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Abstract 

The dynamic growth  in the size of numerous real data occurs in 

several domains such as population studies, economics and medical 

research. As an effective and efficient mechanism to deal those data, 

an incremental technique has been proposed in the literature and 

attracted great attention, which stimulates the result in this paper. We 

present the incremental mechanisms for three representative 

information entropies. A group incremental rough feature selection 

algorithm is also proposed based on information entropy. When 

multiple objects are added to a decision table, the proposed algorithm 

aims to find the new feature subset within a shorter time. The 

experiments have been carried out on 8 UCI data sets and the 

experimental results show that the algorithm is efficient than the 

existing algorithm. 

 

Index Terms - Heuristic algorithms, Entropy, Information entropy, 

Uncertainty, Approximation algorithms, Measurement uncertainty, 

rough set theory, Dynamic data sets, incremental algorithm, feature 

selection. 

 

1. INTRODUCTION 

 

It has been observed in many fields that data grows in 

size with time. Among several new analytical techniques, 

incremental approach is often utilized as an effective and efficient 

mechanism to discover knowledge from a gradually increasing 

data set [1],[2],[3],[15],[19]. In recent years, feature selection is 

utilized as a common technique for data processing in pattern 

recognition, machine learning, data mining, and so on, has 

attracted much attention [5],[7],[16],[24]. In this paper, we are 

concerned with incremental feature selection, which is an 

extremely important research topic in data mining and knowledge 

discovery. 

To deal with the dynamically increasing data set, there exists 

some research on finding reducts in an incremental manner based 

on rough set theory. Several incremental reduction algorithms 

have been proposed to deal with dynamic data sets [10],[25],[28]. 

These algorithms are applicable, duing the generation of new data 

one by one. When multiple objects are generated at a time in a 

database, these algorithms may be inefficient, since they have to 

be executed repeatedly to deal with the added group of objects. 

However, when massive new objects are generated at a time, this 

gives rise to much more wastage of computational time and 

space, when the existing reduction incremental algorithms are 

applied. With the development of data processing tools, the speed 

and volume of data generation increase dramatically. This further 

appeal for an efficient group incremental attribute reduction 

algorithm to acquire information timely. 

To fully explore the property of group increments of a data set 

in feature selection, this paper mainly develops an efficient group 

incremental reduction algorithm based on the three entropies. The 

key step in this paper is the computation of entropy. When a 

group of objects is added, instead of recomputation on a given 

data set, the incremental mechanisms derive new entropies by 

integrating the changes of conditional classes and decision classes 

into existing entropies. With these mechanisms, a group 

incremental reduction algorithm is proposed for dynamic decision 

tables. After a group of objects is added to a decision table, the 

proposed algorithm generates a reduct for this expanded decision 

table by fully exploiting the reduct of the original decision table. 

By doing so, when multiple objects are added to a given decision 

table, the new reduct can be obtained by the proposed algorithm 

in a much shorter time. This paper also introduces an incremental 

reduction algorithm for adding a single object to a decision table. 

Experiments have been carried out on eight data sets downloaded 

from UCI. The experimental results show that the proposed 

algorithm is effective and efficient. 

To select effective features from a dynamically increasing 

data set, an efficient group incremental feature selection 

algorithm is proposed in the framework of rough set theory. In 

the process of selecting useful features, this algorithm employs 

information entropy to determine feature significance, and 

significant features are selected as a final feature subset. 

Experiments show that, compared with both the classical 

heuristic feature selection algorithms based on information 

entropy and existing incremental feature selection algorithms, the 

proposed algorithm can find a feasible feature subset in a much 

shorter time. 

The remainder of this paper is organized as Section 2 

describes about the related work. Section 3 illustrates Rough 

Feature selection based on Information Entropy. Section 4 

explains the Incremental Feature Selection Algorithm for Adding 

Multiple Objects. Section 5 explains about the experimental 

analysis and Section 6 shows the experimental results. Section 7 

illustrates conclusion and Section 8 describes the future work. 

 

2. RELATED WORK 
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In this section, previous research on incremental 

knowledge updating is reviewed. Knowledge updating for 

dynamically increasing data sets has attracted much attention. 

Guo et al. [9] proposed incremental rules extraction algorithm 

based on the search tree, which is one kind of the first heuristic 

search algorithms. Furthermore, under variable precision rough-

set model (VPRS), Chen et al. [4] introduced a new incremental 

method for updating approximations of VPRS while objects in 

the information system dynamically alter. 

Feature selection is a common technique for data 

preprocessing. Liu [25] proposed an incremental reduction 

algorithm for the minimal reduct, which is applied to information 

systems without decision attribute. For decision tables, a 

reduction algorithm is presented to update reduct in [28], but it 

was very time consuming. To overcome the deficiencies of these 

two algorithms, Hu et al. [10] has presented an incremental 

reduction algorithm based on the positive region, and pointed out 

that this one was more efficient than those two algorithms. 

