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Abstract. Machine learning has been applied across multiple disciplines, for in-

stance, education. Many schools have been using machine learning to improve 

the educational experience from different perspectives, notably Predicting Stu-

dent Performance has gained a lot of attention by researchers as it directly influ-

ences academic advancement through forecasting future actions, enabling readi-

ness to potential problems, and even minimizing the rate of drop outs by estimat-

ing at-risk students. Support Vector Machine (SVM), a widely used learning al-

gorithm known for its high potential, has been employed in different domains 

including education. Support Vector Machine continues to be a focal point of 

investigation, and different variants of it have been introduced. Despite the ex-

tensive application of SVM in education, its variants remain unexplored in edu-

cational contexts. In this paper, some of SVM variants are used to build a classi-

fier that can predict the performance of the students using a publicly available 

UCI dataset. Given the imbalanced nature of the dataset, we applied SMOTE 

(Synthetic Minority Over-sampling Technique) and evaluated its influence on the 

models' results. This work could be valuable for professionals in education and 

machine learning who are exploring ways to improve learning efficiency. 

Keywords: Support Vector Machine (SVM), 𝜈-Support Vector Machine (𝜈-

SVM), Granular Ball Twin Support Vector Machine (GBTSVM), Student Per-

formance, Classification Models, SMOTE (Synthetic Minority Oversampling 

Technique).  

1 Introduction 

Education is the fundamental basis for personal success and national development, 

leading institutions to continuously enhance the quality of the learning experience. Stu-

dent academic performance serves as a primary gauge of an institution's achievements. 

Nevertheless, a significant number of students are challenged by high failure and drop-

out rates, which represent a major hurdle for both educators and administrators. Educa-

tional Data Mining (EDM) [1] is a field in data mining that is found at the crossroads 

of education, statistics and computer science. It focuses on different tasks related to 

education, such as personalized learning by tailoring instructions based on individual 

student needs, resource recommendation by suggesting optimal learning materials and 

teacher decision support by providing educators with actionable analysis. One of the 
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most important contributions of Educational Data Mining is Predicting Student Perfor-

mance, since it can assist with early identification of at-risk students, hence minimizing 

the dropout rate in education institutions, it can also give adaptive learning recommen-

dations by suggesting personalized resources, its utility extends to the utilization in the 

studies related to the influence of the external factors on education (socio-economic, 

demographic, learning styles,… ) and afterwards provide students assistance and guide 

them in their educational journey. Predicting academic performance remains a big chal-

lenge, and this is due to the multifaceted and interconnected nature of the factors, such 

as motivation, student’s psychology state, socio-economic factors, including family 

support, access to resources, parental educational level, financial stability. The study of 

student’s performance depends also on the quality and nature of the data used in the 

study; sparsity, imbalance, noise… Since we are trying to model the trajectory of a 

unique, conscious, and adaptive human being within a complex, dynamic system using 

incomplete, noisy, and often biased data, the challenge is to build systems that are not 

just accurate, but also fair, transparent, and humane. Therefore, intelligent models that 

enable timely interventions are necessary to create accurate predictions of academic 

performance and yet provide personalized support to improve student outcomes. 

Support vector machine is one of the most widely used algorithms for the student’s 

academic prediction performance, it has demonstrated considerable success in different 

educational contexts, nevertheless the potential of its variants -despite their solid theo-

retical foundations- remains largely uninvestigated.  

In this paper, we use a UCI educational dataset in order to perform classification 

with some of Support Vector Machine variants to predict the students’ performance in 

mathematics. The paper is structured as follows: in the next section, we give a review 

of the related works, in the third section, we present the methodology adopted. Section 

4 is dedicated to results and discussions, after all, we finish by a conclusion. 

2 Related Work 

Artificial Intelligence (AI) and Machine Learning (ML) incorporation in education has 

enhanced and modernized the educational systems by enabling personalized learning 

and predictive analytics. There are many publications that have addressed student per-

formance prediction employing machine learning algorithms for different purposes. 

