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Abstract. In higher education, student academic performance is considered a key educational outcome. Conse-
quently, improving academic performance is a pressing objective for many higher education institutions. Predicting
and classifying student performance can provide valuable insights and facilitate the development of appropriate
strategies to enhance academic results. In recent years, data mining methods have been widely applied and have
demonstrated significant success in classification and prediction tasks. This article presents and analyzes the EASP
student performance dataset. Seven machine learning methods were applied to classify and predict student aca-
demic performance: Multinomial Naive Bayes, Support Vector Machines, Decision Trees, Logistic Regression,
Random Forest, Gradient Boosting, and k-Nearest Neighbors. The performance of these methods was evaluated
using precision, recall, the area under the ROC curve (AUC), and the F1-score. Experimental results demonstrated
that Logistic Regression achieved the best predictive performance on the EASP test set, with a precision of 0.75.
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MPOTHO3UPOBAHUE AKAJJEMUYECKON YCIIEBAEMOCTHU CTYAEHTOB
B BBICIIEM OBPA3OBAHUU HA OCHOBE METO10B
MAIIWMHHOTI'O OBYYEHUA

C. )KOHb

KBenopycckuii 2ocyoapcmeenuviii yHugepcumenm uHGOpmMamux u paouodneKmponuxu
(Munck, Pecnybnuxa Bearapycy)

AHHoTanusi. B BrIcIeM 00pa3oBaHUM aKkaJeMHUYecKasl yCIeBAEMOCTh CTYJICHTOB PAaCcCMaTpPUBACTCS KaK BaKHBIN
o0Opa3oBarebHbI pe3yasraT. [103ToMy MOBBINICHHE aKaJIeMHYECKOH YCIEBAEMOCTH SIBIISETCS aKTyaJIbHOH 3a-
Jaded Al MHOTHX YUYpeXIEeHUH BbIcIIero oOpaszoBaHus. [IporHo3mpoBaHue M KiacCH(UKAMS yCIIEBAEMOCTH
CTYAEHTOB MOTYT MPEIOCTABUTh LIEHHYIO0 HHPOPMALIUIO M CIIOCOOCTBOBATH pa3paboTKe COOTBETCTBYIOUIMX CTpa-
TErui JUIs YAy4dIIeHUs aKaJeMHUYeCKUX pe3yJbTaTtoB. B mocieaHue rofbl METO/bl MHTEIIEKTYalbHOTO aHalu-
32 JJaHHBIX IIUPOKO NMPUMEHSIOTCS M IEMOHCTPUPYIOT 3HAYUTENIbHBIE YCIIEXH B 3a/1a4ax KIacCH(UKAIUU U Ipo-
THO3UPOBaHMsA. B crarbe mpejicTaBieH M MpoaHaIM3upoBaH HAOOp MaHHBIX 00 ycneBaeMocTu cryaeHToB EASP.
st xnaccuuKanuy ¥ MporHO3MPOBAHUSI aKaIeMHUUECKOH yCIIeBA@MOCTH CTY/ICHTOB ITPUMEHEHBI CEMb METO/I0B
MAaIIMHHOTO 00Y4eHHs: MyJIbTHHOMUAJIbHBIM HAaMBHBIN OaliecOBCKUIT KITacCU(PHUKATOP, METO OTIOPHBIX BEKTOPOB,
JIEPEBO PEIICHHH, JIOTHCTHYECKAsl perpeccusi, CIy4ailHbIi Jiec, TpaJMeHTHBIH OyCTUHT U MeToA k-Onvkaifimmx
cocenieil. DPPEeKTUBHOCTD THX METO/I0OB OIICHUBAJIACH C HCIIOIBb30BAHUEM MPELU3MOHHOCTH, MOJHOTHI, TUIOLIA
o ROC-kpuBoii (AUC) u F1-Mepbl. DKkciepiMeHTaNbHBIe pe3yIbTaThl TIOKA3aJH, YTO JIOTHCTHIECKast perpec-
CHSI JIOCTUTAET HAWITydIIeH MPOrHo3HOH 3¢ PEeKTUBHOCTH Ha TecToBOH BbIOOpKe EASP ¢ mpenmsnonnoctsio 0,75.

