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Abstract
Feature selection is an essential preprocessing requirement when solving a classification problem. In this respect, the Relief 
algorithm and its derivatives have been demonstrated to be a class of successful feature selectors. However, the computational 
cost of these algorithms is very high when large-scale datasets are processed. To solve this problem, we propose the fast 
ReliefF algorithm based on the information granulation of instances (IG-FReliefF). The algorithm uses K-means to granulate 
the dataset and selects the significant granules among them using the criteria defined by information entropy and information 
granulation, and then evaluates each feature on the dataset composed of the selected granules. Extensive experiments show 
that the proposed algorithm is more efficient than the existing representative algorithms, especially on large-scale data sets, 
and the proposed algorithm is almost the same as the comparison algorithm in terms of classification performance.

Keywords Feature selection · ReliefF · Information granulation · Information entropy

1 Introduction

Learning from high-dimensional data has always been a 
challenge when using data mining [1, 2]. The use of high-
dimensional data has attracted considerable attention in 
many areas such as image processing, bioinformatics, and 
financial businesses. However, high-dimensional data usu-
ally contain hundreds or thousands of features, some of 
which are irrelevant and redundant, and which could dete-
riorate the performance of learning algorithms. Dimension 
reduction is only able to eliminate the adverse effects caused 
by high dimensionality. There are two main types of data 
dimensionality reduction methods, including feature extrac-
tion and feature selection. Feature extraction is the process 
of transforming instances of the original space by linear or 
non-linear mapping to obtain a small number of new features 

with better expressiveness for dimensionality reduction, and 
it has received much attention from scholars [3, 4]. Feature 
extraction focuses on representing features to transform 
raw data into features that can be recognized by machine 
learning algorithms, which can retain all the information 
in the original feature space, but the mapped new features 
lack practical meaning. The other method, feature selection 
[5, 6], aims to select a representative optimal feature sub-
set from the original features. It retains the actual meaning 
of the original features and is easier to understand. Feature 
selection can be regarded as an essential preprocessing step 
in learning tasks, and we focus our attention on it in this 
paper.

Relief and its derivatives are successful feature selection 
methods and were first proposed by Kira and Rendell [7]. In 
this type of method, the weight of each feature is assigned 
according to the relevance between each feature and the 
class label. However, the original Relief can only accommo-
date datasets with binary classes. Kononenko [8] proposed 
the ReliefF algorithm for multi-classification problems, and 
then he and Robnik [9] introduced the RReliefF algorithm 
for the regression problem. Two drawbacks of these Relief 
algorithms were pointed out by Sun et al. [10]: the first is 
that the nearest neighbors are defined in the original feature 
space, which is highly unlikely to be those in the weighted 
space, and the other is the lack of a mechanism to pro-
cess outlier data. To overcome these drawbacks, Sun et al. 
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[10, 11] proposed an iterative feature selection algorithm 
(I-Relief) and logistic I-Relief (LI-Relief), respectively. 
Based on these studies, Cai et al. [12] proposed a Relief 
feature selection algorithm based on a local hyperplane (LH-
Relief), which can obtain the final feature weight by maxi-
mizing the expected interval between instances and the local 
hyperplane. Zhang et al. [13] proposed a feature selection 
algorithm based on I-Relief and LH-Relief, named DRNSR-
Relief, and then presented logistic local hyperplane-based 
Relief (LLH-Relief) based on LI-Relief and LH-Relief [14]. 
In addition, Relief algorithms for semi-supervised learning 
were investigated [15, 16], and others for multiple-instance 
learning and imbalanced data classification were proposed 
[17, 18]. In another solution, the algorithm was combined 
with a convolutional neural network [19]. In recent years, 
Relief and its derivative algorithms have found many suc-
cessful real applications, for example in the medical field 
[20, 21], and in other fields [22–27].

However, the original Relief algorithms are computa-
tionally inefficient in terms of the time they require when 
processing large-scale datasets, preventing them from 
being implemented in real applications. To solve this prob-
lem, researchers employed a method that randomly selects 
instances to calculate each feature’s score, ReliefF-RS, 
which could also lead to bias in evaluating the features. 
Huang et al. [28] further proposed a modified version of 
ReliefF-RS, named FSSMC, in which a dataset is partitioned 
into several clusters, and the centers of these clusters are 
selected to calculate the score of each feature. Because the 
centers of clusters would be expected to be more representa-
tive than the randomly selected instances, Huang’s method 
[28] outperforms ReliefF-RS. However, FSSMC is less effi-
cient than ReliefF-RS, which randomly selects instances, 
owing to the preprocessing procedure involving clustering.

