KxXc—19

FEZMREDHREEX REAREMNDE) ARBAREBESE
PRk 24 4 5 H 25 HBUE

HEIES - 10101

HEIER  ABHWME (B)
WEZeHEARG : 1//8 ~ 1/00

REEHRS - 21300047

MEREEL (X)) BEEIETAI=2T

WHZesERE4 (%) Mining Structural Changes
Az E RO % (HARAGUCHI MAKOTO)

BEKRE - KERFEHRBPHER - R
MRERS : 40128450

MR OEE (Fn30)

ERMOBRRENEZ~ A = 7O BE L T 5. BEMICIE, EBXOAOFER, <5612

WA BN DTN T« T4 T T — %%iﬂ,iWﬁM®W&Tﬁm#éﬁﬁﬂ& g
TS, HREOREIICET HELGFIOHE 2 X MIXHLT 572012, BEETERIZD
DR 7 7 7B A7 U — 7 IROIEH, FEFHEBENGHEBE~OEE X mEICHEETE S
Tl FEOESL (Gumping emerging correlation change) 72 E&VEM L, 7 FHBIZ bk
Mz Rk L7z,

WRFERCR OB (330 -

We have targeted patterns of variables whose correlations get increased after an event,
while the correlations are uncorrelated before the event. To take into account positive,
negative and even partial correlations among variables, we adopt Kullback-Leibler
divergence for two contexts, before and after the event, and take their difference as the
measure of changes. To reduce the computational cost for set partitioning, we
implemented two strategies, Double Clique Constraints and Jumping Emerging
Correlation Change, and showed that the correlation change problem can be solved
efficiently even for large data sets.
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