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Abstract 

Feature selection is an important factor in the success of the data mining 

process through selecting the useful or relevant attributes in the data set. This 

paper presents a comparison between feature selection methods and their 

impact on learning algorithms. A decision tree leaner, REPTree is used to 

measure the effectiveness of selected features. Different search methods were 

used with each feature selection method to select an optimal subset of features 

including: forward, backward, floating, branch-and-bound, and randomized. 

The comparison was conducted on a data set collected from Najaf Education 

Directorate in Iraq. The results showed that most methods of selecting the 

features improved the accuracy and the performance of the classification 

techniques. 

Correlation based Feature Selection(CFS), Information Gain (IG) attribute 

evaluation, Gain ratio(GR) attribute evaluation, Symmetrical Uncertainty,  

Chi-Squared, Relief F, One-R, Classifier Subset Evaluator and Wrapper 

Subset Evaluator are the main feature selection techniques discussed in this 

paper. 

Keywords: Data Reduction, Feature Selection, Mining Techniques 

 

mailto:Kadhim.aljanabi@uokufa.edu.iq
mailto:rusul.kadhim1992@gmail.com


Data Reduction Techniques: A Comparative Study for Attribute Selection Methods 2 

1. INTRODUCTION  

Attribute /Feature selection methods are used to reduce the dimensionality of the data 

through removing the redundant and irrelevant attributes in a data set. Feature 

selection methods are categorized according to the feature evaluation measure, 

depending on the type into filter and wrapper. Filter methods depend on the general 

characteristics of the data to select feature subsets and evaluate the quality of these 

subsets independently of the classification algorithm. The wrapper uses a predefined 

classification algorithm to evaluate the subsets of selected features. According to the 

way in which the features are evaluated, Feature selection methods are categorized 

into single and subset evaluation. In single evaluation, sometimes called feature 

ranking or feature weighting, each feature is evaluated individually through assigning 

weight to each feature  according to its degrees of relevance while in subset 

evaluation, evaluates each subset of features instead of the individual features[1]. 

Wrappers need to invoke the learning algorithm to evaluate each subset of the 

selected features, so it often gives better results than the filter methods, but this makes 

them more expensive than the filter methods. Implementing the filter methods is 

much faster, so it's the best methods for large size databases but these methods ignore 

the correlation between features that affects performance[2][3]. 

The feature selection process has many benefits: It allows visualization and 

understanding of data more easily, reduces the time and storage required for the 

mining process and improves the performance of the algorithms through avoiding the 

curse of dimensionality[4]. 

 

The feature selection process consists of the following four steps as shown in Figure 

1-1: 

1- Subset Generation:  In this step, subsets of features are generated for the 

evaluation based on a certain search strategy (starts with either an empty 

subset of features or with all features or with a random subset of features). 

2- Subset Evaluation: To measure the quality of the subset generated by some 

generation criterion, an evaluation function is used. the subset generated is 

compared with the previous best and replaced with it, if it is found to be better. 

3- Stopping Criterion: The process of feature selection may continue to generate 

feature subsets therefore, a stop criterion is required for this process. For 

example, stopping at a predetermined number of features/iterations or when 

adding/deleting a feature reduces performance or when obtaining an optimal 

subset of features. 

4- Result Validation:  At this step, different tests are conducted to verify the 

validity of the subset of the selected features, in addition to comparing the 

resulting subset with the previously identified or with the subsets  resulting 

from competing feature selection methods using artificial datasets, real-world 

datasets, or both[5] 
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Figure 1-1 Steps of Feature Selection Process[5] 

 

2. RELATED WORKS  

In 2015,I. M. El-hasnony and etal[6] conducted a comparative study among five of 

the data reduction techniques that are gain ratio, principal components analysis, 

correlation feature selection, rough set attribute selection and fuzzy rough feature 

selection. such comparison was based on the accuracy of the classification and the 

results showed that fuzzy rough feature selection surpassed other techniques. 

In 2015,O. Villacampa[7]compared a set of the feature selection methods that are 

Information Gain, Correlation Based Feature Selection, Relief-F, Wrapper, and 

Hybrid methods used to reduce the number of features in the data sets. Three of the 

common classification algorithms (Decision Trees, k-Nearest Neighbor and Support 

Vector Machines) are used as classifiers to evaluate the performance of these 

methods. The results showed that the Relief-F method outperformed all other feature 

selection methods. 

