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Abstract - In today’s competitive world of educational 

organizations, the universities and colleges are using various data 

mining tools and techniques to improve the students’ 

performance.  Now a days, when the number of drop out students 

is increasing every year, if we get to know the probability of a 

student whether he/she will be able to cope up easily with the 

course, it is possible to take some preventive actions beforehand. 

In other words, if we get to know that a student will clear his 

papers in the course or he will have reappear in papers, a 

teacher/parent can focus more on such students. The data set of 

students has been taken from the UCI Machine Learning 

repository where a sample of 131 students have been provided with 

twenty-two attributes. The results of six classification algorithms 

have been compared in order to predict the most appropriate 

model for classifying whether a student will have a reappear in a 

course or not.  

 

Index Terms: Classification, Multi-Layer Perceptron, 

Prediction, Random Forest 

I. INTRODUCTION 

EDM (Educational Data Mining) is an evolving area of 

research that deals with studying and developing of various 

methods to analyze data that originates in the field of 

education. EDM uses various computational methods to 

analyze academic data to solve educational queries. Data 

mining, also called as knowledge discovery, is extracting the 

interesting patterns from large data sets automatically. It can 

be used to train the learning models and to predict and 

evaluate by discovering useful learning information from the 

historical data. 
 

Classification is an important task in data mining where 

student‟s performance can be predicted using a particular 

algorithm. Various classification algorithms can be used for 

the prediction like Naïve Bayes, Logistic Regression, 

Random Forest, J48, CART, Multi-Layer Perceptron etc. In 

this paper, six algorithms, “Naive Bayes”, “Logistic 

Regression”, “Support Vector Machine”, “Multi-Layer 

Perceptron”, “J48” and “Random Forest” have been 

compared based on the classification accuracy and other 

comparison metrics.   
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The data set has been taken from the UCI machine Learning 

repository which includes the data of three different colleges 

of Assam, India. The data contains not only the demographic 

details, but also the academic details of a student. The 

parameters that are available at the time of admission are 

considered and the post admission parameters like internal 

assessment percentage, end semester percentage were 

removed to develop the model. The data set consists of 131 

instances with 19 features. The highly influential features are 

extracted using Naïve Bayes classifier.  The class variable is 

taken to be „arr‟ that tells whether a student has reappear/s in 

the course or not.  

II. LITERATURE REVIEW 

Hussain et al. (2018) used J48, PART, Random Forest and 

Bayes classifiers to predict students‟ end semester grades on a 

data set of 300 students from different colleges and found that 

Random Forest classification algorithm gives the best results 

based on accuracy and classifier errors [1]. 

Bali et al. (2018) proposed the use of optimization technique 

for Optimal Component Selection and „Rock Predication by 

using Artificial Neural Networks‟ [2][9][11]. 

Mittal et al. (2018) designed a model for predicting diabetes 

using Naïve Bayes, K-NN and Support Vector Machine 

(SVM) and concluded that the SVM classifier outperforms 

the rest of the two classifiers [3]. 

Mittal et al. (2018) merged the SMOTE and decision tree 

classifiers and got a very high accuracy on the resultant model 

for predicting diabetes prognosis [4]. 

Evandro B.Costa et al. (2017) compared the effectiveness of 

educational data mining techniques on the data with 

pre-processing and without pre-processing. The authors also 

applied fine tuning on algorithms to check if it increases the 

effectiveness of EDM techniques [5]. 

Almarabeh, H.(2017) used Bayesian Network, J48, Naive 

Bayes, ID3, J48 and Neural Network classifiers to analyse 

and evaluate students‟ performance grades and found that 

Bayesian Network classifier has the highest accuracy among 

all classifiers . They concluded that the performance of the 

students of a university can be best classified using Bayesian 

Network classification methods. The dependency among 

random variables is depicted by using directed acyclic graphs, 

where the nodes in the graph represent the random variables. 

The dependency of random variables is depicted when a 

connection exists between a node and an arc [6]. 
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Govindaswamy and Velmurugan (2017) used classification 

and clustering algorithms such as C4.5, Expectation 

Maximization, k-nearest neighbour, k-means and Naïve 

Bayes for predicting the performance of students. Their 

results show that C4.5 classifier gives the best results 

compared to other classification algorithms. They also found 

that clustering algorithms give better performance as 

compared to classification algorithms [7]. 

Anuradha and Velmurugan (2015) evaluated various 

classifiers for predicting the performance of students in their 

research. They used the classification algorithms such as J48, 

OneRip, JRip, Naïve Bayes classifiers and Bayesian Net 

classification algorithms on the data set of students from three 

private colleges in Tamil Nadu, India. Their results illustrate 

that the prediction rates of these algorithms vary from 61-75% 

[8].  

