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Objective: The present study aimed to develop and validate an explainable 

machine learning model capable of accurately predicting school dropout risk by 

integrating psychosocial and cognitive variables. 

Methods and Materials: A cross-sectional predictive design was employed with 

a sample of 1.172 secondary school students from three federal states in Germany. 

Standardized instruments were used to assess psychosocial variables including 

depressive symptoms, academic self-efficacy, school belonging, teacher and peer 

support, self-regulation, and academic motivation. Cognitive performance was 

measured through computerized tasks assessing working memory, processing 

speed, and fluid reasoning. Socioeconomic status and migration background were 

included as contextual covariates. Data preprocessing involved multiple 

imputation, normalization, and class imbalance correction using SMOTE. The 

dataset was partitioned into training, validation, and independent test subsets. 

Multiple supervised learning algorithms—logistic regression with elastic net 

regularization, support vector machines, random forest, and gradient boosting—

were trained and compared using cross-validated hyperparameter optimization. 

Model performance was evaluated using AUC, balanced accuracy, F1-score, and 

calibration indices. Explainability was ensured through SHAP-based global and 

local feature attribution analyses. 

Findings: Gradient boosting achieved the highest predictive performance (AUC 

= 0.92; balanced accuracy = 0.86), significantly outperforming linear models. 

Psychosocial variables demonstrated stronger predictive power than cognitive 

variables alone, yet the integration of both domains significantly improved overall 

model accuracy. Depressive symptoms, academic self-efficacy, and school 

belonging emerged as the most influential predictors, while processing speed and 

working memory provided incremental predictive validity. Nonlinear threshold 

effects were observed, indicating that elevated emotional distress and reduced 

cognitive efficiency substantially increased dropout probability.  

Conclusion: The findings demonstrate that explainable machine learning models 

integrating psychosocial and cognitive indicators can reliably predict dropout risk 

while preserving interpretability. 
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1. Introduction 

chool dropout remains one of the most pressing 

educational and public health challenges globally, 

given its profound implications for lifetime socioeconomic 

outcomes, mental health trajectories, and civic participation. 

Beyond immediate academic disengagement, dropout is 

associated with increased risk for unemployment, 

psychiatric vulnerability, health-compromising behaviors, 

and reduced life expectancy. Contemporary research 

increasingly conceptualizes dropout not as a singular 

academic failure but as a multidimensional developmental 

outcome shaped by complex interactions among 

psychosocial, cognitive, neurobiological, and contextual 

determinants. This integrative understanding aligns with 

systemic risk frameworks that emphasize cumulative 

vulnerability across domains of functioning (Nielsen et al., 

2023; Ustinova et al., 2022). 

Recent empirical work has underscored the salience of 

psychosocial factors—including emotional well-being, 

resilience, social support, coping styles, and academic 

adjustment—in shaping educational persistence. Resilience, 

in particular, has emerged as a protective construct 

moderating the effects of adversity on developmental 

outcomes. Studies examining resilience under conditions of 

war-related stress and socio-political instability demonstrate 

that perceived social support and adaptive coping 

significantly buffer psychological distress (Яновська & 

Perelygina, 2025). Similarly, longitudinal investigations of 

resilience markers in youth exposed to chronic medical 

adversity highlight the predictive value of emotional 

regulation and adaptive engagement in sustaining functional 

outcomes over time (Sirois et al., 2022). 

Within educational settings, psychosocial adjustment has 

been closely linked to academic persistence. Exposure to 

post-traumatic stress symptoms predicts difficulties in 

academic adjustment and school engagement, emphasizing 

the need to integrate mental health variables into predictive 

educational models (Muhammad & Abdullahi, 2025). 

Moreover, patterns of resilient functioning in early life show 

that distinct psychosocial profiles correspond to differential 

academic and emotional outcomes (Cahill et al., 2023). 

These findings collectively indicate that dropout risk must 

be interpreted within broader psychological and social 

ecologies rather than narrowly defined academic metrics. 

Cognitive functioning represents another critical pillar in 

understanding dropout vulnerability. Neurocognitive 

outcomes are deeply intertwined with emotional regulation, 

environmental stress, and learning processes. 

