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Abstract As we face huge amounts of varied information, data mining, which helps us discover hidden features or
rules from voluminous data systematically, has become more important [3], [4], [6], [7]. However, much data in real
world is dirty, including noises such as missing values or irrelevant values. The information mined from such noisy
data becomes incorrect. Whereat, assuming on the case where noises are mixed to data statistically, we represent
noisy data as a probabilitic model. We also propose the way to estimate frequent itemsets [2] on the noiseless data,
by probabilistic calculation using the noisy one. Besides, an algorithm using FP-tree [7],[12] is proposed in order to
mine them efficiently.

Key words Data Mining, Knowledge Discovery, Knowledge Management, Noisy Data, FP-tree
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5 661 752 | 99.24 | 87.23 | 92.85
6 389 386 | 99.23 | 100.00 | 99.61
7 174 175 |100.00 | 99.43 | 99.71
8 56 56 | 100.00 | 100.00 | 100.00
9 11 11 100.00 | 100.00 | 100.00
10 1 1 100.00 | 100.00 | 100.00

06 O00D00O0D000 (p=0.8,q=0.999)

Set | # of Itemsets

Size | True | Est |R (%) | P (%) | F (%)
1 468 468 99.79 | 99.79 | 99.79
2 | 15548 | 15646 | 99.09 | 98.47 | 98.78
3 2168 | 2211 | 95.85 | 93.98 | 94.91
4 1142 | 1228 | 97.46 | 90.64 | 93.92
5 661 746 99.39 | 88.07 | 93.39
6 389 402 98.71 | 95.52 | 97.09
7 174 176 | 100.00 | 98.86 | 99.43
8 56 56 100.00 | 100.00 | 100.00
9 11 11 100.00 | 100.00 | 100.00
10 1 1 100.00 | 100.00 | 100.00

07 000000000 (p=0.9,q=0.99)

Set | # of Itemsets

Size | True | Est | R (%) | P (%) | F (%)
1 468 466 99.36 | 99.79 | 99.57
2 15548 | 15623 | 98.39 | 97.91 | 98.15
3 2168 | 2202 | 97.42 | 95.91 | 96.66
4 1142 | 1172 | 97.99 | 9548 | 96.72
5 661 676 99.09 | 96.89 | 97.98
6 389 389 | 100.00 | 100.00 | 100.00
7 174 175 |100.00 | 99.43 | 99.71
8 56 56 100.00 | 100.00 | 100.00
9 11 11 100.00 | 100.00 | 100.00
10 1 1 100.00 | 100.00 | 100.00

0000000000000 0 10000000000 ooo
oooooooo 3,4, 5000000000000000A0
0O00¢O00D0D0D0OO0O0O000O0DOODOOO0O0OODODOO
ooo0o0ooO0o0o0ooOo0ooooooooooooooo
ooooooo
000OO00ooO000oooO0o00ooOoOOoOooooOoOoooo
0000000000 Recall, Precision, F-measure 0 0 0 O
oo00oo0o0oo0oo00ooooooo0ooooooooo

08 UD00O0DO0DOODOOOODODODODO (p=0.9,¢g=0.999)

Set | # of Itemsets

Size | True | Non Est | R (%) | P (%) | F (%)
1 468 494 100.00 | 94.74 | 97.39
2 | 15548 | 12939 | 83.22 | 100.00 | 90.84
3 | 2168 454 20.94 | 100.00 | 34.63
4 1142 64 5.6 | 100.00 | 10.61
5 661 7 1.06 | 100.00 | 2.1
6 389 0 0.00 0.00 0.00
7 174 0 0.00 0.00 0.00
8 56 0 0.00 0.00 0.00
9 11 0 0.00 0.00 0.00
10 1 0 0.00 0.00 0.00

09 0D0000000000000000 (p=0.8,g=0.999)

Set # of Itemsets

Size | True | Non Est | R (%) | P (%) | F (%)
1 468 494 100 | 94.74 | 97.3
2 | 15548 9167 58.96 100 | 74.18
3 2168 29 1.34 100 2.64
4 1142 1 0.09 100 0.17
5 661 0 0.00 0.00 0.00
6 389 0 0.00 0.00 0.00
7 174 0 0.00 0.00 0.00
8 56 0 0.00 0.00 0.00
9 11 0 0.00 0.00 0.00
10 1 0 0.00 0.00 0.00

010 0000000000 D0O000000 (p=0.9,¢=0.99)

Set | # of Itemsets

Size | True | Non Est | R (%) | P (%) | F (%)
1 468 500 100.00 | 93.60 | 96.69
2 15548 | 30013 | 100.00 | 51.80 | 68.25
3 2168 666 30.72 | 100.00 | 47.00
4 1142 71 6.22 | 100.00 | 11.71
5 661 6 0.91 | 100.00 | 1.80
6 389 0 0.00 0.00 0.00
7 174 0 0.00 0.00 0.00
8 56 0 0.00 0.00 0.00
9 11 0 0.00 0.00 0.00
10 1 0 0.00 0.00 0.00

