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Abstract

Student attrition and underperformance remain persistent challenges in higher education, with
significant socioeconomic consequences for individuals and institutions. Despite growing
interest in data-driven solutions, existing predictive models often suffer from limited
generalizability, lack of interpretability, and failure to capture the temporal dynamics of student
learning behavior. This study presents a comprehensive predictive analytics framework designed
to identify at-risk students early and enable timely, targeted interventions within higher education
curriculum projects. Using retrospective academic data from 8,267 undergraduate student
records spanning multiple disciplines, we implemented and compared a suite of machine
learning algorithms, including XGBoost, Random Forest, Support Vector Machines, and Neural
Networks, alongside a stacked ensemble model incorporating performance-based weighting. The
proposed framework achieved an overall accuracy of 89.4% in predicting student dropout risk by
the fourth week of the semester, with a precision of 91.2% and recall of 87.6% for the at-risk
category. Feature importance analysis identified prior academic achievement, first-year course



performance, and LMS engagement metrics as the most significant predictors. The framework
addresses critical research gaps by integrating explainable Al techniques through SHAP analysis
to enhance model interpretability for institutional stakeholders. The findings demonstrate that
predictive analytics, when operationalized through accessible and transparent decision-support
systems, can substantially improve early warning capabilities and facilitate proactive student
retention strategies in higher education.

Keywords: Predictive Analytics, Student Dropout, Higher Education, Machine Learning, Early
Warning Systems, Learning Analytics

1. Introduction
1.1 Background

Student dropout and academic underperformance in higher education represent critical
challenges with far-reaching consequences for individuals, institutions, and society at large.
Recent data indicates that four-year institutions in the United States report a freshman retention
rate of 68.2% and a six-year graduation rate of 62.2%, with many institutions experiencing
substantially lower figures among underrepresented and first-generation student populations
(National Student Clearinghouse, 2024). These statistics reflect a complex problem that has
persisted despite decades of institutional effort and policy intervention.

The consequences of student attrition extend beyond individual academic trajectories.
Institutions face significant financial implications, including lost tuition revenue, reduced state
funding tied to performance metrics, and diminished institutional reputation (Pascarella &
Terenzini, 2005). At a societal level, high dropout rates represent wasted educational resources,
reduced workforce skill levels, and perpetuation of socioeconomic inequality. The multifaceted
nature of this challenge has prompted increasing attention to data-driven approaches capable of
identifying at-risk students before they make the decision to withdraw.

The emergence of learning analytics and educational data mining has created new opportunities
for understanding and addressing student attrition. Higher education institutions now generate
vast quantities of student data through administrative records, learning management systems
(LMS), and student information systems. These data sources contain valuable signals of student
engagement, academic performance, and behavioral patterns that can be leveraged to predict
outcomes and inform interventions (Siemens & Baker, 2012).

Recent systematic reviews have documented growing interest in predictive analytics for student
success, with studies examining dataset characteristics, modeling techniques, and evaluation



metrics (Gutierrez-Pachas et al., 2023). Research has demonstrated that machine learning
algorithms can identify students at risk of dropping out by analyzing academic, socioeconomic,
and engagement-related factors (Rabelo & Zarate, 2024). Studies have explored prediction at
various stages of the academic journey, including pre-enrollment screening, early semester
detection, and longitudinal monitoring (Marbouti et al., 2016; Del Bonifro et al., 2020).

However, significant gaps remain in translating predictive capability into actionable institutional
practice. Many studies have focused primarily on developing prediction models without
adequately addressing the operational requirements of real-world implementation, including
interpretability, scalability, and integration with existing institutional workflows. Furthermore,
the landscape of predictive modeling has evolved rapidly, with ensemble methods and deep
learning approaches demonstrating superior performance, yet these advances have not been
systematically adapted for higher education curriculum contexts (Niyogisubizo et al., 2022;
Kwon, 2024).

1.2 Problem Statement

Despite substantial research investment in student dropout prediction, several critical limitations
persist in existing approaches. Traditional prediction methods have relied heavily on pre-entry
academic indicators such as high school GPA and standardized test scores, which, while
predictive, provide limited lead time for intervention and fail to capture the dynamic nature of
student engagement (Marbouti et al., 2016). Studies that incorporate behavioral and engagement
data have demonstrated improved predictive accuracy, but the integration of diverse data sources
remains technically challenging for many institutions (Nagy & Molontay, 2018).

Methodologically, the field has been characterized by a proliferation of prediction techniques
without consistent benchmarks or standardized evaluation protocols. While ensemble methods
such as Random Forest and XGBoost have shown strong performance in complex or imbalanced
datasets, deep learning approaches have demonstrated potential when applied to large behavioral
datasets, though raising concerns about explainability and practical deployment (Fernandez-
Garcia et al., 2021; Senthilkumar et al., 2026). The trade-off between predictive accuracy and
model interpretability has particular significance in educational contexts, where institutional
stakeholders require transparent explanations to trust and act upon algorithmic recommendations.

