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Abstract— In today’s scenario, Data mining and Knowledge 
Management   happen to be the crucial area of research in 
computer science on extraction and projection of useful 
information for the stakeholders.  Data mining helps to extract 
the knowledge from  the available dataset.  The extracted 
knowledge can be created as an Intelligent Knowledge base for 
improving the organizations competitive position. Various well 
known Data mining classification algorithms help to extract the 
knowledge. The performance of these algorithms considerably 
relies on the quality of the training dataset. The study is mainly 
focused on deriving a quality training dataset of educational 
domain that is more unique and intelligent which can be used for 
better classification. Two well known classification algorithms 
MLP and ID3 are used for the comparative study on higher 
education scenario.  

Keywords—Data Mining, Classification, Multi Layer 
Perceptron, ID3, Educational Data Mining, Improved Dataset.  

I.  INTRODUCTION  

In today’s scenario, an explosive growth is witnessed in 
data generation and data collection capabilities across all 
domains. Data mining is an inter disciplinary sub area of  
computer science which is used for deriving  or “mining” 
knowledge in the form of rules, patterns or models from large 
amount of data set. The process of data mining transforms the 
information into an understandable structure and can be used 
for analysis that improves the business efficiency. Data mining 
enables businesses to understand the hidden patterns inside 
historical transaction data, thus helping in planning new drive 
in a prompt and cost-effective way. Data mining has its great 
applications in various areas like marketing, finance, health 
care, transportation, Customer Relationship Management, 
education etc. Data mining applied in the area of educational 
domain is said as Educational Data Mining (EDM). 

Several techniques are used in data mining that describe 

the type of mining and data recovery operation. The mining 
techniques include classification, clustering, association, 
prediction etc.  Classification and prediction are functions 
which are used to create models that are constructed by 
analyzing data and then used for assessing other data. 
Clustering is a way of identifying similar classes of objects. 
Association is mainly used to relate frequent item set among 
large data sets. Classification algorithms  are used for this 
study on Educational dataset for knowledge extraction.    

A classification algorithm in data mining is a set of 
heuristics that creates a model from data. To create a model, 
the algorithm first analyzes the data looking for specific types 
of patterns or trends. The algorithm uses the results of this 
analysis over many iterations to find the optimal parameters 
for creating the mining model. For building the models using 
classification algorithms, the training and testing sets are 
significant. The quality of the training set is important in 
determining the performance of the classification algorithm. 
There are many classification algorithms  

This paper makes a novel attempt to derive a good quality 
training dataset to improve the performance of the data mining 
classification algorithms.  Section 2  provides the details about 
the machine learning algorithms that are used  for analysis and 
the evaluation measures. Section 3 gives the general account 
of the model and the dataset under study. Section 4 analyze 
the performance of the newly derived dataset and the 
comparative analysis. Conclusion and a discussion on future 
work are in the final section. 

A. Related Work 
 

Han and Kamber [1] describe data mining as a tool that 
help the users to analyze data from different dimensions, 
categorize it and summarize the relationships which are 
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identified during the mining process. Bengio Y. et.al [2], 
discussed that neural networks are suitable in data-rich 
environments and are typically used for extracting embedded 
knowledge in the form of rules, quantitative evaluation of 
these rules, clustering, self-organization, classification and 
regression. Neural networks have an advantage over other 
types of machine learning algorithms. Jai Ruby & David [3] 
compared various data mining algorithms using the student 
dataset considering only the influencing factors and proved 
that MLP and ID3 best classification algorithms.  

Romero and Ventura [4], had a survey on educational data 
mining between 1995 and 2005.  They concluded that 
educational data mining is a promising area of research and it 
had a specific requirement not presented in other domains. 
Josephine S Akosa[5], suggested that model evaluation 
metrics might reveal more about distribution of classes than 
they do about the actual performance of models when the data 
are imbalanced. So it is always good to consider a 
combination of different measures instead of relying on one 
measure.  A Mohamed Shahiria  et.al [6]  discussed on the 
data mining techniques that have been used to predict students 
performance. Neural Network and Decision Tree are the two 
methods highly used by the researchers for predicting students 
performance and most of the researchers have used CGPA and 
internal assessment as dataset. 

