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ABSTRACT

Predicting student academic outcomes has emerged as a critical feature of contemporary
educational data mining to help institutions identify at-risk students, and increase student
retention, and promote their academic performance. In this work, we introduce a new hybrid
stacking ensemble model (OutcomeHyX) to predict three major student-resultant labels viz.,
Dropout, Enrolled and Graduate using a dataset that is rich in demographic, socioeconomic and
academic performance features. The work also considers data quality through preprocessing,
feature engineering and SMOTE-based balancing to enhance classification fairness of the
proposed approach. Several baseline machine learning models such as KNN, SVM, Random
Forest and XGBoost were compared to determine their performance baselines. Empirical study
shows that the performance of traditional models is mediocre and there exist large differences
on prediction accuracy across outcome classes, especially in minority Enrolled class. The
proposed OutcomeHyX model, comprising Support Vector Machine and Random Forest as
base learners, while using Logistic Regression as meta-learner outperforms other models with
a Test accuracy of 87.46% along with remarkable class-wise F1-scores. With the ROC-
AUC>0.95, its great discrimination capability is also substantiated. The results show that the
hybrid stacking scheme dominates all standalone classifiers in exploiting non-linear and
intricate structures in academic dataset. This study presents a reliable predictive model that
universities can use as tool for early warning, progress monitoring and data-informed decision-
making. The model also provides a scalable recipe for next-generation studies aimed at

improving student success and retention.

Keywords: Student Performance Prediction, Academic Outcome Classification,
Educational Data Mining (EDM), Machine Learning, Hybrid Stacking Model,
OutcomeHyX, Support Vector Machine (SVM), Random Forest, XGBoost, SMOTE,
Ensemble Learning, Predictive Analytics, Dropout Prediction, Model Evaluation Metrics.
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CHAPTER 1

INTRODUCTION

1.1 Introduction

Prediction of student academic performance and outcome have become a vital aspect in
educational data mining (EDM) and learning analytics. As the number of universities grows
rapidly and learners become more diverse, it becomes even more difficult for universities to
recognize who among their students are at risk of failing academically or dropping out. Manual
academic monitoring systems are still in use and are insufficient, slow, and get loss of some
complicated interrelated values from the multi-dimensional student data. ML is increasingly
recognized as a powerful and successful approach to modelling complex educational data and
producing accurate predictions. Historical academic performances, demographics, SES and
behavioral profiles can inform ML models to help develop timely interventions and standardize
the existing student retention policies. However, in spite of the expanded popularity of ML
within academic analytics, it is still difficult to obtain high and stable predictive accuracy.
Different ML algorithms have different behavior across data conditions. For example, tree-
based methods such as Random Forest deal well with non-linearity but do not always
generalize perfectly; SVM operate efficiently in the presence of complex boundaries, but
struggle in high dimensions; Logistic Regression provides interpretability, though it usually
struggles to uncover deeper patterns. To mitigate these shortcomings the hybrid and ensemble
models are popular because of their ability in integrating different algorithms. Having
identified this opportunity, in this thesis we introduce a new hybrid ensemble model called
OutcomeHyX that combines the predictive power of Support Vector Machine, Random Forest
and Logistic Regression in a stacking framework. The objectives of the model are to increase
accuracy in prediction of student performance—based academic outcome and to perform better

than traditional models.

1.2 Motivation

We are motivated to conduct this research due to the increasing demand for effective and early
prediction systems in academic institutions. It’s often hard to spot students who are at risk of

dropping out, falling behind or in need of special academic support.
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An early warning prediction system that can help the administrators make a difference to
intervene early, and have better student retention rate, better academic success rate, and better
performance. While studies already show encouraging results when utilizing machine learning
for predicting academic outcomes, no one algorithm achieves the best performance in all
categories (Dropout, Enrolled, Graduate). This contrary pattern of performance underscores
the importance of hybrid models which are capable to combine the advantages from diversity
learning algorithms for improved prediction accuracy. In addition, educational data are
generally imbalanced, highly heterogeneous and determined by a combination of academic,
demographic, economic and personal factors. To this end, a good model should be able to
capture such complexities. OutcomeHyX In this work, we propose and investigate
OutcomeHyX — a novel hybrid stacking ensemble that aims to build 2star more accurate and
reliable models than current methods with practical significance for making decisions by

institutions.

1.3 Background Study

Educational Data Mining (EDM) is an important discipline of data science and related to the
analysis of students’ records in order to support learning, decisions, planning and academic
interventions [1]. The rapid expansion of digital learners’ platforms, institutional databases and
student information systems have led to a wealth of data that holds potential for informing
learning behavior, predicting academic performance and preventing drop-out. With the intense
pressure on colleges and universities to increase persistence and success, predictive modeling
is an essential instrument in today’s dynamic academic management Factors that can affect
student performance and academic outcomes socio-economic status or SES (i.e., parent’s
educational attainment level, occupation of parents), GPA in previous institution entered (;
usually high school) institutional involvement [college/university/apprenticeship program
attended] attendance patterns personality traits/distress/psychological well-being/personal
circumstances. Conventional statistical methods like Linear Regression, Logistic Regression
or classic descriptive analysis can be non-optimal in modeling such intricate and non-linear
connections. They rely on linearity and independence among the variables, which restrains
their ability to predict in complex education data. In contrast-based approaches are more

general and offer stronger tools for mining hidden patterns in heterogeneous data.
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The methods such as DT, RF, SVM, Naive Bayes and XGBoost have exhibit potential to
predicting student Dropout and performance assessment and outcome classification. Due to
their capacity of processing multi-dimensional data, capturing non-linear patterns, and adapting
to various educational settings, they have been proved to reach higher predictive accuracy in
many research works. Yet, a big obstacle to model accuracy with respect to various datasets
and prediction categories has been reported in the literature. There is no one machine learning
technique that generally outperforms others for all academic outcome purposes. For example,
Random Forest models may generalize well, but are biased in cases of data imbalance. It works
well with complex boundaries, but can be time-consuming and depend on parameter settings.
Meanwhile, logistic regression is interpretable but unable to capture deeper non-linear
relationships. In order to overcome these limitations, the hybrid and ensemble approaches have
been widely applied. Combining the strengths of multiple base learners, ensemble learning--in
particular techniques like bagging, boosting and stacking--have demonstrated to provide
increased robustness and prediction accuracy. Stacking trains various models on different
levels, combining them and applying the optimization using meta-learner at a new level
(Wolpert 1992). The method has been shown to outperform single-model techniques in a
number of domains such as health care, finance and education. Despite these advances, the use
of hybrid stacking ensembles for academic performance prediction is not common in research
literature. Only a handful of studies employ model such as SVM and Random Forest with meta
classifier in an objected hybrid setup.

