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Finding the time sensitive frequent itemsets based on data

mining technique in data streams

Tae-Su Park*, Seok-Ju Chun**, Ju—Hong Lee*, Yun—-Hee Kang*, Bum—ghi Choix
Dept. of Computer Science & Information Eng., Inha University*

Dept. of Computer Education, Seoul National University of Education™*

ABSTRACT

Recently, due to technical improvements of storage devices and networks, the amount of data increase
rapidly. In addition, it is required to find the knowledge embedded in a data stream as fast as possible.
Huge data in a data stream are created continuously and changed fast. Various algorithms for finding
frequent itemsets in a data stream are actively proposed. Current researches do not offer appropriate
method to find frequent itemsets in which flow of time is reflected but provide only frequent items using
total aggregation values. In this paper we proposes a novel algorithm for finding the relative frequent
itemsets according to the time in a data stream. We also propose the method to save frequent items and
sub-frequent items in order to take limited memory into account and the method to update time variant
frequent items. The performance of the proposed method is analyzed through a series of experiments.
The proposed method can search both frequent itemsets and relative frequent itemsets only using the
action patterns of the students at each time slot. Thus, our method can enhance the effectiveness of
learning and make the best plan for individual learning.
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FP-Tree

Input : a minimum support threshold, S,
a maximum support error, e
Data stream Sy

Output : complete frequent itemsets & relative

frequent itemsets

Algorithms :
begin
initialize FP-Tree;
for each Sy={T7, Tp T, ... Ty}
read current transaction 7,
1Sy = Sy + 1
for all itemsets update frequency
/* sub frequent itemsets insert */
Insert(items, frequency, TID)
if I.> 5, or (LL< S, & L.>¢e)
I —> (sub) frequent itemset & insert
else
I —> infrequnet itemset & Eliminate
/#find current frequent itemsets*/
Frequent_itemsets(items, frequent, TID)
for all .Sy
if L>5,, & maxF(L)
I, —> frequent itemset
print Z,
/#find the relative frequent itemsets*/
RF_search(items, frequency, TID)
/* m : unfixed transaction size, */

m

G, ()
if £,(f) < E,(z)
& E,(2)—E,(x) <0
E,(z,) —> R,
/= until B, (z)—E,(z) >0 =/

SET E, (z) =

print R,

/*notice relative frequent itemsets*/
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