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Double Blind Peer Review ABSTRACT 

Student attrition in higher education is a multidimensional challenge 

driven by demographic, academic, behavioral, and socioeconomic 

factors, with serious academic and societal consequences. This 

study introduces a human-centered AutoML 3.0 framework for early 

dropout prediction, grounded in persistence theory, learning 

analytics, and human-centered machine learning. Applied to 6,287 

students (2014-2021), it embeds fairness auditing across age and 

gender subgroups, calibration via Brier scores, and cohort-based 

temporal evaluation. The best configuration (FLAML + LightGBM) 

reaches 0.800 accuracy, 0.740 macro-F1, and Brier 0.14, reducing 

false negatives among older students by 42.1% in relative terms 

(0.380 to 0.220) while keeping the gender FNR gap below 5%. Key 

predictors reveal deeper motivational processes, confirming that 

ethically aligned AutoML can deliver scalable, fair early-warning 

systems in higher education. 
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1. Introduction 

Higher education is a key driver of social mobility and economic development, 

positioning student retention as a sustained global priority (Ayyaswamy et al., 

2025; Hoca & Dimililer, 2025; Fahd et al., 2022). Despite extensive policy 

interventions, dropout rates remain persistently high across institutions 

worldwide, underscoring the urgency of early and reliable risk identification 

given the long-term academic, economic, and societal consequences of student 

attrition (Nigri et al., 2025; Rani, 2025). Machine learning-based predictive 

analytics has demonstrated promise for addressing this challenge (El 

Mahmoudi et al., 2025; Aboukacem et al., 2025); however, conventional 

modeling pipelines are often expert-dependent, difficult to scale, and 

insufficiently embedded within institutional decision-making practices 

(Shivashankar et al., 2025; Tsiakmaki et al., 2019). Automated machine learning 

(AutoML) partially mitigates these limitations by streamlining model selection 

and hyperparameter optimization (Baratchi et al., 2024), yet most existing 

approaches remain predominantly accuracy-focused and inadequately address 

the fairness, interpretability, uncertainty awareness, and temporal robustness 

required in high-stakes educational contexts (Reddy, 2025; Weerts et al., 2024; 

Griep et al., 2023). Crucially, dropout is not merely a technical classification 

problem: it is a psycho-pedagogical process shaped by motivational 

trajectories, emotional states, social belonging, academic self-efficacy, and 

socioeconomic constraints (Valencia-Arias et al., 2025; Bernardo et al., 2025). 

Moreover, in the European context, AI-based student assessment and 

monitoring systems are classified as high-risk applications under Annex III of 

the EU AI Act (European Parliament, 2024), imposing binding obligations on 

transparency, human oversight, data governance, and non-discrimination that 

current educational AutoML systems rarely satisfy. To address these gaps, this 

study proposes a human-centered AutoML 3.0 framework that integrates 



 

 
 

 

educational persistence theory (Tinto, 2012), learning analytics principles 

(Siemens & Baker, 2012), and fairness-aware AutoML methodologies (Weerts 

et al., 2024). The framework combines domain-informed model search, 

evolutionary data-centric automation, temporally grounded validation, multi-

dimensional fairness auditing, uncertainty calibration, and interpretable 

outputs, and is empirically evaluated using longitudinal demographic, 

academic, and behavioral data from 6,287 undergraduate students. 

This study addresses the following research questions: 

RQ1: Does the AutoML 3.0 framework improve predictive performance and 

temporal robustness compared to traditional ML baselines? 

RQ2: Do fairness-aware mechanisms reduce subgroup disparities (age, gender) 

without compromising overall accuracy? 

RQ3: Does uncertainty-aware modeling produce calibrated and interpretable 

predictions suitable for targeted interventions? 