To improve the efficiency of ReliefF-RS and FSSMC, 
in this paper, we present a fast ReliefF algorithm based 
on information granulation (IG-FReliefF). When we pro-
cess much complex information, we tend to divide much 
complex information into several simple blocks due to the 
limitation of cognitive ability, and each block is a granule. 
This process is called information granulation. Information 
granulation reflects how we process and store information. 
Granular computing is essential for solving our problems. It 
can help us better analyze and solve problems by abstracting 
and dividing complex problems into several relatively simple 
problems. There has been much exciting work in information 
granulation and granular computing [29–33].

The primary basis of our proposed algorithm comes from 
information granulation. The algorithm granulates a dataset 
by using K-means algorithms, and among all the granules, 
those that are significant are selected by an evaluation index 
that is defined by combining information granularity and 
the information entropy. Then, the selected granules are 

combined into a set of instances used to assign weights to 
the features. Because fewer instances are used to calculate 
the weights of features than all the instances in a dataset, the 
proposed algorithm is much more efficient than ReliefF-RS 
and FSSMC. Besides, the selected instances, which are close 
to the classification hyperplane, are more useful for evaluat-
ing the significance of a feature than those eliminated. Thus, 
the proposed algorithms’ classification accuracy is as good 
as those obtained by ReliefF-RS and FSSMC, although only 
the selected instances are employed to evaluate features.

The contributions to this paper are as follows:

– We propose a new sampling method: the original training 
set is granulated to contain as many granules as possible 
for selecting instances around the classification bound-
ary to form a new training set, and a small number of 
instances that we consider valuable are extracted from 
this training set to guide the feature weighting process 
of the Relief algorithm.

– We propose a new evaluation criterion, based on infor-
mation entropy and knowledge granularity, which can be 
used to evaluate the granulation results and the degree of 
confusion of each granule.

– Experiments on eight UCI datasets show that the pro-
posed algorithm is more efficient than existing represent-
ative algorithms, especially on large-scale datasets, while 
maintaining almost the same classification performance 
as its counterpart.

The remainder of this paper is organized as follows: Sect. 2 
briefly reviews relevant work, including knowledge granu-
larity, information entropy, Relief, and ReliefF. The fast 
ReliefF algorithm based on information granulation (IG-
FReliefF) is presented in Sect. 3. Section 4 describes experi-
ments that were carried out to verify the performance of the 
proposed algorithm. Section 5 summarizes the study.

2  Preliminaries

2.1  Knowledge granularity

Knowledge granularity describes the uncertainty of a granu-
lar structure and the degree of coarseness of a knowledge 
structure. Generally speaking, knowledge granulation 
reflects the ability to distinguish knowledge in a granular 
space. The smaller the knowledge granularity of a particle 
space is, the stronger is its ability to distinguish knowledge. 
Wierman et al. [34] defined knowledge granularity based on 
the information entropy as follows:
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Definition 1 Given an information system S = (U,A) , the 
knowledge granularity of the granular space derived from 
the attribute set A is defined as

where Xi represents the equivalence class generated by the 
partition of the field U by attribute set A.

Liang et al. [35, 36] used complementary entropy to 
define a new knowledge granularity:

2.2  Information entropy

In informatics, information entropy (i.e., Shannon entropy), 
which was introduced in 1948, is a measure of uncertainty 
proposed by Shannon. The information entropy is a popu-
lar measure in machine learning, and this metric has been 
studied extensively by academics [37, 38]. The information 
entropy describes the probability of the occurrence of dis-
crete random events. The more orderly (chaotic) a system is, 
the lower (higher) its information entropy is.