Patil et al. (2013) compared the results of decision tree 

classifier and Naïve Bayes algorithm and found that „decision 

tree‟ gives better results than „Naïve Bayes‟ algorithm. “The 

benefit of „decision tree‟ is that it is easy to understand and 

interpret. The decision tree gives good performance with both 

numerical and categorical variables. Thus, it is one of the very 

powerful and widely used classifiers. WEKA uses J48 

classifier to implement the C4.5 decision tree [10]. 

Dekker et al. (2009) worked on Random Forest classifier and 

found that Random forest classifier reduce bias, variance and 

overfitting. Hence, it is very accurate as well as robust. It 

merges various decision trees together to give a better 

prediction model [12]. 

Romero and Ventura (2007) worked on the recommendation 

agents that watches the student activities and suggests some 

actions that will be beneficial for the students [13]. 

After studying the various researches, that have been done for 

doing predictive analysis through different educational data 

mining techniques, the authors found the following six 

classification algorithms: „Naïve Bayes‟, „Logistic 

regression‟, „Multilayer Perceptron‟, „Support Vector 

Machine‟, „J48‟ and „Random Forest‟ to be the most 

promising classifiers to build a model for predicting whether a 

students will have a reappear in a course or not. 

A. Classifier Evaluation and Comparison Metrics 

The classifiers are evaluated by a confusion matrix which is a 

combination of four outcomes. In binary classification, the 

output is either positive or negative. The four different 

classifications are: 

● True Positives (TP)- Accurate positive prediction 

● False Positives (FP)- Wrong positive prediction  

● True Negatives (TN)- Accurate negative prediction 

● False Negatives (FN)- Wrong negative prediction 

The effectiveness metrics for classifiers used in the research 

are: 

➢ Precision (P) 

Precision =  , number of true positives 

classifications divided by the sum of true positives and 

false positive classifications 

 

➢ Recall (R) 

Recall =  i.e number of true positives 

classifications divided by the sum of true positive and 

false negative classifications 

 

➢ F1-Score  

F1-Score is the harmonic mean of precision and recall.  

F1-Score =  

➢ Accuracy 

Accuracy is measured by dividing the number of 

correctly classified instances by the total number of 

instances. 

 

➢ Mean Absolute Error (MAE) 

MAE measures the average magnitude of errors in a set 

of predictions. It is the summation of the differences 

between predicted and actual observation divided by the 

total number of test samples. 

 

 
 

➢ Root Mean Square Error (RMSE) 

It is the square root of the summation of the squared 

differences between predicted and actual observations, 

divided by the number of total test samples. 

 

 

III. DATA PRE-PROCESSING 

The dataset is a collection of students‟ details collected from 

three colleges of Assam sate of India from UCI Machine 

Learning Repository (Table 1). The student performance data 

set consisted of 22 attributes, from which three 

attributes(internal assessment percentage, end semester 

percentage and attendance) were removed beforehand 

because the data required for the prediction is the data 

available at the time of admission of a student The data set 

considered in this paper consists of 131 attributes with 18 

attributes and one class variable.  

The various attributes contained in the data set are: 

1. Gender (ge) 

2. Caste (cst) 

3. Matric Percentage (tnp) 

4. XII Percentage (twp) 

5. Reappear/back paper (arr) 

6. Marital status (ms) 

7. Living status (ls) 

8. Admission category (as) 

9. Family income (fmi) 

10. Family size (fs) 

11. Father‟s 

qualification (fq) 
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12. Mother‟s qualification (mq) 

13. Father‟s occupation (fo) 

14. Mother‟s occupation (mo) 

15. Number of friends (nf) 

16. Study hours (sh) 

17. Type of school attended (ss) 

18. Medium (me) 

19. Travel time between college and home (tt) 

The description of the data set used is shown in Table I along 

with the possible attribute labels. 
Table I: Description of data set  

Att

rib

ute 

 

Labels 

Number of 

Instances 

Under Each 

Label 

ge (M, F)  72,59 

cst (Gen,SC,ST,OBC,MOBC)  

Gen : General  

SC : Schedule Caste 

ST : Schedule Tribe 

OBC : Other Backward Class 

MOBC : Minorities and 

other backward class  

44,20,4,57,6 

tnp (Best, Very Good, Good, 

Pass, Fail)  

9,38,59,25,0 

twp (Best, Very Good, Good, 

Pass, Fail)  

 