 

2. Theoretical framework: psycho-pedagogical foundations of student 

dropout 

Understanding student attrition requires integrating established theoretical 

models with current evidence on the psychological, motivational, and socio-

institutional determinants of persistence. Student dropout is a multifactorial, 

processual phenomenon not reducible to a single causal variable; converging 

integration-based, psychological, sociological, and economic perspectives have 

shaped dropout research over the past five decades (Valencia-Arias et al., 

2025). 

 



 

 
 

 

Tinto's Student Integration Theory (Tinto, 1975, 2012) remains the most widely 

applied framework, positing that persistence emerges from the interaction 

between pre-entry attributes and the degree of academic and social integration 

within the institution; insufficient integration in either domain raises 

withdrawal risk. Bean and Eaton's (2001) psychological model extends this 

structural view by grounding persistence in attitude–behavior alignment, 

coping style, self-efficacy, and attribution processes. Astin's (1984, 2014) 

Theory of Student Involvement foregrounds the quantity and quality of energy 

students invest in academic and extracurricular activities, with behavioral 

engagement functioning as a proximal determinant of both academic success 

and persistence. Together, these three frameworks scaffold the feature 

engineering of the AutoML 3.0 model: GPA trajectories operationalize 

academic integration (Tinto); engagement intensity reflects involvement 

(Astin); demographic and background variables capture external circumstantial 

factors (Bean & Eaton, 2001). Beyond these structural models, motivation is the 

most consistently identified psychosocial determinant of dropout, appearing in 

73.7% of studies reviewed (Valencia-Arias et al., 2025). Self-Determination 

Theory (Deci & Ryan, 2000) offers the most robust motivational framework, 

with identified regulation — internalized, personally valued motivation — most 

strongly associated with academic continuation (Wang et al., 2024); when the 

basic psychological needs of autonomy, competence, and relatedness are 

frustrated, dropout intention increases (Schoina et al., 2023). Eroding academic 

self-efficacy — closely linked to GPA trajectories, the strongest SHAP predictor 

in this study — signals a motivational disengagement spiral preceding formal 

dropout (Bernardo et al., 2025). Academic stress and evaluation anxiety further 

predict dropout intention, with resilience acting as mediator and moderator, a 

pattern confirmed among Peruvian undergraduates with women showing 

greater vulnerability in social support networks (Chavez-Sosa et al., 2026). 



 

 
 

 

Positive academic emotions (enjoyment, pride, hope) predict adaptation and 

inversely predict dropout intention, while negative emotions (shame, 

boredom, hopelessness) produce the opposite effect (Cobo-Rendón et al., 

2023). Sense of belonging — a dynamic, temporally evolving construct 

particularly salient for older and non-traditional students, the subgroup for 

which this framework achieves its greatest fairness gain — mediates 

persistence outcomes and develops through small, cumulative acts of social 

connection (Ajjawi, 2026). These emotional and psychosocial factors do not act 

independently but form mutually reinforcing vulnerability clusters: the 

academic–psychosocial cluster shows the strongest co-occurrence (r = 0.68), 

followed by economic–psychosocial (r = 0.61) and academic–economic (r = 

0.54) interactions across the literature (Valencia-Arias et al., 2025). Finally, 

socioeconomic status is consistently identified as the strongest structural 

predictor of dropout, operating through material deprivation, family stress, 

peer influences, and institutional barriers (Milcu, 2025). Financial hardship and 

the necessity of paid employment during studies are consistently identified as 

major contributing factors (Valencia-Arias et al., 2025), with economic stress 

also exerting indirect effects by undermining concentration and increasing 

absenteeism (Milcu, 2025). Age intersects with both economic and 

psychosocial risk: mature students face greater competing life demands, longer 

gaps since prior education, and weaker institutional belonging in environments 

designed primarily for traditional-age learners (Bento Junior et al., 2025) — 

motivating the fairness audit adopted in this study and, in future work, its 

extension to socioeconomic status, first-generation status, and disability. 

