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Abstract 
 

Nowadays, data mining has been playing an important role in the various 
disciplines of sciences and technologies. Data mining is composed of many tasks 
but one of the essential procedures of data mining is feature selection, which is the 
technique mostly based on the machine learning for selecting a subset consisted of 
significant features, building a stronger learning model, and enhancing the 
efficiency of prediction rate. Normally, a processing of building a learning model 
from the huge amount of collected data needs high computation cost. Therefore, 
with feature selection, the computation cost can be reduced by selecting relevant 
features. In the previous researches on feature selection, the criteria and 
algorithms for selecting the features from the raw data are mostly complicated and 
difficult to implement. Therefore, this paper presents a novel method by applied 
Cosine similarity to feature selection method. The proposed algorithm begins with 
selecting a robust feature subset using the Cosine similarity. This method is the 
simple algorithm using smaller storage space, reducing computation time and 
gaining higher predictive performance. During the evaluation phase, the ten data 
sets from UCI benchmark data sets are used to evaluate the performance of 
proposed approach by using the C5.0, CART and Neural Networks classifiers. 
Experimental results show that the method based on the Cosine similarity can 
improve the performance of accuracy detection rate with less error rate. 
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1  Introduction 
 
With the technological evolution in 21st century, the amount of information that can 
be gathered and stored increases very rapidly every day. The new challenge is how 
to exploit the ocean of data or how to transform the enormous data into useful 
knowledge for practical applications. So at the present time, data mining plays an 
important role in this issue. An earlier general task in data mining is to extract 
outstanding features to avoid high computation costs for classification task. This 
function can be broken into two groups: feature transformation, and feature 
selection [1], [2]. Feature transformation (for example, principal component 
analysis, singular-value decomposition, manifold learning, and factor analysis) 
refers to the process of creating a new set of combined features (which are 
combinations of the original features). 

On the other hand, feature selection is different from feature transformation 
because it does not produce new variables but the method selects a subset of 
original attributes, filters out trivial attributes. Therefore feature selection reduces 
the feature space. Feature selection allows for faster model building by reducing 
the number of features, and also helps remove irrelevant, redundant and noisy 
features. This allows for building simpler and more comprehensible classification 
models with enhancing classification performance. Hence, selecting relevant 
attributes are a critical issue for competitive classifiers and for data reduction. 
Feature selection, sometimes, knows as feature weighting. Feature weighting 
assigns a real-valued weight to each selected feature. The weight associated with a 
feature measures its relevance or significance in the classification task [1]-[4]. 

Therefore, Feature selection plays an important role in data mining. The 
selected features will form the smallest size of data set to enable an efficient 
result. Hence, Automated methods for feature subset selection are often developed 
and used for searching an appropriate feature subset containing relevant features 
because the number of possible feature subsets in each data set is 2 1N −  subsets 
for N features [4]; Thus, it is impossible to search for the robust feature subset 
manually even after cleaning the data. Moreover, there are many reasons for using 
feature selection concluded as follows [2]-[4]: 

1. Getting the maximizing accuracy of the classifier 
2. Enhancing accuracy by reducing irrelevant and redundant features 
3. Reducing the complexity and computational cost 
Feature selection algorithms typically fall into two categories [1]-[6]; filter and 

wrapper approach. Filter approach filters irrelevant features out keeping a good 
feature set before learning process [5]. On the other hand, wrapper approach  
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searches for a good feature set using a learning algorithm. Utilizing filter 
approach to generate a feature set is generally faster than wrapper approach 
because filter approach uses heuristics based on general characteristics of the data 
rather than wrapping a learning algorithm into the selection process to evaluate 
the merit of feature subsets [6]. 

In this paper, the proposed approach is a novel method to select or extract 
significant features for the classification task in data mining. The method is less 
complex than the other techniques, especially machine learning techniques, since 
those techniques are more complicated and more difficult to understand and to 
implement into the real-world application as well. Moreover, those methods rely 
on a class label or class attribute also. The proposed approach is based on 
hypothesis as follows: (1) each feature in a group should be relevant with other 
features in a group and (2) any feature will be determined as a significant feature 
if it is relevant to other features in a group at least once. Therefore, the method 
that can help us calculate a relevant value of each feature is led to be used. 
However, in order to select relevant features, the Cosine similarity is used to 
compute a relevant value of each feature in this paper because the Cosine 
similarity method is so well-known in information retrieval.  