In 2014,R. Porkodi[8] analyzed five techniques to reduce features and the five 

techniques were ReliefF, Information Gain, Gain Ratio, Gini Index and Random 

Forest. The experimental results showed that Random Forest outperforms other 

techniques. 

In 2010, A. G. Karegowda and etal[9] presented two filters for selecting the relevant 

features were Gain ratio and Correlation based feature selection. The search method 

used with CFS filter is the genetic algorithm. The selected features were tested by two 

classification algorithms are Back propagation neural network and Radial basis 

function network and the results showed that the features selected by CFS filter gave 

higher classification accuracy of those selected by information gain filter. 

In 2004, Y. Wang and F. Makedon[10]applied one of the feature selection methods is 

ReliefF to reduce the number of  features in three cancer classification data sets and to 

evaluate the performance of the selected features, they used two famous classification 

algorithms are linear SVM and the k-NN and also compared the performance of the 

used method with three methods for feature selection are Information Gain, Gain 
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Ratio, and χ2-statistic. The results showed that the performance of the applied method 

was similar to the performance of the other three methods. 

 

3. FEATURE SELECTION METHODS 

Different techniques and methods are available for feature selection, each  has its own 

advantages, drawbacks and characteristics. 

 

3.1 Correlation based Feature Selection(CFS) 

CFS is a feature subset selection algorithm. This algorithm computes the correlation 

between all features and the output class and selects the best feature subset(i.e the 

subset with features highly correlated with the class variable and have low correlation 

with each other features) using correlation based heuristic evaluation function. CFS 

measures correlation between nominal or categorical features, so discretization is used 

in the case of numeric features. CFS is given by the equation 1. 
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where zcr  is the correlation (dependence) between features and the class variable, k is 

the number of  features , zir  is the average of the correlation between feature-class 

and iir  is the average inter-correlation between feature-feature[2]. 

 

3.2 Information Gain (IG) attribute evaluation 

IG is a feature selection measure introduced by J. R. Quinlan[36] and used to select 

the test attribute at each node of the decision tree in the basic algorithm for building a 

decision tree(ID3). 

Let node N represent or hold the records of partition D from the dataset. Calculating 

IG helps in choosing the splitting attribute for node N, where the attribute of N having 

maximum IG is the one chosen for splitting. This attribute with higher IG  minimizes 

the information needed to classify the objects in the resulting partitions and reflects 

the least randomness or “impurity” in these partitions. Such an approach optimizes the 

performance of DT algorithm and guarantees that a simple tree is found. 

The expected information needed to classify an object in partition D is given by : 

                                         𝐼𝑛𝑓𝑜(𝐷) = −∑ 𝑝𝑖
𝑚
𝑖=1 log(𝑝𝑖)                                       …(2)  

              

where𝑝𝑖 represents the probability that an object in D belongs to class 𝐶𝑖and is 

calculated  by 
|𝐶𝑖,𝐷|

|𝐷|
⁄  . As the information is encoded in bits, a log function to the 
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base 2 is used. Info(D) represents the average amount of information needed to find 

out the class label of an object in partition D. 

Now, if it is required to partition the objects in D on some feature (attribute) A having 

v distinct values, {𝑎1, 𝑎2, 𝑎3, … , 𝑎𝑣} (e.g. for attribute Gender the distinct values are 

Male and Female), the expected information based on the partitioning into subsets by 

attribute A, is given by : 

                                              𝐼𝑛𝑓𝑜𝐴(𝐷) = ∑
|𝐷𝑗|

|𝐷|

𝑣
𝑗=1 × 𝐼𝑛𝑓𝑜(𝐷𝑗)                        …(3)  

Where  
|𝐷𝑗|

|𝐷|
 acts as the weight of the jth partition. IG is defined as the difference 

between the original information before splitting or partitioning and the new IG 

obtained after partitioning on A as given in equation (4). 

                                           𝐺𝑎𝑖𝑛(𝐴) = 𝐼𝑛𝑓𝑜(𝐷) − 𝐼𝑛𝑓𝑜𝐴(𝐷)                        …(4) 

In other words, Gain(A) tells us how much would be gained by branching on A. It 

represents the expected reduction in the information requirement caused by knowing 

the value of feature A [28]. 

