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Some Challenges in Clustering Analysis
Jiang Sheng-yi Wang Lian=i
(1. Cisco School of Informatics; 2. Library Guangdong University of Foreign Studies Guangzhou 510420 China)

Abstract: The aim of clustering is to help people find and recognize the unknown world so as to accu-—
mulate knowledge for us in real life. Clustering analysis is an important part for the majority of research—
ers in unsupervised leaning and is usually used as an analysis tool to explore the unknown data and its
regularity for many cross subjects. It analyzed the procedure of clustering and briefly surveyed the relat—
ed achievements. Moreover the problems of clustering algorithms in processing various data types high
dimensional data unbalanced data were concluded and the expansibility and the selection of evaluation
index for algorithms were also discussed in detail. At last some directions for future research were pro—
posed. The above work can give valuable reference to further studies of clustering and data mining.

Key words: clustering analysis; unsupervised learning; data mining

12
1
[ ”
3
: 2014-07-10
: (61202271) ; ( 14YJC870021) ;
('$2012B031400016) ; (2012KJCX0049 2013KJCX0069)

(19639



3 33
1142
4
2
Y AY TB /
5.
6 .
78 .
, 2.1
9 .
10
1967  MacQueen
K-means
¥ . K-means
0 1 K-means
( " Huang Joshua Zhexue
1 ) - K-modes
KRB0 Ak HE
4>( K O—> s
=/
mode mode
PR R 1546
A
K-means K-
B Y modes
Huang K-means  K-modes
1 17
K-prototypes
Fig. 1 Framework of Clustering Analysis
K-modes
1 6 K-prototypes
K-sum-

mary



34

31

2426

2.2

27

K-prototypes

2022

23

K-prototypesK-summary

28

JPCAZ ILPP® NPE .

32

3334

35
CMMF

»

W-K-means ** .EWKM 7 .FWKM *® .FCM *

40
k-means * .

2.3



NP ;
: DB- 50
SCAN. Chameleon
51
41 DBSCAN . 52 G-K-Means
53 54
42-43
42 . Tzortzis
METIS =
43 Graclus METIS
N 2.5
4445
46-47
4849
SSE . Cophenetic
2.4 stability .

SSE. stability |



36

31

Pradeep R Shubha S. A survey of clustering techniques
J . International Journal of Computer Applications

2010 7(12) :1-5.

Reddy B Ussenaiah M Mani M

et al. Literature survey

on clustering techniques J . Journal of Computer Engi—

neering 2012 3(1):142.
Xu R Wunsch D. Survey of clustering algorithms ]
2005 16( 3) :645-

IEEE Transactions on neural networks

678.

2008 19( 1) :48-61.
Sun J G LiuJ Zhao L Y. Clustering algorithms research
J . Journal of Software 2008 19( 1) :48-61.

J . 2010 21(8): 1878-1888.
Wang J] Wang S T. A dsouble-indexed FCM algorithm

based on hybrid distance metric learning J . Journal of

Software 2010 21(8): 1878-1888.)
Cilibrasi R L Vitanyi P MB. A fast quartet tree heuristic

for hierarchical clustering J . Pattern Recognition 2011

7

9

10

12

13

14

15

16

17

18

44(3) : 662-677.

Schaeffer S E. Graph clustering J . Computer Science Re—
view 2007 1(1): 27-64.

Dhanjal C Gaudel R Clémengon S. Efficient eigen-upda—
ting for spectral graph clustering J .
2014 131: 440-452.

Birant D Kut A. ST-DBSCAN: An algorithm for clustering

Neurocomputing

spatialtemporal data. Data & Knowledge Engineering

2007 60( 1) :208-221.

J. 2008 19( 11) :2791-2802.
Yi XS Hu S L Chen S C. Discriminative semi-super—
vised clustering analysis with pairwise constraints J .

Journal of Software 2008 19( 11) :27912802.

2009 26( 3) : 801-803.
Chu N MaLZ Wang Y. Research for clustering tenden—
cy J . Application Research of Computers 2009 26( 3) :
801-803.

J. 2012 27(3):321328
Wang ] Wang ST Deng Z H. Survey on challenges in
clustering analysis research J . Control and Decision
2012 27(3) :321328.
MacQueen J. Some methods for classification and analysis
of multivariate observations C //Proceedings of the Fifth
Berkeley Symposium on Mathematical Statistics and Proba—
bility. Calif Berkeley, s.n 1967 1(14): 281297.
Ralambondrainy H. A conceptual version of the K-means
algorithm J . 1995 16
(11): 11474157.