A more fundamental limitation concerns the gap between prediction and intervention. Many
studies have developed sophisticated prediction models without adequately addressing how
predictions should be translated into institutional action. Learning Analytics Intervention studies
have emerged as an approach to bridge this gap, but the uptake has been slow due to lack of
access to intervention infrastructure and challenges in developing effective pedagogical
responses (Alalawi et al., 2025). The absence of a comprehensive framework that integrates
prediction, interpretation, and intervention represents a significant barrier to realizing the
potential of student outcome analytics.



No validated predictive framework exists that specifically models student attrition risk as a
function of curriculum engagement and academic trajectory while providing interpretable,
actionable insights for institutional stakeholders. This study addresses this gap by developing and
validating a comprehensive predictive analytics framework for student dropout and performance
risk mitigation in higher education curriculum projects.

1.3 Objectives of the Study

General objective:

To develop and validate a comprehensive predictive analytics framework for identifying students
at risk of academic underperformance and dropout in higher education, enabling timely, targeted
interventions within curriculum projects.

Specific objectives:

1. To identify and evaluate the key academic, behavioral, and demographic predictors of
student dropout and academic underperformance across multiple disciplines.

2. To design and implement a hybrid ensemble prediction model that integrates multiple
machine learning algorithms through performance-based stacking to optimize predictive
accuracy and generalizability.

3. To validate the proposed framework using retrospective academic data, demonstrating its
effectiveness in early identification of at-risk students and its potential for integration into
institutional decision-support systems.

1.4 Research Questions

Research Question 1: What combination of academic, behavioral, and demographic variables
most accurately predicts student dropout risk and academic underperformance at different stages
of the academic semester?

Research Question 2: How does the proposed ensemble prediction framework compare to
traditional single-model approaches in terms of predictive accuracy, lead time for intervention,
and generalizability across different student populations?

Research Question 3: What are the operational requirements and implementation barriers for
integrating predictive analytics into existing institutional early warning systems and student
support workflows?

1.5 Significance of the Study

For practitioners and administrators: This study provides a validated, replicable framework
for early identification of at-risk students, enabling proactive resource allocation and targeted
intervention strategies. The emphasis on model interpretability ensures that institutional



stakeholders can understand and trust the predictive outputs, facilitating adoption within existing
decision-making processes.

For policymakers: The findings offer evidence-based guidance for institutional accountability
frameworks and performance-based funding models. By demonstrating the effectiveness of
predictive analytics in improving retention outcomes, this study supports policy initiatives that
encourage data-driven institutional improvement.

For academic literature: This study contributes to the educational data mining and learning
analytics literature by extending predictive modeling approaches to higher education curriculum
contexts. The integration of multiple data sources and modeling techniques provides
methodological contributions that can inform future research design.

For future researchers: The framework provides a foundation for longitudinal studies
examining the efficacy of intervention strategies and the evolution of predictive accuracy over
time. The open-source implementation of the framework facilitates replication and extension
across different institutional contexts.

1.6 Scope and Limitations

This study focuses on undergraduate students enrolled in a mid-sized public university in the
Southeastern United States over a five-year period (2020-2025). The data encompasses 8,267
student records across multiple academic disciplines, including STEM fields, social sciences, and
humanities. Data sources include institutional academic records, learning management system
engagement logs, and demographic information collected during enrollment.

The study is limited to predictive modeling and does not include experimental evaluation of
specific intervention strategies. Certain variables, including detailed socioeconomic indicators
and psychological measures, were not available in the institutional dataset and were excluded
from analysis. The retrospective nature of the study means that findings reflect historical patterns
which may evolve over time.

2. Literature Review
2.1 Conceptual Review

Student Dropout and Attrition: Student dropout refers to the permanent withdrawal from an
educational program before completion of degree requirements. Dropout can be distinguished
from transfer, which involves movement between institutions, and stop-out, which involves
temporary interruption of enrollment. The concept encompasses both voluntary and involuntary



departure, with factors ranging from academic difficulty to personal circumstances and
institutional characteristics (Tinto, 1993). Understanding dropout as a process rather than a
discrete event has important implications for prediction and intervention, as risk factors may
accumulate and interact over time.

Predictive Analytics: Predictive analytics encompasses the statistical and computational
techniques used to identify patterns in historical data and predict future outcomes. In educational
contexts, predictive analytics leverages machine learning and data mining to forecast student
performance, retention, and other academic outcomes. The evolution of predictive analytics in
education has moved from simple regression models to sophisticated ensemble methods capable
of handling high-dimensional, heterogeneous data. Key techniques include logistic regression,
decision trees, random forests, gradient boosting, and neural networks (Mubarak et al., 2022).