Such as Decision Tree, Random Forest, Naïve-Bayes, Logistic regression and Support 

Vector Machine (SVM) (Al-Shabandar et al. [2]; Bekele and McPherson [3]; Agrawal 

et al. [4]; Keshtkar [5]). Among the diverse landscape of machine learning algorithms, 

Support Vector Machines (SVMs) have secured a prominent position, consistently 

drawing significant research interest and widespread practical application. Their endur-

ing appeal lies in a powerful combination of theoretical elegance, strong performance 

on complex, high-dimensional datasets, and robust generalization capabilities.  

Support Vector Machine is a frequently adopted algorithm in machine learning [8]. 

Its utility is particularly pronounced in educational research, where it demonstrates a 

robust capacity to model complex, often non-linear relationships within multifaceted 

educational datasets. This ability to uncover subtle patterns makes it an invaluable tool 
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for extracting meaningful insights that can directly inform and improve educational 

practices and outcomes. The demonstrated utility of Support Vector Machines (SVM) 

within educational research underscores their adaptability in confronting some of the 

field's most persistent issues. A prominent area of application lies in predictive fore-

casting, where the algorithm's capacity to model complex relationships in data proves 

particularly advantageous. For example, the methodology employed by Marbouti et al. 

[9] effectively harnessed SVM to generate early-warning indicators for students at risk 

of academic difficulty, facilitating the potential for proactive support mechanisms. Ex-

tending this predictive capacity to a different learning context, Kotsiantis et al. [10] 

successfully deployed the model to anticipate final student outcomes in the distinct 

pedagogical environment of distance learning. The collective importance of these di-

verse implementations, along with a broader range of techniques, is systematically or-

ganized and evaluated in the foundational review by Romero and Ventura [11]. Several 

works have presented comparative studies between SVM and others models such as 

[12] and [13] that addressed respectively predicting student academic performance us-

ing support vector machine versus random forest and Decision Tree, and SVM versus 

KNN and Naive Bayes. The study by Risqi [14] examined the effectiveness of decision 

tree and support vector machine algorithms in detecting depression in student popula-

tions. However, existing literature reveals a significant gap in research exploring SVM 

variants within educational applications, the baseline SVM is the only model that has 

been used and compared with other models as mentioned before, we therefore investi-

gate some of SVM variants to examine their potential in an educational context, en-

couraging practitioners to consider these approaches for learning analytics.  

The theoretical foundation of SVM was introduced by Vapnik and Chervonenkis 

[6], who introduced the concept of structural risk minimization. Schölkopf et al. [7] 

improved SVM more by introducing kernel methods, enabling SVM to handle non-

linear data efficiently. These fundamental studies have made SVM one of the most ex-

tensively employed machine learning algorithms in various domains, including educa-

tion.  

Besides traditional SVM, variants such as 𝜈-SVM have been developed. Schölkopf 

et al. [15] introduced 𝜈-SVM, which introduces a pivotal refinement to the standard 

model by incorporating a parameter, 𝜈, that directly governs the trade-off between two 

critical aspects of the model's complexity. This single parameter provides a unified 

mechanism for users to specify an upper bound on the fraction of margin errors toler-

ated during training, while simultaneously establishing a lower bound on the proportion 

of data points that will ultimately define the model as support vectors. Consequently, 𝜈 

offers a more intuitive and granular level of control over the learning process. By ad-

justing its value, a practitioner can explicitly influence the model's tendency toward a 

smoother, more generalized decision boundary defined by fewer support vectors, or 

permit a more complex, finely-tuned boundary that fits the training data more closely 

at the risk of potential overfitting. This dual control makes ν-SVM a powerful tool for 

navigating the bias-variance trade-off with greater precision.   

In this work, we aim also to explore one of the newest variants of SVM, Granular 

Ball Support Vector Machines (GBSVM). GBSVM was introduced by Xia et al. [16], 

it exploits granular-ball computing in the context of SVM; it partitions the data into 
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granular balls in order to minimize computational complexity and maintain high accu-

racy. As an extension of GBSVM, recent works have been introduced see e.g [17], [18] 

and Quadir et al. [19], the last one developed Granular Ball Twin Support Vector Ma-

chine that combines the benefits of both Twin SVM and GBSVM.  

