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Mining Frequent Itemsets using Time Unit Grouping
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Abstract Data mining is a technique that explores knowledge such as relationships and patterns between data by
exploring and analyzing data. Data that occurs in the real world includes a temporal attribute. Temporal data
mining research to find useful knowledge from data with temporal properties can be effectively utilized for
predictive judgment that can predict the future. In this paper, we propose an algorithm using time-unit grouping
to classify the database into regular time period units and discover frequent pattern itemsets in time units. The
proposed algorithm organizes the transaction and items included in the time unit into a matrix, and discovers
frequent items in the time unit through grouping. In the experimental results for the performance evaluation, it
was found that the execution time was 1.2 times that of the existing algorithm, but more than twice the
frequent pattern itemsets were discovered.
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Method:

. Create Data Matrix(DM) by all itemsets in TU,
. Create Pattern Tree(PT) with a root of null

min_sup

. for each itemset in DM do

1
2
3
4. if Sup(itemset) > min_sup then
5 add itemset to PT

6. end for

7. Find frequent pattern itemsets by joining each
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Table 1. Transaction example and size—1
frequent itemsets

T TID Item FP
TU; 1 d
2 c, d c d
3 c
4 d
TU;42 5 acd
5] a b cd a, b, d
7 b, c, d
8 a, d
TUss 9 b
10 a, c a b, c
11 a b, c
12 b, c
TU44 13 b, d
14 b, c d b, c d
15
16 b, c d
FP(TUy;) U FP(TUp) = {a, b, ¢, djo]xL, $H &E-0]
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