
Feature Selection from the Perspective of Knowledge Granulation in
Dynamic Set-valued Information Systems

Set-valued information systems are the generalized models of single-valued information systems.

A feature set in such systems may vary dynamically over time when new information arrives, and

the feature subset selected by feature selection algorithms needs updating for knowledge discovery

or other related tasks under a dynamic environment. Knowledge granulation as a feature measure

is an effective way to evaluate the discernibility power of the features. But less effort has been

made to investigate the feature selection issue from the perspective of knowledge granulation in

dynamic conjunctive set-valued information systems. In this paper, we firstly apply the knowl-

edge granulation for measuring features in the conjunctive set-valued information system. With

the variation of a feature set in the system, an incremental approach for updating the knowledge

granulation is discussed. Correspondingly, an incremental feature selection algorithm is developed

when a feature set adds into and deletes from the system simultaneously. The experimental results

on different UCI data sets show that the feasibility and effectiveness of the proposed algorithm in

comparison with existing feature selection algorithms.

Keywords: Feature selection; Knowledge granulation; Dynamic set-valued information system;
Rough sets

1. Introduction

Data mining and knowledge discovery from large-scale data sets is a challenging problem. In

recent years, we encounter data sets in which both the number of objects and the number of fea-

tures gets larger. Tens of thousands features are stored in many real-world data sets such as medical

image and text retrieval data sets. A number of irrelevant and redundant features may degrade the
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performance of learning algorithms in the knowledge discovery tasks [3, 11, 13]. In other words,

storing and processing all features (both relevant and irrelevant) could be computationally expen-

sive and impractical. To overcome this obstacle, some irrelevant and redundant features can be

removed, which may result in the classification performance improvement. Therefore, the omis-

sion of some features could not only be tolerable but even desirable relatively to the computational

costs [17, 23]. This task is often called feature selection.

Rough set theory, originally proposed by Pawlak, has become a popular mathematical frame-

work for pattern recognition, feature selection, conflict analysis, decision support, data mining and

knowledge discovery[8]. The main advantage of rough set theory is that it preserves the intrinsic

meaning of the data after feature selection. The data acquired for rough set analysis is represented

as data tables, called information systems. The information systems consist of objects of interest,

characterized by a finite set of features. Although an object can take exactly one value from its

value domain (single-valued), the available information may be insufficient for us to determine

which value is the actual one. Instead, a set of values is used for the unknown value. In many prac-

tical applications, it may happen that some feature values of an object are set-valued, which are

always used to characterize uncertain information and missing information in information systems.

Set-valued information systems are the important type of data tables. They are the generalized

models of single-valued information systems [4, 5, 7]. Dai et al. [5] presented the entropy mea-

sures and granularity measures to evaluate the certainty and uncertainty degree of knowledge in

the set-valued information system. Guan et al. [4] employed the Boolean reasoning techniques to

derive optimal decision rules from the set-valued information system. Later, Qian et al. [7] used the

discernibility matrix approaches to extract decision rules from the set-valued ordered information

system. Most of these studies focus on static set-valued information systems.

However, due to the dynamic characteristics of data, a feature set in a practical set-valued

information system may vary over time. The variation of the feature set in a set-valued informa-

tion system includes two situations, adding features and deleting features. On the one hand, some

features may be added into the original set-valued information system due to the arrival of new

information. On the other hand, some features will be deleted from the original set-valued infor-

mation system due to the outdated information. If the feature set varies dynamically in the system,

the general (non-incremental) method of feature selection is to retrain the dynamic system as a new

one. When the feature set varies dynamically 100 times within a certain period, the general feature

selection algorithm has to execute 100 times. If the number of the dynamic feature set is very large,

the general algorithm may be time consuming since it has to be executed repeatedly to deal with the

dynamic feature set. Therefore, efficient feature selection algorithms need to be developed when
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the feature set varies dynamically in the set-valued information system.

Incremental updating, as an effective technique, enables acquiring a new selection result from

new data by utilizing the previous results and avoids unnecessary computations. It has success-

fully been used to data analysis in the real-time applications [19-21]. Some studies have been done

towards incremental updating for feature selection based on rough set theory. Liang et al. [19] pro-

posed a group incremental feature selection algorithm based on information entropy when a group

of objects are added to a complete decision system. The mentioned above mainly focus on single-

valued information systems, but not take the set-valued information system into consideration. Luo

et al. [20] presented incremental approaches for updating approximations in the set-valued ordered

information system with the variation of object set. In addition, Liu et al. [21] presented incremen-

tal approaches for updating approximations under the probabilistic rough sets model when adding

and deleting features in the information system. Although the mentioned algorithms above im-

prove the performance of extracting useful information, they do not perform the feature selection

work for dynamic set-valued information systems. Therefore, we aim to address the incremental

feature selection problem in the set-valued information system with the variation of feature set. In

the paper, we mainly focus on the dynamic conjunctive set-valued information system.