KiroueBrble cj10Ba: BhICIICE O6p330BaHI/I€, aKaAeMHUICCKas yCIeBacMOCTb, IPOTHO3UPOBAHUE YCIICBACMOCTH CTYy-
JCHTOB, I/IHTCJ'[J'ICKTyaJ'IBHHﬁ aHaJInu3 O6paSOBaTeJ'IBHBIX JaHHBbIX, MAIIMHHOC o6yqu1/Ie.

KondumkT naTepecoB. ABTOp 3asBiIsieT 00 OTCYTCTBUU KOH(IIMKTA HHTEPECOB.
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Introduction

In the post-COVID era, higher education institutions (HEIs) have increasingly considered educa-
tional reforms aimed at improving the quality of higher education for future generations [1]. The quality
of higher education can be assessed using students’ grade point average (GPA), as GPA is commonly
regarded as an important indicator of academic performance [2]. Previous studies have also shown that
GPA is closely associated with university graduates’ future earnings [3]. Therefore, improving students’
academic performance, particularly their GPA, has become an important objective of higher education
reform.

Previous studies have investigated various factors associated with students’ GPA, including college
entrance examination scores [4], alcohol and marijuana use [5], relationships with family members
and friends [6], race and gender [7], and the amount of time spent studying and working [8]. These stu-
dies provide useful insights into the factors influencing academic performance. However, most of them
focus on individual factors, whereas improving students’ academic performance generally requires
the simultaneous consideration of multiple dimensions.

Data mining has attracted considerable attention in recent years. By applying machine learning
or deep learning methods, it can efficiently extract valuable information from high-dimensional feature
spaces for classification and prediction. In the field of higher education, the application of data mi-
ning has gradually developed into educational data mining (EDM), which has been widely investigated
for student performance prediction and educational decision support [9—11].

According to the types of datasets used, existing EDM studies on student performance prediction
can generally be divided into studies based on open-source datasets and those based on private data-
sets. One commonly used open-source dataset is the UCI Student Performance dataset, which contains
a range of student-related features and has been adopted in numerous previous studies [12]. However,
the data were collected before the COVID-19 pandemic and may not fully reflect the current context
of higher education. Other studies have used private datasets, which are often more recent and contain
a wide range of student-related features [13, 14]. Nevertheless, such datasets are usually difficult to ac-
cess, which limits their reuse, reproducibility, and comparative analysis.

The effects of alcohol on student performance (EASP) dataset [15] is a recently released open-source
dataset containing information collected in 2023 from students at Stellenbosch University in South Af-
rica. The dataset includes a relatively large number of samples and a wide range of relevant features,
such as college entrance examination scores, alcohol consumption, family relationships, gender, time
spent studying and working, and other student-related variables. Therefore, it provides a useful platform
for educational data mining research.

However, to the best of our knowledge, few studies have used the EASP dataset to predict students’
academic performance. Therefore, this study applies data mining techniques to predict student perfor-
mance using this dataset. To simplify the prediction task, student performance is formulated as a binary
classification problem. Students whose GPA is higher than the mean GPA are assigned to one class,
whereas the remaining students are assigned to the other class.

The remainder of this paper is organized as follows. Section 2 describes the EASP dataset and the
corresponding data preprocessing procedures. Section 3 presents the overall methodology. Section 4
reports and discusses the experimental results. Finally, Section 5 concludes the paper.

EASP dataset description

The EASP dataset [ 15] was constructed from a behavioral survey covering factors related to students’
daily lives, study habits, and academic performance. These variables may provide useful information
for predicting students’ academic outcomes and may support the timely adjustment of study strategies.

The dataset contains 406 samples, each described by 15 independent features. However, several
variables contain missing values. Therefore, appropriate imputation strategies are applied during data
preprocessing. Missing values in the gender variable are imputed by randomly assigning either male
or female. Missing values in the 2023 academic-year average GPA are estimated based on the diffe-
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rence between a student’s admission average score and the overall mean admission score, together with
the overall mean GPA for the 2023 academic year. Fig. 1 shows the distribution of students’ average GPA
in the 2023 academic year.
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Fig. 1. Students’ academic year average grade point average in 2023 academic year

We first calculated the mean and standard deviation of the students’ average GPA for the 2023 aca-
demic year, which were 66.36 and 9.00, respectively. The students were then divided into two groups
according to whether their average GPA was lower than 66.36. Students with an average GPA lower
than 66.36 were assigned to one class, whereas the remaining students were assigned to the other class.
Tab. 1 presents all 15 features and their corresponding descriptions. In addition, Fig. 2 shows the dis-
tributions of six representative features for visualization purposes: gender, additional study hours per
week, number of missed classes per week, alcohol consumption, number of failed modules, and fre-

quency of socializing.