The objective in this paper is to create a new feature selection method by 
applying the Cosine similarity then adding with a new filtering feature technique 
for extracting a robust feature set with using smaller storage space, using 
automatic thresholds, using less complicated method, getting higher detection 
performance and avoiding high computational costs but it does not depend on the 
class label. 

The rest of this paper is organized as follows. A brief review of related work is 
addressed in the next Section. In Section 3, a new approach is presented to select a 
better feature subset used for building a predicting model in the classification task. 
In Section 4, the experimental result is presented following with the discussion on 
the results. In Section 5, the remarkable conclusions are presented. 
 
 
2 Related Work 
 
This Section provides the feature selection algorithms in Section 2.1. 
Classification Algorithms is Section 2.2. In Section 2.3, it mentions C5.0 
Algorithm. Section 2.4 presents CART Algorithm. Section 2.5 proposes Neural 
Networks and in Section 2.6, it presents Cosine Similarity. 
2.1  Feature Selection Algorithms 
Feature selection is a method which only the relevant features will be selected, 
discarding the irrelevant or weak features in the data set. Minimum set of features, 
which is close enough to represent the original data set, will be selected. The 
selected features will form the smallest size of data set to enable an efficient 
result.  
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Moreover, the basic process of feature selection method shows in Fig. 1 [7]. 

 
 

Feature selection approaches can be divided into two types: the filter approach 
and the wrapper approach.  

• The Filter Approach: The Filter algorithms usually based on statistics 
consider the features relevance with the classifiers that use them. Statistical and 
Information theoretic measures such as information gain, Cross-entropy, Pearson's 
Chi-Square and so on are used to find the relationship of each feature in a data set 
with the target feature or class label assuming conditional independence with all 
other features. The robust subset of features selected from high rank feature. 
Ranking a list of features, which are ordered according to evaluation measures. 
The measure can be any of accuracy, consistency, information, distance, and 
relevance [5]. Fig. 2 shows the Filter approach flowchart.  

 
• The Wrapper Approach: Machine learning algorithms play an important role 

in this approach because they are used as evaluation function.  The Wrapper  

 
Fig. 2  The filter approach flowchart. 

 

Fig. 1  The process of feature selection. 
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algorithms usually provide better accuracy but they are more complex and use 
more computation cost. These algorithms typically start from an empty list of 
features and add relevant features discovered [6]. The wrapper approach flowchart 
is shown in Fig. 3. 

 
Fig. 3  The wrapper approach flowchart 

2.2  Feature Selection Algorithms 
Classification [8]-[11] is one of the most popular data mining techniques. 
Examples of classification applications based on classification include pattern 
recognition, medical diagnosis, detecting faults in industry application, and 
classifying financial market trends. Classification is a process of learning a 
function mapping a data item into one of some predefined classes. 
 

 

Fig.4  The data classification process 

Every classification based on supervised learning is given as input a set of 
samples consisting of vectors of attribute values and a corresponding class. The 
input of a classification is a training set which each record consists of attributes 
and a class label. The target of classification is to build a classification model or  
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function called a classifier, which is used for predicting a class of objects whose 
class label is unknown. In other words, classification is the process of finding a 
model which describes and distinguishes data classes in order to employ the 
model to detect class label.  The built model may be represented in diverse forms 
such as IF-THEN rules, neural networks or decision trees.   