1.4 Problem Statement

Academic success can be difficult to predict for students due to the interplay of demographic,
socioeconomic, behavioral and academic variables. In previous studies, we have showed that
those machine learning models like LR, DT, RF, SVM, XGBoost have different levels of
performance. Nevertheless, none of these models can achieve high accuracy for all prediction
categories and they tend to work poorly on imbalanced datasets, and non-linear behavior.
Besides, a number of traditional methods do not model complex relationships between the
student attributes well and do not effectively take advantage of complementary strengths
among multiple algorithms. This creates a critical gap there is a demand for a powerful hybrid
predictive model that can outperform the single machine learning classifiers in the prediction

of student performance-based outcome.
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1.5 Research Objectives

The primary goal of this dissertation is: We aim to propose and analyses the prediction
performance of a new hybrid stacking ensemble model, OutcomeHyX, for improved student
performance-based academic outcome forecasting. For that purpose, the following specific
objectives are formulated the analysis and preprocessing of student academic records for
predictive modeling purposes.

v" To access the effectiveness of traditional machine learning models, including Logistic
Regression, KNN, Naive Bayes, Decision Tree., Random Forest, SVM, XGBoost and
AdaBoost.

v" To develop the OutcomeHyX, a hybrid stacking ensemble model using SVM and Random
Forest as base learners with Logistic Regression as meta-learner.

v" Toinclude feature engineering and to utilize data balancing methods (like SMOTE, helper-
feature design) for an improved model performance.

v To evaluate the performance of OutcomeHyX against other state-of-the-art baseline models
based on accuracy, precision, recall, F1-score and ROC-AUC.

v" To show that OutcomeHyX performs better than conventional models for the prediction

of academic performance of students.

1.6 Purpose of this Research

The goal of this research is to provide a robust likelihood model that will offer very precise
predictions about the academic status whether a student will drop out, continue attendance or
graduate. However, conventional ML algorithms can usually not achieve sufficiently high
accuracy on various educational datasets because of non-linearity and class imbalance, as well
as the complex interactions among student characteristics. To address such limitations, in this
study, we have developed a hybrid stacking ensemble model called OutcomeHyX, which
composes of the versatility of different machine learning methods to enhance prediction
performance. The goal is to even increase accuracy while offering a more robust and

generalizable solution than single-model or ensemble approach currently available.

; . . . Page | 4
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CHAPTER 2
LITERATURE REVIEW

2.1 Overview

It is the aim of this review to condense and critically analyze previous work in the field
regarding prediction of students' academic success, dropout analysis, and outcome forecasting
through machine learning. Educational data mining (EDM) has advanced considerably in the
last decade, with many researchers using machine learning approaches to model and predict
student courses of action, performance, and dropout. In this chapter, representatives of these
categories of approaches traditional statistical models, classical machine learning algorithms,
deep learning architectures and hybrid ensemble systems—are investigated to investigate the
capabilities and limitations for outcome prediction in medical applications. The review
emphasizes that single methods (e.g. Logistic Regression, Decision Trees, Support Vector
Machines, Random Forests and boosting) have yielded encouraging results but with varying
performance across datasets and learning conditions. Moreover, problems like imbalanced
data distribution, nonlinear and complex relation between features, and heterogeneous student
characteristics make the single-model methods less effective. To overcome these weaknesses,
a family of hybrid and ensemble learning methods including bagging, boosting, voting and
stacking are developed by researchers (multi-algorithmic) with the aim of enhancing the

predictive accuracy and robustness.

2.2 Previous Study

Kriiger et al. (2023) Introduce an interpretable machine learning model for student dropout
prediction, applied to Brazilian schools and engineered temporal grade characteristics. They
use ensemble model technique and interpretability reflects feature importance and explanation
methods, such as SHAP-style analysis. They achieve high recognition rates (90% of the
flagged students indeed dropped out) and put a focus on explainable predictions for ethical
decision making in education. This paper is related to your thesis as it demonstrates how to

include interpretable ML in state-of-the-art models for dropout prediction [1].

. . L Page | 5
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Yagci (2022) performs educational data mining to predict final exam scores referring to
midterm marks, the instructor, and the department for 1,854 students in a Turkish Language
course. Several algorithms—Random Forest, k-NN, SVM, Logistic Regression and Naive
Bayes—are evaluated with accuracy of 70-75%. The study shows that even small academic
data elements can bring meaning in predictions, and to construct analytics framework in higher
education. But it only uses such grade related variables and no other type of hybrid or stacking
ensembles. Your OutcomeHyX model takes it one step further; we are using more features

and advanced ensemble stacking [2].

The PLOS ONE study (2024) proposes an ensemble learning model in which six base
classifiers are merged with Logistic Regression as a meta-learner to predict MOOC's learning
achievement dataset (XuetangX). They report that their stacked ensemble is superior to
individual ML and deep learning models in a multi-source imbalanced context with aging as
the outcome, and use SHAP to explain feature contributions. This work demonstrates that
stacking with a meta-classifier plays an important role in improving predictive performance
and interpretability. It is very similar in concept to your OutcomeHyX approach where you
stack a bunch of classifiers with a metal learner for outcome prediction [3]. Al-Tameemi et al.
(2024) propose a hybrid machine learning model, which combines unsupervised and
supervised techniques in order to predict the multi-class student performance. They applied
PCA for dimensionality reduction, K-means clustering to cluster students and use classifiers
including Feedforward Dense Network, Random Forest and Decision Tree algorithms on the
clustered data. In the experimental part, they demonstrate that the hybrid cluster models are
better than any one of individual classifiers. This supports the notion that hybrid pipelines can

extract rich structure from educational data sets, as does your hybrid OutcomeHyX model [4].

Islam et al. (2024) introduce a stacking ensemble model to make predictions about student
performance and dropout risk for three different student datasets. They ensemble Random
Forest, Logistic Regression, SVM and CatBoost in a stack manner of the data and measure
accuracy, precision and recall. The combined model obtains best accuracy on all datasets (e.g.,
over ~88-91%) when compared to single models. The study shows the strength of stacking
ensembles to be effective on diverse data sets as well, this is in direct correspondence with
your thesis aim of constructing OutcomeHyX consisting lof a much more powerful hybrid
ensemble [5]. Villar, and Andrade (2024), compare supervised machine learning algorithms

. . L Page | 6
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to predict dropout and dropout text quote rights in higher education. They address the class-
imbalance problem with SMOTE and compare Decision Trees, SVM, Random Forest as well
as several boosting algorithms such as XGBoost, LightGBM and CatBoost. Findings: We find
that, the proposed models based on boosting are superior to classic methods and LightGBM
and CatBoost combined with reasonable hyperparameter tuning outperform others. These
results emphasize the utility of using sophisticated ensembles and resampling strategies,
analogous to why you are applying SMOTE and stacked ensembles.

Farhood et al. (2024) systemically compares ten ML and deep learning models (RF, SVM, LR,
k-NN, XGBoost), and different types of neural networks in predicting student LOs. They
perform and holdout validation, applying k-fold cross-validation using two benchmarks
datasets, and also study Lasso-based feature selection effects. Their results emphasize that the
best model is not one size fits all and additionally, performance varies in different datasets
depending on features selected. This provides justification for the development of hybrid
models (OutcomeHyX) that combines the advantages of different algorithms [7].