 

3.3  Gain Ratio(GR) attribute evaluations 

GR is an extension to IG measure and used in the decision tree based learning 

algorithm,C4.5[37].This measure overcomes bias of IG toward the features with the 

large number of values by applying normalization to information gain as follow: 

                             𝑆𝑝𝑙𝑖𝑡𝐼𝑛𝑓𝑜𝐴(𝐷) = −∑ (|𝐷𝑗
𝑣
𝑗=1 |/|𝐷|)𝑙𝑜𝑔2(|𝐷𝑗|/|𝐷|)             …(5) 

The resulting value from the above equation represents the information obtained by 

splitting the attribute A in the training data set D into v partitions  corresponding to v 

outputs. The gain ratio is defined as[28] 

𝐺𝑎𝑖𝑛𝑅𝑎𝑡𝑖𝑜(𝐴) = 𝐺𝑎𝑖𝑛(𝐴)/𝑆𝑝𝑙𝑖𝑡𝐼𝑛𝑓𝑜(𝐴)                                     …(6) 

 

3.4  Symmetrical Uncertainty 

symmetrical uncertainty criterion overcomes the bias of information gain towards the 

features with the more values by normalizing its value to the range[0,1].It is given by 

the following equation: 

          
A)SplitInfo()(I

Gain(A)
2SU




Dnfo
                                          ...(7) 

If SU value=0, indicates that the two features have no association whereas the value 

of SU=1 indicates that knowledge of one feature completely predicts the other. This 

criterion is similar to GR criterion in favor of features with fewer values[14]. 
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3.5 Chi-Squared 

Chi-Squared is a simple and general algorithm that uses the 2x  statistic to discretize 

the numeric features through sorting the features according to their values and 

calculating the 2x value as in equation(8) for each pair of adjacent intervals in the 

feature and merging the pair of adjacent intervals with the lower 2x  value and 

continuing the process until inconsistencies are found in the data(the attribute with 

only one value, it removed). Chi-squared is given by the following equation: 
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Where ijO  is the observed frequency and ijE is the expected frequency[15].  

 

3.6 One-R 

OneR (One Rule) is a simple algorithm that evaluates the features according to error 

rate. This algorithm generates a set of candidate rules(one rule for each feature in the 

data set) and selects the rule with the least error ratio. It deals with the categorical 

features, so if the features have numeric values, it uses a straightforward method to 

divide the range of values into several separate intervals. It handles missing values by 

treating "missing" as a legitimate value[16]. 

 

3.7 Relief-F 

It is extension of Relief algorithm .It is adapted to work with multi-class problems by 

finding one or more (k) neighboring instance M(C) from each different class C and 

averages their contribution for upgrading estimates W[A] weighting it with the prior 

probability of each class. The estimation of weight W of feature A when the sampled 

instance is R (which is sampled m times) and the nearest instance of the same class is 

H is conducted as shown in the following equation  

    


)( 11 .

))(,,(

))((1

)(

.

),,(
][:][

RclassC

k

j
j

i

k

j
j

km
CMRAdiff

RclassP
CP

km
HRAdiff

AWAW  …(9) 

The number of the checked neighboring instances is determined by either predefining 

a number or the maximum distance. If the features are categorical then the difference 
diff(A, I1, I2)  is one if the values of the instances are equal and if the values are 

different then the difference is 0.In the case of numerical features, then the difference 

is calculated by the following equation[17]: 
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 3.8   Consistency Subset Evaluator (CSE) 

It evaluates feature subsets by the degree of consistency in class values when the 

training instances are projected onto the set, i.e. the prevalence of one class in subsets 

that the data set is divided into by attribute values. This also means that feature values 

have to be discretized. Consistency of a subset can never surpass that of the full set so 

the algorithm searches for the smallest subset which has the same consistency as the 

full set.  

The consistency of a feature subset S in a data set with N instances is calculated using 

the following equation:  

                                            𝐶𝑠 = 1 −
∑ |𝐷𝑖|−|𝑀𝑖|
𝐽
𝑖=0

𝑁
                                   ...(11)                                    

where J is the number of distinct attribute value combinations,  

|Di| is the number of occurrences of the i-th attribute value combination,  

|Mi| is the cardinality of the majority class for the i-th attribute value combination[17]  

 

3.9  Classifier Subset Evaluator 

Evaluates feature subsets by applying a classification training data or a separate hold 

out testing set and using this classifier to estimate the accuracy of these subsets. 

 

3.10 Wrapper Subset Evaluator 

It is a feature subset evaluator that uses the learning algorithm as a function to 

evaluate these subsets and to estimate the accuracy of the learning algorithm, it uses 

cross validation[3].  

