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Abstract –The process of knowledge discovery in 

data consists of five steps. Data preparation, which 
includes data cleaning and feature selection, takes 
away from 60% to 95% total time of the whole process. 
Thus, it is crucial phase of the process. The purpose of 
this research is to investigate feature selection 
techniques performance by conducting empirical 
research. Our comparison of three feature selection 
techniques reveals significant difference in feature 
selection techniques performance. 
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1. Introduction 

 
In the last two decades there is a huge increase in 

the amount of data that is stored in digital format. 
According to The Economist, 150 exabytes (EB) of 
data were created in 2005; in 2010 that number rised 
to 1200 EB. Due to advances in technology, data 
collection ceases to be a problem and in the focus of 
interest is data analysis and obtaining knowledge 
from the data. Central for this issue is the process of 
knowledge discovery in data. The process consists of 
five steps: data understanding, data preparation, 
modelling, evaluation and implementation [4]. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Data preparation includes data cleaning and feature 

selection and it is considered to be the most 
important step of the process because it takes away 
from 60% to 95% time of the whole process. The aim 

of the feature selection is to choose a subset of 
features by eliminating features with little predictive 
information. Benefits of feature selection are: 
reducing dimensionality, removing irrelevant and 
redundant features, facilitating data understanding, 
reducing the amount of data for learning, improving 
predictive accuracy of algorithms, and increasing 
interpretability of the models [6], [13], [1], [14]. In 
this study, we are comparing benchmarking feature 
selection techniques in order to found out which are 
the most accurate. The paper is organized as follows. 
First, we describe process of the knowledge 
discovery in data with the focus on feature selection 
and description of benchmarking feature selection 
techniques, which we use in our research. Third 
section gives overview on the previous research on 
this topic. Based on previous findings we have 
formed hypothesis for this research. In the fourth 
section, we describe research settings: description of 
the data set used in analysis and implementation of 
feature selection techniques. Finally, evaluation of 
feature selection techniques is carried by performing 
classification using neural networks. Results of 
different feature selection techniques are compared 
using statistical test to identify statistical significance 
in the results of different techniques. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

2. Research methodology 
 

The process of knowledge discovery in data 
(KDD) is an interdisciplinary field that is the 

 
Figure 1. The steps of the process of knowledge discovery in data [4] 
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intersection of many other fields such as machine 
learning, artificial intelligence, databases, statistics, 
visualization, computing and information retrieval. 
The problem in today's business world is that 
organizations are drowning in data, but they are 
“hungry” for relevant information. The solution is an 
application of KDD process. KDD is non-trivial 
process of discovering valuable, novel, potentially 
useful patterns from large amounts of data [4], [2]. 
Entire process of knowledge discovery in data is 
described in five steps. Figure 1 gives illustration of 
the process. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
The first step relates to understanding the domain 

of the research and setting research goals. The 
second step involves the data preprocessing and 
includes data cleaning (removing noisy data and 
handling the missing values). The third step is carried 
out by reduction of the data by applying feature 
selection techniques to reduce the dimensionality of 
the data set. Second and third step together are called 
data preparation. The fourth step is to define the 
objectives and application of data mining. When data 
set is prepared, data mining is conducted with the 
aim of obtaining understandable and useful 
patterns. The last step is to interpret the obtained 
patterns and document them in the form of 
reports. Data preparation takes away majority of the 
process time, thus, feature selection, most important 
part of the step, is in the focus of this paper. 

Feature selection is one of the initial steps of the 
process of knowledge discovery in data and results 
with subset of the original features which gives most 
information for output. The main purpose of the 
feature selection is to reduce the dimensionality of 
the data set, moving the irrelevant and noisy data in 
order to facilitate data mining step [14]. The most 
important benefits of the feature selection are: 

 
• reduces the dimensionality, 
• removes irrelevant and redundant features, 
• makes it easier to understand the data, 
• reduces the amount of training data, 

• improves the accuracy of prediction 
algorithms. 

• increases the interpretability of the model 
[6], [13], [1], [14]. 
 

Feature selection process consists of four steps: 
generating subsets, evaluating subset, reviewing the 
satisfaction of the stopping criterion and validation of 
the results [12]. Figure 2 demonstrates the feature 
selection process. 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Subset generation is a process of heuristic search, 

with each state in the search space specifying a 
candidate subset for evaluation [12]. The nature of 
this process is determined by two basic issues. First, 
we must decide the search starting point (or points) 
which in turn influences the search direction. Search 
may start with an empty set and successively add 
features (i.e., forward), or start with a full set and 
successively remove features (i.e., backward) [3]. 
Second, we must decide a search strategy. Newly 
generated subset needs to be evaluated by an 
evaluation criterion. The goodness of a subset is 
always determined by a certain criterion [12]. 
Evaluation criteria can be categorized into two 
groups based on their dependency on data mining 
algorithms that will finally be applied on the selected 
feature subset. There are two basic groups of feature 
selection techniques: filter and wrapper techniques. 
An independent criterion is used in algorithms of the 
filter model. It evaluates the goodness of a feature or 
feature subset without involving data mining 
algorithm. Examples of independent criteria are 
distance measures, information measures, 
dependency measures, and consistency measures 
[11]. A dependency criterion used in the wrapper 
techniques requires a predetermined data mining 
algorithm in feature selection and uses the 
performance of the algorithm applied on the selected 
subset to determine which features are selected. A 
stopping criterion determines when the feature 

