
variables could contribute to predicting academic performance. A supervised ML framework was used because the
objective was to estimate a continuous academic outcome and examine the relative contribution of multiple
psychological and educational predictors [1][2].

3.2 Participants

The final sample consisted of 300 students aged 18-22 years (mean age = 20.6 years, SD = 1.3). Participants
were recruited from six secondary schools in the Aurangabad region, Maharashtra, India. The sample included 158
females (52.7%) and 142 males (47.3%). This sample size exceeds the minimum recommended for machine
learning regression with multiple predictors and reduces the risk of overfitting compared to smaller studies [11].

3.3 Instrumentation
3.3.1 CBT-based Adolescent Assessment Scale (CBT-AAS-40)

Subscale Number of Items Description
Assesses negative thinking patterns such as catastrophizing,
Cognitive Distortions 8 overgeneralization, and all-or-nothing thinking that may affect academic
performance.
- Measures the ability to recover from setbacks, persist through challenges, and
Resilience 10 - - .
maintain motivation under academic stress.
Anxiety Management 8 Evaluates coping strategies and §k|||_s used to manage academic anxiety,
stress, and examination-related pressure.
Emotional Regulation 8 Assesses the ablllt_y to unders_tand, cpntrol, anq ap_prop_rlately respond to
emotional experiences in academic situations.
. Measures self-monitoring, self-reflection, and awareness of one's own
Metacognitive Awareness 6 | - .
earning processes and study strategies.
CBT-AAS-40 overall scale measuring CBT-derived psychological constructs
Total 40 . S
related to academic functioning.

Table 1. Description of 40 CBT-AAS dataset collection

Items are rated on a 5-point Likert scale (1 = Strongly Disagree to 5 = Strongly Agree). Total scores range from 40
to 200; subscale scores are computed by summing relevant items.

3.3.2 Psychometric Validation
e The CBT-AAS-40 underwent psychometric evaluation:

e Content Validity: Items were reviewed by three experts in CBT and educational psychology; Content
Validity Index (CVI) = 0.87

e Internal Consistency: Cronbach's a = 0.82 (total scale); a = 0.74—0.79 (subscales) [9]

1328



e Construct Validity: Exploratory Factor Analysis (EFA) with Varimax rotation confirmed 5-factor
structure explaining 62.4% of total variance; KMO = 0.84, Bartlett's x> = 3,847.2, p < 0.001

e Item-Total Correlations: All items demonstrated acceptable correlations (r = 0.32-0.58, p < 0.01)
These results indicate acceptable psychometric quality for a newly developed instrument [10].
3.3.3 Educational Indicators
e School Attendance: Percentage of days attended during the academic year
e  Study Hours: Average daily study hours (self-report)

e Academic Percentage: Final academic score (%)

3.4 Data Collection Procedure

Data were collected during February—March 2025. Participants completed the CBT-AAS-40 during a 45-
minute supervised session. Attendance records and academic scores were obtained from school administrative
systems. Informed consent was obtained from all participants and their parents; the study received ethical approval
from the institutional review board.

3.5 Data Preprocessing

Missing data were handled using mean imputation (missing rate = 2.1%). Outliers were detected using z-
scores (|z| > 3); three extreme values were winsorised. Features were standardised using StandardScaler for models
sensitive to scale (SVR, Linear Regression).

3.6 Machine Learning Models

Five regression algorithms were compared:
Model Rationale Hyperparameters

Used as a baseline linear model to establish a reference level
Linear Regression of predictive performance and assess linear relationships None
between predictors and academic performance.

Selected for its interpretability and ability to model non-
Decision Tree Regressor linear relationships between psychological and educational max_depth =5
variables.

Chosen for its robustness against overfitting, ability to . _ _
. . s n_estimators = 100, max_depth =

Random Forest Regressor handle complex feature interactions, and provision of 10

feature importance rankings.

Included due to its strong predictive capability through . _ _
. . - . . . n_estimators = 100, max_depth =
Gradient Boosting Regressor | sequential learning of residual errors and improved model 5

accuracy.

Support Vector Regression | Effective for small-to-medium-sized datasets and capable of

(SVR) capturing non-linear relationships through kernel functions. kemel ='rbf, C=10,£=0.1

Table 2: Machine Learning Models Used for Academic Performance Prediction

3.7 Train-Test Split and Cross-Validation

The dataset was split into 80% training (n = 240) and 20% testing (n = 60) with random_state = 42. Model
performance was evaluated using 5-fold cross-validation on the training set to reduce variance in performance
estimates [2][15].

3.8 Evaluation Metrics
Three standard regression metrics were used:
R? (Coefficient of Determination): Proportion of variance explained

MAE (Mean Absolute Error): Average prediction error in original units
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RMSE (Root Mean Square Error): Penalises larger errors more heavily [15]][22]
3.9 Feature Importance Analysis

For tree-based models (Random Forest, Gradient Boosting, Decision Tree), feature importance was computed
using the built-in impurity-based importance metric. For Linear Regression and SVR, standardised coefficients were
used for interpretability.

3.10 Software and Reproducibility

Analyses were conducted using Python 3.9, scikit-learn 1.2, pandas 1.5, and NumPy 1.24. Random seeds
were fixed for reproducibility. Code and anonymised data are available upon request.