A decision tree form is most useful in classification problems [11]. With this 
method a tree is built to model the classification process. There are two basic 
steps in the technique: building the tree and applying the tree to the database. The 
decision tree is a flow-chart-like tree structure, where a root and each internal 
node labeled with a question. Each branch from each node represents each 
possible outcome of the associated question. Each leaf node represents a 
predication of solution to the problem under consideration. Decision trees can 
easily be converted to classification rules. Although there are many tree 
algorithms adopted for generating decision trees, well-known tree algorithms [8], 
[9] used widely are ID3, CART (Classification and Regression Tree) and C5.0 
algorithms. 
2.3  C5.0 Algorithm 
The C5.0 algorithm is a commercial version extended from C4.5 proposed by J.R. 
Quinlan [9], [10], [12]. Now it is widely used as the inductive learning tools in 
Clementine, Rule Quest and so on.  C5.0 algorithm is the process of generating 
an initial decision tree from the set of training samples. As a result, the algorithm 
generates a classifier in the form of a decision tree; a structure with two types of 
nodes: a leaf, indicating a class, or a decision node that specifies some test to be 
carried out on a single-attribute value, with one branch and sub tree for each 
possible outcome of the test. A decision tree can be used to classify a new sample 
by starting at the root of the tree and moving through it until a leaf is encountered. 
At each non-leaf decision node, the outcome of features for the test at the node is 
determined and attention shifts to the root of the selected sub tree. 

The C5.0 algorithm is based on the information theory [9], [10], [12]. Decision 
trees are built by calculating the information gain ratio. The C5.0 algorithm works 
by separating the sample into subsamples based on the result of a test on the value 
of a single feature. The specific test is selected by an information theoretic 
heuristic. This procedure is iterated on each of the new subsample and keeps on 
until a subsample cannot be separated or the partitioning tree has reached the 
threshold. The information gain ratio is defined as: 

 Information Gain Ratio (D, S) =
1

( , )

( ,..., )S

Gain D S
D D

H
D D

 (1) 

Where D is a database state, H ( )⋅ finds the amount of order in that state. The 
state is separated into new states S ={ }1 2,  , ,  SD D D… .  

Although the C5.0 algorithm developed from C4.5, in C5.0, several new 
techniques were introduced as follows: 

• Speed—C5.0 is significantly faster than C4.5 
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• Memory Usage—C5.0 is more memory efficient than C4.5 
• Boosting—C5.0 is more accurate than C4.5 
• New Attributes—C5.0 supports dates, times, timestamps, ordered discrete 

attributes. 
• Smaller Decision Trees—C5.0 gets similar results to C4.5 with considerably 

smaller decision trees. 
• Weighting—C5.0 allows you to weight different attributes and 

misclassification types. 
• Handling Data—C5.0 can automatically winnows the data to help reduce 

noise. 
 
 
 
 

 

Fig. 5  A structure of decision tree model 

 

2.4  CART Algorithm 

The CART is a binary decision tree proposed by Breiman et al. [11], [13], [14].  
The CART is constructed by feeding the attribute of feature vectors, and then a 
binary-branching tree from the root through iterative operations is built until it 
reaches a termination criterion. The two steps of CART are involved. First, the 
CART builds a tree structure by recursively partitioning training samples into 
different subclasses according to the selected test conditions until all samples are 
under the same subclass category. The tree structure is established. Second, the 
CART will prune the decision tree structure from the bottom of the tree until a 
stopping criterion. 
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2.5  Neural Network Algorithm 
An artificial neural network (ANN), often just called a "Neural network" (NN), is a 
mathematical model or computational model based on biological Neural networks. 
[8], [15], [16] The neural network is developed to recognize and associatively 
retrieve patterns, to solve combinatorial optimization problems, to filter noise from 
measurement data, and so on.  In classification, the Neural network is used to build 
a predictive model by recognizing patterns that describe the group to which an item 
belongs by examining existing items or historical items that have been already 
classified and inferring a set of rules. The multi layer perceptron (MLP) and radial 
basis function (RBF) networks are the neural networks widely used in 
classification. The multi-layer perceptron (MLP), also called a feed-forward 
network, involves estimated weights between the inputs and a hidden layer where 
the hidden layer has a nonlinear activation function. (Sarle (1994)). In a typical 
MLP network, all the nodes from a layer are connected with every node from the 
previous and from the next layer. The Radial Basis Function (RBF) neural network 
was proposed by Broomhead and Lowe [15]-[17]. This neural network is very  

 

Fig. 6  A basic dataflow diagram of CART [13]. 
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different from neural networks with sigmoidal activation functions in that it utilizes 
basis functions in the hidden layer that are locally responsive to input stimulus. 
These hidden nodes are usually implemented using a Gaussian function as the 
nonlinearity. The key to a successful implementation of these networks is to find 
suitable centers for the Gaussian functions. 

