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 Higher education institutions across various regions operate using systems 

that generate large amounts of data. This data is stored and utilized for 

strategic decision-making, providing significant business value to these 

institutions. Support vector machine (SVM) has become popular due to its 

strong generalization capability, high prediction accuracy, and faster training 

speed. SVM employs kernels as tuning parameters. This study aims to 

enhance the accuracy of student admissions prediction in higher education 

institutions using the SVM classification model. The SVM model was 

applied to a dataset comprising 5,936 records with four attributes and was 

evaluated using the use training set, 10-fold cross-validation, and percentage 

splits of 70%–30% and 80%–20%. Initially, the SVM-kernel model 

achieved high accuracy but failed to identify any true positive instances, 

indicating its inability to detect the minority “not accepted” class due to 

severe class imbalance. After applying class balancing techniques, the 

model’s performance improved significantly in terms of area under the curve 

(AUC), F-measure, and Matthews correlation coefficient (MCC), reflecting 

a more balanced classification between majority and minority classes. The 

SVM with Pearson VII function-based universal kernel (PUK) and classifier 

version 4.5 (C4.5) models achieved the best performance, indicating that 

class balancing effectively enhances both sensitivity and fairness in 

predictive classification. 
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1. INTRODUCTION 

In the 21st century, higher education has become a fundamental pillar of social and economic life. 

Additionally, the educational process ensures two other crucial aspects: a promising career and financial 

security. However, predicting student admissions to higher education institutions is challenging, as 

prospective students often lack knowledge of the admission requirements [1]. The student admission process 

is a crucial step from both the students’ and the higher education institutions’ perspectives [2]. Higher 

education institutions operate across various geographical regions using systems that generate large amounts 

of data. This data is stored and utilized by decision-makers to make strategic decisions, which significantly 

affect the business value of the institutions. Therefore, it can enhance the effectiveness of managerial 

decision-making [3]. Thus, this large amount of data can be optimally utilized to gain new insight. Machine 
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learning (ML), a subdomain of artificial intelligence (AI), has proven its performance across various fields. 

This study aims to enhance the accuracy of predicting student admissions to higher education institutions. 

Predicting new student admissions plays a crucial role in improving the efficiency, fairness, and overall 

quality of selection process in higher education. Such systems streamline evaluation procedures, minimize 

human bias, and enable universities to manage resources more effectively while enhancing academic 

standards. In addition, the prediction outcomes provide valuable input for strategic planning and data-driven 

decision-making in the administration of student admissions [4]. Previous studies have demonstrated that ML 

techniques are effective in enhancing prediction accuracy [5]. ML and AI technologies have significantly 

transformed society and various industrial sectors by automating critical decision-making processes, exerting 

a substantial impact on domains such as criminal law, healthcare, finance, and the workforce [6].  

Among various ML approaches, support vector machines (SVMs) are distinguished for their ability 

to handle nonlinear patterns and high-dimensional datasets, characteristics that are frequently encountered in 

polymer research [7]. An effective classification approach using SVMs involves employing suitable feature 

selection methods that prioritize influential attributes while excluding less relevant ones. This scenario has 

the potential to enhance classification accuracy and reduce computational overhead. Furthermore, utilizing 

reliable datasets and applying appropriate validation techniques contributes to producing accurate and 

trustworthy results [8]. Wind speed prediction, for instance, is crucial for optimizing power generation and 

maintaining electricity supply stability, which utilized meteorological data from the National Wind 

Technology Center (NWTC) in Boulder, Colorado, employed three prediction models: fine tree, SVM, and 

linear regression, and demonstrated the importance of model evaluation in achieving reliable forecasts [9]. 

Similarly, an SVM model combined with stratified and shuffle sampling techniques demonstrated optimal 

and reliable performance in predicting students’ academic outcomes [10]. Another study applied supervised 

learning algorithms, including SVM, decision tree (DT), random forest (RF), and extreme gradient boosting 

(XGB), to predict student academic achievement, with XGB achieving the highest F1-score and a success 

rate of 77% [11]. In addition, a web-based system employing RF, SVM, and DT algorithms was developed to 

predict student–course suitability, with RF achieving the highest accuracy of 95%, thereby enhancing 

academic guidance and reducing curriculum mismatches [12]. 

