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Abstrak 

Portal Pendidikan Oman (OEP) menunjukkan bahawa ketidakseimbangan set data 
biasanya berlaku dalam menilai prestasi pelajar. Sebilangan besar pelajar adalah 
berprestasi baik, sementara itu hanya sebilangan kecil tidak menunjukkan prestasi yang 
baik. Teknik klasifikasi untuk set data yang tidak seimbang boleh menyebabkan 
ketepatan ramalan yang agak mengelirukan. Ketepatan ramalan keseluruhan biasanya 
didorong oleh kelas majoriti dengan mengorbankan prestasi yang tidak baik pada kelas 
minoriti. Objektif utama kajian ini adalah untuk meramal prestasi pelajar yang terdiri 
daripada pengagihan kelas yang tidak seimbang, dengan memanfaatkan pelbagai teknik 
persampelan bersama dan beberapa model pengkelasan perlombongan data. Tiga teknik 
persampelan utama iaitu persampelan minoriti sintetik (SMOTE), persampelan bawah 
rawak (RUS) dan persampelan berasaskan pengelompokan dibandingkan untuk 
meningkatkan ketepatan ramalan di kelas minoriti sambil mengekalkan prestasi 
klasifikasi keseluruhan yang baik. Lima model pengkelasan perlombongan data yang 
berbeza - J48, Random Forest, K-Nearest Neighbour, Nai've Bayes dan Logistic 
Regression digunakan untuk meramal prestasi pelajar. Pengesahan silang IO kali ganda 
digunakan untuk mengurangkan bias persampelan. Empat matriks digunakan dalam 
menilai prestasi pengelasan: ketepatan, False Positive (FP), pekali korelasi Matthews 
(MCC), dan Karakteristik Operasi Penerima (ROC). Set data OEP antara 2018 dan 
2019 diambil untuk menilai keberkesanan teknik persampelan dan juga kaedah 
klasifikasi. Hasil menunjukkan bahawa K-Nearest Neighbour yang digabungkan 
dengan teknik persampelan berasaskan pengelompokan menghasilkan prestasi 
klasifikasi terbaik dengan nilai MCC 98.4% pada pengesahan silang 10 kali ganda. 
Teknik persampelan berasaskan pengelompokan meningkatkan prestasi rarnalan 
keseluruhan untuk kelas minoriti. Di samping itu, pernboleh ubah terpenting untuk 
meramalkan prestasi pelajar dengan tepat dikenal pasti dengan menggunakan model 
Random Forest. OEP mengandungi sejumlah data yang besar dan analisis berdasarkan 
data yang besar dan kompleks ini dapat memberi manfaat kepada pemegang taruh 
dalam OEP dalam meningkatkan prestasi pelajar dan mengenal pasti pelajar yang 
rnemerlukan perhatian tambahan. 

Kata Kunci: Perlombongan data, Set data tidak seimbang, Teknik Persampelan, 
Pengelasan, Pembolehubah terpenting 
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Abstract 

According to the Oman Education Portal (OEP), data set imbalances are common in 
student perfonnance. Most of the students are perfonning we! I, while only small cases 
of students are underperfonned. Classification techniques for the imbalanced dataset 
can yield deceivingly high prediction accuracy. The majority class usually drives the 
overall predictive accuracy at the expense of having abysmal performance on the 
minority class. The main objective of this study was to predict students' performance 
which consisted of imbalanced class distribution, by exploiting different sampling 
techniques and several data mining classifier models. Three main sampling techniques 
- synthetic minority over-sampling technique (SMOTE), random under-sampling 
(RUS), and clustering-based sampling were compared to improve the predictive 
accuracy in the minority class while maintaining satisfactory overall classification 
performance. Five different data-mining classifiers - J48, Random Forest, K-Nearest 
Neighbour, NaYve Bayes, and Logistic Regression were used to predict the student 
performance. 10-fold cross-validation was utilized to minimize the sampling bias. The 
classifiers' performance was evaluated using four metrics: accuracy, False Positive 
(FP), Matthews correlation coefficient (MCC), and Receiver Operating Characteristic 
(ROC). The OEP datasets between 2018 and 2019 were extracted to assess the efficacy 
of both sampling techniques and classification methods. The results indicated that the 
K-Nearest Neighbors combined with the clustering-based sampling technique produced 
the best classification perfonnance with an MCC value of 98.4% on the 10-fold cross
validation. The clustering-based sampling techniques improved the overall prediction 
perfonnance for the minority class. In addition, the most important variables to 
accurately predict student perfonnance were identified by utilizing the Random Forest 
model. OEP contains a large amount of data and analyses based on this large and 
complex data can be useful for OEP stakeholders in improving student performance 
and identifying students who require additional attention. 

Keywords: Data mining, Imbalanced dataset, Sampling technique, Classification, 
Importance variable 
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1.1 Introduction 

CHAPTER ONE 

INTRODUCTION 

The Sultanate of Oman's educational system had suffered from the lack of qualified 

teachers and the destruction of learning facilities such as laboratories and libraries for 

many years. Since 1971, the education sector in the Sultanate of Oman has undergone 

many refonns (Education, 2011) in improving the teaching and learning enviromnents, 

facilities, quality and governance. Referring to this reform, the govermnent of Oman, 

through the Ministry of Education, has been trying to enhance the quality of education 

in all schools. For example, education and training in 2017 was given a $1.585bn dollar 

grant to enhance Oman's educational management in implementing its educational 

sector plan (Oman, 2017). However, the educative situation in the Sultanate of Oman 

was still not satisfactory. It was in the 43rd position out of 49 countries that joined the 

Trends in International Mathematics and Science Study (TIMSS) assessments in the 

4th and 8th grades in 2015. The cun-ent result that was released by the TIMSS report 

showed that the Sultanate of Oman's score was 425 points (Mullis, 2015). This result 

revealed that an average perfonning Omani student (425) scored below the low 

international benchmark. In general, the report from TIMSS (Mullis, 2015) showed that 

students in secondary schools in the Sultanate of Oman suffered from low academic 

performance. 

One of the most important markers of the quality of educational improvement 

is student performance (Alhajraf & Alasfour, 2014; Aulck & Blumenstock, 2016). 

Increasing the level of student performance is a long- term aim of any government 

around the world. Underperforming students give negative effects to parents, decision-
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