Ooooaod

gobooooooobooooboooooobooooood
ooorpPO0O00O00000000O0000O0O0O00O0O0O0O
000000000 O0-XleggcOOOOOOOOOOODDDO
ooooooooooGgecooooooooooobooooDo
GCOOOoOOoOoOoOoOoOoooooOooooboooOoooono 3
gooorPOD00O0O0O00ODO0DOODODOOOOOOOFPO
gobooooooooooobooooooooooooog
ooooooooooooorpOOO0OOOCOOODDOO
gbobooooboooooboooooooobooo



Runtime Comparison
2000
1800
1600 ,\
< 1400
S 1200 |
° —&— Disc
g 1000
£ 800 |- \ —O— FP-tree
Z 600
400 5 \\A\
200 00— =
0 Il Il Il Il Il Il Il Il Il Il Il
Q N N} \} Q Q
Q"\ Qr} Qr'b Q(? Q,‘\ Q('b
Minimal Support (%)
03 0DOoooooo
6. O 0O0OO

000000000000000000000000000
0000000000 (1000000000010 0 Random-
ization 000 0000000000000000000000
0000000000000000000000000000
0000000000000000000000000000
ooooo

(| 0000000000000000000000000
0000000000000000 (1000000000 Ran-
domization 100 00000000000000000000
0000000000000000000000000000
0000000000000000000000000000
ooo

[0000D0000000D000000000000D000
0000000000000000000000000000
0000000000000000000000000000
0000000000000000000000000000
0000000000000000000000000000
00D00000000000000000000000000
0000000000000000000000000000
000000000000000000000000000
008 0000000000000000000000000
0000000000000000000000000000
00000D00000D00090([8 0000000000
00D00000000000000000000000000
000000000000000000000000

7. 0000

gobooooboooooooooboOooooooboooooon

gooooooooboooooboooobooooooooooo

oboooooooooooooobooobobooboboon

gobooooooooooobooooboooooooooo
gboooooooooboooooooOorPOO0Ob0ODOOOO
goboooooooooooboooooooobooooooo
gooooboooobooobooooboooobooooFPOO
goooobooooobooooooooboo
goboooooooboooooooooobooooood
goboooooooooooboooooooooooooog
gobooooooooooboooooooooooooa
gobooooooooooobooooobooooboboooooo
gboboooooooobobooboooboboboou pb gOOOO
goboooooooooooboooooooobooooooo
gbooooooooboocooooo

00 000D000000000000D000000000
00 (B)(#15300027) 0000000

g g

[1] http://www.almaden.ibm.com/software/disciplines/iis/

[2] R. Agrawal, T. Imielinski and A. Swami, “Mining Associ-
ation Rules between Sets of Items in Large Databases, ”
Proc. ACM SIGMOD International Conference on Manage-
ment of Data, pp. 207-216, Washington, D.C., USA, May,
1993.

[3] R. Agrawal, H. Mannila, R. Srikant, H. Toivonen, and A. I.
Verkamo, “Fast discovery of association rules, “ Advances in
Knowledge Discovery and Data Mining 1996, pp. 307-328,
1996.

[4] C. Borgelt, “Recursion Pruning for the Apriori Algorithm,
Proc. the IEEE ICDM Workshop on Frequent Itemset Min-
ing Implementations, vol. 126, Brighton, UK, Nov. 2004.

[5] A. V. Evfimievski, R. Srikant, R. Agrawal, and J. Gehrke,
“Privacy preserving mining of association rules, “ Proc. 8th
ACM SIGKDD international conference on Knowledge dis-
covery and data mining, pp 217-228, Edmonton, Canada,
Jul. 2002.

[6] G. Grahane and J. Zhu, “Fast Algorithm for Frequent Item-
set Mining Using FP-Trees, “ IEEE Transactions on Knowl-
edge and Data Engineering, vol. 17, no. 10, pp. 1347-1362,
Oct, 2005.

[7] J. Han, J. Pei, and Y. Yin, “Mining frequent patterns with-
out candidate generation, “ Proc. ACM SIGMOD Interna-
tional Conference on Management of Data, pp. 1-12, Dallas,
USA, May 2000.

[8] J.Liu, S. Paulsen, W. Wand, A. Nobel, and J. Pris, “Mining
approximate frequent itemsets from noisy data, “ Proc. 5th

«

IEEE International Conference on Data Mining, pp. 721-
724, Houston, USA, Nov. 2005.

[9] J. Pei, A. K. H. Thung, and J. Han, “Fault-tolerant fre-
quent pattern mining: Problems and challenges, “ ACM
SIGMOD Workshop on Research Issues in DMKD, Santa
Barbara, USA, May 2001.

[10] S. Rizvi and J. R. Haritsa, “Maintaining data privacy in as-
sociation rule mining, ” Proc. 28th VLDB Conference, pp.
682-693, Hong Kong, China, Aug. 2002.

[11] V. S. Verykos, E. Bertino, I. N. Fovino, L. P. Provenza,
Y. Saygin and Y. Theodoridis, “State-of-the-art in Privacy
Preserving Data Mining, ” SIGMOD Rec., vol. 33, no. 1,
pp. 50-57, 2004.

[12] J. Wang, J. Han and J. Pei, “CLOSET+: searching for the
best strategies for mining frequent closed itemsets, “ Proc.
9th ACM SIGKDD international conference on Knowledge
discovery and data mining, pp. 236-245, Washington, D.C.,
USA, 2003.



