The 20th Annual Conference of the Japanese Society for Artificial Intelligence, 2006

3A3-4
Jobogoboobuobogobogoooonod
Joboboboobuobouoooon

Discovery of Hidden Correlations Based on Differences of Correlations in a Local Transaction Database
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Given a transaction database as a global set of transactions and its local database obtained by some conditioning
of the global database, we consider pairs of itemsets whose degrees of correlation are higher in the local database
than in the global one. A problem of finding paired itemsets with high correlation in one database is already
known as Discovery of Correlation, and has been studied as the highly correlated itemsets are characteristic in the
database. However, even noncharacteristic paired itemsets are also meaningful provided the degree of correlation
increases significantly in the local database compared with the global one. They can be implicit and hidden
evidences showing that something particular to the local database occurs, even though they were not previously
realized to be characteristic. From this viewpoint, we have proposed measurement of the significance of paired
itemsets by the difference of two correlations before and after the conditioning of the global database, and have
defined a notion of DC pairs, whose degrees of difference of correlation are high. Since the measurement of DC
pairs is nonmonotonic, DC pair mining problem is difficult. In this paper, for our difficult problem, we show DC
pairs can be found efficiently by using properties of closed itemsets.

gobooooooooooooobooooboooobooon

1. OO0

00000000000D0000000000000000
0000000000000000000 (10000000
000000 (00)[3,60000000000000000
0000000000000000000000000000
0000 40000000000 (00000)00000
000D000000D000000000 (00)000000
oooo

0000000000000000 (00)0000000
0000000000000000000000000000
0000000000000000000000000000
000000000000 [700000000000000
0000000000000000000000000000

00000000000000000000000000
00000 1000000000000000000000
0000000000000000000000000000
000000D0000000000000000000000
000000000000D0000000000000000
0000000000000000000000000000
0000000000000000000000000000
0000000000000000000000000000
000000000 DCpair 0000000000 DC pair
00000 DCpair 0000000000D00000000
0o [9, 10, 11]0

000O0DC pair 000000000000000000
0000000000000000000000000000
0000000000000000000000000000
0000000000000000000000000000
0000000000000000000000000000
00000000 DCpair 000000000000000

000:000000000000000000000 060-0814
000000 1400 9000 TEL(FAX):011-706-7161,
E-mail:tsuyoshi@kb.ist.hokudai.ac.jp

00000000000 DCpar 00000000 OOOO
oboooooooooboooobooooobooooooo
goooooooooooooboboooooooooooon
gooooooooobooooooooooooboobooo
gooooooooooooooooooooooooooon
goboooooooobooooooooooboooooooon
O00000000O0DCpair 0000000 OOOOOOO
gooogd
goooooooobooooboo2.0000b00000
O0000000oooooo03. 00000 DC pair 00
OO0O00D0D0OO0ODCpair0000O0O00O0DOOO4.0000
ODCpair 000000000 OOOOODOOODODOOOOO
gbobooboooobooooboooobooos. boo
goboooooboobooboobooboooboooobog
goboooooboooooooon

2. 00

I = {i1,is,...,in} 000000000000 IOOOO
OXclioooooooooooooooooooooo
goopoOoboo0obOoOoooobOooboooooooon
gboooboooocooooooobooboboobooooon
OX ctOoooooooooooo +ooooooo x0Oo
oooooooooooooooooooo DDoboboOoOono
OX0OO0oOoopoOooUO xooooooooooooo
0000(X,P)000000(X,D) ={tft e DAX Ct} O
000000000DDPO0O00O0 XUOOOD PX)OOOOO
P(X)=|0(X,D)|//[p|0OOO0DOO

oooooo coooocCcoooo pUoOoOoOoOooOoO
00 DeO0O000O0DOOOOD COOOOOOODOOOOO
000000 De=0(C,P) 000000

gobobhobo0oXxXOoyvyOooooooooooooooooboo
DOOU0OO XOYOOOcorrel(X,Y) OO correl(X,Y)
P(XUY)/P(X)P(Y)OOODOOOOOODO0OO De O