Recently, much attention has been paid to “information granulation” [2, 12]. It makes use of

granules in the process of problem solving, which plays a fundamental role in human reasoning

[22]. In the granular computing, how to measure the knowledge granulation is one of the foun-

dational issues. To measure the uncertainty of information in an incomplete information system,

Liang et al. [10] proposed the information granularity to measure the significance of candidate

features for feature selection. To measure the discernibility ability of different knowledge in the

ordered information system, Xu et al. [6] investigated the relationships of knowledge granula-

tion, knowledge entropy and knowledge uncertainty measure, and introduced the rough entropy

as an application of knowledge granulation. To develop the methods of knowledge reduction in a

consistent formal decision context, Wu et al. [14] introduced the information granules and their

properties. However, the granulation measures mentioned above mainly focus on single-valued in-

formation systems. To evaluate the certainty and uncertainty degree of knowledge in the set-valued

information system, Dai and Tian [5] studied the relationships of knowledge information entropy,

knowledge granulation and knowledge rough entropy. However, they do not discuss the feature se-

lection task. To disclose the granulation degree of knowledge in the set-valued information system,

we will use the knowledge granulation to characterize the essence of uncertainty and granularity.

In our feature selection task, the knowledge granulation can measure the discernibility power of

different features.
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The main contributions of this paper include: (1) Incremental computations of knowledge gran-

ulation are presented, rather than re-implementing the conjunctive set-valued information system

from scratch; (2) An incremental feature selection algorithm is developed in the conjunctive set-

valued information system with the variation of feature set, rather than performing the feature

subset selection repeatedly like the general (non-incremental) algorithm; (3) The performance eval-

uations of the proposed algorithm in terms of feature subset size, computational time and classifi-

cation accuracy are demonstrated on different data sets.

The remainder of this paper is organized as follows. In Section 2, some basic concepts of the

set-valued information system are introduced. In Section 3, incremental approaches of updating

knowledge granulation are presented. Correspondingly, an incremental feature selection algorithm

based on knowledge granulation is developed. Performance evaluations are given in Section 4. The

paper ends with conclusions in Section 5.

2. Preliminaries

In this section, we review some basic concepts of set-valued information systems, which can be

found in [4, 5, 7]. Pertinent concepts are also introduced, such as tolerance relation and knowledge

granulation.

Let U be a non-empty finite set of objects, called the universe, and A be a non-empty finite set

of features. For ∀a ∈ A, a set of its values Va is associated, V is the union of feature domains, i.e.

V = ∪a∈AVa, f : U ×A→V is a function which assigns particular values from domains of feature

to objects such as ∀a ∈ A, x ∈U , f (x,a) is the value of feature a for object x. If each attribute has

a unique feature value, then (U,A,V, f ) is called a single-valued information system; if a system is

not a single-valued information system, it is called a set-valued (multi-valued) information system.

Yao et al. first explicitly proposed the notion of set-valued information system [1].

Definition 1. A set-valued information system is defined as a quadruple IS = (U,A,V, f ), where U

is a non-empty finite set of objects, A is a non-empty finite set of features, V is the union of feature

domains, i.e. V = ∪a∈AVa and Va is the set of all possible values for feature a ∈ A, f : U×A→V is

a mapping function which assigns particular values from feature domains to objects such as ∀a∈ A,

x ∈U , f (x,a) ∈ 2Va , f (x,a) is the value of feature a for object x and f (x,a) 6=∅.
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Generally speaking, the set-valued information systems can be classified into two types as

follows. Type I: for x ∈ U and a ∈ A, f (x,a) is interpreted conjunctively. For example, if a is

the feature “speaking a language”, then f (x,a)={English, Chinese, German} can be interpreted

as: x speaks English, Chinese and German. Type II: for x ∈U and a ∈ A, f (x,a) is interpreted

disjunctively. For example, if a is the feature “speaking a language”, then f (x,a)={English, France,

German} can be interpreted as: x speaks English, Chinese or German, and x can speak only one

of them. For such type, the set-valued information systems can be used to handle incomplete

information systems, in which all missing values can be represented by the set of all possible values

of each feature [9, 10, 15, 16, 18]. Incomplete information systems can be viewed as disjunctively

interpreted set-valued information systems. In this study, we mainly focus on conjunctive set-

valued information systems of Type I. Table 1 shows a set-valued information system, where

U = {x1,x2,x3,x4,x5,x6}, A = {a1,a2,a3,a4}, and V = {0,1,2}.