For a classification system X = (U,A ∪ C) , C is a cat-
egory variable with values of C1,C2, ...,CL , and the prob-
ability of each of these categories is P(C1),P(C2), ...,P(CL) . 
Further, L is the number of classes in the classification sys-
tem, and the information entropy of the system is:

For supervised learning, information entropy can be used to 
evaluate the degree of the chaos of the instance set, that is, 
the proportion of various categories of data in the instance 
set. When the information entropy of an instance set is 
higher, the instance set is considered to be more “chaotic”.

2.3  Relief

The Relief algorithm [7] was first proposed by Kira and is 
restricted to binary classification. The main idea of Relief 
is to iteratively assign weights to features based on the cor-
relation between features and class labels, which is based 
on the ability of features to distinguish between neighboring 
instances of different classes.

In Relief, given a training set D = {(�n, yn)}
N
n=1

 , in which 
�i is an instance, �i is the label of �i , and a randomly selected 
instance Ri in a certain iteration, and then the nearest 

(1)G(A) = −

m
∑

i=1

∣ Xi ∣

∣ U ∣
log2

∣ Xi ∣

∣ U ∣
,

(2)CG(A) =

m
∑

i=1

∣ Xi ∣

∣ U ∣

(

1 −
∣ Xi ∣

∣ U ∣

)

.

(3)H(X) = −

L
∑

i=1

P(Ci)log2P(Ci).

neighbor from the instances in the same class of Ri (Near Hit 
or NH) and the nearest neighbors M from the instances in 
different classes of Ri (NearMiss or NM) can be obtained. 
The weights of the features are then updated according to 
the following rules: (1) If the distance between Ri and NH 
on a feature is less than that between Ri and NM, then this 
feature is helpful to distinguish between instances that are 
close to each other, and thus the weight of this feature should 
be increased; (2) If the distance between Ri and NH on a 
feature is farther than that between Ri and NM, then this 
feature is not helpful to distinguish between instances that 
are near each other, and thus the weight of the feature should 
be decreased. By repeating the above process m times, the 
final weight of each feature can be obtained. The greater the 
weight of a feature, the stronger the classification ability of 
the feature becomes. The following formula is used to update 
the weight of a feature j in each iterative cycle:

where diff (j, xu, xv) is the difference between xu and xv on 
feature j, I is the number of features.

For a symbolic feature, diff (j, xu, xv) can be calculated by

For a numerical feature, diff (j, xu, xv) can be obtained by

where Vj is the value set of the j-th feature.

2.4  ReliefF

ReliefF is an extension of Relief that can be used for data-
sets with multiple classes [8]. In contrast to Relief, in Reli-
efF, k nearest neighbors of randomly selected instances are 
used to evaluate a feature, which is useful for dealing with 
incomplete and noisy datasets and improves the robustness 
of ReliefF.

ReliefF randomly selects an instance Ri from the train-
ing data D = {(�n, yn)}

N
n=1

 , and k nearest neighbors of Ri 
and NHt, t = 1, ..., k , are selected from the same class with 
Ri . In addition, k nearest neighbors of Ri , NMt, t = 1, ..., k , 
are selected from different classes with Ri . The weight of a 
feature j is updated in each iterative cycle using the follow-
ing formula:

(4)

Wj = Wj −
diff (j,Ri,NH)

m
+

diff (j,Ri,NM)

m
, j = 1, 2, ..., I

(5)diff (j, xu, xv) =

{

0; value(j, xu) = value(j, xv),

1; otherwise.

(6)diff (j, xu, xv) =
∣ value(j, xu) − value(j, xv) ∣

∣ max(Vj) − min(Vj) ∣
.
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where m is the number of randomly sampled instances, and 
P(C) is the prior probability of class C (obtained from the 
training set), I is the number of features. To ensure that the 
sum of the weights of all the different classes is 1, we use 
1 − P(class(Ri)) to divide the probability of each weight.

3  Fast ReliefF based on information 
granulation

This section first presents the disadvantages of ReliefF-RS 
and FSSMC [28], and describes the information granulation-
based fast ReliefF algorithm (IG-FReliefF), which is pro-
posed to overcome these shortcomings.

ReliefF-RS is problematic because it requires m (the 
number of instances that are randomly sampled) to be much 
smaller than n (the number of instances) to process a dataset 
with high efficiency when n is very large. However, random 
selection could result in severe information loss because it 
cannot make full use of the information of data, and it is 
difficult to determine how many sampled instances are “suf-
ficient” to assign weights to features.

