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Study of Association Rules Based on Classification Technology
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Abstract Typical association rules algorithm contais weaknesses such as often requiring a large number of repeated
passes over the database to generate the candidate item sets, In this paper, we present an improved method named CBA
(Classification Based Apriori). The CBA method scans the database once. After preprocessing the database, we imploy
the classification technology to classify the database and save the results, Thus, the large itemsets are generated by con-
trasts with the partial classified transaction records. This not only prunes considerable amounts of data reducing the
time needed to perform data scans and requiring less contrast, but also ensures the correctness of the mined results.
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for (each trapsactiont €D) {
if (tem€t) then Wiem++;
for (item = 1; item< ItemNo; item ++) {
if (Wiem>> min_sup) then put item intoL;;
}

}
Classification_Table (length)= Classification_Table_gen (t)

for (k=2;Lp,#0O ;k+){
Cy =Candidate_gen (Ly-1);
Ly =Large_itemset_gen (Cv);
}
Return L=U I ;
Procedure Classification_Table_gen (t)
set max_length=0;
for (each transaction t € D) {
if (itemofteg L;) then delete the item from t;
length = the item number of t ;
if length > max_length then
max_length = length ;
put t into Classification_Table(length);
}
Return Classification_Table(length);
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Procedure Candidate_gen(Ly-1)
For each itemset 1; € Ly
For each itemset 1, € Ly
if (4 [1=L[LALRI=LI2IA ... Al {k-2]=l,[k-2] A
1,{k-11<1,{k-1] ) then {
c=1; link b; //join step:generate candidates

For all itemsets cc, Cx  {
For all (k-1)-subsets s of ¢ {

if (s, L) thendeletec from Cy; <<
else add cto Cy ; -
} =
} #

return Cy;
Procedure Large_itemset_gen(Cy) -
for (level=k; level<_max_length; level++) { &

while (Ce= @) {
pick ¢ from Cy;
temp=the count of ¢ in the Cluster_Table(l);
count(c)=count(c) + temp ;
if count(c) >> , min_sup then
c=ly;
break ;

return Ly;
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4000 348 776 114 18 0 0 654 4896
8000 299 1354 205 38 8 1 925 6065
12000 301 2356 285 40 4 1 1185 6686
16000 324 3607 408 61 9 0 1869 8653
20000 365 3897 453 66 11 1 2164 9212
24000 286 4163 561 69 13 0 2686 10857
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3 7.1816 0.0529 639.8 0.74 1.83 4.08 16 9.9997 0.0299 1.2 0.72 1.77 2.95
4 9.0026 0.0619 495.8 0. 67 3.70 3.35 17 10.000 0.0214 18.5 1.01 1. 86 3. 66
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