This section also reviews of several previous studies focusing on the application of ML methods in 

student admission prediction systems. The review aims to examine the approaches, algorithms, and findings 

of these studies, as well as to identify remaining research gaps. Table 1 provides a comparison of selected 

relevant studies that serve as the foundation for this research, particularly concerning the use of kernel-based 

SVM methods to enhance prediction accuracy. Referring to the analysis presented in Table 1 [13]–[17]  

(see in appendix), it is evident that further investigation is required to assess the effectiveness of kernel-based 

approaches. Therefore, this study evaluates the impact of various SVM kernels, including normalized 

polynomial, linear, radial basis function (RBF), and Pearson VII function-based universal kernel (PUK),  

on prediction accuracy and generalization capability using multiple evaluation metrics such as accuracy, 

recall, precision, F1-measure, Matthews correlation coefficient (MCC), and receiver operating characteristic 

(ROC). Moreover, this study emphasizes the importance of kernel selection as a critical factor in achieving 

accurate classification.  

 

 

2. METHOD 

2.1.  Dataset 

The case study was conducted at a university in Indonesia. The dataset consists of new student 

admissions records collected over a five-year period from 2016 to 2020, comprising 5936 records and  

11 attributes. These attributes include number, name, major, year, gender, place of birth, date of birth,  

sub-district, district, age, and class. Not all features are incorporated into the predictive model, as their 

inclusion was determined based on relevance and redundancy criteria. Date of birth was excluded as age 

provides equivalent information, while number and name were removed as non-informative identifiers. 

Attributes such as gender, place of birth, sub-district, and district are omitted due to potential bias or limited 

generalizability, except in contexts where location-based or quota-driven admission policies apply. 

Conversely, major, year, and age were retained as key predictive variables, with class serving as the target 

variable. In total, four attributes were utilized in the analysis. A total of 23 missing values were identified in 

the sub-district and district attributes; however, these were excluded from the analysis due to their 

irrelevance. No duplicate records were detected after applying a duplicate-removal check. 

 

2.2.  Support vector machine 

The SVM is one of the most widely used supervised ML algorithms for solving problems related to 

classification, regression, recognition, and time series analysis. SVM has gained significant popularity due to 

its features such as strong generalization ability, high prediction accuracy, and rapid training speed.  
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SVM performs well with small sample data sizes and exhibits high effectiveness in classifying both linear 

and non-linear data. In a binary classification problem, let there be several training samples represented as 

𝑋𝑖 = {𝑋1, 𝑋2, 𝑋3, … , 𝑋𝑛} in the input space where 𝑋𝑖𝜖𝑅𝑑 and their corresponding labels are represented as 

𝑦𝑖𝜖{−1, +1} [18]. 
 

2.2.1. Support vector machine kernel function 

Training samples that are located closer to the hyperplane are referred to as support vectors [19]. 

The maximum margin hyperplane is also known as the optimal separating hyperplane (OSH). Mapping 

training samples from the input space to higher-dimensional spaces is accomplished using a kernel function 

𝑘(𝑥𝑖 , 𝑥𝑗) as illustrated in Figure 1. 

 

 

 
 

Figure 1. Kernel-based high-dimensional feature mapping [20] 
 

 

SVM has kernels as tuning parameters. The kernels can be linear, RBF, sigmoid, or  

polynomial [21]. The proposed method is verified and compared with the RBF kernel, sigmoid kernel, and 

normalized poly kernel (NPK) SVM [22]. The NPK achieves similarity not only in the functions stated in the 

input samples but also in their combinations [23]. The linear kernel (LK) is effective when data can be 

separated linearly, while the NPK resembles the LK. In the Waikato environment for knowledge analysis 

(WEKA) data mining application, SVM is referred to as sequential minimal optimization (SMO) and consists 

of 6 kernels: NPK, poly/ LK, matrix kernel, PUK kernel, RBF kernel, and string kernel. In this study, only 

four kernel functions are used: NPK, LK, RBF kernel, and PUK kernel. The sigmoid kernel is not available 

in the latest version of WEKA because it does not always satisfy the positive semi-definite property, which 

often leads to numerical instability and convergence issues during SVM training, its performance also tends 

to be less consistent compared to the RBF or PUK kernel, therefore the WEKA developers decided to remove 

the sigmoid kernel and replace it with the PUK kernel, which offers greater stability, flexibility, and accuracy 

in data classification tasks. Formulas for the four kernel functions mentioned as in (1) to (4) [24]. 
 