To address this drawback of ReliefF-RS, FSSMC (whose 
flowchart is shown in Fig. 1) improves the method of sam-
pling instances by dividing the original dataset into m clus-
ters and then extracting the centers of these m clusters to 
perform ReliefF-RS. Although the FSSMC algorithm has 
contributed to solving the random sampling problem, the 
following two problems still exist. 

1. The FSSMC algorithm is an improvement of the Reli-
efF-RS algorithm. However, the algorithm’s calcula-
tion cost is more than that of the ReliefF-RS algorithm 
because it includes a step to preprocess data before clus-
tering.

2. All instances are treated equally by the FSSMC algo-
rithm. However, it is difficult for a classification task to 

(7)

Wj =Wj −

∑k
t=1

diff (j,Ri,NHt)

m × k

+

∑

C≠class(Ri)
[

P(C)

1−P(class(Ri))

∑k
t=1

diff (j,Ri,NMt(C))]

m × k

, j = 1, 2, ..., I,

discern those instances that are close to the classification 
boundary in terms of their features.

To more effectively utilize the instances near the clas-
sification boundary, we need to clarify the following two 
problems: 

1. When solving classification problems, it is crucial to 
distinguish instances that lie at the boundaries between 
classes correctly. Therefore, it is reasonable to assign 
larger weights to features that can discriminate instances 
that are at class boundaries. (See Fig. 2)

2. When solving a multi-class problem, it is essentially 
the same as solving multiple one-to-many problems and 
multiple (L − 1) binary problems ( L is the number of 
categories). Figure 3a shows a classification problem 
involving three classes, whereas Fig. 3b shows a prob-
lem that can be transformed into two dichotomies by 
taking the “triangle” as an example.

According to the analysis mentioned above, to improve 
the algorithms ReliefF-RS and FSSMC, it would be 

Fig. 1  Work flows of FSSMC

W

Fig. 2  Decision of binary classification

(a) Multi-class problem (b) Translation into binary classification

Fig. 3  Multi-class decision
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necessary to select the instances close to the classification 
hyperplane for weighting features. To realize this idea, a new 
algorithm, IG-FReliefF, is proposed to accelerate ReliefF-
RS and address the shortcomings of FSSMC. A flowchart 
of the proposed algorithm is shown in Fig. 4. The algorithm 
consists of the following three steps: (1) Granulate datasets 
by using K-means and obtain a certain number of granules of 
instances; (2) Calculate the quality of the granules obtained 
in Step 1, and select the granules that satisfy certain pre-
defined conditions; and (3) construct a new dataset by col-
lecting the selected granules, and calculate the weight of 
each feature on the new dataset.

Details of the method are as follows:
In Step (1), the training set D is divided into K granules 

by using K-means. Note that the value of K should be larger 
than the number of classes ( L ). The instances in the same 
granule are close to each other if the value of K is too large, 
and the cost of preprocessing using K-means is also very 
high. Therefore, the value of K needs to be much smaller 
than the number of instances in the training set N [39]. To 
select a suitable K, we set the step size to perform the clus-
tering process multiple times within the range of the K value 
based on experience.

In Step (2), an evaluation index is needed to evaluate the 
results of each clustering step to select the useful granules 
for feature selection. When clustering is used for information 
granulation, the number of granules is related to the gran-
ule’s consistency and the classes. The number of granules 
should be as small as possible to increase the likelihood of 
the instances in the granule belonging to the same class. 
Conversely, the instances in a larger number of granules are 
more likely to fall into different classes.

For our task of evaluating the granulation results, a larger 
number of granules would be expected to enable more pure 
granules to be selected. Thus, we can employ knowledge 
granularity (Formula (2)) to obtain the desired granulation 
result. However, all the granules become pure if the num-
ber of granules is sufficiently large, which fails to select the 
instances at the boundaries of classes. To solve this problem, 
information entropy, which can characterize the degree of 
chaos in granulation results, is incorporated into the evalu-
ation index of granulation so that the number of instances 
of different classes in each granule can be ensured to be 
approximately equal. Therefore, we propose an evaluation 
index of information granulation results by combining infor-
mation entropy and granularity as follows.

where H(Gi) = −
∑L

j=1
P(Cj) log2 P(Cj).

