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A algorithm for mining association rules based concept lattice

Abstract: Association rule discovery is one of kernel tasks of data mining. Concept lattice, induced from a binary
relation between objects and features, is a very useful formal analysis tool. It represents the unification of concept
intension and extension. It reflects the association between objects and features, and the relationship of
generalization and specialization among concepts. There is a one-to-one correspondence between concept
intensions and closed frequent itemsets. This paper presents an efficient algorithm for mining association rules
based concept lattice called Arca (Association Rule based Concept IAttice). Arca algorithm uses concept-matrix to
build a part of concept lattice, in which the intension of every concept be put into one-to-one correspondence with
a closed frequent itemset. Then all association rules are discovered by 4 operators which are defined in this paper
performed on these concepts.
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Algorithm Arca (2 ,min_supp, min_conf )

HiN: /N HEEmin_supp. &/ BASEmin_conf
MPBARIZIME R D =(7,7.R)
it RO 4E A Rules

Rules « @ ;
2 BasicRules «
gen_basic _rules(2,min_supp,min_conf ) ;
3 foreach r in BasicRules
Rules « RulesUr ;

5 add_ combination (Rules) ; //% Rules H[¥)
TN BEAT “ 7 A “HE” XA T 1%
1

6 loop
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7 foreach r in BasicRules ;

8 Rules < Rules U right_move (r) ; //%}
Rules "R FMMBEAT “HR” HTHAE

9 loop

10 foreach r in BasicRules ;

11 Rules < RulesU decompose (r) ; //%f
Rules HF4E 56 UM BEAT “ 0 7 57 #R A
12  loop

13 return Rules ;

12 loop
13 loop

14 return BasicRules ;
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Algorithm SUBNODES"(C, 2, min_supp)

B3k 1Arca B3k
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BAGE . 1 Rules HFIAH SR e N EAZ AT r
/N BAS EAE R, BUBCRIGESN Rules H A
iR HE U A% N B A4S B . ST Rules « RulesU
right_move (r) I Rules <— RulesU decompose (r)

WA

Algorithm gen_basic_rules (2, min_supp,min_conf )

WN: /NTHEEmin_supp. T/ BAS Emin_conf
MBI RE R D =(7,7,R)
il REBCHINZE S Rules

1 ¥tk —~BA% Queue ;

2 BasicRules « &

3 Queue.EnQueue((7,2)) ;

4 do while Queue = &

5 C = Queue.DeQueue ;

6  foreach C, in SUBNODES"(C)

it |Extent(C1)|

7 > min_conf then
|Extent(C)|
8 if C, ¢ Queue then
Queue.EnQueue(C,);
9 A r: Intent (C) — Intent(C,) ;
10 BasicRules « BasicRulesUr ;
11 end if

MIN: RERIMEEC =(T,1) . Bz &
D =(7,7,R) FMig/NLFFFEmin_supp

i MESCHIFTEINE R TR TET
min_supp ¥ 45 S48 & subnodes

1 subnodes « O ;
2 M« CRI RIS HERE
3 VAR MRS FEM b R
4 me CHIFE;
5 do while m > min_supp
6 S« BAMMBEMEES;
7 do while S = @
8 I, « MSHELH —A @, FH B ISHE
H AN A J& PEEM A B AR R 1 1 &
P R B
9 S« S-1;
10 T, < 9.(1);
11 L« t1Ui;
12 if XfF subnodes AR

C,=(T,,1,) #HT, «TNT, then
subnodes < subnodes U (T,,1,) ;
13 loop
14 m«m-1;
15 1loop

16 return subnodes ;
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