Table 1: A set-valued information system

U a1 a2 a3 a4

x1 {1} {0} {1,2} {1,2}
x2 {0,1,2} {0,1,2} {1,2} {0,1,2}
x3 {1,2} {1} {1,2} {1,2}
x4 {0,1} {0,2} {1,2} {1}
x5 {1,2} {1,2} {1,2} {1}
x6 {1} {1} {0,1} {0,1}

In what follows, we give the definitions of tolerance relation and knowledge granulation in the

set-valued information system.

Definition 2. Given a set-valued information system IS = (U,A,V, f ), for B⊆ A, a tolerance rela-

tion in terms of B is defined by

TB = {(x,y)|∀b ∈ B, f (x,b)∩ f (y,b) 6=∅}= ∩
b∈B

Tb, where Tb = {(x,y)| f (x,b)∩ f (y,b) 6=∅}.

If (x,y) ∈ TB, we call x and y are indiscernible or x tolerant with y under B. Let STB(x) = {y ∈
U |(x,y) ∈ TB}, we call STB(x) the indiscernible class for object x ∈U with respect to B under TB.

Example 1. For the set-valued information system shown in Table 1, let B = A, the indiscernible

classes of objects in U can be computed by Definition 2. Therefore, STB(x1)= {x1,x2,x4}, STB(x2)=

{x1,x2,x3,x4,x5,x6}, STB(x3)= STB(x6)= {x2,x3,x5,x6}, STB(x4)= {x1,x2,x4,x5}, STB(x5)= {x2,x3,

x4,x5,x6}.
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The knowledge granulation can be used to evaluate the uncertainty degree of knowledge in
the set-valued information system [5, 10]. The definition of the knowledge granulation is given as
follows.

Definition 3. Given a set-valued information system IS = (U,A,V, f ), for B ⊆ A, the granulation

of knowledge B is defined by

GK(B) = 1
|U |2

|U |
∑

i=1
|STB(xi)|= 1

|U |

|U |
∑

i=1
(
|STB (xi)|
|U | ), where |STB (xi)|

|U | represents the probability of STB(xi).

By this definition, we can characterize the discernibility ability of the subset of features in the
set-valued information system. The smaller the knowledge granulation, the stronger its discerni-
bility ability. Thus in our feature selection task, we use this definition to evaluate the significance
of candidate features.

Definition 4. Given a set-valued information system IS = (U,A,V, f ), for B ⊆ A, ∀a ∈ B, the

feature a is a core (indispensable) feature if it satisfies the condition GK(B−{a})−GK(B)> 0.

By this definition, the core features of a given set-valued information system can be easily

obtained. Thus to accelerate the feature selection process in the proposed work, we firstly obtain

the core features before finding a feature subset of the set-valued information system.

Definition 5. Given a set-valued information system IS = (U,A,V, f ), for B ⊆ A, B is a selected

feature subset of the system if it satisfies two conditions

(1) GK(B) = GK(A); (2) ∀a ∈ B, GK(B−{a}) 6= GK(B).

The first condition guarantees that the selected feature subset has the same information power as

the whole feature set; the second condition guarantees that all features in the subset are necessary,

i.e., the selection result has no redundant features.

3. Feature selection algorithm based on knowledge granulation in dynamic set-valued infor-
mation systems

With the variations of a feature set in the set-valued information system, the knowledge gran-

ulation in such system may be changed, such that the selected feature subset also will be changed.
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To find a new feature subset from the set-valued information system with the variation of feature

set, in this section, we will design the general (non-incremental) and incremental algorithms for

feature selection corresponding to Sections 3.1 and 3.2, respectively.

3.1. The general (non-incremental) algorithm for feature selection based on knowledge granula-
tion

In the following, we propose the general (non-incremental) algorithm shown in Algorithm

FSKG for feature selection, in which the dynamic set-valued information system is computed as

a new one. The main characteristic of this algorithm is to select a subset of features from scratch

with the variation of feature set. The detailed description of Algorithm FSKG is shown as follows.