5,44,65,17,0 

arr (Yes, No)  53,78 

ms (Married, Unmarried)  0,131 

ls (Town, Village)  39,92 

as (Free, Paid)  55,76 

fmi (Very-High, High, AM, 

Medium, Low)  

Very-High: fmi >= 30000 

High: 20000 <= fmi < 30000  

Above Medium : 10000 <= 

fmi <  20000 

Medium : 5000  <= fmi < 

10000  

Low : fmi < 5000  

6,15,27,63,20 

fs (Large, Average, Small)  

Large : fs > 12 

Average : 6 <= fs < 12  

Small : fs < 6 

2,40,89 

fq (IL, UM, 10, 12 , Graduate, 

Post Graduate )  

IL : Illiterate 

UM : Under Matric 

20,40,23,22,20,

6 

mq (IL, UM, 10, 12 , Graduate, 

Post Graduate )  

IL : Illiterate 

UM : Under Matric 

27,52,25,17,7,3 

fo (Service, Business, Retired, 

Farmer, Others)  

38,34,3,27,29 

mo (Service, Business, Retired, 

Farmer, Others)  

12,1,1,115,2 

nf (Large, Average, Small)  

Large : nf > 12  

Average : 6 <= nf < 12  

Small : nf < 6 

58,43,30 

sh (Good, Average, Poor)  

Good : sh >= 6 hours 

Average : sh >= 4 hours 

Poor : sh < 2 hours  

27,59,45 

ss (Goverment, Private)  91,40 

me (English, Assamese, Hindi, 

Bengali)  

62,60,7,2 

tt (Large, Average, Small)  

Large : tt >= 2 hours 

Average : tt >=1hour 

Small : tt < 1 hour 

10,43,78 

 

In the data set, out of 131 instances, 53 instances are positive 

(marked as blue) and 78 instances are negative (marked as 

red) for the class variable „arr‟. In other words, out of 131 

students, 53 students have reappear and 78 students don‟t 

have reappear in their course. The nineteen features listed 

above can be visualized with respect to class feature(arr) as 

shown in figure 1, e.g. the first graph (topmost left corner) 

shows the graph of attribute „gender‟ w.r.t. the class variable 

„arr‟. The first bar in the graph tells that there are 72 male 

students (Fig. 1) and the number of male students who have 

reappear (marked as blue) is less than the number of male 

students who don‟t have reappear (marked as red). The 

second bar in the same graph tells that there are 59 female 

students (Fig. 1) and the number of female students who have 

reappear (marked as blue) is less than the number of female 

students who don‟t have reappear (marked as red). In the 

same manner, the remaining graphs are a visualization of all 

the remaining 18 features w.r.t. the class variable „arr‟. 

 

 
Fig. 1: Visualization of all features w.r.t. class variable (arr) 

IV. FEATURE EXTRACTION 

Feature extraction is done using several methods like 

wrapper method, info gain method etc., which creates a subset 

of features/attributes from the overall set of 

features/attributes. The features are selected using a particular 

classification algorithm like Naïve Bayes or Random forest 

etc. The selected subset of features are kept along with the 

class variable and the remaining features are removed from 

the data set. The model has been trained using this subset of 

features by using an appropriate search method like depth first 

search or breadth first search or any other.  
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In this paper, the selection of features has been done using 

Naïve Bayes classification algorithm, where the best first 

search has been used to identify the subset of features. The 

Naïve Bayes algorithm tells that six features are of more 

importance as compared to the remaining 15 features. The 

Naïve Bayes classification tells that the features that gives the 

best results in predicting the class variable(arr) are: 

1. Gender (ge) 

2. Caste (cst) 

3. Percentage in XII (twp) 

4. Family income (fmi) 

5. Mother‟s occupation (mo) 

6. Number of friends (nf) 

The six features listed above can be visualized with respect to 

class feature(arr) as shown in fig. 2 to fig. 7, where positive 

instances are marked blue and negative instances are marked 

red. Fig. 2 shows that there are 72 male students and the 

number of male students who have reappear(marked as blue) 

is less than the number of male students who don‟t have 

reappear(marked as red). The second bar in the same graph 

tells that there are 59 female students and the number of 

female students who have reappear (marked as blue) is less 

than the number of female students who don‟t have reappear 

(marked as red). 

 
Fig. 2: Visualization of attribute „ge‟ w.r.t. class variable(arr) 

Fig. 3 shows the number of students in different caste 

categories e.g. number of students in general category are 44. 

The first bar in the graph shows that the number of students 

with reappear in general category is less than the number of 

students who don‟t have reappear in course. The second bar 

shows that out of 20 students under ST category, students with 

reappear are more as compared to students without reappear. 