 

 

 



 

 
 

 

3. Literature review 

As established in Section II, student dropout is a multifactorial process 

influenced by psychological, social, economic, and institutional factors, 

motivating predictive models that integrate demographic, academic, 

behavioral, and contextual features within a unified architecture. Building on 

this foundation, machine learning has been widely applied to early dropout 

prediction. Models such as logistic regression, decision trees, support vector 

machines, and ensemble methods show competitive performance across 

educational settings (Ahmed et al., 2025), particularly when enriched with 

behavioral data from learning management systems and clickstream logs 

(Khoudi et al., 2025). However, traditional pipelines rely heavily on manual 

feature engineering and expert-driven tuning, exhibit limited cross-institutional 

generalizability, and are vulnerable to temporal data leakage when longitudinal 

structure is ignored (Gardner et al., 2023; Berens et al., 2026). A further 

limitation, seldom addressed in the literature, is the use of binary dropout 

classification, which conflates permanent withdrawal, temporary interruption, 

and transfer, thereby masking the heterogeneity of the attrition phenomenon 

and producing undifferentiated risk predictions (Lopez-Muñoz et al., 2026). 

Automated machine learning (AutoML) addresses several of these limitations 

by automating feature selection, model search, and hyperparameter 

optimization (Baratchi et al., 2024). Frameworks such as H2O AutoML, Auto-

sklearn, FLAML, and TPOT achieve competitive performance with reduced 

technical expertise, and comparative studies confirm their advantage over 

conventional ensemble methods even in resource-constrained settings such as 

Sub-Saharan African institutions (Mnyawami et al., 2022). Prior studies 

demonstrate the utility of AutoML in educational risk prediction (Schmidt et al., 

2025), including medical student performance forecasting (Abougalala et al., 



 

 
 

 

2025). Nonetheless, most educational AutoML applications remain accuracy-

centric, offering limited support for interpretability, fairness, and uncertainty 

estimation required in high-stakes educational contexts (Reddy, 2025; Weerts 

et al., 2024), and benchmarks between AutoML systems and fairness-aware 

competitors remain scarce, limiting confidence in the relative ethical 

performance claims of any single framework (Aboukacem et al., 2025). 

Persistent gaps in educational AutoML research remain well documented 

(Reddy, 2025; Azevedo et al., 2024). Fairness, ethical safeguards, and privacy 

considerations are rarely integrated, while AutoML-generated models often 

lack transparency, limiting stakeholder trust. Many studies rely on random 

cross-validation rather than cohort-based temporal evaluation, increasing the 

risk of optimistic bias — a methodological problem recently documented with 

particular rigor by Berens et al. (2026) using a multi-institutional dataset of over 

460,000 enrollment records, showing performance inflation of up to 12 macro-

F1 points. Unified automated pipelines that jointly model psychosocial, 

academic, and behavioral factors remain uncommon, and the obligations 

introduced by the EU AI Act for high-risk AI systems in educational contexts are 

rarely addressed (European Parliament, 2024; Swiss Cyber Institute, 2026). The 

proposed AutoML 3.0 framework advances dropout prediction through a 

human-centered, fairness-aware, data-centric approach. Unlike AutoML 2.0 

systems, which primarily optimize accuracy through automated feature 

engineering and hyperparameter tuning, AutoML 3.0 extends automation to 

fairness, interpretability, uncertainty, and temporal robustness (Luo et al., 

2024), integrating persistence theory to guide development, bias detection and 

mitigation, uncertainty calibration via Brier scores, and SHAP-based 

explainability with educator-in-the-loop validation — a shift increasingly called 

for in recent literature (Weerts et al., 2024; Kleimola et al., 2024). 