Algorithm 1 The general (non-incremental) feature selection algorithm based on knowledge gran-
ulation (FSKG)
Input: A set-valued information system IS = (U,A,V, f ), the adding feature set Aad , the deleting
feature set Ade, where Aad ∩A =∅ and Ade ⊆ A;
Output: A new feature subset Red.
Begin

1. Let Red =∅, and A′ = A∪Aad−Ade;
2. For each feature ai ∈ A′ do // Computing the core features
3. compute GK(A′−{ai})−GK(A′);
4. if GK(A′−{ai})−GK(A′)> 0, then Red = Red∪{ai};
5. End for
6. While GK(Red) 6= GK(A′) do
7. compute a′j = argmax{GK(Red)−GK(Red∪{ak})}, ak ∈ A′−Red;
8. select Red = Red∪{a′j}, and compute GK(Red);
9. End while

10. For each feature p ∈ Red do
11. compute GK(Red−{p})−GK(Red);
12. if GK(Red−{p})−GK(Red) = 0, then Red = Red−{p};
13. End for
14. Return Red.

End

By Algorithm FSKG, a new subset of features can be selected from the set-valued information

system with the variation of feature set. Since the time complexity of computing the tolerance
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classes is O(|U ||A′|2), the time complexity of computing the knowledge granulation in the set-

valued information system is also O(|U ||A′|2), where |A′| is the number of the new feature set.

For Algorithm FSKG, Steps 2-5 are to compute the core features, the time complexity is

O(|U ||A′|2.|A′|); Steps 6-9 are to select the current best feature from remaining features to Red, un-

til the subset of features has the same knowledge granulation as the whole feature set, whose time

complexity is O(|U ||A′|2.|A′|+ |U ||A′−1|2.|A′−1|+ · · ·+ |U |) = O(|U ||A′|4). Steps 10-13 are to

delete some redundant feature from the selection result, whose time complexity is O(|U ||Red|2),
where |Red|< |A′|. Therefore, the time complexity of Algorithm FSKG is O(|U ||A′|4).

3.2. The incremental algorithm for feature selection based on knowledge granulation

To improve the efficiency of selecting a feature subset from the dynamic set-valued information

system, rather than performing the feature selection repeatedly like the non-incremental approach

for every variation of the feature set, we employ the incremental method to design an efficient

algorithm in this subsection. At first, we present the incremental computations of knowledge gran-

ulation when a feature set is added into and deleted from the system respectively, which are the key

work in the feature selection process. Then, we develop an incremental feature selection algorithm

with forward greedy search.

Lemma 1. Let IS = (U,A,V, f ) be a set-valued information system, for ∀P,Q⊆ A, if P⊆ Q, then

we have GK(Q)≤ GK(P).

Proof. For ∀xi ∈U , it follows from Definition 3 that we have GK(P)= 1
U

|U |
∑

i=1
(
|STP (xi)|
|U | ) and GK(Q)=

1
U

|U |
∑

i=1
(
|STQ (xi)|
|U | ). According to Definition 2, we have STP(xi) = {y ∈U |(xi,y)∈ TP}, and STQ(xi) =

{y ∈U |(xi,y) ∈ TQ}. Since P ⊆ Q, it follows that {y ∈U |(xi,y) ∈ TQ} ⊆ {y|(xi,y) ∈ TP, y ∈U}.

Obviously, we have STQ(xi)⊆ STP(xi), i.e., |STQ(xi)| ≤ |STP(xi)|, thus it holds that GK(Q)≤GK(P).

This lemma shows that the knowledge granulation increases when the knowledge becomes

coarser, and it decreases when the knowledge becomes finer. In what follows, we will use the above

lemma to proof the theorems on the incremental computations of new knowledge granulation when

a feature set is added into and deleted from the set-valued information system, respectively.
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Theorem 1. Let IS = (U,A,V, f ) be a set-valued information system, for ∀x ∈U, and P⊂ Q⊆ A,

suppose the original knowledge granulation is GK(Q), then the new knowledge granulation by

deleting P from Q is GK(Q−P) = GK(Q) + 1
|U |2 ∑ |y|, where ∃y ∈ U − STQ(x) and y ∈ STp(x),

∀p ∈ Q−P.

Proof. From the definition of the knowledge granulation, we firstly prove that for ∀x ∈U , it holds

that STQ−P(x) = STQ(x)∪{y ∈U − STQ(x)|y ∈ STp(x)},∀p ∈ Q−P. According to the definition of

the indiscernible class, and because Q−P ⊆ Q, we have STQ−P(x) = {y ∈U |∀p ∈ Q−P, f (x, p)∩
f (y, p) 6= ∅} = {y ∈ U |∀q ∈ Q, f (x,q)∩ f (y,q) 6= ∅} ∪ {y ∈ U − STQ(x)|∀p ∈ Q− P, f (x, p)∩
f (y, p) 6= ∅}. Obviously, we have STQ−P(x) = STQ(x) ∪{y ∈U − STQ(x)|y ∈ STp(x),∀p ∈ Q− P}.
According to Definition 3 and Lemma 1, we have GK(Q−P) = GK(Q)+ 1

|U |2 ∑ |y|, where ∃y ∈
U−STQ(x) and y ∈ STp(x), ∀p ∈ Q−P. This completes the proof.