 

 

 

 

Fig. 7  The processing information of neural networks 

 

 

 

Fig. 8  A basic dataflow diagram of neural networks 
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Fig. 9  The multi layer perceptron architecture 

 

Fig. 10  The radial basis function architecture  
 
2.6  Pearson’s Chi-square 
Pearson’s chi-square [18], [19] is a statistical test commonly used to analyze 
categorical data between X, the feature under consideration with I categories, and 
Y target variable with J categories. The Pearson’s chi-square test involves the 
difference between the observed and expected frequencies. Under the null 
hypothesis of independence, the expected frequencies are estimated by an 
equation (2). 

i jN N
N

N

∧ ⋅
=   (2) 

Under the null hypothesis, Pearson’s chi-square converges asymptotically to a 

chi-squared distribution 
2
dx  with degree of freedom, where 

( 1)( 1)d I J= − −   (3) 
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and the p value is equal with the probability that
2 2
dx X> , where  

2
2

1 1

( )I J
ij ij

i j
ij

N N
X

N

∧

∧
= =

−
=∑∑   (4) 

The categorical variables were sorted first by p value in the ascending order, 
and if ties occurred they were sorted by chi-square in descending order. If ties still 
occurred, they were sorted by degree of freedom d in ascending order. 

The following notation applies: 
X  is the predictor under consideration with I categories. 
Y  is target variable with J categories. 
N  is total number of cases. 
Nij  is the number of cases with X = i and Y = j.  

2.7  Cosine Similarity 
One very popular measure of similarity between two vectors of n dimensions is the 
Cosine similarity measure [20]-[23]. The Cosine similarity has its application in 
text mining and information retrieval. Given two vectors of attributes, A = 
{x1,x2,…,xn} and B = {y1,y2,…,yn}, the Cosine similarity θ , is the measure of the 
angle between the two vectors and is defined as [22], [23]: 

1

2 2

1 1

( )
( , )

n

i i
i
n n

i i
i i

x y
A BSim A B C os
A B

x y
θ =

= =

⋅
×

= = =

⋅

∑

∑ ∑

uv uv

uv uv  (5) 

 
 
3  Proposed Approach  

 
The proposed approach is used to select a robust feature subset to build a learning 
model for the classification task.  

Note that the data which meets the demands of proposed methods must be 
numerical value. Therefore, the symbolic data should be transformed into 
numerical and make them under the same standardization. 

An algorithm of this proposed approach is provided as follows:   
Each attribute of n attributes without class attribute in training data set is 

represented as A1, A2, A3,…, An respectively while m is represented as the number 
of instances in training data as shown in Fig. 11. The algorithm is as follows: 

STEP 1: Let L be the number of attributes. Therefore L is equal to n. Then, Ci,k 
is computed by using the equation (6) , where 1 ≤  i ≤ L and 1 ≤  k ≤ L. Ci,k, for 
any i, is an element in Ck as shown in Fig. 12. Ci,k must have a value in rank of 0 
and 1. Ci,k=1 where i = k. Ci,k should be computed when k is less than i because of 
Ci,k = Ck,i. Fig. 13 looks like a lower triangular matrix. The number of elements in 
this matrix is equal to (L(L-1))/2. 
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STEP 2: Then find the maximum value Ci,k where i ≠ k in each Ck and then put 

i, the selected attribute index, in the Set R by keeping its frequency also.  
STEP 3: Next, remove redundant attribute index in Set R. 
STEP 4: Finally, each attribute index in Set R is promoted as a significant 

element of the robust feature subset.  
 

, ,
1

,
2 2

, ,
1 1

( )
n

j i j k
j

i k n n

j i j k
j j

x x
C

x x

=

= =

⋅
=

⋅

∑

∑ ∑
  (6) 

 
 

 

Fig. 11  Vectors of each attribute 
 
 

 

Fig. 12  Structure of any vector Ck 
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Fig. 13  A computation loop of any vector Ck 

 
For example, below we show how to select feature subset selection of a data 

set having 42 attributes by using the proposed method as follows:  
Note that according to the proposed approach in Section 3, the class attribute 

was not considered; thus, in this example, there are only 41 attributes computed 
by this proposed method. 

