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Abstract 

Traditional association rule mining method has the high redundancy of computation. 

Therefore, this paper proposes a kind of association rule algorithm of minimum single 

constraint based on post-processing closure operator. Firstly, it proposes association rule 

mining method of equivalence relation set based on closure operator constraint rule. It 

can meet the above minimum single constraint, maximum support and confidence 

coefficient threshold value effectively. In addition, it can divide constraint rule set into 

disjointed equivalence rule class. Secondly, it gives answers to questions and necessary 

and sufficient conditions of specific rule class existence. It can reduces redundant 

computation effectively and improve computation efficiency. At last, it verifies the validity 

of proposed algorithm through experimental contrast of standard test set. 

 

Keywords: Post-processing; Closure operator; Minimum single constraint; 

Association rules 

 

1. Introduction 

In the premise of reducing storage and execution time, in order to realize more rapid 

response to the demand of users, constraint based data mining technology is widely 

studied [1]. At the beginning stage of algorithm research, related literatures utilizes data 

mining algorithm of original constraint. A typical case is frequent item set discovery 

constrained with the lowest frequent in transaction database. Minimum confidence 

coefficient is another basic constraint condition based association rule of frequent item set 

[2]. 

For traditional association rule algorithm, given model  , ,T O RA , when T  is big, 

the operating efficiency of algorithm is not high. In addition, in the situation of support 

and confidence coefficient constraint, users are difficult to position the interested rule 

subset rapidly [3]. In order to solve this problem, many literatures propose more 

complicated constraints. They make association rule directly relate to real demand of 

users so as to reduce the cost of data mining. For example, literature proposes 

monotonous and anti-monotonous constraints. They are expressed as mC  and amC  

respectively; Literature [5] proposes minimum association algorithm based on two 

constraint conditions; Literature [6] proposes association rule based on both sides of item 

set. It’s a kind of tri-phase data mining rule; Literature [7] proposes convertible constraint 

concept based on FP-growth algorithm; Literature [8] proposes data compression 

technique. It computes covetable constraint step by step; Literature [9] proposes multi-

dimensional constraint solution algorithm design of association rule, etc. 

Based on the thought of the above literatures, this paper raises improvement from the 

following three aspects: 

The first is to propose association rule mining method based on closure operator 

constraint rule equivalence relation set. It can meet the above minimum single constraint, 

maximum support and confidence coefficient threshold value effectively. It can divide 
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constraint rule set  
0 0, 0 1 0 1, , ,L RARS s s c c   into disjointed equivalence rule class. The second 

is to give the solution of questions and necessary and sufficient conditions of specific 

rule’s existence. It can reduce redundant computation effectively and improve 

computation efficiency. The third is to propose a new kind of constraint rule. It has the 

following advantages: (1) it can observe the structure of constraint rule more clearly; (2) it 

can eliminate repetition and avoid redundancy; (3) it can delete unnecessary constraint 

inspection and realize rapid extraction of constraint rule 0L L   and 0R R  . 

 

2. Question Description 

Before describing question, the paper firstly gives some used common concepts and 

related terms. Given model  , ,T O RA . Of them, O  is nonempty set limited by object, 

A  is object attribute and R  is binary relation of O A . The cardinal number of O  and 

A  are expressed as n  O  and m  A  respectively. Set X A  is item set; support set of 

item set X  can be expressed as  supp X . Let 0s  and 1s  be maximum and minimum 

support threshold value. Of them, 0 10 1 1n s s    , n  O . Nonempty item set A  is 

frequent item set, meeting  0 1sups p A s   ( 1 1s  , then get traditional concept of frequent 

item set). For any frequent item set S , extract nonempty true subset L from S : 

( L S    ), and R S L   . Then create rule L R  according to L , or according to 

support and confidence coefficient R  (or L , S  ), get from the following formula [10]: 

   

     

supp r supp L

conf r supp S supp L

 


 
                                               (1) 

Minimum and maximum confidence coefficient threshold values can be expressed as 

0c  and 1c . Of them, 0 10 1c c   . If it meets  0c conf r  and  0s supp r , rule r  is called 

association rule in traditional method. All association rule set can be expressed as: 

 

   
0 0

0 0

: , ,

, , ,

,

r L R L R

ARS s c L R S L R

s supp r c conf r

       
 