Theorem 2. Let IS = (U,A,V, f ) be a set-valued information system, for ∀x ∈ U, and P,Q ⊆
A, P∩Q = ∅, suppose the original knowledge granulation is GK(Q), then the new knowledge

granulation by adding P to Q is GK(Q∪P) =GK(Q)− 1
|U |2 ∑ |y|, where ∃y∈ STQ(x) and y /∈ STp(x),

∀p ∈ P.

Proof. From the definition of knowledge granulation, we firstly prove that ∀x ∈ U , it holds that

STQ∪P(x)= STQ(x)−{y∈ STQ(x)|y /∈ STp(x),∀p∈P}. According to the definition of the indiscernible

class, and because P,Q ⊆ P∪Q, we have STQ∪P(x) = {y ∈U |∀p ∈ Q∪P, f (x, p)∩ f (y, p) 6= ∅}=
{y ∈U |∀q ∈Q, f (x,q)∩ f (y,q) 6=∅}−{y ∈ STQ(x)|∀p ∈ P, f (x, p)∩ f (y, p) =∅}. Obviously, we

have STQ∪P(x) = STQ(x)−{y ∈ STQ(x)|y /∈ STp(x), ∀p ∈ P}. According to Definition 3 and Lemma

1, we have GK(Q∪P) = GK(Q)− 1
|U |2 ∑ |y|, where ∃y ∈ STQ(x) and y /∈ STp(x), ∀p ∈ P. This

completes the proof.

From Theorems 1 and 2, we know that the incremental computations of the knowledge granu-

lation make use of the previous computational results to obtain the new results.

Based on the incremental computations of the knowledge granulation discussed above, we will

develop an incremental algorithm with forward greedy search for feature selection in the set-valued

information system with the variation of the feature set. The detailed description of Algorithm

FSKG is shown as follows.
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Algorithm 2 Feature selection algorithm based on knowledge granulation in the dynamic set-
valued information system (FSKG)
Input: A set-valued information system IS = (U,A,V, f ), the original feature subset Red, the
adding feature set Aad , and the deleting feature set Ade, where Aad ∩A =∅, Ade ⊆ A;
Output: A new feature subset Red′.
Begin

1. Initialize B← Red;
2. If a feature set Ade is deleted from the system IS;
3. if Ade∩B =∅, then turn to Step 7;
4. else let B← B−Ade, and A′← A−Ade;
5. compute the new knowledge granulation GK(A′) by Theorem 1;
6. End if
7. If a feature set Aad is added into the system IS;
8. for each feature a ∈ Aad do // Computing the core features
9. compute GK(Aad−{a})−GK(Aad);

10. if GK(Aad−{a})−GK(Aad)> 0, then B = B∪{a};
11. end for
12. let A′← A′∪Aad , and compute the new knowledge granulation GK(A′) by Theorem 2;
13. End if
14. If GK(B) = GK(A′), then turn to Step 20; else turn to Step 15;
15. For ∀b ∈ A′−B, construct a descending sequence by GK(B)−GK(B∪{b}), and record the

results by {b′1,b′2, . . . ,b′|A′−B|};
16. While GK(B) 6= GK(A′) do
17. for i = 1 to |A′−B| do
18. select B← B∪{b′i}, and compute GK(B);
19. End while
20. For each p ∈ B do
21. compute GK(B−{p})−GK(B);
22. if GK(B−{p})−GK(B) = 0, then B = B−{p};
23. End for
24. Red′← B, return Red′.

End

Algorithm FSKG is an incremental feature selection algorithm for selecting a new feature sub-

set in the set-valued information system with the variation of a feature set. Steps 2-6 are to con-

sider the case that a feature set is deleted from the set-valued information system. They firstly
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judge whether the deleting feature set intersects the original feature subset, and then compute the

new knowledge granulation by Theorem 1. Steps 7-13 are to consider the case that a feature set

is added into the set-valued information system. They firstly select the indispensable features, and

then compute the new knowledge granulation by Theorem 2. Steps 15-19 are to construct a de-

scending sequence for remaining features, and then add the current best feature to the previously

selected feature subset, until the subset of features has the same knowledge granulation as the

whole feature set. Steps 20-23 are to delete some redundant features from the selection result by a

redundancy-removing step.