Despite these advancements, to our knowledge, there are no studies that have ex-

plored 𝜈-SVM or GBTSVM in education yet. By evaluating these models’ performance 

using metrics such as accuracy, recall, precision, F1 score and running time, this re-

search aims to direct attention to the potential of these models to provide educators and 

policymakers with actionable insights.  

3 Methodology 

The methodological framework for this investigation is organized into a sequence of 

distinct yet interconnected research phases, as visually outlined in Fig. 1. The initial 

stage involves the critical process of data collection, where a suitable dataset is selected 

to serve as the empirical foundation for the study. Following this, the raw data under-

goes a essential data preprocessing phase. This step is crucial for transforming the data 

into a clean and usable format, thereby enhancing the reliability of subsequent analyses 

and improving the overall efficiency and predictive accuracy of the models. Once pre-

pared, the dataset is utilized for the model implementation stage, where each designated 

algorithm is systematically trained and evaluated. The research culminates in a com-

prehensive discussion and analysis of the experimental outcomes, where the results are 

interpreted, compared, and their practical implications are thoroughly examined. 

 

Data collection
Data 

preprocessing

Implementing 
SVM, 𝜈-SVM 
and GBTSVM

Results and 
Discussion

Fig. 1. The procedure followed 

3.1 Data gathering 

We used a dataset named Student Performance (https://archive.ics.uci.edu/ml/da-

tasets/student+performance) [20], this dataset is publicly available in the UCI reposi-

tory, a widely-used benchmark repository of datasets for testing machine learning al-

gorithms. This dataset is a commonly adopted choice, collected using school records 

and surveys about the performance of secondary school students in two Portuguese 

schools. Its attributes comprise different types of information as presented in Table 1. 

We focused on the prediction of the third grade in Mathematics (mat). The dataset has 

395 samples (students) that were engaged in the mathematics’ grade prediction and has 

33 features.  
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3.2 Data preprocessing 

To gain better performance, a step of preprocessing is needed; the preprocessing meth-

ods used are as follows:  

Table 1. Attributes description 

Attributes  Description  

Demographics - School :GP or MS  
- Student's gender: F or M  
- Age (numeric: 15–22)  
- Address (urban U or rural R)  
- Family size (less or more than 3 members)  
- Parents' cohabitation status: T or A  

Academic Background - Mother's education: 0–4  
- Father's education: 0–4  
- Mother's/father's job  
- Number of past class failures: 0–4  

Social & Behavioral  Studytime (weekly study time: 1–4) 

 
-

Absences (number of school absences: 0–93) 

- 
-

Dalc/Walc (workday/weekend alcohol consumption: 

1–5) 

Grades - The first term grade denoted by G1 (0-20) 

- The second term grade denoted by G2 (0-20) 

- The third term grade denoted by G3 (0-20) 

We scaled numerical features as they have different scales, for example grades (0-20), 

study time (1–4 hours), absences, ensuring uniform feature weighting and hence make 

the algorithms more accurate.  

We handled categorical features, such as school (GP/MS) , address (urban/rural), pa-

rental education level (nominal) to support algorithm operation on, since computational 

models process only numbers.  We dropped irrelevant columns, by removing G3 to use 

it to construct the dataset labels.   

Fig. 2 and Fig. 3 demonstrate a moderate class imbalance in our dataset, as the ma-

jority of students being labeled as 'pass'; 265 student (67%) have a Pass label whereas 

130 student (33%) have a Fail label in mathematics. Hence, we use Synthetic Minority 

Oversampling Technique (SMOTE) which is an algorithmic approach to address class 

imbalance in datasets by generating synthetic samples by interpolating between exist-

ing minority-class instances. 