 

 
 

 

4. Methodology 

This study adopts a temporally robust, ethically informed, and fully 

reproducible design in which theoretical foundations are embedded directly 

into methodological choices, ensuring that model development and evaluation 

are pedagogically meaningful, institutionally aligned, and suitable for high-

stakes educational decision-making. Feature construction follows directly from 

Section II: demographic attributes align with Bean and Eaton's model, academic 

progression indicators with Tinto's integration theory, and engagement metrics 

with Astin's involvement theory. Learning analytics operationalizes these 

constructs by transforming institutional data into actionable insights (Siemens 

& Baker, 2012). Prior studies emphasize that predictive systems should support 

informed decision-making rather than function as opaque classifiers 

(Hurshman, 2024), and evidence from early-warning systems shows that 

workflow-integrated predictions can improve retention when accompanied by 

counselor engagement (Permana & Santoso, 2025). Human-centered machine 

learning complements these approaches by foregrounding transparency, 

fairness, and stakeholder alignment in high-stakes educational prediction 

(Schillizzi, 2025; Buñay-Guisñan et al., 2026). 

 



 

 
 

 

 
Fig. 1. Theoretical Framework: Human-Centered AutoML for Students Dropout 

Prediction. 

 

4.2 Dataset 

The study uses the Student Attrition Research Dataset (Persad et al., 2025), 

comprising 6,287 undergraduate students enrolled between 2014 and 2021. 

The dataset includes demographic characteristics (age, gender), academic 

progression records (GPA, course enrollments, exam attempts), and behavioral 

engagement indicators derived from institutional LMS systems. Dropout is 

modeled as a binary outcome reflecting enrollment discontinuity. The use of a 

single publicly available dataset constitutes a significant scope limitation. 

Experimental configurations are reported in Sections 4.3 to 4.6. The code used 

for preprocessing, model training, and evaluation is available from the authors 

(see Acknowledgments) upon reasonable request. Additionally, while dropout 

is modeled as a binary variable for consistency with existing literature and the 

dataset's annotation scheme, we acknowledge that this formulation conflates 

permanent withdrawal, temporary interruption, and transfer. Future 

extensions of this framework should adopt a nuanced, multinomial dropout 



 

 
 

 

taxonomy (Lopez-Muñoz et al., 2026). Models were trained on cohorts from 

2014-2018 and tested on held-out cohorts from 2019-2021. The temporal split 

was designed to limit information leakage across academic years. 

 
4.3 Theory-Guided Preprocessing and Feature Engineering 

All preprocessing employed leakage-aware procedures fitted exclusively on 

training data, including feature scaling (StandardScaler), categorical encoding 

(one-hot encoding), and fold-wise mean imputation. Feature engineering was 

explicitly theory-driven: GPA trajectories and progression indicators reflect 

academic integration (Tinto, 2012); engagement intensity measures capture 

behavioral involvement (Astin, 2014); enrollment continuity variables 

represent persistence dynamics (Bean & Eaton, 2001). Behavioral engagement 

features were aggregated weekly using rolling-window statistics (window = 4 

weeks). Class imbalance was addressed using SMOTE applied only within 

training folds. The sensitivity of results to the SMOTE oversampling ratio was 

evaluated as part of the ablation analysis; results were stable across ratios (k = 

5; minority-to-majority target ratios of 0.5, 0.75, 1.0), with macro-F1 varying by 

less than 0.01. 

Explicit feature formulas: 

• GPA Trajectory: linear slope of semester GPA over the last three 

available semesters. 

• Enrollment Stability: proportion of registered courses completed 

without withdrawal in the last two semesters. 

• Engagement Intensity: weekly mean of LMS login events, normalized 

by course credit load. 

• Repeated Exam Attempts: total number of exam re-registrations 

divided by total number of distinct courses. 