The 20th Annual Conference of the Japanese Society for Artificial Intelligence, 2006

0000D. 0000 XOYODOOO correle(X,Y)000
00 correle(X,Y) = P(X UY|C)/P(X|C)P(Y|C) 00O
000000000 PO P.00000000000000
000D00000D000000000000000000
OO0Ocorrel(X,Y)>10000 X0 YOOOOOOOO
00000000000 P(X|Y)>P(X)000000000
OO0D00P(Y|X)>P(Y)DOOODOOODOOOOOO0OODO
000D0O00Ocorrel(X,Y) < 100000000 XOVY
00000D0000D000000

GCGE CX,0G=0CG)=0X)0000000 ¢
0000XOO000000000GO X000006'0G
0ooooooo

3. DCpairddg

OO000O0OODCpair DCpair0O0OODOOODOOOO
gooog

oobo00oo0O XO0yOoooooooroobooooooo
gooooOoooooooooooooooOoooOor»booon
gobooooooooobooooooooooooooooo
oo0oooooOooooocoooooooooooooodg
gobooooooooboobooo

correlc(X,Y)

correl(X,Y)

P(X)P(X|CUY)

9(X,¥;0) = PXY)P(XC)

(1)

p(>1)00000000000000000¢(X,Y;C)>p

0000000 X0YOOOOO00O00000000000
0000000000000() 0000000000000
0000000000000000

P(C)P(C|X UY)
AT BTV (2)
P(CIX)P(C]Y)

(20 cOooOoO0UOO0OO0LDOOOUOOODOOOOOOO
Ooob0oooooooboooooooood

9(X,Y;C) =

correl(C, X UY)

X,Y; .
(XY correl(C, X)correl(C,Y)

C)= (3)

(3)0000000000000000g(X,Y;C)0000
00000000000D00000000000000000
0000000000000000000000000000
0000000000000000000000000000
000000000000000000000000000
000000000000000000000000000
ooo

00000000000000 ¢00000correl(C,X) < e
0000000 XO0O0O0OO0O00000000000000
0000000000000000g(X,Y;C)000000
0000000000000000000000000000
0000000000000000000000000000
0000000000D000000000000000000
00000000000000000000

00 1. DC pair 0000
COO00000000O00O00DOuUoOg. p0edonoooO
00,DC pair 00000 ¢g(X,Y;C) > p, correl(C, X) <
ed correl(C,Y)<eO00ODOODOODO0OO0 XOYOOOO
goooooooo

0000000000 XuY O DCpairOOOOOOOODO
00O00XO0Y O DCpairOOODODODOOODOODOO

4. 0O0gbOOO

OO00000DCpair00OOODO0ODO 20000000
OO0O0ODCpair00O0O000O

goooooboooooooon
correl(C,X)<e00000000D0O0 XOOOOOO
goboooooooooooonn

DC pair00 0000
oo0oooO0ooo0oooooooooooooo
g(X,V;C)>p00000000000000

goooooooooooooooooooooooboboo
goooboooooooooooooooooooooooon
gobooooooon

4.1 0OOOD0OOODOOOO
goooooooooooboboobboooooooobobo
0o00ooUoooooooOoooooooooooo (2,12
gooooooocoooooooooocooooooooon
goooooooooooooooooooooooooon
ooooooobooooooooooobooooooooon
gooooobooboooboooooooobobooooooon
gooooooooooooooooboooooooooooo
goboooooooooooobooboooooboobooooo