         

 
  

A

                                               (2) 

In the formula,  0 0,ARS s c  is association rule. The current researches on this question 

mainly focus on constraint support, confidence coefficient and subset, etc. For dual 

character of rule additional constraint, 0L , 0R A . The purpose is to find all association 

rules r : L R  , so their confidence coefficient and support conform to condition: 

 0 1s supp r s  ,  0 1c conf r c  . Item set constraint: 0L L  , 0R R   is called minimum 

single constraint. Question form can be described as the following: 

 

  
0 0, 0 1 0 1

0 1 0 1 0 0

, , ,

: , , , ,

L RARS s s c c

r L R ARS s s c c L L R R

  

      
                               (3) 

Of them: 

 
 

   

0 0

0 1 0 1

1 1

: ,
, , ,

,

r L R ARS s c
ARS s s c c

supp r s conf r c

    
 

   
                                        (4) 

In order to discuss restricted problem, if 1 1 1s c  , 0 0L R  , it could be got 

association rule mining question  0 0,ARS s c  in traditional sense. The mined rule can be 

applied to all kinds of important fields like network traffic, etc. 
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3. Association Rules of Minimum Single Constraint 
 

3.1. Rough Classification 

In order to reduce repetition of candidate solution, set up equivalence rule with 

disjointed partition. Based on closure operator, propose equivalence relation of frequent 

item set  0 1,FS s s  and  0 1 0 1, , ,ARS s s c c . 

Definition 1: (equivalence relation of frequent item set  0 1,FS s s  and  0 1 0 1, , ,ARS s s c c ): 

(a)  0 1, ,A B FS s s  ,    B h A h B  , A A ; (b)  0 1 0 1: , , ,k k kr L R ARS s s c c   , 

       2 1 2 1 1 2 2[ , ]r h L h L h L R h L R     , 1,2k  , 1r r  [11]. 

Let closure operator    0 1 0 1, ,FCS s s FS s s CS . For  0 1,L FCS s s  , utilize equivalence 

relation formula     ,L L L h L L     
A

 to express frequent item set equivalence class 

with the same closure L .  0 1, ,L S FCS s s  , L S  ,      0 1,supp S supp L c c , equivalence 

class of all rules :r L R  , then  h L L   and  h L R S    can be expressed as: 

   

   

0 1 0 1, { : , , ,

, }

AR L S r L R ARS s s c c

L L S L R S

   

      
A A

                                           (5) 

Deduction 1 (rough partition) rough partition form of constraint rule set is as follows: 

 

 
   

0 0

0 00 1 0 1

, 0 1 0 1

,, , , ,

, , ,

,

L R

L RL S NFCS s s c c

ARS s s c c

AR L S

 

 




                                            (6) 

In the formula,    
0 0, , { : ,L RAR L S r L R AR L S 

   
 

0 0, }
t

L L R R    

Based on Deduction1, generate post-processing algorithm PMM  of  
0 0, 0 1 0 1, , ,L RARS s s c c  . 

But, for limit value,  
0 0, 0 1 0 1, , ,L RARS s s c c   , or for frequent closed itemset, 

   0 1 0 1, , , ,L S NFCS s s c c ,  
0 0, ,L RARS L S   . When  

0 0, ,L RAR L S  , and 

   
0 0, , ,L RAR L S AR L S   , the possibility of cardinal number of  ,AR L S  is still high and 

many redundant rules are existed, as is shown in Example 1. 

Example 1: for data set T  and corresponding closed itemset shown in Diagram 1, 

select minimum support threshold value 0 0.28s  , maximum support threshold value 

1 0.28s  , maximum and minimum confidence coefficient threshold value are: 1 0.9c  , 

0 0.4c  . 

(a) Constraint Group 1: 0L c , 0R f . PMM  Algorithm firstly generates 

 0 1 0 1, , , 134ARS s s c c   rules. But, through detection limit 0L and 0R , it can be known, for 

arbitrary rule of 12 classes of  0 1 0 1, , ,NFCS s s c c , all  ,AR L S  , therefore, 

 
0 0, 0 1 0 1, , ,L RARS s s c c   . Define  0 1 0 1, , ,NFCS s s c c , the form is as follows: 

     

     

2

0 1 0 1 0 1

0 1

, , , { , , ,

, ,

NFCS s s c c L S S FCS s s

L S supp S supp L c c

  

   

CS
                                (7) 

(b) Constraint Group 2: 0L h , 0R b , PMM  algorithm firstly generates 134 rules. 