Similarly, the remaining bars visualize the rest of the three 

labels (SC, OBC and MOBC) w.r.t. the class variable „arr‟. 

 
Fig. 3: Visualization of attribute „cst‟ w.r.t. class variable(arr) 

 

Fig. 4 shows the number of students with class XII %age 

under five different labels (Best, Very good, Good, Pass, 

Fail). The first bar in the graph shows that the students with 

label „best‟ do not have any reappear in course. The second 

bar shows that out of 44 students under Very Good (VG) 

category, students with reappear are less as compared to 

students without reappear. Similarly, the remaining bars 

visualize the rest of the three labels (Good, Pass and Fail) 

 

to class feature(arr) as shown in fig. 2 to fig. 7, where positive 

instances are marked blue and negative instances are marked 

red. Fig. 2 shows that there are 72 male students and the 

number of male students who have reappear(marked as blue) 

is less than the number of male students who don‟t have 

reappear(marked as red). The second bar in the same graph 

tells that there are 59 female students and the number of 

female students who have reappear (marked as blue) is less 

than the number of female students who don‟t have reappear 

(marked as red). 

 
Fig. 2: Visualization of attribute „ge‟ w.r.t. class variable(arr) 

 

Fig. 3 shows the number of students in different caste 

categories e.g. number of students in general category are 44. 

The first bar in the graph shows that the number of students 

with reappear in general category is less than the number of 

students who don‟t have reappear in course.  

The second bar shows that out of 20 students under ST 

category, students with reappear are more as compared to 

students without reappear. Similarly, the remaining bars 

visualize the rest of the three labels (SC, OBC and MOBC) 

w.r.t. the class variable „arr‟. 

 
Fig. 3: Visualization of attribute „cst‟ w.r.t. class variable(arr) 
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Fig. 4 shows the number of students with class XII %age 

under five different labels (Best, Very good, Good, Pass, 

Fail). The first bar in the graph shows that the students with 

label „best‟ do not have any reappear in course. The second 

bar shows that out of 44 students under Very Good (VG) 

category, students with reappear are less as compared to 

students without reappear. Similarly, the remaining bars 

visualize the rest of the three labels (Good, Pass and Fail) 

w.r.t. the class variable  „arr‟ 

 

.  
 

Fig. 4: Visualization of attribute „twp‟ w.r.t. class variable(arr) 

 

Fig. 5 shows the number of students with different family 

monthly income  e.g. number of students with very high 

family monthly income is 6. The first and second bars in the 

graph shows that the number of students with very high and 

high family monthly income are more likely to have no 

reappear. Rest of the bars show that students with above 

medium, medium and low family monthly income are almost 

equal in both the cases. 

 
Fig. 5: Visualization of attribute „fmi‟ w.r.t. class variable(arr) 

 

 

Fig. 6 shows that the number of students, whose mothers are 

service class, are more likely not to have reappear in course. 

Students whose mothers are in business or retired have one 

instance each and do not have reappear in course. Similarly, 

rest of the two bars visualize the remaining two labels w.r.t. 

the class variable „arr‟. 

 
Fig. 6: Visualization of attribute „mo‟ w.r.t. class variable(arr) 

 

The first bar in Fig. 7 shows that students who have large 

number of friends are 58 and out of 58, more students will not 

have reappear in course. In the same way, rest of the bars 

shows the visualization of labels, average and small 

corresponding to the class variable „arr‟. 

 

 
Fig. 7: Visualization of attribute „nf‟ w.r.t. the class variable(arr) 

The class variable arr (whether a student will have reappear in 

a course or not) is predicted based on these six features using 

the six different classification algorithms : “Naïve Bayes”, 

“Logistic Regression”, “Multilayer Perceptron”, “Support 

Vector Machine”, “J48” and “Random Forest decision tree”. 
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V. RESULTS 