Early Warning Systems: Early warning systems represent the operational implementation of
predictive analytics within educational institutions. These systems monitor student performance
and engagement indicators in near-real-time, identifying students who may be at risk of
academic difficulty or dropout. Effective early warning systems are characterized by timely
detection, accurate identification, and clear pathways to intervention (Ortigosa et al., 2019). The
design of these systems must balance predictive accuracy with operational simplicity to facilitate
adoption by institutional stakeholders.

Learning Analytics: Learning analytics involves the measurement, collection, analysis, and
reporting of data about learners and their contexts for the purpose of understanding and
optimizing learning and the environments in which it occurs. Learning analytics extends beyond
prediction to encompass pedagogical insights and continuous improvement processes. The
integration of learning analytics with institutional decision-making processes represents a key
challenge and opportunity for improving student outcomes (Siemens & Baker, 2012).

Student Engagement: Student engagement refers to the degree of investment, participation, and
psychological connection students experience in their academic activities. Engagement
encompasses behavioral aspects such as attendance and participation, cognitive aspects such as
investment in learning, and emotional aspects such as identification with the institution. The
multidimensional nature of engagement creates opportunities for measurement through diverse
indicators including LMS activity, library usage, and co-curricular participation.

2.2 Theoretical Framework

This study is grounded in three complementary theoretical perspectives that together provide a
comprehensive lens for understanding the role of predictive analytics in student retention.

Tinto's Interactionalist Theory of Student Departure: Tinto's (1993) model conceptualizes
student departure as the result of interactions between individual attributes and institutional
environments. The theory emphasizes the importance of academic and social integration in
promoting student persistence. Students who successfully integrate into both the academic and



social communities of the institution are more likely to persist to graduation. This framework
suggests that effective prediction should capture indicators of both academic performance and
social engagement, and that interventions should address both domains.

Self-Regulated Learning Theory: Self-regulated learning theory emphasizes the role of
metacognitive awareness, strategic action, and motivation in academic success (Zimmerman,
2002). Students who effectively regulate their learning processes are better able to navigate
academic challenges and persist in their studies. Behavioral indicators of self-regulation, such as
consistent engagement with course materials and strategic allocation of study time, provide
valuable signals for predicting academic outcomes. This theory supports the inclusion of
engagement metrics in predictive models.

Knowledge Management and Organizational Learning Framework: The knowledge
management perspective views educational institutions as knowledge-intensive organizations
that can leverage data to enhance decision-making and institutional effectiveness (Alavi &
Leidner, 2001). The SECI model of knowledge creation (Nonaka & Takeuchi, 1995) explains
how explicit knowledge produced by predictive systems interacts with tacit knowledge of
educators and administrators. This framework suggests that effective implementation of
predictive analytics requires attention to both technical and social dimensions of knowledge
creation and application.

2.3 Empirical Review

Studies on Traditional Prediction Approaches: Early research on student dropout prediction
focused primarily on pre-entry academic indicators and demographic characteristics. Nagy and
Molontay (2018) examined the relationship between secondary school performance and
university dropout using data from Hungarian institutions, finding that high school performance
was significantly predictive but insufficient for early identification. Their study highlighted the
need for incorporating dynamic, in-semester indicators of student progress.

Marbouti et al. (2016) developed prediction models for at-risk students in a first-year engineering
course using weekly assessment data. Their logistic regression models identified at-risk students
with 79% accuracy at week 2, 90% at week 4, and 98% at week 9 of the semester. This study
demonstrated the potential for early identification while also revealing the trade-off between
timeliness and accuracy.

Studies on Machine Learning Approaches: More recent research has applied advanced
machine learning techniques to student outcome prediction. Gutierrez-Pachas et al. (2023)
conducted a comprehensive review of studies using machine learning and survival analysis
methods in Latin American higher education contexts. Their review highlighted the importance
of incorporating academic, socioeconomic, and equity factors in prediction models, while also
identifying challenges related to data quality and model generalizability.



Niyogisubizo et al. (2022) proposed a novel stacked generalization ensemble approach for
predicting student dropout, achieving improved performance over single-model approaches.
Their two-layer ensemble combined multiple base learners to enhance prediction accuracy,
demonstrating the value of ensemble methods in addressing the complexity and imbalance
inherent in educational data.

Senthilkumar et al. (2026) developed a hybrid weighted hierarchical stacked generalization
ensemble model integrating residual causal temporal convolutional networks and gated recurrent
unit bidirectional long short-term memory architectures. Their model achieved recall of 98.26%,
precision of 99.51%, and an F1-score of 98.88 for the at-risk category. This research
demonstrated the potential of deep learning approaches for capturing temporal dependencies in
student data, though raising questions about interpretability and practical deployment.

Studies on Explainable Al in Education: Recent research has emphasized the importance of

interpretability in educational prediction models. Studies employing SHAP and LIME analysis

have identified key predictors and provided local explanations that enable targeted intervention
design. The integration of explainable Al techniques addresses the opacity concerns associated

with complex ensemble models, facilitating stakeholder trust and adoption.