 
Figure 2. Steps of selection features [12] 
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selection process should stop. Some frequently used 
stopping criteria are: (a) the search completes; (b) 
some given bound is reached, where a bound can be 
a specified number (minimum number of features or 
maximum number of iterations); (c) subsequent 
addition (or deletion) of any feature does not produce 
a better subset; and (d) a sufficiently good subset is 
selected (e.g. a subset may be sufficiently good if its 
classification error rate is less than the allowable 
error rate for a given task) [12]. In the step of 
validation classification error rate is used as a 
performance indicator for a data mining task for a 
selected feature subset [17]. 

In this research we use three filter techniques: 
ReliefF, Information Gain and Gain Ratio. The 
original ReliefF algorithm belongs to the family of 
algorithms Relief.  A key idea of Relief algorithm [9] 
is to estimate the quality of attributes according to 
how well their values distinguish between instances 
that are near to each other. Since original algorithm 
Relief can not cope with data sets where there are 
missing values and noise in the data, and is restricted 
to problems involving two classes, their extension is 
created and it`s called ReliefF. ReliefF randomly 
selects an instance Ri and then searches for k of its 
nearest neighbors from the same class, called nearest 
hits and also k nearest neighbors from each of the 
different classes, called nearest misses. It updates the 
quality estimation for all features depending on their 
values for hits and misses [15]. Algorithm 
Information gain belongs to the filter techniques 
which means it does not take into account the 
predefined learning algorithm, and do not assess the 
quality of features according to the predictive 
accuracy of the learning algorithm. Information gain 
(InfoGain) estimates the quality of the feature by 
measuring information weight of each feature, but 
taking into account the class features. The 
information gain is measured as follows:  

 
InfoGain (class, feature) = H (Class) - H (Class | 

feature) 
 

where H is the information entropy. The information 
gain is biased at tests with many outcomes. To 
overcome this disadvantage, Gain Ratio technique 
has been developed to get the ratio. This technique 
applies a specific type of normalization with regard 
to the obtained information called split information. 
 
3. Research hypothesis and related work 

 
In this section we are reviewing previous papers 

which investigated comparisons of feature selection 
techniques.  
Ferri et al. [5] compared the following techniques: 
Sequential Forward Selection (SFS), Sequential 

Floating Forward Selection (SFFS) and genetic 
algorithms (GA) on data sets of high dimensionality. 
Their aim was to see how behaves any of the 
techniques when they encounter problems of high 
dimensions. They found out that in some cases the 
best behaving was SFFS technique, while genetic 
algorithms behave in other cases better. They 
concluded that solution would be creation of a 
comprehensive method that includes features of both 
methods, SFFS and GA. Hall and Holmes [7] 
compared the following techniques: InfoGain, 
ReliefF, Relief, Principle Component Analysis 
(PCA), selection based on correlation, selection 
based on consistency, and modified SFS algorithm. 
The authors concluded that there is no unique 
algorithm that would be the best in all situations. 
Kudo and Sklansky [10] compared the SFS, SFFS, 
SBS and GA to see how they behave when dealing 
with the problems of low and medium 
dimensionality. They concluded that each technique 
has its own advantages, disadvantages and potential 
problems, and that each of these technique requires 
special approach. John et al. [8] generally explored 
the importance of features and have conducted 
various experiments with variations techniques of 
ReliefF algorithm. They concluded that the wrapper 
methods outperformes the filter because they have a 
separate evaluation functions. 
Based on the findings of previous research, our 
research hypothesis is: there is statistically significant 
difference between the feature selection techniques 
performances. 
 
4. Research description 

 
With the aim to test the hypothesis comparison 

was carried out on the dataset SPAMBASE from the 
UCI Machine Learning Repository [16].  The dataset 
is a database of features that describe the 
characteristics of incoming e-mail.  This data set 
describes characteristics of the received e-mail 
address that can be classified as SPAM e-mail or 
NON-SPAM e-mail. Nowadays, when Internet 
contains large volumes of data in the form of e-mail 
users want to receive only e-mail messages that are 
relevant to them. Therefore, irrelevant e-mail 
newsletter should be filtered or blocked or denote as 
SPAM messages in the client e-mail applications. 
Filters should be constructed in such a way to 
recognize some of the characteristics of the inbox 
and automatically classify messages as SPAM or 
NON-SPAM. In fact, the filters need to "learn" what 
should be taken into account in the characteristics of 
the received message. For this purpose, it is 
necessary to perform a feature selection to identify 
features that best indicate whether the message is 
spam or not. Based on the results, algorithms would 
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be able to implement personalized filters options that 
best suit to the user. 

