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Abstract: Education is crucial for personal and economic growth, but financial challenges in developing countries hinder
equitable academic success. NGOs administer scholarship programs to empower underprivileged individuals, a crucial
step towards the attainment of Sustainable Development Goal 4, which aims to provide inclusive and equitable quality
education for all. This study proposes a novel Scholarship Award Recommendation System that leverages predictive
modelling and ensemble learning to identify deserving students for scholarship awards. The system utilizes a robust
ensemble model that combines the strengths of Quadratic Discriminant Analysis (QDA), Random Forest (RF), and Extra
Trees (ET) to predict students' academic performance. Additionally, we incorporate answers from the General Mental
Health Questionnaire (GHQ-12). The GHQ-12 responses are pre-processed using a binary scoring approach (0-0-1-1)
and integrated as predictive variables alongside academic and demographic features. We apply this framework to a case
study of Nigerian university students in partnership with Springtime Development Foundation. The results indicate that
incorporating GHQ-12 features significantly enhances prediction accuracy, with QDA, RF, and ET achieving accuracy
scores of 0.90, 0.86, and 0.89, respectively. Statistical analysis using a t-test confirms the relevance of GHQ-12 features,
with a p-value of 0.0013 establishing a significant correlation between student performance and mental health status. The
study showed the effectiveness of the ensemble model in accurately predicting students’ academic performance. It
highlights the significance of incorporating variables from the GHQ-12 into the predictive model, indicating mental health
as a crucial factor for predicting academic performance which in turn enhances the performances of the Classification
Models considered.

Index Terms: Machine Learning, Classification Models, Prediction, Students’ Academic performance, GHQ-12,
Quadratic Discriminant Analysis, Random Forest, Extra Trees, Recommender System.
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1. Introduction

Education is a lifelong process that prepares individuals starting from birth and continuing throughout one's life to
develop their potential and achieve success. It is a fundamental need for both developed and developing countries' growth
and development [1]. Financial issues in developing countries significantly impact education, affecting the quality and
accessibility of learning opportunities. These issues can lead to limited access to quality education, learning materials,
textbooks, and other resources, such as computers or laboratory equipment, which can hinder the learning process.
Therefore, it is crucial to effectively address these financial issues to improve the educational system in these countries
[2,3].

NGOs are non-profit organizations that address social, environmental, and humanitarian issues. They are often
established by individuals or groups to advocate for causes, provide services, or undertake development projects [2].
Examples include the Springtime Development Foundation (SDF), which sponsors students at Adeleke University Ede
in Nigeria, covering tuition, food, and accommodation. The foundation's goal is to ensure students' success by maintaining
high academic performance, justifying its investment. These scholarships act as a lifeline for underprivileged communities,
giving people the chance to escape poverty cycles and reach their full potential. Nonetheless, overseeing scholarship
programs is not without its difficulties. NGOs frequently get a high volume of applications, each of which reflects a
distinct set of circumstances, credentials, and goals. A thorough and impartial screening procedure is necessary in light
of the volume of applications received to guarantee that scholarships are given to students who have the best chance of
succeeding academically and making a positive effect on society [3].

Scholarship selection has traditionally been a manual process, prone to human bias and time-consuming. With the
exponential growth of applicants, it's becoming increasingly challenging for NGOs to evaluate each application
thoroughly [4]. Advancements in machine learning and artificial intelligence (AI) have shown promise in revolutionizing
decision-making processes [5]. Al can automate the initial screening of applications, provide valuable insights into
applicant qualifications, and aid NGOs in making more informed and objective decisions. This technology has the
potential to enhance the scholarship selection process and improve the overall decision-making process for NGOs [3].

With machine learning algorithms, it is possible to develop predictive models that can identify 'students-at-risk' early
in their academic journey [6]. These models can analyze a multitude of variables, including demographic information,
prior academic performance, socio-economic indicators, and engagement metrics, to provide timely interventions and
tailored support. The integration of a machine learning approach to scholarship decision-making holds the potential to
streamline the evaluation process, reduce administrative burdens, and increase the overall efficacy of scholarship
programs. By leveraging data-driven algorithms, NGOs can identify patterns and indicators that correlate with academic
success, socio-economic needs, and potential for positive community impact [3].

