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Abstract 

 
Data mining is characterized as a quest for useful knowledge via large quantities of data. Some 

basic and most common techniques for data extraction are association rules, grouping, 

clustering, estimation, sequence modeling. For a wide range of applications, data mining 

techniques are used. Techniques of data analysis are essential to the preparation and 

implementation of the administration of the learning system, including behavioral guidance and 

personal behavior appraisal. The article applies data analytical methods to the role of student 

classification. Several tests are used for the interpretation of the findings. In keeping with the 

methodology proposed in the paper, the classification using cognitive skills provides more 

detailed results than the findings of other study published. Five algorithms were used (J48, 

Naïve Bayes, Multilayer Perception, K Star and SMO). This essay discusses and measures the 

application of the various algorithms so that factors affecting the success and failure of students 

can be identified, student performance can be estimated, and the significant consequences of 

the mathematics system for the second university year can be identified. However the number 

of exams can be minimized using data mining techniques. In terms of time and consequences, 

this shortened analysis plays a key role. 
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Introduction 

 

A huge amount of data can be collected and analyzed using algorithms that are 

technologically assisted learning environments. Learning analytics roles are important to 

the scheduling and adjustment of learning system management, including adaptable 

guidance and personal learning behavior assessment. In the discovery of information and 

data mining, there are many different methods for identification used. Every technique or 

method has its own advantages. The article applies methods of data analysis to the student 

classification task. Several assessments are used to analyze the results achieved. 

Classification using the features of cognitive abilities according to the framework suggested 

in the article gives more detailed outcomes than the findings reported in other studies 

published by available sources. 

 

Actual changes in academic digitalization contribute to the processing of large amounts of 

data that show correlations that can be used to make decisions to improve education 

performance. Intelligent Analysis Data (IAD) is the exploration of such useful data patterns. 

Intelligent Analysis of Educational Data mining (EDM) was developed as part of the 

experience in the implementation of IAD methods in education in 2008 in quite a new 

direction. For example, studies in the analysis of educational data are: the determination of 

relationships between utilization ratings and additional student performance, assessment of 

the quality of courses based on a student survey, and quality assessment of classroom 

papers. 

 

Previous Studies 

 

Educational Data Mining (EDM) develops strategies for academic decision-making studies. 

In order to find different patterns in the data DM and EDM are involved. However, the 

presence of mining is what makes EDM different. EDM tries to improve the educational 

process by all means, guide students in the right direction, and recommend teaching staff, 

in addition, to examine the essence of educational phenomena to understand how we 

nevertheless absorb information and gain skills and skills. EDM approaches are listed as 

statistical techniques, analysis of interaction methods, structure seeking and discovery 

methods for models and human governance data distillation. 
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In 2017, Rahman, Sultan, and others gathered extensive data on the quality of a cohort of 

20 students from Jubail University College in the Kingdom of Saudi Arabia to discover 

students at risk of failure at the final exam. In the Student Assessment Results Report, use 

the decision-making tree of the data mining classification system to identify students who 

need help to perform well in the final exam. There have been two methods of selecting that 

feature: obtaining the information and the percentage of gain and using it to select the gain 

ratio (Atta-Ur-Rahman et al., 2018). In 2015, Jacob, Sultan and others explored several 

strategies for the processing of academic information and how they can be used to support 

all educational system participants. Regression analysis was used to build a model 

containing a dependent variable and multiple separate variables. Techniques in data mining 

such as regression and decision-making tree have been studied and applied to forecast 

academicals success and to meet successful student performance forecasts and to predict 

academic failure. Assembling students was successfully used in classes based on academic 

strengths and weaknesses (Jacob et al., 2016). In 2017 Rahila Umer and Suriadi Suriadi 

suggested a method to make early assessments to improve student learning experience in 

open-line courses. The research employed four methods for classifying machine learning 

(Logistic Regression (LR), Naive Bayes (NB), Random Forest (RF) and K neighbor). The 

study includes four approaches of identification. By integrating system mining functions 

and standard features, full accuracy (F1 score, region below the curve) of computer training 

techniques can be increased (Umer et al., 2017). In 2015 Al-Saleem and Al-Kathiry and 

others suggested the template that estimates student performance on the basis of the number 

of former students in core and elective courses in future courses. The algorithms for Model 

ID3 and J48 decision tree classification are used; the advantages of the system and the 

performance of certain algorithms are presented. They found that J48 was more accurate 

than the ID3 algorithm. The J48 algorithm was therefore used to forecast digitally, so that 

one or more loops of forecasts could be made for students (Al-Saleem et al., 2015). In 2019, 

