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Recent Advances of Data Mining in China
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Data mining is concerned with the process of discovering novel, non-trivial, and
potentially useful knowledge from large-scale data sets. Because of its broad applications
to various domains, the field of data mining has attracted tremendous attention from both
academia and industry. In recent years, Chinese institutes have made significant
contribution to the research frontier of the data mining community. This report
summarizes the recent advances of data mining research in China in respect of theoretical
foundations, social network mining, and big data mining. We highlight recent publications
by Chinese research groups in the top venues of data mining research. Compared to the
developments in leading international research groups which emphasize on theoretical and
interdisciplinary research, data mining research in China present a focus on practical real
world applications. In general, there is a significant trend of data mining research towards
social networks and big data, which provides a considerable opportunity for Chinese

researchers to establish novel research directions and to make a broader impact.
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KUK, WTREMZRIR AR 2, PEUZ PR3 MTUINE 8 LU N . 25 B K24 1R 5k
T R A5 NATEFH Do 30y 4 4 20 S b 2 TE) IO HOBOR 2R, 34 22 b ST 1) oy il A — 2R
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ENI 5 SN D S Kl VS 1D ST N M PN SR YIS B BRSPS il
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R EREBE L, FHAWHITSEVEM RN . AbAE4 A CIf ) 7E 2tk A2 W45 1) vt
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S b, A T AL AT b TR T O A I R 2% AR L. Al T AL
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SRS A T AR A AR K 22 ¥ Jure Leskovec 5 NAEAE RVL G 7 A T
KB TAE, TR, JUFRHERE bR Z 2, Jure Leskovecss A 1 SCEHAT
EIVEERVC 6 3l N oc s LB A (o SN RS o i P P 81 7 R PN e o i
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R 5RO A s K LB 28 22 5 Rt P BTk 1 L F SO L T R A A
IR ZIAIR, (D6 TS D4 AR L (R N 4 £ S R e A SR e =
PRI My o AR, DU AN A FH P58 125 Sk PR3 T 1 SC I i A 1
KT T (R . BRIEZ A, 8 10 2% R 5% ) DA L % DX A5 PR35 1 o
T ST4 T B S R 0 S0, 1] S 0 TR R 2 A 50 90 48 B0 PR A 20



RAMGUERII PR, B2 B2 i A LS - P
HARR U, G A2 40 E b2 i KDD FIRAE R R SCaiTkE, —J7,

B 12 0 b i 2 BSOS B I, JUHAAR DA 5 A R R ST T
L2 mUI a1, Bl o e vk 5 1 U7 ok DX B B T B AR Ok AR

(causality) MIZCHEKF (correlation), I Bt B2 (K S50 2B HL ™ BB AL A
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