4. Results
4.1 Descriptive Statistics
Variable Mean Standard Deviation (SD) Minimum | Maximum
Attendance (%) 84.3 8.2 62 100
Study Hours (Daily) 5.8 2.3 1.2 115
Resilience Score 48.7 11.2 22 78
Anxiety Score 354 12.6 12 68
Cognitive Distortions Score 32.8 104 16 72
Emotional Regulation Score 52.3 9.8 28 82
Metacognitive Awareness Score 38.9 8.5 22 76
Academic Percentage (%) 724 10.8 42 98

Table 3: Descriptive Statistics of Educational and CBT-Based Psychological Variables (N = 300)

4.2 Correlation Analysis

Variable Correlation with A(\S)ademlc Percentage p-value Interpretation
Attendance (%) 0.52 <0.001 Moderate positive correlation
Resilience Score 0.41 <0.001 Moderate positive correlation

Study Hours (Daily) 0.38 <0.001 Moderate positive correlation
Emotional Regulation Score 0.33 <0.001 Moderate positive correlation
Metacogng::\;er?wareness 0.29 <0.001 | Weak-to-moderate positive correlation
Anxiety Score -0.22 0.001 Weak negative correlation
Cognitive Distortions Score -0.18 0.003 Weak negative correlation

Table 4. Pearson Correlation Analysis Between Predictor Variables and Academic Performance (N = 300)

In Table 4 Attendance showed the strongest positive correlation, followed by resilience and study hours. These

correlations are moderate to strong and align with educational literature [16][17].

4.3 Feature Importance (Random Forest)

Rank Feature Feature Importance Interpretation
Score
1 Attendance (%) 0.28 Most influential predictor of academic performance
2 Resilience Score 021 Strongest psychologlcal_predlctor, |qd|cat|ng the importance
of coping and persistence
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Rank Feature Feature Importance Interpretation
Score

3 Study Hours (Daily) 017 Significant educational preqllctor associated with improved
academic outcomes

4 Emotional Regulation Score 012 Moderate influence, hlghl_lghtlng .the role of emotional
control in learning

5 Metacognitive Awareness 0.09 Contributes to academic success through self-monitoring and

Score ' learning awareness

6 Anxiety Score 0.07 Lower influence; higher anxiety levels tend to negatively
affect performance

7 Cognitive Distortions Score 0.06 Least influential predictor, though still relevant in explaining
academic outcomes

Table 5: Feature Importance Ranking Obtained from the Random Forest Model

4.4 Additional CBT Items Within Resilience Subscale
Within the resilience subscale, three items showed the highest individual importance:
1.Recovery from academic setbacks (importance = 0.08)
2.Persistence under stress (importance = 0.07)
3. Confidence after failure (importance = 0.06)

These specific items suggest actionable targets for school-based interventions.

5. Discussion
5.1 Key Findings

The study demonstrates that CBT-derived psychological constructs contribute meaningful explanatory power
to predicting adolescent academic performance. The best-performing model (Random Forest) explained 58% of
variance (R2 = 0.58), which is substantially higher than the 2% in the original pilot study and aligns with moderate-
to-strong predictive performance reported in educational ML literature [20].

Attendance emerged as the dominant predictor, consistent with extensive educational research showing that
absenteeism is strongly associated with reduced achievement [16][17][18]. However, resilience was the second-most
important predictor among all variables, demonstrating that CBT-informed constructs have substantial explanatory
value beyond traditional behavioural indicators.

5.2 Model Comparison Interpretation

Random Forest outperformed all other models, suggesting that non-linear interactions and complex feature
relationships are important in this domain. Gradient Boosting performed similarly, while SVR showed moderate
strength. Linear Regression's lower performance indicates that the relationship between psychological constructs
and academic outcomes is not purely linear [13][14].

5.3 The "Resilience-Engagement” Hypothesis

The finding that resilience-related items were the most influential psychological predictors supports the
"Resilience-Engagement™ hypothesis, which posits that positive psychological capacities (resilience, self-efficacy)
exert stronger influence on academic outcomes than the mere absence of negative symptoms (anxiety, depression).
This aligns with positive psychology and CBT literature emphasising strength-building over deficit-reduction [3][4].

5.4 Computational Psychoeducation Implications

Within the definition used in this paper, computational psychoeducation refers to the computational support
of psychoeducational processes, including the delivery of structured mental-health learning content, identification of
risk patterns, and tailoring of support based on interpretable psychological and educational indicators [1][2].
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The practical implication is that attendance monitoring systems combined with resilience-building
programmes may Yield greater academic returns than broad, non-specific mental health screening. Schools can use
these insights to prioritise interventions that target both behavioural engagement (attendance) and psychological
capacity (resilience).

5.5 Comparison with Previous Studies

The current R2 = 0.58 is comparable to educational prediction studies using moderate-complexity datasets
[20]. While some studies report higher R2 values (e.g., 0.77-0.99) using very large datasets (6,600—10,000 samples)
and extensive feature sets [20], the current study's performance is meaningful given the relatively narrow feature set
focused on psychological constructs and basic educational indicators.

6. Conclusion

This research study proves that integrating the CBT-informed psychological assessment with machine
learning can create meaningful predictive influence for adolescent academic performance. With a sample dataset of
300 students and a thoroughly validated CBT-based assessment scale, the Random Forest model achieved R2 = 0.58,
explaining 58% of variance in academic outcomes. Attendance appeared as the strongest predictor, while resilience-
related concepts were the most influential psychological indicators [3][16][17]. The study also contributes to the
emerging field of computational psychoeducation by showing how ML can recognize specific cognitive levers
within CBT frameworks that correlate with real-world educational outcomes. The conclusions support prioritising
attendance monitor resilience-building programmes as actionable school-based interferences rather than broad, non-
specific mental health screening. While the model is not planned for high-stakes individual decision-making, it
delivers a methodological foundation for evolving personalised, CBT-informed educational technologies that
address both psychological and academic wants of adolescent learners. Future work should focus on longitudinal
validation, ethical implementation, and integration with broader educational data ecosystems.
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