Hashemineiad and Sarvmili proposed to extract the hidden rules which can be used for the 

prediction of students ' final results by the classification method based on the S3PSO 

algorithm. Moodle results from the University of Tarbiat, Tehran, Iran, have been included 

in S3PSO performance evaluation in computer science courses. Compared to other 

classification methods including SVM, KNN, Naif Bayes, Neural Network, and APSO, 

S3PSO increased 9 per cent of the Moodle dataset's accuracy quality and received 

promising results for the estimation of final score for its learners. Experimental results 

suggest that S3PSO's detecting bases quality in assistance, reliability and inclusivity 

measures is higher than that of another rule-based identification system like C4.5, ID3 and 

CART (Hasheminejad and Sarvmili, 2018). In 2018 Kiu proposed a framework for 

extracting supervised academic information. The decision tree model J48 was used in order 
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to combine students into the final grade forecast, based on the learning process and events 

taken from the event logs of the online learning program. He used a Weka data mining tool 

to explore student learning with simple and effective visuals. Experimental results 

demonstrate that the models of the workbook and the identification rules set forth in the J48 

decision-making tree are reliable for student performance. It provides a way of making 

useful advice on the enhancement of the education of students and the quality of academics, 

both for students with and without training (Kiu, 2018). 

 

In our study, we predicted the results of second-stage mathematics students using a number 

of algorithms to achieve the best expectations among them. This article presents an 

experimental study of J48, Naive Bayes, and Multilayer perception, K Star, and SMO 

classification algorithms and compared among these classifications to prediction Student 

performance in mathematics according to the attributes taken. The experimental results 

show a satisfactory performance of K star algorithm in comparison with the other 

approaches in pred. 

 

The exploration of the reasons of academic failure in a specific studying subject is a major 

problem to identify and describe pupil learning difficulties. In the early stages of the 

learning process, the research seeks to find students with disabilities during school as soon 

as possible. The goal is to identify student groups according to their probability of academic 

failure and success. 

 

Collecting Data Method 

 

In this study, we have analyzed data in the subject mathematic obtained from department 

of computer engineering, Mustansiriya University, from the students of the Second stage 

the data was analyzed. The data set is made up of attributes such as living with parents, 

having a job, using social media, time for learning math, etc. In total we have collected data 

from 84 students, 60 of whom have completed the tests, and the others have failed. 

 

When the data set is pre-processed, irrelevant values are discarded, the missing value is 

refilled and the outer value on the outer samples are deleted / refilled. The properties of the 

datasets we used in our study are shown in Table 1. 
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Table 1 Dataset Attributes 

Attribute Data Type Attribute Rule 

Math absence 1C1 Integer Regular 

Math absence 1C2 Integer Regular 

Math absence 2C1 Integer Regular 

Math absence 2C2 Integer Regular 

Math 1SC1 Integer Regular 

Math 1FC1 Integer Regular 

Math 1SC2 Integer Regular 

Math 1FC2 Integer Regular 

Math 2SC1 Integer Regular 

Math 2FC1 Integer Regular 

Math 2SC2 Integer Regular 

Math 2FC2 Integer Regular 

Sex Binominal Regular 

Living with parents Binominal Regular 

Dou have a job Binominal Regular 

Family members Integer Regular 

Seq.inthefa1ily Integer Regular 

Using social1edia Integer Regular 

No. hours Mathstudy1 Integer Regular 

Extra Materia l Math 1 Binominal Regular 

Electronic education Math 1 Binominal Regular 

No. hours Math study 2 Integer Regular 

No. hours Math study 2 Integer Regular 

Extra Material Math2 Binominal Regular 

Electronic education Math 2 Binominal Regular 

No. hours Control study C1 Integer Regular 

Extra Material Control C1 Binominal Regular 

Electronic education Control C1 Binominal Regular 

Class Binominal Label 

 

Classification Algorithms 

 

Classification algorithm used mainly in historical data-based predictions. Classification is 

a prediction technique that is monitored in nature. This methodology is capable of 

predicting the tag for classes if sufficient numbers of examples of learning can be identified. 

 

A variety of classification algorithms can be used to classify a number of models for the 

prediction of unknown category tags. The dataset is grouped into two groups: a training set 

(dependent set) and a test set (dependent set). The machine learning algorithm is initially 

based on training, which is followed later by the test set by the predicting model. 
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Labeling usually refers to data elements being allocated to predefined classes and groups 

(Dunham, 2006). Also known as supervised learning, it includes classification and learning. 