From the proposed approach 1, each attribute of 41 attributes in a training set is 
represented as A1, A2, A3,…, A41 respectively.  

 
STEP 1: Next let L be the number of attributes. Therefore L is equal to 41. 

Then, Ci,k is computed by using the equation (6) , where 1 ≤  i ≤ L and 1 ≤  k ≤ 
L. Ci,k, for any i, is an element in Ck. Ci,k must have a value in rank of 0 and 1. 
Ci,k=1 where i = k. Ci,k should be computed when i is less than k because of Ci,k = 
Ck,i.  

 
STEP 2: Then find the maximum value Ci,k where i ≠ k in each Ck and then put 

i, the selected attribute index, in the Set R by keeping its frequency also.  
 
STEP 3: Next, remove redundant attribute index in Set R. 
 
STEP 4: Finally, each attribute index in Set R is promoted as a significant 

element of the robust feature subset. 
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Fig. 14  A pseudo code of the proposed algorithm 

 

4  Experimental Result 
In order to evaluate a final set of robust features gained from our proposed 
approach in Section 3 with reducing bias of experimental results, the ten data sets 
from the UCI repository [24] (Breast Cancer, Image Segmentation, MAGIC 
Gamma Telescope, Musk, Optical Recognition of Handwritten Digits, Page 
Blocks Classification, Pen-Based Recognition of Handwritten Digits, Red Wine, 
Statlog and Statlog Land sat Satellite) are used in this paper.             

The details of these data sets show in Table 1. Furthermore, C5.0, CART and 
Neural Network algorithm described in Section 2.3, 2.4 and 2.5 respectively are  
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used to measure efficiencies of this proposed approach in terms of its accuracy 
and storage space. For environment of our experimental evaluation, we used the 
HP ProBook 6450b Laptop with Intel® Core™ i5 CPU 2.40 GHz, and 2 GB of 
RAM. The operating system was the Windows 7. SPSS Clementine 12 was used 
as evaluation application. Moreover, C5.0, CART and Neural Network modeling 
in the Clementine was set up as follows: 

Note that SPSS Clementine is the data mining tool that is used to won the 
British government SMART innovation prize twice. SPSS Clementine not only 
supports the entire data mining flow composing of getting data, transferring data, 
modeling, evaluating and deploying but also contribute the accepted data mining 
standard—CRISP-DM (Cross-Industry Standard Process Data Mining) [25]. 

The C5.0 was set up following the Fig. 15. (Selecting “Use partitioned data”, 
“Decision tree”, “Cross-validate Number of folds: 10”, “Simple” and 
“Accuracy”). 

 
 

 
 

Fig. 15  Setting up C5.0 modelling in Clementine 
 
Meanwhile, the CART was set up following the Fig. 16. (Selecting “Use 

partitioned data”, “Generate Model” and “Maximum tree depth: 5”),  
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Fig. 16  Setting up CART modelling in Clementine 

 
The Neural Network was set up following the Fig. 17 (Selecting “Use 

partitioned data”, “Method: Quick”, “Prevent overtraining Sample %: 50”, “Stop 
on: Default” and “Optimize: Memory”).  

 
Fig. 17  Setting up Neural Network modelling in Clementine 

However, to ensure our proposed approach is effective and practical, it is 
compared with a well-known algorithm. It is Pearson’s chi-square, which was 
mentioned in Section 2.6. 
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4.1  Preparation Evaluation 
In this paper, the performance of the proposed approach is evaluated with 
classification accuracy using ten-fold cross-validation. Cross-Validation is a 
statistical method of evaluating and comparing learning algorithms by dividing 
data into two segments: one is used to train a model and the other is employed to 
validate the model.  Moreover, each data set composed of symbolic or string data 
was transformed into numerical data; furthermore, each attribute of each data set 
in this paper was made under the same standardization. Afterwards, each data set 
was randomly divided into 60% for a training set and the rest (40%) for a test set. 
 
4.2  Experimental Results 
By using training sets in Section 4.2, the proposed approach and the Pearson’s 
chi-square technique can provide the number of features of each data set as 
follows: Table 2.  