The HDL-SP study (2024/2025) intends to use a hybrid data mining model called the HDL-SP
in order to predict student academic performance in e-learning environments. It employs a
clustering technique, namely Tunicate Swarm Grey Wolf Optimization for data cleaning and
compression, and utilizes deep learning models for final prediction. This hybrid pipeline
increases the accuracy and provides an early prevention of dropout in online learning. Although
the emphasis is on optimization and deep learning, it supports our conviction in hybrid multi-
stage pipelines that are similar to your helper-feature and ensemble-based OutcomeHyX [8].
The paper IOSR JCE (2024) proposes a hybrid model in predicting admission academic
performance pattern by application of multiple ML algorithms. They compare Random Forest,
Decision Tree, XGBoost, SVM, KNN, Logistic Regression, Naive Bayes and a hybrid model
of Decision Tree—Random Forest—-KNN. The the hybrid model produces extremely high
metrics (Accuracy~96.84%, Precision~98.36%, Recall ~ 97% and F1 = 97.67%), better than
all other individual models. This is very strong encouraging evidence that hybrid ensembles
can improve significantly over individual models, which is a key result in your thesis [9]. The
IIETA ensemble study (2023) presented a multilevel heterogeneous ensemble model for
academic performance prediction using multiple base algorithms (Naive Bayes, Random
Forest, J48, MLP, Decision Table, and Logistic Regression).

. . L Page | 7
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When being processed using k-fold cross-validation and ensemble in the trained pipeline, it
reaches a prediction precision of about 99.50%, far better than single classifiers. The authors
stress that well-chosen ensembles can lead to significant enhancements of predictive accuracy.
Which also seeks to beat all baseline models using stacking [10]. The MDPI Hybrid Deep
learning models (2025) is an ensemble model, which involves CNN and BiGRU as components
for predicting the students’ academic performance and was implemented in 3 datasets.

The authors consider missing data, class imbalance and feature selection and achieve high
accuracy (i.e. up to ~97.48% on some of the datasets). Their findings indicate that when
temporal and high-level behavior features are considered, their hybrid approach achieves better
performance than traditional models. Your model plays to this principle, though you use
classical ML ensembles instead of deep networks [11]. The deep learning performance (2024)
describes experiments of several fine-tuned network architectures on predicting student
performance with big educational data. The authors compare deep learning to classical models
and demonstrate that with sufficient data and features, deep learning is able to offer significant
improvements over prediction. This companion summary examines interpretability concerns
and the case for explainable Al. This mimics the kind of trade-off that your manuscript
discusses---obtaining high accuracy through hybrid models, while making interpretability more

feasible than with black-box deep models [12].

The present study (2022) refers to the use of machine learning technologies by the Frontiers
in Neuroscience research group (March 17, 2021) for analyzing students ‘learning features
from system logs extracted from a programming environment and their future performance.
The authors use behavioral features (e.g., coding attempts, time-on-task) and evaluate a few
classifiers. Their findings demonstrate strong associations between learning behaviors and
performance, indicating that ML models can effectively model such patterns. This justifies the
inclusion of various academic and behavioral covariates in OutcomeHyX for predicting
outcomes [13]. The Frontiers in Education paper (2023) employs predictive analytic and ML
techniques to predict the at-risk undergraduate’s dropout from a pool of 14,495 students with
an 8.5% dropout rate. They apply methods to cluster and classify students in an imbalanced
dataset, and which variables are found to be most predictive of dropout. Key tables of results
should serve as a guide for institutional retention programs and interventions. Their concern
about dropout risk and imbalanced data is much in line with your SMOTE application [14].

. . L Page | 8
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Orji and Vassileva (2022) also builds ML models to predict academic performance and study
strategies from motivation-related features such as intrinsic/extrinsic motivation, autonomy,
competence, self-esteem. They leverage these psychological and motivational characteristics
to train models that generalize over courses in higher education. The study underscores the

importance of non-academic factors in the prognosis and individualized interventions.

This is in addition to what you are doing and highlights some more feature dimensions that
might be incorporated into next versions of OutcomeHyX [15]. The “Why Do Students Drop
out?”. study (2023) analyses the prediction of dropout in university according to an academic,
demographic, socioeconomic and macroeconomic viewpoint. Various ML models are
researched, and factor analysis is used to prove which data types contribute most towards
dropout/graduation prediction. The results suggest that the use of a combination of different
data sources can increase both model performance and interpretability in dropout cause
prediction. This corresponds well with your poly-feature, multi-determined methodology for
predicting student success [16]. The Nature Scientific Reports paper (2025) deals with
prediction of achievements in academia using machine learning regression models which
include K-nearest neighbor regressor, Linear Regression, CatBoost [38], XGBoost [39],
AdaBoost [40] and an ensemble voting regression method. The group methods do combine
the base models into a whole, and in this study, it addresses performance analysis, student
evaluation and teaching quality. Findings indicate that ensemble regression increases
predictive performance compared to single methods. Regressing all the way though the
regression-based, in your face nature of the work supports your point that ensemble strategies
(as OutcomeHyX is), outperform single models for academic prediction tasks [17].

The ASRIC paper (2023/2024) studies student performances using ensemble techniques like
bagging and boosting. It compares various algorithms and demonstrates superior performance
of an ensemble learner than its individual components, especially on complex datasets with
numerous demographics, attendance and academic attributes. The research also examines how
forecasts can inform resource allocation and student-support policies. The philosophy of this
work and your hybrid ensemble are similar, but unlike yours, your thesis not only proposes a
specific named model (OutcomeHyX) that has stacking and helper-feature design [18].

. . L Page | 9
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Chowdhury et al. (2024) proposes a mixed model Ensemble method with an ACO optimized
Decision Tree (ACO-DT), to predict the early performance of students. The dataset is
comprised of demographic, social, psychological and economic factors and the hybrid ACO-
DT + ensemble pipeline outperforms different standard classifiers. What is so special about
OTEO-meta-heuristics and ensembles for prediction? In contrast with this, employs stacked
SVM and Random Forest with Logistic Regression as a meta-learner to propose an alternative
hybrid solution where the stacking supplants the meta-heuristic optimization [19]. The
Springer chapter on “Predicting Student Academic Performance with Machine Learning”
evaluates several classification algorithms for predicting student performance and the
comparison of these algorithms. Student performance prediction described in the authors
‘perspective is predicting grades and identifying students at risks of underperforming or
dropping out with the aim exposing them for early intervention. While some specifics are
behind the pay wall, this chapter confirms that ML classification is far superior than traditional
statistical methods and that there is a great impact by the choice of model. This overall
comparative body of work answers why you systematically benchmark OutcomeHyX against
baselines as RF, SVM, XGBoost, and LR [20].

. . L Page | 10
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CHAPTER 3
METHODOLOGY

3.1 Overview

This chapter presents the design of our proposed hybrid ensemble model, which we named
OutcomeHyX for predictive modeling of students’ academic performance. The methodology
starts with data understanding and continues by processing the dataset in terms of string
removal (cleaning), encoding, normalizing and address missing values. No feature selection
was performed, and a certain feature generation to improve the model performance was
proposed: the construction of a helper feature that would reinforce predictive signals. To
overcome the class imbalance problem, we apply synthetic minority oversampling technique
(SMOTE) in order to enhance the representation of the minority outcome classes. In addition,
several basic machine learning methods Logistic Regression, Decision Tree, Random Forest,
SVM, KNN and Naive Bayes, XGBoost, AdaBoost are trained as the comparison hypothesis.
It is based on the development of OutcomeHyX which is a stacking ensemble composed of
SVM and Random Forest as base learners, and Logistic Regression as meta-learner. Lastly,
the performance of these models is benchmarked using accuracy, precision, recall, F1-score

confusion matrix and ROC-AUC to test the efficacy in predicting outcome.

