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Abstract: To address the limitations of traditional, single-model predictive
approaches in higher education—such as constrained accuracy, suboptimal
handling of large datasets, and poor prediction of minority classes—this
study develops and evaluates a hybrid machine learning framework that
integrates Gradient-Boosted Decision Trees (GBDT) and Deep Neural
Networks (DNN). Utilizing a public dataset of 4,424 Brazilian higher
education students to classify academic outcomes (Dropout, Graduate, or
Enrolled), the GBDT component optimizes feature selection to ensure model
interpretability, while the DNN captures complex, non-linear data patterns.
The hybrid GBDT-DNN framework achieved a superior predictive accuracy
of 95.8% and a macro-averaged F1-score of 0.95, significantly outperforming
benchmark models, including logistic regression, support vector machines,
and random forests. Rigorous robustness testing demonstrated that the
framework maintains high predictive efficacy under noisy orincomplete data
conditions and exhibits robust scalability when evaluated against a tenfold
dataset expansion. Furthermore, a practical policy simulation indicated that
leveraging this model for targeted, data-driven interventions could yield a
3.9% reduction in student attrition. Consequently, this framework offers
institutional decision-makers a highly reliable, scalable, and actionable
decision support tool to optimize educational resource allocation, enhance
student retention strategies, and facilitate proactive governance.

Keywords: Hybrid Machine Learning, GBDT, Deep Neural Networks,

Dropout Prediction, Higher Education Analytics, Decision Support Systems.
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1. Introduction.

Data has become central to how universities operate, with institutions increasingly adopting data-driven strategies to improve
academic success, strengthen student support, and streamline administration (Elugbaju et al., 2024). Evidence-based decision-making
enables university leaders to address challenges more effectively, especially in fast-changing, resource-limited environments where
stakeholders expect tools like learning analytics and forecasting models (Akanmu & Jamaludin, 2021; Gaftandzhieva et al., 2023). These
predictive tools help optimize teaching, allocate resources, and identify at-risk students early (Kaspi & Venkatraman, 2023). By analyzing
student records and behaviors, machine learning can forecast enrollment trends, detect underperforming programs, and predict
dropouts, allowing timely interventions (Altaf et al., 2023; Horst, 2020).

However, higher education institutions now manage vast and complex datasets, ranging from grades to online learning
activity (Hosen et al., 2024). Processing such diverse information requires advanced analytical systems that can clean and analyze data
without losing accuracy (Altafetal., 2023; HELOU, 2023). Because educational dataincludes both structured test scores and unstructured
survey insights, flexible and integrated approaches are needed to capture complex student patterns (Elugbaju etal., 2024; Gaftandzhieva
et al, 2023). While data-enhanced models can improve operations and outcomes (Akanmu & Jamaludin, 2021), institutions must also
be prepared to translate complex data into actionable strategies (HELOU, 2023).

Traditional models such as logistic regression and decision trees often struggle with noisy, incomplete, or imbalanced
educational data (Akanmu & Jamaludin, 2021; Kaspi & Venkatraman, 2023; Rozali & Zakaria, 2024). Single-model approaches also
present trade-offs: decision trees are interpretable but weak with large datasets, while neural networks achieve higher accuracy but are
harder to explain (Okewu et al., 2021; Yagal, 2022). As educational data grows, these limitations reduce predictive reliability (Altaf et al.,
2023). To overcome them, this study introduces a hybrid framework that combines Gradient-Boosted Decision Trees (GBDT) with Deep
Neural Networks (DNN), offering accuracy, interpretability, and scalability (Ke et al., 2019). This approach enhances dropout prediction
and supports institutional decision-making (Chen et al., 2024; Elugbaju et al., 2024).

Gradient Boosted Decision Trees (GBDT) perform reliably with structured data, offering interpretable predictions and
resistance to overfitting through iterative boosting (Ke et al., 2017; Chen & Guestrin, 2016). Their stepwise optimization aligns well with
the data rich environment of universities (Yan et al., 2024; Jiao, 2024). In contrast, Deep Neural Networks (DNNs) excel at capturing
complex, non linear patterns in large or noisy datasets, making them effective for analyzing student behaviors and digital learning
interactions (Taherdoost, 2023; Baron et al., 2022). Empirical studies confirm their utility in predicting grades and identifying dropout
risks (Abubakari & Suprapto, 2021; Tao et al., 2022).

Despite these strengths, each model has limitations: GBDT struggles with unstructured inputs, while DNNs demand
substantial computational resources and lack transparency (Ke et al., 2019; Okewu et al., 2021). Hybrid approaches have therefore
emerged, combining GBDT's interpretability with DNN's representational power to improve performance, scalability, and clarity in
educational analytics (Yan et al,, 2024; Altaf et al,, 2023; Chen et al,, 2024). Yet, most applications remain siloed—GBDT for structured
records, DNN for high dimensional data (Goodfellow et al., 2016; Taherdoost, 2023)—and both approaches falter when data is
incomplete or imbalanced (Batool et al., 2023; Chawla et al., 2002).

Currentresearch lacks a rigorously validated hybrid model tailored to educational datasets (Altaf etal., 2023; Yan et al., 2024).
While similar frameworks have been tested in healthcare and finance (Zhang et al., 2024; Saravi et al., 2022), educational studies often
stop at prediction without offering actionable interventions (Akanmu & Jamaludin, 2021; Elugbaju et al., 2024; Gaftandzhieva et al,,
2023). This gap underscores the need for tools that not only forecast risks but also guide institutional responses in real time.

The present study addresses this need by designing and testing a hybrid GBDT DNN framework to enhance predictions of
student performance, enrollment, and dropout. The model is evaluated for robustness under large scale, incomplete, and uneven data
conditions, with attention to institutional outcomes such as retention and resource optimization. Theoretically, the research contributes
to learning analytics by demonstrating how integrated models overcome the constraints of single algorithms (Ke et al,, 2019; Yan et al,,
2024). Practically, the framework is scalable, interpretable, and designed to support real time decision making, thereby improving student

outcomes and streamlining operations (Rozali & Zakaria, 2024; Siram et al., 2024). By blending GBDT's clarity with deep learning’s
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predictive strength, the system is positioned for adoption in educational contexts that demand both accuracy and transparency (Arnold
& Pistilli, 2012; Hosen et al., 2024).

Ultimately, this study advances institutional capacity for student achievement, program improvement, and efficient resource
use—critical goals amid rising student diversity, expansion of online learning, and growing reliance on data driven governance (Al
Tameemi et al., 2024; GaSevi¢ et al., 2023). The remainder of the paper reviews prior work on GBDT, DNN, and hybrid models in
education, outlines the proposed methodology and dataset, presents findings, and concludes with implications, recommendations, and

directions for future research.

2. Literature Review
2.1 Overview of Machine Learning in Higher Education

Machine learning has become increasingly central to higher education, enabling institutions to enhance decision making,
resource planning, and management in response to diverse student populations, digital classrooms, and accountability demands
(Elugbaju et al., 2024; Gaftandzhieva et al., 2023). Its predictive capacity is particularly valuable: by analyzing student records, models
estimate academic performance, dropout risks, and course completion likelihood, allowing educators to intervene early and improve
retention (Altaf et al., 2023; Okewu et al., 2021). Techniques such as logistic regression, decision trees, and neural networks detect risk
patterns linked to attendance, grades, and online activity (Yagci, 2022; Rozali & Zakaria, 2024).

Beyond individual outcomes, machine learning informs institutional planning. Administrators leverage data from records,
surveys, and digital platforms to refine policies and programs, aligning operations with evolving student needs (Hosen et al., 2024;
HELOU, 2023; Kaspi & Venkatraman, 2023). Predictive tools also guide resource allocation, forecasting enrollment, evaluating program
performance, and identifying areas requiring investment (Akanmu & Jamaludin, 2021; Chen et al., 2024). Advanced methods such as
GBDT and DNN have gained prominence for handling complex, real world data with high accuracy (Ke etal,, 2019; Yan et al., 2024).

Nevertheless, challenges remain. Data quality, model transparency, and institutional readiness continue to shape adoption
(Elugbaju et al., 2024; Gaftandzhieva et al,, 2023). Despite these hurdles, the growing reliance on machine learning signals a shift toward
evidence based governance aimed at improving student outcomes and institutional performance.

2.2 Gradient Boosting Decision Trees (GBDT) in Predictive Modeling

Gradient Boosting Decision Trees (GBDT) have become a leading predictive method, iteratively improving models by
correcting prior errors (Chen & Guestrin, 2016). They are particularly effective with structured datasets, offering strong performance in
classification and regression tasks while remaining interpretable and reliable (Ke et al.,, 2017; Lundberg & Lee, 201 7). Modern variants
such as XGBoost, LightGBM, and CatBoost enhance speed and scalability, enabling efficient handling of large educational datasets
without sacrificing accuracy (Joshi etal., 2021; Ji et al,, 2021).

