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Abstract: The commercial activites carried out through the Web and bring it to facilitate the rapid development of e — commerce transac-
tion speed has become the key driving force. Can get the knowledge of behavior and manner of the customer groups through the Web log
mining. Mining association rules incorporated with domain knowledge has been studied recently, which can improve the mining results.

The efficiency and advantages of this algorithm has been approved by experimental results.
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< rdfs:Class rdf: resource= “PC” />

< rdfs: Class rdf: about = “
“Lenovo” >

< rdfs: subClassOf rdf: resource= “PC" />

< /rdfs:Class>

< rdfs: Class rdf: about = “Segate”
“Segate” >

< rdfs: subClassOf rdf: resource= “PC” />

< /rdfs: Class>
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Output: L: the set of frequent itemsets for DB with T w.r. t.

Steps:

1. repeat

2. if k=1 then Generate C; from item ontology T;

3. else C, = apriori ~ gen(L;-;);

4. Delete any candidate in Gy that consists of classification or-
composition relationship betwecen items;

5. MG= MG, - (G, T)5 /% Using Gy, T to find maximal
Cy*/

6. Scan ED to count count{ A) for each itemser A in MCy;

7. ML, = {A | A& MC, and sup(A) =msl ;

8. RC, = RC- o (G a MG, ML) i/ * Using G . MCy, ML, to
find RCy, % /

9. if RC 7 then

10. Scan ED to count count(A) for each itemset A in RGy;

11. RL,={A | AE€RC, and sup(A) =ms};

12. end if

13. 1,= ML URL,;

14. wntl L,=0

15. L =U, Ly
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