This study aims to develop a predictive model that leverages a heterogeneous ensemble of machine learning
algorithms to forecast students' academic performance thus facilitating scholarship decisions by analysing student data
from select Nigerian universities. By combining the strengths of Random Forest, Extra Trees, and Quadratic Discriminant
Analysis, we create a robust model that predicts students' academic outcomes. The ultimate goal is to inform
recommendation decisions for students, enabling timely interventions and support. Our approach utilizes a range of
academic and demographic variables, as well as mental health indicators from the General Mental Health Questionnaire
(GHQ-12), to identify the most significant predictors of academic success. The proposed model has the potential to
revolutionize academic advising, scholarship allocation, and student support services, providing a data-driven framework
for institutions to promote student success and academic excellence.

2. Related Works

In a study by Eyman and Dilek [7], academic achievement at the College of Computer Science and Information
Technology (CCSIT) in Saudi Arabia was predicted using WEKA, or Waikato Environment for Knowledge Analysis.
Three decision tree classifiers—J48, REPTree, and Random Tree (RT)—were applied to the student dataset in order to
predict the students' achievement in their graduation year. The results showed that the J48 classifier outperformed both
REPTree and RT in terms of predicting students' academic performance, with an accuracy of 69.3%. Important factors
that were found to have an impact on academic performance included the Prep year CGPA, the Computer Skills course,
Communication Skills course, and Math.

Adejo et al. [8] conducted a study on predicting students' academic progress using data from UWS. The study
employed a quantitative research methodology with data samples from 141 University of the West of Scotland students.
PCA was used to identify the significant factors required for prediction. The study showed a relationship between the
variables that were found and enhancements to the performance prediction model. The results indicate that the ensemble
classifier outperforms the base classifiers in terms of accuracy, precision, recall, and RMSE. According to the study, the
hybrid model ensemble classifier outperforms other ensemble classifiers in terms of performance.

Adekitan and Salau [9] used DM techniques in a different study to forecast the graduation CGPA of engineering
students at Covenant University in Nigeria. Consequently, six distinct DM algorithms were used. Logistic regression
yielded the maximum accuracy of 89.15% for the classification strategy. According to the findings, engineering students'
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ultimate CGPA for their fifth year of study may be fairly predicted based on their CGPA for the first three years of study.

In the study conducted by Zabriskie et al. [10] three independent variables were utilized: the performance on three
midterm examinations, the cumulative grade point average, and the grades of students in four required courses. In order
to forecast academic success using the LIME algorithm, the study illustrated the most important components needed for
each student. This presented the use of classification algorithms to predict academic accomplishment in students. Random
forests and logistic regression were used to forecast students' grades. In order to better understand the classification model,
which was employed to identify students who were at risk of failing, the LIME technique highlights the characteristics
that were critical in predicting a student's future performance. The provided approach gauges the model's correctness
using a 10-fold cross-validation.

Zeineddine et al. [11] found the optimal hyperparameters and classification model using AutoML. The Auto-Weka
search strategy was used in conjunction with the hyper-parameter optimization option. An automated machine learning
procedure iterated over the list of prediction approaches and the accompanying hyper-parameter values to find the model
with the best accuracy. The outcome of this process is the Ensemble Model, which integrates many approaches like
Decision Trees, Support Vector Machine, Naive Bayes, K-Nearest Neighbors, K-Means Clustering, Artificial Neural
Network, and Logistic Regression.

Aybek and Okur [12] created a model employing an Artificial Neural Network (ANN) in order to forecast how well
students will perform in the course overall and on final exams. The criteria that were applied were the midterm exercise,
educational history, and demographic information. The student data was gathered and assessed using Multilayer
Perceptron (MLP) and Radial Basis Function (RBF). The results show that the factors pertaining to the students' midterm
exam scores, university entrance exam scores, and year of secondary school graduation had the most importance for
explaining their final exam scores and success rates. The result shows that predictions made using Multilayer Perceptron
MLP provided more accurate results than predictions made using RBF, with an error rate difference of over 4%.