Studies on Implementation and Intervention: Alalawi et al. (2025) presented an extended
learning analytics framework integrating machine learning and pedagogical approaches for
student performance prediction and intervention. Their Student Performance Prediction and
Action framework provided a model for translating prediction into actionable intervention
strategies. Cordova-Esparza et al. (2025) conducted a systematic review of business intelligence
applications in dropout prevention, identifying challenges including data privacy regulations,
limited integration capabilities, and institutional capacity to leverage predictive insights
effectively.

2.4 Research Gap

Despite substantial research activity, no validated predictive framework exists that specifically
models student attrition risk as a function of curriculum engagement and academic trajectory
while providing interpretable, actionable insights for institutional stakeholders. Previous studies
have often prioritized predictive accuracy over practical utility, resulting in models that are
technically sophisticated but difficult to implement in operational contexts. The absence of
standardized protocols for model evaluation, interpretation, and integration represents a
significant barrier to translating research findings into institutional practice.

Existing research has typically examined prediction models in isolation, without adequate
attention to the organizational and human factors that determine successful implementation. The
integration of predictive analytics with existing institutional workflows, the design of effective
intervention strategies, and the development of stakeholder trust through interpretability remain
underdeveloped areas of investigation. This study addresses these gaps by developing a



comprehensive framework that encompasses prediction, interpretation, and operational
implementation.

3. Methodology
3.1 Research Design

This study employed a quantitative, retrospective data analysis design combined with
prospective simulation of framework implementation. The design is appropriate for the research
objectives, as it enables examination of historical patterns while also assessing the potential
operational impact of the proposed framework. A design-based research approach guided the
development of the framework, with iterative refinement based on validation results and
consideration of implementation requirements.

The retrospective component involved analysis of complete student records to identify patterns
associated with dropout and academic underperformance. This analysis provided the foundation
for the predictive model development. The prospective simulation component involved applying
the validated model to historical data as if in real-time, assessing the lead time and accuracy of
prediction relative to dropout events.

3.2 Study Area / Population

The target population for this study comprises undergraduate students enrolled in degree-
granting programs at a mid-sized public university in the Southeastern United States. The
institution offers a comprehensive range of undergraduate programs across arts and sciences,
business, education, engineering, and health sciences. The student population is diverse, with
approximately 15,000 undergraduate students enrolled in a typical semester.

The study population was limited to undergraduate students who had enrolled in at least one
course and for whom complete academic records were available. Students in non-degree
programs, special certificate programs, and graduate programs were excluded from the analysis.
The study period spanned five academic years from 2020 to 2025, enabling examination of pre-
pandemic patterns and recovery trends.

3.3 Sample Size and Sampling Technique

The sample included 8,267 undergraduate student records across multiple academic disciplines.
This sample size was determined through power analysis, with sufficient statistical power to
detect small-to-medium effects in prediction modeling. The sample represented approximately
55% of the total undergraduate population over the study period, with attrition due to incomplete
records and program exclusions.

A stratified sampling technique was employed to ensure adequate representation across academic
disciplines, enrollment status (full-time/part-time), and demographic categories. Stratification



variables included academic college, year of study, and first-generation status. The stratification
approach ensured that the sample reflected the diversity of the institutional population while
maintaining sufficient subgroup sizes for subgroup-specific analyses.

3.4 Data Collection Methods

Data were extracted from three institutional data sources: the student information system, the
learning management system, and institutional research databases.

Student Information System Data: Academic records including enrollment history, course
grades, cumulative GPA, and degree progress were extracted from the university's student
information system. Data elements included demographic characteristics (age, gender, ethnicity,
first-generation status), pre-entry academic indicators (high school GPA, standardized test
scores), and in-semester academic performance measures.

Learning Management System Data: Behavioral engagement indicators were extracted from
the university's learning management system. Data elements included login frequency,
assignment submission patterns, discussion forum participation, and resource access patterns.
Engagement metrics were aggregated at the weekly and cumulative level to capture both
temporal patterns and overall engagement levels.

Institutional Research Data: Institutional research databases provided supplementary
information including financial aid records, retention and graduation outcomes, and institutional
survey responses. Data elements included financial aid receipt and amount, scholarship status,
and responses to institutional surveys addressing student satisfaction and engagement.

Data extraction occurred during Summer 2025, with a data collection period spanning Fall 2020
through Spring 2025 semesters. Missing data were handled through multiple imputation, with
sensitivity analyses to assess the robustness of findings to missing data patterns.

3.5 Research Instruments

Software: The research was conducted using Python 3.10 and R 4.2. Model development and
evaluation utilized the scikit-learn (version 1.2) machine learning library, with XGBoost
implemented through the xgboost package (version 1.7), and neural networks implemented using
TensorFlow (version 2.12). Data preprocessing and feature engineering employed pandas
(version 2.0) and numpy (version 1.24). Visualization was generated using matplotlib (version
3.7) and seaborn (version 0.12).

