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Abstract— several areas such as education implement data 
mining technique to solve the problem related to classification. 
The unseen data are classified using the built model from data 
mining. However, the multiclass classification seems to be 
difficult to improve the performance of the built classification 
model. Therefore, there are many attempts to improve the 
performance. This research aims to improve the performance 
of multiclass classification by using Ant Colony Optimization. 
The customized Ant Colony Optimization (c-ACO) is 
proposed. It can handle the continuous data type and perform 
better than the traditional algorithm. The c-ACO uses feature 
selection with rule based to reduce least influent attributes 
which leads to enhance computational time. The proposed 
technique is based on learning style prediction which addresses 
multiclass classification problem. The results showed that the 
proposed technique obtained the higher accuracy rate than 
ensemble technique using vote algorithm.  This was 
implemented to application of learning style prediction which 
can provide the course materials suitable for learners 
regarding their learning style. 

Keywords-multiclass classification;soft computing;ant colony 
optimization  

I.  INTRODUCTION 
Data mining has been widely used in various areas such 

as business, health and education. One of the most important 
problem domain related to data mining is classification. In 
addition, there are many techniques have been implemented 
to improve the classification performance [1]. The 
commonly used techniques are such as artificial neural 
networks (ANN), support vector machine (SVM), k-nearest 
neighbor (KNN) and decision tree (DT). These techniques 
have been widely used in various research areas [2]. Some 
techniques are combined and perform as an ensemble 
technique to increase the performance of the classification 
[3]. Therefore, aim of the research in this area is enhancing 
the performance of the classification model.  

Generally, the classification techniques can be divided 
into binary classification and multiclass classification. The 
binary classification identifies the output class from two 
possible classes whereas the multiclass classification predicts 
the result from multiple classes which is more difficult than 
binary classification. Hence, the techniques to improve the 

classification performance in terms of accuracy for 
multiclass classification should be investigated. 

The soft computing has been introduced by using 
probabilistic approach to solve the inexact solution with 
intensive computation. The examples of soft computing 
techniques are such as neural networks, support vector 
machine or evolutionary algorithm. One of the commonly 
used evolutionary algorithm technique is Ant Colony 
Optimization (ACO) which is able to handle categorical data 
well. However, it seems that this technique may not work 
well with the continuous data despite the real world data 
contains many continuous data attributes. In order to address 
this problem, the Ant Colony Optimization with customized 
model could overcome the problem of handling continuous 
data. Moreover, it may be implemented with multiclass 
classification as well.    

This paper proposed the framework to enhance the 
performance of multiclass classification problem using soft-
computing approach. The improved ant colony algorithm 
was implemented in the experiment. The feature selection 
was used in the beginning phase to eliminate the least 
influence attributes on the creating classification model 
which reduce the computational time. 

The application to demonstrate the proposed technique is 
the data related to learning style of student. This can help to 
determine the unseen student learning style and apply for 
recommending the suitable course material which match to 
student’s learning style.   

II. LITERATURE REVIEW 

A. Data Mining and Classification Techniques 
The problem context of classification can be interpreted 

by data mining techniques. There are many commonly used 
classification techniques that have been used to deal with 
classification problems and predictions in various areas. 
Examples of these techniques are decision trees (DT), naïve 
bayes (NB), artificial neural networks (ANN) and support 
vector machines (SVM) [1]. The evolutionary algorithm has 
been also introduced to solve the classification problem 
such as [4]. Classification techniques also have been 
incorporated into learning style prediction. The potential of 
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these kinds of classification techniques can be seen from 
Cufoglu et al. [5] and Nurmi and Hessinen [6]. However, 
there are many advantages and disadvantages for each 
classification techniques. As a result, the most suitable 
technique for each dataset and its data types should be 
investigated in order to obtain the appropriate built 
classification model for specific problem.  