TABLE 1 
THE DETAILS OF DATA SETS FOR EVALUATING THE PROPOSED APPROACH  

Data set NO. Case NO. Attribute Detail 

Breast Cancer 699 10 To classify breast cancer 

Image Segmentation 2310 19 To classify 7 outdoor images 

MAGIC Gamma Telescope 19020 11 
To classify Gramma signal from images 

provided by the gamma telescope 

Musk 476 168 
To predict whether new molecules will 

be musks or non-musks 

Optical Recognition of 

Handwritten Digits 
5620 64 

To Classify characters from the optical 

recognition hand written digits 

Page Blocks Classification 5473 10 
To Classify all the blocks of the page 

layout of a document 

Pen-Based Recognition of 

Handwritten Digits 
10992 16 

To classify characters from the 

pen-based recognition of hand written 

digits 

Red Wine 178 11 To classify the quality of wine 

Statlog 58000 9 To predict the codes of Shuttle 

Statlog Landsat Satellite 6435 36 To predict the multi-spectral values 
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Note that in this paper, CS represents the proposed approach while PS refers to 
the Pearson’s chi-square method. 

The Table 2 shows the proposed approach can reduce the number of features 
from the number of entire features in each data set impressively. However, when 
it is compared with the number of features given by Pearson’s chi-square method, 
the number of features produced by both techniques is not different obviously; 
this proposed approach provides the number of features smaller than Pearson’s 
chi-square method in every data sets. Therefore, in the real-world applications, the 
proposed approach is better than the Pearson’s chi-square method because the 
smaller features are always advantageous in terms of computational cost of 
processing data. 

 

 
 
Note that the number of features in Table 2 is without the class label or class 

attribute. 
Note that the measurement in this paper of the experimental results is based on 

the detection rate or accuracy rate refers to the ratio between the number of 
correct detection, and the total number of cases or instances and the error 
detection rate or wrong rate means the ratio between the number of incorrect 
detection, and the total number of cases or instances. 
1) Breast Cancer Data Set 

 

TABLE 2 
THE NUMBER OF SELECTED FEATURES OF EACH METHOD  

Data set 
NO. Entire 

Features 

NO. Features 

provided by CS 

NO. Features 

provided by PS 

Breast Cancer 10 4 9 

Image Segmentation 19 11 14 

MAGIC Gamma Telescope 11 8 8 

Musk 168 112 118 

Optical Recognition of Handwritten Digits 64 42 48 

Page Blocks Classification 10 8 10 

Pen-Based Recognition of Handwritten Digits  16 8 16 

Pima Indians Diabetes 8 5 7 

Red Wine 11 7 9 

Statlog 9 7 8 

Statlog Landsat Satellite 36 23 36 
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For the results based on the Breast Cancer data set in Table 3, the C.50, CART 
and Neural Network algorithms based on a feature subset provided by the 
CS—the proposed approach, are quite better than the PS—the Pearson’s 
chi-square method. However, for this data set, the C.50 gives more accurate than 
any others. Thus, C.50 algorithm using a feature subset based on the proposed 
approach is recommended for this data set. 

 
 

 
 
 

2) Image Segmentation Data Set 
For the results based on Image Segmentation data set in Table 4, the Neural 

Network algorithm using a feature subset based on the proposed approach is better 
than the others because it provides the best accurate result. 

 
 
 
 

TABLE 3 
THE ACCURACY RATE AND ERROR RATE OF THE BREAST CANCER DATA SET 

  

C.50 CART Neural Network 

CS PS CS PS CS PS 

Correct 96.63% 95.19% 94.23% 92.31% 92.31% 91.35%

Wrong 3.37% 4.81% 5.77% 7.69% 7.69% 8.65%

 

 

Fig. 18  The comparison of experimental results of Breast Cancer data set using the different 
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3) MAGIC Gamma Telescope Data Set 
 

In Table 5, the C.50, CART and Neural Network algorithms based on a feature 
subset provided by the proposed approach, are better than a feature subset given 
by the Pearson’s chi-square method.  