In Step (3), all the selected granules are used to construct 
a new training dataset Ď , which replaces the original training 
dataset D , and is used to obtain the score of each feature. We 
list the time complexity of each algorithm in Table 1. It is 
well known that the time complexity of ReliefF is O(N2

⋅ I) , 
and ReliefF-RS is O(m ⋅ N ⋅ I) , where m is the number of 
randomly selected instances, N is the number of instances, 
and I is the number of features. It is easy to see that m 
affects the efficiency of the ReliefF-RS algorithm. The time 
complexity of FSSMC is O(m ⋅ N ⋅ I) + O(N ⋅ K ⋅ T) , it is 
less efficient than ReliefF-RS, owing to the preprocessing 
procedure involving clustering, but it is more efficient than 
ReliefF. Since the time complexity of the K-means algo-
rithm is O(N ⋅ K ⋅ T) and the time complexity of evaluating 
all the granules is O(N), we can get the time complexity of 
IG-FReliefF is O(m ⋅ Ň ⋅ I) + O(N ⋅ K ⋅ T) + O(N) , where Ň 
is the instances number of the new dataset Ď . Because the 
number of instances in Ď is much smaller than that in D , the 
time efficiency of IG-FReliefF becomes higher than that of 
ReliefF-RS and FSSMC.

Of course, the algorithm proposed in this paper also has 
certain shortcomings. For example, there is a possibility that 

(8)Q(�) = G(�) ×

K
∑

i=1

H(Gi),

Feature
Weighting

W

Fig. 4  Work flows of IG-FReliefF

Table 1  Comparison of time complexity

ReliefF ReliefF-RS FSSMC IG-FReliefF

O(N2
⋅ I) O(m ⋅ N ⋅ I) O(m ⋅ N ⋅ I)+ 

O(N ⋅ K ⋅ T)
O(m ⋅ Ň ⋅ I)+

O(N ⋅ K ⋅ T) + O(N)
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the sampling method proposed in this paper cannot guaran-
tee to cover all the instances in all categories, but we can try 
to avoid it by adjusting the parameter K value of granularity. 
When K value is larger, the more particles are produced, 
and the fewer instances in the particles, the more likely they 
belong to the same category. In this case, the more “chaotic” 
granules are chosen to try to cover all classes of instances, 
even those with a tiny number of instances.

Based on the above analysis, we design a new algorithm, 
IG-FReliefF, detailed in Algorithm 1.

4  Experiments

4.1  Datasets and parameter settings

This section empirically evaluates our proposed IG-FReli-
efF with two comparative algorithms on eight UCI datasets 
(listed in Table 2). For ReliefF, ReliefF-RS, FSSMC, and 
our proposed algorithm, the nested feature subsets are gen-
erated by the weights derived from these three algorithms. 
To fully evaluate the performance of the proposed feature 
selection algorithm, we also used two classifiers, C4.5 and 

Table 2  Description of dataset Dataset Abbreviations Number of 
instances

Number of 
features

Num-
ber of 
classes

User knowledge modeling User 403 5 4
Breast cancer wisconsin Breast 683 9 2
Banknote authentication Banknote 1372 4 2
Wine quality-white Wine 4898 11 5
Waveform Waveform 5000 21 3
Page blocks Page 5473 10 5
Electrical grid stability simulated Electrical 10000 13 2
MAGIC gamma telescope Magic 19020 10 2
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KNN, to evaluate the classification accuracy of the selected 
feature subsets. Then, the tenfold cross-validation method 
is employed to verify the performance of these algorithms.

All experiments were performed on personal computers 
with 3.6-GHz Intel Core processors and 8 GB of memory, 
and all the algorithms were implemented by using MATLAB 
R2016a. The experiment aims to illustrate that IG-FReliefF 
is much more efficient than these comparative algorithms 
and that the classification accuracy obtained by IG-FReliefF 
is similar to those obtained by ReliefF-RS and FSSMC.