Kittipol Wisaeng [7] compared the effectives of the 
decision tree algorithm namely, on the dataset from UCI 
repository. They clearly state that highest accuracy belong to 
the logistic model trees algorithm  and the total time to build 
the model is also a crucial parameter in computing the 
classification algorithm. It is found that a REP trees algorithm 
requires the shortest time which is 0.17 second while logistic 
model trees algorithm requires the longest time which is 
139.96 seconds.  

Cristina Oprea [8] focused on evaluating the performance 
of classification algorithms, ID3, Nayve Bayes, Multilayer 
Perceptron, K-nearest neighbor, on the different datasets as 
scope, size and number of attributes. It is noted that the 
performance indicators: the accuracy, the error F-measure and 
the ROC curve varies according to the size of the dataset used, 
and the number of attributes used in the data set. 

Alfonso Palmer, Rafael Jiménez and Elena Gervilla [9] 
suggested the way the researchers should take on the role of 
design: how they should design the data selection, cleaning 
and preparation processes, as well as obtaining a model  and 
validation processes through the wide repertory of associated 
techniques, algorithms and parameters that are at their 
disposal. They concluded that Weka platform offers an ideal 
space to combine the art and science of  Data Mining in an 
effective way. 

II. CLASSIFICATION AND PERFORMANCE MEASURES 
 

The study mainly deals with Data Mining Classification 
algorithms.  Two steps are involved in classification. In the 
first step, a model that describes a predetermined set of classes 
or concepts is made by examining a set of training dataset. 
The learning is known as supervised learning as the class 
labels of all the records of the dataset are known. The models 
are usually in the form of classification rules or decision tree. 
In the second step, the model is put to test using a different 
data set that is used to estimate the predictive accuracy. 
Various methods like holdout, random sub sampling, k-fold 
cross validation, stratified cross validation, bootstrapping are 
used to estimate the accuracy of the model. If the accuracy of 
the model is considered acceptable, the model can be used to 
classify the dataset for which the class label is not known in 
advance [1]. Basic techniques for classification are decision 
tree induction, Bayesian classification and neural networks.  A 
number of well - known data mining classification algorithms 
such as ID3, REPTree, Simplecart, J48, NB Tree, BFTree, 
Decision Table, MLP, Bayesnet, etc., exist. A neural network 
is a network that has the ability to learn from its background 
and improve its performance through learning. Multilayer 
Perceptron algorithm is one of the most widely used and 
common neural network [3]. 

A. Classification Algorithms 

(a) Multilayer Perceptron 

Multilayer Perceptron  is a feed forward artificial neural 
network model trained with the standard back propagation 
algorithm that maps sets of input data onto a collection of 
acceptable output. They learn how to transform input data into 
a desired response, so they are widely used for pattern 
classification and prediction[3].  

(b) ID3 - Iterative Dichotomiser 3 

ID3 is a decision tree Induction algorithm and induces 
decision trees from data. It is a supervised learning algorithm 
that is trained by examples for different classes. After being 
trained, the algorithm should be able to predict the class of a 
new item. It uses the statistical property of entropy. Entropy 
measures the amount of information in an attribute [3].  

B. Classifier Accuracy 

It allows to evaluate how accurately a given classifier will 
label future data, that is data on which the classifier has not 
been trained [1]. Some of the techniques used widely are 
holdout, random sampling and k-fold cross validation. 
 

(a) Hold out 

It is a method using which the training and testing tests are 
derived from the sample dataset in the ratio 2 : 1. The training 
set is used to derive the model and its accuracy is estimated 
using the test set. 
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(b) Random Sampling 

It is just a variation of hold out method. In this method, the 
process is repeated for ‘k’ times. Then the average of the 
values obtained is used to calculate the overall accuracy. 

