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Emerging Sequences Pattern Mining Based on Locatien Information

CHEN Xiang-tao XIAO Bi-wen

(School of Information Science & Engineering, Hunan University, Changsha 410082, China)
Abstract Owing to the strong ability of distinguishing, emerging patterns have been widely used to build defective clas-
sifier. As most of the existing algorithms focus on the support or the occurrences of sequence patterns,and the location
of the sequence patterns in a sequence is usually ignored, some important information may be missed. In this paper, we
put forward an emerging sequence pattern with local location information, and a mining algorithm of the emerging se-
quence pattern with location information, Based on the framework of occurrences, combined with the suffix tree, omit-
ting the generation and selection procedure of candidate patterns, this algorithm can quickly and efficiently mine
emerging sequence patterns with the location information. The experimental results show that the classifier which is

built by emerging sequence patterns with location information is better than the traditional algorithm of mining the

emerging sequence patterns on the average classification accuracy.
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Input:sequence dataset D
Output; Tree T
Algorithm:
1. for each sequence in dataset do
2. According to the given position 0. 5
divided its into two subsequences
3. Create all of them suffixes
4, For each suffix x do
5. Insert_Tree(x,class_label)
&% 2 Insert_Tree(x,class_label)
Input:sequence s, Tree T
Qutput: T with added x in the Tree
Algorithm;
1. match symbols in x with symbols represented in the edges of the
tree starting from the root
2. case 0:exactly match to update corresponding counters only
3. case 1:a leaf node is met do
Update corresponding counters, create a new child node and as-
sociate its edge
with the unmatched part of x
4. case-1:a mismatch occurs do
Update corresponding counters, split the node, then create a
new child node
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#i% 3 LES Gen(node * root,int A,int 8, prefix)
Input; T node of Tree, minimum occurrence threshold z, minimum lo-
cation threshold min, prefix which is the sequence path from
root to current node
Output: The set of Location Emerging sequences LESs
Algorithm:
1. for each child of root T do



178 itE M

2017 &

2. while (child— >>ent_C11+child— >>cnt_C12) || (child—>>cnt_
C21+child—>>cnt_C21) >0
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3. if (child—>>cnt_Cl1-+child—>cnt_C12) — (child—>cnt_C21+
child—>cnt_C21)>>x

4. {

5. ES=prefix

6. ES+=child—>>strdata

7. insert ES to ESs

8. }

9. else if (child—>>loc_ent_C11—child—>loc_cnt_C12)>>8 and
(child—>cnt_C21—child—>>cnt_C22)<C 1

10. {

11. ES=prefix

12. ES+ =child—>>strdata

13. Insert ES to LESs

14, }

15. end if

16. if current node is not the leaf node do

17. LES_Gen(current node,int z,int min, prefix)

18. end if

19, end while

20. end for
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