Libraries: The SHAP library (version 0.41) was utilized for model interpretability analysis,
providing local and global explanations of feature importance. Model performance evaluation
employed metrics including accuracy, precision, recall, F1-score, and area under the receiver
operating characteristic curve. Cross-validation was implemented through scikit-learn's
cross_val score function with stratified k-fold sampling.



Preprocessing Steps: Data preprocessing included removal of duplicate records, handling of
missing values through multiple imputation, and outlier detection and treatment. Categorical
variables were encoded using one-hot encoding, while continuous variables were standardized to
zero mean and unit variance. Feature engineering included the creation of composite engagement
indices and temporal aggregation variables.

3.6 Validity and Reliability

Content Validity: The comprehensive data collection strategy ensured that the analysis captured

the key dimensions of student academic engagement and performance identified in the literature.

Content validity was established through systematic review of prior studies and consultation with
institutional stakeholders regarding relevant predictors and outcome variables.

Predictive Validity: The comparative modeling approach, incorporating multiple algorithms and
validation strategies, provided robust assessment of predictive validity. The use of holdout test
sets and cross-validation ensured that reported performance metrics reflected generalizable
predictive capability rather than overfitting to the training data.

Inter-Rater Reliability: The coding of outcome variables (dropout status, academic
performance categories) was based on institutional definitions and operationalized through
standardized data extraction procedures. Automated data extraction reduced variability
associated with manual coding. The reliability of engagement metrics was supported by the
consistency of LMS data collection across the study period.

3.7 Data Analysis Techniques

Model Implementation: Five machine learning models were implemented and compared:
Logistic Regression (baseline), Support Vector Machine, Random Forest, XGBoost, and a
stacked ensemble model. The stacked ensemble combined XGBoost and Random Forest as base
learners with a regularized multinomial logistic regression meta-model. This approach was
informed by recent methodological advances in ensemble learning for student outcome
prediction as demonstrated by Senthilkumar et al. (2026) and Niyogisubizo et al. (2022).

Performance Metrics: Model performance was evaluated using accuracy, precision, recall, F1-
score, and area under the receiver operating characteristic curve. Stratified 10-fold cross-
validation was employed to assess model stability and generalizability. The primary outcome
variable was binary dropout status, with sensitivity analyses examining alternative definitions
including academic probation and degree non-completion.

Hyperparameter Tuning: Model hyperparameters were optimized through grid search with
cross-validation. The search space for each model was defined based on prior literature and
preliminary experimentation. The selected hyperparameters balanced predictive performance
with computational efficiency.



Feature Importance: Feature importance was assessed through permutation importance, SHAP
analysis, and model-specific importance metrics. SHAP analysis provided both global
importance rankings and local explanations for individual predictions. This approach was
adopted to enhance model interpretability for institutional stakeholders as emphasized in recent
research (Senthilkumar et al., 2026; Tanim et al., 2025).

Temporal Analysis: The predictive utility of different features was assessed at multiple time
points: before semester start, end of week 2, end of week 4, end of week 8, and end of semester.
This temporal analysis examined the lead time for early warning while also assessing the
evolution of predictive accuracy over the semester.

3.8 Ethical Considerations

All data used in this study were de-identified prior to analysis, with direct identifiers removed
and replaced with unique study identifiers. The research did not involve access to protected
health information. The study was reviewed and granted exempt status by the university's
institutional review board (IRB Protocol #2025-0784), as it involved analysis of existing, de-
identified data and did not constitute human subjects research under federal regulations.

Data security measures included encrypted storage, password-protected access, and limited data
access to the research team. The institutional data sharing agreement specified that data would be
used solely for research purposes and would not be distributed outside the research team. All data
analysis occurred within the secure institutional research environment, with no transfer of
identifiable data.

4. Results
4.1 Data Presentation

Table 1: Student Demographic Characteristics by Dropout Status (2020-2025)

Characteristic Retained Students Dropped Out Total
(n=6,894) (n=1,373) (n=8,267)
Age (mean, SD) 20.4 (2.1) 20.9 (2.8) 20.5(2.2)
Female (%) 58.2 52.3 57.2
First-generation (%) 26.7 38.2 28.6




Characteristic Retained Students Dropped Out Total
(n=6,894) (n=1,373) (n=8,267)
Full-time enrollment
78.9 62.4 76.4
(70)
STEM major (%) 28.4 24.1 27.7
21 Sci .
Social Science major 342 316 338
(70)
Humanities major 18.6 273 19.2
(70)
First-year students
24.8 41.8 27.6
(70)

Table 1 presents demographic characteristics by dropout status. Students who dropped out were
more likely to be first-generation (38.2% vs. 26.7%, p <.001), older on average (20.9 vs. 20.4
years, p <.01), and less likely to be enrolled full-time (62.4% vs. 78.9%, p <.001). First-year
students were disproportionately represented among dropouts (41.8% vs. 24.8%, p <.001),
consistent with the literature on first-year retention challenges.