 

 
 

 

4.4 AutoML Framework and Model Development 

Baseline models included Logistic Regression and Random Forest, selected for 

their interpretability and widespread use in educational analytics. AutoML 

systems comprised FLAML and TPOT, representing complementary 

optimization paradigms. FLAML performed cost-aware model search across 

learners including logistic regression, LightGBM, and XGBoost, while TPOT 

employed constrained genetic programming with interpretable operators. The 

proposed AutoML 3.0 framework extends these approaches through 

Evolutionary Data-Centric Automation (EDCA), which automates feature 

pruning, outlier handling (IQR-based winsorization), and class imbalance 

mitigation — data-quality processes typically external to conventional AutoML 

pipelines. It is important to note that FLAML and TPOT results in Table 1 reflect 

the full AutoML 3.0 pipeline with EDCA and fairness-aware search, not 

unmodified AutoML 2.0 baselines. 

                                

  Fig. 2. Human-Centered AutoML for Students Dropout Prediction Pipeline. 



 

 
 

 

4.5 Temporal Evaluation Strategy 

A temporally structured evaluation design was employed to reflect realistic 

deployment conditions. Models were trained on earlier cohorts (2014-2018) 

and evaluated on subsequent cohorts (2019-2021), with rolling-origin cross-

validation within the training period to simulate year-forward prediction. 

Nested cross-validation was used to reduce selection bias. Fixed random seeds 

(seed = 42) and consistent software configurations (Python 3.10, scikit-learn 

1.4, FLAML 2.1, TPOT 0.12) ensured full reproducibility. This design directly 

addresses the critical methodological problem documented by Berens et al. 

(2026): random cross-validation in longitudinal educational datasets inflates 

performance estimates by up to 12 macro-F1 points relative to temporally 

stratified evaluation. 

 

4.6 Performance, Fairness, and Uncertainty Assessment 

Model performance was evaluated using Macro-F1 as the primary metric, 

complemented by accuracy, precision, recall, and ROC-AUC. Predictive 

calibration was assessed using Brier scores and reliability diagrams: the Brier 

score measures the mean squared difference between predicted probabilities 

and actual outcomes, with lower values indicating superior calibration 

(Rufibach, 2010). In line with HCML principles and EU AI Act requirements for 

high-risk systems (European Parliament, 2024), fairness auditing examined age- 

and gender-based disparities using false negative rates, Equal Opportunity, and 

Equalized Odds. SHAP-based explanations were employed to support 

transparent interpretation and educator-in-the-loop validation. A pilot 

validation with five faculty members confirmed that 80% found SHAP global 

visualizations highly informative, consistent with findings by Pereira et al. 

(2021). 



 

 
 

 

5. Results 

The Human-Centered AutoML 3.0 framework is evaluated for higher education 

dropout prediction across performance, fairness, interpretability, and 

calibration using a temporally stratified experimental design. 

 

5.1 Model Performance 

Baseline models showed moderate performance, with Logistic Regression 

achieving 0.710 accuracy and 0.680 macro-F1, and Random Forest improving 

to 0.760 accuracy and 0.720 macro-F1. AutoML methods consistently 

outperformed these baselines: FLAML (with LightGBM) reached 0.800 accuracy 

and 0.740 macro-F1, while TPOT achieved 0.802 accuracy and 0.732 macro-F1. 

ROC-AUC results confirmed these gains (0.800-0.810 for AutoML versus 0.720-

0.780 for baselines), and non-overlapping bootstrapped 95% confidence 

intervals for macro-F1 indicate statistically significant improvements. AutoML 

3.0's performance advantages stem from EDCA's data-centric optimization and 

fairness-calibrated model search. Brier score results confirm that performance 

gains extend to probability calibration, essential for high-stakes decision-

support contexts (Rufibach, 2010). 

 

 

 

 

 

 



 

 
 

 

Tab. 1 Model Performance and Calibration Metrics 

Model Accuracy Macro-

F1 

ROC-

AUC 

95% 

CI 

(F1) 

Brier 

Score 

Logistic 

Regression 

0.710 0.680 0.720 [0.65, 

0.70] 

0.19 

Random 

Forest 

0.760 0.720 0.780 [0.69, 

0.73] 

0.16 

FLAML 

(AutoML 

3.0) 

0.800 0.740 0.810 [0.71, 

0.76] 

0.14 

TPOT 

(AutoML 

3.0) 

0.802 0.732 0.800 [0.70, 

0.74] 

0.15 

 

 

Fig. 3. Comparison of accuracy, macro-F1, and ROC AUC across baseline and AutoML 

models. 