4.2 0000O0OO0OOOCODO

gooooooooooooboooooooboooobo
gooooooboobooobooooooooboooooooon
gooboooooooooboobooooooobobooooooon
goboocooooon

goood

00000 (O0000)XD000000 Z(X C 2 C 2)
0000000 P(CuZz) >¢€-PX)DDODODODOOODO
000000 Z0 X00000000000000000
€=PC)-e0000O

0000000000000000000000000 De
0000 XO0O0OO0O000000X00000 Z0ooooo
000000000000 ZOOOOOOO0O00000000
max-miner J00000 [2]00000000000000
0000000000000000000000000000
00000000000000000000000000 (0
0000000000000)00000X00000000
000000000000 0¢til(X)00000000000
X0000000D0007T(teil(X)) 0 teil(X) 000000
0000000000000000000000000000
00000000000000000

ooooooo
000000 X0 Z=XUT(teil(X))0ODOP(CUZ) >
¢-P(X)0000XOO0O0D00O0D0000000

4.3 DCpair00000000D0OOO
O00000DCpair 000000000000 0O0O0OOO
OO0D0O0ODCpair 000000 DOOOOOO0OOOCOOOOO
gobooooboooooooOooobooooooooboobooooboo
gooooooooooooooooobooocooooooon
gobooooboooooooon



The 20th Annual Conference of the Japanese Society for Artificial Intelligence, 2006

00000000000 X,YOOOOO(X,De) = {t|t €
DeAX Ct}0000¢te OX,De)0000Y CtO0 ¢
0000000000YDODOO0OOO0000000000000
O(X,D;) 000000000000 JOODODOY O JOO
0000000000Y 000000000000

000000000000000000000X0 YO DC
pair 0000000DC pair 0000000 XUy OODODO
0000000000000000000000000000
XO0DO0O00ODOOOOO0O0000000 X0000o0oo
00000 YOOOOOOOO0O0Y DO X0 DCpair0000
0000000000000000000000000000
0000000000000000000000000000
0000000000000000000000000000
0000000000000000000000000000
000D00D0000000D000000000000000

000000000000000000000000000
0000000000000000000000000000
0000000000000000000000000000
00000DC pair 0000000000000000000
0ooooooo

4.4 (O0O000OOOOOOOOOOd

gobooooboooobooooobooboooboobooooono
goooooboooobooooooooooooboooooooon

udooooooobooooooooooooobooooa
gooooobooobooooooooooooooooooon
0oo00oO0o0o0oo0oU0ooo0OoD 12oooooooo
gooooooooooooooooooooooooooon
goooooooooboooboooooocoooooooooon
gooooooobooooooobooooooooooboooooo
gooooooooooobooooooooooooooo
gobooobooooooooboooooo

0000000000000 000O0O0DCpair00O00O0O
00000000000 O00000DC pair00O0O0O0OO
oo0ooOoo0oO0oOoO0oo0oOoO0oOoooOoOooog DO
pair0000000OO0O0O0OOOOOCOOOOOOOOOOOO0
oooooooooooooooo NOOOOooooooo
goooooooooooooooooooobooooooon
gbooooooboooobooooobooboboooobooon
gdooooooobooobooobooocoooooooooon
000000 DCpair 0000000000 OODOOOOO
DO0O0ODCpair000O0O00OOODOODOOOOOOOOOO
gooooboooooooobooooooooooooooo
O00000O0000ODCpair000CO0O0O0DODOOOOO
ODCpairO000ODCpair000O0O0O0O0O0O0000O00O0O
gooooooooboooboooooooooooooooon
OoO0ODCpair00 00O

5. 0O

ooooobooooobooooboooooooooooooa
0000000000000 ooooooOoooooDC pair
gobooooboboooooooooooboooooooon

5.1 OJUOOoooooOog
000000 Entree Chicago Recommendation Data 0O O
000000000000 (IPUMS)[8]00000000000
Entree Chicago Recommendation Data O UCI KDD
Archive 5| 00000000000 1000000000
0 Atlantad Boston 0O OO0 0000000 DOOOOO0O 8

000000000 0o0oooooooog8oooooooo
dooooOoOoOooooo pOOO10000O0DOOOOO
ooooooouooooooooO cOoUooooooooooo
DOO0OOOOOCOCOOOUOUOODeODOOOOODOODO
JodooDoODoOoOoOO0ooOooooooog 2000000
000000 4e600000000000000O