The training data is analyzed in the learning phase by the classification algorithm; test 

information is used in the classification phase to estimate the exactness of the classification 

rules (Taruna and Pandey, 2014). The common algorithms discussed in this paper are: 

 

J48 Algorithm 

 

J48 is used for both classification and prediction operations. For classification, J48 (based 

on the C4.5 algorithm of machine learning) was selected given that this algorithm is one of 

the most used tools in Weka which provides stability between accuracy, speed and 

interpretability of results. In addition, this algorithm categorizes data into a decision tree in 

which we can easily identify vulnerable students. Classification learning as part of EDM 

was also implemented to predict student performance (Monika and Vohra, 2012). 

 

 
Fig. 1 J48 

 

Naive Bayes 

 

Naive Bayes is a most effective and efficient inductive algorithm for learning machines and 

data mining. It is surprisingly competitive in category, as the contingent presumption that 

it is built on independence is rarely true for real world implementations. The dependence 

between attributes can cancel each other with appropriate and required conditions for the 

optimality of naive Bayes (Zhang, 2004). The classifiers of Naive Bayes are highly scalable 
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and allow a range of linear parameters for a learning problem in terms of the amount of 

variables (features and predictors). 

 

𝑷(𝑪𝒌|𝑿 ) =  
𝑷( 𝑪𝒌 )∗𝑷( 𝑿 |𝑪𝒌 )

𝑷( 𝑿 )
                                                (1) 

 

Where: 

P(c|x) is the posterior probability of class (c, target) given predictor (x, attributes). 

P(c) is the prior probability of class. 

P(x|c) is the likelihood which is the probability of predictor given class. 

P(x) is the prior probability of predictor. 

 

Multilayer Perception 

 

Multilayer perceptron’s (MLPs) are perception networks, linear classification networks. A 

unique group of sensor nodes connecting inside network make up decision (Saleh, Al-Aqbi 

and Saedi, 2018; Falih et al., 2020; Saleh et al., 2021). We can, in addition, use "hidden 

layers" to enforce arbitrary decision limits. Multilayer perceptron’s (MLPs), a feed-forward 

neuronal processing network that are clustered in layers and linked by weaved links, are the 

most common neural network type. Weka is fitted with a graphical interface to construct a 

network system with as many perceptions and links. 

 

 

Fig. 2 Multilayer Perceptron 
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K Star 

 

K-star is a classifying case. The evaluation instance's class is based on the similar training 

instances as defined by a function of similarity. The distinction is that it uses a 

computational complexity-based distance function from other instance-based classes. 

Instance-based students define an instance by matching it with a pre-classified sample set. 

The basic premise is that similar cases are treated in similar ways. The problem is how 

"similar case" and "similar classification" should be described. A distance function 

determining how similar both instances are and the classified function which indicates how 

example similarities give the final categorization of the instance is the correlating 

components of a case-based learner (Cleary and Trigg, 1995). 

 

SMO 

 

SMO is a simple algorithm which can solve SVM QP problem quickly without additional 

storage matrixes and without the use of numerical steps to optimize QP. At every step, SMO 

tries to solve the least possible problem of optimization. SMO chooses two Lagrange 

multipliers at every point in the process to function together to maximize them, determine 

optimum values for these multipliers and upgrade the SVM to represent optimized new 

values. 

 

Methodology 

 

In our article, three algorithms has been used. The WEKA method is used to apply 

perception algorithms. WEKA is an open source java software that researchers at Walkato 

University for New Zealand have developed. This offers several different algorithms for 

machine learning, including Decision Tree, Naïve Bayes, MLP and more. We used a data 

set with known output values and use this data set to build a model to generate the model 

with the aid of a training data model. Nevertheless, this type of system uses a complete 

trainings package and splits it into two data sets, that is to say that data set are taken and 

put into our training set for the project. The second data set is then placed in a data set, and 

we use this data immediately after the model was generated to test the consistency of model. 

In WEKA the following steps are also to be taken to introduce the two algorithms: 

 

Step-1: First, import and preprocess the dataset into the device. 

Step-2: Classify data with the classification algorithm of Naïve Bayers. 

Step-3: Remove previous buffer value and predict with the J48 algorithm decision tree. 

Step-4: Use J48 decision tree algorithm to classify the data. Split using the same percentage 

split. And so on with third algorithm. 
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In comparison, the output of K Star algorithm is compared to Naïve Bayes, J48, Multilayer 

Perception, and SMO. After evaluating the performance of all five algorithms, the K Star 

algorithm has been hypothesized to be more powerful than other algorithms. K Star 

algorithms scored mean absolute error 0.07%, with Multilayer perceptron, J48, Naïve 

Bayes, and SMO only rating 11%, 18%, 35%, and 27% respectively. 