Developmental neuro-oncology research demonstrates that 

emotional and cognitive outcomes are reciprocally 

influenced across developmental stages, reinforcing the 

necessity of multidimensional assessment in youth 

populations (Christou, 2025). Research exploring 

psychiatric traits and dynamic functional connectivity 

further reveals that cognitive deficits and emotional 

dysregulation share overlapping neural substrates (Yan et 

al., 2023). Such findings support the proposition that dropout 

risk models must incorporate both psychosocial and 

neurocognitive dimensions to achieve meaningful 

explanatory power. 

Executive function and self-regulatory capacity are 

especially central to academic persistence. Early childhood 

research linking smartphone addiction to executive 

dysfunction and emotional dysregulation illustrates how 

behavioral regulation challenges can disrupt adaptive 

learning pathways (Warmansyah et al., 2023). Similarly, 

parenting practices and emotional intelligence have been 

shown to correlate with school readiness and cognitive 

preparedness (Mashar & Astuti, 2022). The interplay 

between executive control and psychosocial context is 

further supported by investigations demonstrating that trait 

resilience interacts with neurocognitive functioning to 

influence vulnerability in youth at risk for mental disorders 

(Mętel et al., 2020). 

Beyond individual traits, social determinants of health 

substantially influence cognitive and academic trajectories. 

Neighborhood opportunity structures and socioeconomic 

context are strongly associated with neurocognitive and 

psychological outcomes in pediatric populations (Nielsen et 

al., 2023). Long-term follow-up studies among lower-

educated adults reveal that risk and protective factors for 

cognitive decline are heavily shaped by contextual resources 

and social engagement (Ribeiro & Leist, 2023). Emotional 

and instrumental support also function as protective 

moderators in cognitive aging, illustrating the broader 

principle that psychosocial resources influence cognitive 

functioning across the lifespan (Morris et al., 2023). These 

insights reinforce the importance of integrating contextual 

predictors into dropout modeling frameworks. 

Advances in artificial intelligence (AI) and machine 

learning (ML) offer unprecedented opportunities to model 

complex, nonlinear interactions among multidimensional 

predictors. AI-based modeling of mood, coping, work 

engagement, and social factors has demonstrated robust 

predictive capacity in mental health outcomes, highlighting 

S 

https://portal.issn.org/resource/ISSN/2981-2526


 Solheim et al.                                                                                                          Journal of Adolescent and Youth Psychological Studies 7:2 (2026) 1-11 

 

 3 
E-ISSN: 2981-2526 
 

the suitability of machine learning approaches for 

psychosocial forecasting (Kundu, 2025). Deep learning 

models identifying transdiagnostic biotypes in youth with 

ADHD and anxiety disorders further illustrate how 

computational frameworks can uncover latent dimensions 

underlying behavioral outcomes (Jiao, 2025). Similarly, 

EEG-based paradigms have shown promise in 

discriminating psychiatric conditions using 

neurophysiological signals, underscoring the growing 

convergence between computational neuroscience and 

applied prediction models (Yang et al., 2025). 

Despite these methodological advances, concerns 

regarding algorithmic opacity and interpretability persist. 

The integration of Theory of Mind (ToM) and metacognitive 

dimensions into AI systems has been proposed as a pathway 

toward more transparent and human-aligned models 

(Bamicha & Drigas, 2024). The need for explainability is 

especially critical in educational contexts, where predictive 

systems must inform intervention rather than merely classify 

risk. Ethical implementation requires interpretable 

algorithms capable of identifying modifiable psychosocial 

and cognitive drivers of vulnerability. 

Recent interdisciplinary workplace health initiatives 

demonstrate how complex modeling frameworks can inform 

preventive strategies by integrating psychosocial, biological, 

and environmental data (Moortel et al., 2025). Analogously, 

mentoring interventions grounded in social justice 

frameworks highlight the transformative potential of 

targeted psychosocial support in high-risk populations 

(Miner-Romanoff & Greenawalt, 2024). These applied 

models emphasize that predictive analytics must ultimately 

translate into actionable, context-sensitive interventions. 

Furthermore, biological and lifestyle factors intersect 

with cognitive and psychosocial functioning. 

Multilingualism has been associated with cognitive benefits 

that may enhance academic resilience (Daud, 2024). 