Through detection limit, it can be got  
0 0, 0 1 0 1, , , 19L RARS s s c c    rules of four groups of rule 

classes  ,L S  of  0 1 0 1, , ,NFCS s s c c . Four groups of rule classes are  ,egh bcegh ,  ,h bcegh , 

 ,fh bfh  and  ,h bh . For remaining  0 1 0 1, , , 4 11NFCS s s c c    groups of rule classes  ,L S , 

algorithm will produce corresponding  0 1 0 1, , ,ARS s s c c \  
0 0, 0 1 0 1, , , 115L RAR s s c c    redundant 

candidate rules in total, then  
0 0, ,L RAR L S   . Consider class  ,bc bcegh   0 1 0 1, , ,NFCS s s c c , 

then 21 candidate rules can be enumerated according to PMM  algorithm. Even so, 

through detection limit condition 0L L  and 0R R ,  
0 0, 0 1 0 1, , ,L RARS s s c c    also can be 

got. 
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(3) Constraint Group 3: 0L f , 0R h , only two pairs of 4 rules  1 1,L fh S efgh  , 

 2 2,L fh S bfh   meet  
0 0, ,i i

L RAR L S   , 1,2i  . For  1 1,L fh S efgh  , 9 candidate rules 

are produced by  1 1,AR L S , only 3 rules meet limit    1 1, , ,AR L S f eh f egh f gh    , the 

remaining 6 rules are redundant candidate rules. 

In order to overcome these shortcomings, it is needed to find limit set L  and  ,L S , let 

 
0 0, 0 1 0 1, , ,L RARS s s c c    be necessary and sufficient condition. Therefore, we have 

another expression  
0 0, ,L RAR L S

   of  
0 0, ,L RAR L S  , and get better 

partition  
0 0, 0 1 0 1, , ,L RARS s s c c  . 

 

Trans Items

1

2

3
4
5
6
7

bcegh

bcegh
bcd

defgh
bcefgh

bfh
fh

bcegh3/7

be, bg, ce,

cg, ch

bfh2/7 efgh2/7

ef, fg

d2/7

d

bc4/7

c
bh4/7

bh

egh4/7

e,g
fh4/7

b5/7

b

h6/7

h

(a)

(b)  

Figure 1. Data Set Sample 
 

3.2. Constraint Rule Non-Empty Sufficient and Necessary Condition 

Firstly, it gives nonempty necessary and sufficient conditions of constraint rule. 

Theorem 1: (necessary condition) nonempty necessary condition of 

 
0 0, 0 1 0 1, , ,L RARS s s c c   and  

0 0, ,L RAR L S   and equivalence expression of  
0 0, ,L RAR L S  . 

(a) Necessary condition of  
0 0, 0 1 0 1, , ,L RARS s s c c   : 

If  0 1 0 1: , , ,r L R ARS s s c c    , then  ,L S   0 1 0 1, , ,NFCS s s c c , r   ,AR L S   . Of 

them,  L h L ,  S h L R   . Meet the following necessary condition: ( 1H ) 0 0L R  , 
* *

0 1s s ,  * *

0 0supp S s ,   *

1supp sA . Of them:  
*

0 0 0S L R  ,   *

0 0 0 1max ; .s s c supp C , 

  *

1 1 1 0min ; .s s c supp L . 

(b) Necessary condition of  
0 0, ,L RAR L S   . For    0 1 0 1, , , ,L S NFCS s s c c , necessary 

condition of  : ,r L R AR L S     is  *
0

* *

0 1,
S S

S FCS s s


 , 0 1CC LL FS 
 , 1CL   

0 1 0 1,C CFCS s s
  , 

  * *
0 1,

\
L R R

R FS S L
 

  . Of them,     *
0

* * * * *

0 1 0 1 0, ,
S S

FCS s s S FCS s s S S


   ,  0 0s s S    1supp S c , 

    1 1 0min 1;s s S supp S c   , 1 1CL L C  ,    
0 1 10 1 1,C C CFCS s s L L C

     , 

   * *
0 1

* *

0 1,
\

L R R
FS S L R R R R

 
       . 

