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This study aims to develop an explainable machine learning—based early warning system to predict SHAP:
dropout risk among Science, Technology, Engineering, and Mathematics (STEM) students in the ’
MENA region. Using longitudinal data from 6,798 undergraduate STEM students enrolled at a  Explainable Al;
major UAE university, we evaluated six supervised classifiers: XGBoost, Gradient Boosting  student Dropout;
Machine (GBM), Random Forest, CART, Logistic Regression, and K-Nearest Neighbors. Models STEM Retention:
were trained on institutional student information system (SIS) data spanning ten cohorts (2010— ’
2019), with class imbalance addressed through ROSE sampling. The top-performing models ~ Educational Data Mining;
(XGBoost, GBM, and Random Forest) achieved AUC-ROC scores exceeding 0.91 and F1-scores MENA.
above 0.84, significantly outperforming baseline models. Key predictors of dropout included the
number of withdrawn semesters, second-term credit load, academic probation history, and
performance in mathematics and physics. To improve interpretability, we applied SHapley
Additive exPlanations (SHAP) analysis, enabling both global and individual-level feature Article History:
attribution. The system offers scalable, real-time predictive capabilities using only routinely
available SIS data, with no need for external surveys or learning management system inputs. The ~ Received: 06 July 2025
novelty of this research Iigs in its i.ntegratio.n of explainable Al into a regiopallcomext, e.nabling Revised: 03 October 2025
early, transparent, and actionable interventions to reduce dropout. These findings contribute to
data-driven retention strategies in higher education systems where predictive tools remain  Accepted: 14 October 2025

RIEEI Published: 08  December 2025

1- Introduction

Student retention remains a persistent global challenge, particularly within Science, Technology, Engineering, and
Mathematics (STEM) disciplines. Across many national contexts, STEM dropout rates exceed those of other academic
fields, leading to institutional and societal consequences such as resource strain, lower rankings, and a diminished
pipeline of skilled graduates vital to innovation and economic growth [1-4].

In the United Arab Emirates (UAE), STEM education plays a central role in national development strategies. The
country has invested in curricular reform, international accreditation, and research infrastructure to support a knowledge-
based economy [5, 6]. Yet, STEM attrition remains high, revealing a persistent gap between policy goals and student
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outcomes [7, 8]. This is compounded by the absence of robust early intervention systems to identify and support at-risk
students before failure or withdrawal occurs [9].

Traditional risk identification methods, such as GPA thresholds, probation, or reactive advising often miss complex,
non-linear interactions among student, institutional, and contextual variables [10, 11]. In response, a growing body of
research has adopted machine learning (ML) to develop proactive early warning systems using high-dimensional student
data [12]. Techniques like decision trees, random forests, support vector machines, and neural networks have been used
to predict dropout risk in diverse higher education settings, including STEM programs [13-15].

Despite their predictive strength, many ML models suffer from limited interpretability [16]. Without clear
explanations for how predictions are generated, such models often face institutional resistance [17]. Recent research
addresses this through explainable artificial intelligence (XAI) techniques, particularly SHAP (SHapley Additive
Explanations) and LIME which enhance model transparency and support decision-making in higher education [18-21].
However, such methods remain largely absent in the Middle East and North Africa (MENA) region [22]. No studies to
date have applied SHAP-based explainability to institutional Student Information System (SIS) data for dropout
prediction, despite increased interest in data-driven policy and widespread collection of administrative records [23, 24].
Existing regional studies often rely on simple feature importance scores and lack the interpretability needed for ethical,
actionable early warning systems [22].

This gap is especially relevant given the region’s structural challenges. Policies related to scholarships, gender norms,
and language of instruction introduce dropout risks not easily captured by Western-designed models [25, 26].
Furthermore, many MENA studies rely on static or single-term datasets, limiting their ability to track students
longitudinally or confirm actual dropout outcomes [27].

This study addresses these limitations by using ten years of longitudinal SIS data (2010-2019) from a large UAE-
based university to build a transparent, high-performing early warning system for dropout prediction. The dataset
includes 6,798 STEM students and captures academic history, registration activity, and graduation status. Six ML
algorithms are implemented, with SHAP used for both global and local interpretability. The results show that strong
predictive performance can be achieved using routine academic data, such as GPA, probation status, and course
withdrawal history without requiring external surveys or behavioral metrics. This enhances scalability and institutional
feasibility across similar educational contexts.

The study is among the first in the MENA region to incorporate:
e Explainable Al (SHAP) for transparent decision-making at both institutional and individual levels;
e Longitudinal SIS data covering full student trajectories;
e Contextual framing aligned with policy, advising, and regional challenges.

Together, these contributions bridge the gap between predictive performance and implementation, offering a pathway
for ethical and effective retention strategies. The study is guided by the following research questions:

e RQ1. Which ML model offers the best balance of accuracy and interpretability for dropout detection in the
UAE?

e RQ2. Which demographic, academic, and institutional factors are the strongest predictors of attrition?
e RQ3. How can predictive analytics inform early intervention?

Conceptually, the study is grounded in Tinto’s Student Integration Model, which emphasizes academic and social
integration as central to student persistence. Within this framework, indicators such as low GPA, course withdrawals,
and probation serve as measurable signs of disengagement [28, 29]. SHAP visualizations interpret these factors both
globally (across all students) and locally (for individuals), enabling strategic and personalized interventions.

Finally, the study offers regionally grounded insights for policy and practice, including early risk detection in
foundational courses and equitable support for international and multilingual students. These findings align with national
goals in the UAE and broader MENA region to enhance retention and strengthen STEM education systems [30].