Household physical activity is positively linked to neural 

structural integrity, illustrating lifestyle-cognition 

interdependencies (Koblinsky et al., 2021). Conversely, 

depression and hormonal imbalances have been associated 

with cognitive impairment, underscoring the relevance of 

mental health assessment in predictive educational models 

(Vornyk, 2021). 

The COVID-19 pandemic has further amplified the 

urgency of integrated predictive frameworks. Longitudinal 

studies reveal that pandemic-related stress altered health 

behaviors, psychosocial functioning, and cognitive 

performance across populations (Hausman et al., 2022; 

Slade et al., 2022). Interventions combining meditation and 

aerobic exercise improved mental health outcomes among 

educators during pandemic conditions, suggesting that 

psychosocial modulation can influence cognitive and 

emotional trajectories (Demmin et al., 2022). Such findings 

reinforce the dynamic and modifiable nature of 

psychosocial-cognitive systems relevant to dropout 

prevention. 

Importantly, AI-driven modeling approaches must be 

grounded in validated measurement and biomarker research 

to ensure methodological rigor. Protocol-based natural 

history studies establishing biomarkers and clinical 

endpoints illustrate how structured, longitudinal data 

collection enhances predictive validity (Mul, 2025). 

Systematic analyses integrating biological, 

sociodemographic, and psychosocial contributors across life 

stages provide a blueprint for multidimensional risk 

modeling (Gajewski et al., 2022, 2023). 

In educational neuroscience, early music education has 

been shown to enhance cognitive, emotional, and social 

development, further supporting the integration of 

neurocognitive enrichment variables into academic 

persistence models (Sanchez, 2025). Biofeedback and game-

based learning approaches in special education similarly 

illustrate how technology can be leveraged to improve 

cognitive regulation and emotional engagement 

(Karageorgopoulos et al., 2025). Meanwhile, research 

exploring the “Will to Exist, Live and Survive/Fight” 

construct demonstrates how motivational resilience predicts 

adaptive functioning across cultures (Kira et al., 2023). 

Collectively, the literature converges on three critical 

insights: first, dropout risk emerges from complex 

interactions between psychosocial and cognitive variables; 

second, contextual and social determinants significantly 

moderate these interactions; and third, advanced machine 

learning methods are uniquely positioned to model such 

complexity, provided that interpretability and ethical 

transparency are prioritized. Although prior studies have 

independently examined psychosocial predictors (Cablaida 

& Delfino, 2025; Lupini et al., 2023), neurocognitive 

outcomes (Rehan & Phillips, 2023), and environmental risk 

parameters (Galitskaya et al., 2024), there remains a critical 

gap in integrative, explainable machine learning models that 

simultaneously incorporate these domains within 

educational dropout prediction. 

Therefore, the present study aims to develop and validate 

an explainable machine learning model for predicting school 

dropout risk using integrated psychosocial and cognitive 

https://portal.issn.org/resource/ISSN/2981-2526
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variables, while ensuring algorithmic transparency and 

interpretability suitable for preventive educational 

intervention. 

2. Methods and Materials 

2.1. Study Design and Participants 

This study employed a cross-sectional predictive design 

integrating psychometric assessment with explainable 

machine learning modeling to identify and interpret dropout 

risk among secondary school students in Germany. The 

target population consisted of students enrolled in public 

lower and upper secondary schools across three federal 

states: North Rhine–Westphalia, Bavaria, and Berlin. Using 

a stratified cluster sampling strategy to ensure representation 

across urban and semi-urban districts, 1,248 students were 

initially invited to participate. After excluding incomplete 

responses and cases with excessive missing data exceeding 

10% per individual, the final analytic sample comprised 

1,172 students. Participants ranged in age from 14 to 18 

years, with a mean age of 16.1 years (SD = 1.12). The sample 

included 594 female students (50.7%) and 578 male students 

(49.3%). Approximately 27.4% of participants had a 

migration background as defined by at least one parent born 

outside Germany. Dropout risk status was operationalized 

using a composite indicator combining administrative 

records of chronic absenteeism (greater than 20% unexcused 

absence in the previous semester), grade retention history, 

and official at-risk classification by school counseling 

services. 