IPUMSOO0OOOOOOOOOOOO 2000000 20030
OO0 O 0O”American Community Surveys’0 0000000
370000000000000000IPUMS data extraction
system OO0 0000000000 OOO0OOOOOOODOO
0000000000000 000000UOOO Washington
0000 19800019900 020000 000000000000
00000000ooooooooooooooooooog
198000 199000199000 20000000 000OOCOOO
gopoOoooo31oooonoooonworedT0O0ooooog
O0000o0o0oo0ooo0oo 199000 2000 0000 DC pair
000000000000000000000o0ooooog
0000000000000 B1Oooooooooooooo

000000000 cooooooooooooog 1.00
GB RAMOXeon 3.60 GHz OO0 0 O00OO0OODOOOOO PC
gooooo

5.2 JUO0OOOOOOoOooOoObOOO

0120 IPUMSOO0OO0OCOOODOOOCOOQDOOEnNtree
Chicago Recommendation Datea 0000000000 0ODO
0000oogooooooooooooood

Jooodooogoooooo

Jodoo0oooooooo0ooOoOoOoOoOoOoOooooooo
00oooooooooooooOoooooooooooon
00oooooooooO0oooooooooooooooon
Oo00dooooooooooooooooooooooon
J0000000d00o0o0ooooooooooooooog
J00oooooooooooooooOoooooooooon
00ooooooooooooooooooogoooooon
oooooooooooo

0100000000000DoooOdDoooOogoooo
go0fdddoodoooobooooooooooboooooon
J0o00o0o0odoOo0ooU0oooooooooooogon
00o0o000o0oooooooDoooooooooooon
00ooooooooooooooooooooooooon
doo0o0o0oooUooUoooooooooooogon
0000000000000000000d0 Entree Chicago
Recommendation Data 0000 0000000000000
0000000 00o0oo0oooDOoooooooooogn
doooo00Ooooooooooooooooooooon
0o00ooooo0Ooooooooooooooooooon
00odoooooooooogdoooooogoooooo
oooogoo

DCpair00 0000
020000000000000000U0DODOoOOOOOO
DCpair 00O ODOOOOOODOCOOODOOOOOODO
00000 DCpair 000000000 DODOOOODODOOOO
Entree Chicago Recommendation Data 000000000
oooooooooooipPUMSOOOOOOODOOOOOO
O000000ooooooooIipuMSO0O0OOOO 1980
1990 censusJ 19902000 census O OO0 OO0OOOOOO
16854006796 000000000 DOO 631900228100



The 20th Annual Conference of the Japanese Society for Artificial Intelligence, 2006

p=2.0,e=0.35

1980-1990 census

1990-2000 census

00000 [ 00 (sec) |

00000 | 00 (sec)

ooooo 1229553 | 350.532 [ 1347128 | 402.922
0000 1093019 [ 267469 [ 1099774 [ 299.063
000000 658653 | 197.797 734137 | 234.875
ooooo I 29106 I 8244 \

Oo1l1.gobooobooooboboooboooboooobooooooobbooooboooDo

1980-1990 census

1990-2000 census

00000 [ 00 (sec) |

00000 | 00 (sec)

000000 985158 49.547 323825 13.657
000000 383237 10.781 77063 3.328
DC pair I 16854 I 6796 \

02 DCypair 0000000000000 O0O0O0OOOOODODOOOOO

00000000 00DoOo0ooOooOo0ooOU Entree
Chicago Recommendation Data 0000000000000
oooo0oOooOoooooooooooooooooooog
oo0o00oooo0o0oooooooooooooooooo
O0000000DCpair 00000000000 OODBOO
0000o0o0o00o0oUoo0ooUoOoooooUoooog
O0000O0DCpair000O00O0DOCOOOOODOOO
oooog

6.

gbooobooobg

goooooboooooooooooooooobobooo
0000000o0oooO0ooo0o00000000 DC paird
gooooooooooooooooobooOoooooooo
gobooooooooobooooooooboobooooaono
gooooobooooooooooooooooobooooan
go0o0oODOOo0oOoooOooooooOooooDO DC pair
0000000000000 O0O0 DCpair000O0O0O00OO
goooooooooboocooon

gooo

(1]

2l

3l

(4]

(5]

R. Agrawal and R. Srikant, Fast Algorithms for Mining
Association Rules in Large Databases, In: J. B. Bocca,
M. Jarke and C. Zaniolo (Eds.), the 20th Int’l Conf. on
Very Large Data Bases, Morgan Kaufmann, VLDB’94,
pp. 487-499, 1994.