In higher education, GBDT has been applied to predict student performance, identify dropout risks, and support administrative
planning (Ayulani et al., 2023; Jalota, 2023; Li et al., 2024). LightGBM, in particular, has demonstrated strong results in real time
educational contexts requiring rapid processing (Wang etal, 2022; Li et al., 2024). Its ability to manage missing values, heterogeneous
data types, and complex relationships makes GBDT well suited for academic analytics (Madhavi & Nethravathi, 2022; Chen et al., 2024).

Recent studies highlight the value of combining GBDT with deep learning. Hybrid GBDT DNN frameworks leverage GBDT's
feature selection and interpretability alongside DNN's capacity for complex pattern recognition, producing models that are both
powerful and transparent (Yan et al.,, 2024; Altaf et al., 2023; Tao et al,, 2022). Advances such as adaptive learning, privacy aware
modeling, and integration with optimization algorithms further strengthen predictive accuracy and institutional applicability (Linetal.,
2023; Gong et al., 2025).

Interpretability tools like SHAP clarify how GBDT models generate predictions, offering educators actionable insights into the
drivers of student performance (Lundberg & Lee, 2017; Jiao, 2024). This transparency is critical for institutional trust and adoption,

positioning GBDT as a cornerstone of intelligent educational governance systems (Gaftandzhievaetal., 2023; Elugbajuetal., 2024; Hosen
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et al., 2024). When integrated with deep learning, GBDT contributes to building scalable, flexible, and explainable frameworks that
directly support data driven decision making in higher education (Baron et al., 2022; Yan et al., 2024).
2.3 Deep Neural Networks (DNN) in Educational Analytics

Deep Neural Networks (DNNs) have become central to educational analytics due to their ability to capture complex, multi
layered patterns in large datasets (Taherdoost, 2023; Tao et al., 2022). Their layered architecture enables detailed modeling of student
behaviors and accurate prediction of academic outcomes, supporting early interventions and personalized feedback systems (Abubakari
& Suprapto, 2021; Baron et al., 2022; Batool et al., 2023). DNNs are particularly effective in digital learning environments, where
participation and achievementvary widely, and have been used to forecast performance, identify at risk students, and enhance retention
strategies (Altaf et al., 2023; Rabelo & Zérate, 2025).

These models also assist faculty and administrators by analyzing unstructured sources such as online activity, test results, and
class discussions, enabling real time feedback and adaptive learning pathways when integrated with digital platforms (Wang et al., 2022;
Munir etal.,, 2022; Hoodaetal., 2022). At the institutional level, DNNs contribute to improving teaching practices, resource management,
and equity in education (Gaftandzhieva et al.,, 2023; Elugbaju et al., 2024). Their strength lies in automatic feature extraction for
classification and regression tasks, supported by techniques such as dropout regularization and ReLU activation, alongside optimization
methods like Adam that enhance efficiency with dynamic educational data (Kingma & Ba, 2015; Yan et al., 2024).

Hybrid approaches combining DNNs with rule based or tree based models improve transparency and performance, offering
actionable insights for curriculum design and course planning (Yousafzai et al., 2021; Alam & Mohanty, 2023; Baron et al., 2022). Yet, a
persistent drawback is their “black box” nature, which raises fairness and accountability concerns in academic decision making
(Taherdoost, 2023; Mehrabi et al., 2021). To address this, explainable Al (XAl) techniques such as SHAP are increasingly integrated,
clarifying model predictions and reinforcing ethical use (Alqahtani et al.,, 2023; Lundberg & Lee, 2017; GaSevi¢ et al., 2023).

The expanding role of DNNs reflects broader trends in advanced analytics, including multimodal data integration and
cognitive modeling, supporting tasks from admissions forecasting to institutional strategy development (Gan et al., 2023; Chiu, 2024;
Rozali & Zakaria, 2024; Hosen et al., 2024). When combined with Gradient Boosting Decision Trees (GBDT), DNNs add depth in
modeling complex learning behaviors, while GBDT ensures interpretability, creating scalable and transparent frameworks for data driven
governance in higher education (Yan et al.,, 2024; Altaf et al., 2023; Akanmu & Jamaludin, 2021).

2.4 Limitations of Single Models in Educational Data Analysis

Relying on a single predictive model in higher education often proves inadequate, given the complexity and variability of
student behaviors and institutional environments (Okewu et al., 2021; Romero & Ventura, 2020). Traditional approaches such as logistic
regression, SVMs, and decision trees perform reasonably with structured datasets but fail to capture deeper, non linear learning patterns
essential for understanding student performance (Huang, 2022; Huynh Cam etal., 2021).

Akey limitation is scalability: single models struggle with large, feature rich datasets, often missing subtle predictors of success
or risk. SVMs and decision trees, for example, require extensive manual preprocessing and feature selection, increasing the likelihood of
overlooking critical indicators (Becker et al., 2023; Gaye et al., 2021). Linear regression further assumes independence and balanced
distributions, assumptions rarely met in real educational contexts (Hastie et al., 2005; Costa & Diniz, 2022).

Handling messy, incomplete, or imbalanced data is another challenge. Such issues are common in education due to
inconsistent participation or dropout events, reducing predictive accuracy and limiting the usefulness of support systems (Batool et al.,
2023; de Oliveira et al., 2021). Transparency compounds the problem: while decision trees are interpretable but less accurate, deep
learning models achieve higher precision yet remain opaque, raising fairness and accountability concerns (Mehrabietal., 2021; Lundberg
& Lee, 2017; Taherdoost, 2023; Guzman Valenzuela et al., 2021).

The No Free Lunch principle underscores that no single model excels universally; performance depends on data characteristics
and problem context (Domingos, 2012; Hastie et al., 2005). Consequently, flexible, hybrid approaches are needed to balance accuracy,
interpretability, and adaptability. Using only one model risks oversimplified insights and missed opportunities for tailored interventions

(Alam & Mohanty, 2023; Siram et al.,, 2024). As educational data grows richer—incorporating logs, test scores, and emotional
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indicators—integrated frameworks that combine complementary strengths, such as GBDT and DNN, become essential (Yanetal, 2024;
Baron et al., 2022).

These limitations provide strong justification for hybrid models like the GBDT DNN framework, which unites structured learning with
deep representation to deliver higher accuracy, clearer explanations, and greater flexibility in analyzing complex educational data (Altaf
etal., 2023; Ke et al., 2019).

2.5 Existing Hybrid Models and Gaps in Research

Hybrid models have gained traction in educational data analysis by combining complementary predictive techniques,
particularly for complex tasks such as forecasting student outcomes and identifying dropout risks (Yousafzaietal., 2021; Tao etal., 2022).
Integrating tree based methods like GBDT with deep learning architectures enhances accuracy and flexibility in handling large,
heterogeneous datasets (Ke et al, 2019; Yan et al., 2024). Frameworks such as DeepGBM exemplify this synergy, merging decision trees
with neural networks to improve performance in online learning contexts (Ke et al., 2019). Other approaches combine GBDT with LSTM,
CNN, or MLP to predict grades, monitor engagement, and estimate course completion, leveraging trees for feature selection and neural
layers for behavioral pattern recognition (Al Tameemi et al.,, 2024; Tian et al,, 2022; Altaf et al., 2023; Gong et al., 2025).

Within higher education, hybrid systems have supported retention strategies, real time progress tracking, and multi factor
decision making (Rozali & Zakaria, 2024; Siram et al., 2024). LightGBM DNN integrations show promise by improving predictive
accuracy while reducing overfitting and computational demands (Li et al.,, 2024; Chen et al., 2024). Yet, many remain limited to small or
domain specific datasets, restricting generalizability across institutions (Batool et al., 2023; Villegas Ch et al., 2021).

Critical gaps persist. Current hybrids often lack adaptability to diverse educational environments, being tied to specific tools
or data systems without addressing scalability, usability, or institutional integration (Gaftandzhieva et al, 2023; Helou, 2023).
Transparency is another concern: while deep learning components capture complex learning patterns, their opacity undermines trustin
contexts requiring fairness and accountability (Lundberg & Lee, 2017; Mehrabi et al., 2021). Few models incorporate fairness or
explainability mechanisms, raising ethical risks when analyzing sensitive student data (Yan et al, 2024; Nguyen et al, 2021;
Papadogiannis et al., 2024).

Moreover, most hybrid applications remain task specific, lacking the breadth to support institutional functions such as
advising, curriculum planning, or governance (Elugbaju et al., 2024; Akanmu & Jamaludin, 2021; Jaboob et al., 2025; Fahd et al., 2022).
This highlights the need for advanced frameworks that combine GBDT's structured learning with DNN's deep representation, while
embedding explainability, fairness, and scalability. Addressing these gaps is essential to build systems that enable equitable, efficient, and

data driven decision making across higher education (Yan et al., 2024; Cukurova, 2025).

3. Methodology

3.1 Overview

This study introduces a hybrid modeling approach that integrates two complementary systems: one optimized for feature
selection and interpretability, and another for capturing complex, non linear patterns. By combining these strengths, the framework
addresses limitations of single model approaches in educational analytics (Ke et al., 2019; Yan et al., 2024). The design evaluates five
core dimensions: predictive accuracy, computational efficiency, adaptability to diverse data types, resilience to missing or imbalanced

inputs, and institutional decision support capacity (Altaf et al., 2023; Gaftandzhieva et al., 2023).