The methodology such as feature selection has been 
included in the classification model building stage. This is to 
select the subset of useful and impact attributes towards 
performance of the classifier. It also reduces the 
computational time of building classification model. The 
output of this stage gains the new dataset which excludes 
irrelevant attributes to predict results. The challenge of this 
technique is to select the minimum subset with few loss of 
classification accuracy. The feature selection techniques use 
data mining, machine learning and pattern recognition as can 
be seen from the example of feature selection [7], [8].  

The classification performance is the main criteria to 
evaluate the classification model. The misclassification cost 
of the model, can be evaluated by confusion matrix with 
accuracy rate measurement. The traditional accuracy rate has 
been used for empirical measure. In addition, to ensure the 
performance of the built classification model, some others 
metrics have been used for evaluation stage such as 
precision, recall or f-measure.  

B. Ant Colony Optimization 
The ant colony optimization algorithm (ACO) was 

proposed by Dorigo et al. [10]. The algorithm is a heuristic 
approach to solve the problems related to combinatorial 
optimization. It can be applied in a wide range of 
combinatorial optimization problem. The ant colony 
optimization algorithm simulates the ants’ behavior and their 
cooperation in finding the shortest path around an obstacle 
[11]. It is the population-based heuristic in agent-based 
system which allows the algorithm uses feedback from each 
agent. It can help the system work on search mechanism. 
The ant colony can be implemented in data mining problems 
such as classification. It is called Ant-Miner which refers to 
data mining application using ant colony algorithm. The 
algorithm extracts rule from data to classify and label the 
class for unseen data with the built classification model. 
Some research also concerns rule discovery and developing 
rule to improve the performance of the algorithm [12].  

To improve the performance of ant colony optimization 
in classification problem, parameters used in the building 
model phase can be adjusted. Those parameters are such as 
number of ants, number of execution and convergence. The 
feature selection also includes in the ant colony optimization. 
The purpose is to select the subset of input attributes which 
are useful and impact on performance of the classification 
model. This includes elimination of some irrelevant 
attributes with few contributions towards the prediction 
results. It seems that ant colony optimization can work well 
with classification but it suffers from data type of data set 
which reflects to performance of the classification model 
especially multiclass classification. The traditional ant 
colony optimization works with categorical data but it cannot 

deal with continuous data. Therefore, the adaptive model 
should be proposed. There is a research by Jitkongchuen and 
Thammano which mentions about soft computing for 
continuous optimization problems [4]. 

C. Learning Domain and Learning Style 
One of the learning domains for human is cognitive 

learning which refers to human knowledge [12]. The 
cognitive learning focuses on individual level of knowledge. 
Therefore, there is a different individual learning which is 
based on personal learning style. As a result, everyone 
prefers different kind of learning content based on their 
learning style. This leads to more developing learners’ 
abilities.  

The learning style refers to an individual's unique 
approach to learning based on strengths, weaknesses, and 
preferences. Many researchers have been worked to 
determine the learning style for learner. Several learning 
styles such as the Felder-Silverman Index of Learning Styles 
have been proposed [13]. There are two approaches to 
identify a learning style which are questionnaire and 
computer model prediction.  Firstly, the questionnaire 
approach needs the learner to fill in their information 
regarding the available model [13],[14]. Secondly, 
computational techniques are used to determine the learner’s 
learning style. The learning style prediction model is created 
based on available information.  

There is research in computer model prediction that 
works on learning style prediction model. For example, 
Yang and Wu [15] focused on an attribute-based learning 
system using ant colony optimization. The other research 
related to computer model building on learning style 
prediction model can be seen from [3]. It predicts the 
multiclass of learning style using ensemble technique with 
vote algorithm. However, to increase the performance of the 
model, the novel techniques should be proposed. 