Huang J. A fast clustering algorithm to cluster very large

Pattern Recognition Letters

categorical data sets in data mining C // Proceedings of
SIGMOD Workshop on Research Issues on Data Mining and
Knowledge Discovery. Australian Canberra s.n  1997:
1-8.
Huang Z Ng M. A note on k-modes clustering J . Jour—
nal of Classification 2003 20(2): 257261.
Huang Z. Extensions to the k-means algorithm for cluste—
ring large data sets with categorical values J . Interna—
tional Journal of Data Mining and Knowledge Discovery
1998 2(3):283304.
k-means J .

2006 11:56-59.
Jiang SY Li Q H. An enhanced k-means clustering algo—
2006 11:

rithm J . Computer Engineering & Science



37

20

21

22

23

24

25

26

27

28

29

30

56-59.
Jiang S Song X Wang H et al. A clustering-based
method for unsupervised intrusion detections J . Pattern

Recognition Letters 2006 27(7) : 802-810.

J.
2013 49(1) : 133439.
Li X Jiang S'Y Zhang Q S. A dynamic density-based
clustering algorithm appropriate to large—scale text process—
ing J . Acta Scientiarum Naturalium Universitatis Pekin—
ensis 2013 49( 1) : 133439.

. Chameleon J.

2010 31( 8) : 16431646.
Jiang SY Pang G S Zhang L S. Enhanced chameleon
clustering algorithm J . Journal of Chinese Computer Sys—
tems 2010 31( 8) : 1643-1646.
Jiang S Pang G Wu M et al. An improved K-nearest—
neighbor algorithm for text categorization J . Expert Sys—

tems with Applications 2012 39( 1) : 1503-4509.

J. 2013 30(4):
10154016.
Xie YS Fan X P Liao ZF et al. Weight cluster fusion
algorithm based graph J . Application Research of Com-
puter 2013 30(4): 10154016.
Huang Z Ng M. A Fuzzy k-modes Algorithm for Cluste—
ring Categorical Data ] .
1999 7(4) . 446452.
Chen N Chen A Zhou L. Fuzzy K-prototypes algorithm

IEEE Transactions on Fuzzy

Systems

for clustering mixed numeric and categorical valued data
J . Journal of Soft ware 2001 12(8):11074119.

YuJ Yang M. Optimality test for generalized FCM and

its application to parameter selection J . IEEE Transac—

tions on Fuzzy Systems 2005 13( 1) : 164476.

2010 27(1) :2326.
He L. Cai Y C Yang Z. Survey of clustering algorithms
for high-dimensional data J . Application Research of
Computers 2010 27( 1) : 23-26.
Jain A. Data clustering: 50 years beyond K-means J .
Pattern Recognition Letters 2010 31:651-666
Scholkopf B Smola A Muller K. Nonlinear component a—
nalysis as a kernel eigenvalue problem J . Neural Com-
putation 1998 10( 5) : 12994319.
He X Niyogi P. Locality preserving projections C //Ad—

vances in Neural Information Processing Systems 16. Cam—

31

32

33

34

35

36

37

38

39

40

41

bridge MA: MIT Press 2004: 585-591.

He X CaiD YanS et al. Neighborhood preserving em-
bedding C //Proceedings of the Tenth IEEE Int Conf on
Computer Vision. Washington DC: IEEE Computer Socie—
ty 2005:208-213.

Jiang S Wang L. An unsupervised feature selection
framework based on clustering C //New Frontiers in Ap-
plied Data Mining Springer Berlin Heidelberg 2012:
339-350.

Mitra P Murthy C Pal S. Unsupervised feature selection
using feature similarity J . IEEE Transactions on Pattern
Analysis and Machine Intelligence 2002:301312.