2.2. Measures 

Data collection was conducted during the spring 

academic term using standardized, validated German-

language instruments administered in classroom settings 

under supervised conditions. Psychosocial variables 

included academic motivation, assessed using the German 

adaptation of the Academic Self-Regulation Questionnaire; 

school belonging, measured through the Psychological 

Sense of School Membership scale; perceived teacher 

support and peer support, assessed via subscales of the 

Classroom Life Measure; and academic self-efficacy, 

evaluated using the General Academic Self-Efficacy Scale. 

Emotional functioning variables included depressive 

symptoms measured by the Patient Health Questionnaire–

Adolescent version and test anxiety assessed with the 

German Test Anxiety Inventory. Behavioral engagement 

and self-regulation were measured using the Self-Regulation 

Questionnaire–Academic domain. Cognitive variables 

included working memory capacity assessed via a 

computerized n-back task, processing speed measured 

through a digit-symbol substitution task, and fluid reasoning 

evaluated using a short form of Raven’s Advanced 

Progressive Matrices. Socio-demographic covariates 

included parental education level, socioeconomic status 

indexed by the Family Affluence Scale, and migration 

background. All psychometric instruments demonstrated 

acceptable internal consistency in the present sample, with 

Cronbach’s alpha coefficients ranging from .78 to .91. 

Cognitive tasks were administered using standardized 

computerized procedures in school computer laboratories to 

ensure uniform testing conditions. 

2.3. Data Analysis 

Data analysis followed a multi-stage machine learning 

pipeline designed to maximize predictive performance while 

preserving interpretability. Preprocessing included outlier 

screening, multiple imputation for item-level missing values 

using predictive mean matching, z-standardization of 

continuous predictors, and one-hot encoding of categorical 

variables. The dataset was randomly partitioned into training 

(70%), validation (15%), and test (15%) subsets using 

stratified sampling to preserve the proportion of at-risk 

students across splits. To address class imbalance, given that 

18.6% of the final sample met criteria for high dropout risk, 

Synthetic Minority Over-sampling Technique (SMOTE) 

was applied exclusively within the training set. 

Several supervised classification algorithms were 

implemented, including logistic regression with elastic net 

regularization, random forest, gradient boosting (XGBoost), 

and support vector machines with radial basis kernels. 

Hyperparameter optimization was conducted using five-fold 

cross-validated grid search within the training set, with 

model selection based on area under the receiver operating 

characteristic curve (AUC), F1-score, and balanced 

accuracy. Final model performance was evaluated on the 

held-out test set to prevent overfitting. 

To enhance model transparency and facilitate 

psychological interpretability, explainability techniques 

were systematically applied. Global feature importance was 

examined using permutation importance and mean decrease 

in impurity for tree-based models. Local interpretable 

model-agnostic explanations (LIME) were generated to 

analyze individual-level prediction patterns. Additionally, 

https://portal.issn.org/resource/ISSN/2981-2526
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SHapley Additive exPlanations (SHAP) values were 

computed to quantify the marginal contribution of each 

psychosocial and cognitive predictor to model output, both 

globally and for high-risk individuals. Partial dependence 

plots were generated to visualize nonlinear relationships 

between key predictors and dropout probability. 

Model calibration was assessed using calibration curves 

and Brier scores to ensure probabilistic reliability. To 

evaluate robustness, sensitivity analyses were conducted by 

re-estimating models without cognitive variables and 

separately without psychosocial variables, allowing for 

comparative assessment of incremental predictive validity. 

All analyses were performed using Python (scikit-learn, 

XGBoost, SHAP libraries) in a reproducible computational 

environment, with statistical significance interpreted at an 

alpha level of .05 where applicable for baseline regression 

comparisons. 

3. Findings and Results 

Descriptive statistics for all psychosocial, cognitive, and 

demographic variables included in the predictive modeling 

are presented in Table 1. The table provides means, standard 

deviations, and observed ranges for continuous variables, as 

well as frequencies and percentages for categorical 

indicators. These descriptive results offer an overview of the 

distributional properties of the predictors and allow 

preliminary comparison between students classified as high 

dropout risk and those classified as low risk prior to machine 

learning modeling. 