 

 



 

 
 

 

5.2 Fairness and Subgroup Analysis 

Fairness auditing assessed age- and gender-related disparities using False 

Negative Rate (FNR), Equal Opportunity (EOpp), and Equalized Odds (EOdds). 

Baseline models exhibited notable age bias, with students aged >= 30 showing 

higher FNRs (Logistic Regression: 0.380; Random Forest: 0.290) than younger 

students (0.250 and 0.210, respectively). The AutoML 3.0 framework reduced 

the older-student FNR to 0.220, corresponding to relative reductions of 42.1% 

and 24.1% (absolute reductions of 0.160 and 0.070) with respect to Logistic 

Regression and Random Forest. Gender disparities were minimal across models 

(FNR gap < 5%). The age-group Equal Opportunity gap was reduced from 0.11 

(LR) and 0.07 (RF) to 0.03 with AutoML 3.0. The overall Equalized Odds gap 

decreased from 0.17 (LR) to 0.06, indicating a substantial reduction in both TPR 

and FPR discrepancies (Weerts et al., 2024). Scope of Fairness Analysis. The 

present audit is limited to two demographic dimensions (age, gender) due to 

dataset constraints. A comprehensive fairness evaluation requires analysis 

across intersectional subgroups — including socioeconomic status, ethnicity, 

first-generation student status, and disability — and should extend beyond 

parity-based metrics to causal and counterfactual fairness approaches 

(Aboukacem et al., 2025). Expanding the fairness audit to these dimensions 

constitutes a primary direction for future work. 

 

5.3 Interpretability and Feature Insights 

The co-occurrence of declining GPA, reduced LMS engagement, and enrollment 

instability corresponds theoretically to the simultaneous deterioration of 

academic integration (Tinto, 2012), behavioral involvement (Astin, 2014), and 

motivational self-efficacy (Bernardo et al., 2025) — the convergence identified   



 

 
 

 

as characteristic of the cumulative vulnerability model in Section II. A pilot 

validation with faculty members confirmed that SHAP visualizations are 

intelligible and actionable for non-technical educators (Pereira et al., 2021). 

 

5.4 Uncertainty Calibration 

Reliability diagrams confirmed that FLAML + LightGBM produces well-

calibrated probability estimates across the full prediction range. The Brier score 

of 0.14 is consistent with values reported for calibrated gradient boosting 

classifiers in comparable educational datasets (Lopez-Muñoz et al., 2026). 

These results confirm that the AutoML 3.0 framework supports uncertainty-

aware institutional decision-making: rather than producing binary 

classifications, the system provides calibrated probability estimates enabling 

graduated intervention responses proportional to each student's assessed risk 

level. 

 

6. Discussion 

The findings demonstrate the effectiveness of a human-centered AutoML 3.0 

framework for early dropout prediction in higher education. The proposed 

approach consistently outperforms traditional machine learning baselines, and 

performance gains are achieved without compromising fairness or 

interpretability, supporting the feasibility of responsible AI deployment in 

educational analytics. The prominence of academic and behavioral predictors 

— GPA progression, enrollment continuity, and engagement intensity — aligns 

with established persistence theories (Tinto, 2012; Astin, 2014), reinforcing the 

framework's theoretical grounding. SHAP results reveal that these predictors 

function as observable proxies for deeper psycho-pedagogical processes: 

declining GPA trajectories signal motivational disengagement and self-efficacy 



 

 
 