Computational complexity analysis of Algorithm FSKG. The incremental computations of

the knowledge granulation given by Theorems 1-2 are the key step in the feature selection algo-

rithm. When the feature set Ade is deleted from the set-valued information system, the time com-

plexity of computing the knowledge granulation by Theorem 1 is O(|U ||A−Ade|). For Algorithm

FSKG, the time complexity of Steps 2-6 is O(|U ||A−Ade|). When the feature set Aad is added into

the set-valued information system, the time complexity of computing the knowledge granulation by

Theorem 2 is O(|U ||Aad |). The time complexity of Steps 8-11 is O(|U ||Aad |.|Aad |), the time com-

plexity of Step 12 is O(|U ||Aad |), and the time complexity of Steps 15-19 is O(|U ||A′−B|.|A′−B|),
where A′ = A−Ade∪Aad is the new feature set. In addition, the time complexity of Steps 20-23 is

O(|U ||B|.|B|), where |B|< |A′|. Therefore, the time complexity of Algorithm FSKG is O(|U ||A′|2)
at the worst. By the incremental strategies for computing the knowledge granulation and selecting

candidate features, the feature selection task in Algorithm FSKG does not need to perform repeat-

edly like the general (non-incremental) algorithm FSKG. Therefore, the computational complexity

of FSKG is greatly reduced.

4. Experimental analysis

To test the efficiency and effectiveness of the proposed algorithm, we conduct the experiments

on a PC with Windows 7, Intel (R) Core(TM) Duo CPU 2.93 GHz and 4GB memory. In the

experiments, Algorithms are coded in C++, the software being used is Microsoft Visual 2008.

Since the incomplete information system is regarded as a special case of the set-valued information

system, four real data sets are downloaded from UCI Repository of machine learning databases in

[24], which are all incomplete data with missing values. For the numerical features, we use the

data tool Rosetta (http://www.lcb.uu.se/tools/rosetta/index.php) to discretize them. In addition, the

set-valued data generator is developed. We generate two different set-valued data sets. For the two
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synthetic data sets, the values of their features are generated randomly from 0 to 9. The two data

sets have three and five classes, respectively. The characteristics of six data sets are described in

Table 2.

Table 2. A description of six data sets
Data sets Objects Features Classes
Hepatitis 155 19 2

Dermatology 366 34 6
Breast Cancer Wisconsin 699 10 2

Mushroom 8124 22 2
Set-valued Data Set 1 5000 50 3
Set-valued Data Set 2 5000 500 5

4.1. Feature subset size

In what follows, the experiments are conducted on the data sets shown in Table 2. For each data

set, 80% features are taken as the original feature set, and the remaining 20% features are taken as

the adding feature set. In addition, we randomly delete 10% features from the original feature set

simultaneously.

In the experiments, three other algorithms are used to compare with the proposed feature se-

lection algorithm FSKG. FSDF stands for feature selection algorithm based on the discernibility

function [4], FSIE stands for feature selection algorithm based on the information entropy [5],

FSKG described in Section 3.1 stands for the non-incremental feature selection algorithm based

on the knowledge granulation. The main difference between FSKG and FSKG is the computations

of the knowledge granulation. The incremental computations of the knowledge granulation shown

by Theorems 1 and 2 are given in FSKG, whereas the non-incremental computations of the knowl-

edge granulation are provided in FSKG. Table 3 shows the size of feature subsets selected by four

different algorithms on the data sets.

Table 3. Comparison of feature subset size
Data sets Features FSKG FSDF FSIE FSKG
Hepatitis 19 5 6 5 5

Dermatology 54 11 12 14 11
Breast Cancer Wisconsin 10 4 4 4 4

Mushroom 22 5 5 6 5
Set-valued Data Set 1 50 13 16 14 13
Set-valued Data Set 2 500 17 19 17 17

As shown in Table 3, we can observe that Algorithm FSKG selects smaller or equally sized
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feature subsets comparing with FSDF and FSIE in most data sets. For example, as the data set

Dermatology, FSKG selects 11 features, FSDF gets 12 features, and FSIE obtains 14 features.

From other data sets, it can also be verified. The possible reasons can be explained as follows.