3.2 Process Diagram

The dataset is imported and loaded in order to take a look at its structure, variables and what
the target class is.

e Preprocessing steps, such as missing value treatment, smoothness of irregularities
feature encoding and numerical attribute scaling.

e A visualization of distributions and feature correlation is performed known as
Exploratory Data Analysis (EDA).

e The dataset is also balanced with SMOTE method to tackle the class imbalance issue
in outcome groups.

e For model construction, the balanced data is split into 80% training and 20% testing

Several different machine learning models including Random Forest, SVM, XGBoost

and KNN are used to obtain a baseline for performance
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e The OutcomeHyX stacking ensemble model is built and trained together with the

other baseline models.

e Accuracy, Precision, recall and F1-score are used for assessing prediction

performance of all models.
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Figure 3.1: Workflow Diagram of the Proposed Methodology

3.3 Dataset Description

The data for this study were extracted from a higher education academic information system,
and they include all the relevant details concerning students’ demographic, socioeconomic

statuses, as well as academic performance.
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Each row corresponds to a student, characterized by over thirty input features providing
information on the students' profile and performance. Features on demographic (gender,
nationality, marital status and age at enrollment) and socioeconomic (parents’ qualifications,
parents’ occupation category, tuition payment status and scholarship eligibility s1) were
included. Academic 26 related features are also available including application mode (for the
first semester of school year), previous qualifications, admission grade and curricular unit-
related performance indicators corresponding to the first and second semesters. Overall, these
indicators include the number of registered, screened, qualified and awarded courses as well
as mean semester marks. The dataset also includes economic context in which the labor market
conditions mean to add information about unemployment rate, inflation rate and GDP when
students were enrolled. The outcome or dependent variable, referred to as Target, is
categorized into three classes corresponding to the types of departments: Dropout, Enrolled
and Graduate. This multi-class system is crucial for studying the pattern of students'
progression. Since the database does not include any personal information, it is adequate for
academic purposes and respects the privacy policies of data. The dataset underwent some
preprocessing before employing machine learning models, such as missing value handling,
categorical features encoding, scaling of numeric variables and class imbalance treatment.
This is the dataset used to train, test and compare all baseline machine learning models and the

hybrid ensemble model (OutcomeHyX), that we propose.

3.4 Correlation Heatmap Analysis

The correlation heatmap shows the magnitude and direction of linear relationships among
continuous variables in the dataset. In the figure in particular the sample key findings that it
emerges are the high positive relations between semester-based academic performances such
as evaluations, approvals and grades. The curricula in the 1st and 2nd semesters are highly
interrelated, i.e. performance of students that performed well in one semester [p(si)] will also
perform well in the other. Also, admission to grade and prior qualification is moderate which
implies relatively consistent previous academic success. Economic indicators, such as
unemployment rate, inflation rate and GDP, are also weak or very low correlates of education
outcomes. Age at enrolment reveals minimum linear correlation to any of the performance

measures presented.
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The dependent variable had moderate correlations with the authorized units and semesters’
grades, which indicates that academic performance has significant impact on student outcomes.
In general, the heatmap reveals that academic performance characteristics are the most
important predictors in the model.

Correlation Heatmap
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Figure 3.2: Correlation Heatmap of Numerical Features

The figure is a correlation heatmap of the academic, demographic, and economic
characteristics that illustrates relationships among them and allows us to highlight which
variables are more important for predicting students' results. The target variable shows
moderate correlations with approved units and semester grades, confirming that academic
performance strongly affects student outcomes. Overall, the heatmap highlights that academic
performance features serve as the most significant predictors in the model.

) ) o Page | 14
©Daffodil International University



3.4 Data Balancing using SMOTE

The class imbalance exhibited by the dataset was evidently skewed towards
underrepresentation of the Enrolled class. Such an imbalance can lead to bias in machine
learning models and deteriorate the predictive performance for minority classes. We applied
SMOTE to produce synthetic samples to have an equal representation of the three outcomes.
After balancing, there were 2209 samples per class. This guarantees more equitable learning

and enhances the reliability of the model in prediction of the student outcome.

Table 3.1: Class Distribution Before and After Applying SMOTE

Outcome Class Before SMOTE After SMOTE
Dropout (0) 1421 2209
Enrolled (1) 794 2209
Graduate (2) 2209 2209

The imbalance of the classes in students’ outcome was dramatic on the “Enrolled” class was
greatly out-numbered by the other two classes (794 samples for “Enrolled”, vs. 1421 for
“Dropout” and 2209 for “Graduate”). Such imbalance is misleading for machine learning
models as they tend to over predict my majority classes hence poor recall and precision in
minority classes. This problem was corrected by using SMOTE on the training set. SMOTE
generates synthetic samples of the minority classes using interpolation between nearest
neighbors, not just duplicating existing samples. When SMOTE was applied, those three
classes of Dropout, Enrolled and Graduate became perfectly balanced (all with 2209 samples
each). This balanced dataset enhances learning process of machine learning models as it has an
equal number of samples from all outcome categories. Accordingly, models trained on this
dataset are long-enduring, have minimal racial bias and can lead to fair prediction across all
student bodies. This step is essential for robust performance in multi-class student outcome

prediction.
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Figure 3.3: Class Distribution Before and After Applying SMOTE

3.5 Train-Test Split

The data were divided into training and test sets using an 80%—20% split, standard in machine
learning for robustly evaluating models. Data consisting of 80% of total data serves as the
training set which is utilized to fit and optimize these machine learning algorithms enabling
the system learn statistical patterns and relationships. The remaining 20% is set aside only for

testing to evaluate the generalization of trained models on unseen data.
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Figure 3.4: Train—Test Split (80% Training, 20% Testing)
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The class distribution over both sets remains approximately the same as in the beginning,
keeping the original class imbalance before SMOTE. In the training set, Graduate is over-
represented (1767 samples), while Dropout (1137) and Enrolled (635) are under-represented.
The test set exhibits the same pattern, with: 442 Graduate cases, 284 Dropouts, and 159
Enrolled. Content-aware stratified splitting is desirable for fair evaluation in multi-class
classification. This balanced representation allows the trained models to see all classes, and as

a result predictions on test data are realistic quantities without any bias and mismatches.

3.6 Model Architecture

In this section we explain architecture of the base classifiers machine learning models and our
proposed model -hybrid stacking ensemble model, OutcomeHyX. The selected models are a
mixture of learning paradigms: tree-based methods, distance-based classification, kernel-based
learning, boosting and ensemble stacking. These structures lay a solid groundwork for the
comparison of performance and illustration of improvement introduced by hybrid mode

proposed.

3.6.1 Random Forest

Random Forest is an ensemble learning technique that generates a set of decision trees during
training and outputs the class that is the mode of the classes of individual trees. Each tree is fit
on a bootstrapped sample of the dataset and at each decision point, only a random subset of
features is considered. This randomness makes the model more robust by limiting overfitting
to single realizations of a phenomenon. Random Forest works well with both numerical and
categorical features and works great on non-linear patterns of data. For better tolerance to
variety, we adopt Random Forest AS one of the baseline methods, because it has a strong

generalization ability and works well in various prediction problems.