3.2 Dataset and Tools

The model was trained and validated using the “Higher Education Students Dropout in Brazil” dataset from Kaggle, comprising
4,424 student records with academic, demographic, financial, and contextual attributes. Its heterogeneity provides a robust foundation
for generalizable insights into student outcomes (Elugbaju etal,, 2024; Batool et al., 2023). Implementation employed Python with Scikit
learn, LightGBM, and TensorFlow/Keras, ensuring reproducibility and seamless integration of structured and unstructured data (Lietal.,

2024; Chenetal., 2024).
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3.3 Dataset Description

In

The dataset used in this study is the publicly available “Higher Education Students Dropout in Brazi

etal. (2021) and Rabelo & Zarate (2025) and hosted on Kaggle (Massote, 2020). It contains detailed records of 4,424 students, including

, compiled by de Oliveira

academic progress, demographics, financial status, and socioeconomic indicators, providing a robust foundation for modeling higher
education outcomes (Rozali & Zakaria, 2024; Elugbaju et al., 2024).

The dataset comprises 34 input features and one categorical target variable, classifying students as Graduated, Dropped Out,
or Enrolled. These categories align with institutional priorities such as improving graduation rates and supporting at risk students.
However, the distribution isimbalanced: 49.9% graduated, 32.1% dropped out, and 17.9% remained enrolled. To mitigate bias, balancing
techniques were applied during training to ensure fair representation (Chawla et al., 2002; Kotsiantis et al., 2006).

Features span multiple domains: academic performance (credits, grades, evaluations), demographic attributes (age, gender,
nationality), financial indicators (tuition, scholarships, debt), institutional variables (course, attendance, prior qualifications), and
socioeconomic factors (unemployment, inflation, GDP). Preprocessing included cleaning, encoding categorical data, and normalizing
numerical values to optimize modeling (Ke et al., 2019; Altaf et al., 2023).

This diversity and real world complexity make the dataset well suited for testing the hybrid GBDT DNN framework

Table 1: Summarized Dataset Structure

Academic Performance Credits approved, Grades, Evaluations Numerical Input
Demographic Age, Gender, Nationality Numerical Input
Financial Tuition status, Scholarships, Debtor Numerical Input
Institutional Course, Attendance time, Previous qualification Numerical Input
Socioeconomic Unemployment rate, Inflation, GDP Numerical Input
Target (Academic Status) Graduate, Dropout, Enrolled Categorical Target

3.4 Data Preprocessing

Prior to training, extensive preprocessing was conducted to ensure data quality and compatibility with both components of
the hybrid system. Educational datasets often suffer from missing values and imbalanced categories, which can distort predictions if not
properly addressed (Romero & Ventura, 2020).

Missing numerical values were imputed using column means, while categorical gaps were filled with mode values. Records
with excessive missing or conflicting entries were removed to preserve reliability (Kotsiantis et al., 2006). For categorical encoding, label
encoding was applied for GBDT to preserve ordinal relationships, whereas one hot encoding was used for DNN to facilitate binary
representation (Gong etal., 2025).

Numerical features were normalized using min max scaling or z score standardization, ensuring comparable ranges for neural
processing (Goodfellow et al., 2016). Feature engineering introduced derived indicators such as grade ratios and dropout risk signals,
enhancing predictive relevance.

To address class imbalance—particularly the smaller “enrolled” group—methods such as SMOTE and class weighting were
applied, reducing bias toward majority categories and improving fairness (Chawlaetal., 2002).

Table 2: Data Preprocessing Pipeline

Missing Values Ensure dataset completeness for model Pandas, Scikit-
Imputation (mean/mode) or row removal
Handling training learn
Label Encoding (for GBDT), One-Hot Convert categorical variables to Scikit-learn,
Categorical Encoding
Encoding (for DNN) numerical form Pandas
Normalize feature ranges for neural
Feature Scaling Standard Scaler or Min Max Scaler Scikit-learn
networks
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Derived features from existing variables Enhance signal or introduce interaction
Feature Engineering Pandas, NumPy
(e.g., grade ratios) terms
Data Imbalance Address class imbalance in the target Imbalanced-learn,
SMOTE, Class Weights
Handling variable Scikit-learn

3.5 Hybrid Model Development

This study developed a hybrid framework combining Gradient Boosted Decision Trees (GBDT) and Deep Neural Networks

(DNN) to enhance predictive accuracy in higher education. GBDT identified and ranked key structured features, while DNN captured

complex, non linear relationships. Layering these systems leveraged complementary strengths, improving flexibility and reliability with

real world student data (Ke et al., 2017; Yan et al., 2024).

3.5.1 GBDT Component

The first stage employed LightGBM for efficiency and strong performance with structured datasets, with XGBoost tested for comparison

(Ke et al,, 2017; Chen & Guestrin, 2016). Hyperparameters—including learning rate, tree depth, and leaf count—were optimized via

grid search and 5 fold cross validation, with early stopping to prevent overfitting. A critical output was feature importance ranking, which

reduced complexity and supported interpretability in subsequent modeling (Tian et al., 2020).

3.5.2 DNN Component and Overfitting Prevention

The second stage used deep learning architecture is structurally configured as a multi-layered, feedforward Deep Neural

Network (DNN). This architecture is optimized to capture deep, complex, and non-linear interactions within the student tracking data

that traditional parametric classifiers fail to isolate (Wang et al., 2022). The network comprises an input layer, three distinct hidden dense

layers, and a multi-class output layer, detailed as follows:

A.  Input Layer: This layer directly interfaces with the GBDT component, accepting the 25 optimized and standardized feature vectors
identified during the tree-based boosting phase (Yan et al., 2024).

B.  Hidden Layer 1: The first hidden layer consists of 256 hidden neurons utilizing a Rectified Linear Unit (ReLU) activation function,
mathematically expressed as f(x) = max (0, x), to initiate non-linear mapping. To stabilize cross-layer variance and accelerate
convergence, this layer is immediately integrated with a Batch Normalization operation (Goodfellow et al., 2016). This is followed
by an explicit Dropout layer configured at a rate of 0.31 to prevent localized co-dependency (Srivastava et al., 2014).

C. Hidden Layer 2: The intermediate hidden layer consists of 128 hidden neurons, also utilizing the RelLU activation function. This
layer handles deeper feature abstractions and incorporates a specialized Dropout layer set at a rate of 0.28 to ensure network
resilience (Srivastava et al., 2014).

D. Hidden Layer 3: The final hidden layer acts as a dense embedding bottleneck, consisting of 64 hidden neurons with a RelLU
activation function. Itis bound to a final Dropout layer configured at a rate of 0.26 to enforce strict structural regularization before
classification.

E.  Output Layer: The final output layer comprises 3 distinct neurons, structurally mapping to the nominal target classes of the higher
education framework: Dropout, Graduate, and Enrolled. This layer applies a Softmax activation function, converting the raw
network logits into a calibrated probability distribution across the three potential academic outcomes (Yagci, 2022).

Overfitting Prevention Strategies

To maintain high generalization capabilities and prevent the multi-layered network from memorizing systemic noise or
minority class variances within the student dataset, a robust, multi-tiered regularization protocol was strictly enforced during the training

loop (Goodfellow et al., 2016):

1. Stochastic Dropout Regularization: By implementing progressively scaled dropout rates across the dense hidden layers (0.31,0.28,
and 0.26), the framework randomly deactivates a percentage of neurons during each training forward pass. This forces the network
to learn highly redundant, omnidirectional internal representations rather than relying on specific feature pathways (Srivastava et

al, 2014).
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2. L2 Weight Decay Regularization: To control the magnitude of the structural coefficients, an L2 regularization penalty 1x1 0% was
added directly to the loss function calculation of all dense layers. This forces the weight matrices toward zero, penalizing sudden
weight explosions and smoothing the model's decision boundaries (Goodfellow et al., 2016).

3. Adaptive Loss Optimization and Early Stopping: The training process utilized the Adam optimization algorithm with an initial
learning rate of 0.00048, minimizing a multi-class categorical cross-entropy loss function. To prevent late-stage over-optimization,
an automated Early Stopping callback monitored the validation loss with a patience threshold set to 7 epochs. Consequently,
training execution automatically terminated (typically settling around epoch 25) the moment the validation loss plateaued,
effectively capturing the global minimum before overfitting occurred (Yagci, 2022).

3.5.3 Hybrid Integration

Integration used a feature stacking method, feeding GBDT outputs into the DNN. This preserved GBDT's interpretability while
exploiting DNN's capacity for deeper pattern recognition (Tian et al., 2020). The hybrid approach delivered faster training with fewer
inputs, improved accuracy under noisy or imbalanced data, and adaptability across diverse educational contexts. Consistent with recent

findings, combining tree based and neural models outperformed single model baselines (Guo et al.,, 2016; Altaf et al., 2023).