FSKG has a redundancy-removing step to delete some redundant features from the selected feature

subset, whereas the two algorithms FSDF and FSIE do not delete the redundant features from the

selection result. In addition, we can see from Table 3 that there is an equality in the feature subset

size between FSKG and FSKG in all data sets. The main reason is that both of them use the

knowledge granulation as evaluation criteria to select candidate features, and the computational

results of the knowledge granulation are the same. Therefore, the selected features by the two

feature selection algorithms are the same. The experimental results indicate that the proposed

feature selection algorithm can reduce the feature dimensions effectively.

4.2. Computational time

Table 4 records the computational time of different feature selection algorithms on the data

sets. The computational time is expressed as seconds.

Table 4. Comparison of computational time
Data sets FSKG FSDF FSIE FSKG
Hepatitis 2.45 8.10 4.92 5.51

Dermatology 6.37 30.53 17.84 21.06
Breast Cancer Wisconsin 5.09 27.42 14.50 19.31

Mushroom 33.76 110.28 90.15 76.47
Set-valued Data Set 1 41.21 245.79 189.36 138.02
Set-valued Data Set 2 67.50 460.65 315.49 207.83

From Table 4, we can see that the proposed algorithm FSKG is faster than other three algo-

rithms at most cases. Take the Set-valued Data Set 2 as an example, FSKG takes 67.50s to find a

feature subset, while FSDF, FSIE and FSKG take 460.65s, 315.49s, and 207.83s to select a subset

of features, respectively. For other data sets, it can also be observed the same phenomenon. This

fact can be caused due to the incremental strategy in FSKG. The incremental strategy includes two

aspects. One is the incremental computations of the knowledge granulation. The other is the incre-

mental selection from remaining features. However, Algorithms FSDF, FSIE and FSKG are influ-

enced by the variation of the feature set. Once the feature set varies dynamically, three algorithms

compute the new knowledge granulation and select the new feature subset from scratch, which are

often time-consuming. Also, we can see that FSDF has the longest computational time for feature
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selection among the algorithms. The main reason is that all matrix elements of the constructed

discernibility matrix need to be scanned to find a new feature subset. Apparently, the efficiency of

the proposed feature selection algorithm FSKG is improved in the set-valued information system

with the variation of the feature set.

To further display the efficiency of the proposed feature selection algorithm, for each data set,

80% features are selected as the original feature set, and 20% features are divided into four equal

parts of equal size. The first part is regarded as the first adding feature set, the combination of

the first adding object set and the second part is viewed as the second adding feature set,...., the

combination of all four parts is viewed as the fourth adding feature set. In addition, we randomly

delete 5% features from each part simultaneously. More detailed trendline of different algorithms

on each data set is shown in Fig.1. In the following figure, the horizontal axis pertains to different

proportions of dynamic feature set, the notation “ +” denotes the proportion of the adding feature

set, and the “ -” denotes the proportion of the deleting feature set. The vertical axis concerns the

computational time, the computational time is expressed in seconds.
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Fig.1. Computational time of different algorithms versus versus different proportions of dynamic
feature set

From Fig.1, it can be observed that the computational time of four feature selection algorithms

always moves upward along the sizes of dynamic feature set. That is to say, the larger size of

dynamic feature set is, the higher the computational time is. In addition, we can see that the

magnitude of the computational time of other three feature selection algorithms does not change

too much or even decreases. The possible reasons are explained as follows. One reason is that the

size of retraining the dynamic data sets is relatively stable for each variation, thus the computational

time for selecting a feature subset does not fluctuate distinctly. The other reason is that the number
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of feature subsets selected from the data sets is different, thus the computational time may decrease.

Take the Mushroom data set as an example, the computational time of FSIE decreases from the first

dynamic feature set to the second feature set. In addition, we can see that the computational time

of FSKG change not distinctly sometimes. The main reason is that the knowledge granulation

changes little when a feature set varies dynamically, such that the new feature subset is equal to the

original result, thus the computational time is saved. Take the Breast Cancer Wisconsin data set

as an example, the computational time changes not much from the second dynamic feature set to

the third feature set. Also, it can be seen that FSKG takes less time than other three algorithms to

select a feature subset. Take Set-valued Data Set 1 as an example, the computational time of FSKG

is about 39s when adding 10% features and deleting 5% features, while the computational time of

FSDF, FSIE and FSKG is about 240s, 131s, 172s under the same condition, respectively. From the

experimental results, we draw the conclusion that the proposed algorithm takes less computational

time than other three algorithms for feature selection, especially for high-dimensional data sets.