(c) K-fold cross validation 

Cross-validation is a technique to evaluate predictive 
models by partitioning the original sample into a training set 
to train the model, and a test set to evaluate it. In k-fold cross-
validation, the original sample is randomly partitioned into k 
equal size subsamples. Of the k subsamples, a single 
subsample is retained as the validation data for testing the 
model, and the remaining k-1 subsamples are used as training 
data. The cross-validation process is then repeated k times 
with each of the k subsamples used exactly once as the 
validation data. The advantage of this method is that all 
observations are used for both training and validation, and 
each observation is used for validation exactly once. 

C. Performance measures  

 
A classification algorithm is measured by many popular 

metrics which are used to evaluate the quality of a 
classification system. Some of the key terms are discussed 
here. 

(a) Confusion matrix – It is a contingency table or error  
table. 

TABLE 1. CONFUSION MATRIX 
 

 
Predicted 

Positive Negative 

Actual 
Positive TP FN 

Negative FP TN 
 

(b) True Positive (TP) Rate - The true label is positive, and 
the classifier also predicts it as a positive. It is also said as 
Sensitivity. 

(c) True Negative (TN) Rate - The true label is negative, 
and the classifier also predicts as a negative. 

(d) False Positive (FP) Rate - The true label is negative, 
but the classifier incorrectly predicts it as positive. 

(e) False Negative (FN) Rate - The true label is positive, 
but the classifier incorrectly predicts it as negative 

 (f) Precision - It is defined as the fraction of elements 
correctly classified as positive out of all the elements the 
algorithm classified as positive. 

 

                Precision  = TP / (TP + FP)  
 
(g) Recall - It is defined as the fraction of elements 

correctly classified as positive out of all the positive elements. 
 

Recall = TP  / (TP + FN) 

(h) F-measure – It is also said as F-score and it is 
calculated based on the precision and recall. 

F-measure = (2 * Precision * Recall ) / ( (Precision + Recall)) 

 (i) Mean Absolute Error (MAE) – It measures the average 
of the absolute value of the difference between the predicted 
and actual values. 

 

 
where a is actual and p is predicted value. 

(j) Root Mean Square Error (RMSE) – It measures the 
average magnitude of the error  

RMSE = )2 

where pi is the  predicted value and p is observed value 

 (k) Kappa statistics – It is an analog of correlation 
coefficient. Its value is zero for the lack of any relation and 
approaches to one for very strong statistical relation between 
the class label and attributes of instances. 

 (l) Accuracy – It is the closeness of  measurement to the 
actual value of what is measured. It is the percentage of the 
correctly classified positive and negative instances. 

Accuracy = N) 

 (m) Error Rate (ERR) – It is calculated as the number of 
all incorrect predictions divided by the total number of the 
dataset. The best error rate is 0.0, whereas the worst is 1.0. 

Error Rate =  (FP + FN) / (P + N) 

III. DATASET, TOOL AND METHODOLOGY 

The dataset used for this study was taken from PG 
Computer Application course offered by an Arts and Science 
College between 2007 and 2012. The data of 165 students 
were collected. Student personal and academic details along 
with their attendance were collected from the student 
information system. The collected information was integrated 
into a distinct table. Among the different attributes initially 
present using feature selection techniques like chi square, info 
gain, gain ratio, correlation and regression it was found that 
the high impact attributes that contribute for the performance 
of the students are Theory, Medium of Study, Previous Course 
studied, UG Percentage, Stay, Extra Curricular Activities and 
Family Income[10]. The reduced dataset contains only the 
data concerning influencing attributes and are used to classify 
and predict the student performance using  weka data mining 
tool. For classification ID3 and MLP datamining algorithms 
are used.   
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The programming tool used for preprocessing and for 
generating improved dataset is MATLAB. It stands for 
MATrix LABoratory. It is a high-performance tool that 
integrates computation, visualization, and programming 
environment.  It also has classy data structures, contains built-
in editing and debugging tools, and supports object-oriented 
programming. It has powerful built-in routines that enable a 
very wide variety of computations. 