𝑁𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒𝑑 𝑃𝑜𝑙𝑦 𝐾𝑒𝑟𝑛𝑒𝑙: 𝐾(𝑥, 𝑦) =
<𝑥,𝑦>2.0

(<𝑥,𝑥>2.0∗<𝑦,𝑦>2.0)
(
1
2)

 (1) 

 

𝑃𝑜𝑙𝑦 𝐾𝑒𝑟𝑛𝑒𝑙: 𝐾(𝑥, 𝑦) = < 𝑥, 𝑦 >𝑝 (2) 
 

𝑅𝐵𝐹: 𝐾(𝑥, 𝑦) = 𝑒𝑥𝑝(−𝑔𝑎𝑚𝑚𝑎 ∗ (𝑥 − 𝑦)2) (3) 
 

𝑃𝑈𝐾 𝐾𝑒𝑟𝑛𝑒𝑙: 𝐾(𝑥, 𝑥′) =
1

(1+( √||𝑥−𝑥′||2.2⍵
1 −1

2
)2)⍵

 (4) 

 

2.3.  Performance evaluation metrics  

The classification performance is evaluated using performance measures such as accuracy, precision, 

recall, F-measure, and a confusion matrix. These metrics help assess classification errors, false positives (FP), 

and false negatives (FN). They provide a clear basis for measuring the model’s classification quality. 

i) Accuracy: accuracy is calculated using (5).  
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𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
 (5) 

 

Where true positives (TP) refer to positives that are classified correctly, true negatives (TN) refer to 

negatives that are classified correctly, FP refer to negatives that are classified incorrectly, and FN refer 

to positives that are classified incorrectly [25], [26]. 

ii) Precision: precision is the proportion of correctly classified positive class instances out of the total 

classified instances of that class. Precision is measured using (6) [20]. 
 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃+𝐹𝑃
 (6) 

 

iii) Recall: recall is a measure of testing accuracy considering precision and computational requirements, 

calculated using (7) [27]. 
 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
 (7) 

 

iv) F1-measure: F1-measure is the mean between precision and recall. It ranges between 0 and 1.  

F1-measure is measured using (8) [20]. 
 

𝐹1 − 𝑚𝑒𝑎𝑠𝑢𝑟𝑒 = 2 ×
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛×𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
 (8) 

 

v) MCC: MCC is crucial as it represents the correlation between the target and predicted values generated 

from classification, and is formulated as in (9) [28]. 
 

𝑀𝐶𝐶 =
𝑇𝑃×𝑇𝑁−𝐹𝑃×𝐹𝑁

√(𝑇𝑃+𝐹𝑃)(𝑇𝑃+𝐹𝑁)(𝑇𝑁+𝐹𝑃)(𝑇𝑁+𝐹𝑁)
 (9) 

 

vi) ROC: the ROC curve represents the relationship between the FP and the TP for various threshold 

values, statistically used to evaluate the effectiveness of different classifiers. The area under the curve 

(AUC), where a classifier with an AUC of 1.0 indicates a high-level AUC and demonstrates better 

performance [29].  

 

 

3. RESULTS AND DISCUSSION 

This study employs data modelling using logistic regression (LR), Classifier version 4.5 (C4.5) DT, 

and naive Bayes (NB) as baseline classification models. The resulting accuracy values are presented in  

Table 2. The test results presented in Table 2 indicate that the three models: LR, C4.5, and NB, have 

relatively consistent performance across various validation methods. In both the use training set and cross 

validation fold-10 (CVF-10) tests, the accuracy of LR and C4.5 is nearly identical (approximately 95.7%), 

slightly higher than that of NB (94.9%). When tested with a 70% training and 30% testing data split, the C4.5 

model obtained the highest accuracy of 96.23%, followed by LR with 96.18% and NB with 95.33%. The 

minimal variance in accuracy across models suggests strong generalization capability, although C4.5 

performs marginally better due to its ability to capture non-linear attribute interactions and execute more 

effective data segmentation. In the evaluation with an 80% training and 20% testing data split, all models 

demonstrated improved accuracy. The C4.5 model maintained the highest performance (96.54%),  

followed by LR at 96.46% and NB at 95.45%. This enhancement suggests that increasing the proportion of 

training data enables the models to better capture underlying patterns, thereby enhancing predictive 

performance. These findings further confirm the consistent superiority of the C4.5 model among the three 

baseline algorithms. 
 