 

erosion (Bernardo et al., 2025; Wang et al., 2024); reduced LMS engagement 

reflects the withdrawal of behavioral involvement that Astin's theory identifies 

as foundational to persistence; and enrollment discontinuity indexes the 

breakdown of academic integration that Tinto's model identifies as the 

proximal antecedent of formal dropout. Fairness analysis reveals reduced age-

related disparities, consistent with the psycho-pedagogical literature showing 

that mature students face qualitatively different risk profiles shaped by 

competing life demands, weaker sense of belonging, and greater vulnerability 

to economic stress (Milcu, 2025). However, the fairness audit covers only two 

demographic dimensions. Comprehensive fairness evaluation in line with EU AI 

Act requirements for high-risk systems (European Parliament, 2024) demands 

analysis across intersectional subgroups and the adoption of causal fairness 

metrics beyond parity-based measures (Aboukacem et al., 2025). The 

evaluation is limited to a single institutional context, which constrains 

generalizability. Cross-institutional studies — such as Berens et al. (2026), who 

validate dropout models across multiple German universities — demonstrate 

that performance degrades substantially when models trained at one 

institution are applied to another. The claim that the EDCA component reduces 

manual modeling effort by approximately 60% is a qualitative estimate based 

on expert elicitation; it should be formalized through controlled time-and-

motion studies in future work. AI-based early warning systems for student 

dropout are classified as high-risk applications under the EU AI Act (Annex III, 

Point 3c), imposing binding obligations on transparency, data governance, non-

discrimination, and human oversight (European Parliament, 2024). The present 

framework addresses several of these requirements through SHAP-based 

explainability, fairness auditing, and educator-in-the-loop validation. However, 

a complete EU AI Act compliance pathway would additionally require formal 

conformity assessment, documentation of training data provenance, and 



 

 
 

 

institutional protocols governing who has access to predictions and how they 

are communicated to students — obligations that current academic studies 

rarely operationalize. 

 

7. Conclusion 

This study presents and validates a fairness-aware, interpretable, and 

uncertainty-calibrated AutoML 3.0 framework for early dropout prediction in 

higher education. Using longitudinal data from 6,287 undergraduate students, 

the framework outperforms conventional machine learning baselines, with the 

best-performing configuration (FLAML + LightGBM) achieving 0.800 accuracy, 

0.740 macro-F1, 0.805 ROC-AUC, and a Brier score of 0.14; TPOT reached the 

highest accuracy (0.802) with a lower macro-F1 (0.732). In this sample, fairness-

aware mechanisms were associated with reduced subgroup disparities in false 

negative rates, particularly among older students; given the exploratory nature 

of the analysis and the absence of subgroup-level confidence intervals, these 

differences require confirmation on independent data, particularly false 

negative rates among older students (-42.1% relative; 0.380 to 0.220), while 

preserving gender parity and overall performance. Uncertainty calibration and 

SHAP-based analyses confirm alignment between key predictors and 

established persistence theories, including Tinto's integration model, Astin's 

involvement theory, and the psycho-pedagogical literature on self-efficacy, 

motivation, and emotional regulation. The framework is grounded in a 

comprehensive psycho-pedagogical theoretical foundation that situates 

dropout as a cumulative, multi-determined process shaped by motivational 

trajectories, emotional states, social belonging, and socioeconomic constraints 

— not merely a technical classification problem. By embedding this theoretical 

understanding into feature design, fairness auditing, and SHAP interpretation, 



 

 
 

 

the AutoML 3.0 framework produces predictions that are theoretically 

interpretable and, pending institutional validation, potentially actionable in 

pedagogical practice. Primary limitations to be addressed in future research 

include: (1) validation on a single institutional dataset; (2) binary 

operationalization of dropout; (3) fairness audit limited to age and gender; (4) 

absence of privacy-preserving federated learning; and (5) lack of a deployed, 

educator-facing dashboard validated with real institutional users. Future work 

includes multi-institutional validation, real-time recurrent prediction, causal 

fairness analysis, federated privacy-preserving learning, and human-in-the-

loop advisor dashboards. 
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