(c) Equivalence expression of  
0 0, ,L RAR L S  : for    0 1 0 1, , , ,L S NFCS s s c c   , then 

0 1CC LFS    and    
0 0 0 0, ,, ,L R L RAR L S AR L S

    . 

Deduction 2 (necessary and sufficient conditions) nonempty necessary and sufficient 

conditions of  
0 0, 0 1 0 1, , ,L RARS s s c c  : 

(a) In 1H , if at least one condition is not met, then  
0 0, 0 1 0 1, , ,L RARS s s c c   . 

(b)  
0 0, 0 1 0 1: , , ,L Rr L R ARS s s c c 

         
0 0, 0 1 0 1, , , ,L RL S NFCS s s c c  , 0 1CC LL FS 

 , 

  * *
0 1,

\
L R R

R FS S L
 

  ,  
0 0,: ,L Rr L R AR L S

 
     . 
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Proof: In deduction 2(a) and (b), “  ” can be got according to Theorem 1(a); In 

deduction 2(b), “  ” can be got according to    
0 0 0 0, , 0 1 0 1, , , ,L R L RAR L S ARS s s c c    and 

   
0 0 0 0, ,, ,L R L RAR L S AR L S

    . 

 

3.3. Minimum Single Constraint Smooth Partition 

Theorem 2: (constraint rule smooth partition) if limit condition 1H  meets, then get: 

 

   
 

0 0

0 0, 0 1 0 10 0

, 0 1 0 1

,, , , ,

, , ,

,
L R

L R

L RL S NFCS s s c c

ARS s s c c

AR L S
 

 



 




                                           (8) 

Through above rules, gain candidate class  ,L S  from 

 0 1 0 1, , ,NFCS s s c c ( 0 0,L RNFCS   0 1 0 1, , ,s s c c ), the quantity is still big and there are many 

redundant candidates that cannot meet constraint. The algorithm is shown in Pseudo code 

1. The algorithm is mainly to find out frequent closed itemset  
0 1 0 1,C CFCS s s

  ; 

   
0 1

* * *

0 1 0 0 1, _ , , , ,C CFCS s s MFCS FL S s s
   LCG A . Of them, 

        , , ,S supp S S S supp S LCG= G LC . 

Pseudo code 1: Constraint rule smooth partition 
   

0 1 0 1 0 1 0 1, _ , , , ,C CFCS s s MFCS FL C C s s
    LCG ： 

1.  
0 1 0 1,C CFCS s s

  ：= ； 

2.  if  0 1s s  ||  0 1C C ||   0 0supp C s ||   1 1s supp C   then 

3.     return  ; 

4.  endif 

5.  for each      , , sL supp L G L LCG  do 

6.    if   0 1 0& Ls supp L s C    then 

7.      if   1&i iL G L L C   then 

8.        1 1CL L C  ;     
1 1C i iG L L G L L C   ; 

9.              
0 1 0 1 1 10 1 0 1, : , ,C C C C C CFCS s s FCS s s L supp L 

     ; 

10.     endif 

11.   endif 

12.  endfor 

13.  return  
0 1 0 1,C CFCS s s

  ; 

 

4. Equivalence Class Association Rules 
 

4.1. Expansion Class Structure 

Let 0, ,Y X Z A , Y  , Y X  , 0Z Y , then  
0

0{ }
X Z

FS Y R Z R Y


       and 

suppose the following conditions minR Minimal  0\k kR S X Z  ,  kS G X Y  , 

min ,j

k

U R R j k jR R  . When 1k  , 
1

, \k

U k U kR R R ; when 0k  , ,U kR  . Of them, minkR R , 

 , 0\ k

k UR Y Z R   . 