 

Table 2. Model comparison 
Test option/method LR (%) C4.5 (%) NB (%) 

Use training set (UTS) 95.78 95.75 94.91 

CVF-10 95.77 95.75 94.91 
Percentage split (PS)-70% 96.18 96.23 95.33 

PS-80% 96.46 96.54 95.45 

 

 

The research process was carried out by setting the hyperparameter c =1.0 for all kernels,  

gamma =0.01 for the RBF kernel, omega =1.0, and sigma =1.0 for the PUK kernel. The resulting accuracy 
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values for the four kernel types in the SVM model, based on the dataset described earlier, are summarized in 

Table 3. In Table 3, the test results indicate that all four SVM kernel types, normalized polynomial, linear, 

RBF, and PUK, achieved identical accuracy across all evaluation scenarios, including use training set,  

10-fold cross validation, PS 70%, and 80%. The consistent accuracy values (ranging from 95.7% to 96.5%) 

indicate that the choice of kernel has no significant impact on the model’s performance for this dataset. This 

indicates that the data patterns are relatively linear and not highly complex, allowing all kernels to separate 

the classes equally effectively. Furthermore, the accuracy improvement in the 70% and 80% PS scenarios 

demonstrates that increasing the amount of training data enhances the model’s ability to recognize data 

patterns and improve predictive performance. 

 

 

Table 3. Accuracy value results 
Test option Accuracy Accuracy kernel type 

Number of 

classes 

NPK 

(%) 

Number of 

classes 

LK 

(%) 

Number of 

classes 

RBF 

(%) 

Number of 

classes 

PUK 

(%) 

UTS CCI 5,684 95.7 5,684 95.7 5,684 95.7 5,684 95.7 

ICI 252 4.2 252 4.2 252 4.2 252 4.2 

CVF-10 CCI 5,684 95.7 5,684 95.7 5,684 95.7 5,684 95.7 
ICI 252 4.2 252 4.2 252 4.2 252 4.2 

PS-70% CCI 1,714 96.2 1,714 96.2 1,714 96.2 1,714 96.2 

 ICI 67 3.7 67 3.7 67 3.7 67 3.7 
PS-80% CCI 1,146 96.5 1,146 96.5 1,146 96.5 1,146 96.5 

ICI 41 3.4 41 3.4 41 3.4 41 3.4 

Description: CCI = correctly classified instances, ICC = incorrectly classified instances 

 

 

Performance measure values consisting of precision, recall, and F-measure were also computed, and 

the results are summarized in Table 4. Table 4 shows that among the four kernel types and four evaluation 

methods (UTS, CVF-10, PS-70%, and PS-80%), the highest performance metrics were obtained using the 

PS-70%, for all kernels under this configuration, the precision, F-measure, and MCC values were undefined 

due to the absence of instances or predictions that enabled calculation for certain classes. However, the recall 

value reached 0.962, and the AUC was 0.500. When tested with PS-80%, the results indicated a slight 

improvement in recall for all kernels (0.965), while the other performance metrics remained unchanged.  

 

 

Table 4. Performance measure weighted average value 
Kernel type Test option AUC Precision Recall F-measure MCC 

NPK UTS 0.500 ? 0.958 ? ? 
CVF-10 0.500 ? 0.958 ? ? 
PS-70% 0.500 ? 0.962 ? ? 
PS-80% 0.500 ? 0.965 ? ? 

LK UTS 0.500 ? 0.958 ? ? 
CVF-10 0.500 ? 0.958 ? ? 
PS-70% 0.500 ? 0.962 ? ? 
PS-80% 0.500 ? 0.965 ? ? 

RBF UTS 0.500 ? 0.958 ? ? 
CVF-10 0.500 ? 0.958 ? ? 
PS-70% 0.500 ? 0.962 ? ? 
PS-80% 0.500 ? 0.965 ? ? 

PUK UTS 0.500 ? 0.958 ? ? 
CVF-10 0.500 ? 0.958 ? ? 
PS-70% 0.500 ? 0.962 ? ? 
PS-80% 0.500 ? 0.965 ? ? 