2- Literature Review
2-1-Theoretical Foundations: Student Dropout and Institutional Integration

Student attrition remains a persistent global challenge, especially in science and engineering disciplines where
dropout rates are notably higher [31]. Tinto’s Student Integration Model continues to be a foundational framework for
understanding student persistence, conceptualizing dropout as a longitudinal process shaped by academic and social
integration [28, 29]. Academic integration supports retention through GPA, engagement in coursework, and credit
accumulation, while social integration reinforces institutional commitment by fostering peer networks, campus
involvement, and a sense of belonging.
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Empirical studies have operationalized these constructs using indicators such as academic probation, course
withdrawals, and low cumulative GPA. Students exhibiting these patterns, particularly early in their academic trajectory,
face elevated dropout risk [32, 33]. Socioeconomic pressures, including financial hardship and family obligations
undermine academic and social engagement, compounding dropout risk [34].

Despite its conceptual strength, Tinto’s model is often operationalized using linear statistical tools and fragmented
data, limiting its predictive power [35]. These traditional approaches may overlook the nonlinear and heterogeneous
nature of student pathways. In response, researchers have increasingly adopted machine learning (ML) methods capable
of modeling multifactorial dropout risk [14]. When paired with explainable Al (XAl), these tools offer a scalable means
to translate integration theory into actionable, transparent interventions for institutions [18].

2-2-Predictive Modeling of Dropout: From Statistics to Machine Learning

Statistical models such as logistic regression, survival analysis, and decision trees have long been used in higher
education to identify dropout risk factors. These models offer interpretability and are well-suited for hypothesis testing,
estimating dropout likelihood based on predictors like GPA, enrollment status, and demographics. However, they rely
on assumptions of linearity and variable independence, which are often unmet in the complexity of student behavior.
Their performance also declines in high-dimensional or imbalanced datasets and tends to overlook key interactions and
subtle patterns [10, 11].

Machine learning (ML) models, such as Random Forest (RF), Gradient Boosting Machines (GBM), and eXtreme
Gradient Boosting (XGBoost) have emerged as stronger alternatives. These algorithms detect nonlinear relationships,
handle multicollinearity, and adapt to diverse data structures. Studies across Europe, North America, and Latin America
show that ML consistently outperforms traditional methods in predicting dropout, especially in recall, precision, and
early detection [12, 36, 37]. Their ability to process longitudinal and behavioral data has further cemented their role in
early warning systems.

Yet, the rise of ML has raised concerns about transparency. These “black box” models often achieve accuracy without
clarity, leaving stakeholders unsure of decision logic [22]. As a response, explainable Al (XAl) methods now help
interpret model outputs, enhancing trust and aligning predictive tools with institutional accountability [18].

2-3-Explainable Al (XAl) and SHAP in Education

As machine learning becomes more integrated into educational systems, concerns about transparency and trust have
intensified. Explainable Artificial Intelligence (XAIl) addresses these concerns by making model predictions interpretable
to non-technical stakeholders. Among the most widely used tools are SHapley Additive exPlanations (SHAP) and Local
Interpretable Model-Agnostic Explanations (LIME) [18, 38]. While both offer insights into how input features shape
predictions, SHAP is particularly advantageous for its consistency and ability to explain predictions at both global
(model-wide) and local (individual student) levels [20]. In high-stakes contexts like dropout prediction, such
transparency is essential for institutional trust and actionable intervention [21].

Recent studies highlight SHAP’s growing value in educational contexts. One study applied SHAP and other
explainable Al techniques to predict academic performance, showing how key factors, such as academic progress and
financial status influence student outcomes and dropout risk [38]. Another used SHAP in online learning environments
to help advisors identify significant performance drivers, enabling more tailored support for individual learners [18].
These examples demonstrate how SHAP enhances interpretability, shifting from opaque risk scores to actionable
insights. However, most XAl applications remain concentrated in Western or online contexts, where behavioral data are
abundant. Few studies have applied SHAP to institutional SIS data in underrepresented contexts [22]. This creates a
critical gap in deploying interpretable, SIS-based early warning systems in these contexts.

2-4-Dropout Determinants in the MENA Region

While global dropout models highlight academic preparedness, institutional integration, and financial aid, the MENA
region presents distinct contextual factors. These include region-specific student funding policies, gender-based access
constraints, and challenges related to multilingual instruction and curricular structure [25, 26]. For example, students in
Gulf countries often receive full government-funded education and stipends but may still drop out due to rigid curricula,
weak support in foundational courses, or academic probation policies. Gender-based dormitory access and parental
restrictions can limit female students’ university choices, an under-theorized factor in most dropout models [9, 39].
Likewise, the transition from Arabic-medium schooling to English- or French-medium instruction can impede academic
engagement [25].

Despite these complexities, most MENA studies are descriptive or qualitative, focusing on performance,
socioeconomic status, or motivation without analyzing large-scale institutional datasets [27]. A few recent studies from
the UAE, Saudi Arabia, and Qatar have applied machine learning to longitudinal data (e.g., XGBoost, random forests,
ensemble models) [23, 25, 40]. However, these models often function as “black boxes,” lacking transparency or
individualized insight for institutional planning [22].
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2-5-Early Warning Systems and Institutional Integration

Early Warning Systems (EWS) in higher education are predictive tools designed to identify students at risk of failure
or dropout before these outcomes occur. By tracking academic performance, engagement, and behavioral indicators,
EWS enable institutions to intervene proactively through advising, tutoring, or outreach [12]. These systems
operationalize Tinto’s Student Integration Model by translating early signs of disengagement, such as declining GPA,
repeated withdrawals, or low credit loads into alerts that can trigger timely support [33].