The performance of the algorithms are influenced by the 
quality of the dataset we select for training and testing.  In this 
study, the given dataset is pre processed to eliminate various 
flaws like missing data, inconsistencies using an optimized 
user defined algorithm.  An algorithm is designed  in Matlab 
to produce a quality dataset. It is done by deriving the unique 
records present in the dataset and is compelled to be the part 
of the newly constructed dataset. The classify panel in the 
weka tool facilitates applying classification algorithms and to 
estimate the accuracy of the predictive model. Two different 
classifiers ID3 and MLP (Multi Layer Perceptron) were used 
in the study. 

Algorithm : 
Step 01 : Build Dataset 
Step 02 : Check if preprocess needed  
Step 03 : If needed, do pre-process 
Step 04 : Find out  the influencing attributes 
Step 05 : Prepare dataset with only influencing attributes 
Step 06:  Apply k-fold classification 
Step 07 : Classify using ID3  
Step 08 : Classify using MLP 
Step 09 : Extract the unique subset of data 
Step 10 : Prepare improved datasets 
Step 11 : Repeat from Step 6 
Step 12 : Compare results 

IV. EXPERIMENTAL RESULT ANALYSIS 

The data which is in the form of excel file is converted to 
Attribute Relation File Format and a final format of training 
and testing datasets were prepared. The preprocess step 
involves filling up of missing values, data is normalized and 
generalized. The dataset is reduced by choosing only the 
influencing attributes. Five different datasets are prepared with 
different combination and k-fold cross validation is done over 
the datasets. The process is repeated with both ID3 and MLP 
classification algorithm. An algorithm is developed using 
MATLAB to derive unique and a well defined data subset. 
This unique dataset is clubbed with a part of the initial dataset 
and an improved dataset is prepared.  

Five different sample datasets with only the influencing 
attributes are prepared. The performance of the model using 
the sample datasets is measured. The experiment is done on 
the datasets with 10-fold cross validation using two 

classification algorithms MLP and ID3 and it is repeated for 
10 times. In weka, Experimenter application is used for the 
performance learning. In the experimenter, first the resultant 
file for storing the measures is chosen. The different datasets 
for the analysis, experiment type, the number of folds and the 
number of repetitions are selected. The algorithm is chosen as 
MLP for the first run and the same experimental setup is 
repeated for ID3 just by varying the output file and the 
algorithm used. Various measures like TPR, FPR, precision, 
recall, f-measure, MAE, RMSE, accuracy, error, kappa 
statistics are noted. Fig. 1 shows the Experimenter setup for 
classification using ID3 for the five sample datasets. 

 

From the original dataset, derive an unique set of instances. 
Now construct five different datasets with each having the set 
of unique instances. These improved dataset is used instead of 
the previous sample datasets. The same experimental setup is 
repeated using ID3 and MLP classification algorithms using 
10 fold cross validation and the results are recorded. Fig.2 
shows the Experimenter setup for classification using MLP for 
the five improved datasets. 

 

Fig. 1 Experimenter setup for classification of original dataset 
using ID3 

Fig. 2 Experimenter setup for classification of improved dataset 
using Multi Layer Perceptron (MLP) 
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Table 2 shows the performance measures using ID3 and MLP 
classification algorithms for improved dataset and original 
datasets. Table 3 shows average of the performance measures.                                                 
It is observed that both the algorithms ID3 and MLP have a 

considerable progress in the performance. From precision and  
f-measure it is found that ID3 respond positively than MLP 
using improved dataset. ID3 is 83 %  precise and MLP is 82% 
precise. 