R. J. Bayardo Jr., Efficiently Mining Long Patterns
from Databases. In: L. M. Haas and A. Tiwary (Eds.),
the ACM-SIGMOD Int’l Conf. on Management of
Data, ACM Press, pp. 85-93, 1998.

S. Brin, R. Motwani and C. Silverstein, Beyond Mar-
ket Baskets: Generalizing Association Rules to Cor-
relations. In: J. Peckham (Ed.), the ACM SIGMOD
Int’l Conf. on Management of Data, ACM Press, vol.
26, no. 2, pp. 265-276, 1997.

G. Dong and J. Li, Efficient Mining of Emerging Pat-
terns: Discovering Trends and Differences. In: the 5th
ACM SIGKDD Int’l Conf. on Knowledge Discovery
and Data Mining, ACM, pp. 43-52, 1999.

S. Hettich, and S. D. Bay, The UCI KDD
Archive, Department of Information and Com-
puter Science, University of California, Irvine, CA,

http://kdd.ics.uci.edu, 1999.

[6]

[11]

[12]

S. Morishita and J. Sese, Traversing Itemset Lat-
tices with Statistical Metric Pruning. In: the ACM
SIGACT-SIGMOD-SIGART Symposium on Database
Systems, ACM, PODS 2000, pp. 226-236, 2000.

Y. Ohsawa and Y. Nara, Understanding Internet Users
on Double Helical Model of Chance-Discovery Process.
In: the IEEE Int’l Symposium on Intelligent Control,
IEEE, pp. 844-849, 2002.

S. Ruggles, M. Sobek, T. Alexander, C. A. Fitch,
R. Goeken, P. K. Hall, M. King and C. Ronnander,
Integrated Public Use Microdata Series: Version 3.0
[Machine-readable database]. Minneapolis, MN: Min-
nesota Population Center [producer and distributor],
2004.

T. Taniguchi, M. Haraguchi and Y. Okubo, Discov-
ery of Hidden Correlations in a Local Transaction
Database based on Differences of Correlations, In: P.
Perner and A. Imiya (Eds.), Machine Learning and
Data Mining in Pattern Recognition, Springer Verlag,
Inai 3587, MLDM 2005, pp. 537-548, 2005.

T. Taniguchi and M. Haraguchi, An Algorithm for
Mining Implicit Itemset Pairs based on Differences of
Correlations. In: A. Hoffmann, H. Motoda and T.
Scheffer (Eds.), the 8th Int’l Conf. on Discovery Sci-
ence, Springer Verlag, Inai 3735, DS 2005, pp. 227-240,
2005.

T. Taniguchi and M. Haraguchi, Discovery of Hidden
Correlations in a Local Transaction Database based on
Differences of Correlations, P. Perner (Issue Ed.)* Ad-
vances in Data Mining” , In: Engineering Applications
of Artificial Intelligence, ISSN 0952-1976, Elsevier, (to

appear).
T. Uno, M. Kiyomi and H. Arimura, LCM
ver.2: Efficient Mining Algorithms for Fre-

quent/Closed/Maximal Itemsets. In: R. J. Bayardo
Jr., B. Goethals and M. J. Zaki (Eds.), the IEEE Inter-
national Conference on data mining, 2nd Workshop on
Frequent Itemset Mining Implementations (FIMI'04),
CEUR-WS.org, CEUR Workshop Proceedings, vol.
126, 2004.