Xu et al.’s study [13] employed machine learning algorithms to forecast academic success based on patterns in
internet usage. The association between internet usage and academic accomplishment was found, and decision trees,
neural networks, and support vector machines were used to predict academic outcomes from internet usage data. The
volume of internet traffic, the frequency of connections, and the amount of time spent online by 4,000 pupils were all
analysed. The true difference between usage characteristics and performance level was found using the Mann-Whitney
U test, and the association between students' internet usage characteristics and academic accomplishment was measured
using Spearman's correlation coefficient. The results of the study showed that pupils performed well when it came to how
frequently they connected to the internet, but poorly when it came to upload and download volumes. Hence, the amount
and frequency of Internet connections had a big influence on how well pupils performed academically.

A deep artificial neural network with sophisticated features was created and employed by Waheed et al. [14] to
analyse a collection of precisely crafted characteristics that were taken from clickstream data in virtual learning
environments. The objective was to identify pupils who could be at risk so that timely assistance might be provided. The
results showed that the recommended model had a classification accuracy of between 84% and 93%. The research
demonstrated that the deep artificial neural network outperformed the baseline models of logistic regression and support
vector machines. Specifically, the support vector machine's accuracy range was 79.95% to 89.14%, while the logistic
regression's accuracy range was 79.82% to 85.60%. The findings highlighted the important impact of incorporating
assessment-related data as well as historical data.

According to Asif et al. [15], academic success at graduation time for undergraduate students in a four-year program
may be predicted. The pre-university component of the student as well as transcript data from the first and second years
of the degree program were utilized with a reasonable degree of accuracy. Based on the graduating CPGPA objective
criterion, they divided the data into five categories in their study: A (90-100%), B (80—-89%), C (70-79%), D (60—69%),
and E (50-59%). For 210 undergraduate students at the University of Engineering in Pakistan, they utilized X-means,
Naive Bayes, K-Nearest Neighbor classifier, Neural Networks, Rule Induction, Decision Tree, Random Forest, and
information technology department methodologies. The findings showed that the Naive Bayes was regarded as the best
(83.65%).

Hussain et al. [16] carried out a study on the use of machine learning to predict secondary and intermediate students'
academic performance. Regression modeling and classification methods were employed in the study. In the study, there
was an improvement in classification accuracy and a decrease in root mean square error. Thirty carefully selected features
from student academic records were tagged and used to construct a regression model and a decision tree-based classifier.
The regression model oversaw predicting marks, whilst the classification technique focused on predicting grades. Ten-
fold Cross Validation was used to evaluate the model's accuracy. After that, a careful analysis of the outcomes generated
by these models was done. According to the findings, machine learning technology was efficient and pertinent in
accurately predicting student performance.

3. Predictive Model
Machine learning, a subfield of artificial intelligence (AI), is concerned with creating statistical models and

algorithms that let computers learn and make judgments on their own without needing to be explicitly programmed to do
so [17]. Conventional programming involves human writers creating precise instructions for a computer to follow [18],
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while, in contrast, a computer learns from data via machine learning. Based on the data it receives, it recognizes trends,
decides, and improves its performance.

Predicting the category or class to which a given input belongs based on its properties is the aim of classification, a
fundamental job in machine learning. This method of predictive modeling works best when the target variable is
categorical—that is, when it represents several classes or categories. The goal of classification is to predict categorical
target variables, which represent discrete classes or labels. For instance, it may be used to figure out if a patient is at high
risk of heart disease or if an email is spam. Classification algorithms acquire the capability to link input information to
one of the predefined classes. In essence, classification algorithms play a crucial role in automating decision-making
processes, making predictions from input data in a diverse array of real-world applications.