Table 1 

Descriptive Statistics of Psychosocial, Cognitive, and Demographic Variables (N = 1.172) 

Variable Total Sample Mean (SD) / n 

(%) 

Low Risk (n = 954) Mean (SD) / n 

(%) 

High Risk (n = 218) Mean (SD) / n 

(%) 

Academic Motivation 3.62 (0.74) 3.78 (0.69) 2.94 (0.81) 

School Belonging 3.71 (0.68) 3.85 (0.61) 3.05 (0.73) 

Academic Self-Efficacy 3.55 (0.72) 3.69 (0.66) 2.98 (0.78) 

Teacher Support 3.66 (0.70) 3.79 (0.63) 3.10 (0.77) 

Peer Support 3.81 (0.65) 3.89 (0.60) 3.45 (0.76) 

Depressive Symptoms 9.42 (5.31) 8.21 (4.76) 14.63 (5.92) 

Test Anxiety 2.97 (0.81) 2.84 (0.75) 3.52 (0.86) 

Self-Regulation 3.49 (0.69) 3.62 (0.63) 2.92 (0.74) 

Working Memory (n-back accuracy 

%) 

73.84 (9.22) 75.12 (8.61) 68.17 (10.33) 

Processing Speed (standard score) 101.45 (12.34) 103.18 (11.76) 93.91 (12.85) 

Fluid Reasoning (Raven score) 24.63 (4.88) 25.32 (4.51) 21.45 (5.11) 

Female 594 (50.7%) 472 (49.5%) 122 (56.0%) 

Migration Background 321 (27.4%) 231 (24.2%) 90 (41.3%) 

Low SES 284 (24.2%) 188 (19.7%) 96 (44.0%) 

 

As shown in Table 1, students classified as high dropout 

risk exhibited consistently lower scores across core 

psychosocial variables, including academic motivation, 

school belonging, academic self-efficacy, teacher support, 

peer support, and self-regulation. The largest mean 

differences were observed for depressive symptoms and 

self-efficacy, suggesting substantial emotional and 

motivational disparities between groups. Cognitive 

indicators also showed systematic differences, with high-

risk students demonstrating lower working memory 

accuracy, slower processing speed, and reduced fluid 

reasoning scores. Socio-demographic disparities were also 

notable: migration background and low socioeconomic 

status were substantially overrepresented among high-risk 

students. These descriptive findings indicate 

multidimensional vulnerability profiles spanning emotional, 

motivational, cognitive, and contextual domains. 

 

 

https://portal.issn.org/resource/ISSN/2981-2526
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Table 2 

Predictive Performance of Machine Learning Models on Test Set 

Model AUC Balanced Accuracy Precision Recall F1-Score Brier Score 

Logistic Regression (Elastic Net) 0.83 0.76 0.69 0.71 0.70 0.146 

Support Vector Machine (RBF) 0.85 0.78 0.72 0.73 0.72 0.139 

Random Forest 0.89 0.83 0.78 0.81 0.79 0.121 

Gradient Boosting (XGBoost) 0.92 0.86 0.82 0.85 0.83 0.108 

 

Table 2 demonstrates that ensemble tree-based models 

outperformed linear and kernel-based models. Gradient 

boosting achieved the highest discriminative capacity, with 

an AUC of 0.92 and balanced accuracy of 0.86, indicating 

strong capacity to differentiate between high-risk and low-

risk students. The random forest model also showed robust 

performance, with only slightly lower metrics. Logistic 

regression, while more interpretable, demonstrated 

comparatively reduced predictive power. Calibration 

analysis revealed that gradient boosting also achieved the 

lowest Brier score, indicating superior probabilistic 

reliability. 

Table 3 

Global Feature Importance Based on SHAP Values (Gradient Boosting Model) 

Predictor Mean Absolute SHAP Value Relative Importance (%) 

Depressive Symptoms 0.184 17.6 

Academic Self-Efficacy 0.169 16.2 

School Belonging 0.141 13.5 

Processing Speed 0.116 11.1 

Self-Regulation 0.109 10.4 

Academic Motivation 0.098 9.4 

Migration Background 0.072 6.9 

Low SES 0.067 6.4 

Working Memory 0.054 5.2 

Teacher Support 0.041 3.9 

Fluid Reasoning 0.038 3.6 

Peer Support 0.021 2.0 

 

Table 3 indicates that depressive symptoms emerged as 

the most influential predictor of dropout risk, followed 

closely by academic self-efficacy and school belonging. 

Notably, processing speed ranked among the top five 

predictors, suggesting that cognitive processing efficiency 

plays a nontrivial role in dropout vulnerability. 