Jiang S Wang L. Unsupervised feature selection based on
clustering C // The IEEE Fifth International Conference
on Bio-dnspired Computing. Theories and Applications.
China Changsha s.n 2010:263270.
J. 2013 4(8): 17984802.
Wang L X Jiang S Y. A categorical discriminate comple—

mental-based feature selection J . Journal of Chinese

Computer Systems 2013 4(8) : 17984802.
Huang ] Ng M Rong H

et al. Automated variable
weighting in k-means type clustering J . IEEE Transac—
tions on Pattern Analysis and Machine Intelligence 2005
27(5) : 657-668.
Jing L Ng M Huang J. An entropy weighting k-means
algorithm for subspace clustering of high-dimensional
sparse data J . IEEE Transactions on Knowledge and Da-
ta Engineering 2007 19(8): 10264041.
Jing L. NgM Xu ] etal Subspace clustering of text
documents with feature weighting K-means algorithm C
// Proceedings of the 9th Pacific-Asia Conference on
Knowledge Discovery and Data Mining. Berlin Heidel-
berg: Springer 2005: 802-812.

Fuzzy C
Mean I . 2006 29(10): 1797-
1803.
Wang L] Guan SY Wang X L et al. Fuzzy C mean
algorithm based on feature weights J . Chinese Journal of
Computers 2006 29( 10) : 1797-4803.
Chen X Ye Y Xu X et al. A feature group weighting
method for subspace clustering of high-dimensional data

J . Pattern Recognition 2012 45( 1) :434-446.

Jiang S Li X. A hybrid clustering algorithm C //1In:
Sixth International Conference on Fuzzy Systems and

2009 1:

Knowledge Discovery. China Tianjin  s.n



38

31

42

43

44

45

46

47

48

366-370.

J. 2009 37(5) :925929.
LiuM Wang X L Liu Y C. Clustering technology for
high dimensional data based on semantics ] . Acta Elec—
tronic Sinica 2009 37(5) :925-929.
Bilgin T Camurcu A. A clustering framework for unbal—
anced partitioning and outlier filtering on high dimensional
datasets C // Advances in Databases and Information

Systems. Berlin Heidelberg: Springer 2007: 205-216.

. 2008 20(8):
2119-2122.
LiZH Wang ST. Fuzzy clustering algorithm for categor—
ical data using quantum mechanics J . Journal of System

Simulation 2008 20( 8) :21192122.

2008 36( 12A) : 50-54.
Huang P F Zhang D Q. Weighted Laplacian clustering
algorithm J . Acta Electronic Sinica 2008 36( 12A):
50-54.
Yu] Yang M Lee E. Sample-weighted clustering meth—
ods J .
2011 62(5): 2200-2208.

Computers & Mathematics with Applications

Chen ] YangZ Yin]J et al. An incremental clustering
with attribute unbalance considered for categorical data

M // Computational Intelligence and Intelligent Sys-—
tems. Berlin Heidelberg: Springer 2009: 433-442.

I 2013 34(8):1809-
1812
Jiang SY Miao B Wang L X. Feature weighted cluste—

49

50

51

52

53

54

55

56

ring algorithm for unbalanced data J . Journal of Chinese
Computer Systems 2013 34( 8) : 18094812

J.

2007 28(2) :306-309

Jiang S Y. Cluster fusion algorithm based on majority vot—
ing mechanism ] . Journal of Chinese Computer Systems
2007 28(2) :306-309.
Badoiu M Clarkson K. Optimal core-sets for balls J .
Computational Geometry 2008 40( 1) : 14-22.

J. 2010 38(9):

20352041.
Qian P ] Wang ST Deng Z H. Fast spectral clustering
for large datasets using minimal enclosing Ball J . Acta
Electronic Sinica 2010 38(9) : 20352041.
Bagirov A Ugon ] Webb D. Fast modified global k-
means algorithm for incremental cluster construction J .
Pattern Recognition 2011 44(4) : 866-876.
Kalogeratos A Likas A. Dip-means: an incremental clus—
tering method for estimating the number of clusters C //
in: Advances in Neural Information Processing Systems.
USA Nevada s.n  2012:2402-2410.
Celebi M Kingravi H Vela P. A comparative study of ef—
ficient initialization methods for the k-means clustering al—
gorithm J . Expert Systems with Applications 2013 40
(1) :200-210.
Tzortzis G Likas A. The MinMax k-Means clustering algo—
rithm J . Pattern Recognition 2014 47:2505-2516.
Shamir O Tishby N. Cluster stability for finite samples

C  // Advances in Neural Information Processing Sys—

tems. Cambridge MA: MIT Press 2008: 1297-4304.