This research examines a range of 17 machine learning classification algorithms, which include Decision Tree,
Support Vector Classifier (SVC), Logistic Regression, K-Nearest Neighbors (KNN), Random Forest, Gradient Boosting,
AdaBoost, Gaussian Naive Bayes (NB), Bernoulli Naive Bayes, Ridge Classifier, Multi-Layer Perceptron (MLP)
Classifier, Quadratic Discriminant Analysis (QDA), Calibrated Classifier CV, Histogram Gradient Boosting, Passive
Aggressive Classifier, Linear SVC, and Extra Trees. The three (3) best performing algorithms for our classification task
are briefly explained in the following

3.1. Quadratic Discriminant Analysis

Quadratic Discriminant Analysis (QDA) is a supervised machine learning algorithm used for classification and
discrimination. It is a generalization of Linear Discriminant Analysis (LDA) that allows for non-linear separation of
classes. QDA estimates the parameters of the underlying Gaussian distributions and uses quadratic boundaries to separate
the classes. It is particularly useful when the classes have different covariance matrices, and the data is not linearly
separable. QDA has been widely used in various fields, including finance, marketing, and healthcare.

The prediction formula for QDA is shown as:

9 = argmax, |[~3loglTkl -  (x — uk)" Ti'(x — W) + logm] (1)

Where y is the predicted class label, k indexes the classes, x is the feature vector, L, is the mean vector for class k,
Y. k is the covariance matrix for class k, and 7, is the prior probability for class k.

3.2. Random Forest

Random Forest is a supervised ensemble learning algorithm used for classification and regression tasks. It combines
multiple decision trees to produce a more accurate and stable prediction model. Random Forest works by constructing a
collection of decision trees, each trained on a random subset of the training data and features. The algorithm then
aggregates the predictions from individual trees to produce a final prediction. Random Forest is known for its ability to
handle high-dimensional data, reduce overfitting, and provide feature importance scores.

The prediction formula for Random Forest is shown as:

1

Y=Y, T @

Where ¥ is the predicted class label or regression value, B is the number of decision trees, Tj, (x) is the prediction
from the bth decision tree, x is the feature vector.

3.3. Extra Trees

Extra Trees (ET) is a supervised ensemble learning algorithm used for classification and regression tasks. Similar to
Random Forest, but with some key differences, Extra Trees combines multiple decision trees to produce a more accurate
and stable prediction model. Unlike Random Forest, Extra Trees does not use bagging or feature randomness; instead, it
uses all the training data and features to train each tree. Extra Trees is known for its ability to handle high-dimensional
data, reduce overfitting, and provide feature importance scores.

The prediction formula for Extra Trees is similar to Random Forest in (2). Extra Trees has been used in various
applications, including image classification, bioinformatics, and predictive modeling.

4. Ensemble Learning

An ensemble model combines the predictions of multiple individual models to improve overall performance. Rather
than relying on a single model's prediction, ensemble methods base their predictions on the aggregate of several models
to produce a final prediction that often outperforms any individual model. The heterogeneous voting ensemble method is
a technique used to combine the predictions of different base models, in this case, QDA, RF, and ET, to produce a single,
more accurate prediction. Each base model is trained on the same dataset and receives different weights
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in the ensemble based on their individual performance. The final prediction is determined by a majority vote, where each
model's prediction is treated as a vote.

Algorithm I: Weighted Voting Heterogeneous Ensemble Model

Data: List of base models (M1, M2, ..., Mk), weights (wl, w2, ..., wk), test sample x
Result: Ensemble prediction for test sample x
1. Initialize:
- base models (M1, M2, ..., Mk)
- weights for each model (wl, w2, ..., wk) based on their performance
- threshold for decision (optional)
2. for each test sample x do
3 for each model Mi in (M1, M2, ..., Mk) do
4. y_i = Mi.predict(x)
5. end
6. y_ensemble pred =Y (wi *y i) fori=1tok
7. end
8. return (y_ensemble pred)

5. Recommender System

The predictive model's output is utilized by the recommender system to categorize students into three groups:
Recommended for Scholarship, Waitlisted, or Not Recommended. This categorization is based on predicted academic
performance and other relevant factors. The recommender system's primary goal is to provide a data-driven approach to
scholarship award decisions, ensuring that deserving students receive timely support. The recommender system's
workflow is presented in Figure 1.