3.6.2 Support Vector Machine (SVM)

Support Vector Machine is a well-known supervised learning technique that attempts to
identify the optimal hyperplane that separates classes maximizing the distance between data
points and a decision boundary.
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The Radial Basis Function (RBF) kernel allows the SVM to fit non-linear complex
relationships in high-dimensional spaces. SVM works well in high dimensional feature space
compared to the samples. SVM is utilized in the hybrid stacking model as well, because of its

powerful generalization on non-linear decision boundaries.

3.6.3 XGBoost

XGBoost is a sophisticated boosting algorithm that creates an ensemble of weak model in
continuations, usually (but not always) with decision trees whereby the new tree tries to correct
the errors in residual error made by its predecessors. XGBoost includes regularization terms,
shrinkage, column subsampling and computation optimization to enhance model accuracy and
reduce overfitting. Its outstanding performance in several Kaggle competitions and research
papers allows it to be a strong baseline model in this thesis. We also include XGBoost due to
its strong prediction and capability of modelling complex interactions among features.

3.6.4 K-Nearest Neighbors (KNN)

K-Nearest Neighbors is a distance-based algorithm which assigns a new data point to the
majority class of its k nearest neighbors in the feature space. No assumption about the form of
the data is made, making it effective for data with non-linear class boundaries. Nevertheless,
its effectiveness highly relies on the selection of k value and the distance measure. In this work
we use KNN as a baseline model to compare with ensemble and kernel methods. It assists
determining the improvement possible when advanced hybrid models like OutcomeHyX are
introduced.

3.6.5 OutcomeHyX (Proposed Hybrid Stacking Model)

OutcomeHyX is the hybrid ensemble model proposed in this study to improve student
outcome prediction accuracy. It is based on the stacking method, which involves multiple base
learners producing predictions that are then used as input for a secondary learner. The model
consists of:
Base Learners

« Support Vector Machine (SVM) with RBF kernel

« Random Forest Classifier
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Meta-Learner

o Logistic Regression (Multinomial)

The final prediction is made by the meta-learner on base learners’ output probabilities.
Through the combination of different learning paradigms, OutcomeHyX exploits the
advantages each model brings and mitigates their respective limitations. This nested structure
enhances generalization, decreases classification errors and compels the prediction of multi-
class outcomes. Experiments reveal that OutcomeHyX significantly outperforms all baseline

models, and it emerges as the most effective architecture studied herein.
3.7 Model Evaluation

We evaluated the performance of all machine learning models in this study, baseline classifiers
as well the proposed hybrid ensemble model OutcomeHyX with a set of widely used evaluation
metrics. Because in the present work, we focus on a multi-class prediction task (Among
Dropout, Enrolled and Graduated) as the target dependent variable, criterion for model
evaluation is chosen to cater classification accuracies of individual class along with overall
reliability of model across all classes. All evaluations are done in terms of Accuracy, which is
the percentage of correctly predicted examples out of the entire instances. Yet since accuracy
does not reflect performance completely in imbalanced datasets, 1 also computed other metrics
like Precision, Recall and F-1 Score for each class. Precision indicates the proportion of
instances that were predicted as class Y that are actually class Y, while recall means the extent

to which a model correctly identifies all class Y when presenting them.

The confusion matrix is performance evaluation technique to summarize the predictions of a
model by comparing actual and predicted classes. It shows the correct number of
classifications along the diagonal, while off-diagonal cells contain misclassifications. This
becomes instrumental to reveal which classes the model is having trouble with and where the
errors are being made. In the case of multiclass predictions, confusion matrix also displays
class-wise accuracy, false positive rates and false negative rates.

Performance of the machine learning models employed in this study is measured with various
standard classification metrics. It is this aspect that these mathematical formulations cover to

contribute in quantifying how well the model works and also to have a universal means of
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comparing all algorithms, including our proposed OutcomeHyX model.

_ (TP+TN+FP+FN) 31
Accuracy = B T—
Precision = 3.2
TP+FP

_ TP

Recall = PN 3.3

Fl1=2%* Precision * Recall 3.4

Precision+Recall

Taken together, these equations define how the quality of prediction is quantified for all
classes. They guarantee to obtain an adequate evaluation when the dataset is imbalanced as
well, and expose pros as well cons of each model. Analysis of these metrics shows that

OutcomeHyX outperforms classical machine learning approaches.
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CHAPTER 4

EXPERIMENTAL RESULT ANALYSIS

4.1 Overview

In this chapter, we provide experiment results with testing the chosen machine learning models
and our proposed hybrid stacking ensemble model, OutcomeHyX. This study aims to
investigate how the performance of each model for predicting students’ three academic
outcomes categories (i.e., Dropout, Enrolled and Graduate) differs when trained on
preprocessed and SMOTE-balanced data. The experimental analysis considers four types of
baseline models: Random Forest, SVM, XGBoost and KNN for tree-based learning, kernel-
based learning (including SVM), boosting learning (including XGBoost), distance-based
strength learning, respectively. These models are meant as baselines for comparison against
the gain of using a hybrid model. Performance is evaluated through several metrics such as
accuracy, precision, recall and F1-score; confusion matrices and ROC-AUC curves complete
the picture of prediction performance across all outcomes. Visualizations: Reports are
enriched with graphics (e.g. bar charts, heatmaps, ROC curves) that facilitate the interpretation
of the results. Finally, the performance of the proposed OutcomeHyX model is evaluated, and
it is shown how this hybrid architecture provides better predictive accuracy than all baseline

models considered in this study.

4.2 KNN Experimental Result

The performance of the KNN model is reasonable in predicting student academic performance
with all the attributes considered. Although the model has decent performance for correctly
predicting Graduate and Dropout classes, its accuracy for the Enrolled class is still relatively
low. The global training accuracy is 72.56%, while the testing accuracy falls to 58.64% with
a poor generalization. Class imbalance before applying SMOTE and mixed feature patterns
may lead to these discrepancies. In summary, KNN does a decent job considering that it is

actually outperformed by numerous sophisticated ensemble-based Methods).
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Table 4.1: Training and Test Confusion Matrices for KNN Model
This figure shows confusion matrices of the KNN classifier and demonstrates how well the
model classifies between three different outcomes (Dropout, Enrolled, and Graduate) in

training and testing sets.

Table 4.1: KNN Performance Results

Metric / Class Dropout (0)  Enrolled (1)  Graduate (2) Overall / Avg
Precision 0.5699 0.3060 0.6743 0.5746

Recall 0.5458 0.2579 0.7308 0.5864
F1-Score 0.5576 0.2799 0.7014 0.5795
Support 284 159 442 885

Train Accuracy 0.7256

Test Accuracy 0.5864

The KNN-based classifier performance does reasonably in predicting student academic status,
better results are yielded for the Dropout and Graduate types in comparison with the Enrolled
type. The model has a moderate precision and recall in the Graduate class, and performs
particularly very poorly in identifying “Enrolled” students; resulting in lower per-class F1-
scores.
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The complete test and training accuracies for case 3 were 58.64% & 72.56%(b)respectively,
suggesting a low generalization of the model might be suffering from overfitting issues as well.
This performance difference indicates that KNN is very affected by a small OV and imbalance
in distribution of class even with balanced dataset (Created manipulation using SMOTE). The
ill-informed matrix, and ROC curves readily confirm weaker discrimination against minority
classes. In general, the results indicated that KNN is not an appropriate model for this

predicting task comparing to better ensemble-based models.