Moreover, an incremental reduction algorithm based on the 

discernibility matrix was proposed by Yang [51]. 

Rough set theory has been conceived as a powerful soft 

computing tool to analyze various types of data [29], [30], and 

also a specific framework of selecting useful features. Based on 

rough set theory, a kind of common approaches utilizes 

information entropy to measure the feature significance and 

selects significant features as a final feature subset [20], [21], 

[23]. Liang et al. [20] proposed complementary entropy and 

combination entropy respectively. These two entropies have been 

used to determine feature significance in a feature selection 

algorithm [20]. Information entropy is employed to determine 

feature significance in an accelerated feature selection algorithm. 

In [22], Liang et al. proposed an effective feature selection 

algorithm from a multi-granulation view. This algorithm is 

designed based on information entropy. 

 

3. ROUGH FEATURE SELECTION BASED ON 

INFORMATION ENTROPY 

 
This section reviews the heuristic attribute reduction 

algorithms based on information entropy for decision tables. The 

main idea of these algorithms is to keep the conditional entropy 

of target decision unchanged. This section reviews three 

representative entropies and introduces the classic attribute 

reduction algorithm based on information entropy. In [20], the 

complementary entropy was introduced to measure uncertainty in 

rough set theory. Liang and Shi [21] also proposed the 

conditional complementary entropy to measure uncertainty of a 

decision table. By preserving the conditional entropy unchanged, 

the conditional complementary entropy is applied to construct 

reduction algorithms and reduce the redundant features in a 

decision table [33]. Another information entropy called 

combination entropy is presented in [34] to measure the 

uncertainty of data tables. The conditional combination entropy 

was also introduced to construct the heuristic reduction 

algorithms [34]. This reduction algorithm can find a feature 

subset that possesses the same number of pairs of 

indistinguishable elements as that of the original decision table. 

Based on the classical rough set model, Shannon’s information 

entropy [37] and its conditional entropy were also introduced to 

find a reduct in a heuristic algorithm [38], [44]. In [44], the 

reduction algorithm keeps the conditional entropy of target 

decision unchanged.  Based on the core attributes, a heuristic 

attribute reduction algorithm can find an attribute reduct by 

gradually adding selected attributes to the core.  Because the 

heuristic searching strategies in the three algorithms are similar to 

each other, a common heuristic attribute reduction algorithm 

based on information entropy for decision tables is introduced as 

follows [20], [21], [33], [44]. 

 

Fig.1 shows the system architecture of the proposed 

methodology. 

4. INCREMENTAL FEATURE SELECTION 

ALGORITHM FOR ADDING MULTIPLE 

OBJECTS 

 
In practice, the rapid development of data processing 

tools has led to the high speed of dynamic data updating process. 

Many real data can be generated in groups, instead of one by one. 

If multiple objects are added to databases, the feature selection 

algorithm proposed in the previous section may be less efficient. 

In other words, the incremental algorithm for single object needs 

is to be performed repeatedly to deal with multiple objects. This 

obviously gives rise to the increase in the computational time. To 

overcome this deficiency, this section introduces a group 

incremental feature selection algorithm, which aims to deal with 

multiple objects at a time instead of repeatedly. 

This section introduces the group incremental feature selection 

algorithm based on information entropy. The incremental 
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mechanisms of entropies are used in the steps of the algorithm 

which need to compute entropy. 

The Algorithm introduces a group incremental algorithm 

for reduct computation based on information entropy. 

Algorithm. A group incremental algorithm for reduct 

computation (GIARC) 

Input:: A decision table S=(U, C D), reduct    on U and the 

new object set    

Output: Reduct    on U     

Step1: E    Compute U E = {  
 ,   

 ,….,   
 }, U C 

= {  
 ,   

 ,….,   
 },     E = {  

 ,   
 ,….,    

 }, 

and    C = {  
 ,   

 ,….,    
 }. 

Step2: Compute(U   )  N= 

{  
  ,   

  ,….,   
  ,     

 ,      
 ,….,   

 ,     
 ,

      
 ,….,    

 } and (U   ) C= 

{  
  ,   

  ,….,   
  ,     

 ,      
 ,….,   

 ,     
 ,

      
 ,….,    

 }. 

Step3:  If j=0 and j’=0, turn to Step 4; else turn Step5. 

Step4: Compute Y   
(   ) and Y   

(   )  

   If Y   
(   ) = Y   

(   ), turn to Step 7; 

  else turn to Step 5. 

Step5: while Y   
(   ) ≠ Y   

(   ) do 

  {For each a   C  N, compute         

     (a,N,D); 

  Select   = max{        

     (a,N,D), a   C  N}; 

  N   {  }. 