Globally, several universities have adopted ML-powered EWS to strengthen retention. In the UK, the Open University
uses dashboards to monitor student activity and trigger personalized interventions [41]. In Spain, the Universitat Oberta
de Catalunya supports online learners through predictive analytics [37]. Institutions in Latin America have similarly
integrated ML models with behavioral and SIS data to issue early alerts [12]. These examples illustrate how predictive
tools can enhance institutional workflows and student support services.

By contrast, such systems remain rare in the MENA region due to infrastructural barriers, lack of policy mandates,
and concerns over the interpretability of ML models [27, 40]. While universities in the region often collect rich SIS data,
they lack tools to translate it into actionable insights [23]. This prototype demonstrates the feasibility of explainable
EWS design in underrepresented institutional settings.

3- Methodology
3-1-Machine Learning Models

This study is grounded in Tinto’s Student Integration Model, which conceptualizes dropout as a consequence of weak
academic and social integration. Accordingly, academic indicators such as GPA, course withdrawals, probation history,
and earned credits were selected as model inputs and operationalized through machine learning (ML). The goal was to
support interpretable risk prediction aligned with institutional priorities.

To ensure both predictive performance and interpretability, we employed six supervised learning algorithms. Random
Forest was chosen for its ability to handle high-dimensional feature spaces and mitigate overfitting via its ensemble
structure. Gradient Boosting offered iterative refinement by correcting prior classification errors, improving sensitivity
to marginal cases. XGBoost was included as a fast, regularized variant of boosting, particularly effective for large,
imbalanced datasets typical of educational systems. These ensemble models are widely validated in learning analytics
for early risk detection, especially under class imbalance [13-15].

Complementing these, we included interpretable models to aid communication with institutional stakeholders. CART
provides visual decision paths that are intuitive for non-technical audiences. Logistic Regression served as a conventional
baseline, widely used in educational research. K-Nearest Neighbors, though more sensitive to feature scaling and
structure, was included to offer a non-parametric contrast. Together, these models enabled a balanced assessment of
accuracy, transparency, and institutional applicability [24, 32].

All models were implemented in R using randomForest, gbm, xgboost, rpart, class, and nnet. Data preprocessing was
conducted with tidyverse, dplyr, and caret. Class imbalance was addressed using SMOTE and ROSE via the DMwR and
ROSE packages [42, 43]. Model training was performed on the ROSE-balanced dataset with 5-fold cross-validation to
reduce overfitting [20]. Default hyperparameters were retained across all models to ensure transparency, comparability,
and ease of institutional implementation. Evaluation metrics and visualizations were generated using pROC, yardstick,
and ggplot2, with all analyses conducted under a fixed seed (set.seed(123)). Figure 1 presents the three-phase pipeline:
data preprocessing, model training and evaluation.
3-2-Model Training and Evaluation

Following class balancing using the ROSE technique, the dataset was randomly split into 70% training and 30%
testing sets. All six machine learning models: Random Forest, Gradient Boosting Machine (GBM), XGBoost, CART,
K-Nearest Neighbors (KNN), and Logistic Regression (LR) were trained on the balanced training data.

To improve generalizability and mitigate overfitting, five-fold cross-validation was applied during model training.
This resampling approach ensured that performance estimates were stable and not overly dependent on any single subset
of the data.

Model evaluation was conducted on the holdout test set using the following classification metrics:
e Accuracy: Overall correctness of the model’s predictions.

e Precision: Proportion of predicted dropouts that were actual dropouts.

e Recall (Sensitivity): Proportion of actual dropouts correctly identified.

e Specificity: Ability to correctly classify students who did not drop out.

e F1-Score: Harmonic mean of precision and recall.

e AUC-ROC: Area under the Receiver Operating Characteristic curve.
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Special emphasis was placed on F1-score and AUC-ROC as primary indicators of performance, given their robustness
in imbalanced classification contexts. Together, these metrics offer a balanced assessment of each model’s ability to
detect at-risk students while minimizing false positives.

3-3- Feature Importance and Model Interpretability

To support model transparency and actionable insights, feature importance analysis was conducted on the three
highest-performing classifiers: XGBoost, GBM, and Random Forest. These ensemble models were selected based on
their strong predictive performance and established utility in educational data mining.

Each model’s native gain-based ranking method was used to assess feature importance. Results highlighted the
relative contribution of academic performance variables (e.g., GPA, earned credits) and behavioral indicators (e.g.,
course withdrawals, probations), consistent with prior literature on persistence and attrition.

To complement these global rankings with student-level interpretability, SHAP was applied to the XGBoost model.
SHAP values quantify the marginal contribution of each feature to an individual prediction, capturing both the direction
and magnitude of influence. Together, SHAP and gain-based methods offer complementary views (global and local) that
enhance institutional understanding and ethical deployment of predictive analytics in student retention systems.

3-4- Ethical Considerations

This study was approved by the Research Ethics Committee at the “University Name Withheld for Review”
(Reference Number: REC-25-03-12-02-PG, approval date: March 25, 2025). It involved the secondary analysis of
anonymized administrative data obtained from the Office of the Registrar. No personally identifiable information was
accessed, and there was no direct contact with students. All procedures complied with institutional ethical guidelines
and data protection standards.

Access to SIS data and implementation of the early warning system prototype were facilitated by the first author’s
role as university registrar, which granted authorized administrative access. This positional alignment also ensured that
model development remained grounded in institutional needs, supporting feasibility and potential integration into
decision-making workflows.

Phase 1: Data Collection & Phase 3: Evaluation

Preprocessing

Phase 2: Modeling

Input: Balanced training Input: Trained models +
Input: Student Information dataset for model development holdout test set

System (SIS) data

Data extraction (multi- Model selection (XGBoost, Performance evaluation

cohort academic records)

v

RF, GBM, etc.)

(Accuracy, F1, AUC, etc.)

