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Performance evaluation of approximate frequent pattern mining based on
probabilistic technique

H 3 & o 9

h=

Gwangbum Pyun Unil Yun
2 o

A3 enh Sg5E W Aol A 24w AL vhold stk Hoe)
128 U] A9 e ol el AL 82 Ak S, el
A AAE 717} O oGk o d ATl e, 2 WL AE v}
o ol A o BLH9 ol FAY F Uk o ERAINE FE /Y
Sk HE HE B8 el 0 2 4D shend Seind 4
H2E 238 ¥4,

o, ol
m,ﬁ*r

= FAo] - 2 Wgwdrtold, AE2RX 7, &7, 4% 7L 24

ABSTRACT

Approximate Frequent patftern mining is fo find approximate patterns, not exact frequent patterns with folerable variations for more
efficiency. As the size of database increases, much faster mining tfechniques are needed to deal with huge databases. Moreover, it
is more difficult fo discover exact results of mining patfterns due to inherent noise or data diversity. In these cases, by mining
approximate frequent patterns, more efficient mining can be performed in ferms of runfime, memory usage and scalability. In this
paper, we study the characteristics of an approximate mining algorithm based on probabilistic technique and run performance
evaluation of the efficient approximate frequent pattern mining algorithm. Finally, we analyze the test results for more improvement.

= keyword : approximate frequent pattern mining, Chernoff technique, probabilistic technique, Performance evaluation, scalability
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Algorithm FDPM+

let T; be the required number of observations
batch size <~ k x T
n<—0F<0P<0
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10. End For
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(Figure 1) FDPM+ algorithm
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(Table 1) Real datasets

Dataset #ltems | avg.Length | #Transactions
Connect 129 43 67557
Retail 16469 10.3 88162

(E 2) =&Y "ok olojeHAl
(Table 2) Datasets for scalability test

Dataset #ltems | avg.Length | #Transactions
T10I4D1000K | 10000 10 1000000
T10I4D2000K | 10000 10 2000000
T10I4D3000K | 10000 10 3000000
T1014D4000K | 10000 10 4000000
T10I4D5000K | 10000 10 5000000
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