For our proposed algorithm, the number of granules, K, 
is an important parameter. The larger the value of K is, the 
greater the number of granules. However, if the value of K 
is too large, each granule’s size could become very small. 
Under these circumstances, the operation of information 
granulation would reduce the time consumed by the pro-
posed algorithms by an insignificantly small amount. There-
fore, the value of K should be set to be less than the num-
ber of instances (N). In the experiment, the value of K was 
specified to be {10, 15, 20, 25, 30} . Based on these five dif-
ferent K values, each dataset was granulated five times, and 
IG-FReliefF obtained five feature selection results. Among 
the classification accuracy derived from the five results, the 
highest was considered representative of the performance 
of IG-FReliefF.

Another parameter of the proposed algorithm is the 
threshold ( � ), which determines the number of selected 
granules and these granules’ size. If the value of θ is too 
large, the number of selected granules will be very small, 
with the result that the selected particles lack representa-
tion. Conversely, the selected granules’ size is very small 

Table 3  Classification accuracies of the eight UCI datasets with C4.5 
classifiers

The highest accuracy in each row ishighlighted in bold, and the sec-
ond highest appears in italics

Dataset Baseline ReliefF-RS FSSMC IG-FReliefF

User 0.9405 0.9430 0.9405 0.9405
Breast 0.9353 0.9282 0.9356 0.9370
Banknote 0.9665 0.9672 0.9665 0.9679
Wine 0.4918 0.5233 0.5253 0.5253
Waveform 0.7520 0.7546 0.7538 0.7552
Page 0.9276 0.9353 0.9325 0.9344
Electrical 0.9999 0.9999 0.9999 0.9999
Magic 0.8002 0.8126 0.8126 0.8126

Table 4  Classification accuracies of eight UCI datasets with KNN 
classifiers

The highest accuracy in each row is highlighted in bold, and the sec-
ond highest appears in italics

Dataset Baseline ReliefF-RS FSSMC IG-FReliefF

User 0.8759 0.9129 0.9111 0.9250
Breast 0.9713 0.9727 0.9715 0.9737
Banknote 1.0000 1.0000 1.0000 1.0000
Wine 0.4500 0.5287 0.5385 0.5350
Waveform 0.8237 0.8263 0.8307 0.8293
Page 0.9527 0.9586 0.9589 0.9591
Electrical 0.7893 0.9124 0.8830 0.9463
Magic 0.7907 0.8125 0.8160 0.8134

(a) User(C4.5) (b) Breast(C4.5) (c) Banknote(C4.5) (d) Wine(C4.5)

(e) Waveform(C4.5) (f) Page(C4.5) (g) Electrical(C4.5) (h) Magic(C4.5)

Fig. 5  Comparison of the average of 10 test results for each dataset on the C4.5 classifier
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if the value of � is too small, which increases the computa-
tional time of the proposed algorithm. In our experiments, 
the threshold � was set to 1/4 of the number of granules. 
The number of sampled instances (m) is used in ReliefF-RS, 
FSSMC and IG-FReliefF. The m affects the efficiency of 
these algorithms, and the value of m is related to the size of 
the training set and is usually set to 5% or 10%.

4.2  Experimental results and analysis

For each dataset in Table 2, we generate 10 training sets 
and 10 corresponding test sets by the ten-fold verifica-
tion method, and 10 nested feature subsets on each of the 
10 training sets by ReliefF, ReliefF-RS, FSSMC, and IG-
FReliefF, where we designate ReliefF as the baseline. The 

performance of IG-FReliefF was verified by using the clas-
sifiers C4.5 and KNN. The average classification accuracy 
on the test sets with the obtained nested feature subsets is 
provided in Tables 3 and 4.

In Tables 3 and 4, the highest accuracy in each row is 
highlighted in bold, and the second highest appears in ital-
ics. The results in Table 3 indicate that the classification 
accuracies corresponding to IG-FReliefF are the highest on 
six of the datasets, and those on the other two datasets are 
the second highest. The results in Table 4 show that the 
classification accuracies corresponding to IG-FReliefF are 
the highest on five of the datasets, and those on the other 
three datasets are the second highest. Thus, the performance 
of IG-FReliefF is comparable to that of ReliefF-RS and 
FSSMC in most cases.