Table 3: Hyperparameter Configuration Summary

Grid Search + 5-Fold Cross- Scikit-learn,
LightGBM num_leaves, max_depth, learning_rate, n_estimators
Validation LightGBM
XGBoost max_depth, learning_rate, subsample, n_estimators Random Search + Early Stopping Scikit-learn, XGBoost
layers, neurons per layer, dropout rate, batch size, TensorFlow/Keras,
DNN Manual Tuning via Validation Loss
learning rate Optuna

Figure 1 presents the architecture of the proposed hybrid model developed to enhance data-informed decision-making in
higher education. The process begins with raw student data, which undergoes preprocessing steps such as cleaning, encoding, and

normalization to ensure model readiness.

Raw Educational Data

9

Data Preprocessing:- Missing value handling.- Categorical encoding.- Scaling.- Feature engineering

GBDT Model (LightGBM/XGBoost):- Learns patterns in structured/tabular data.- Ranks feature importance.- Generates

transformed features or leaf indices

Of )

DNN Model:- Input layer receives GBDT outputs.- Hidden layers (ReLU + Dropout).- Output layer (Softmax for classification)

()

Student Outcome Prediction:- Dropout.- Graduate.- Enrolled

Figure 1: Architecture of the Hybrid GBDT-DNN Model for Educational Prediction
The first step in the analysis uses a Gradient-Boosted Decision Tree (GBDT) to select the most important features from the
dataset and rank them by relevance. These selected features are then passed on to a Deep Neural Network (DNN), which takes a deeper
look at the data to uncover more complex patterns that are not immediately obvious, especially those involving non-linear relationships
in student information.
At the final stage, the model predicts one of three possible student outcomes: Dropout, Graduate, or Enrolled. These
predictions aim to support educational institutions in several ways, such as identifying students who may need help early on, planning

how resources are distributed, and creating effective support programs in advance.
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The model's overall structure was carefully designed to balance four main goals: achieving accurate results, being able to scale
for larger datasets, offering understandable outputs, and being useful in real-world educational settings. This approach directly supports
the main research questions explored in the study.
3.5.3.1 Data Leakage Handling Protocol:

To guarantee a rigorous, robust, and unbiased evaluation of the hybrid framework, a strict data leakage prevention protocol
was systematically enforced during the entire data preprocessing and integration pipeline (Kotsiantis et al., 2006). Data leakage primarily
occurs when information from outside the training dataset is inadvertently utilized to train the machine learning model, resulting in
overoptimistic performance metrics that fail to generalize to unseen institutional environments (Domingos, 2012). In this study, target
and distribution leakage were entirely mitigated through the following mathematical and architectural isolation strategies:

1. Strict Sequential Partitioning: The complete educational dataset of 4,424 student records was partitioned into its respective
training (70%), validation (15%), and testing (15%) subsets prior to the application of any statistical transformations or feature
manipulation operations (Hastie et al., 2005). This sequential split ensures that the validation and testing environments remained
completely insulated from the model's exploratory learning phases.

2. Fit-Transform Operator Isolation: Standard statistical computations, specifically the parameters required for numeric feature
scaling (the global empirical mean and standard deviation utilized in z-score standardization), were strictly computed exclusively
on the training partition (Goodfellow et al., 2016). These pre-computed baseline training parameters were subsequently mapped
onto the validation and testing matrices. Consequently, no structural distribution properties or variance indicators of the evaluation
sets were leaked into the network’s optimization loops.

3. FeatureSelection Security: The computational execution of the LightGBM feature importance rankings and feature pruning loops
was carried out solely using the training split data vectors (Ke et al., 2017). This structural constraint guarantees that the ranking
coefficients of the 25 optimized features passed to the deep neural network were not influenced by target class proportions or
outlier variables hidden within the test validation boundaries (Zhang & Liu, 2022).

4.  Downstream Balancing Segregation: Advanced resampling techniques, specifically the Synthetic Minority Over-sampling
Technique (SMOTE), were calculated and applied exclusively inside the training partition boundary to treat the minority student
cohort profile (Chawla et al., 2002). Synthetic pattern generation was never performed on the validation or testing instances,
keeping the test tracking samples pure, un-augmented, and highly reflective of a real-world, unbalanced academic baseline
distribution (Saito & Rehmsmeier, 2015).

3.6 Training and Validation Strategy

A structured training and validation protocol was adopted to ensure accuracy, fairness, and reproducibility. The dataset was
split into 70% training, 15% validation, and 15% testing, supporting gradual learning, hyperparameter tuning, and unbiased evaluation
on unseen data (Hastie et al., 2005).

For the GBDT component, a five-fold cross-validation process was applied to assess consistency across subsets, reducing
randomness in performance (Kohavi, 1995). Hyperparameters such as learning rate, number of trees, and depth were optimized using
grid search, with early stopping to prevent overfitting.

For the DNN, regularization techniques—including L2 penalties and dropout layers—were implemented to improve
generalization (Srivastava et al., 2014). Training was halted automatically when validation loss plateaued, avoiding unnecessary
computation. Fine-tuning combined manual adjustments with automated searches via Optuna, focusing on architecture depth, neuron
counts, dropout rates, and batch sizes.

Optimization strategies differed by model: LightGBM and XGBoost relied on grid/random search, while the DNN leveraged
adaptive tuning. The overall pipeline was implemented with Scikit-learn, TensorFlow/Keras, and Optuna, ensuring scalability,

transparency, and reproducibility.
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3.7 Baseline and Comparative Models

To evaluate performance, the hybrid model was benchmarked against widely used classification methods in educational
analytics. These included Logistic Regression (simplicity), Support Vector Machine (SVM) (effective with high dimensional features),
Random Forest (robust ensemble), standalone GBDT variants (LightGBM, XGBoost), and a Deep Neural Network representing traditional
deep learning approaches.

All models were trained on the same preprocessed dataset, with missing values imputed, categorical variables encoded, and
numerical features scaled. Hyperparameters for classical and tree based models were tuned via grid search, while the DNN was optimized
through validation feedback, dropout, and early stopping.

Performance was assessed using accuracy, precision, recall, F1 score, and ROC AUC, with macro averaging applied to treat the
three outcome classes (Dropout, Graduate, Enrolled) equally despite imbalance. Practical aspects-including training time, prediction
speed, and computational efficiency-were also measured to reflect real world applicability.

Results confirmed that the GBDT DNN hybrid consistently outperformed baselines in both predictive quality and efficiency,
reinforcing its suitability for complex classification tasks in higher education (Altaf et al., 2023).

3.8 Performance Metrics

Acomprehensive set of metrics was applied to evaluate the hybrid model's predictive reliability, particularly underimbalanced
educational data. Accuracy measured overall correctness but was limited when class sizes were uneven (Saito & Rehmsmeier, 2015).
Precision assessed the proportion of correct positive predictions, critical for avoiding false alarms in identifying at-risk students. Recall
captured the model’s ability to detect all true positives, ensuring vulnerable students were not overlooked.

The F1-score balanced precision and recall, offering a single measure especially useful for minority classes such as “Dropout.”
AUC-ROC evaluated the model’s ability to distinguish between outcome categories across thresholds, with higher values reflecting
stronger separation. Log Loss assessed probability calibration, penalizing confident but incorrect predictions, making it valuable under
noisy or uncertain conditions.

Together, these metrics ensured the model was not only accurate but also fair, dependable, and practically suited for
real-world educational decision-making.

3.9 Robustness and Scalability Evaluation

To assess applicability in real academic environments, the hybrid GBDT-DNN model was tested for robustness and scalability.
For robustness, the dataset was deliberately altered to simulate common issues: random feature values were removed to mimic missing
data, and class labels were modified to reflect entry errors.

Performance under these noisy conditions was measured using F1-score and Log Loss, both sensitive to misclassifications
and overconfident predictions (Chicco & Jurman, 2020). Results showed stable performance, confirming resilience to imperfect data.

For scalability, the dataset was artificially expanded by duplicating and slightly modifying records, simulating natural growth
in student data. The model was retrained on these larger datasets, with training time, prediction speed, and resource usage
(CPU/memory) recorded. Findings demonstrated that the hybrid system scaled efficiently without significant loss of accuracy or speed.

All experiments were conducted using Python-based tools (NumPy, Scikit-learn, LightGBM, TensorFlow), ensuring
reproducibility. Overall, the evaluation confirmed that the hybrid model is both robust and scalable, making it a strong candidate for
deploymentin real-world educational systems.

3.10 Simulated Application in Institutional Decision Support

A simulated case study demonstrated how the hybrid GBDT-DNN model could support institutional decision-making. The
model identified students with a high probability of dropping out based on academic records, personal traits, and behavioral patterns.
Those flagged as high-risk were linked to potential interventions such as advising, tutoring, financial aid, or engagement programs

(Siemens & Long, 2011; Arnold & Pistilli, 2012).
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The process followed a structured flow: grouping students by indicators, predicting outcomes (Dropout, Graduate, Enrolled),
applying decision rules to determine support needs, and estimating intervention effects on retention and costs. This simulation showed
predictive tools can move beyond analysis to guide actionable strategies, connecting early risk detection with institutional planning.

Importantly, outputs were designed for clarity, enabling staff with varying technical expertise to interpret results and act
appropriately. This transparency strengthens the model’s role as a practical tool for educational governance.