Multiclass ROC Curve (KNN)
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Figure 4.2: ROC Curve for KNN Model

The ROC curves show the Capacity of KNN Model to Discriminate Among Classes. Both
Dropout and Graduate classes obtain relatively moderate AUC scores of 0.74 and 0.75,
respectively, indicating the reasonable separability. The Enrolled class does however not
classify well and has low AUC of only 0.61, indicating it is difficult to separate this class
correctly. The general ROC performance indicates that KNN performs poorly in multi-class
discrimination, particularly covering minority classes or overlapping classes. As such, we can
conclude that the strong models, such as OutcomeHyX are required for better predictive

performance.
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4.3 SVM Experimental Result

The prediction from the SVM model is very accurate for all three student outcome categories.
It attains a high training accuracy of 83.02% and strong test accuracy of 75.82%, showing a
reasonable generalization performance. The model achieves excellent results in Graduate/
Dropout classification with high values for both precision and recall. Though the Enrolled
class remains moderate for performance, SVM greatly advances it over KNN and the baseline
models. In general, SVM offers a strong classification base and performs better than the
simpler models.
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Figure 4.3: Train and Test Confusion Matrices of the SVM Model

From the confusion matrices we can see that SVM has high accuracy for distinguishing both
of Dropout and quantity Graduate students. But there is still a relatively high level of moderate
misclassification in the Enrolled category, as observed with other models. The repeatability of
the prediction performance is verified by examining the structure of a test matrix, which is
characterized by strong diagonal values. The much larger Graduate and Dropout correct
predictions indicates the efficiency of SVM in discriminating these classes. These trends
validate that SVM can better capture the non-linear complex separation boundary of the
dataset.
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Table 4.2: Performance Metrics of the SVM Model

Metric / Class Dropout (0) Enrolled (1) Graduate (2) Overall / Avg

Precision 0.8408 0.5000 0.7746 0.7465
Recall 0.7254 0.3522 0.9253 0.7582
F1-Score 0.7788 0.4133 0.8433 0.7453
Support 284 159 442 885

Train Accuracy 0.8302
Test Accuracy 0.7582

SVM model also has good prediction capability on the student academic performance, and a
training accuracy 83.02% and test accuracy 75.82%, which means that it can generalize well.
The Graduate class exhibits the best prediction capability with a recall of 0.9253 and an F1-
score of 0.8433, whereas also the Dropout class has good performance with reasonable
precision and high recall. SVM classification works better than KNN even for the "true” class
(which, to be fair, is somewhat weaker in SVM compared to other classes). The prominent
diagonal patterns of the confusion matrices indicate that we can always make accurate
predictions for the most known classes. Furthermore, the ROC-AUC values (0.91 for Dropout,
0.78 for Enrolled and 0.91 for Graduate) demonstrate outstanding class separability. In general,
the SVM performance indicates it as one of the best standalone models considered in this

work.

The SVM ROC curves demonstrate strong discriminative ability for both of the Dropout and
Graduate classes with an AUC of 0.91. The Enrolled class is performing less than moderate
by having AUC = 0.78, but it still strongly outperforms distance-based models such as KNN.
The smooth and separated curves in ROC are demonstration of ability of SVM to handle non-
linear separation. In general, the ROC-AUC analysis validates that SVM is one of the most
robust classifiers among our baseline models. Not surprisingly, its performance supports the

effectiveness of SVM as a base learner in the OutcomeHyX hybrid architecture.
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Figure 4.4: ROC Curve for SVM Model

From the steep ascent of the curves towards y-axis, it is evident that model retains higher true
positive rate even at lower false positive rates. This behavior verifies that SVM is better able
to capture "academic” and "performance"-related patterns than linear or proximity-based
classifiers. The stability of the ROC measure across categories also implies high model
stability in terms of class distributions. Moreover, the near-optimal AUC values for two well-
represented classes show how SVM can generalize far beyond training data. These
observations indicate that SVM is relatively strong in detecting both RA and RP students

correctly.

4.4 XGBoost Experimental Results

The performance of the XGBoost model is significantly high with 83.41% training accuracy
and 76.72% testing accuracy making it one of top classifiers in our baseline runs. It shows
good performance in predicting the Graduate and Dropout classes, achieving high precision,
recall as well as F1-scores. On the Enrolled class, which is already weaker, we observe it
performs even better than in KNN and SVM suggesting that the class recognition was well

improved.
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The boosting strategy of XGBoost allows it to model complex feature interactions well. All in

all, XGBoost provides solid and predictive forecasts among all categories of outcomes.
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Figure 4.5: Train and Test Confusion Matrices of the XGBoost Model

Confusion Matrices for Train and Test after running XGBoost model Figure X: Train and test

image ect confuse matrix of the XGBoost Model. This plot shows class level prediction

accuracy and misclassification behavior of the XGBoost classifier on training set and test set

classes, in particular it excels in predicting Dropout and Graduate students.

Table 4.3: Performance Metrics of the XGBoost Model

Metric/ Class  Dropout (0) Enrolled (1) Graduate (2) Overall / Avg

Precision 0.8008 0.5517 0.7992 0.7552 (Weighted)
Recall 0.7359 0.4025 0.9186 0.7672 (Weighted)
F1-Score 0.7670 0.4655 0.8547 0.7566 (Weighted)
Support 284 159 442 885
Train Accuracy 0.8341
Test Accuracy 0.7672
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The predictive accuracy is robust and reliable of the XGBoost model for three outcomes.
where it obtains the training accuracy of 83.41% and the test accuracy of 76.72%,
demonstrating remarkable generalization ability. The Graduate class has a high recall rate of
0.9186 and F1-score of 0.8547, as the Dropout class also shows to be highly reliable. Although
Enrolled is the most difficult class, for which XGBoost performs better than SVM and KNN.
On each confusion matrix, one can observe the clear diagonal dominance representing correct
separation between classes. (0.92, 0.83, 0.93)] (the ROC-AUC rates for these models in
parenthesis) that corroborate the high discriminative ability of XGBoost as well.
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Figure 4.6: ROC Curve for XGBoost Model

The ROC curves for XGBoost show great class wise discrimination, with AUC values of 0.92
for Dropout, 0.83 for Enrolled and 0.93 for Graduate respectively. These large AUC values
show high capacity of the model to discriminate among the outcome classes. The curves climb
sharply towards the upper left-hand corner, which indicates that XGBoost keeps a high true
positive rate for very low false positive rates. The Graduate class in the particular case displays
a near perfect separability as a result of being strongly predictive. The membership class is
weaker than that of SVM and KNN, but it is stronger than Enrolled.
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4.5 Random Forest Experimental Results

The performance of the Random Forest model is strong, and the training accuracy reaches
79.57%, while the test accuracy is 73.60%, which indicates stable generalization ability. It
works with the best in case of Graduate and Dropout classes which can be found in higher
precision as well as F1-score. Enrolled demonstrates far stronger performances than KNN,
albeit still weaker than those of other classes because of overlapped feature pattern. The
variance of RF and misclassification can also be reduced by averaging over multiple decision

trees.
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Figure 4.7: Train and Test Confusion Matrices of the Random Forest Model