Table 1. Features and text descriptions

Feature Type Description
Sex Categorical Sex or gender of the student
Matric Average Numerical, The student’s Grade 12 matriculation average, expressed
continuous as a percentage

Study Year Categorical The student’s current year of study

Faculty Categorical The faculty at Stellenbosch University to which the student’s
degree program belongs

Accommodation Status | Binary Whether the student lives in university accommodation
or private accommodation

Monthly Allowance Categorical The amount of monthly allowance received by the student
while studying in Stellenbosch

Scholarship Binary Whether the student receives financial aid or a scholarship

Additional Study Hours
per Week

Numerical, discrete

The number of hours spent studying each week in addition
to attending scheduled lectures

Socializing Frequency

Numerical, discrete

The frequency with which the student goes out with friends
for activities such as clubbing, drinking, or dining

Alcohol Consumption

Numerical, discrete

The number of alcoholic drinks consumed when the student
goes out
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Ending of Tab. 1

Feature Type Description
Missed Classes per Week | Numerical, discrete | The number of classes missed by the student each week
Failed Modules Numerical, discrete | The number of academic modules the student has failed

to date

Romantic Relationship | Binary Whether the student is currently in a romantic relationship
Status
Parental Approval of Binary Whether the student’s parents approve of the student
Alcohol Consumption consuming alcohol
Relationship with Parents | Categorical The degree of closeness between the student

and their parents
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Fig. 2. Distributions of six representative features in the effects of alcohol on student performance dataset
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Methodology

The proposed data mining methodology follows a conventional machine learning pipeline. Seven
classification algorithms are employed: support vector machine, decision tree, logistic regression, ran-
dom forest, k-nearest neighbors, multinomial naive Bayes, and gradient boosting. To ensure an objective
performance evaluation, the original dataset is divided into two subsets: a training set and an indepen-
dent test set. The training set is used for model training, hyperparameter optimization, and cross-valida-
tion, whereas the test set is used only for the final evaluation of the trained models.

Grid search combined with five-fold cross-validation is applied to determine the optimal hyper-
parameter configuration for each classifier. The overall structure of the proposed data mining pipeline
is illustrated in Fig. 3.

Grid search is a systematic hyperparameter optimization method that evaluates a predefined set
of hyperparameter combinations. For each combination, model performance is estimated using five-fold
cross-validation, and the configuration with the best validation performance is selected. Although this
procedure increases computational cost, it provides a more reliable basis for hyperparameter selection
than evaluation based on a single training—validation split.

Cross-validation is an important technique for evaluating the generalization ability of machine learn-
ing models. In five-fold cross-validation, the training set is divided into five approximately equal sub-
sets. In each iteration, four subsets are used for training and the remaining subset is used for validation.
This process is repeated five times so that each subset is used once as the validation set. The average
validation performance is then used for model selection and hyperparameter tuning, thereby reducing
the risk of overfitting to a particular data split.
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Fig. 3. Overall structure of the data mining pipeline

A. Description of the classifiers

As mentioned above, seven different classifiers are included in the proposed pipeline. Before eva-
luating their performance on the EASP dataset, it is necessary to briefly review the basic principles
of these classifiers and their main hyperparameters.

Support vector machine (SVM) is a classical supervised learning algorithm widely used for clas-
sification, regression, and anomaly detection. The basic principle of SVM is to find an optimal separa-
ting hyperplane in the feature space so that training samples from different categories can be separated
as clearly as possible. This improves the generalization ability of the model and reduces the risk of over-
fitting.