 
Table 2. Performance Measures of  ID3 and MLP Classification Algorithms  

Dataset TPR FPR Precision Recall F-measure % correct % incorrect 

Improved 
Dataset using 

ID3 

SET1 0.8371 0.3808 0.8410 0.8371 0.8305 71.6364 23.4545 
SET2 0.8495 0.4033 0.8142 0.8495 0.8241 72.2727 24.5455 
SET3 0.8535 0.3433 0.8561 0.8535 0.8487 72.6364 23.8182 
SET4 0.8667 0.3400 0.8459 0.8667 0.8493 75.6364 19.1818 
SET5 0.8010 0.3792 0.8085 0.8010 0.7935 68.2727 24.6364 

Improved 
Dataset using 

MLP 

SET1 0.8670 0.4175 0.8297 0.8670 0.8413 76.0000 24.0000 
SET2 0.8241 0.4192 0.8107 0.8241 0.8110 72.9091 27.0909 
SET3 0.8434 0.3567 0.8483 0.8434 0.8402 75.0909 24.9091 
SET4 0.8137 0.4083 0.8189 0.8137 0.8075 73.1818 26.8182 
SET5 0.7732 0.4458 0.7712 0.7732 0.7638 69.1818 30.8182 

Original 
Dataset using 

ID3 

SET1 0.5267 0.1878 0.4595 0.5267 0.4574 63.2909 32.6818 
SET2 0.5717 0.2343 0.5108 0.5717 0.5127 61.6000 33.9091 
SET3 0.8038 0.5267 0.7646 0.8038 0.7751 64.9000 32.2818 
SET4 0.8308 0.4333 0.8085 0.8308 0.8111 68.1455 27.5091 
SET5 0.8016 0.4475 0.7779 0.8016 0.7813 66.2091 28.0000 

Original 
Dataset using 

MLP 

SET1 0.4933 0.1429 0.5147 0.4933 0.4701 65.8909 34.1091 
SET2 0.5600 0.1441 0.6472 0.5600 0.5669 68.1727 31.8273 
SET3 0.7864 0.4875 0.7777 0.7864 0.7746 66.7273 33.2727 
SET4 0.7889 0.3833 0.8111 0.7889 0.7916 69.9727 30.0273 
SET5 0.7929 0.4442 0.7800 0.7929 0.7767 69.6273 30.3727 

 
Table 3. Average Performance measures of  Classifiers  

Dataset Algorithm TPR FPR Precision Recall F-measure % correct % incorrect 

Improved 
Dataset  

ID3 0.8416 0.3693 0.8331 0.8416 0.8292 72.0909 23.1273 
MLP 0.8243 0.4095 0.8158 0.8243 0.8128 73.2727 26.7273 

Original 
Dataset 

        ID3 0.7069 0.3659 0.6643 0.7069 0.6675 64.8291 30.8764 
MLP 0.6843 0.3204 0.7061 0.6843 0.6760 68.0782 31.9218 

 
Table 4. Error Measures  of the Classifiers 

Dataset MAE RMSE 
Training 

Time 
Testing 
Time 

Accuracy Error Kappa-Stat 

Improved 
Dataset using 

ID3 

SET1 0.1291 0.3295 0.0006 0.0000 83.7083 16.2917 0.4628 
SET2 0.1216 0.3168 0.0003 0.0000 84.9488 15.0512 0.4625 
SET3 0.1412 0.3480 0.0006 0.0000 85.3512 14.6488 0.4656 
SET4 0.1471 0.3513 0.0005 0.0000 86.6690 13.3310 0.5656 
SET5 0.1926 0.4143 0.0014 0.0000 80.1036 19.8964 0.4490 

Improved 
Dataset using 

MLP 

SET1 0.1315 0.3014 0.4697 0.0005 86.6964 13.3036 0.4565 
SET2 0.1431 0.3231 0.4776 0.0003 82.4107 17.5893 0.4155 
SET3 0.1397 0.3212 0.4263 0.0003 84.3393 15.6607 0.4623 
SET4 0.1864 0.3628 0.3941 0.0002 81.3750 18.6250 0.4238 
SET5 0.2200 0.4082 0.4461 0.0002 77.3214 22.6786 0.3600 