4.3. Classification accuracy

In what follows, we further employ two classifiers NaiveBayes and C4.5 to evaluate the classi-

fication performance of the feature subsets selected by different feature selection algorithms. For

the data sets shown in Table 2, each data set is divided into two parts: one for training and the other

for test. On the basis of the training data, we employ the feature selection algorithms to reduce the

data sets. By NaiveBayes and C4.5, the rules are extracted from the training set. Using the rules the

test set is classified and the classification results are obtained. The average classification accuracies

and standard deviation are acquired based on tenfold cross-validation. Note that Algorithms FSKG

and FSKG select the same feature subsets, FSKG has comparable classification power with FSKG.

Therefore, here we omit the comparison of classification accuracies between two algorithms.

The experimental comparison results among different feature selection algorithms are summa-

rized in Tables 4 and 5, where the average classification accuracies are expressed in percentage.

The last row “Average” records the average values induced by the algorithms on six data sets.
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Table 4. Comparison of classification accuracy for NaiveBayes Classifier
Data sets Original FSKG FSDF FSIE
Hepatitis 83.15±2.49 84.93±1.75 83.50±1.91 84.13±1.62

Dermatology 90.36±1.12 92.41±1.10 90.85±1.37 91.06±1.05
Breast Cancer Wisconsin 82.93±2.65 81.57±2.16 82.11±2.54 79.74±2.80

Mushroom 95.71±0.94 97.08±0.81 95.93±0.63 96.57±0.48
Set-valued Data Set 1 90.40±0.77 93.91±0.57 91.62±1.01 95.24±0.69
Set-valued Data Set 2 81.54±1.25 88.65±1.09 87.07±1.45 85.12±1.61

Average 87.35 89.76 88.51 88.64

Table 5. Comparison of classification accuracy for C4.5 Classifier
Data sets Original FSKG FSDF FSIE
Hepatitis 87.02±1.85 89.24±1.66 85.47±1.39 86.15±1.14

Dermatology 95.94±0.81 96.83±0.52 97.20±0.74 96.91±1.08
Breast Cancer Wisconsin 90.28±1.15 93.01±1.43 90.84±1.61 91.76±1.30

Mushroom 97.03±0.59 100.0±0.00 98.51±0.22 100.0±0.00
Set-valued Data Set 1 86.25±2.04 88.13±1.50 87.95±0.72 87.34±1.64
Set-valued Data Set 2 79.40±1.91 84.62±1.28 82.08±2.15 84.19±1.73

Average 89.32 91.97 90.28 91.06

The results shown in Tables 4 and 5 indicate that compared with the original data, three algo-

rithms have better classification accuracies by selecting a small portion of the original features. The

main reason is that some redundant and irrelevant features may deteriorate the classification per-

formance. As to the classifiers NaiveBayes and C4.5, we can see that after feature selection, FSKG

produces the comparable classification performance to FSDF and FSIE in most cases. Regarding

NaiveBayes, compared with FSDF and FSIE, FSKG shows a relative increase in the classification

performance at most data sets. As to C4.5, FSKG outperforms FSDF and FSIE on five and four of

six data sets, respectively. From the “Average” row of Tables 4 and 5, we can see that the accu-

racy values of FSKG are similar to those of other algorithms. The main reasons can be explained

as follows. FSKG selects a subset of features with strong classification power by the knowledge

granulation measure. It lies in the measure of knowledge granulation can reflect the discerniblity

ability to all objects in the whole set. For FSDF and FSIE, some redundant features in the selection

result may confuse the classification process, which lead to a deterioration on the classification per-

formance. Considering the experimental results, all discussed above verify the effectiveness of the

knowledge granulation in the feature selection process. We can draw the conclusion that compared

with other feature selection algorithms, the proposed algorithm can get reduced data sets without

losing classification performances in most cases.
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Based on the aforementioned experimental results, we can conclude that the proposed feature

selection algorithm based on the knowledge granulation is an acceptable choice to select satisfac-

tory feature subset from the set-valued information system with the variation of feature set.

5. Conclusions

In this paper, we proposed the approach of knowledge granulation for feature selection in the

set-valued information system with the variation of feature set. The proposed algorithm imple-

ments the feature selection task by an incremental manner rather than re-implementing the original

set-valued information system from scratch. The incremental manner includes two aspects. One is

the incremental computations of the knowledge granulation. The other is the incremental selection

of candidate features. To test the efficiency and effectiveness of our algorithm, the comparative

experiments on different data sets are conducted. Compared with existing feature selection algo-

rithms, the experimental results indicate that the proposed algorithm can be used as an effective

approach for feature selection in the dynamic environment. In future studies, we will extend the

proposed approach to other generalized information systems, such as set-valued ordered informa-

tion systems with the variation of object set, and interval-valued information systems with the

variation of feature values.
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