Machine Learning Module

Voting Classifier Ensemble

| |

| |
Feature | ! Quadratic Discriminant
Feature2 : :

| |

i Lo
| [
| [
| : |
|

| Feature3 - ExtraTrees Classifier | :
| [
| [N
| [ |
| [N
| !

Featured

Feature5

Random Forest Classifier

Featuren

Recommended for Scholarship |

Waiting List |
Not Recommended |
____________________________________________ I
FC = First Class SU = Second Class Upper
SL = Second Class Lower TC = Third Class

PS =Pass

Fig. 1. Scholarship recommendation system architecture
6. Evaluation

6.1. Dataset Description

This study used a comprehensive dataset gathered from surveys of Adeleke University students that covered a wide
range of student characteristics. The dataset consisting of 183,962 observations included demographic information,
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academic history, and other relevant factors derived from the General Health Questionnaire (GHQ) that could impact
academic performance. Our goal was to predict the final grade achieved by students, which was categorized into five
levels: first class, second class upper, second class lower, third class, and pass.

To facilitate computational efficiency and manage memory usage during analysis, we partitioned the large dataset
into smaller chunks, each containing 391 randomly selected observations, a number calculated using the sample size
formula:

n=""trel 3)

Where 7 is the sample size, N is the total population, and e is the margin of error.

This chunking was performed using a stratified random sampling approach, ensuring that each subset retained the
overall distribution of key features, including academic performance and GHQ-12 scores. Preliminary experiments
confirmed that the predictive model's performance remained consistent across different chunks, thereby preserving the
integrity of the results.

Outlier detection and missing data handling were critical components of the data preprocessing stage. Outliers were
identified using standard statistical methods (such as the interquartile range method) and were either removed or capped
based on domain-specific thresholds. Missing values were addressed by applying imputation techniques (mean or median
imputation for numerical variables and mode imputation for categorical variables) to ensure a complete dataset without
introducing significant bias. These measures contributed to enhancing the overall reliability and robustness of the
predictive model.

6.2. Experimental Setup

The predictive model was developed on a robust Python framework using Anaconda, which integrates essential
libraries such as NumPy, Pandas, Scikit-learn, TensorFlow, and PyTorch. The dataset was first subjected to exploratory
data analysis (EDA) to optimize memory usage. Column data types were adjusted to be more memory-efficient, reducing
memory issues. Categorical features were converted into binary vectors using one-hot encoding for machine learning
algorithms. The dataset was divided into training and testing sets, with 80% used for training and 20% for validation. This
allowed for an unbiased assessment of model performance, ensuring accurate generalization to unseen data. This
optimization was crucial for handling large datasets without memory issues.

To ensure reproducibility and clarity in our methodology, we employed stratified 10-fold cross-validation.
Specifically, the entire dataset was randomly shuffled using a fixed random seed (e.g., seed=42) to guarantee consistency
across experiments. The data was then divided into 10 equally sized folds, ensuring that each fold maintained the same
class distribution as the overall dataset. In each of the 10 iterations, one (1) fold was used as the test set while the remaining
9 folds served as the training set. The performance metrics reported (accuracy, precision, recall, and F1-score) represent
the average results over these 10 iterations, providing a robust estimate of the model's generalization capability.

Subsequently, we fed the same data to the 17 classification models under investigation: Decision Tree, Support
Vector Classifier (SVC), Logistic Regression, K-Nearest Neighbors (KNN), Random Forest, Gradient Boosting,
AdaBoost, Gaussian Naive Bayes (NB), Bernoulli Naive Bayes, Ridge Classifier, Multi-Layer Perceptron (MLP)
Classifier, Quadratic Discriminant Analysis (QDA), Calibrated Classifier CV, Histogram Gradient Boosting, Passive
Aggressive Classifier, Linear SVC, and Extra Trees.