 

 

The confusion matrix values from the conducted testing can be seen in Table 5. This table explains 

that the confusion matrix indicates that all four SVM kernels (normalized polynomial, linear, RBF, and PUK) 

yield a high number of TN while reporting zero TP, suggesting that the model classifies all instances 

exclusively as the negative class. Despite the seemingly high accuracy, the model is unable to identify the 

positive class, revealing a significant issue of class imbalance. The application of ClassBalancer serves as an 

efficient approach to address class imbalance without modifying the dataset by adding or removing instances, 

this filter functions by reweighting each instance, ensuring that the minority class exerts influence 

comparable to the majority class during model training. As a result, the model reduces its bias toward the 

dominant “accepted” class and becomes more responsive to the “unaccepted” class, thereby enhancing the 
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equilibrium between overall accuracy and minority class detection performance. The parameter c plays a 

crucial role in controlling the complexity of the SVM model by balancing margin maximization and 

tolerance to classification errors. An excessively large or small c value may result in overfitting or 

underfitting; therefore, determining an optimal c value is essential for maintaining model stability and 

accuracy, even when other kernel parameters (such as gamma, omega, and sigma) are properly configured. 

Following the application of the ClassBalancer technique, using hyperparameters c =1.0 for all kernels, 

gamma =0.01 for the RBF kernel, and omega =1.0 with sigma =1.0 for the PUK kernel, the achieved 

accuracy and corresponding confusion matrices are summarized in Table 6. 

 

 

Table 5. Confusion matrix 
Kernel type Test option AUC Precision Recall F-measure MCC 

NPK UTS 5684 0 252 0 UTS 

CVF-10 5684 0 252 0 CVF-10 

PS-70% 1714 0 67 0 PS-70% 

PS-80% 1146 0 41 0 PS-80% 

LK UTS 5684 0 252 0 UTS 
CVF-10 5684 0 252 0 CVF-10 

PS-70% 1714 0 67 0 PS-70% 

PS-80% 1146 0 41 0 PS-80% 
RBF UTS 5684 0 252 0 UTS 

CVF-10 5684 0 252 0 CVF-10 
PS-70% 1714 0 67 0 PS-70% 

PS-80% 1146 0 41 0 PS-80% 

PUK UTS 5684 0 252 0 UTS 
CVF-10 5684 0 252 0 CVF-10 

PS-70% 1714 0 67 0 PS-70% 

PS-80% 1146 0 41 0 PS-80% 

 

 

Table 6. Confusion matrix and performance measure (balanced data) 
Model Kernel 

types 

Test 

option 

TN TP FN FP Accuracy AUC Precision Recall F- 

measure 

MCC 

SVM NPK UTS 1965.44 2920.89 47.11 1002.56 82.31 0.823 0.861 0.823 0.818 0.683 
 CVF-10 1961.78 2920.89 47.11 1006.22 82.25 0.823 0.860 0.823 0.818 0.682 

 PS-70% 589 930.44 0 299.72 83.52 0.831 0.875 0.835 0.830 0.708 

 PS-80% 392.67 471.11 11.78 205.73 79.88 0.816 0.848 0.799 0.796 0.649 
LK UTS 1965.44 2920.89 47.11 1002.56 82.31 0.823 0.861 0.823 0.818 0.683 

 CVF-10 1974.84 2873.78 94.22 993.16 81.68 0.817 0.849 0.817 0.813 0.665 

 PS-70% 621 860 71 268 81.39 0.811 0.829 0.814 0.811 0.641 
 PS-80% 392.67 471.11 11.78 205.73 79.88 0.816 0.848 0.799 0.796 0.649 

RBF UTS 1659.97 2968 0 1308.03 77.96 0.780 0.847 0.780 0.768 0.623 

 CVF-10 1847 2968 0 1120.57 81.12 0.811 0.863 0.811 0.804 0.672 
 PS-70% 576.47 930.44 0 312.26 82.83 0.824 0.871 0.828 0.822 0.697 

 PS-80% 328.97 482.89 0 269.44 75.08 0.775 0.840 0.751 0.742 0.594 

PUK UTS 1963.35 2968 0 1004.65 83.07 0.831 0.874 0.831 0.826 0.703 
 CVF-10 1961.78 2920.89 47.11 1006.22 82.25 0.823 0.860 0.823 0.818 0.682 