 

 
Fig. 3 Mean absolute error 

 

Results 

 

The Weka Tool provides unified algorithms, which help to apply different classifiers in a 

simple and flexible way. Five algorithms are used before and after deletion of attributes in 

this stage (J48, Naïve Bayes and Multilayer perception, K Star and SMO). The process of 

elimination of the attributes is very effective to explore the effectiveness and reliability of 

these attributes. Output information for the Five attributes of the algorithms (J48, Naïve 

Bays and MultiLayer Perceptron, K Star and SMO) namely True Positive (TP), False 

Positive (FP), Precision and Recall, are given. Three output metrics are used to test the 

model obtained: accuracy, precision and recall. Accuracy refers to the percentage in the test 

sample of correctly classified data. Precision tests the proportion of data that are actually 

good listed in the formula. Recall the calculation of the true positive rate of acceptance, and 

they measured as follows: 

 

Accuracy = (TP + TN) / (P + N)                     (2) 

Precision = TP / P                                           (3) 

Recall = TP / (TP + FN)                                 (4) 

 

Where, P means the number of Pass records. N means the number of Fail records. TP, TN 

are record numbers that correctly classified respectively as Pass and Fail. FN is the 
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misclassified records as Fail. The assessment criteria for each model are summarized in 

Table 2 & 3. The results show the most accurate model based on the Naïve Bays algorithm. 

 

Table 2 Simulation Result of Each Algorithm 

Algorithm (Total instances, 48) TP Rate FP Rate Precision Recall Class Accuracy 

J48 Algorithm 
0.804 0.184 0.841 0.804 P 

81 % 
0.816 0.196 0.775 0.816 F 

Naïve Bays 
0.717 0.368 0.702 0.717 P 

68 % 
0.632 0.283 0.649 0.632 F 

MultiLayer Perceptron 
0.913 0.132 0.894 0.913 P 

89 % 
0.868 0.087 0.892 0.868 F 

KStar 
0.913 0.053 0.955 0.913 P 

93 % 
0.947 0.087 0.900 0.947 F 

SMO 
0.761     0.316     0.745       0.761 P 

72 % 
0.684     0.239     0.703       0.684 F 

 

Table 3 Comparison of classification algorithms 

Algorithm 
Correctly Classified 

Instances 

Incorrectly Classified 

Instances 

Kappa 

statistic 

Total Number 

of Instances 

J48 Algorithm 80.9524% 19.0476% 0.6173 84 

Naïve Bays 67.8571% 32.1429% 0.3498 84 

MultiLayer Perceptron 89.2857% 10.7143 % 0.7833 84 

KStar 92.8571% 7.1429% 0.8565 84 

SMO 72.619 % 27.381% 0.4461 84 

 

Conclusion 
 

This experiment seeks to investigate and test the multiple algorithm implementation process 

in order to determine the factors that affect the success and failure of students. The best 

solution to forecast the success of students can be data mining algorithms as they provide 

high precision and a route map for both academic and pupils. On the basis of the tests, 

multiple variables (attributes) can influence the quality of the perception outcome and the 

academic overall performance of students. 

 

In this paper, we applied the five classification algorithms to the records of 84 students from 

the computer engineering department at the Bachelors program. The goal was to predict 

student performance and to recognize important impacts of the second-year undergraduate 

mathematics curriculum. Our observations have shown that the value classification model 

in the K Star algorithm is the best one as shown in figure 4 below. Attributes such as Math 

absence, Work, Family members, Sequence in the family, Using social media, No. hours 

Math study had less effect on student success, whereas GPA, Living with parents, Extra 

Material Math, and Electronic education Math had the most significant effect on the final 

class. The results showed the methods used were capable of predicting the students ' success 

at an early. 
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Figure 4 Accuracy Result of Each Algorithm 

 

Our work contributed to investigate and test the implementation of multiple algorithms and 

identify the factors that affected students' success and failure. We proved through 

experiments that it is possible to predict student success through data-mining algorithms 

which provided for both academics and students with the benefit of focusing on some 

features through their impact on the quality of students' general academic performance. 

 

Our work was distinguished from the previously mentioned studies in explaining that 

features such as absence from mathematics lectures, work during study, family members, 

use of social media, and number of hours had less impact on students' success. We also 

explained that features such as GPA, and living with parents, special lessons in 

mathematics, and adding e-learning in mathematics were more significant impact on the 

final grade. 
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