Variable selection (GPA,
credits, probations, etc.)

v

v

Y

Data Splitting (training
70% & testing 30%)

Model comparison &
selection

Data cleaning and
transformation

y

Y

v

5-Fold Cross-Validation

Feature Importance
Analysis

Class Balancing (ROSE)

v

v

Model Training

SHAP Analysis (for best-
performing model)

Figure 1. Workflow of the methodology showing the three-phase ML pipeline from SIS data preprocessing to model
evaluation and explainability analysis

4- Sample and Data Description

This study applied a supervised machine learning framework to predict undergraduate dropout in STEM disciplines
using institutional data from a large, research-intensive university in the UAE. The dataset comprised academic,
demographic, and administrative records for all undergraduate STEM students across ten cohorts (2010-2019), extracted
from the university’s Banner Student Information System (SIS) via structured SQL queries.

A retrospective longitudinal design was employed, with the 2019 cohort serving as the endpoint to allow a minimum
five-year observation window. This ensured conclusive classification of students as graduates (coded 0) or dropouts
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(coded 1), consistent with prior literature emphasizing extended observation to capture delayed attrition patterns [44].
The study’s overarching aim was to move from retrospective reporting to real-time identification of at-risk students,
forming the foundation for an early warning system.

Exclusion criteria included incomplete records, missing values, and transfer students who completed external STEM
coursework, to ensure curricular consistency. Financial data were omitted due to the prevalence of institutional and
external scholarships (~45%), which complicated interpretation. Disability status was excluded due to insufficient
sample size.

Data preprocessing followed standardized and reproducible workflows in R. Categorical variables (e.g., FEMALE,
UAE_NATIONAL, SCIENTIFIC_HIGHSCHOOL) were binary encoded; ordinal variables (e.g., PHYSICS_GRADE,
MATH_GRADE) were mapped to the institutional GPA scale (0-4); and continuous features (e.g., GPA, earned hours,
high school average, age at admission) were retained as numeric values. Feature names were aligned with SIS schema
conventions and internally validated to ensure institutional interpretability and future integration into explainable Al
dashboards.

The modeling design also reflects principles from student retention theory, particularly academic engagement and
institutional integration, operationalized through quantifiable SIS features.

4-1-Sample Size and Variables

The final dataset included 6,798 undergraduate STEM student records. The binary outcome variable, DROP_OUT,
classified students as either graduates (0) or dropouts (1). Sixteen independent variables were selected based on prior
literature, expert input from registrar personnel, and their long-term availability in the SIS.

These variables were grouped into three categories:
e Demographic: gender, nationality, age at admission.
e High School Background: GPA and scientific-track status.

e University Academic Performance: term GPA, earned credit hours, grades in foundational STEM courses, and
administrative indicators such as probation and withdrawal history.

This classification aligns with prior research. For example, demographic characteristics (e.g., gender, nationality)
have been linked to persistence outcomes, particularly where social or financial constraints are present [40, 45].
Academic metrics such as GPA and credit hours frequently signal disengagement or academic difficulty [46, 47], while
early struggles in core STEM subjects, especially physics and calculus often precede attrition [48, 49]. High school
metrics offer a proxy for academic readiness [50], and institutional markers such as frequent withdrawals or incomplete
grades are routinely flagged as concerns [39]. The final variable selection emphasized both theoretical relevance and
operational feasibility. A full summary is presented in Table 1.

Table 1. Summary of Study Variables

Category Variable Name Description Type
FEMALE Student’s gender (1 = Female, 0 = Male) Binary
Demographic UAE_NATIONAL Citizenship status (1 = UAE national, 0 = expatriate) Binary
AGE_AT_ADMISSION Age at the time of university admission Continuous
) HIGH_SCHOOL_AVERAGE Final high school GPA (%) Continuous
High School Background SCIENTIFIC_HIGHSCHOOL Whether the student came from a scientific track (1= Yes, 0 = No) Binary
PHYSICS_GRADE Performance in university physics (GPA scale: 0-4) Ordinal
MATH_GRADE Performance in university math/calc (GPA scale: 0-4) Ordinal
CGPA_IN_FIRST_TERM GPA after the first semester Continuous
EARNED_HOURS_IN_FIRST_TERM Credit hours earned in the first semester Continuous
CGPA_IN_SECOND_TERM GPA after the second semester Continuous
Academic Performance EARNED_HOURS_IN_SECOND_TERM Credit hours earned in the second semester Continuous
NO_OF_PROBATIONS Number of academic probations received Integer
NO_OF_FAILED_CRS Number of failed courses Integer
NO_OF_WITHDRAWN_CRS Number of withdrawn courses Integer
NO_OF_WITHDRAWN_SEMESTERS Number of withdrawn semesters Integer
NO_OF_INCOMPLETE_GRADES Number of incomplete (1) grades Integer
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Descriptive statistics indicated that 33.3% of students (n = 2,267) dropped out, while 66.7% graduated. The sample
was 51.5% female and 32.6% UAE nationals, with an average high school GPA of 91.2% and a mean admission age of
17.7 years.

4-2- Addressing Class Imbalance

The dataset exhibited class imbalance: 66.7% of students graduated and 33.3% dropped out. This imbalance risks
biasing machine learning models toward the majority class, reducing their sensitivity in detecting at-risk students. To
address this, two resampling methods were evaluated: the Synthetic Minority Over-sampling Technique (SMOTE) and
Random Over-Sampling Examples (ROSE). SMOTE, implemented via the DMwR package, generates synthetic dropout
samples by interpolating between minority-class cases [42]. However, with default parameters (perc.over = 200, k = 5),
SMOTE did not sufficiently rebalance the dataset. Future improvements may be possible through parameter tuning.