3.11 Ethical Considerations

Given the sensitivity of student data, strict ethical safeguards guided the research. Core priorities included privacy, fairness,
and transparency. Although the dataset was anonymized and publicly available, the study adhered to recognized standards such as the
GDPR (European Parliament, 2016). In real university applications, compliance would require secure storage, restricted access, and
oversight mechanisms.

Fairness was addressed by examining predictions for potential bias across demographic and social groups. Since predictive
models can unintentionally reinforce inequities (Mehrabi et al.,, 2021), strategies such as balanced sampling and inclusive training were
applied to promote equitable outcomes.

Transparency was emphasized to ensure institutional trust. SHAP was used to interpret GBDT feature importance (Lundberg
& Lee, 2017), while visualization tools supported understanding of DNN reasoning. These measures ensured that outputs were
explainable and actionable for staff regardless of technical expertise.

By embedding ethical safeguards throughout- from data handling to model design and interpretation- the study advances the

development of trustworthy, fair, and responsible predictive systems for educational decision-making.

4. Experimental Results
4.1 Dataset Summary and Preprocessing:

The dataset comprised 4,424 students with 34 attributes spanning academic, demographic, financial, institutional, and
socioeconomic domains. Students were classified into three outcomes: Graduated (49.9%), Dropped Out (32.1%), and Enrolled (17.9%),

revealing class imbalance (Figure 2).

49 .9%%

32.1%6

20 |- 17.9%%6

Percentage (%)

Graduate Dropout Enrolled
Target Class

Figure 2: Class Distribution of Target Variable (Dropout, Graduate, Enrolled)

Preprocessing ensured data quality and compatibility with both GBDT and DNN. Missing values were imputed using column
means for numerical features and modes for categorical ones, while records with excessive gaps or conflicts were removed. Categorical
variables were encoded differently: label encoding for tree-based models (LightGBM, XGBoost) and one-hot encoding for DNN.
Numerical features were standardized to comparable ranges, improving neural network training stability.

To address imbalance- particularly the small “Enrolled” group- SMOTE was applied to oversample minority cases, and class
weights were adjusted to reduce bias. These steps produced a cleaner, balanced dataset, enabling both GBDT and DNN to learn

effectively and deliver fairer predictions across all student outcomes.
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4.2 Data Cleaning and Transformation

Before training, the dataset underwent systematic cleaning and transformation to ensure compatibility with both tree-based
models and neural networks. Numerical gaps were imputed with column averages, while categorical fields were filled with the most
frequent values. Records containing excessive missing or inconsistent entries were removed to preserve reliability.

Categorical encoding differed by model type: label encoding was applied for tree-based algorithms (LightGBM, XGBoost) to
retain ordinal relationships, whereas one-hot encoding was used for the DNN to enable effective binary representation. All numerical
features were standardized to comparable ranges, stabilizing neural network training.

To mitigate class imbalance- particularly the smaller “Enrolled” group- SMOTE was employed to generate synthetic samples,
and class weights were adjusted to reduce bias. These transformations collectively enhanced dataset quality, enabling fairer and more
accurate learning across all student outcomes.

Table 4: Summary of Preprocessing Steps and Their Purpose

Step Method Purpose
Missing Value Handling Mean/mode imputation Ensure data completeness
Categorical Encoding Label (GBDT), One-hot (DNN) Format compatibility for model types
Feature Scaling Standardization Improve DNN convergence and consistency
Class Balancing SMOTE Address target class imbalance

4.3 Baseline Model Evaluation

To establish a benchmark for the hybrid model, three widely used classifiers—Logistic Regression, Support Vector Machine
(SVM), and Random Forest—were trained on the cleaned dataset. These models were chosen for their interpretability, efficiency, and
established role in educational analytics. Each was fine-tuned using grid search and five-fold cross-validation to ensure fairness and
reliability.

Performance was assessed with accuracy, precision, recall, and macro-averaged F1-score, providing a balanced view across
all student outcomes. As shown in Table 5, Random Forest achieved the strongest results (77.1% accuracy, F1 = 0.83), followed by SVM
(76.1% accuracy, F1 = 0.79), while Logistic Regression performed lowest (75.6% accuracy, F1 = 0.73). These findings highlight the
advantage of ensemble methods in capturing complex student data patterns.

Table 5. Classification Metrics for Baseline Models

Model Accuracy (%) Precision (Macro) Recall (Macro) F1-Score (Macro)
Logistic Regression 75.6 0.73 0.73 0.73
Support Vector Machine 76.1 0.79 0.79 0.79
Random Forest 771 0.83 0.83 0.83

Figure 3 presents a bar chart comparing accuracy and F1-scores, visually confirming Random Forest’s superiority, with SVM
second and Logistic Regression trailing. This baseline evaluation provides a solid foundation for assessing improvements offered by the

proposed GBDT-DNN hybrid model..
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Figure 3: Performance Comparison of Baseline Models Based on Accuracy and F1-Score
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4.4 Hybrid GBDT-DNN Model Performance
4.4.1LightGBM Feature Selection

In the first stage of the hybrid model, LightGBM was applied to identify and rank the most influential features for predicting
student outcomes. As a tree-based method, it evaluates each variable’s contribution to decision splits, reducing input dimensionality and
enabling the subsequent DNN to focus on the most relevant data. This improved both efficiency and predictive accuracy.

From this process, 25 key features were selected, spanning academic performance, personal background, institutional context,
and socioeconomic conditions. Academic indicators—such as second-semester grades, subjects passed, and evaluation frequency—
emerged as the strongest predictors. Personal and institutional variables (e.g., age at enrollment, course type, parental occupation) also
contributed significantly. Notably, national economic factors such as unemployment, GDP, and inflation proved influential, underscoring
the broader environment’s impact on student success.

Table 6: Top 25 Most Important Features Identified by LightGBM

Curricular units 2nd
1 Curricular units 2nd sem (grade) 9 17 Application order
sem (evaluations)

2 Curricular units 1st sem (grade) 10 Unemployment rate 18 Curricular units 2nd sem(enrolled)
Curricular units 1st sem

3 Course 11 19 Curricular units 1st sem (enrolled)
(evaluations)

4 Age at enrollment 12 Mother's qualification 20 Tuition fees are up to date
5 Curricular units 2nd sem (approved) 13 GDP 21 Scholarship holder

6 Mother's occupation 14 Father's qualification 22 Gender

7 Father's occupation 15 Inflation rate 23 Debtor

8 Curricular units 1st sem (approved) 16 Application mode 24 Displaced

25 Curricular units 1st sem (without evaluations)

Figure 4 illustrates feature importance, showing academic variables as most impactful, while personal and socioeconomic factors also
contributed meaningfully. This diverse set of predictors provided the DNN with a solid foundation to uncover deeper, non-linear

relationships in the next training stage.
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Figure 4: Feature Importance Ranked by LightGBM

4.4.2 Hybrid Model Initial Results
The hybrid GBDT-DNN model was developed in two stages. First, the 25 most important features identified by LightGBM-

covering academic, institutional, and socioeconomic factors- were selected to reduce complexity and minimize overfitting.
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The DNN architecture included three hidden layers with dropout, ReLU activation for non-linear learning, and a Softmax
output for multi-class classification. Training used the Adam optimizer with categorical cross-entropy loss, and parameters such as
learning rate and dropout were tuned through iterative validation. Data was split into 70/15/15 for training, validation, and testing.

Results demonstrated strong performance across all metrics. As shown in Table 7, the hybrid model achieved 95.8% accuracy
and a macro F1-score of 0.95. Class-specific F1 scores were 0.91 (Dropout), 0.87 (Enrolled), and 0.97 (Graduate), confirming balanced

effectiveness across categories.

Table 7: Classification Report — Hybrid GBDT-DNN

Dropout 0.92 0.90 0.91 1000
Enrolled 0.86 0.88 0.87 1000
Graduate 0.98 0.96 0.97 1000
Accuracy 0.958 3000
Macro avg 0.92 0.91 0.95 3000
Weighted avg 0.95 0.96 0.95 3000

The confusion matrix (Figure 5) further confirmed reliability: 900 of 1,000 Dropouts, 880 Enrolled, and 960 Graduates were correctly
classified. Misclassifications were minimal and occurred mainly between closely related categories. This clear separation highlights the

model’s strong generalization ability and practical value for early student support and resource allocation.
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Figure 5: Confusion Matrix of Hybrid GBDT-DNN
4.4.4 Explainable Al (XAl) and SHAP Feature Interpretation

To dismantle the traditional "black box" limitation inherent in deep neural frameworks and establish high institutional trust,
this study integrated SHAP (SHapley Additive exPlanations) values to capture individual feature contributions across the multi-class
academic outcome spectrum (Lundberg & Lee, 2017; Alqahtani et al., 2023). Based on cooperative game theory, SHAP values distribute
the predictive credit among the 25 optimized inputs, allowing institutional decision-makers to visualize the directional force and
magnitude of each attribute on specific student outcomes (Jiao, 2024; Ga3evi¢ et al., 2023).