It is noted that when Y  || 0Z  ,  
0,X Z

FS Y


 . Else: 

 

 

0

* ~

0 min,

~

, , min

*

{ ,

, ,( , :

1 ) , }

k k k kX Z

k U k k k j k k j

FS Y R Z R R R R R

R R R R R R R R R

j k R





      

      

   

                                   (9) 

Deduction 3 (expansion class structure) specific expression of  
0,X Z

FS Y
 , 

0, ,X Y Z A : Y  , Y X  , 0Z X  , 0Z Y , then: 

(a)  
0

*

,X Z
FS Y


。( 2H )； 
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(b)    
0 0

*

, ,X Z X Z
FS Y FS Y

 
 。 

For particular value of 0, ,Y X Z  in  
0X Z

FS Y
 , it can be got 0 1CC LFS   and the structure of 

  * *
0 1,

\
L R R

FS S L
 

 . It will be described in the following section. 

 

4.2. 0 1CC LFS   and   * *
0 1,

\
L R R

FS S L
 

  Expression 

Suppose class    
0 0, 0 1 0 1, , , ,L RL S NFCS s s c c  ,  *

0

* *

0 1,
S

S FCS S S


 ,  
1 0 1 0 1,C C CL FCS s s

  , 

0 1C CL FS L  , because  
1 0 1 0 1,C C CL FCS s s

  , then get  
1CG L   and  iL G L  , meet 

1i CL L  || 1CL  . 

Lemma 1: 1,L C A , if 1 1CL L C   ||  
1CG L  , then    

1 1C CG L G L . 

(a) When 1CY L , X   || 0 0Z C . Owing to  
1 0 1 0 1,C C CY L FCS s s

   , then get 0L C , 

10 CC L  and 1CL  , and 

   

 

1 1
0

1 0 1

0
,

{ ,

}
C

C C
C

C C L

FS L L C L L h L

h L FS

 



      

 
                              (10) 

According to expression minR  and  
0

*

,X Z
FS Y

  in Section 3.1 and Lemma 1, it can be got 

 
1min 0{ \ , }i i i CK Min K L C L G L   , 

min ,k

i

U K K k i kK K  . If 1i  , then 
1

, \i

U i U iK K K ; if 0i  , then 

,U iK   and  
1, 0\ i

i C UK L C K   , thus, the following result can be got: 

 

0 1

* ~

0 min

~

, , min

**

{ ,

, ,( , :

1 ) , }

CC L i i i i

i U i i i k i i k

FS L C K K K K K

K K K K K K K K K

k i L





      

      

   

                        (11) 

Owing to 1CL   and according t Deduction 3(b), it can be got 0 1

*

CC LFS   . 

(b) When 
*

1 \Y R S L  , X L , 
*

0 0 0Z R R   and suppose \S L   , then according to 

the above definition, it can be got: 

   

  

* * *
0 0 1, ,

* *

0 1

\ \

,

L R L R R
FS S L FS S L

R R R R h L R s

  
  

        
                                   (12) 

Suppose minR Minimal {  *

0\k kR S L R   kS G S }, min ,j

k

U R R j k jR R  , when 1k  , 
1

, \k

U k U kR R R ; when 0k  , ,U kR  . Of them, minkR R ,  *

, 0\ k

k UR S L R R
   , the following 

result can be got: 

 

 

* *
0 1

* * ~

0,

~

min , ,

*

min

\ {

, , ,( ,

:1 ) , }

k k k kL R R

k U k k k j k k j

FS S L R R R R R R

R R R R R R R R R

R j k R

 



      

      

    

                                (13) 

According to \S L    and Deduction 3(a), the following result can be got: 

  * *
0 1

*

,
\

L R R
FS S L

 
   . 

According to Deduction 3, the following result can be got: 

Deduction 4: for equivalence class  
0 0, ,L RAR L S

  ,    
0 0, 0 1 0 1, , , ,L RL S NFCS s s c c   , 

existing: 

(a)   * *
0 1

*

,
\

L R R
FS S L

 
  and 0 1

*

CC LFS   have different elements; 

(b)    * * * *
0 1 0 1

*

, ,
\ \

L R R L R R
FS S L FS S L

  
  , 0 01 1

*

C CC L C LFS FS  , 0 1

*

CC LFS   ; 

(c) 0 1

*

CC LL FS 
  , there is   * *

0 1

*

,
\

L R R
FS S L

 
    existed, it is equal to \S L   . 