Socioeconomic status and migration background also 

contributed meaningfully, though to a lesser extent than core 

psychosocial factors. Peer support demonstrated 

comparatively lower global influence, although local 

explanations revealed heterogeneity in its contribution 

across individuals. 

To further clarify the incremental predictive value of 

psychosocial versus cognitive variables, a comparative 

model analysis is presented in Table 4. 

Table 4 

Comparative Model Performance by Predictor Domain (Gradient Boosting) 

Predictor Set AUC Balanced Accuracy F1-Score 

Psychosocial Variables Only 0.89 0.83 0.80 

Cognitive Variables Only 0.77 0.71 0.68 

Combined Psychosocial + Cognitive 0.92 0.86 0.83 

 

As displayed in Table 4, psychosocial variables alone 

achieved strong predictive accuracy, outperforming models 

based solely on cognitive indicators. However, combining 

both domains yielded the highest overall performance, 

https://portal.issn.org/resource/ISSN/2981-2526
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indicating incremental predictive validity of cognitive 

measures beyond psychosocial risk factors. This finding 

supports the multidimensional nature of dropout 

vulnerability and underscores the added value of integrating 

cognitive assessments into early warning systems. 

Figure 1 

SHAP Summary Plot of Gradient Boosting Model Showing Direction and Magnitude of Predictor Effects on Dropout Risk Probability 

 

The SHAP summary visualization revealed that higher 

depressive symptoms, lower academic self-efficacy, reduced 

school belonging, slower processing speed, and diminished 

self-regulation were associated with increased predicted 

dropout probability. The plot also demonstrated nonlinear 

threshold effects, particularly for depressive symptoms and 

processing speed, where risk probability increased sharply 

beyond moderate symptom severity and below-average 

cognitive performance. Local explanation analysis further 

showed individualized risk constellations, indicating that 

dropout vulnerability may arise from distinct combinations 

of psychosocial and cognitive factors rather than a uniform 

risk pathway. 

4. Discussion 

The present study sought to develop and validate an 

explainable machine learning model for predicting school 

dropout risk using integrated psychosocial and cognitive 

variables. The findings demonstrated that ensemble-based 

algorithms, particularly gradient boosting, achieved high 

predictive accuracy while maintaining interpretability 

through SHAP-based feature attribution. Importantly, 

psychosocial variables—especially depressive symptoms, 

academic self-efficacy, and school belonging—emerged as 

the most influential predictors, while cognitive indicators 

such as processing speed and working memory contributed 

incremental predictive validity. These results reinforce the 

conceptualization of dropout as a multidimensional 

phenomenon shaped by interacting emotional, cognitive, 

and contextual determinants. 

The prominence of depressive symptoms in the model 

aligns with extensive literature linking emotional distress to 

academic disengagement and maladaptive adjustment. 

Youth exposed to post-traumatic stress and insecurity show 

marked challenges in academic adjustment, indicating that 

emotional dysregulation undermines persistence in 

educational settings (Muhammad & Abdullahi, 2025). 

Similarly, investigations of resilience during large-scale 

crises demonstrate that emotional coping capacity and social 

support significantly buffer stress-related impairments 

(Яновська & Perelygina, 2025). The current findings extend 

these insights by demonstrating that depressive symptom 

severity exerts not only theoretical relevance but also 

quantifiable predictive impact within computational models 

of dropout risk. 

Academic self-efficacy and school belonging were also 

central predictors. These findings resonate with research 

showing that psychosocial resources—particularly 

https://portal.issn.org/resource/ISSN/2981-2526
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resilience and perceived support—are strongly associated 

with adaptive functioning across diverse populations (Cahill 

et al., 2023; Sirois et al., 2022). Emotional and instrumental 

support have been identified as protective factors for 

cognitive and psychological outcomes in vulnerable groups 

(Morris et al., 2023). Within educational environments, such 

support structures may function as stabilizing forces that 

mitigate dropout trajectories. The model’s identification of 

self-efficacy as a key driver further supports motivational 

frameworks emphasizing perceived competence as a 

determinant of sustained academic engagement. 