ROSE, implemented through the ROSE package [43] , applies a smoothed bootstrap strategy to oversample the
minority class and undersample the majority. This approach produced a balanced dataset (50% dropout, 50% graduate)
with improved class diversity, helping to mitigate overfitting.

Model evaluation favored ROSE, which yielded higher recall, F1-score, and AUC-ROC in top-performing models
such as Random Forest, GBM, and XGBoost. These results underscore its effectiveness in enhancing generalization and
improving early risk detection.

While synthetic balancing is common in predictive retention studies, it introduces artificial data. Future research may
explore hybrid resampling or cost-sensitive methods to further strengthen fairness and model robustness.

5- Empirical Results
5-1- Descriptive Statistics and Dropout Trends

This section analyzes dropout patterns among 6,798 undergraduate STEM students, focusing on demographic and
academic variables. The goal is to identify observable trends related to gender, nationality, and academic performance
that can inform predictive modeling and institutional interventions.

5-1-1- Dropout Rates by Gender

Out of 6,798 students, 2,267 (33.3%) dropped out, while 4,531 (66.7%) graduated. Gender-based analysis showed a
higher dropout rate among males (38.39%) compared to females (28.60%) (Table 2).

Table 2. Dropout Rates by Gender

Gender Total Students Dropouts Dropout Rate (%)
Male (0) 3,295 1,265 38.39
Female (1) 3,503 1,002 28.60

Figure 2 illustrates this gap, with red indicating dropouts and blue representing graduates. The data suggest stronger
persistence among female STEM students, potentially due to differences in motivation, academic habits, or support
systems. Prior studies report that males in STEM face higher attrition risks, often linked to lower GPA, engagement
issues, or inconsistent early performance [31].

3000

2000 Status

. Dropout

. Graduate

Number of Students

1000

Female Male
Gender

Figure 2. Dropout vs. Graduation by Gender
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5-1-2- Dropout Rates by Nationality

Dropout patterns also varied by nationality. UAE nationals had a dropout rate of 30.97%, while expatriate students
exhibited a slightly higher rate of 34.50% (Table 3).

Table 3. Dropout Rates by Nationality

Nationality Total Students  Dropouts  Dropout Rate (%)
Non-UAE Nationals 4,583 1,581 34.50
UAE Nationals 2,215 686 30.97

Figure 3 visualizes these differences. Higher attrition among expatriates may stem from cultural adjustment
challenges, limited support, and financial uncertainty [9].

4000

w
=]
=]
=]

Status

. Dropout

2000 B Graduate

Number of Students

1000

Non-UAE UAE National
Nationality

Figure 3. Dropout vs. Graduation by Nationality

5-1-3- Dropout Rates by First-Term GPA

First-term academic performance showed a strong link to dropout. Students with a GPA below 2.00 had a dropout
rate of 62.02%, compared to 20.82% among those with a GPA of 3.00 or higher (Table 4).

Table 4. Dropout Rates by GPA Range

GPA Range Total Students Dropouts Dropout Rate (%)

0.00-1.99 1,198 743 62.02
2.00-2.99 2,190 814 37.17
3.00-4.00 3,410 710 20.82

Figure 4 illustrates this trend. Early academic struggles may signal poor preparation or adjustment issues. Proactive
support like tutoring and targeted advising can help mitigate attrition [35].

3000
2000 Status
. Dropout
. Graduate
1000 -
0

0.00-199 200-2.99 3.00-4.00
GPA Range

Number of Students

Figure 4. Dropout vs. Graduation by First-Term GPA
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5-1-4- Dropout Trends by Gender and GPA

Table 5 shows dropout rates by gender and GPA. Among students with GPAs below 2.00, females had a higher
dropout rate (66.85%) than males (54.86%). At higher GPA levels, males had slightly lower retention than females.

Table 5. Dropout Rates by Gender and GPA Range

Gender GPA Range Total Students Dropouts  Dropout Rate (%)

Female 0.00-1.99 715 478 66.85
Female 2.00-2.99 1,137 463 40.72
Female 3.00-4.00 1,443 324 22.45
Male 0.00-1.99 483 265 54.86
Male 2.00-2.99 1,053 351 33.33
Male 3.00-4.00 1,967 386 19.62

Figure 5 reflects these trends. While GPA is a stronger predictor than gender alone, the interaction warrants further
qualitative study [51].

Female Wale

2000

1500
L
c
[]
o
& Status
s 1000 . Dropout
@ Graduat
2 . raduate
£
3
z

500 .

0
0.00-1.99 2.00-2.99 3.00-4.00 0.00-1.99 2.00-2.99 3.00-4.00
GPA Range

Figure 5. Dropout vs. Graduation by Gender and GPA

5-1-5- Descriptive Statistics Summary

Table 6 presents summary statistics. The mean first-term GPA was 2.84 (SD = 0.89), and the average admission age
was 17.7 years. Most students had no academic probation (median = 0), but repeated probation appeared as a cumulative
dropout risk.

Table 6. Descriptive Statistics of Key Variables

Metric CGPA (First Term)  Age at Admission ~ Number of Probations
Mean 2.84 17.71 0.77
Median 3.00 17.00 0.00
Standard Deviation 0.89 111 1.54

5-2-Machine Learning Model Performance

Six evaluation metrics were used to assess the models’ ability to predict dropout: accuracy, precision, recall,
specificity, F1-score, and AUC-ROC. These metrics provide a comprehensive assessment of classification performance
in the context of class imbalance.

Table 7 summarizes results for six classifiers: XGBoost, GBM, Random Forest, CART, Logistic Regression, and
KNN. Ensemble models, especially XGBoost and GBM demonstrated the strongest performance, with AUC-ROC
values above 0.91 and F1-scores exceeding 0.84. Their ability to balance recall and precision reflects their effectiveness
in modeling complex feature interactions (Figure 6). Random Forest also yielded strong results, reinforcing the value of
tree-based methods.
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CART achieved the highest precision (0.8910), indicating strong identification of dropouts. However, its low recall
(0.7119) suggests it missed many actual cases, which represents an important drawback for early warning systems, where
recall is critical (Figure 7).