3.3 Model design 

To predict students third grade, we used SVM, 𝜈-SVM and Granular Ball Twin SVM 

(GBTSVM). The mathematical formulations of these models are presented as follows: 
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Support Vector Machines (SVM). They are a type of supervised learning model adept 

at both classification and regression. The fundamental objective of an SVM is to iden-

tify the best possible boundary to separate distinct classes. This is achieved by finding 

the hyperplane that creates the widest possible margin of separation. The model learns 

this optimal divider from a provided set of training examples. Given a set of training 

data: 
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Fig. 2. Mathematics Pass/Fail comparison 

  

67%

33%

Pass Fail

Fig. 3. Mathematics Pass/Fail Ratio 

(𝑥1, 𝑦1), … , (𝑥𝑑 , 𝑦𝑑) ∈ ℝ𝑛 × {±1}  

where 𝑥𝑖 represents an 𝑛-dimensional input variable and 𝑦𝑖  are their labels, SVM seeks 

to find a hyperplane 𝑓(𝑥) = 𝑤𝑇𝑥 + 𝑏 that maximizes the margin between the two clas-

ses, where 𝑤, 𝑥 ∈ ℝ𝑛, 𝑏 ∈ ℝ. The training sample from the two classes is separated by 

a hyperplane 𝑓(𝑥) = 𝑤𝑇𝑥 + 𝑏 = 0, if and only if 𝑦𝑖(𝑤𝑇𝑥𝑖 + 𝑏) ≥ 1, 𝑖 = 1, … , 𝑑.  
The optimization problem for SVM can be formulated as: 

𝑚𝑖𝑛
𝑤,𝑏

1

2
‖𝑤‖2 (1) 
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𝑠. 𝑡.   𝑦𝑖(𝑤𝑇𝑥𝑖 + 𝑏) ≥ 1,    𝑖 = 1, … , 𝑑  

For non-separable cases, slack variables 𝜉𝑖 are introduced to allow for misclassifica-

tions, and the optimization problem becomes: 

min
𝑤,𝑏,𝜉𝑖

1

2
‖𝑤‖2 + 𝐶 ∑ 𝜉𝑖

𝑑
𝑖=1  (2) 

𝑠. 𝑡.   𝑦𝑖(𝑤𝑇𝑥𝑖 + 𝑏) ≥ 1 − 𝜉𝑖 ,      

𝜉𝑖 ≥ 0, 𝑖 = 1, … , 𝑑   

where 𝐶 > 0  is a regularization parameter that dictates the balance between achieving 

the widest possible margin and reducing misclassifications [6, 7]. 

A key strength of the Support Vector Machine (SVM) is its capacity to manage non-

linear data, a capability enabled by the use of kernel functions. By employing tech-

niques like the Radial Basis Function (RBF) or polynomial kernels, SVM can effec-

tively transform complex, non-separable data into a higher-dimensional space where a 

linear separation becomes possible. This inherent flexibility is what establishes SVM 

as a versatile and powerful tool across numerous fields, including the nuanced domain 

of educational data mining.  

𝝂-Support Vector Machines (𝝂-SVM). It is a variant of SVM introduced by Schölk-

opf et al. [15]. Unlike 𝐶-SVM, which uses a fixed regularization parameter 𝐶, 𝜈-SVM 

introduces a parameter 𝜈 that controls the number of support vectors and the margin 

errors. The optimization problem for 𝜈-SVM is formulated as: 

min
𝑤,𝑏,𝜌,𝜉𝑖

1

2
‖𝑤‖2 − 𝜈𝜌 +

1

𝑛
∑ 𝜉𝑖

𝑑
𝑖=1                                         (3) 

𝑠. 𝑡.   𝑦𝑖(𝑤𝑇𝑥𝑖 + 𝑏) ≥ 𝜌 − 𝜉𝑖 ,  

𝜉𝑖 ≥ 0,    𝜌 ≥ 0, 𝑖 = 1, … , 𝑑   

𝜈 controls the fraction of support vectors and margin errors, and 𝜌 represents the margin 

width. The 𝜈-SVM is particularly useful for handling imbalanced datasets and improv-

ing generalization performance. 

One of the key advantages of 𝜈-SVM is its ability to automatically adjust the num-

ber of support vectors based on the value of 𝜈. This makes it more flexible than 𝐶-SVM 

in scenarios where the data distribution is unknown or highly variable.  