6.3. Ensemble Model

Following the experimental results from the investigation of the 17 classification models, we selected the top-
performing models to create an ensemble model aimed at optimizing predictive performance. The selected models (QDA,
ET, and RF) demonstrated superior performance compared to the other models. The selection of these three models was
driven not only by their superior performance metrics but also by their complementary methodological strengths. RF and
ET, both tree-based algorithms, excel at capturing complex interactions in high-dimensional data and provide robust
feature importance measures, while QDA leverages statistical assumptions to model non-linear decision boundaries,
making it particularly effective in scenarios where class covariances differ. Together, these models offer a diverse
perspective on the underlying data structure, which is critical for the multifaceted task of predicting academic performance.

To further optimize the ensemble model, we performed hyperparameter tuning for each of the selected models. The
optimal hyperparameters were determined using a grid search approach, ensuring the best combination of parameters for
each model. The voting classifier was employed as the metamodel to combine the predictions of the selected models. The
weights assigned to each model were based on their individual performance, with QDA receiving a weight of 0.6, Extra
Trees receiving a weight of 0.3, and Random Forest receiving a weight of 0.1. This ensemble approach allowed for the
leveraging of the strengths of each model, leading to improved overall performance and generalization capabilities.

6.4. Statistical Justification for Inclusion of Mental health Information

In this study, the selection of mental health indicators from the GHQ-12 was driven by extensive literature suggesting
that psychological wellbeing significantly influences academic performance. The GHQ-12 provides a concise yet
powerful measure of mental health, capturing fluctuations in emotional and psychological states that may directly affect
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student engagement and learning outcomes. Its inclusion was therefore essential to develop a more holistic
predictivemodel that accounts for both academic and non-academic determinants of performance. To integrate the GHQ-
12 responses into the predictive framework, we processed the questionnaire data using a binary scoring method (0-0-1-
1). This approach converts qualitative responses into quantitative features, enabling their seamless incorporation into the
ensemble model.

Statistical tests are crucial in validating hypotheses and determining the significance of relationships within data.
Thus, the inclusion of mental health information in our study, as measured by the General Health Questionnaire (GHQ-
12), necessitated statistical examination to ascertain its impact on student grades. To achieve this, a t-test was utilized, a
statistical method designed to compare the means of two independent groups. The t-test helped in establishing whether
the observed differences between these groups are statistically significant or likely to have occurred by chance.

Hypotheses

To conduct the t-test, the following hypotheses were formulated:

«  Null Hypothesis (Hy): There is no significant difference in GHQ-12 scores between students with high grades
and those with low grades.

«  Alternative Hypothesis (Hy): There is a significant difference in GHQ-12 scores between students with high
grades and those with low grades.

The null hypothesis assumes that any observed difference in the means of GHQ-12 scores between the two groups
is due to random chance, while the alternative hypothesis suggests that the observed difference is statistically significant
and not due to random chance.

Procedure

The data used for this t-test includes two columns: 'grade' and 'ghq score'. The 'grade' column represents the
academic performance score of students (1 to 5) categorized as first class (5), second class upper (4), second class lower
(3), third class (2), and pass (1). The 'ghq' column represents the GHQ-12 scores of the students using a Binary Scoring
(0-0-1-1) approach where "Not at all" and "Not more than usual”" are scored as 0, while "Rather more than usual" and
"Much more than usual" are scored as 1. Furthermore, the data were split into four (4) groups based on a threshold:
Students with grades classified as high (threshold: grade >= 3), Students with grades classified as low (threshold: grade
< 3), Students with GHQ-12 score classified as high (threshold: score >= 6), Students with GHQ-12 score classified as
low (threshold: score < 6). An independent samples t-test is then performed to compare the mean GHQ-12 scores of these
groups, with a p-value determined at alpha = 0.05 as statistically significant. By comparing GHQ-12 scores between
students with varying academic performances, justification for the inclusion of GHQ-12 features in our predictive models
is provided, ensuring that any identified relationships are both meaningful and reliable.