Logistic Regression and KNN, while interpretable and computationally simple, underperformed in recall and AUC-
ROC. Their limitations in capturing nonlinear dropout patterns reduce their suitability for early risk detection.

Overall, XGBoost and GBM offered the best trade-off between sensitivity and specificity. Their robustness and high
AUC values make them ideal candidates for institutional early alert frameworks that aim to identify at-risk students with
high precision and minimal false negatives [13, 23].

Figure 8 illustrates the confusion matrices, further confirming the practical value of ensemble models. For example,
XGBoost correctly identified 850 dropouts, misclassifying only 160, indicative of strong recall. In contrast, CART
misclassified 940 dropouts, underscoring its high false negative rate despite precision. Likewise, KNN and Logistic
Regression yielded excessive false negatives (890 and 797, respectively), limiting their practical application in real-time
risk detection. The superior balance of precision, recall, and AUC-ROC among ensemble models supports their
deployment in Al-powered early warning systems for timely student intervention [13, 23].

Table 7. Model performance comparison across six classifiers

Model Accuracy Precision Recall Specificity F1-Score AUC-ROC
XGBoost 0.8503 0.8543 0.8416 0.8589 0.8479 0.9162
GBM 0.8420 0.8517 0.8248 0.8589 0.8380 0.9144
Random Forest 0.8469 0.8490 0.8406 0.8531 0.8448 0.9136
CART 0.8140 0.8910 0.7119 0.9144 0.7914 0.8161
K-Nearest Neighbors 0.7242 0.8094 0.5802 0.8658 0.6759 0.7879
Logistic Regression 0.7282 0.7484 0.6802 0.7753 0.7127 0.7846
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Figure 6. ROC curves comparing dropout prediction performance across six classifiers
Receiver Operating Characteristic (ROC) curves show that XGBoost, GBM, and Random Forest achieved the highest

AUC values, indicating strong overall classification ability. This suggests these models are effective at distinguishing
dropouts from non-dropouts, even under data imbalance.
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Precision-Recall Curves for All Models
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Figure 7. Precision—Recall curves for six classifiers under dropout class imbalance

The PR curves show that XGBoost and GBM maintain a superior balance between precision and recall, making them
suitable for early intervention strategies. CART’s high precision but low recall reveals a trade-off that may lead to missed
dropout cases.
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Figure 8. Confusion matrices for six classifiers showing prediction accuracy across dropout categories

Each matrix displays the number of correctly and incorrectly classified instances for dropout and non-dropout
students. The diagonal elements represent accurate predictions (true positives and true negatives), while off-diagonal
values reflect misclassifications. Ensemble models (XGBoost, GBM, Random Forest) demonstrated stronger
classification balance by minimizing false negatives (dropouts misclassified as non-dropouts) and maximizing true
positives, both of which are critical for early intervention.

Page | 278



Emerging Science Journal | Vol. 9, Special Issue, 2025

5-3-Model Interpretability and Feature Importance

To support explainability and intervention design, feature importance was analyzed using the top-performing models:
XGBoost, GBM, and Random Forest. Each model achieved an AUC-ROC above 0.91 and an F1-score above 0.84 (Table
7). These models were selected for their consistent performance and reliability in identifying early risk predictors.

5-3-1- Feature Ranking Across Models

Bar plots were used to visualize the top ten features for each model (Figure 9). The most influential predictors were
consistent across models, reinforcing their reliability for early risk detection.
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Figure 9. Top ten predictive features for dropout across ensemble classifiers
Bar plots display the top ten features influencing dropout prediction in the Random Forest, GBM, and XGBoost
models. Academic indicators (e.g., CGPA, course grades, credit hours) and behavioral variables (e.g., withdrawn
semesters, probations) consistently emerged as key predictors. Feature definitions are provided in Table 8.

Table 8. Description of Features with the Highest Importance Across XGBoost, GBM, and Random Forest

Rank Feature Description

1 NO_OF WITHDRAWN_SEMESTERS Total semesters withdrawn during enrollment

2 EARNED_HOURS_IN_SECOND_TERM Credits completed in the second semester

3 NO_OF_PROBATIONS Number of academic probations
4 CGPA_IN_SECOND_TERM GPA after second semester

5 PHYSICS_GRADE Grade in university physics

6 MATH_GRADE Grade in university math/calc

The prominence of withdrawn semesters, second-term credit hours, and academic probations underscores the
importance of maintaining academic continuity and momentum. These variables often serve as early warning signals,
identifiable before CGPA declines to critical levels. Notably, EARNED_HOURS_IN_SECOND_TERM emerged as a
more influential predictor than first-term GPA in some models, suggesting that academic behavior tends to stabilize or
deteriorate more visibly after the initial transition period. This aligns with prior findings indicating that second-term
performance represents a critical inflection point in student persistence [13].

Page | 279



Emerging Science Journal | Vol. 9, Special Issue, 2025

Course-specific grades in physics and math also proved more predictive than cumulative GPA in certain models. This
result may reflect the gatekeeping function of foundational STEM courses in shaping student confidence and progression
through degree requirements. For example, failure in a core subject such as physics can trigger cascading disengagement,
particularly in tightly sequenced STEM programs.

These insights offer a more granular understanding than traditional metrics, which typically emphasize cumulative
GPA. SHAP analysis (see Section 5-3-2) further contextualizes these findings by illustrating how specific predictors
influence dropout risk at the individual level.