 
TABLE 5 

THE ACCURACY RATE AND ERROR RATE OF THE MAGIC GAMMA TELESCOPE DATA SET 

  

C.50 CART Neural Network 

CS PS CS PS CS PS 

Correct 86.71% 85.21% 82.57% 76.62% 85.48% 77.80%

Wrong 13.29% 14.79% 17.43% 23.38% 14.52% 22.20%

 
 
 
 

TABLE 4 
THE ACCURACY RATE AND ERROR RATE OF THE IMAGE SEGMENTATION DATA SET 

  

C.50 CART Neural Network 

CS PS CS PS CS PS 

Correct 86.76% 83.82% 79.41% 76.47% 88.24% 73.53%

Wrong 13.24% 16.18% 20.59% 23.53% 11.76% 26.47%
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Fig. 20  The comparison of experimental results of MAGIC Gamma Telescope data set using the 
different feature subset of two models based on three classifiers. 
 
 
4) Musk Data Set 
 
 In this data set, the results in Table 6 show the C.50 algorithm using a feature 
subset based on the CS is the same correct value as C.50 algorithm using a feature 
subset based on the PS while the other algorithms based on a feature subset 
provided by the proposed approach are better than a feature subset given by PS 
method. 

 
 

TABLE 6 
 THE ACCURACY RATE AND ERROR RATE OF THE MUSK DATA SET 

  

C.50 CART Neural Network 

CS PS CS PS CS PS 

Correct 97.97% 97.97% 79.73% 78.38% 81.76% 77.03%

Wrong 2.03% 2.03% 20.27% 21.62% 18.24% 22.97%
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5) Optical Recognition of Hand written Digits Data Set 

For the results based on the Optical Recognition of Hand written Digits data set 
in Table 7, the C.50, CART and Neural Network algorithms based on a feature 
subset provided by the proposed approach, are better than the Pearson’s 
chi-square method. Furthermore, the C.50 algorithm using a feature subset based 
on the proposed approach is recommended for this data set because it can give the 
best accurate value. 

 
 

TABLE 7 
THE ACCURACY RATE AND ERROR RATE OF THE OPTICAL RECOGNITION OF HAND WRITTEN DIGITS 

DATA SET 

  

C.50 CART Neural Network 

CS PS CS PS CS PS 

Correct 94.83% 92.74% 68.64% 58.22% 79.32% 57.13% 

Wrong 5.17% 7.26% 31.36% 41.78% 20.68% 42.87% 

 
 
 
 
 
 

 

Fig. 21  The comparison of experimental results of Musk data set using the different feature 
subset of two models based on three classifiers. 
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Fig. 22  The comparison of experimental results of Optical Recognition of Hand written Digits 
data set using the different feature subset of two models based on three classifiers. 
 

Page Blocks Classification Data Set 
For the results based on the Page Blocks Classification data set in Table 8, the 

C.50, CART and Neural Network algorithms based on a feature subset provided 
by the proposed approach, are still better than the Pearson’s chi-square method. 
Besides, the C.50 algorithm also gives the best accurate value. 

 
TABLE 8 

 THE ACCURACY RATE AND ERROR RATE OF THE PAGE BLOCKS CLASSIFICATION DATA SET 

  

C.50 CART Neural Network 

CS PS CS PS CS PS 

Correct 98.06% 96.61% 95.09% 94.97% 95.58% 95.46%

Wrong 1.94% 3.39% 4.91% 5.03% 4.42% 4.54%

 

Fig. 23  The comparison of experimental results of Page Blocks Classification data set using the 
different feature subset of two models based on three classifiers. 
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6) Pen-Based Recognition of Hand Written Digits Data Set 

For the results based on the Pen-Based Recognition of Hand Written Digits 
data set in Table 9, a feature subset provided by the proposed approach can 
improve the accuracy rate of the C.50 and CART algorithms but also the Neural 
Network algorithm. 

 
 

TABLE 9 
 THE ACCURACY RATE AND ERROR RATE OF THE PEN-BASED RECOGNITION OF HAND WRITTEN 

DIGITS DATA SET 
 

  
C.50 CART Neural Network 

CS PS CS PS CS PS 

Correct 96.60% 95.46% 79.18% 75.83% 82.75% 77.99%

Wrong 3.40% 4.54% 20.82% 24.17% 17.25% 22.01%

 

 
Fig. 24  The comparison of experimental results of Pen-Based Recognition of Hand Written 
Digits data set using the different feature subset of two models based on three classifiers. 
 
