ISSN 1598-0170 (Print)
ISSN 2287-1136 (Online)
http://www.jksii.or kr

391 K slo] ezl sl mlold 7Y ek
Performance Analysis of Top-K High Utility Pattern Mining Methods
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ABSTRACT

Traditional frequent pattern mining discovers valid patterns with no smaller frequency than a user-defined minimum threshold from
databaoses. In this framework, an enormous number of patterns may be extracted by a too low threshold, which makes result analysis
difficult, and a foo high one may generate no valid pattern. Setting an appropriate threshold is not an easy fask since it requires the
prior knowledge for its domain. Therefore, a pattern mining approach that is not based on the domain knowledge became needed
due fo inability of the framework to predict and control mining results precisely according to the given threshold. Top-k frequent pattern
mining was proposed fo solve the problem, and it mines fop-k important patterns without any threshold setffing. Through this method,
users can find patterns from ones with the highest frequency to ones with the k-th highest frequency regardiess of databases. In this
paper, we provide knowledge both on frequent and top-k patftern mining. Although fop-k frequent patftern mining extracts top-k
significant patterns without the setting, it cannot consider both item quantifies in fransactions and relative importance of items in
databases, and this is why the method cannot meet requirements of many real-world applications. That is, patterns with low frequency
can be meaningful, and vice versa, in the applications. High utility pattern mining was proposed to reflect the characteristics of
non-binary databases and requires a minimum threshold. Recently, fop-k high ufility pattern mining has been developed, through which
users can mine the desired number of high utility patterns without the prior knowledge. In this paper, we analyze two algorithms related
to top-k high ufility pattern mining in detail. We also conduct various experiments for the algorithms on real datasets and study
improvement point and development direction of fop-k high ufility pattern mining through performance analysis with respect fo the
experimental results.
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(Table 1) Characteristics of Real Datasets
Dataset ID| 1 Tog Size (MB)
Chain-store 1,112,949 468 72 60.60
Mushroom 8,124 119 2.0 092
A A 20%E 100714 Wskste Kol oig
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(£ 2) UP-Growthe| &3} QIA|X|
(Table 2) Optimal thresholds of UP-Growth

o Optimal Threshold
Chain-store Mushroom
20 0.2310% 15.9094%
40 0.1620% 154705%
60 0.1236% 15.2671%
80 0.1012% 15.0839%
100 0.0875% 14.9202%

J9 13 2= 2058 1007HA] ®skste Kol e vl
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(Figure 1) Runtime result (Chain-store)
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(Figure 2) Runtime result (Mushroom)
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&9, UP-Growth®] A3 AJ7to] Chain-storeE A}E-3
AFHT}E MushroomS AHERS @ o WEA vgton,
1 A3} TKU9e 435 =Fo]7F Mushroomoll Al O A &
oAtk 11 o]+ Mushroom H©]E 3}+e] Chain-store®]
Ha oS 2ys 548 Kol o] 2 3| wlo|d A
M o B $H sjese] A AHEste | o ¥
2 AYPANZE AEG7] wEolth

4.3. 22| A2 4524

1% 33} 4= Chain-store 18] 2. Mushroom®l] tall K=
20%-E] 100704 WstAIZ]l e 7t A9 WEE A
g Sl ik Axoltt. F . ¥AFFE, TKU 1
I UP-Growth, 2 24 ZAxol A K kel Z7to) whe} vl
B2 AR Eek SUskth B $o], TKUE UP-Growth
B 84 g2 Wi 29E 8= se, ol vl
& PE, NU, 18] MD A&l o 7] AAA7} 5
7¥aFRA 2t & 29] UP-Growtholl A AFE-% 27] JAX R
ok BA AAEY o B2 JRE AE 720l A7) ok
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©
g

Memory (MB)

(3% 3) 22| AkS2F 23t (Chain-store)
(Figure 3) Memory usage result (Chain-store)

g
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£ Chain-store?| A 5L & 2] HEES vlold 517] ¢
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¥ 33 4% Hlw ¢TYEE, TKU 183 UP-Growth,
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55 ) Y8 A5 TR A8 A5 Aotk &
39] Chain-storeell th&F A3 Azl A, TKUES 100E.th 2}
& K ol el mhold oA UP-GrowthE o} 4 ¢
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A2dskit. &gk SE Mol A4¥ TKUZF 1A &2
UP-Growth .t} €4 ¢ 2 FH 3" 43 2AS 573
4tk

o flo o

(% 3) MM 9 AZ 52 mfH Il (Chain-store)
(Table 3) Number of generated and checked
candidate patterns (Chain-store)

TKU UP-Growth

K | #Candidate #Valid #Candidate #Valid

Patterns Patterns Patterns Patterns
20 612 20 1,273 1,273
40 1,534 40 2,118 2,118
60 2,507 60 2,994 2,994
80 3,347 80 3,814 3,814
100 4,908 100 4513 4513

¥ (% 4) MM 9 AT 2 3i& 745 (Mushroom)
> (Table 4) Number of generated and checked
£ 0 candidate patterns (Mushroom)
H TKU UP-Growth
50 K | #Candidate #Valid #Candidate #Valid
Patterns Patterns Patterns Patterns
0 20 4,527,073 20 23,532 23,532
P 40 | 13545656 40 28,309 28,309
60 | 18611795 60 30,240 30,240
(O3 4) o=2| AkszF Z1t (Mushroom) 80 | 2737872 80 31,965 31,965
(Figure 4) Memory usage result (Mushroom) 100 | 39,780,745 100 33,733 33733
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