 

4.  SEARCH METHODS 

To select an optimal subset of features, different search strategies are used: forward, 

backward, floating, branch-and-bound, and randomized. The strategy that starts with 

an empty subset of features and adds the relevant features to the subset, it is called 

forward selection whereas that starts with all features and deleting the irrelevant 

features, this strategy is called backward selection, but these exhaustive strategies 

become costly to work when the number of features increases where have time 

complexity is exponential, so more efficient heuristic strategies are used (sequential 
forward selection and sequential backward selection). In sequential forward 
selection, one feature is selected at a time even adding another feature to the subset 

reduces the subset quality and the selected features can't be deleted later while 
sequential backward selection, one feature is deleted at a time and the deleted feature 

can't  be re-selected. Most heuristic search strategies such as Greedy sequential 

search, best-first search, and genetic algorithm have time complexity is quadratic in 

terms of data dimensionality but do not ensure finding the optimal features for this 
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reason, it  is replaced by a randomized search strategy[1]. 

 

5.  REPTree ALGORITHM 

REPTree builds a decision/regression tree using information gain/variance and prunes 

it using reduced error pruning. It splits instances into pieces to handle the missing 

values. Optimized for speed, REP Tree arranges the numeric values for each numeric 

attribute only once[18]. 

 

6. WEKA TOOL 

To implement the attribute selection methods, We used WEKA[19] an open source 

software written in the Java programming language and developed at the University 

of Waikato in New Zealand. Weka is a collection of machine learning algorithms for 

data mining tasks and includes tools for data preprocessing, classification, regression, 

clustering, association rules, and visualization. And we used learning algorithm, 

REPTree to evaluate the subset of selected features. Feature selection methods in 

WEKA consist of two elements: Feature evaluator, the way by which feature subsets 

are evaluated and Search method, the way by which space of feature subsets are 

searched. 

 

7.  CONCLUSION AND RESULTS  

In this paper, feature selection methods are applied on real dataset that contains five 

attributes. More than (18266 records) about schools, students and teachers were 

collected. The results showed that three features, Level, Schooltype and City are the 

most significant features for determining the dependent variables, and hence feature 

reduction can be applied. 
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10-Fold Cross 

Validation using REP 

Tree 

 
 

Description 

 
 

Type 

 

Time complexity 

m: number of records 
n: number of attributes 

t: number of distinct 

values for the attribute 

Selected attributes  

No of 

cancelled 

attributes 

 

No of 

selected 

attributes 

 

Search method 

Attribute 

evaluator 

Accuracy 

after 

applying the 

evaluator 

Accuracy 

before 

applying 

the 

evaluator 

No of distinct 

values 
 

Names 
 
 

78.4729 %  

 

 

 

 

 

 

77.2309 

% 

Evaluates the worth 

of a subset of 

attributes by 

considering the 

individual predictive 

ability of each feature 

along with the degree 

of redundancy 

between them where it 

finds subsets of 

features that are 

highly correlated with 

the class while having 

low intercorrelation 

are preferred . 
 

 

 

 

 

 

 

 

Filter  

model 

O(m,n,t) 

∝(2174,4,(10,10,2,23)) 
 

10 

10 
2 

23 

City 

Schooltype 

Gender 

level 

1: Year 4 BestFirst, ExhaustiveSearch, 

GeneticSearch, 

GreedyStepwise, 

LinearForwardSelection, 

RankSearch, Scatter Search, 

SubsetSizeForwardSelection 

CfsSubsetEval 

66.6053 % O(m,n,t) 

∝(2174,3,(10,2,23)) 
 

10 

2 

23 

City, 

Gender, 

Level 

2: Year, 

Schooltype 

3 RandomSearch 

78.4729 % 77.2309 

% 
Evaluates the worth 

of an attribute by 

computing the value 

of the chi-squared 

statistic with respect 

to the class . 

Filter 

model 

O(m,n,t) 

∝(2174,4,(23,10,10,2)) 
23 

10 

10 

2 

 

Level 

Schooltype 

City 

Gender 

 

1: Year 4 Ranker ChiSquaredAttr

ibuteEval 

78.4729 % 77.2309 

% 
Evaluates the worth 

of a subset of 

attributes by the level 

of consistency in the 

class values when the 

training instances are 

projected onto the 

subset of attributes . 

