S A ki o B =
LR U

CAAI TRANSACTIONS ONJINTELUIGENT] S"ﬁSfEM.

4

T RS E I 18] 7 5 R BR RN 34

FEIK, HIT%

FIHASLC:

CERER, Te 3544 FET R AR A N il P 1 D IBRL N A0 B, Y BE R Ge 4k, 2021, 16(3): 502-510.

LI Hailin, LONG Fangju. Association rules analysis of time series based on synchronization frequent tree[J]. CAAI Transactions on

Intelligent Systems, 2021, 16(3): 502-510.

FELE L View online: hitps:/dx.doi.org/10.11992/tis.202008012

L] RERGBR A HAN SO
TR B A P R i e PEA SR R

Personalized attraction recommendation based on the knowledge graph and users’ long—term and short—term preferences

BHEZR L. 2020, 15(5): 990-997  hitps://dx.doi.org/10.11992/is.201904064
FET TP R B 1 3 I IR R 42 4 A

Adaptive—association—rule mining algorithm based on determination coefficient

BB R Gi244]. 2020, 15(2): 352-359  https://dx.doi.org/10.11992/tis.201809030
— T Multi-Egocentric iz sl 5 # 1) 22 H bR A 1

A multi—object tracking algorithm based on trajectory reconstruction on multi—egocentric video

BHERG AR, 2019, 14(2): 246-253  hitps:/dx.doi.org/10.11992/tis.201709003
A Top—k X} H A A2 4

Mining Top—k non-redundant distinguishing sequential patterns

BIRER G4, 2018, 13(5): 680686  https://dx.doi.org/10.11992/is.201702019
ARG — SO L RT3 S LT SE

Research on a fast online computing algorithm based on three—way decisions with probabilistic rough sets

BIBE R G244 2018, 13(5): 741-750  https://dx.doi.org/10.11992/tis.201706047
O3 BER A I A BB R 50 B AR ) 2 i i

Dynamic time warping based on piecewise aggregate approximation and data derivatives

FHRER G2~ 2016, 11(2): 249-256  https://dx.doi.org/10.11992/is.201507064



http://tis.hrbeu.edu.cn/
http://tis.hrbeu.edu.cn/
http://tis.hrbeu.edu.cn/
https://dx.doi.org/10.11992/tis.202008012
https://dx.doi.org/10.11992/tis.201904064
https://dx.doi.org/10.11992/tis.201809030
https://dx.doi.org/10.11992/tis.201709003
https://dx.doi.org/10.11992/tis.201702019
https://dx.doi.org/10.11992/tis.201706047
https://dx.doi.org/10.11992/tis.201507064

%516 B4 3 ) O R & ¥
2021 4 5 ]

Vol.16 No.3

CAAI Transactions on Intelligent Systems May 2021

DOI: 10.11992/1i5.202008012

£ T [ 2 S 59 i i 8] 51 < B & U 53 47

S A
(LEFXFRFEERE, AE LM 362021; 2. £ H K5 AR A LT 5 REEFRL T o, 4% AT 361021 )

W OE: X2 ML Apriori MR ZAE UG K 5L (frequent pattern growth, FP-growth) /S B B3 % i [6] /7 51 %
P E A7 S T56 A 0 25 8 1749 ) 73, i M — 7 ] A5 4 A 55 15 (synchronize frequent tree, SFT) . | i Bsf [6] /5 571l A4 s} 1]
JE B — R, o BRI B R TR B[R S, K A0 (B 50 A R — BRI Rl A,
SR T S R E B ACHE, T AR A S T T T S A U K AR . F SFT Bk,
FH AT~ 3R 0 s N o T G0 B0 T IR A6 B, O EL7E 42 4 b A8 rp O £ 77 AR e e A S I (7558
AR AR YR A v SR Ay e PR e . 3 T T BN R SR M ) BB SE G R BH, SFT SRk T A8 &5
A HoA 5 AT LR A 45 R — 3, 764 G B AUAS [R] ) SRR 4oy, L) 52 20 BE AR L T X LL 3k o
KR BRF A Ltk or B I B 55 R 3RR ;M THAR ; [F) 2000 AR5 SCIBCRLIN] 5 B i) 2 e
FESES . TP311.13 XEIFREE: A  XEHS: 1673-4785(2021)03-0502-09

5 AR BN, £FH. B T RSN EFE 5 KBNS J). BEEREFR, 2021, 16(3): 502-510.
#1325 A#&3(: LI Hailin, LONG Fangju. Association rules analysis of time series based on synchronization frequent tree[J]. CAAI
transactions on intelligent systems, 2021, 16(3): 502-510.

Association rules analysis of time series based
on synchronization frequent tree

LI Hailin"’, LONG Fangju'

(1. Department of Information Systems, Huaqiao University, Quanzhou 362021, China; 2. Research Center of Applied Statistics and
Big Data, Huaqiao University, Xiamen 361021, China)

Abstract: In this paper, a synchronization frequent tree (SFT) algorithm is proposed to solve the problem that the clas-
sic algorithms apriori and FP-growth can not directly mine the association rules of time series data. By making use of the
time attribute of time series, which has one-dimensional characteristics, we define the trend item-position representation
method to represent the time series data, construct a basic tree for the first time series, and then find the information
between the leaf nodes of the tree and the list items by intersection, and then judge whether the item and all the nodes in
the branch constitute a frequent K itemsets. In the SFT algorithm, the memory occupancy of the data represented by the
trend item-location is better than that of the original data, and candidate frequent itemsets will not be generated during
the mining process, which makes the algorithm show better time performance in the entire mining process. Numerical
experiments based on commodity data and stock data show that the results of the SFT algorithm are consistent with the
results of the comparison algorithm, and what’s more, in all levels of data, its time complexity is better than that of the
comparison algorithm.

Keywords: time series; linear segmentation; trend item-location; transactionset representation; frequent itemsets; syn-

chronize frequent trees; association rules; time efficiency
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Table 4 Time consumption of six algorithms for mining frequent itemsets s
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