                   } 

Step6:      For each a   N do 

  {compute         

     (a,N,D); 

  If         

     (a,N,D) = 0, then N N   * +  

                   }     

 
Step7:          N, return        and end. 

In this algorithm N indicates a non-empty subset, D is decision 

attribute, C is condition attribute and U is the universe. 

 

5. EXPERIMENTAL ANALYSIS 

 
 This section illustrates about the effectiveness of GIARC, 

by comparing it with the classic heuristic attribute reduction 

algorithm based on information entropy (CAR) and efficiency 

of GIARC, by comparing the computational time of 

incremental algorithms for reduct computation IARC and 

GIARC.  

 

5.1 EFFECTIVENESS ANALYS 

 
 In this section, four evaluation measures are 

employed in the rough set theory to evaluate the decision 

performance of the reducts found by CAR and IARC, to test 

the effectiveness of GIARC. The evaluation measures are 

approximate classified precision, approximate classified 

quality, certainty measure and consistency measure. 

In [29] and [30], Pawlak defines the approximate classified 

precision (AP) and approximate classified quality (AQ) to 

describe the precision of the approximate classification in 

rough set theory, namely, the discernible ability of a feature 

subset. If a feature subset has the same AP and AQ with 

original attributes, this feature subset is considered as the same 

discernible ability with original attributes. 

The main objective of this section is to illustrate that GIARC 

can find a feasible feature subset in a much shorter time. By 

comparing with CAR, if discernible ability (evaluated by AP 

and AQ) and decision performance of the feature subset found 

by GIARC are very proximate or even identical to that of 

CAR, then this feature subset is considered to be feasible. 

 

5.2 EFFICIENCY ANALYSIS 

 
 In this section, we compare GIARC and IARC to 

illustrate the efficiency of the algorithm.The analysis indicate 

that GIARC is more efficient that IARC in the context of 

each entropy, when multiple objects are added to the 

basic data set. Furthermore with the increase in the 

number of added objects the efficiency of the GIARC is 

more obvious for most employed data sets. To improve 

the efficiency, Hu et al. [10] presented an incremental 

reduction algorithm based on the positive region and 

showed the experimental results that the algorithm was 

more efficient. When multiple objects are added to a 

data set, the proposed algorithm is more efficient than 

existing incremental feature selection algorithms. 

 

Table.1The complexities Description 

Reduct IARC GIARC 

  (            

        |  
 ||  

 |) 
 (            ) 

 

 

From the Table 1, we compare the time complexities of 

GIARC with that of IARC, respectively. If the size of the 

added object set is very small, i.e.,      is very small, the 

computational time of the IARC is almost identical with that 

of GIARC. With the increase in the     , especially      is 

close to that of     , the computational time is low. Hence, 

when massive new objects in the databases are generated at 

once, GIARC is usually more efficient that IARC. 

 

6. EXPERIMENTAL RESULTS 
 

The experimental results are shown in the Figs 

2,3,4,5,6,7,8,9. In these figures, the y-coordinate pertains to the 

computational time for updating reduct and X-coordinate pertains 

to the size of the incremental group.  IARC-L ,IARC-C, IARC-S 

and GIARC-L, GIARC-C, GIARC-S denotes the algorithm IARC 

and GIARC based on complementary entropy, combination 

entropy and Shannon’s entropy, respectively. 
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Fig.2 

 

Fig.3 

 

Fig.4 

 

Fig.5 

 

Fig.6 

 

Fig.7 
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Fig.8 

 

Fig.9 

7. CONCLUSION 
 
 In this,  many real data in databases are generated in 

groups, an effective and efficient group incremental feature 

selection algorithm has been proposed in the framework of rough 

set theory. The proposed algorithm can find a feasible feature 

subset of a dynamically-increasing data set in a much shorter 

time.  When multiple objects are added to a data set, the proposed 

algorithm is more efficient than existing incremental feature 

selection algorithms. With the increase in the number of added 

data, the efficiency of the proposed algorithm is more obvious. 

This study provides new views and thoughts on dealing with 

large-scale dynamic data sets in applications. 

 

8. FUTURE WORK 

 

Thus, by generalizing the incremental mechanism, future 

work would include the information fusion of multi data tables or 

multi granularity.  Further analysis of dynamic data tables shows 

that the variation of data tables can also include the changes of 

data values. For data tables with the data values changing 

dynamically, feature selection approaches based on rough set 

model will be introduced to discover knowledge from dynamic 

data tables.  With the variation of data sets, to predict the 

decision, the rules extracted from a dynamic data set need to be 

updated in time. Therefore, it is necessary to devise rules 

extraction algorithms for a dynamic decision table. 
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