Cognitive variables demonstrated meaningful, though 

comparatively smaller, contributions. Processing speed and 

working memory independently improved predictive 

performance beyond psychosocial measures. These findings 

align with neurocognitive research indicating that executive 

and attentional processes are foundational to adaptive 

functioning (Yan et al., 2023). Studies examining executive 

dysfunction in relation to emotional dysregulation further 

illustrate that deficits in cognitive control exacerbate 

vulnerability in youth populations (Warmansyah et al., 

2023). Moreover, research exploring the interplay between 

trait resilience and neurocognitive functioning in at-risk 

mental states demonstrates that cognitive resources 

modulate psychological vulnerability (Mętel et al., 2020). 

The present findings support the proposition that dropout 

risk involves both affective distress and diminished 

cognitive efficiency. 

Socioeconomic and contextual factors, including low 

SES and migration background, also contributed to 

predictive outcomes. These results are consistent with 

evidence demonstrating that neighborhood opportunity 

structures and social determinants of health significantly 

shape neurocognitive and psychological development 

(Nielsen et al., 2023). Longitudinal investigations among 

lower-educated populations reveal cumulative risk 

mechanisms linking socioeconomic disadvantage to 

cognitive decline and reduced functional outcomes (Ribeiro 

& Leist, 2023). The integration of contextual predictors 

within machine learning models therefore reflects ecological 

validity and aligns with multidimensional risk frameworks. 

The comparative analysis further demonstrated that 

psychosocial variables alone yielded strong predictive 

capacity, yet the inclusion of cognitive indicators 

significantly improved overall model performance. This 

finding mirrors interdisciplinary modeling approaches in 

mental health research, where AI systems integrating mood, 

coping, and social variables outperform single-domain 

models (Kundu, 2025). Deep learning investigations 

identifying transdiagnostic youth biotypes similarly 

highlight the importance of multidimensional data 

integration (Jiao, 2025). In educational contexts, such 

integrative modeling approaches are essential for capturing 

the nonlinear, interactive pathways leading to dropout. 

The use of explainable AI techniques represents a major 

methodological contribution. By employing SHAP-based 

explanations, the model provided transparent quantification 

of individual predictor contributions. This approach aligns 

with calls for human-centered AI systems incorporating 

metacognitive and Theory of Mind dimensions to enhance 

interpretability and ethical alignment (Bamicha & Drigas, 

2024). In sensitive domains such as education, 

interpretability is not optional but essential, as predictive 

outputs must guide interventions rather than merely 

categorize risk. The current findings demonstrate that high 

predictive accuracy and algorithmic transparency are not 

mutually exclusive. 

The strong predictive influence of depressive symptoms 

also aligns with research linking mental health disruptions to 

altered cognitive functioning during periods of crisis, 

including the COVID-19 pandemic (Hausman et al., 2022; 

Slade et al., 2022). Interventions combining mindfulness and 

aerobic exercise have been shown to improve mental health 

and cognitive outcomes in educational professionals, 

suggesting modifiable pathways linking emotional well-

being and functional performance (Demmin et al., 2022). 

Similarly, structured emotional support interventions in 

multicultural educational contexts have demonstrated 

preventive value against psychosocial maladjustment (Liu, 

2025). These findings suggest that early identification of 

emotional distress via predictive modeling could facilitate 

timely psychosocial interventions. 

The role of cognitive enrichment variables further 

supports preventive approaches. Research on early music 

education demonstrates that structured cognitive 

engagement enhances emotional and social development 

(Sanchez, 2025). Biofeedback and game-based learning in 

special education contexts also highlight how cognitive 

regulation can be strengthened through targeted 

interventions (Karageorgopoulos et al., 2025). These 

findings suggest that cognitive deficits identified in 

predictive models may represent modifiable risk factors 

rather than fixed vulnerabilities. 

Broader evidence indicates that lifestyle and biological 

variables intersect with psychosocial functioning. 

Multilingualism has been associated with cognitive benefits 
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that may indirectly enhance academic resilience (Daud, 

2024). Physical activity correlates with neural integrity and 

cognitive performance, underscoring the systemic nature of 

protective factors (Koblinsky et al., 2021). Conversely, 

depressive states and hormonal dysregulation have been 

linked to cognitive impairment, reinforcing the bidirectional 

interplay between emotional health and cognitive 

functioning (Vornyk, 2021). The present findings are 

consistent with this biopsychosocial framework. 