Decision tree (DT) is a simple and efficient supervised machine learning model that has important
applications in many scenarios, such as classification and prediction, feature engineering, anomaly de-
tection, and rule extraction. It is a non-parametric learning algorithm based on a tree structure that re-
cursively divides samples into different child nodes and ultimately produces an interpretable prediction
model. When constructing a decision tree, an optimal feature-splitting criterion needs to be selected.
Such criteria, including information gain and the Gini index, measure the effectiveness of features in di-
viding the samples, allowing the features that have the greatest impact on the results to be automatically
selected.

Logistic regression (LR) is a supervised learning model widely used for classification problems.
As a probabilistic model, LR uses an S-shaped sigmoid function to predict the class probabilities
of samples, thereby performing binary or multiclass classification. The LR model is simple and easy
to understand, has few parameters, and can be trained rapidly. Therefore, it can effectively handle li-
nearly separable binary classification problems.

Random forest (RF) is an ensemble learning algorithm based on decision trees. It improves pre-
diction accuracy by combining multiple decision tree models and can effectively address the problem
of overfitting. Random forest is widely used in many machine learning tasks, such as regression, classi-
fication, and clustering, and is favored for its simplicity and robustness.

The k-nearest neighbours (KNN) algorithm is an instance-based, non-parametric learning algorithm
that is simple and intuitive and performs well in a variety of machine learning tasks, such as classifi-
cation, regression, and clustering. It is also known as a “lazy learning” algorithm because it identifies
the (K) training samples most similar to a new input instance and predicts the label or value of the new
instance based on their class labels or values. The number of neighbours is the most important hyperpa-
rameter of the KNN algorithm, as it determines the number of neighbouring training samples considered
when predicting new samples. When (K) is small, KNN tends to produce high variance, potentially
overfitting the training set. When (K) is large, KNN may produce high bias, potentially resulting in un-
derfitting and failing to capture the complex features of the data.

Naive Bayes (NB) is a simple and efficient classification algorithm based on Bayes’ theorem
and is widely used in machine learning and data mining. It is based on the assumption of conditional
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independence and achieves fast classification of unknown samples by calculating the conditional proba-
bilities between sample features and classes. It has demonstrated excellent performance in many prac-
tical applications, such as spam filtering and text classification. Multinomial naive Bayes is a variant
of the Naive Bayes algorithm specifically designed to deal with problems involving discrete features,
such as text classification.

Gradient boosting (GB) is an ensemble learning algorithm based on an additive model. It iteratively
constructs weak learners, such as decision trees, and optimizes the loss function using gradient descent
to obtain a robust prediction model. Unlike parallel ensemble methods such as random forest, gradient
boosting uses a sequential ensemble approach to improve the model’s fit to the training data in each
iteration. The gradient boosting algorithm has been widely used in several machine learning fields, such
as regression and classification, and has achieved excellent performance.

B. Model hyperparameter tuning using grid search

We optimized the hyperparameters using a grid search technique to identify the parameter com-
binations that produced the best algorithmic performance. Grid search is a widely used hyperparame-
ter optimization technique that first defines a predefined grid of hyperparameter values and then eva-
luates each parameter combination using cross-validation. The parameter setting that produces the best
results is ultimately selected. Through this systematic parameter search and performance evaluation,
the potential of each algorithm can be fully utilized, and its performance in practical applications can
be improved. The detailed process of hyperparameter optimization using grid search and cross-validation
is described as follows:

1) select a specific algorithmic model, such as DT or RF;

2) determine the hyperparameters to be optimized and their value ranges and combine them into
a parameter grid;

3) traverse all hyperparameter combinations using grid search;

4) evaluate the average performance of each combination using cross-validation. In this study, five-
fold cross-validation is used;

5) select the parameter combination with the highest cross-validation score.

The combination of grid search and cross-validation can effectively reduce the risk of overfitting
and identify the optimal hyperparameter settings within the predefined search space. It systematically
explores the parameter space and reduces the influence of randomness in sample selection, making
it a commonly used and reliable optimization method.

Experiments and result discussion

The main metrics used to evaluate the performance of the model include precision, recall, F1-score
and AUC. Their calculation procedure is shown below:
7P

Precision= ———; (D
TP+ FP
TP
Recall= ———; 2)
TP + FN
2-(Precision x Recall)
F1-Score = (3)

Precision + Recall

where TP (true positive) is number of correctly predicted positive samples; P (false positive) is number
of incorrectly predicted positive samples; FN (false negative) is number of samples that are incorrectly
predicted to be negative.

