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Frequent Subgraph Mining in a Long Sequence of Interval-based Events
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In this paper, we propose a framework to obtain useful structures or patterns from multi-dimensional time series
data. By regarding each time series as a node and by extracting similar subsequences between nodes as edges,
we obtain a long sequence of interval-based event, i.e. edges with time-interval. Frequent subgraph patterns are
enumerated from the obtained sequence by an extended subgraph mining algorithm. We confirm the effectiveness
of the proposed framework by preliminary experiments on financial data.
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for each ¢ € RMO(g)
if support(g’) > o Atimedif f(¢') < w then
glE"(G,P,g)

2: TNTY XL gIET

FEERIZIIHRAN T — & *t A U7z, 2007 4E5 5 2015 4£D
MTOEEI DB - 728 2200 HA DT —Xh 5, HAEAIZ 50
HEERL, R2HOMMzZ—2DORFIE L. 205 50 D
RFZ CrossMatch 7)V3) X4 (7] ZEAT 5 Z & THLER
NRFIOME L, FERE U THESND KL RV MRHT (R
13,444, 1 HEOXMA XY MDY 6.13, 7HK 23.27) %
EERT— 2 & Uk, EBRTIE, BNFE o € {10,15,20} &
KM w e {7,14,21,28} 2 24L&, EfTHFHIE S X —
U EER U, FREELICRT. BRIZBVLT, "~ iF1
LA FIZE DD S e o I 58 % £ T

FEEHEER LD, gIET CTlRBUNGRIE o 20 A ED & &1
R ZE w ITBRBRR SRR =i E N nZ E B0 0
5. —}, GERM' TIZB/NEFE o 2820 ML LD & STk
B w 2 {7,14,21} DL IR =V liiEhB Z e
Db, Fi, REZ—VBOE{ICELT gIET ¥ GERM'
RHBT 2L, WH LS IZFAROMEAND S Z & 2HARND.

B 312, BUNEFE o =10, HKEHEZE w e {7,14,21,28}
DEFEIZ, gIET 12X 0BONE ARV EOY 1 X GAD
B BONGERT. B&LD, V14 X5 R 6DNAX—Vh%
WEHAID D B Z DN 5.

1 EBKER
NE—=2E EITRHE (B)
w\o 0] 15 20 10| 15| 20
gIET
7 22 3 0 21 0 0
14 || 3241 35 0 54 1 0
21 || 34984 66 0 || 2100 | 1380 0
28 || 36260 | 32260 0 || 3180 | 2760 0
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14 || 25767 | 15254 | 6342 || 1018 | 781 | 961
21 - ~ | 13915 - ~ | 1050
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