Table 1. Comparison of individual model performance (Accuracy, precision, recall, fl score)

Model Accuracy Precision Recall F1 Score
Decision Tree 0.84 0.83 0.84 0.84
SvC 0.81 0.81 0.81 0.80
Logistic Regression 0.75 0.74 0.76 0.75
KNN 0.70 0.68 0.70 0.68
Random Forest* 0.86 0.86 0.86 0.86
Gradient Boosting 0.82 0.81 0.82 0.81
AdaBoost 0.27 0.42 0.27 0.29
Gaussian NB 0.52 0.56 0.52 0.44
Bernoulli NB 0.62 0.66 0.63 0.62
Ridge Classifier 0.62 0.62 0.63 0.60
MLP Classifier 0.85 0.84 0.84 0.84
Quadratic Discriminant Analysis* 0.90 091 0.92 091
Calibrated Classifier CV 0.71 0.68 0.71 0.68
Histogram Gradient Boost 0.80 0.78 0.80 0.78
Passive Aggressive Class 0.67 0.65 0.67 0.65
Linear SVC 0.71 0.69 0.71 0.70
Extra Trees* 0.89 0.89 0.89 0.89

6.5. Experimental Results

This section presents the results of the investigation into the performance of the 17 classification models, as well as
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the ensemble model. The evaluation metrics used to assess the performance of the models include accuracy, precision,
recall, F1 score, and area under the receiver operating characteristic curve (ROC/AUC). The results of the individual
models are presented in Table 1, which shows that the top-performing models* were QDA, Extra Trees, and Random
Forest, with accuracy values of 0.90, 0.89, and 0.86, respectively. The corresponding ROC/AUC curves for these models
are shown in Figures 1-3, which illustrate their robust performance.

The results of the ensemble model* are presented in Table 2, which shows an accuracy value of 0.938, outperforming
all individual models.

Table 2. Performance metrics for ensemble model vs base models (Accuracy, precision, recall, fl score)

Model Accuracy Precision Recall F1 Score
Random Forest 0.86 0.86 0.86 0.86
Quadratic Discriminant Analysis 0.90 0.91 0.92 091
Extra Trees 0.89 0.89 0.89 0.89
Ensemble Model* 0.91 0.93 0.91 0.91
ROC Curve - Quadratic Discriminant Analysis (QDA) ROC Curve - Extra Trees ROC Curve - Random Forest
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This study incorporated the General Health Questionnaire (GHQ-12) features, as predictive variables to evaluate
their impact on the performance of the ensemble models in predicting students' academic performance. To assess the
significance of these features, we compared the ensemble model's performance with and without the GHQ-12 variables.
The results, presented in Table 3, reveal a substantial improvement in the model's predictive capabilities when the GHQ-
12 variables are included.

Table 3. Performance metrics for ensemble model based on target class (Precision, recall, f1 score)

With GHQ-12 Features Without GHQ-12 Features

Class Precision Recall F1 Score Precision Recall F1 Score
First Class 0.93 0.68 0.79 0.73 0.49 0.59
Second-Class Upper 1.00 0.94 0.97 0.80 0.74 0.77
Second-Class Lower 0.72 0.95 0.82 0.52 0.75 0.62
Third Class 1.00 1.00 1.00 0.80 0.80 0.80
Pass 1.00 1.00 1.00 0.80 0.80 0.80
Accuracy 0.91 0.70
Macro Average 0.93 0.92 0.92 0.73 0.72 0.72
Weighted Average 0.93 0.91 0.91 0.73 0.71 0.71

With the GHQ-12 variables, the ensemble model achieved an accuracy of 0.91, precision of 0.93, recall of 0.91, and
an F1 score of 0.91. In contrast, without the GHQ-12 variables, the model's performance significantly dropped, with an
accuracy of 0.70, precision of 0.73, recall of 0.71, and an F1 score of 0.71. This comparison highlights an average increase
of approximately 20% in accuracy, precision, recall, and F1 score when the GHQ-12 variables are utilized.