Granular Ball Twin Support Vector Machines (GBTSVM). It lies in the intersection 

between Twin Support Vector Machines (TWSVM) [21] it generates two separate hy-

perplanes by solving two smaller, more efficient optimization problems. Each resulting 

hyperplane is positioned to be nearest to its target class while maintaining the greatest 

possible distance from the other class, avoiding the computational burden of a single 
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large optimization problem used in standard SVM and Granular Ball Support Vector 

Machine (GBSVM) [16] that leverages principles of granular computing by represent-

ing groups of data points as "granular balls" rather than processing each point individ-

ually. In this model, each ball acts as a single entity defined by its center 𝑐𝑖, effectively 

representing an entire cluster of data and a radius 𝑟𝑖. GBTSVM is developed to enhance 

the robustness and efficiency of TSVM and GBSVM at the same time [19]. The opti-

mization problem for GBTSVM is formulated as: 

𝑚𝑖𝑛𝑤1,𝑏1

1

2
‖𝐶1𝑤1 + 𝑒1𝑏1‖2 + 𝑑1𝑒2

𝑇𝜉2  (4) 

𝑠. 𝑡.     − (𝐶2𝑤1 + 𝑒2𝑏1) + 𝜉2 ≥ 𝑒2 + 𝑅2 

𝜉2 ≥ 0 

and 

𝑚𝑖𝑛𝑤2,𝑏2

1

2
‖𝐶2𝑤2 + 𝑒2𝑏2‖2 + 𝑑2𝑒1

𝑇𝜉1  (5) 

𝑠. 𝑡.     − (𝐶1𝑤2 + 𝑒1𝑏2) + 𝜉1 ≥ 𝑒1 + 𝑅1 

𝜉1 ≥ 0 

Where 𝑤1, 𝑏1, 𝑤2, 𝑏2 are the weights and biases of each of the two separating hyper-

planes, 𝐶1 ∈ ℝ𝑝1×𝑛 and 𝐶2 ∈ ℝ𝑝2×𝑛 are the matrices that represent the centers associ-

ated with each of the classes (𝐶1 for class +1, 𝐶2 for class -1) where 𝑝1and 𝑝2 are the 

number of the balls belonging respectively to class +1 and -1, 𝑒1 and 𝑒2 are the vector 

of ones with appropriate dimensions. 𝑑1and 𝑑2 (> 0) are parameters, 𝜉1 and 𝜉2 repre-

sent the slack variables of each class. 𝑅1 ∈ ℝ𝑝1  and 𝑅2 ∈ ℝ𝑝2  denote the vectors con-

taining the radius of the granular balls respectively for class +1 and -1.  

Model Evaluation. The experiments were conducted on a computer running Windows 

11 operating system with the configuration of 11th Gen Intel(R) Core(TM) i5-1145G7 

@ 2.60GHz 1.50 GHz, 8 GB RAM memory.  

For the evaluation we calculate time and accuracy, which presents the proportion of 

correct predictions out of all predictions given by the next formula:  

𝐴𝑐𝑢𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒+𝑇𝑟𝑢𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒

𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒+𝐹𝑎𝑙𝑠𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒+𝐹𝑎𝑙𝑠𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒+𝑇𝑟𝑢𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒
          (6) 

Besides, we calculated precision. This metric calculates the ratio of true positives to 

all predicted positives. A high value reflects minimal false positive occurrences.  

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  
𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒

𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒+𝐹𝑎𝑙𝑠𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒
                              (7) 
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Recall, which represents the ratio of correctly predicted true positives to all actual 

positive cases in the dataset. A high value indicates strong model performance in 

identifying genuine positive instances. 