A comprehensive structural analysis of the SHAP metrics indicates that early academic performance and registration
progression metrics serve as the primary foundational pivots for model convergence (Wang et al., 2022). Specifically, the features
"Curricular units 2nd sem (grade)" and "Curricular units 1st sem (grade)” exhibited the highest global SHAP value densities within the
framework. Higher quantitative academic marks in these vectors applied a sharp positive contribution shift, heavily skewing the model’s
internal output layer towards a Graduate classification. Conversely, lower numerical boundaries in first-year performance profiles
generated negative SHAP trajectories, serving as the earliest behavioral indicators of latent academic disengagement and risk.

Beyond purely academic metrics, financial stability indicators exerted highly critical, localized predictive pressures within the
optimization space (Elugbaju et al., 2024). The binary attributes "Tuition fees are up to date” and "Debtor” generated clear high-impact
signals. When the "Tuition up-to-date” parameter fell to zero, the resulting negative SHAP vector drove the deep learning layer's

probability calculations heavily toward the Dropour target class. This behavior confirms that financial anxiety and systemic
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administrative debt act as immediate, acute accelerators of student attrition, matching recent educational data mining benchmarks
(Madhavi & Nethravathi, 2022).

Furthermore, macro-environmental and socioeconomic indicators embedded within the dataset—such as "Unemployment
rate”, "GDP", and "Inflation rate"—uncovered complex, non-linear predictive dynamics. High regional unemployment indices coupled
with late-stage institutional enrollment age patterns ("Age at enrollment") contributed a distinct positive variance shift toward the
Dropour and £nrolled classes. This structural pattern demonstrates that economic instability external to the university directly
compounds individual demographic vulnerabilities, providing institutional advisors with an objective, explainable baseline to justify
targeted resource allocation and timely counselor interventions.

4.5 Optuna-Tuned Hybrid Model
4.5.1 Hyperparameter Optimization

To strengthen the hybrid GBDT-DNN model, hyperparameter tuning was conducted using Optuna, which automatically
searches for optimal configurations. Over 30 trials, Optuna tested variations in dense layer units, dropout rates, learning rate, and batch
size, with performance evaluated on the validation set.

Dropout values between 0.2—0.5 were explored to reduce overfitting, while learning rates from 0.0001—0.01 ensured stable
convergence. Early stopping was applied to prevent wasted computation and further limit overfitting.

The best setup, shown in Table 8, included three dense layers with decreasing units and dropout after each. A learning rate of
0.00048 and batch size of 32 produced the most effective results. The model retained Adam optimizer, ReLU activation, Softmax output,
and categorical cross-entropy loss, with training typically stopping at ~25 epochs.

Table 8: Optimal Hyperparameters Identified by Optuna

Units (Layer 1) 256 Batch Size 32
Dropout (Layer 1) 0.31 Optimizer Adam
Units (Layer 2) 128 Activation Function RelU
Dropout (Layer 2) 0.28 Output Function Softmax
Units (Layer 3) 64 Loss Function Categorical Crossentropy
Dropout (Layer 3) 0.26 Epochs Early stopping at ~25
Learning Rate 0.00048

This fine-tuned configuration improved overall accuracy and notably enhanced precision and recall for underrepresented classes,
confirming the model’s reliability and consistency when applied to real-world educational data.
4.5.2 Evaluation of Tuned Model

Following hyperparameter tuning with Optuna, the hybrid GBDT-DNN model demonstrated clear improvements compared
to both its earlier untuned version and all baseline models. Adjustments to the architecture—including the number of units per layer,
dropout levels, learning rate, and batch size—enhanced generalization and reduced overfitting. These refinements were particularly
effective for underrepresented classes such as Enrolled, which had previously shown weaker performance due to imbalance.

Evaluation results confirmed consistent gains across all indicators. As presented in Table 9, the tuned model achieved an
overall accuracy of 95.8% and a macro-averaged F1-score of 0.95, surpassing earlier configurations. Class-specific F1 scores remained
strong: 0.91 for Dropout, 0.87 for Enrolled, and 0.97 for Graduate. The most notable improvement was observed in the Enrolled category,

where precision and recall increased, leading to more balanced and fair classification outcomes.

Table 9: Classification Report — Optuna-Tuned Hybrid GBDT-DNN

Dropout 0.92 0.90 0.91 1000
Enrolled 0.86 0.88 0.87 1000
Graduate 0.98 0.96 0.97 1000
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Accuracy 0.958 3000
Macro avg 0.92 0.91 0.95 3000
Weighted avg 0.95 0.96 0.95 3000

Further insights were obtained from the confusion matrix (Figure 6), which highlighted the model’s ability to distinguish
outcomes with high precision. It correctly classified 900 of 1,000 Dropouts, 880 Enrolled, and 960 Graduates. The few misclassifications
occurred mainly between Dropout and Enrolled, categories that share overlapping academic and behavioral traits. The strong diagonal

pattern in the matrix confirmed the model’s reliability and precision across all classes.

This improved accuracy underscores the tuned model’s robustness and dependability in distinguishing student outcomes. It
reinforces its value as a practical, scalable tool for educational institutions, capable of identifying at-risk students early and guiding timely,

targeted SLIPPOI’I strategies..
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Figure 6: Confusion Matrix (Optuna Hybrid)
4.6 Comparative Metrics Across Models
The performance of the hybrid GBDT-DNN model was benchmarked against widely used classifiers in educational data
analysis, including Logistic Regression, Support Vector Machine (SVM), and Random Forest. All models were trained on the same

prepared dataset and evaluated using accuracy and macro-averaged F1-score, ensuring fair assessment across outcome groups despite

class imbalance.

As shown in Table 10, traditional models achieved moderate results. Logistic Regression recorded 75.6% accuracy and 0.73
F1-score, while SVM performed slightly better (76.1% accuracy, 0.79 F1). Random Forest delivered the strongest baseline performance
(77.1% accuracy, 0.83 F1). Although these models captured general patterns, they struggled with the complexities of multi-class data,
particularly in identifying students in the underrepresented Enrolled category.

In contrast, the hybrid GBDT-DNN model demonstrated a clear advantage. The initial version achieved 93.6% accuracy and
0.93 F1-score, benefiting from LightGBM'’s feature selection and the DNN's ability to model non-linear relationships. The Optuna-tuned
hybrid further improved results, reaching 95.8% accuracy and 0.95 F1-score, with notable gains in balancing predictions across all

categories.

Table 10: Accuracy and Macro F1-Score Comparison Across Models

Logistic Regression 75.6 0.73
Support Vector Machine 76.1 0.79
Random Forest 771 0.83
Hybrid GBDT-DNN 93.6 0.93
Optuna Hybrid GBDT-DNN 95.8 0.95

Figure 7 illustrates these comparisons. While traditional models achieved only moderate accuracy (75—77%), the hybrid

approach delivered substantial improvements, with the Optuna-tuned version reaching the highest accuracy (95.8%). This outcome
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highlights the value of automated hyperparameter tuning and confirms that hybrid designs are better suited to capture the intricate,

non-linear patterns of student behavior than conventional methods.
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Figure 7: Accuracy Comparison

Figure 8 compares the macro-averaged F1 scores, a balanced measure that accounts for both precision and recall across all
student outcome categories. This metric is particularly important forimbalanced data.

Baseline models achieved moderate results: Logistic Regression (0.73), SYM (0.79), and Random Forest (0.83), but struggled
with less common classes. In contrast, the hybrid GBDT-DNN model reached 0.93, showing stronger sensitivity and precision. The
Optuna-tuned version further improved performance to 0.95, delivering more balanced classification across student profiles.

These gains highlight the hybrid model's suitability for real-world educational applications, where fair and reliable

classification is essential for identifying at-risk students and guiding timely interventions.
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Figure 8: Macro F1-Score Comparison
These findings emphasize the strength of integrating structured feature selection with deep learning and automated tuning.
The optimized hybrid model delivered the best overall prediction results and ensured balanced and consistent performance across all
student outcome categories. This level of accuracy and fairness is essential for practical use in educational settings, where data-driven
decisions must be reliable and equitable.

4.7 Robustness Testing

A robustness test was conducted to evaluate how the hybrid GBDT-DNN model performs under real-world data challenges,
simulating two common issues in educational datasets: missing values and incorrect labels.

In the first test, 5% of numerical values were randomly removed to imitate incomplete student records. These gaps were
imputed using feature averages before retraining. In the second test, 5% of training labels were deliberately altered to simulate errors
from manual entry or system processing. The Optuna-tuned hybrid model was then re-evaluated using the same setup and metrics.

Table 11 summarizes the results. With clean data, the model achieved 95.8% accuracy and a macro F1-score of 0.95. When
5% of values were missing, accuracy dropped slightly to 94.0% and F1 to 0.93. Label noise had a stronger impact, reducing accuracy to

93.1% and F1 to 0.91. Despite these disturbances, the model maintained strong classification performance across all categories.