5-3-2- Interpretability Through SHAP Analysis

To enhance transparency and institutional adoption, a SHAP summary plot was generated for the final XGBoost
model (Figure 10). SHAP values quantify both the magnitude and direction of each feature’s contribution to predictions,
enabling interpretation at the individual student level. As shown in Figure 10, the most influential feature was the number
of withdrawn semesters (mean SHAP = 1.828). Higher values (purple dots on the right) consistently yielded positive
SHAP values, indicating that withdrawal history significantly increased dropout risk. This aligns with disengagement
theories and flags withdrawal frequency as an actionable risk factor.

Second-term academic performance was also critical. CGPA_IN_SECOND_TERM (mean SHAP = 0.225) and
EARNED_HOURS_IN_SECOND_TERM (0.373) showed that lower values (yellow dots on the right) increased
dropout risk. While CGPA_IN_FIRST_TERM also contributed (SHAP = 0.203), second-term indicators had greater
influence, suggesting that continued underperformance outweighs initial struggles.

Grades in key STEM courses: MATH_GRADE and PHYSICS_GRADE (SHAP = 0.255 and 0.291), highlighted the
gatekeeping role of foundational courses. Students with higher grades (purple dots on the left) had lower dropout risk,
underscoring the importance of targeted academic support in these subjects. The number of academic probations
(NO_OF_PROBATIONS, SHAP = 0.400) was often more predictive than GPA, suggesting that probation status may
reflect both academic and psychological risk.

Features such as HIGH_SCHOOL_AVERAGE and NO_OF_INCOMPLETE_GRADES had lower SHAP values but
contributed meaningfully in specific cases. SHAP results confirmed gain-based rankings (Table 8) and provided fine-
grained insight for identifying students at risk before CGPA thresholds are breached. Although
CGPA_IN_SECOND_TERM had moderate multicollinearity with CGPA_IN_FIRST_TERM (VIF = 6.01), its SHAP
impact was distinct and meaningful. Tree-based models like XGBoost manage multicollinearity effectively, and second-
term GPA captures academic trends beyond initial performance.

For example, one student with a CGPA of 2.16, three failed courses, and 0.12 withdrawn semesters had a high
predicted dropout probability. SHAP identified withdrawn semesters (SHAP = —1.46), low physics grade (3.22; SHAP
= -0.30), and limited earned hours as dominant risk factors. Although second-term GPA (SHAP = +0.19) and earned
hours (SHAP = +0.33) mitigated risk slightly, they were insufficient. This illustrates how SHAP can guide early advising
by pinpointing the most influential dropout risks.
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Figure 10. SHAP summary plot for the XGBoost model illustrating dropout prediction features
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The plot ranks predictors by mean absolute SHAP value, showing each feature’s impact on model output. Dots
represent students; color indicates feature value (purple = high, yellow = low), and position reflects dropout risk
contribution. Withdrawn semesters, probation history, and second-term performance had the greatest influence. The plot
aids localized interpretation and informs early intervention.

6- Discussion
6-1- Interpretation of Findings and Theoretical Implications

This study developed a machine learning-based early warning system to predict dropout among STEM students at a
major UAE university. Using longitudinal data from ten cohorts (2010-2019), it addressed a research gap in the MENA
region by leveraging academic and demographic variables from the student information system (SIS). The analysis
confirmed that withdrawn semesters, second-term credits, probation history, CGPA, and performance in mathematics
and physics were the most influential predictors across top-performing models (XGBoost, GBM, Random Forest).

These findings align with international research while offering regional insights. The study operationalizes Tinto’s
Student Integration Model [28, 29], treating academic indicators such as course withdrawals and probation as proxies
for disengagement.

By embedding these into predictive models, the study moves Tinto’s framework from theory to application, enabling
real-time institutional response. This aligns with current directions in educational data mining, which emphasize
predictive, theory-informed systems [52, 53]. SHAP-based interpretability further enhances alignment between model
outputs and institutional support strategies.

In addition, this study offers one of the first documented applications of SHAP-based explainable Al to SIS-integrated
dropout prediction in the MENA region. Unlike prior models that treat interpretability as a secondary concern,
explainability here was embedded from the outset to support academic advising in a practical, actionable manner.

6-2- Comparison with Global Literature

Gender-based dropout patterns in this study diverge from those typically reported in Western literature. In the U.S.
and Europe, women are underrepresented in STEM fields and face higher dropout risks due to stereotype threat, limited
belonging, and male-dominated academic climates. However, once enrolled, women often show comparable or stronger
persistence in early years, with challenges emerging later, particularly in on-time graduation and confidence-related
barriers [54, 55].

In contrast, our UAE-based analysis, consistent with broader MENA findings revealed higher dropout rates among
male students. Regional studies attribute this to labor market incentives that encourage early employment, especially in
the public sector, and to weaker academic engagement among men. For women, higher persistence is linked to stronger
study habits, family support, and cultural framing of university as a safe or socially endorsed space. While some female
dropout cases are influenced by marriage or family obligations, these are often temporary or context-specific rather than
systemic [9, 31].

Academic probation and course withdrawal also carry distinct cultural meanings. In the MENA context, these are
often perceived as failures that generate shame and familial disappointment, discouraging help-seeking [9]. Conversely,
in U.S. and European institutions, while stigma exists, probation is more frequently framed as a recovery mechanism
within a growth-oriented academic narrative [56].

Socioeconomic disparities offer another point of divergence. In Western contexts, lower SES is a consistent dropout
predictor [33, 44], while in the GCC, UAE nationals—often from lower-SES households—exhibit higher persistence
than academically stronger expatriates. This reversal is explained by state-sponsored education, stipends, and guaranteed
employment pathways, which buffer nationals against dropout risks. Expatriates, by contrast, face visa-linked
consequences and limited institutional safety nets [9, 25].