𝑅𝑒𝑐𝑎𝑙𝑙 =  
𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒

𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒+𝐹𝑎𝑙𝑠𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒
                                     (8) 

F1-score that is a balance between the precision and recall: 

𝐹1 − 𝑠𝑐𝑜𝑟𝑒 = 2.
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛∗𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
                                      (9) 

4 Results and Discussion 

4.1 Results 

The aim of this classification is to predict if the third semester grade is going to be less 

or greater than 10; pass if G3 is higher than or equal to 10 and fail if it’s strictly lower 

than 10. We tested the three classification models described earlier. We did grid search 

on parameters using 10-fold cross validation to choose the best hyperparameters for 

each model and to gain fair comparison:  

For the baseline SVM, the parameters are set as follows: 𝐶 is explored in the grid 

{ 0.1, 1, 10, 100}, and 𝐺𝑎𝑚𝑚𝑎 in the grid { 0.01, 0.1, 1}. For 𝜈 −SVM, we set 𝜈 in 

{ 0.05, 0.1, 0.15, 0.2, 0.25, 0.3, 0.35, 0.4, 0.45, 0.5}. The parameters of the GBTSVM 

classifier are set as follows: The purity ,which is the ratio of dominant-class samples to 

total samples in a ball, is explored in {0.7, 0.75, 0.8, 0.85, 0.9, 0.925, 0.95}, the mini-

mum number of data points within a granular ball (num) is explored in {2, 3, 4, 5} and 

the parameters 𝐶1and 𝐶2 in the grid {10−2, 10−3, 10−4, 10−5}. We select the parameters 

corresponding to the highest accuracy achieved by the three models. 20% of the data 

was given to the algorithms as test set in order to examine the models and 80% is used 

for training the models. The parameters selected are 𝐶 = 10, 𝐺𝑎𝑚𝑚𝑎 = 0.01 and rbf 

kernel for SVM, ν = 0.2 (0.05 in the case of using SMOTE) and linear kernel for 𝜈-

SVM. As for GBTSVM, the purity selected is 0.85, num= 4, 𝐶1 = 10−5 and 𝐶2 =
10−2. To address the class imbalance present in our dataset, we implemented the Syn-

thetic Minority Oversampling Technique (SMOTE). Comparative performance metrics 

before and after SMOTE application are presented in Table 2, Table 3 and Table 4. 

Table 2. Results without the use of SMOTE 

Model  Accuracy Precision  Recall  F1-score  

SVM 0.8861 0.8700  0.8800 0.8700 

𝝂-SVM 0.9114 0.9000 0.9100 0.9000 

GBTSVM 0.6582 0.6582 1.0000 0.7939 
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Table 3. Results with the use of SMOTE 

Model  Accuracy Precision  Recall  F1-score  

SVM 0.9367 0.9300 0.9300 0.9300 

𝝂-SVM 0.9241 0.9100 0.9300 0.9200  

GBTSVM 0.6835 0.6800 0.9808 0.8031 

Table 4. Execution time with and without SMOTE 

Model  Execution time (s) 

without SMOTE 

Execution time (s) 

with SMOTE 

SVM 0.0786 0.1476 

𝝂-SVM 0.0668 0.0919 

GBTSVM 0.0168 0.0238 

Without SMOTE preprocessing, we can see in Table 2 and Table 4 that among the 

three algorithms, 𝜈-SVM has the best accuracy level (91.14%) followed by SVM 

(88.61%) and then GBTSVM (65.82%). As for precision and F1 score, 𝜈-SVM has the 

highest levels of 90% each, followed by SVM with F1-score and precision equal to 

87%. Nevertheless, for Recall, GBTSVM has an excellent output (100%), followed by 

𝜈-SVM (91%) and then SVM (88%). For the execution time, SVM and 𝜈-SVM have 

closed time execution (0.0786s and 0.0668s respectively). As for GBTSVM, it is 

quicker with a time execution of 0.0168 seconds. 

Table 3 and Table 4 represent the results of the metrics calculated with the use of 

SMOTE. As we can notice, all the metrics have better values after using SMOTE, e.g. 