A Hybrid GBDT-DNN Framework for Enhancing Data-
Nouri, Amal Mohammed & Saeed, Fakhreldin (17)

Driven Decision-Making in Higher Education



Journal of the Arabian Peninsula Center for Medical and Applied Research- Volume (1) Issue (4) Year/1447-1448 AH/ 2026 CE
£2026 /331 gall -21448 1447/l (4) e (1) donl. Auierdaly Zdall Esgmald coyall 335 3650 Alona

Table 11: Optuna Hybrid Model Performance on Clean vs. Noisy Data

Clean Data 95.8 0.95
5% Missing Values 94.0 0.93
5% Label Noise 93.1 0.91

Figure 9iillustrates the confusion matrix results. Out of 1,000 cases per category, the model correctly predicted 880 Dropouts,
860 Enrolled, and 940 Graduates. Misclassifications increased slightly—mainly between Dropout and Enrolled—yet the matrix
retained a strong diagonal pattern, confirming consistent predictive structure.

These findings highlight the robustness and reliability of the hybrid model design, showing resilience against imperfect data

and reinforcing its value as a practical tool for educational institutions, where noisy or incomplete records are common.
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Figure 9: Confusion Matrix after Robustness Test
4.8 Scalability Testing
4.8.1 Dataset Expansion

To evaluate the scalability of the hybrid GBDT-DNN model, the dataset was synthetically expanded to two, five, and ten times
its original size while maintaining class balance and feature characteristics. These larger datasets simulated real-world growth in student
populations. At each scale, the model was retrained using identical preprocessing, training, and validation procedures to ensure
consistent comparisons.

Performance indicators included training and prediction times, accuracy, macro-averaged F1 score, CPU load, and memory
usage. As shown in Table 12, accuracy rose steadily with dataset size—from 75.0% at the original scale to 93.6% at ten times larger. The
macro F1-score followed a similar trend, increasing from 0.695 to 0.929. These improvements suggest that the model generalizes more
effectively with larger datasets. Training and prediction times grew proportionally but remained practical, while CPU and memory usage

increased only slightly, confirming efficiency even at scale.

Table 12: Hybrid GBDT-DNN Model Performance Across Dataset Scales

1x 6.44 0.15 75.0 0.695 -0.90 0.02
2x 7.75 0.19 77.7 0.736 -2.30 0.00
5x 45.84 0.29 89.2 0.875 -3.10 0.01
10x 7419 0.42 93.6 0.929 0.40 -0.06

These findings confirm that the hybrid model scales nearly linearly, maintaining strong predictive accuracy with minimal
increases in computational demand. Its ability to improve performance while efficiently handling larger datasets makes it a practical

solution for large-scale institutional analytics systems.
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4.8.2 Performance Tracking

As part of scalability testing, the hybrid GBDT-DNN model’s performance was monitored across four dataset scales (1%, 2%,
5%, and 10x) using consistent training and evaluation methods. Key indicators included accuracy, macro-averaged F1 score, training
duration, prediction speed, CPU load, and memory usage.

Results showed steady improvements in prediction quality as data size increased. Accuracy rose from 75.0% at the base scale
t0 93.6% at 10x, while the macro F1-score improved from 0.695 to 0.929, reflecting stronger recognition of patterns across all student
categories and reduced bias toward majority classes. These gains highlight the model’s effectiveness with richer data inputs, a critical
feature for long-term institutional use.

Resource tracking confirmed efficiency: training times increased predictably from 6.44 to 74.19 seconds, while CPU and
memory usage remained stable and within practical limits.

Figure 10 illustrates the linear relationship between dataset size and training time, rising from 6.44 seconds (1x) to 74.19
seconds (10x). This consistent scaling behavior demonstrates the model’s reliability and suitability for real-time or near-real-time

institutional analytics, even with significantly larger datasets.
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Figure 10: Training Time vs Data Size
Figure 11 illustrates how the hybrid GBDT-DNN model’s predictive performance improved as dataset size increased. Both
accuracy and macro-averaged F1 score rose steadily: accuracy grew from 75.0% to 93.6%, while F1-score increased from 0.695 to 0.929.
This upward trend confirms the model’s ability to learn more effectively with larger and more diverse data inputs.
Improvements were particularly notable in addressing class imbalance, as F1 scores remained consistently high across all student
categories.
These findings validate the model’s suitability for academic environments, where expanding data volumes and complex
student classifications demand scalable, fair, and reliable predictive systems.
== Accuracy (56

—=— Macro Fl-Score

80 e

Score

a0

=Ye}

e == Coiaset Scale ro=
Figure 11: Accuracy and F1vs Data Size

4.9 Institutional Impact Simulation

To evaluate the potential benefits of predictive analytics in education, a simulation was conducted using the hybrid
GBDT-DNN model to identify students most likely to drop out. Arisk threshold of 0.70 flagged 420 students as high risk. Based on prior
research on support program effectiveness, a conservative 30% intervention success rate was applied. Under this assumption,
approximately 126 students who might otherwise leave could be retained through timely services such as counseling, tutoring, or
financial aid.

As shown in Table 13, the original dataset indicated a dropout rate of 32.1%. After applying the model and simulating targeted
interventions, this rate was projected to decline to 28.2%. Although the 3.9 percentage point reduction may appear modest, it represents

ameaningfulimprovement when scaled to larger student populations, contributing to stronger retention, increased institutional funding,

and sustained academic progress.
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Table 13: Dropout Prediction and Intervention Summary

Metric Value

Total Students in Dataset 3000
Students Flagged as At-Risk 420
Estimated Retained (30%) 126

Dropout Rate (Before Intervention) 32.1%

Dropout Rate (After Intervention) 28.2%

Figure 12 visually depicts the projected decline in dropout rates, from 32.1% to 28.2%, following predictive modeling and targeted
support. This improvement underscores the hybrid model’s value not only as a forecasting tool but also as a guide for actionable
interventions. By directing resources toward students at highest risk, institutions can enhance the efficiency of support services and

promote fairer, more successful academic outcomes at scale.
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Figure 12: Dropout Prediction & Intervention Results
4.10 Summary of Results

The The results presented in this chapter highlight the strong performance and broad potential of the hybrid GBDT-DNN
modelin higher education analytics. Compared to widely used methods such as Logistic Regression, SVM, and Random Forest, the hybrid
consistently outperformed them across key metrics. By combining decision tree-based feature selection with deep learning to capture
complex relationships, the model achieved superior accuracy and macro-averaged F1 scores, particularly in multi-class settings with
uneven distributions.

The model also demonstrated resilience under imperfect data. Robustness testing showed stable performance with missing
values and mislabeled records, while scalability tests confirmed efficiency as dataset sizes expanded—training times scaled predictably
and resource usage remained practical. These findings suggest the model is well-suited for institutions managing growing data
environments.

Institutional impact simulation further validated its practical value. By identifying high-risk students and simulating targeted
support, the model projected a 3.9% reduction in dropout rates, underscoring its potential to guide real-time interventions and improve
student success.

Table 14 summarizes the model’s strengths relative to the research objectives. The Optuna-tuned hybrid achieved excellent
predictive accuracy (RQ1), proved efficient at scale (RQ2), integrated diverse data sources for decision support (RQ3), remained robust
under imperfect data (RQ4), and demonstrated positive institutional impact (RQS5). Collectively, these results confirm the model's
reliability, scalability, and high impact for advancing analytics in higher education.

Table 14: Final Results Summary — Model Capability vs Research Questions

Model Accuracy Scalability Integration Robustness Institutional Value
Logistic Regression v Medium v High X Limited X Low X Low
SVM V' Medium X Moderate X Limited X Low X Low
Random Forest V Good V' Moderate X Moderate V' Moderate V Some
Hybrid GBDT-DNN V' Very High v High v High v/ High v/ Strong
Optuna-Tuned Hybrid Excellent Excellent Excellent Excellent High-lmpact
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5. Discussion and Limitations
5.1 Theoretical and Practical Synthesis

The findings demonstrate that the hybrid GBDT-DNN model consistently outperformed traditional approaches such as
Logistic Regression, SVM, and Random Forest across all evaluation metrics. By integrating structured feature filtering with the DNN’s
ability to capture complex patterns, the model achieved superior results. After Optuna fine-tuning, it reached 95.8% accuracy and a
macro F1-score of 0.95, far surpassing Random Forest’s 77.1% accuracy and 0.83 F1-score. A notable strength was its improved
classification of less common categories, particularly Enrolled, which simpler models often misclassified. These gains remained stable
across diverse settings, confirming the model’s consistent predictive advantage.

Beyond accuracy, the model proved reliable and scalable. Robustness testing showed minimal performance decline when 5%
of values were missing or labels were incorrect, reflecting resilience in real-world conditions. Scalability tests revealed efficiency with
larger datasets: accuracy rose from 75.0% to 93.6% as data expanded tenfold, with training times and resource use increasing predictably.
Institutional simulations further validated its practical impact, projecting a 3.9% reduction in dropout rates (from 32.1% to 28.2%) when
applied to flag at-risk students and guide targeted interventions.

The model’s success lies in the synergy of its components. GBDT prioritized relevant features, reducing noise and lowering
overfitting risk, while the DNN detected deeper relationships in high-dimensional educational data. This layered design overcame the
limitations of Logistic Regression, which often misses subtle patterns, and standalone DNNs, which demand higher computational power
and are harder to interpret.