 PS-70% 619.29 918.67 11.78 269.44 84.54 0.842 0.875 0.845 0.842 0.719 

 PS-80% 401.02 447.56 35.33 197.38 78.47 0.798 0.819 0.785 0.783 0.605 

LR  UTS 2050.03 2744.22 223.78 917.97 80.76 0.831 0.825 0.808 0.805 0.633 

 CVF-10 2051.07 2708.89 259.11 916.93 80.18 0.815 0.817 0.802 0.799 0.619 

 PS-70% 615.11 859.78 70.67 273.62 81.07 0.843 0.826 0.811 0.808 0.636 
 PS-80% 402.07 424 58.89 196.33 76.39 0.804 0.788 0.764 0.763 0.553 

C4.5  UTS 2043.24 2956.22 11.78 924.76 84.22 0.866 0.878 0.842 0.838 0.719 

 CVF-10 2064.13 2779.56 188.44 903.87 81.59 0.833 0.835 0.816 0.813 0.651 
 PS-70% 640.18 871.56 58.89 248.55 83.1 0.847 0.845 0.831 0.829 0.675 

 PS-80% 414.08 412.22 70.67 184.33 76.41 0.825 0.781 0.764 0.764 0.545 

NB  UTS 2079.27 2638.22 329.78 888.73 79.47 0.833 0.806 0.795 0.793 0.600 
 CVF-10 2055.25 2650 318 912.75 79.26 0.823 0.805 0.793 0.791 0.597 

 PS-70% 582.22 930.44 0 306.51 83.15 0.834 0.873 0.832 0.826 0.702 

 PS-80% 405.2 412.22 70.67 193.2 75.59 0.810 0.775 0.756 0.756 0.532 

 

 

Based on the results presented in Table 6, the application of ClassBalancer effectively enhances the 

overall performance of the models across various algorithms and kernel types. In particular, the SVM model 

with the PUK kernel (PS-70%) achieved the highest performance, with an accuracy of 84.54%, an AUC of 

0.842, and an MCC of 0.719, indicating a well-balanced trade-off between accuracy and minority class 

detection capability. The C4.5 model also exhibited consistent and robust performance with relatively high 

accuracy across most test methods, while LR and NB achieved competitive but slightly lower results. These 
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findings suggest that, tree-based and non-linear kernel models tend to outperform linear models in 

recognizing complex attribute relationships.  

The confusion matrix analysis indicates that the “not accepted” category (negative class) remains 

more challenging to classify or predict accurately than the “accepted” category. Higher FN rates in models 

like LR and C4.5 show difficulty in detecting minority instances, despite high TP and overall accuracy 

favoring the majority class. In contrast, PUK and NPK achieved balanced predictions with strong sensitivity 

on PS-70%, while the RBF kernel showed lower stability on PS-80% despite relatively high accuracy. 

 

 

4. CONCLUSION 

The SVM classification model was applied to a dataset comprising 5,936 records and four attributes 

in this study’s testing process, which included three test configurations: use training set, CVF-10, PS of 70% 

and 80%. Before applying class balancing, the SVM-kernel model exhibited high accuracy but failed to 

generate any TP outcomes, indicating its inability to detect the minority class “not accepted” do to substantial 

class imbalance. This imbalance caused the model to become biased toward the majority class, resulting in a 

misleading perception of strong performance. Following the implementation of class balancing, the model’s 

performance improved considerably, particularly in terms of AUC, F-measure, and MCC, indicating a more 

equitable classification between majority and minority classes. The SVM with PUK kernel and C4.5 models 

demonstrated the best results, suggesting that class balancing techniques effectively enhance model 

sensitivity and promote fairness in classification performance. This study is limited by the small number of 

attributes used, which may restrict the model’s ability to capture complex patterns. Additionally, the absence 

of external validation and explicit analysis of overfitting risks may limit the generalizability of the results. 
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APPPENDIX 

 

Table 1. Related work 
Reference Dataset Method Accuracy Limitations Analysis 

Mirza et al. [13] Combined data from 
various exams: GRE, 

TOEFL, EAMCET, 

NEET, and PGCET 
exam scores, 

Undergraduate GPA, 

University Rating, 
Gender, and Caste. 

Consisting of 

hundreds to 
thousands of records. 