Results of t-test for Grades Based on GHQ-12 scores

In this section, the results of the t-test conducted to evaluate the relationship between student grades and their GHQ-
12 scores, justifying its inclusion as predictive variables, are presented. The t-test is performed to determine if there is a
significant difference in GHQ-12 scores between students with high grades and those with low grades, yielding the
following results:

t-statistic: 3.2676093895518545
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p-value: 0.00126974069510269

From the results, the t-statistic of 3.27 indicates that the mean difference in GHQ-12 scores between students with
high grades and those with low grades is more than three (3) standard deviations away from zero, suggesting a strong
association. The p-value of 0.0013 which is significantly lower than the conventional alpha level of 0.05, further
corroborates that this difference is not due to random chance, indicating that the difference observed is statistically
significant. Therefore, the null hypothesis (H), which states that there is no significant difference in GHQ-12 scores
between students with high grades and those with low grades, can be rejected based on the obtained p-value.

Scatter Plot of GHQ Scores vs Grades

12 1 L4

10 1 . . .

GHQ Score

grade_category

x ® High Grade
Low Grade
24 x ghqg_category
® High GHQ
x # Low GHQ
1.‘0 1:5 2.‘0 2:5 3.‘0 3.‘5 4.‘0 4.‘5 5.‘0

Grade

Fig. 2. Relationship between GHQ-12 and student's performance

Figure 3 illustrates the relationship between GHQ-12 scores and student grades using a scatter plot. In the plot: high
GHQ scores are represented with a dot; low GHQ scores are represented with an ‘x’; high grades (grade >= 3) have a
blue hue, while low grades (grade < 3) have an orange hue. From the figure, it is evident that students with high GHQ-12
scores are more frequently found in the high grades (blue region).

7. Discussion

The experimental results demonstrate that the heterogeneous ensemble model, which integrates RF, ET, and QDA,
outperformed the individual classifiers. While RF and ET are renowned for their predictive power, they are also known
to be prone to overfitting, particularly when handling a large number of features. To counteract this, we implemented
rigorous hyperparameter tuning using grid search and 10-fold cross-validation. Specific parameters such as maximum
tree depth, number of trees, and the minimum samples required for a split were carefully optimized. Additionally, pruning
techniques and constraints on feature splits were applied to both RF and ET to ensure that the models did not become
overly complex and maintained good generalization on unseen data. The ensemble model’s performance exceeded that
of the individual models due to its ability to integrate and balance the strengths of each component. The weighted voting
ensemble was designed to offset the limitations of individual classifiers by assigning weights based on their performance
across multiple metrics. QDA’s capability to discern complex statistical relationships combined with the robustness of
RF and ET against noise creates a synergistic effect, resulting in a model that minimizes both bias and variance. This
comprehensive integration leads to enhanced overall accuracy, precision, recall, and F1-score. Also, while accuracy,
precision, recall, and F1-score are all important performance metrics, their relative importance can vary depending on the
specific problem context. In the context of scholarship recommendations, where the cost of misclassification is
significant—such as denying scholarships to deserving students—recall and F1-score are particularly critical. High recall
ensures that most deserving candidates are identified, while a high Fl-score indicates a balanced trade-off between
precision and recall, reducing both false negatives and false positives.

Furthermore, we justified the inclusion of GHQ-12 mental health variables as important predictive features in
predicting students’ academic performance (Table 3), using a t-test to establish the relationship between GHQ-12
variables and student’s performance (Figure 3), with the resulting p-value demonstrating the statistical significance of our
findings.

8. Conclusions
In this study, we investigated the application of a heterogeneous voting ensemble approach to improve the predictive
performance of classification models in predicting students’ academic performance. Seventeen classification models were

assessed, with the top-performing models being Quadratic Discriminant Analysis (QDA), Extra Trees, and Random
Forest, achieving accuracy rates of 0.90, 0.89, and 0.86, respectively. These models were further integrated into an
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ensemble model, which demonstrated superior accuracy compared to individual models. The ensemble model's output
was instrumental in developing an algorithm for a scholarship recommender system. Notably, the research highlights the
significant impact of incorporating mental health variables into machine learning models, which significantly enhances
the accuracy in predicting academic performance. These findings underscore the potential of data-driven approaches to
improve educational outcomes and support equitable scholarship allocation.
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