This graph demonstrates the class-level performance of Random Forest classifier on train and
test datasets, which represents a distribution of correct & incorrect predictions in terms of
categories (Dropout, Enrolled and Graduate). The confusion matrices show that a high
percentage of Graduates are correctly classified by Random Forest with strong learning from
good student’s patterns. Although some confusion with the Enrolled crated still exist, it is also
well predicted the Dropout class. We find that the Enrolled class achieves better recognition
than previous models, but is still the most difficult. Consistent correct classification is implied
by each of the two matrices being diagonally dominant. The balanced error distribution of the
model is indicative of its robustness and its capability to capture intricating relationships in
the data.
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Table 4.4: Performance Metrics of the Random Forest Model

Metric/ Class  Dropout (0) Enrolled (1) Graduate (2) Overall / Average

Precision 0.8391 0.4304 0.8541 0.7732
Recall 0.6796 0.6415 0.8077 0.7367
F1-Score 0.7510 0.5152 0.8302 0.7482
Support 284 159 442 885

Train Accuracy — — — 0.7957
Test Accuracy — — — 0.7360

The Random Forest model has strong and balanced predictive power with training and test
accuracies of 79.57% and 73.60%, respectively, suggesting good generalizability. Regarding
Graduates, the selected model obtains an F1-score above of 0.8302 which is a good evidence
that the high-performance students were well-captured. The Dropout category is also observed
to have high precision and recall, however with still some misclassification into the Enrolled
category. Enrolled The Enrolled class has a moderate increase over KNN although still
problematic in the classification because of the overlapped feature characteristic. The
weighted average for precision (0.7732), recall (0.7367) and F1-score (0.7482) attest the
overall robustness of the model. Being both confusion matrices diagonally dominant reflects
those correct predictions are maintained throughout. The ROC-AUC scores (0.81, 0.91, 0.93)
also confirm Random Forest as a solid classifier. In conclusion, Random Forest is one of the
best baseline models for evaluation before hybrid based OutcomeHyX framework.

The ROC curves of Random Forest show good discriminating power for the three types of
outcomes. Strong separability and reliability are supported by AUC values of 0.91 (Dropout),
0.81 (Enrolled) and 0.93 (Graduate). The bottom-left part shows an upswing in the curves: both
of them exhibit high true positive rates at low false positives. The Graduate class shows near-
perfect performance, as does XGBoost, which says that the consistent pattern in academic
success you are trying to capture is found by RF. The Dropout curve also exhibits a strong
discrimination, which demonstrates the performance of pertaining to model in correctly predict

potential dropouts.
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Figure 4.8: ROC Curve for Random Forest Model

The AUC of the Enrolled class is less but better than that of KNN and shows increased class
sensitivity. The smoothness of the curve represents the model stability to different thresholds.
These results verify good performance of Random Forest as a base model and supports the
decision to use it as one of the base learners for comparison. In general, the ROC analysis
shows that RF can well model the non-linearity and is therefore a consistent classifier for

predicting student success.

4.6 OutcomeHyX (Stacking) Experimental Results

The best performance is achieved under the proposed OutcomeHyX stacking model,
compared to all baseline and ensemble methods. The hybrid network shows the high potential
of generalization and robustness with 99.49% (training) and 87.46% (test) accuracy
performance. OutcomeHyX is able to correctly classify all three of the student outcome types,
including unprecedented improvements in predicting the Enrolled class (corresponding to
highest difficulty). The model successfully leverages the complementary advantages of SVM
and Random Forest using a Logistic Regression meta-learner. In sum, OutcomeHyX proves to

be the most robust and accurate predictor in the study.
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Figure 4.9: Train & Test Confusion Matrices of the OutcomeHyX Model

The confusion matrices display almost perfect classification accuracy in the training set and
low misclassification levels across all classes. | In the testing set, the model is very effective at
predicting who are Graduate students (442 correct out of 450). It can be seen that the Dropout
class also has a good performance and is only slightly misclassified. Enrolled achieves
significant results compared to RF, SVM and XGBoost, indicating that the stacked learning is
efficient. In general, the confusion matrix is another indication of the higher discrimination

capability of the hybrid model.

Table 4.5: Performance Metrics of the OutcomeHyX Stacking Model

Metric / Class Dropout (0) Enrolled (1) Graduate (2) Overall / Average

Precision 0.8417 0.9752 0.8683 0.8790
Recall 0.8239 0.7421 0.9548 0.8746
F1-Score 0.8327 0.8429 0.9095 0.8729
Support 284 159 442 885

Train Accuracy — — — 0.9949
Test Accuracy — — — 0.8746
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The OutcomeHyX stacking model demonstrates excellent prediction with all the three
outcomes, significantly outperforming for all baseline classifiers. The Graduate class observes
high F1-score 0.9095 due to good recall (0.9548) and precision (0.8683), suggesting high
separability is achieved between negative and positive instances. Results for Enrolled class
demonstrate a great success with the precision of 0.9752 and the F1-score value of 0.8429 in
resolving classification problems in the previous models. The Dropout class also achieves a
balanced precision (0.8417) and recall (0.8239). The weighted averages of precision (0.8790),
recall (0.8746) and F1-score (0.8729) demonstrate the general stability and reliability of the
model, consistent with previous researchers’ conclusions 15 . The fact that our model has a
very high training accuracy (0.9949) with dramatically larger test accuracy (0.8746) indicates
good generalization without serious overfitting. OutcomeHyX Overall, OutcomeHyX provides
the finest grained and robust predictive performance in student outcomes.

OutcomeHyX Classification Metrics by Class (Test Set)

I Precision
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Figure4.10: Performance Metrics of the OutcomeHyX Stacking Model
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Figure 4.11: ROC Curve for OutcomeHyX (Stacking) Model

The ROC curves of OutcomeHyX indicate good discriminative ability for all three outcome
categories with AUC values of 0.95 (Dropout), 0.96 (Enrolled) and 0.96 (Graduate) which are
the highest among all evaluated models, respectively. These bounded curves also rise steeply
and after a certain point, flatten near the top which indicates that they possess very high true
positive rates at extremely low false positive rates. The ROC curve shape of the Graduate class
is close to ideal, which means there is great separability. Enrolled, which had been the worst
class in all models, has now become one of the strongest by its AUC value with the strength of
stacked learning. The smooth, well-separated curves demonstrate invariance of stability with
respect to different thresholds. This excellent ROC performance is due to OutcomeHyX's
capability of modeling interdependencies between features and of representing
complementary decision boundaries. Hybrid models significantly reduce error variance and
increase predictive robustness. Superior result as compared to the ROC of RF, SVM and
XGBoost, the ROC of OutcomeHyX consistently ob-soverwhelm (Figure7). Generally, the
results from the ROC analysis verify OutcomeHyX as the most accurate and consistent models

for multi-class educational outcome prediction.
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4.7 Comparative Analysis