SVM accuracy goes from 88.61% to 93.67% with an increase of 5.06% in accuracy, 

the same thing happened with all the metrics including precision, recall and F1 score 

(93%). As for  𝜈-SVM, accuracy goes from 91.14% to 92.41%, recall, precision and F1 

score also augmented to 93%, 91% and 92% respectively. GBTSVM also received im-

provements in accuracy (65.82% to 68.35%) precision (65.82% to 68%) and F1-score 

(79.39% to 80.31%). As for recall it slightly decreased from 100% to 98.08% for 

GBTSVM, but it still has the best recall rate among the other models. The execution 

time increased in comparison with the case of not using SMOTE for the three models, 

and this is due to the process of adding SMOTE preprocessing step, but GBTSVM, has 

always an execution time faster than that of SVM and 𝜈-SVM (0.0238s versus 0.1476s 

and 0.0919s respectively for SVM and 𝜈-SVM).  

4.2 Discussion 

Using the aforementioned tables, we can say that Support Vector Machine and its var-

iants can help predict the students’ grades with significant satisfaction, and in a short 

amount of time. As we notice, 𝜈-SVM outperforms both models SVM and GBTSVM 

in terms of accuracy, precision and F1-score in the case of not using SMOTE prepro-

cessing step, which makes it the best for dealing with the imbalanced version of the 

dataset used, as it achieves strong performance metrics without requiring dataset bal-

ancing, demonstrating inherent robustness to class imbalance in this educational con-

text. SVM has also presented good results in the case of imbalanced dataset, but it has 
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lower outputs in comparison with 𝜈-SVM. Nevertheless, after using the balancing 

method, SVM and 𝜈-SVM end to have close outputs, the minimal performance gap 

suggests both SVM variants are equally viable, with standard SVM holding a negligible 

edge in predictive capability for this educational dataset. For recall and execution time, 

GBTSVM has the best results, and this is due to the fact that it groups data points 

into balls instead of processing individual samples. e.g. in our case, the number of stu-

dents that we want to predict their third-grade result (pass or fail) is 395, but using 

granular computing, we have 11 balls, which implies fewer computations. Neverthe-

less, it has lower accuracy, precision and F1 score and this may be related to the fact 

that it heavily depends on the granular ball generation method (e.g., clustering algo-

rithm, radius selection). Hence if the balls are poorly constructed, the model inherits 

this problem, leading to suboptimal hyperplanes, besides, it introduces more hyperpa-

rameters than SVM and 𝜈-SVM and yet poor tuning can degrade performance. The 

small nature of the dataset might also play a role, given that this model may be more 

accurate for medium or massive datasets, which makes it valuable for other educational 

datasets, such as those related to online learning that need reel time feedback and use 

high dimensional datasets. Several productive research trajectories emerge from these 

findings that warrant further exploration.  

5 Conclusion 

In this study, we explored the application of SVM variants in a problem related to ed-

ucation, which is predicting students’ semester grade, we framed the prediction prob-

lem as a binary classification task with labels: pass and fail. The outcomes were highly 

favorable and highlighted the effectiveness of using SVM variants in education, in the 

aim of motivating rigorous follow-on inquiry from practitioners, researchers and insti-

tutions to improve the students’ educational journey. On the other hand, we explored 

the effect of using SMOTE balancing approach, as it improved the performance of the 

three models, given that the dataset we are working with is imbalanced. 𝜈-SVM ends 

to be the best classifier in the case of the imbalanced dataset in terms of accuracy, pre-

cision and f1-score, nevertheless, after applying the balancing preprocessing approach, 

SVM and 𝜈-SVM demonstrate comparable results. GBTSVM, on the other hand, pre-

sented in both cases the best recall and had the fastest execution time. Further research 

is needed to explore more the potential of these variants and other SVM variants in the 

domain of education to deal with different problems and using different types of da-

tasets. The exploration of other balancing techniques rather than SMOTE could be an 

interesting area of investigation to gain more reliable results, besides, the size of the 

dataset is small, which makes the exploration of larger and noisier datasets an open area 

of research, like those created by educational platforms, in the aim of exploring more 

the potential of different support vector machine variants, especially the granular ball 

variants, that are created principally to deal with large scale datasets. The investigation 

of the potential of different support vector machine variants in different domains other 

than education could be a focus of future works. 
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