III. METHODOLOGY 

A. Experimental Design 
The data source used for the experiment was obtained 

from published research work on learning style classification 
in university students in Bangkok [3]. This set of data 
consists of learners’ information related to classification 
model prediction such as gender, age, educational 
background, current grade point average, major unit’s 
enrolment and major unit’s grade point average. There are 
400 records in this dataset and the information related to this 
dataset can be seen from Table I. The class of the learning 
style based on Felder-Silverman [13] can be categorized into 
4 main groups. They are Active and Reflective, Sensing and 
Intuitive, Visual and Verbal, and Sequential and Global. 
However, sometimes students are grouped as multiple types. 
This means they can learn from various sources of course 
materials. As a result, this type of learning style is 
categorized as others.  
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TABLE I.  DATASET INFORMATION 

Learning Style Instances 
Active and Reflective 66 
Sensing and Intuitive 81 
Visual and Verbal 122 
Sequential and Global 67 
Others 64 
Total 400 

 
Three hundred randomly selected records were used to 

create a dataset as training data. A pre-processing phase was 
required to format the data and to ensure suitability for each 
comparison technique. The remains one hundred records 
were used for testing data. The experiment used training data 
to build the multiclass classification model for learning style 
prediction. After that, the testing data were used with the 
built model in order to obtain the performance of the 
multiclass classification model. Next phase compares the 
integrated method with other techniques by using the same 
dataset for both training and testing in each method. The 
techniques used in the comparison study are traditional ant 
colony optimization and ensemble technique. 

B. The Proposed Framework for Customized Ant Colony 
Optimization for Multiclass Classification 
The proposed framework is used to build multiclass 

classification on learning style prediction. The framework of 
customized ant colony for multiclass classification can be 
seen from Fig. 1. It begins with pre-processing phase which 
the dataset is input into the system. Data normalization with 
range transformation method is used. The data will be 
normalized from 0 to 1 in order to reduce the bias of each 
attribute in the dataset. Then, data type analysis is conducted 
to identify the data type of each attribute. The data type can 
be separated into 2 types, categorical data and continuous 
data. After that, the dataset will contain both data types and 
be prepared for ant colony optimization (ACO) model 
building.  

The framework divided the model building into 
traditional ACO and c-ACO. The model building stage used 
10-fold cross validation to train the data. In the c-ACO 
model, parameters related to ACO model building are 
adjusted such as number of ants, number of execution and 
convergence. Next, the feature selection is included to reduce 
the least influent attributes in the dataset. This process 
implements ACO with rule-based classification. After that, 
the model is obtained and ready to be used for multiclass 
classification.  

The last stage framework concerns the model testing and 
performance analysis. The unseen data are input to identify 
their class. The built model from a previous stage will be 
used to test the performance of the model. The results are 
multiclass classification from unseen testing data. After that, 
the metrics of the model are analyzed. They are accuracy 
rate, precision, recall and f-measure.  

Input Dataset

Data Normalization

Data Type Analysis

Categorical Data Continuous Data

Pre-processing

10-fold Cross Validation

Customized
ACO

Adjusting
Parameters

Feature 
Selection

Rule-based
Classification

Traditional
ACO

Model Building

ACO Model Building

Model Testing

Unseen Data

Multiclass Classification

Performance Analysis

 
 

Figure 1.  The framework of customized Ant Colony Optimization for 
multiclass classification. 

IV. EXPERIMENTAL RESULT 

A. Ant Colony Optimization Comparison 
The results are shown in Table II for a comparison of soft 

computing using ant colony optimization (ACO). The 
experiment compares traditional ACO with customized ant 
colony optimization (c-ACO). This proposed technique, c-
ACO, is able to deal with continuous data type whereas the 
traditional ACO is unable. That means, c-ACO enhances 
traditional ACO abilities in terms of increasing classification 
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performance, especially, accuracy rate. Therefore, c-ACO 
can used to predict the dataset, learning style of learner, 
efficiently. The proposed c-ACO can improve classification 
performance by analyzing and predicting the continuous 
attributes in the dataset. It can be seen from Fig. 2 that c-
ACO can perform better than traditional ACO significantly 
because the technique includes ability to predict continuous 
data. Hence, it needs not to be transformed from continuous 
data to categorical data in the data cleaning phase. If the data 
was transformed, it may loss some information during model 
building phase which affects directly to classification 
performance. In addition, the comparison is also shown that 
the accuracy rate of c-ACO is better than traditional ACO in 
all datasets. The performance of c-ACO is increased at 20 
percent approximately as well compared to traditional ACO. 