Together, these findings highlight the limitations of directly applying Western dropout models in the Gulf and
underscore the importance of culturally grounded early warning systems and support strategies.

6-3- Implications and Institutional Recommendations

This study offers a set of practical recommendations for institutional policy and student retention strategies grounded
in explainable Al. The strong performance of XGBoost, GBM, and Random Forest models (AUC-ROC > 0.91; F1 >
0.84) supports the feasibility of implementing machine learning—based early warning systems across higher education
institutions. Importantly, these models rely on student information system (SIS) data already available at most
universities, enhancing scalability and integration potential.
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Universities should consider deploying automated risk classification tools that flag students based on critical
indicators such as withdrawn semesters, credit accumulation by the second term, probation history, and GPA. When a
predefined risk threshold is met, the system can notify academic advisors and trigger proactive outreach.

Recommended interventions include:

e Mandatory academic counseling for students experiencing repeated course withdrawals, multiple probations, or
delayed credit progression;

e Early academic support in gateway STEM subjects, particularly mathematics and physics, where poor
performance is an early predictor of dropout;

o Tailored advising frameworks for expatriate students, who may face heightened financial, legal, or cultural
stressors.

These targeted interventions should be embedded within a broader adaptive support infrastructure. Core components
of such a system include:

¢ Continuous risk monitoring using real-time SIS updates;

o Role-specific dashboards for faculty, advisors, and support staff;

o Automatic referrals to tutoring, financial aid, or mental health services;

¢ Dynamic feedback loops that revise risk status as new academic data are ingested.

At scale, the proposed models could identify up to 83.3% of eventual dropouts by the end of the second semester,
providing institutions a valuable window for timely, data-informed intervention.

Crucially, the findings reinforce the importance of equity-oriented, culturally responsive practices. Male students and
non-UAE nationals demonstrated higher risk levels, indicating the need for gender-sensitive advising, national identity—
aware support structures, and Al systems that account for stigma and social pressures. These recommendations align
with emerging calls for fairness-aware, transparent, and contextually grounded uses of Al in educational environments
[57].

6-4- Limitations and Future Research

This study presents several limitations that also offer directions for future inquiry. First, the predictive models were
built exclusively using academic and demographic data extracted from the student information system (SIS).
Consequently, critical dimensions such as student engagement, psychological well-being, and financial strain were not
included due to institutional data constraints. Future research should incorporate behavioral signals from learning
management systems (LMS), counseling services, and financial aid records to develop more comprehensive and context-
sensitive risk profiles.

Second, the analysis focused on STEM students at a single UAE university. While this context-specific scope
enhances internal validity, it limits generalizability. Institutional structures, advising practices, and cultural norms differ
across MENA universities. Expanding future studies to include multi-institutional datasets and non-STEM disciplines
would strengthen external validity and support scalable early warning system design.

Third, although ensemble models such as XGBoost, GBM, and Random Forest demonstrated high predictive
performance, their algorithmic complexity challenges interpretability. SHAP (Shapley Additive Explanations) was
applied to improve model transparency, but further research is needed to operationalize explainable Al (XAl) in
institutional settings. Emerging work [58] shows SHAP’s potential to uncover behavioral risk patterns even in blended
or sparse-data environments.

Fourth, while this study employed conventional supervised learning and a standard train-test validation pipeline,
future research could experiment with advanced methodologies such as longitudinal modeling, cost-sensitive learning,
or ensemble stacking. These approaches may better reflect the temporal dynamics and fairness considerations inherent
in dropout prediction, though practical tradeoffs in complexity and implementation must be carefully assessed.

Fifth, the long-term institutional impact of Al-enabled early warning systems remains underexplored. Future studies
should evaluate how predictive models influence advising practices, student trajectories, and institutional policy, while
also addressing ethical, equity, and trust dimensions in live deployment.

Lastly, although data balancing was achieved using SMOTE and ROSE, more sophisticated techniques such as
SMOTE-ENN or hybrid resampling were not applied. Future work could investigate these alternatives to determine
whether performance gains justify potential losses in transparency and usability.
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7- Conclusion

This study developed and evaluated a machine learning—based early warning system to predict undergraduate
dropout in STEM disciplines using institutional data from a major UAE university. Drawing on longitudinal SIS
records from 6,798 students across ten cohorts (2010-2019), the analysis identified key predictors of attrition,
including withdrawn semesters, academic probation, low second-term credit loads, and weak performance in
foundational courses; particularly mathematics and physics. Among six models assessed, ensemble methods such as
XGBoost, Gradient Boosting Machine (GBM), and Random Forest demonstrated superior predictive accuracy (AUC-
ROC > 0.91), significantly outperforming traditional models such as logistic regression and KNN. These findings
affirm the practical utility of institutional SIS data and support the deployment of advanced machine learning for
early dropout risk detection.

The study offers both theoretical and applied contributions. The strong influence of early academic momentum
reinforces the relevance of Tinto’s Student Integration Model, while the use of SHAP -based model interpretability
enhances the transparency and actionability of results. Furthermore, the elevated dropout risk observed among male
and non-UAE national students highlights the need for targeted, equity-oriented interventions. Although the scope
was limited to academic and demographic data from a single institution, the predictive framework is adaptable and
scalable. Future research should integrate behavioral, psychological, and financial variables to improve accuracy and
explore generalizability across other disciplines and institutional contexts. Ultimately, this research presents a
replicable, explainable, and context-sensitive approach to student retention. By embedding Al-driven early warning
tools into academic advising systems, universities can transition from reactive responses to proactive support—
reducing inequality, improving degree completion, and promoting institutional accountability through data-informed
intervention.
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