The models were developed using different classification 

algorithms using the features extracted using Naïve Bayes 

classification algorithm. Six different classification 

algorithms are used in this paper to predict the performance of 

student. The six different algorithms are: Naïve Bayes, 

Multilayer Perceptron, Logistic regression, Support Vector 

Machine, J48 and Random Forest. The Multi-Layer 

Perceptron model is designed using one hidden layer. The 

comparison of the various models according to different 

classification algorithms are summarized in Table II. The 

comparison indicates that the highest classification accuracy 

is given by the models designed using Multi-Layer Perceptron 

and Random Forest classification algorithms which gives an 

accuracy of 92.3%. The Relative absolute Error is minimum 

when using Multi-Layer Perceptron (MLP) which is coming 

out to be 22.4%. The comparison chart (Fig. 8) clearly 

indicates that the best results are obtained with Multi-Layer 

Perceptron when using Naïve Bayes algorithm for selecting 

the features. 
Table II: Comparison of classifiers 

Classification 

algorithm 

Classification 

Accuracy 

Mean 

absolute 

Error 

Root 

Mean 

Square 

Error 

Naïve Bayes 75.5% 0.3872 0.4301 

Logistic 

Regression 

73.2% 0.3481 0.4177 

Multi-Layer 

perceptron 

92.3% 0.1046 0.2229 

Support 

Vector 

Machine 

70.99% 0.2901 0.5386 

J48 74.0% 0.3515 0.4192 

Random 

Forest 

92.3% 0.1896 0.2543 

 

 
Fig. 8: Bar Chart for comparison of classifiers 

 

 
Fig. 9: Decision Tree using J48 classifier 

The decision tree using J48 decision tree classifier is shown in 

Figure 9. When using Naïve Bayes classification for feature 

extraction, the precision, recall, F-measure and Area under 

the curve for the two most appropriate classifiers, Multi-Layer 

perceptron and Random Forest are shown in the next two 

tables. The detailed accuracy by class using Multi-layer 

Perceptron is shown in the Table III and the detailed accuracy 

by class using Random Forest is shown in the Table IV. 
Table III: Detailed accuracy using MLP 

TP 

Rat

e 

FP 

Ra

te 

Precis

ion   

Recal

l 

F-M

easu

re   

ROC 

Area   

Class 

 

  

0.8

49 

0.0

26    

0.957 0.849 0.9 0.975   Y 

0.9

74   

0.1

51     

0.905 0.974      0.93

8 

0.975   N 

 

 

Table IV: Detailed accuracy using Random Forest 

TP 

Rat

e 

FP 

Rat

e 

Precis

ion   

Rec

all 

F-Me

asure   

RO

C 

Ar

ea   

Cla

ss 

 

0.8

87 

0.0

51 

0.922 0.88

7 

0.904 0.9

80 

Y 

0.9

49 

0.1

13 

0.925 0.94

9 

0.937 0.9

80 

N 

 

The results show that the most appropriate classification 

model is designed using Multi-Layer perceptron and Random 

Forest with a classification accuracy of 92.3% in both the 

classifiers. Whereas the area under ROC curve is 97.5% in 

Multi-Layer Perceptron (Fig. 10)   and that in Random Forest 

is 98% (Fig. 11).  
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Fig. 10: Area under ROC for MLP 

 
Fig. 11: Area under ROC for Random Forest 

The Precision-Recall curve for multi-layer perceptron is 

shown in Fig. 12 and Precision-Recall curve for Random 

Forest is shown in Fig. 13. Comparing the F-measure and area 

under ROC curve of all the six classifiers, the Multi-layer 

Perceptron and Random Forest classifiers gives the most 

optimal result among all the classification algorithms. 
 

 
Fig. 12: Precision - Recall curve for MLP 

 

 
   Fig.13: Precision - Recall curve for Random Forest 

 

 

VI. CONCLUSION  

The authors compared the outcomes of six different 

classifiers to identify those students who have high 

probability to have reappear in some of the courses, by doing 

predictive analysis. The investigation in this paper differs 

from previous related works in respect that the authors 

compared the accuracy of six EDM techniques to identify 

those students, who are likely to have reappear in course at an 

early stage, so that action can be taken to minimize the rate of 

failure at the end of course. Specifically, the six EDM 

techniques (“Naïve Bayes”, “Logistic Regression”, 

“Multilayer Perceptron”, “Support Vector Machine”, “J48 

decision tree” and “Random Forest”) were compared to 

conduct the study. These six techniques were evaluated on the 

data set collected from three different colleges in Assam state 

of India. In addition, pre-processing tasks was also performed 

during the realization of the experiment to select the most 

influential features using Naïve Bayes classification 

algorithm. The research results allow us to conclude that the 

analyzed classification algorithms are quite effective for early 

identification of those students who can have reappear in 

course, which can then be useful for parents or teachers to 

take a corrective action at an early stage. The prediction of 

student‟s performance can be done to a good extent by using 

the six features, gender, caste, percentage in XII, family 

income, mother‟s occupation and number of friends.  

The two classifiers, Multi-layer perceptron and Random 

Forest prove to be the most appropriate classifiers for 

predicting student‟s performance.  For future work, this 

analysis can be further taken forward by using data sets from 

different universities and also applying other data 

pre-processing techniques.  
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