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A Method for Frequent Itemsets Mining from Data Stream

Bokll Seo’

- Jaeln Kim™

- BuHyun Hwang™

ABSTRACT

Data Mining is widely used to discover knowledge in many fields. Although there are many methods to discover association rule, most
of them are based on frequency-based approaches. Therefore it is not appropriate for stream environment. Because the stream environment
has a property that event data are generated continuously. it is expensive to store all data. In this paper, we propose a new method to
discover association rules based on stream environment. Our new method is using a variable window for extracting data items. Variable
windows have variable size according to the gap of same target event. Our method extracts data using COBJ(Count object) calculation
method. FPMDSTN(Frequent pattern Mining over Data Stream using Terminal Node) discovers association rules from the extracted data
items. Through experiment, our method is more efficient to apply stream environment than conventional methods.

Keywords : Data Mining, Data Stream, Frequent ltemsets, Real-time Mining
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using Terminal Node) €112|&
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Algorithm : FPMDSTN

Input : To maintain the size of window, minimum
support count

Output : Frequent Itemsets

Method :

(a) create the root of an FPMSDTN, and label it as

"null”
(b) if transaction occurred, transaction is sorted in
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ascending order. and after insert into FPMSDTN

(c) a pointer of the last event of transaction stored to
the terminal node

(d) if count of transaction is equal to or greater than
size of window then FPMDSTN(FPMDSTN, a)

(e) when a new transaction occurs, delete oldest
transaction in the FPMSDTN

(f) return to (b)

procedure FPMDSTN_growth(FPMDSTN, a)

(1) if FPMDSTN contains a single path P then

2) for each combination(denoted as ) of the
nodes in the path p

3) generate pattern B U a with
support_count = minimum support count of nodes
in B3;

(4) else for each ai in the header of FPMDSTN{

5) generate pattern B = a U a with
support_count = aj support_count;

(6) construct B’s conditional pattern base and then
B's conditional FPMDSTNg;

(7) if FPMDSTNg # & then

®) call FPMDSTN_growth(FPMDSTNg

B}
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