3.3  
0 0, ,L RAR L S

   structure expression 

For    
0 0, 0 1 0 1, , , ,L RL S NFCS s s c c   , all of them: 
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 

   
0 0 0 1

0 01 1

*

,

* *

, { :

\

C

C C

L R C L

C L C L

AR L S r L R L FS

FS S L FS S L



  

 

     



    


                                    (14) 

According to Deduction 4, Deduction 5 can be got: 

Deduction 5: nonempty necessary and sufficient conditions of 
0 0,L RAR

  . For 

   
0 0, 0 1 0 1, , , ,L RL S NFCS s s c c   , there is: 

(a)    
0 0 0 0

*

, ,, ,L R L RAR L S AR L S

    ； 

(b)    
0 0 0 1

* *

, ,
CL R C LAR L S FS S    ; 

(c)   *
0 0

0 1

*

, , { : :
C LC

L R L FS
AR L S r L R R


  

       * *
0 1

*

,
\ }

L R R
FS S L

 
 。 

According to Theorem 2 and Deduction3, Theorem 3 can be got: 

Theorem 3: suppose it meet 1H  limit, the following result can be got: 

 

 
   

 

 

0 0

0 0, 0 1 0 10 0

*
0 0

0 1

* *
0 1

, 0 1 0 1

*

,, , , ,

*

, ,

*

, ,

, , ,

,

, { :

: \ }

L R

C LC

L R

L RL S NFCS s s c c

L R L FS

L R R

ARS s s c c

AR L S

AR L S r L

R R FS S L

 



 

 

  



 








   





                                     (15) 

Algorithm process is shown as Pseudo code 2. 

Pseudo code 2: Constraint rule generation 
      

0 0 1 1

* *

, 0 0, , , , , ,L R C CAR L S MAR Minsc C L G L R S G S  
： 

1.  
0 0

*

, ,L RAR L S  ；
 

0

*

X Z
FS Y

 ； 

2.  for each ( 0 1

*

CC LL FS 


&& \S L   )do 

3.     
*

1 \R S L ; 
  * *

0 1

*

,
\

L R R
FS S L

 


; 

4.     for each 
  * *

0 1

*

,
\

L R R
R FS S L

 
 

do 

5.            
0 0 0 0

* *

, ,, , :L R L RAR L S AR L S r L R   
    ; 

6.     endfor 

7.   endfor 

8.   return  
0 0

*

, ,L RAR L S  ; 
   

0 0, 0 1 0 1 0 1 0 1 0 0, , , 1 , , , , , ,L RARS s s c c MAR Minsc s s c c L R   LCG  

9.   
0 0, 0 1 0 1, , ,L RARS s s c c   ; 

10.  if  0 1 0 1 0 0|| ||s s c c L R    do 

11.     return  ; 

12.  end 

13.  
*

0 0 0S L R  ; 0 0C L ; 1 0\C R A ; 
*

0 0R R ; 

14.    *

0 0 0 1max ; .s s c supp C ,   *

1 1 1 0max ; .s s c supp L ; 

15.  
   *

0

* * * * *

0 1 0 0 1, _ , , ,
S

FCS s s MFCS FL S s s


 A,LCG
; 

16.  for each 
       *

0

* *

0 1, , ,
S

S supp S G S FCS s s



do 

17.     0 1s supp S c  ;   1 0min 1;s supp S c  ; 

18.     for each  
       1 1 1 0 1 0 1, , ,C C C C CL supp L G L FCS s s

 
do 

19.          
0 0 1 1

* *

, 0 0, , , , , , ,L R C CAR L S MAR Minsc C L G L R S G S S   
; 

18.       
0 0 0 0 0 0

*

, 0 1 0 1 , ,, , , ,L R L R L RARS s s c c ARS AR L S       ; 

19.     end for 

20.  end for 

 

From Pseudo code 2, it can be seen that in the above candidate rule generation process, 

it can avoid the generation of redundancy, so MAR Minsc  algorithm is more efficient. 
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5. Experiment and Analysis 

Experimental hardware setting: CPU i3-2440k 2.2GHz and CPU i3-2440k 2.2GHz. in 

order to verify the effectiveness of proposed algorithm, select contrast algorithm: fuzzy 

association rule algorithm (FAR) in Literature [12] and uniform distribution uncertain 

association rule algorithm (UDAR) Literature [13]. In order to evaluate the performance 

of proposed algorithm, make contrast of the performance of COMSAR algorithm and two 

kinds of contrast algorithms in Literature [12] and Literature [13]. Meanwhile select 5 

kinds of benchmark database used in Literature [14] as test object. Of them, Connect, 

Mushroom, Pumsb and Chess are density data set. They have many high support of long 

frequent itemset. T10I4D100K is complex sparse dataset. Benchmark test dataset 

information is shown in Diagram 1. 