All model’s comparison of all the models shows that traditional classifiers like KNN did worse
compared to some enhanced models such as SVM, Random Forest and XGBoost which
provided significantly good accuracy. In all models, the new hybrid ensemble model
OutcomeHyX achieves the best performance, outperforming every baseline in accuracy and
class-wise measurements. This demonstrates that the stacking of SVM and Random Forest

leads to a substantially boosted predictive performance for multi-class student outcome

prediction.
Table 4.6: Model-wise Test Accuracy Summary
Model Test Accuracy
KNN 0.5864
SVM 0.7582
Random Forest 0.7360
XGBoost 0.7672
OutcomeHyX (Stacking) 0.8746

The suggested hybrid stacking model, OutcomeHyX, outperforms all baseline models since it
can take advantage of the complementary properties across different classifiers. Classical
methodologies like KNN, SVM, Random Forest and XGBoost capture various properties of
the feature space but none of them can fully describe the complex non-linear high-dimensional
structure in student academic data. By incorporating SVM (strong at high dimensional, non-
linear) and Random Forest (good at noisy features and variance reduction) as base learners,
OutcomeHyX gets the advantages of two distinctive learning styles. In addition, the prediction
probabilities from these base models are aggregated by the Logistic Regression meta-learner,
hence allowing the hybrid model to compensate for errors of individual models and enhancing
global classification stability. This forma of hierarchical learning enables OutcomeHyX deeper
relationship alma which single models do not have that capability of capturing. The large gain
in the test accuracy (87.46%) and decent class-wise F1-scores baselines show that stacked
model design is indeed successful. This gap in discriminative power is also confirmed by the
ROC-AUC scores (0.95- 0.96) when all classes are considered for OutcomeHyX, far
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exceeding single models’ capacities. The above combination of multiple decision boundaries,
lower model variance and stronger class separation taken together help to explain why
OutcomeHyX presents superior performance over any other learning model through student

outcome prediction.

The model OutcomeHyX hybrid performs better than other baseline models, because it takes
advantage of similarity strengths from SVM and Random Forest in complementarity (capture
non-linear patterns through RF) (and feature interactions through SVM). In conjunction with
the base learners, the Logistic Regression meta-learner helps in refining and correcting
prediction signals. This stacking is a way to minimize the model-specific defects and make
better-overall confidence decisions. As a consequence, OutcomeHyX offers the best accuracy
and F1-scores, especially for the challenging Enrolled class. In total, its performance
outperforms significantly the hybrid model and proves it as a better-most reliable and accurate

system in predicting student outcomes.
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CHAPTER 5

CONCLUSION

5.1 Summary of the Study

This study was aimed at predicting student academic performance categories Dropout,
Enrolled and Graduate using machine-learning approaches, a novel hybrid model called
OutcomeHyX. Preprocessing the dataset the study started satellite with by preprocessing the
dataset including dealing with missing values, encoding categorical attributes and applying
SMOTE to tackle class imbalance. Several baseline models, such as KNN, SVM, Random
Forest and XGBoost were used to construct the comparative performance baselines. All
models performed to some degree of accuracy, indicating their capabilities and limitations for
processing complex educational data. The resulting OutcomeHyX model was built using the
stacking ensemble architecture, with SVM and Random Forest as base learners and Logistic
Regression as the meta-learner. Results Experiments demonstrated considerable
enhancements of the prediction accuracy and class-wise performance. The model was able to
classify particularly difficult categories with higher accuracy, especially Enrolled. Overall, the
study demonstrated its promise for hybrid ensemble learning in predicting educational

outcomes.

5.2 Key Findings

The result showed that basic machine learning algorithms, such as KNN, did not work well for
multi-class classification they had low accuracy and poor separability. SVM, Random Forest
and XGBoost showed much better performance, where each had its own strength in certain
types of classification (e.g., prediction of Dropout or Gradate). Despite these good
performances, room for improvement still existed in cases of all classes to be predicted
consistently, particularly the minority Enrolled class. The proposed OutcomeHyX model also
significantly surpassed the all-baseline models with a highest test accuracy of 87.46%. It also
achieved good class wise F1-scores and improvements were found in all categories. ROC-
AUC > 0.95 were considered to have excellent discriminative capacity.

The stacking method provided a successful combination of the advantages of models and
improved its fitting and generalization abilities. The results clearly demonstrated that
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ensemble methods as hybrid were better than single models applied on complex educational

dataset.

5.3 Contributions of the Research

This study presents a new hybrid ensemble model named OutcomeHyX for multi-class
academic outcome prediction. Its contribution lies in showing the strength of stacked models,
SVM’s non-linearity and Random Forest resilience in tandem with Logistic Regression
optimization. The research also demonstrates the utility of SMOTE and feature engineering
for balancing classes and model performance. The research contributes to future educational
data mining studies by offering a complete comparative analysis among several models. The
methodological and workflow approach is generalizable to other academic institutions
desiring to create predictive systems, for purposes of monitoring student performance.
Furthermore, the study underscores the power of advanced ensemble learning in
accommodating noisy, imbalanced, and high-dimensional academic data. In general, the study
contributes to the EDM field and suggests a basis for future developments.

5.4 Practical Implications

Implications and worth for the prevention of attrition and academic failure in colleges. CO
Predictive analytics from OutcomeHYX can help institutional leaders to identify at-risk
students early and develop interventions. The high accuracy and reliability of the model
demonstrate its real-world applicability in academic analytics systems. Better forecasting of
student outcomes can reduce drop-out rates, provide improved academic advising and enhance
enhanced student support services. Teachers can better comprehend performance trends and
adjust teaching methods accordingly. With its stable model, institutions can feel confident
making decisions on the basis of dependable forecasting. Additionally, the hybrid model can
also be incorporated into dashboards or early-warning systems for ongoing monitoring of
students’ progress. Therefore, this study represents an instrumental guide to enhance
educational administration.

5.5 Recommendations for Future Work

For future studies, we may consider incorporating additional sources of data (e.g., attendance
logs and learning management system interactions, or behavioral records and psychological
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attributes) to enhance predictive power. More sophisticated deep learning methods such as
LSTM, CNN-based or Transformer-based models might be considered to investigate their
ability in capturing more complicated temporal and sequential patterns. Also, introducing
explainable AI(XAl)techniques and tools would mitigate concerns about interpretability and
trust on predictions for institutional actors. Cross-institutional data comparisons might
improve the generalization of the model. Running the model on larger dataset or in real
academic systems will give us some clue of the scalability. In addition, methods of
hyperparameter optimization such as the Bayesian search, or genetic algorithms could
improve model accuracy. Finally, a practical usage of OutcomeHyX would be necessary to

fulfill its requirements.

5.6 Limitations

Although the OutcomeHyX model has outperformed all baseline models adopted in this study,
there are a few limitations that should be noted. First is that the dataset used in this study comes
from a single institution and could therefore limit the generalizability of this model to other
academic settings. Second, although we have used SMOTE for synthetic oversampling, the
generated samples may contain noise or artificial patterns that do not fully reflect real student
behavior. Third, the model is overly reliant on quantitative academic and demographic factors,
with significant considerations of the qualitative elements (e.g., motivation, emotional well-
being, learning involvement) excluded. The model presented here is also computationally
expensive to train because of its multiple layers, which can restrict viability in resource-poor
settings. Finally, this research did not investigate cross-validation or time-based validation

methods in the identification of long-term model steadiness.
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