The results also align with systematic analyses 

demonstrating that biological, sociodemographic, and 

psychosocial factors jointly influence functional outcomes 

across the lifespan (Gajewski et al., 2022, 2023). Similarly, 

longitudinal biomarker studies emphasize the importance of 

structured, multidimensional measurement protocols for 

enhancing predictive validity (Mul, 2025). By integrating 

psychosocial and cognitive indicators within a unified 

modeling framework, the present study contributes to this 

evolving paradigm. 

Mentoring and social justice-oriented interventions have 

demonstrated significant impact on resilience and 

educational persistence in high-risk populations (Miner-

Romanoff & Greenawalt, 2024). Patterns of resilient 

functioning indicate that adaptive psychosocial profiles can 

offset early adversity (Cahill et al., 2023). Moreover, 

motivational constructs such as the “Will to Exist, Live and 

Survive/Fight” have shown cross-cultural predictive validity 

for adaptive outcomes (Kira et al., 2023). These insights 

underscore that dropout risk is not deterministic but 

modifiable through targeted psychosocial reinforcement. 

Furthermore, studies exploring behavioral health 

outcomes in chronic pediatric conditions demonstrate how 

social determinants shape cognitive and emotional 

trajectories (Lupini et al., 2023). Research on cognitive 

predictors in addiction services also reveals that executive 

functioning deficits are associated with functional 

impairment (Gooden et al., 2022). These parallels highlight 

that dropout vulnerability shares structural similarities with 

broader mental health risk models. 

Finally, the identification of nonlinear risk thresholds 

within SHAP analyses supports emerging perspectives on 

dynamic risk modeling. Computational neuroscience 

research utilizing EEG paradigms to distinguish psychiatric 

states demonstrates that complex, nonlinear signatures 

underpin behavioral outcomes (Yang et al., 2025). The 

current findings extend this logic to educational prediction, 

illustrating that dropout risk arises from interactive, 

nonlinear patterns across domains. 

5. Conclusion 

In sum, the present study confirms that explainable 

machine learning models integrating psychosocial and 

cognitive variables can achieve high predictive accuracy 

while preserving interpretability. The findings substantiate 

multidimensional risk frameworks and provide empirical 

support for integrative, transparent predictive analytics in 

educational contexts. 

6. Limitations & Suggestions 

Despite its methodological strengths, several limitations 

warrant consideration. First, the cross-sectional design 

restricts causal inference and limits conclusions regarding 

developmental trajectories leading to dropout. Longitudinal 

data would provide stronger evidence for temporal ordering 

among psychosocial, cognitive, and contextual predictors. 

Second, although the sample was sizeable and 

demographically diverse, generalizability may be 

constrained to similar educational contexts. Third, while 

explainability techniques were employed, model outputs 

remain probabilistic and may not capture unmeasured 

contextual nuances such as family dynamics or teacher–

student relationships. Finally, reliance on self-report 

measures for psychosocial variables introduces potential 

response biases that could influence predictive estimates. 

Future research should prioritize longitudinal modeling 

frameworks to examine dynamic risk trajectories and causal 

mechanisms. Incorporating multimodal data sources—

including neurophysiological measures, ecological 

momentary assessments, and digital behavioral indicators—

could enhance predictive granularity. Comparative studies 

across cultural and educational systems would clarify 

contextual moderators of model performance. Additionally, 

intervention-based validation studies are needed to test 

whether early identification through explainable machine 

learning leads to measurable reductions in dropout rates. The 

integration of reinforcement learning approaches may 

further enable adaptive, individualized risk monitoring 

systems. 

From a practical standpoint, the findings underscore the 

necessity of embedding mental health screening and 

psychosocial support within school-based early warning 

systems. Educational institutions should consider integrating 

interpretable AI tools that identify modifiable risk factors 

rather than solely flagging at-risk students. Targeted 

interventions aimed at strengthening academic self-efficacy, 

emotional regulation, and executive functioning may yield 
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meaningful reductions in dropout vulnerability. 

Collaboration among educators, school psychologists, and 

data scientists is essential to ensure ethical deployment, 

transparency, and continuous monitoring of predictive 

systems. Ultimately, predictive analytics should function not 

as labeling mechanisms but as supportive instruments 

guiding preventive, student-centered educational practice. 
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