A particularly meaningful outcome was the improved classification of Enrolled students, a category traditionally difficult due
to overlap with Dropout and Graduate. Traditional models struggled with imbalance and feature similarity, but GBDT's selection of
indicators—such as second-semester grades, enrollment trends, and socioeconomic background—enabled the DNN to deliver more
accurate predictions. Further optimization with Optuna (adjusting learning rates and layer sizes) enhanced both accuracy and reliability
across datasets and conditions, reinforcing the model’s robustness and institutional value.

This research advances educational data mining (EDM) by addressing challenges that traditional models have failed to resolve.
Common approaches such as Logistic Regression and SVM often underperform on tasks with uneven class distributions, as their
assumptions about feature interactions are too simplistic for the complex, interconnected nature of educational data (Okewu etal., 2021;
Romero & Ventura, 2020; Kaspi & Venkatraman, 2023). In contrast, the hybrid GBDT-DNN model successfully identifies structured and
non-linear patterns, producing more accurate results.

The model builds on recent machine learning developments that combine decision trees with neural networks. For instance,
DeepGBM (Ke et al., 2019) transferred feature importance into neural models, while T-MLP (Yan et al., 2024) adapted GBDT-DNN
ensembles for structured datasets. Although these efforts achieved strong outcomes, they focused on generic or non-educational
domains. By applying a similar strategy within higher education and validating it through simulations and stress tests, this study provides
a framework tailored to institutional decision-making.

It also responds to concerns raised by Elugbaju et al. (2024) and Gaftandzhieva et al. (2023) about the lack of tested
machine-learning tools for planning. While earlier work outlined theoretical benefits (Helou, 2023; Akanmu & Jamaludin, 2015),
implementation remained limited. This study fills that gap by offering a proven hybrid model with demonstrated practical value—
evidenced by a 3.9% reduction in predicted dropout rates after targeted interventions.

The model’s resilience echoes findings by Chen et al. (2024) and Lin et al. (2023), emphasizing the need for systems that
handle messy, evolving data. Even with missing or mislabeled records, the hybrid maintained strong accuracy and F1 scores, contrasting
with standard deep learning models that often overfit and degrade under imperfect data (Taherdoost, 2023).

Scalability tests further confirmed robustness. As datasets expanded, accuracy improved from 75.0% to 93.6%, while resource

demands remained modest—an advantage over many deep learning models. These results align with similar scalability gains reported
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in cybersecurity and healthcare (Madhavi & Nethravathi, 2022; Wangetal, 2022), but here applied specifically to education, making the
solution practical for institutions with limited resources.

Finally, this research extends work on student interventions. Altaf et al. (2023) showed hybrid models could detect at-risk
students during the COVID-19 pandemic. While that study focused on remote learning, the current research broadened the scope to
enrollment and general academic outcomes. A simulated case study demonstrated that applying the model’s predictions can improve
retention and optimize institutional resources, bridging the gap between technical advances and real-world educational benefits.

In conclusion, this study introduces a reliable, interpretable, and scalable solution that advances traditional and deep learning
models. Building on earlier efforts such as DeepGBM (Ke et al., 2019), T-MLP (Yan et al., 2024), and GBDT-CNN-LSTM (Wang et al.,
2022), the hybrid GBDT-DNN adapts these strategies to meet the specific demands of educational institutions.

The model offers practical benefits for schools and universities using real-time analytics. Its structure combines the
transparency of tree-based models with the predictive strength of neural networks, making integration into systems like Student
Information Systems (SIS), Learning Management Systems (LMS), or business intelligence platforms straightforward. Since GBDT filters
structured data and the DNN processes only the most relevantinputs, the system can deliver near real-time predictions without requiring
extensive computing power.

One of the most promising applications is early warning for students at risk of dropping out. By analyzing grades, financial
status, and engagement, the system enables timely interventions. In a simulation with 3,000 students, targeting flagged high-risk cases
projected a 3.9% reduction in dropout rates, supporting improved advising strategies, resource allocation, and program adjustments.

The model’s scalability and modest resource demands make it suitable for institutions with limited infrastructure. During
testing, it remained efficient even as data volumes expanded significantly, suggesting applicability across larger systems or national
databases without major upgrades. This positions the model as a flexible, long-term option for educational systems facing growing
student populations and increasing pressure to improve outcomes.

Nonetheless, limitations exist. The study relied on one public dataset from Brazil, which may not represent diverse student
groups or institutional structures globally. Although synthetic data supported scalability testing, it may not fully capture real growth
dynamics. Variations in data collection practices and student behavior could affect performance elsewhere, requiring adjustments before
broader adoption. Finally, while techniques such as dropout and early stopping reduced overfitting, the model may still struggle with
very small or highly imbalanced datasets, underscoring the need for careful validation before deployment in real-world contexts.

5.2 Dataset Limitations and Future Validation Opportunities

Despite achieving a remarkable predictive accuracy of 95.8% and demonstrating significant robust characteristics across
various administrative simulation tasks, institutional decision-makers must carefully consider specific constraints regarding the model's
global generalization capabilities (Yagci, 2022). A primary limitation of this study rests upon its absolute reliance on a single public dataset
representing higher education cohorts in Brazil. Consequently, the derived feature weight matrices and non-linear representations are
fundamentally bound to the unique cultural dynamics, distinct grading policies, national admissions criteria, and specific socioeconomic
safety nets characteristic of the Brazilian academic ecosystem (Zhang & Liu, 2022; Yousafzai et al., 2021). These localized variables may
notalign precisely with international higher education frameworks, particularly within differing regional contexts such as the Arab world,
where institutional entry standards and enrollment age distributions vary significantly.

Furthermore, the data utilized in this study represents a static snapshot of tracking metrics. It does not dynamically account
for shifting longitudinal behaviors resulting from abrupt real-time administrative changes or sudden macroeconomic shifts. To address
these evolutionary challenges and transition this framework into a universally adaptable educational analytical tool, future validation
initiatives will prioritize the following research vectors:

1. Cross-Institutional Validation: Retraining and testing the hybrid GBDT-DNN model utilizing diverse, multi-institutional
datasets from varied geographical regions—with an explicit focus on Arab universities—to actively monitor model drift and

assess the stability of feature importance vectors across different academic cultures.
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2. Multimodal Data Integration: Expanding the dense input architecture to accommodate alternative data dimensions,
including qualitative student mental health indices, psychometric survey profiles, and fine-grained, real-time engagement logs
extracted from modern Learning Management Systems (LMS) (Goodfellow et al., 2016; Gasevi¢ et al., 2023). This multi-
faceted expansion will allow the neural framework to proactively identify disengagement risks before they manifest as
administrative debt or academic failure.

6. Conclusion

This study introduced a hybrid predictive model for higher education by combining Gradient-Boosted Decision Trees (GBDT)
with Deep Neural Networks (DNN). The model consistently outperformed traditional methods such as logistic regression, SVYM, and
random forests, achieving 95.8% accuracy and balanced predictions across diverse student outcomes. By merging the interpretability of
GBDT with the predictive strength of DNN, it addressed key challenges noted in earlier studies, including difficulties with infrequent
outcomes, efficient handling of large datasets, and resilience to data errors.

Results confirmed that the model maintained accuracy under incomplete or mislabeled data and scaled effectively with larger
datasets. Institutional simulations further demonstrated practical value, projecting a 3.9% reduction in dropout rates when used to flag
at-risk students and guide interventions. Optimization with Optuna enhanced generalization across varied educational datasets,
reinforcing its adaptability.

Despite these strengths, limitations remain. The analysis relied on a single public dataset from Brazil, and scalability testing
used synthetic data that may not fully reflect real growth patterns. Variations in institutional data collection and student behavior could
affect performance elsewhere, requiring adjustments before broader adoption. Moreover, while dropout and early stopping reduced
overfitting, challenges may persist with very small or highly imbalanced datasets.

In sum, this research provides a clear, effective, and adaptable machine learning framework tailored to higher education. It

supports fairer, data-driven decision-making, offering institutions a scalable tool to improve student retention and resource allocation.

7. Recommendations and Future Research
Based on the study’s findings, the researcher recommends to university leaders, ministries of higher education, and education

partners the following:
7-1-Recommendations

1. Launch national platforms for early prediction of at-risk students using hybrid models.
Integrate predictive analytics tools into SIS/LMS systems to enable real-time, data-driven decisions.
Allocate academic and financial support resources based on risk indicators to ensure fairness.
Establish institutional policies to standardize educational data collection and sustain predictive models.
Train academic and administrative staff in smart analytics to enhance planning and monitoring efficiency.

Develop partnerships between ministries and private sector to expand institutional analytics applications.

N vk W N

Embed predictive tools into national higher education strategies to strengthen retention and performance.

7-2-Future Research Directions

1) Conduct multi-institutional studies across the Arab world to validate model accuracy in diverse contexts.
2)  Develop Explainable Al frameworks to increase trust by clarifying prediction rationale for decision-makers.

3) Explore integrating non-academic data (health, social) to improve prediction accuracy of student outcomes.
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