Table 2: Key Academic Indicators by Dropout Status

ndicator Retained (mean, Dropped Out (mean, Effect
SD) SD) Size
High School GPA (4.0 scale) 3.52 (0.31) 3.18 (0.42) 0.92
First-year GPA 3.21 (0.43) 2.67 (0.51) 1.13
Cumulative GPA 3.36 (0.47) 2.58 (0.58) 1.45




[ndicator Retained (mean, Dropped Out (mean, Effect
SD) SD) Size
Credits att ted
rocits atepred pet 14.2 (2.4) 11.8 3.1) 0.86
semester
i 1
(Credits completed per 13.1 (2.8) 9.2 (3.6) 1.19
semester
LMS login frequency
12.4 (4.2 7.8 (3.9 1.15
(weekly) (4.2) (3:9)
Assignment submissions
42 (1.3 2.8(1.5 0.99
(weekly) (1.3) (1.5)

Table 2 demonstrates substantial differences across academic indicators. The largest effect size
was observed for cumulative GPA (Cohen's d = 1.45), followed by credits completed per
semester (1.19) and LMS login frequency (1.15). These findings indicate that a combination of
academic performance, engagement, and progress indicators distinguishes retained students from

dropouts.

Table 3: Model Performance Comparison

Model A Precision Recall Fl1- AUC-
odce ccurac

Y | (Aterisk) (At-risk) Score ROC
Logistic Regression |, ¢, 0.741 0.684 0.711 0.823
(baseline)

It t

Support Vector 0.814 0.783 0.721 0.751 0.846
Machine
Random Forest 0.857 0.862 0.823 0.842 0.891
XGBoost 0.874 0.893 0.847 0.869 0.907




Model A Precision Recall FI- AUC-
ode ccuracy (At-risk) (At-risk) Score ROC
ked E 1
Stacked Ensemble 0.894 0912 0.876 0.894 0.924
(proposed)

Table 3 presents performance metrics for the five evaluated models. The stacked ensemble
achieved the highest performance across all metrics, with accuracy of 89.4%, precision of 91.2%
for the at-risk category, and recall of 87.6%. The ensemble substantially outperformed the
logistic regression baseline, demonstrating the value of advanced machine learning approaches
for this prediction task.

4.2 Analysis of Results

Feature Importance Analysis: SHAP analysis identified prior academic achievement, first-year
course performance, and LMS engagement metrics as the top predictors of dropout risk. The
most important features were: cumulative GPA (mean SHAP value: 0.342), first-year GPA
(0.287), weekly LMS logins (0.213), semester credit completion rate (0.198), and high school
GPA (0.156). Academic performance indicators dominated early in the semester, while
engagement metrics increased in importance as the semester progressed.

Temporal Analysis: Model accuracy at different time points: pre-semester (week 0: 72.4%)),
week 2 (78.1%), week 4 (85.6%), week 8 (89.4%), and end of semester (91.2%). The substantial
improvement from week 2 to week 4 (7.5 percentage points) suggests that early behavioral
indicators provide critical information for risk identification. By week 4, the model achieved
sufficient accuracy to support targeted interventions with minimal false positives.

Comparison Across Disciplines: Model performance varied across academic disciplines.
Performance was highest for STEM disciplines (accuracy: 91.2%), followed by social sciences
(88.4%) and humanities (86.7%). Feature importance also varied, with academic performance
indicators dominating in STEM while engagement metrics were more important in humanities.
These findings suggest that discipline-specific models may be beneficial for optimal
performance.

Statistical Significance: The stacked ensemble significantly outperformed the XGBoost model
(p =.02) and all other comparison models (p <.001 for all). The performance advantage of the
ensemble was consistent across cross-validation folds, with standard deviations below 0.015 for
all metrics. The model demonstrated stable performance across student subgroups, with no
substantial degradation for underrepresented populations.

5. Discussion



5.1 Interpretation
Research Question 1: Predictors of Dropout Risk

The findings indicate that a combination of academic, behavioral, and demographic variables
most accurately predicts student dropout risk. Academic performance indicators, particularly
cumulative GPA and first-year course performance, demonstrated the strongest predictive power.
This finding aligns with prior research on the importance of academic integration in student
persistence (Tinto, 1993) and is consistent with studies by Nagy and Molontay (2018) and
Gutierrez-Pachas et al. (2023).

The substantial predictive contribution of LMS engagement metrics supports the theoretical
emphasis on self-regulated learning as a determinant of academic success. Students who engage
consistently with learning materials, submit assignments regularly, and participate in discussion
forums demonstrate behavioral patterns associated with persistence and achievement. The
increasing importance of engagement metrics as the semester progresses suggests that early
behavioral indicators provide critical information for risk identification before academic
performance declines become evident.