Filter 

model 

O(m,n,t) 

∝(2174,4,(10,10,2,23)) 
10 

10 
2 

23 

City 

Schooltype 

Gender 

Level 

1: Year 4 BestFirst, ExhaustiveSearch, 

GeneticSearch, 

GreedyStepwise, 

LinearForwardSelection, 

RandomSearch, RankSearch, 

Scatter Search, 

SubsetSizeForwardSelection 

ConsistencySub

setEval 
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78.4729 % 77.2309 

% 
Evaluates the worth 

of an attribute by 

measuring the gain 

ratio with respect to 

the class . 

 
GainR(Class, 

Attribute) = (H(Class) 

- H(Class | Attribute)) 

/ H(Attribute) . 

Filter 

model 

O(m,n,t) 

∝(2174,4,(10,23,10,2)) 
10 

23 

10 
2 

 

Schooltype 

Level 

City 

Gender 

 

1: Year 4 Ranker GainRatioAttri

buteEval 

78.4729 % 77.2309 

% 
Evaluates the worth 

of an attribute by 

measuring the 

information gain with 

respect to the class . 

 
InfoGain(Class,Attrib

ute) = H(Class) - 

H(Class | Attribute( 

Filter 

model 

O(m,n,t) 

∝(2174,4,(23,10,10,2)) 
23 

10 

10 

2 

 

Level 

Schooltype 

City 

Gender 

 

1: Year 4 Ranker InfoGainAttrib

uteEval 

78.4729 % 77.2309 

% 
Evaluates the worth 

of an attribute by 

using the OneR 

classifier . 

Filter 

model 

O(m,n,t) 

∝(2174,4,(10,23,10,2)) 
10 

23 

10 
2 

 

Schooltype 

Level 

City 

Gender 

 

1: Year 4 Ranker OneRAttribute

Eval 

78.4729 % 77.2309 

% 
Evaluates the worth 

of an attribute by 

repeatedly sampling 

an instance and 

considering the value 

of the given attribute 

for the nearest 

instance of the same 

and different class. 

Can operate on both 

discrete and 

continuous class data 

. 

Filter 

model 
O(m,n,t) 

∝(2174,4,(23,10,10,2)) 
23 

10 

10 

2 

 

Level 

Schooltype 

City 

Gender 
 

1: Year 4 Ranker ReliefFAttribut

eEval 

78.4729 % 77.2309 

% 
Evaluates the worth 

of an attribute by 

measuring the 

symmetrical 

Filter 

model 

O(m,n,t) 

∝(2174,4,(23,10,10,2)) 
23 

10 

10 

2 

Level 

Schooltype 

City 

Gender 

1: Year 4 Ranker SymmetricalUn

certAttributeEv

al 
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uncertainty with 

respect to the class . 
 

SymmU(Class, 

Attribute) = 2 * 

(H(Class) - H(Class | 

Attribute)) / H(Class) 

+ H(Attribute) . 

  

78.4729 % 77.2309 

% 

 
 
 
 

Evaluates attribute 

sets by using a 

learning scheme. 

Cross validation is 

used to estimate the 

accuracy of the 

learning scheme for a 

set of attributes 

 

 

 

 

 

 

 

 

Wrappe
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∝(2174,4,(10,10,2,23)) 
 

10 

10 
2 

23 

CitySchooltypeGend
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1: Year 4 BestFirst, 
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SubsetSizeForwardSelection, 

WrapperSubset
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77.2309 % O(m,n,t) 

∝(2174,5,(5,10,10,2,23)) 
5 

10 

10 

2 

23 

YearCitySchooltype

GenderLevel 

 5 Scatter Search 

77.2309 % 77.2309 

% 
Evaluates attribute 

subsets on training 

data or a seperate 

hold out testing set. 

Uses a classifier to 

estimate the 'merit' of 

a set of attributes . 

 

 

 

 

 

Wrappe

r model 

O(m,n,t) 

∝(2174,5,(5,10,10,2,23)) 
5 

10 

10 

2 

23 

YearCitySchooltype

GenderLevel 

 5 BestFirst, 

ExhaustiveSearch,GeneticSea

rch, GreedyStepwise, 

LinearForwardSelection, 

RaceSearch, RankSearch, 

Scatter Search, 

SubsetSizeForwardSelection 

ClassifierSubse

tEval 

78.4729 % 77.2309 

% 
O(m,n,t) 

∝(2174,4,(10,10,2,23)) 
10 

10 
2 

23 

CitySchooltypeGend

erLevel 

1: Year 4 RandomSearch 

 

Figure 1.2  Comparison of Feature Selection Methods 
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