For every test database, threshold value 1s  and 1c  are 0.9 and 0.95. For given minimum 

confidence coefficient (MC) and (MS), the value range of limit condition 0L  and 0R  is 

4% 22%F FA A , value interval is 2% FA . For 0L s  and 0R s , select 10 groups of  0 0,L R , 

every  0 0,L R  includes service item extracted from FA . The experiment in the above 

database shows, the forecast output result of FAR, UDAR and COMSAR is uniform. 

Contrast result in runtime is as shown in Diagram 2-6. 

Table 1. Benchmark Test Dataset Information 

Dataset Itemset quantity Total record Average length 

Connect 132 67894 42 

Mushroom 124 8345 26 

Pumsb 7236 49126 72 

Chess 87 3358 36 

T10I4D100K 1127 100976 44 

 

R
u

n
n

in
g
 t

im
e(

s)

Minimum support-minimum confidence coefficient  

Minimum Support-Minimum Confidence Coefficient 

Figure 2. Connect Database Runtime 

R
u

n
n

in
g
 t

im
e(

s)

Minimum support-minimum confidence coefficient  

Figure 3. Mushroom Database Runtime 
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Figure 4. Pumsb Database Runtime 
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Figure 5. Chess Database Runtime 

R
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Minimum support-minimum confidence coefficient  

Figure 6. T10I4D100K Database Runtime 

Diagram 2 to Diagram 6 show contrast result of runtime of FAR, UDAR and 

COMSAR in five kinds of test database Connect, Mushroom, Pumsb, Chess and 

T10I4D100K. These databases include density database and artificial sparse database. 

From contrast result, the operation efficiency of COMSAR algorithm in the above five 

database is superior to FAR and UDAR. It realizes the purpose of solving redundant 

problem at the beginning of algorithm design. It improves computation efficiency of 

association rule algorithm effectively. 

Table 2. Time Reduction (%) 

DB-MS-MC R-ovPP2 R-ovPP1 RR-PP2 RR-PP1 

Co-97-80 45.51 0.46 94.51 98.72 

Co-96-60 43.26 0.27 99.81 99.93 

Ch-85-50 33.61 6.85 99.93 99.94 

Ch-80-35 20.37 4.71 99.92 99.94 

P-95-80 48.24 1.52 98.58 99.61 

P-90-65 21.12 0.13 99.88 99.95 
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M-30-70 20.42 0.26 99.97 99.97 

M-25-45 17.75 0.28 99.94 99.97 

 

Table 2 gives several groups of simulation result of time reduction. The related 

symbols in the Table are defined as the following: DB-MS-MC expresses database-

minimum support-minimum confidence coefficient combination; R-ovPP2 expresses the 

rate of runtime of COMSAR algorithm and that of UDAR algorithm; R-ovPP1 expresses 

that rate of runtime of COMSAR algorithm and that of FAR algorithm; RR-PP2 expresses 

the rate of redundant rule quantity that UDAR algorithm cannot meet constraint condition 

and total rules; RR-PP1 expresses that the rate of redundant rule quantity that FAR cannot 

meet constraint condition and total rules. 

Experimental result in Table 2 shows that, compared with FAR and UDAR, COMSAR 

algorithm is superior to contrast algorithm in operation speed. The main reason can be 

seen from two rows RR-PP2 and RR-PP1. The main reason that FAR和 UDAR operate 

slowly is too many redundant rules of algorithm. 

 

6. Conclusion 

In the view of solving redundant rule problem of association rule algorithm, this paper 

applies post-processing minimum single constraint method to realize pre-judgment and 

pre-processing of association rules, reduces the impact of redundant rule on operation 

efficiency of algorithm. Through making contrast with FAR and UDAR on five kinds of 

test databases of Connect, Mushroom, Pumsb, Chess and T10I4D100K, it shows high 

operation efficiency of COMSAR algorithm proposed in this paper. 
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