The used data set consists of 4601 instances 
classified in two groups: spam messages (1813 
instances, 39.4% of whole data set) and non spam 
messages 2788 instances, 60.6% of whole data set). 
Data set contains 58 features, of which 57 continuous 
features and 1 nominal which indicates the class: 1 – 
SPAM or 0 - NON-SPAM.  

Described data set was used in this research to 
assess the performance of the three feature selection 
techniques: ReliefF, Information gain and GainRatio. 
In order to evaluate the performance of a feature 
selection techniques, the accuracy of the classifier 
(neural network) trained on those features selected by 
the aforementioned techniques will be compared. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
For comparison of feature selection techniques in 

this study we used a software tool WEKA (Waikato 
Environment for Knowledge Analysis), which was 
developed in 1997 at the University Waikato in New 
Zealand. The tool is open source and has been 
developed in the Java programming language. 
 
 
4.1. Implementation of feature selection 

 
As the cutting criterion we have used fixed number 

of features which simply selects a given number of 
features. The selected features are the ones with 
greater evaluation. Here, we have selected 20 best 
ranked features for each technique. Selection is 
carried out by applying cross-validation method for 
validation. This means that WEKA divides the initial 
data set to 10 equal subsets and on each of them is 
carried out training and testing. The training uses 

90% of instances, and testing using 10% of instances, 
1 and so for each subset. For each test different 
instances are used. Finally, the result is calculated as 
average result of the all classifications.  

 
4.2. Comparison of techniques 

 
After feature selection, classification was carried 

out using neural networks with back propagation 
algorithm. Neural networks are computer models 
used for the purposes of classification, prediction, 
and data visualization. The purpose of classification 
is to determine which technique has selected features 
more accurately. Classification was carried out over 
the first 20 selected features of each technique. 

  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Classification was carried out also with cross-

validation method in which an initial set was divided 
into 10 equal subsets and each of them trained and 
tested.  

 
On figure 3 we can see the results of the 
classification carried out over the first 20 features 
that were selected by technique ReliefF and that are 
highly related to one of two classes, one class gathers 
features that are SPAM messages, and other features 
that are NON-SPAM messages.  

 
From the results we see that the neural network 

model accurately classified 4072 instances, or 88.5%, 
while there are 529 incorrectly classified or 11.49%. 
It is a very high accuracy also shown by the Root 
Mean Squared Error, which is 0.29. Confusion 
matrix shows that the neural network model 
classified 1658 instances in SPAM class, out of 

 
Figure 3. The results of classification with the features selected by technique ReliefF 
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which 187 are not correctly classified. In NON-
SPAM class model classified 2943 out of which 342 
incorrectly.  

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
In figure 4 we can see the results of the 

classification on the 20 features selected by InfoGain. 
From the results we see that the neural network 
model accurately classified 4184 instances, or 
90.93%, while incorrectly classified were 417 
instances or 9.06%. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

It has a very high accuracy as shown by the Root 
Mean Squared Error: 0.26, which is even smaller 
error then in the case of algorithm ReliefF.  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
From the confusion matrix we see that the neural 
network model classified 1866 instances in SPAM 
class, where 235 of them were not correctly  
classified. In NON-SPAM class was 2735 out of 
which 182 instances were incorrectly classified. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
Figure 4. The results of classification with the features selected by technique InfoGain 

 

 
Figure 5. The results of classification with the features selected by technique Gain Ratio 
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In figure 5 we see the results of classification using 
the features which are obtained by technique 
GainRatio. 

 
Neural network model accurately classified 4161 
instances or 90.43%, while 440 instances were 
incorrectly classified. Root Mean Squared Error is 
0.27 which is slightly worse than in the case of 
ReliefF or Information Gain. Confusion matrix 
demonstrates that 1781 instances was classified in 
the SPAM class, out of which 204 instances were not 
classified correctly. In NON-SPAM class 2821 
instances were classified, out of which 236 of them 
were incorrectly classified. 

Using the Friedman test we tested the null 
hypothesis stating that all feature selection 
techniques perform equally.  

The results of the tests showed that the Friedman 
statistic for equality of feature selection techniques 
performances has the p-value of 0.0037.  

These result rejects null hypothesis and indicates 
that the difference exist in the performance of feature 
selection techniques. 

 To analyze the performance differences, post-hoc 
Nemenyi test was performed in order to identify 
which technique provided better results by giving the 
p-values of the performance comparisons between 
pairs of feature selection techniques. Results indicate 
that Information Gain achieved significantly better 
compared to the other feature selection techniques. 
 
5. Conclusion 
 
In this research we performed empirical comparison 
of three feature selection techniques. Research 
hypothesis assumed differences in performances of 
different feature selection techniques. Research 
results have shown that Information Gain technique 
application in feature selection yielded most accurate 
subset of features for neural network classification on 
SPAMBASE dataset. Results confirmed our 
hypothesis in level of significance 0.01.  
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