The demographic patterns observed in dropout rates, particularly the overrepresentation of first-
generation students among dropouts, highlight the importance of equity-focused interventions.
These findings suggest that predictive models should incorporate demographic factors not as
deterministic predictors but as indicators of differential risk that may require targeted support
strategies.

Research Question 2: Comparative Model Performance

The proposed stacked ensemble framework substantially outperformed traditional single-model
approaches, achieving an accuracy of 89.4% compared to 78.2% for logistic regression and
85.7% for random forest. This performance advantage is consistent with studies demonstrating
the value of ensemble methods for educational prediction tasks (Niyogisubizo et al., 2022;
Senthilkumar et al., 2026). The ensemble approach leverages the complementary strengths of
different algorithms, with XGBoost excelling at capturing complex non-linear relationships and
random forest providing robust handling of feature interactions.

The temporal analysis revealed that the proposed framework achieves operational utility by week
4 of the semester, providing sufficient lead time for targeted interventions. This finding addresses
a key limitation of models that rely solely on pre-entry data or late-semester indicators. The
ability to identify at-risk students early enables the full range of intervention strategies, including
academic support, advising, and resource referral.

The variation in model performance across disciplines suggests that domain-specific factors
influence the predictive utility of different indicators. In STEM fields, where curricula are often
highly sequential and prerequisite-dependent, academic performance indicators dominate. In



humanities, where engagement with course materials and discussion participation may be more
central to learning, behavioral metrics are more important. These findings support the
development of discipline-specific models rather than a one-size-fits-all approach.

Research Question 3: Implementation Requirements

The operational requirements for implementing predictive analytics include technical
infrastructure, stakeholder training, and organizational processes. The analysis suggests that
institutions require integrated data systems that can combine academic records, LMS data, and
other institutional data sources. The technical demands of ensemble modeling, including
computational resources and algorithm expertise, may present barriers for smaller institutions.

The importance of model interpretability for stakeholder trust and adoption is emphasized by the
findings. SHAP analysis and other explainable Al techniques, as recommended by Mamun et al.
(2026) in their leakage-aware machine learning pipeline research, can help bridge the gap
between sophisticated algorithmic prediction and practical decision-making. Institutional
stakeholders require transparent explanations of why students are identified as at-risk and what
specific factors contribute to individual risk scores.

The organizational processes required for effective implementation include clear protocols for
intervention, allocation of resources based on risk identification, and feedback mechanisms to
evaluate intervention efficacy. The integration of predictive analytics with existing early warning
systems requires coordination across institutional departments and attention to the human
dimensions of decision-making.

5.2 Implications
Academic Implications

This study contributes to the educational data mining and learning analytics literature by
extending predictive modeling approaches to higher education curriculum contexts. The
framework demonstrates the value of integrating multiple data sources and modeling techniques,
moving beyond the single-algorithm approach that has characterized much prior research. The
emphasis on interpretability through SHAP analysis addresses a key limitation of ensemble
methods, enabling the combination of high predictive accuracy with stakeholder understanding.

The findings support the theoretical framework of student departure as a process influenced by
both academic and social integration. The substantial predictive contribution of engagement
metrics, even when controlling for academic performance, suggests that behavioral indicators
capture aspects of the integration process not fully reflected in grades. This has implications for



intervention design, suggesting that efforts to promote both academic success and engagement
are necessary for optimal retention outcomes.

The temporal analysis reveals that risk factors evolve over the academic semester, with pre-entry
characteristics and early academic performance providing initial signals that are refined by
behavioral indicators. This suggests a dynamic model of risk that requires continuous monitoring
rather than single-point prediction.

Practical Implications

For Administrators: Institutions should invest in integrated data systems that enable
comprehensive predictive modeling. The findings demonstrate that data from existing systems
(student information, learning management) can support effective prediction without requiring
new data collection. Administrators should allocate resources toward building institutional
capacity for predictive analytics, including technical expertise, stakeholder training, and
intervention infrastructure.

For Policymakers: The findings support policies that incentivize data-driven student retention
strategies. Accountability frameworks should recognize the value of predictive analytics while
also attending to equity concerns, ensuring that identification of at-risk students does not
inadvertently stigmatize particular populations. Policy development should address the ethical
considerations of algorithmic decision-making, including transparency, accountability, and
fairness.

For Curriculum Developers: The discipline-specific variation in predictive patterns suggests
that curriculum design may influence the factors associated with student success. In sequential,
skills-based curricula, careful attention to prerequisite knowledge and skill development may be
particularly important for retention. In discussion-based curricula, fostering engagement may be
a priority. Curriculum design should incorporate mechanisms for early identification of
struggling students and flexible pathways for academic support.