Original 
Dataset using 

ID3 

SET1 0.1689 0.3802 0.0017 0.0002 52.6667 47.3333 0.3311 
SET2 0.2170 0.4361 0.0006 0.0000 57.1667 42.8333 0.3402 
SET3 0.1897 0.4017 0.0006 0.0002 80.3798 19.6202 0.2806 
SET4 0.1527 0.3532 0.0009 0.0000 83.0845 16.9155 0.3925 
SET5 0.1561 0.3637 0.0006 0.0002 80.1619 19.8381 0.3673 

Original 
Dataset using 

MLP 

SET1 0.1816 0.3634 0.2992 0.0000 49.3333 50.6667 0.3139 
SET2 0.2223 0.4010 0.2844 0.0000 56.0000 44.0000 0.3801 
SET3 0.1820 0.3683 0.3491 0.0000 78.6429 21.3571 0.2914 
SET4 0.1607 0.3374 0.3497 0.0000 78.8929 21.1071 0.4001 
SET5 0.1639 0.3463 0.3520 0.0000 79.2857 20.7143 0.3498 
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Table 5. Average of  Error Measures of the Classifiers  

Dataset Algorithm MAE RMSE 
Training 

Time 
Testing 
Time 

Accuracy Error Kappa-Stat 

Improved 
Dataset  

ID3 0.1463 0.3520 0.0007 0.0000 84.1562 15.8438 0.4811 
MLP 0.1641 0.3433 0.4427 0.0003 82.4286 17.5714 0.4236 

Original 
Dataset 

ID3 0.1769 0.3870 0.0009 0.0001 70.6919 29.3081 0.3423 
MLP 0.1821 0.3633 0.3269 0.0000 68.4310 31.5690 0.3471 

 
Table 4 shows the error measures, accuracy and kappa stat 

using ID3 and MLP classification algorithms for improved 
dataset and original datasets. Table 5 shows the average of the 
above measures. It is eminent that both classification 
algorithms show considerable decrease in the error rate with 
an increase in accuracy. Also, ID3 is more accurate with 84% 
than MLP with 82%.  ID3 is more  fast when compared to 
MLP. The kappa statistics show that the relationship between 
the class labels and the instances has improved considerably as 
the improved dataset is used for model building. ID3 is again 
excellent when compared to MLP. 
 

 
 
 
 

Fig. 3 represents the accuracy of classifiers using different 
dataset using ID3 and MLP. The result clearly shows that the   
improved dataset is more accurate using ID3 and MLP. 
 

 
 
 

 
Fig. 4 shows the performance measures of precision, recall 

and f-measure with improved and original dataset using MLP 
and ID3. It is evident that improved  dataset  is  more precise 
and the performance of  the model is  improved  using both 
ID3 and  It is also apparent  that the other measures of recall 
and f-measure  also shows a good result. 
 

 
 
 
 

Fig. 5 shows error rate of the Classification Algorithms in 
the models using different datasets. It is found that the 
improved dataset performs well and it is less erroneous when 
compared to the original dataset.  There is a drastic 
improvement in the prediction percentage and the model is 
less error prone if improved dataset is used. The time taken to 
train and test the improved dataset is less as we use ID3 and a 
negligible increase in time as MLP is used. The experimental 
results show that the prediction accuracy highly depends on 
the classification algorithm and the improved dataset. 

 
V.  CONCLUSION 

 
This experimental model is mainly focused on analyzing 

the performance accuracy of the models using different 
classification algorithms ID3 and MLP. The proposed model 
using an improved dataset proved to be a better performing 
model as the prediction rate is notably high. This analysis 
helps any institution  who want to predict in advance the 
academic status  of the wards by the mentors and can 
concentrate on weak students to improve their academic 
results.  The results thus produced with this improved dataset 
can be depicted in a standard form would be the future work. 

Fig. 3  Accuracy of Classifiers using Different Dataset using ID3 
and MLP. 

Fig. 4  Performance Measures of Classifiers 

Fig. 5 Comparison of  Error rate for original and 
improved dataset using ID3,  MLP 
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