LR, DT, RF, k-
nearest neighbors 

(KNN), SVM, and 

least absolute 
shrinkage and 

selection operator 

(LASSO); features 
selected using best 

subset selection and 

DT feature 
importance. 

RF achieved the 
best performance 

(lowest mean 

absolute error 
(MAE) and root 

mean squared 

error (RMSE); no 
specific values 

provided). 

Lack of external 
validation; dataset 

size unspecified; 

inclusion of 
sensitive attributes 

(gender, caste) 

may cause bias. 

Emphasizes the 
importance of feature 

selection and ensemble 

methods but overlooks 
SVM kernel 

performance and the 

fairness aspect; future 
work should explore 

diverse SVM kernels to 

enhance accuracy and 
model fairness. 

Kumar and 

Mishra [14] 
The study uses 

multiple 
classification 

datasets from 

different domains, 
but lacks detailed 

information on 

dataset 
characteristics, 

limiting 

reproducibility. 

The study 

employs a 
comparative 

experimental 

method to 
evaluate SVM 

with the proposed 

PRBF kernel 
against 

conventional 

kernels. 

The polynomial 

RBF kernel 
outperforms RBF 

and Polynomial 

kernels in terms of 
classification 

accuracy. 

The study is 

limited by the lack 
of detailed 

information on the 

dataset and 
parameters, as 

well as the 

absence of 
external validation 

and overfitting 

analysis. 

The results suggest that 

the hybrid polynomial 
RBF kernel enhances 

SVM classification 

performance by 
capturing both local and 

global data patterns; 

however, limited 
methodological detail 

may restrict the 

generalizability of the 
findings. 

Pal et al. [15] The dataset consists 

of 236 samples 
obtained from the 

Red River surface 

water treatment 
plant project in 

Hanoi, Vietnam, 

with a split of 70%-
30%. 

SVM with linear 

(LIN), polynomial 
(POL), RBF, and 

sigmoid (SIG) 

kernels. 

The SVM-RBF 

model 
demonstrates the 

best performance 

with an R value of 
0.847, followed 

by SVM-POL, 

SVM-LIN, and 
SVM-SIG on the 

testing data. 

The relatively 

small dataset size 
and the use of data 

sourced from a 

single project 
location limit the 

generalizability of 

the results to other 
conditions. 

Kernel selection has a 

significant impact on 
SVM performance, with 

the RBF kernel 

demonstrating the highest 
effectiveness in modeling 

nonlinear relationships 

and being the most 
reliable among the tested 

kernels. 
Yu et al. [16] The dataset consists 

of images of silicon 

nitride bearing roller 

surfaces containing 
various types of 

surface defects. 

A convolutional 
neural network 

(CNN) is 

combined with a 
dual-kernel 

support vector 
machine (DK-

SVM), which 

leverages a 
combination of 

two kernels to 

enhance class 
separation 

capability. 

The CNN–dual 
kernel SVM 

model 

demonstrates 
superior 

classification 
performance 

compared to 

conventional 
SVM or a 

standalone CNN. 

The reliance on an 
industry-specific 

image dataset and 

the increased 
computational 

complexity 
resulting from 

integrating a CNN 

with a dual-kernel 
SVM. 

The integration of CNN 
and dual-kernel SVM is 

effective in addressing 

image-based defect 
classification problems, 

as the CNN extracts 
representative features 

while the dual-kernel 

SVM enhances nonlinear 
class separation. 

Zub et al. [17] University 
admission data 

containing academic 

attributes (exam 
scores, GPA), 

demographic 

information (age, 
gender, nationality), 

and interview 

results; the total 
number of records is 

not specified. 

DT, RF, SVM, 
LR, and neural 

network. Models 

were compared 
based on accuracy 

and 

interpretability. 

RF and neural 
network achieved 

the best 

performance, 
while SVM 

produced 

competitive 
results depending 

on kernel 

parameter 
settings. 

Dataset obtained 
from a single 

institution; 

sensitive attributes 
such as gender or 

race are not 

discussed; focus 
mainly on 

accuracy without 

fairness or 
efficiency 

evaluation. 

The study introduces a 
probabilistic neural 

network (PNN)–SVM 

ensemble for admission 
prediction but is limited 

by a small dataset size 

and a lack of kernel 
selection analysis, 

restricting the model’s 

generalizability and 
optimization. 
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