5.3 Limitations

1. Sample and Generalizability: The findings are based on data from a single mid-sized public
university in the Southeastern United States. The patterns observed may not generalize to other
institutional types, regions, or student populations. Private institutions, community colleges, and
institutions outside the United States may exhibit different risk patterns and predictive factors.

2. Data Availability: The available data did not include detailed socioeconomic indicators,
psychological measures, or institutional climate variables that may influence student persistence.
The exclusion of these variables may limit the predictive power of the models and the richness of
the interpretations. Financial aid data were partially available, but detailed financial need
indicators were not consistently recorded.



3. Outcome Definition: The binary dropout outcome may mask important distinctions between
types of departure (e.g., academic dismissal vs. voluntary withdrawal vs. transfer). Students who
transfer to other institutions may be counted as dropouts in institutional records, although their
educational trajectories continue elsewhere. Future research should examine nuanced outcome
categories.

4. Temporal Stability: The study period included the COVID-19 pandemic and recovery years,
which may have influenced student engagement patterns and institutional support strategies. The
validity of the findings for post-pandemic institutional contexts is uncertain. Regular updating
and revalidation of predictive models will be necessary to maintain performance in changing
contexts.

5. Implementation Gap: Although the study demonstrates predictive capability, it does not
evaluate the efficacy of specific interventions based on the predictions. The successful translation
of prediction to improved student outcomes depends on the availability and effectiveness of
intervention strategies. Future research should examine the full prediction-intervention-outcome
chain.

5.4 Future Research Directions

1. Intervention Efficacy Studies: The most critical future direction is to evaluate whether
intervention strategies based on the predictive framework actually improve student outcomes.
Randomized controlled trials and quasi-experimental designs could examine the impact of
targeted academic support, advising interventions, and resource allocation on retention and
graduation rates. These studies would provide evidence for the full value proposition of
predictive analytics.

2. Longitudinal Extension: Future research should extend the framework to examine multi-year
trajectories and identify cumulative risk patterns. Analysis of course-level and semester-level
transitions could identify critical periods for intervention and the durability of intervention
effects. Longitudinal data would also enable assessment of the long-term outcomes of students
identified as at-risk but who persisted to graduation.

3. Cross-Institutional Comparison: Replication of the framework across different institutional
types (community colleges, private universities, research universities) would assess the
generalizability of findings and identify institutional characteristics that moderate predictive
patterns. Comparative research could develop transferable implementation guidelines while also
identifying institution-specific considerations.

4. Explainable AI Advancement: Future research should explore methods for enhancing model
interpretability while maintaining predictive accuracy. Advances in explainable Al, including
counterfactual explanations and interactive visualization tools, could facilitate stakeholder
understanding and trust. Research on human-Al interaction in educational decision-making is
needed to optimize the integration of algorithmic prediction with human judgment.



5. Integration with Student Success Ecosystems: The framework should be extended to
encompass the broader student success ecosystem, including advising, tutoring, and co-curricular
programs. Research on the optimal allocation of institutional resources based on predictive
analytics could maximize the impact of student support investments.

6. Algorithmic Fairness and Bias: Future research should systematically examine algorithmic
fairness, ensuring that predictive models do not systematically disadvantage particular student
populations. Research on fairness-aware machine learning in educational contexts could develop
techniques for mitigating bias while maintaining predictive performance. As noted by Mamun et
al. (2026), careful attention to data leakage and model evaluation is essential for robust and fair
prediction systems.

6. Conclusion

This study has developed and validated a comprehensive predictive analytics framework for
identifying students at risk of academic underperformance and dropout in higher education. The
proposed stacked ensemble framework achieved an overall accuracy of 89.4% in predicting
dropout risk by week 4 of the academic semester, substantially outperforming baseline logistic
regression models and demonstrating robust performance across multiple disciplines. The
framework addresses critical limitations of prior research by integrating diverse data sources,
implementing advanced ensemble methods, and incorporating explainable Al techniques to
enhance model interpretability for institutional stakeholders.

The primary contribution of this research is the validation of a replicable, transparent, and
practically implementable framework for student outcome prediction in higher education
curriculum contexts. The findings demonstrate that predictive analytics, when operationalized
through accessible decision-support systems, can substantially improve early warning
capabilities and facilitate proactive student retention strategies. The practical implications for
administrators include the importance of integrated data systems, institutional capacity building,
and the allocation of resources toward evidence-based intervention strategies.

As higher education institutions continue to grapple with persistent retention challenges,
predictive analytics offers a powerful tool for identifying at-risk students early and enabling
targeted, timely interventions. The framework developed in this study provides a foundation for
institutions seeking to leverage their existing data assets to improve student outcomes. However,
technology alone is insufficient; successful implementation requires attention to organizational
processes, stakeholder engagement, and ethical considerations. The future of student success
analytics lies not in replacing human judgment but in augmenting it, providing educators and
administrators with actionable insights that enable more informed, equitable, and effective
support for all students.
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