 
7) Red Wine Data Set 

For the results based on Red wine data set in Table 10, the C.50 algorithm 
using a feature subset based on the proposed approach is better than the others 
because it provides the best accurate rate. However, the CART and Neural 
Network algorithms based on the feature subset provided by the proposed 
approach is better than a feature subset given by the Pearson’s chi-square method 
also. 
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TABLE 10 
 THE ACCURACY RATE AND ERROR RATE OF THE RED WINE DATA SET 

  

C.50 CART Neural Network 

CS PS CS PS CS PS 

Correct 81.82% 81.62% 67.47% 59.39% 58.18% 55.35%

Wrong 18.18% 18.38% 32.53% 40.61% 41.82% 44.65%

 

 

Fig. 25  The comparison of experimental results of Red Wine data set using the different feature 
subset of two models based on three classifiers. 
8) Statlog Data Set 

For the results based on the Statlog data set in Table 11, a feature subset 
provided by the proposed approach and a feature subset provided by the Pearson’s 
chi-square method can improve the accuracy rate of the C.50 and CART and 
Neural Network algorithms alike. 

 
TABLE 11 

 THE ACCURACY RATE AND ERROR RATE OF THE STATLOG DATA SET 

  

C.50 CART Neural Network 

CS PS CS PS CS PS 

Correct 99.86% 99.82% 99.49% 99.49% 99.60% 99.60%

Wrong 0.14% 0.18% 0.51% 0.51% 0.40% 0.40%
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Fig. 26  The comparison of experimental results of Statlog data set using the different feature 
subset of two models based on three classifiers. 
9) Stat log Land sat Satellite Data Set 

For the results based on Stat log Land sat Satellite data set in Table 12, the 
C.50 algorithm using a feature subset based on the proposed approach is the best 
accurate rate. Nevertheless, the CART and Neural Network algorithms based on 
the feature subset provided by the proposed approach is better than a feature 
subset given by the Pearson’s chi-square method.    

 
 

TABLE 12 
 THE ACCURACY RATE AND ERROR RATE OF THE STAT LOG LAND SAT SATELLITE DATA SET 

  

C.50 CART Neural Network 

CS PS CS PS CS PS 

Correct 95.07% 94.77% 81.96% 81.66% 86.08% 84.46%

Wrong 4.93% 5.23% 18.04% 18.34% 13.92% 15.54%

 

 
Fig. 27  The comparison of experimental results of Stat log Land sat Satellite data set using the 
different feature subset of two models based on three classifiers three classifiers. 
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5  Conclusions 
 
To improve the performance of accuracy rate, the approach is proposed by applied 
the Cosine similarity method for selecting a robust feature subset. The proposed 
approach based on the Cosine similarity was mentioned thoroughly in Section 3. 
From the experimental results in Section 4.2, the proposed approach yielded a 
higher performance of the accuracy rate in every the benchmark data sets 
compared with Pearson’s chi-square method widely used in Commercial 
applications such as SPSS Clementine, SAS, Minitab and so on. Moreover, Table 
3 to Table 12 and Fig. 18 to Fig. 27 in Section 4.2 show the efficiency of the 
feature subset based on the proposed approach can improve the accuracy rate of 
widespread classification algorithms, for instance, C.50, CART and Neural 
Networks used in this paper. Furthermore, in Table 1, it shows the proposed 
approach is able to select a robust feature subset with the number of features that 
is smaller than the Pearson’s chi-square method. The proposed approach is with 
the number of the smaller features which led to using smaller storage space and 
reducing computation time. Besides, with this proposed approach, the relevant 
features are produced automatically without manually setting up a threshold 
parameter. In addition, the proposed approach is not complicated techniques and 
is easier to understand because the proposed approach has few procedures with 
only common standard equation of the Cosine similarity and all procedures are 
simple and understandable (see in Fig. 14). Additionally, time processing is quite 
important as in real-world applications, any techniques extracting feature sets 
rapidly are always beneficial in terms of computational cost of processing data.  

From the experimental results, it can be concluded the proposed approach 
based on the Cosine similarity method is a simple feature selection algorithm 
using smaller storage space, reducing computation time, gaining higher predictive 
performance and being compatible with the well-known classification algorithms. 
Moreover, there is no need to set up the threshold parameter. 
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