TABLE II.  A COMPARISON OF ACCURACY RATE BETWEEN ANT 
COLONY OPTIMIZATION AND CUSTOMISED ANT COLONY OPTIMIZATION  

AND PERFORMANCE 

Techniques 
 
 
 
 

Dataset 

Ant Colony 
Optimization 

(ACO) 

Customized 
Ant Colony 

Optimization 
(c-ACO) 

% of 
Performance 

Increased 

A 76.75 91.75 19.54% 

B 75.50 90.25 19.54% 

C 74.50 91.25 22.48% 

 

 
Figure 2.  A comparison of accuracy between Ant Colony Optimization 

and Customised Ant Colony Optimization. 

B. Customised Ant Colony Optimization Performance 
Table III compares the performance of Customized Ant 

Colony Optimization (c-ACO) for each dataset. The 
measurements used in this experiment are accuracy rate, 
precision, recall and F-measure. The results presents that 
each dataset have consistent results in each measurement.   

TABLE III.  THE PERFORMANCE OF CUSTOMISED ANT COLONY 
OPTIMIZATION FOR EACH DATASET 

Dataset Accuracy Precision Recall F-Measure 

A 91.75 61.17 64.85 62.96 

B 90.25 64.61 55.14 59.50 

C 91.25 58.29 66.67 62.20 

C. Customised Ant Colony Optimization Comparison for 
Multiclass Classification 
To verify that c-ACO can be used in multiclass 

classification for learning style prediction, a comparison is 
conducted in an experiment. An ensemble technique using 
vote algorithm is chosen to compare the performance. This is 
based on the research of learning style prediction [3]. The 
vote algorithm combined neural networks and k-nearest 
neighbor. The accuracy rate for c-ACO and ensemble 
technique can be seen from Table IV. The results shown that, 
the accuracy rate of multiclass classification on learning style 
prediction using c-ACO is higher than the ensemble 
technique. In addition, it consumes less computational time 
than ensemble technique with vote algorithm because the c-
ACO reduces the least influent attributes from the multiclass 
classification model.   

TABLE IV.  THE COMPARISON OF MULTICLASS CLASSIFICATION  
PERFORMANCE FOR LEARNING STYLE PREDICTION 

Techniques c-ACO Ensemble 

Accuracy rate 91.75 90.43 

V. CONCLUSIONS 
Classification techniques have been implemented in 

various areas. This includes educational application. 
However, there are many attempts to improve classification 
performance especially multiclass classification which is 
more difficult than binary classification. Several data mining 
techniques have been used to address this problem. Soft 
computing approach is one of favorite approaches to 
implement on classification problem domain. The ant colony 
optimization is probabilistic methodology that has been used 
in this paper.  Nevertheless, this technique may not handle 
data well. It can handle categorical data but suffers from 
handling continuous data. Therefore, the customized ant 
colony optimization is needed in order to handle both data 
type in the dataset. This can help to improve the performance 
of the multiclass classification model. 

The proposed model improves the traditional ant colony 
optimization by adjusting the parameters, number of 
execution and convergence to obtain the customized model. 
The results show that the proposed technique can perform 
better in terms of accuracy rate compared to traditional ant 
colony optimization. Moreover, the proposed technique also 
performs better compared to ensemble technique which was 
used in the learning style classification. Because customized 
ant colony optimization have ability to deal with continuous 
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data, the performance in terms of accuracy rate is enhanced 
significantly. The data loss during processing time is 
reduced. The technique also includes the feature selection by 
eliminating least influent attributes in the model building 
phase. It can help to reduce computational time but maintain 
the performance of the multiclass classification model for the 
learning style prediction.  

For future works, the other feature selection techniques 
should be investigated. The under sampling techniques can 
be implemented to reduce the number of instance in the 
dataset but maintain the performance of classification model. 
This would decrease more computational time. Some other 
soft computing techniques can be investigated to enhance the 
performance of multiclass classification. In addition, the 
other processes related to imbalance data for multiclass 
classification should be included in the framework. 
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