(a) User(KNN) (b) Breast(KNN) (c) Banknote(KNN) (d) Wine(KNN)

(e) Waveform(KNN) (f) Page(KNN) (g) Electrical(KNN) (h) Magic(KNN)

Fig. 6  Comparison of the average of 10 test results of each dataset on the KNN classifier

Table 5  Comparison of the average of 10 runs of ReliefF-RS, FSSMC, and IG-FReliefF

Among ReliefF-RS, FSSMC and IG-FReliefF algorithms, the data with the least running time is indicated in bold

Dataset ReliefF-RS time(s) FSSMC time(s) IG-FReliefF Average 
multiple of 
accelerateTotal time(s) Granulate and 

evaluate time(s)
Filter time(s) ReliefF time(s)

User 1.72 2.00 1.07 0.55 <0.01 0.52 ≈1
Breast 1.38 1.84 0.54 0.35 <0.01 0.20 ≈2
Banknote 16.23 21.84 5.40 1.06 <0.01 4.33 ≈3
Wine 47.00 53.37 15.50 3.67 0.02 11.81 ≈2
Waveform 51.10 60.92 23.05 11.12 <0.01 11.92 ≈2
Page 58.23 80.67 26.30 2.18 <0.01 23.81 ≈2
Electrical 792.87 981.27 63.81 24.64 0.01 39.16 ≈14
Magic 2084.18 2860.40 133.71 18.20 0.05 115.46 ≈21
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ReliefF-RS and FSSMC from the perspective of the 
nested feature subsets obtained by these feature selection 
algorithms. The classification accuracy of C4.5 and KNN is 
compared in Figs. 5 and 6, respectively. The horizontal axis 
in these two tables represents the number of features in the 
nested feature subsets, and the vertical axis represents the 
average classification accuracy corresponding to a certain 
size of the nested feature subsets. The results in Figs. 5 and 
6 show that the classification accuracies corresponding to 
the proposed algorithm, IG-FReliefF, are similar to those 
corresponding to the compared algorithms, Relief-RS and 
FSSMC. Therefore, the results indicate that the proposed 
algorithm’s performance is almost equal to that of the com-
pacted algorithms.

The sequential processing efficiency of the proposed 
algorithm in terms of the computational time it requires 
was compared with Relief-RS and FSSMC. Table 5 com-
pares the computational time of the three algorithms and 
lists the average of 10 computations. The computational 
time required for each stage of the IG-FReliefF algorithm 
is listed to show details of its efficiency. In terms of the 
experimental parameters, three key points should be noted. 
First, the time consumed by the process of multiple granula-
tion and evaluation is presented in the column “Granulate 
and Evaluate”. Second, the ratio of selected granules to all 
granules ( � ) is set to 1/4, so the size of the actual training 
set is about 1/4 of the original training set. The total running 
time of the IG-FReliefF algorithm is 1 ∼ 21 times shorter 
than that of the other two algorithms. Third, the number 
of sampled instances (m) affects the running time of the 
ReliefF-RS algorithm; thus, the same m was adopted in all 
three algorithms.

Based on the experimental analysis, we can conclude that 
the computational efficiency of the IG-FReliefF algorithm is 
superior, whereas the classification performance is similar 
to that of the comparative algorithms, especially for large 
datasets.

5  Conclusion

In this paper, we propose the information granulation-based 
fast ReliefF algorithm to enhance the efficiency of the algo-
rithms ReliefF-RS and FSSMC. The proposed algorithm 
first uses K-means to granulate the datasets to obtain a 
certain number of instance granules. The granules’ qual-
ity is calculated to select the granules that satisfy certain 
pre-defined conditions, and a new dataset is constructed by 
collecting the selected granules to calculate the weight of 
features on the constructed dataset. Overall, the proposed 
algorithm evaluates features by sampling instances close to 
the classification boundary in training set, thus overcom-
ing the drawback of weighting features with all instances in 

training set in ReliefF-RS and FSSMC. The experimental 
results demonstrated that the proposed algorithm is signifi-
cantly more efficient than ReliefF-RS and FSSMC, and per-
forms almost as well as ReliefF-RS and FSSMC with respect 
to classification accuracy.

Since the information granulation-based sampling method 
proposed in this paper is a general one, its ideas are expected 
to be used for more data types, such as applying the algo-
rithm to mixed data, unbalanced data, or high-dimensional 
data, which can be interesting future work.
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