1

n.n_

AUC = Z::Z’;‘_ (S (Pos(x;)) > S(Neg(x,))), 4)
where n is the number of positive samples; n_ is the number of negative samples; S(Pos(x;)) is the pre-
dicted score for the i-th positive sample; S(Neg(x;)) is the predicted score for the j-th negative sample;
1(-) is an indicator function that returns 1 if the condition is true and 0 otherwise.

The AUC value ranges from 0 to 1. A higher AUC value indicates better model performance.
The experimental results obtained using different classifiers on the EASP dataset are shown in Tab. 2.
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Table 2. Experimental results obtained using different classifiers

Algorithm PI‘eCl.Sl(.)Il Best parameters of the model Te.SF Test Test AUC| Test F1-score
on the training set precision | recall
SVM 0.77 c=10, 0.73 0.64 0.78 0.67
Linear Kernel
DT 0.80 Max Depth =3, 0.75 0.64 0.77 0.69
Min Samples Split = 2
LR 0.74 C =100, Penalty =12 0.75 0.68 0.79 0.70
RF 0.81 Max Depth =3, 0.75 0.58 0.80 0.67

Max Features = sqrt,
Min Samples Split =2

KNN 0.72 N Neighbors =7 0.63 0.55 0.70 0.56
Multinomial 0.66 Alpha=0.01, 0.68 0.77 0.73 0.68
NB Fit Prior = True
GB 0.82 N Estimators = 50, Learning 0.75 0.64 0.81 0.69
Rate =0.1,
Max Depth =2

From Tab. 2, it can be seen that the logistic regression algorithm achieves a precision of 0.74
on the training set. With the best model parameters on the test set precision is 0.75, recall is 0.68,
AUC is 0.79 and Fl-score is 0.7. Compared to other algorithms logistic regression algorithm has
the best overall performance on the test set. The gradient boosting algorithm achieves a precision of 0.82
on the training set, which is the highest of these algorithms. With the best parametric model on the test
set precision is 0.75, recall is 0.64, AUC is 0.81 and F1-score is 0.69. It is slightly inferior to the logistic
regression algorithm in terms of overall performance on the test set, but superior to the other algorithms.

Fig. 4 and 5 show the confusion matrices and ROC curves of all seven classifiers on the test set,
respectively.
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Fig. 4. Confusion matrices of the seven classifiers on the test set
Conclusion

1. In this paper, student academic performance prediction was investigated using the recently re-
leased effects of alcohol on student performance dataset. Seven widely used machine learning classi-
fiers were evaluated, including support vector machine, decision tree, logistic regression, random fo-
rest, k-nearest neighbours, multinomial naive Bayes, and gradient boosting. Grid search and five-fold
cross-validation were used to optimize the hyperparameters of each model.

2. The experimental results show that gradient boosting achieved the highest training precision
of 0.82. However, logistic regression demonstrated the best overall performance on the independent
test set, achieving a precision of 0.75, recall of 0.68, AUC of 0.79, and F1-score of 0.70. These results
indicate that relatively simple machine learning models can still provide competitive and robust perfor-
mance for student academic performance prediction when the dataset size is limited.
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Fig. 5. ROC curves of the seven classifiers on the test set

3. From a practical perspective, the proposed machine learning framework can be adapted for use
in higher education institutions in the Republic of Belarus, including the Belarusian State University
of Informatics and Radioelectronics (BSUIR). By using locally collected student data, such as academic
records, attendance information, study workload, and other relevant educational indicators, the frame-
work could be used to identify students at risk of low academic performance at an early stage. The ob-
tained predictions could support teachers, academic advisers, and university administrators in providing
timely academic assistance and developing more targeted educational interventions. At BSUIR, such
an approach could potentially be integrated into educational analytics and student monitoring systems
to support data-driven academic management. However, before practical deployment, the models should
be retrained and validated using data collected from BSUIR students in order to account for differences
in the educational environment, student population, and institutional characteristics.

4. Future work will focus on collecting and analyzing local student data from Belarusian
higher education institutions, particularly BSUIR, expanding the dataset, improving feature engineering,
and exploring more advanced ensemble learning and deep learning methods for educational data mining.
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