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Cluster ensemble selection using voting

Alireza Latifi-Pakdehi & Negin Daneshpour”
Faculty of Computer Engineering, Shahid Rajaee Teacher Training University, Tehran, Iran

Abstract
Clustering is the process of division of a dataset into subsets that are called clusters, so that objects within a
cluster are similar to each other and different from objects of the other clusters. So far, a lot of algorithms in
different approaches have been created for the clustering. An effective choice (can combine) two or more of
these algorithms for solving the clustering problem. Ensemble clustering combines results of existing
clusterings to achieve better performance and higher accuracy. Instead of combining all of existing
clusterings, recent decade researchers show, if only a set of clusterings is selected based on quality and
diversity, the result of ensemble clustering would be more accurate. This paper proposes a new method for
ensemble clustering based on quality and diversity. For this purpose, firstly first we need a lot of different
base clusterings to combine them. Different base clusterings are generated by k-means algorithm with random
k in each execution. After the generation of base clusterings, they are put into different groups according to
their similarities using a new grouping method. So that clusterings which are similar to each other are put
together in one group. In this step, we use normalized mutual information (NMI) or adjusted rand index (ARI)
for computing similarities and dissimilarities between the base clustering. Then from each group, a best
qualified clustering is selected via a voting based method. In this method, Cluster-validity-indices were used
to measure the quality of clustering. So that all members of the group are evaluated by the Cluster-validity-
indices. In each group, clustering that optimizes the most number of Cluster-validity-indices is selected.
. Finally, consensus functions combine all selected clustering. Consensus function is an algorithm for combining
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existing clusterings to produce final clusters. In this paper, three consensus functions including CSPA, MCLA,
and HGPA have used for combining clustering. To evaluate proposed method, real datasets from UCI
repository have used. In experiment section, the proposed method is compared with the well-known and
powerful existing methods. Experimental results demonstrate that proposed algorithm has better

performance and higher accuracy than previous works.

Keywords: Ensemble clustering, select member, validity index.
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Algorithm 1: Grouping
Input: matrix GSC;
Output: Vector group_label;
Begin
Vector Obtained NMI;
fori—1ton //n is number of clustering
for j«—i+1 ton
Current NMI«—NMI(GSC (j) , GSC (1));
If Current NMI>=Obtained NMI(j) and j!=i
Obtained NMI(j) «—Current NMI;
Index « j;
end if
i and index are given same group label;
end for
End for
End Algorithm
G095 i yeSdl (V- i)
(Figure-2): Grouping algorithm
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Algorithm 2: Selection
Input: Matrix GSC, Vector group_label;

Output: Matrix RGSC;

Begin

For each group repeat
y1 «— index of clustering that obtains min DB value
y2 < index of clustering that obtains max CH value

y3 «— index of clustering that obtains max SI value
ya4 <—index of clustering that obtains max SNMI
value

Y «mode (y1, y2, y3, ¥4);

Add GSC(Y) to RGSC

end For
end Algorithm

il ity oS (Y - JSi2)

(Figure-3): Selection algorithm

S ool GSC s jlo bl a2p,sSI1 (6395
oSl Cnl ;e (6995 Sl adsl slaganatgs g5l
L guinadgs o aas oo ylid a5 ol group_label s
A Sl 48 )15 09,5 Sy 50 (GaadeS plas
09,5 Says s ol o G ez &S o
o, =9, group_label loy adlg,s (a5l I3
Lol (509,85

oS Gl RGSC oy silo ol o2y 55 g,
ol sl bl anl 3 sl e b gandadss dcgese
DS 50 oSy Jes plal jslaieay Bl falS degaze
S n B ezl ey

OS5 b o o 4 sl dil Sy oy oI gl B
&3, 1, SNMI 4 ST .CH DB) ¢S bl slo asls
Sl (p FledaSl g Jlool baganadss jlog )5 S0
.A,SGA WBLSIRGSC s jile a5 g 00,5 Ll |y 09,5 o

09,5 2 3l saiady> (n FludSh QL Joe
ol 09,8 2 0 ol a5 cul & ol @ (V) S
O8> 00,5 e ) batls &5 glananss
ol aS coi i pla w8 o8 yu By slo e
Y1 o9y 4l 1) DB jlade (p eS a5 (glganadies
090 amils [ CH jladie ¢y flis a5 glgaialss o]
asls 1y SI Jade oo mien oS glloanddss sail cy2
PR &S Glsanabes sl Sulys 5 Y3 09)0
Gl 558 8) 3,05 o 5,3 ya 0y9ys axls |, SNMI Jaie
9 DB jo 1) jlade (e (gaialss (et SL a5
s (s aalgn o asls Lo yo |, Jlade o T
69, Gl 13 s (aslo e L) 65T, Jos sl L

"Mode

YA 2be F o)l \YAY Jlo

§



£

S5 61D )l o3l by (1S )5 (S dgd ) s )3 sbacl bkl

.

&

qwapd o 18 o plp |y Kmax dls eyiws o k
odlsdcgame 1O S9>ge (sladiges Slawi il N aS s ebay
ag car daiiles] s s [38 17 ,10] el
S5l stolar &0t laadiss slass gl slaganalgs
Gk eolgiin (g, 50 Lo sl sads Gl asine &5
clazl 2l 4y Colgsye a5 slaganades slasd s 4

ROV PRI IPPE N

oslsacgozmo o 539 :(1-J9uz)
(Table-1): Feature of datasets

Slawy Slazi
Az Slaxs 03l34s goxo Qo)
Aigod g
178 13 3 Wine 1
270 13 2 Heart 2
208 60 2 Sonar 3
47 35 4 Soybean 4
106 9 6 Breast tissue 5
214 9 7 Glass 6
569 30 2 WDBC 7
336 7 8 Ecoli 8
846 18 4 Vehicle 9
2310 19 7 Segmentation 10
6435 36 6 Sat. image 11
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(Table-2): Accuracy comparison on CSPA

SR CAS ARISelective NMiSelective Full odldac gosxo K9,
70.65 71.04 70.39 71.12 70.16 Wine 1
70.31 71.23 73.19 73.61 70.85 Soybean 2
60.44 59.79 60.55 60.22 59.77 Heart 3
54.25 56.29 57.69 57.59 56.44 Sonar 4
80.01 82.34 84.35 84.35 84.20 WDBC 5
41.01 40.60 40.93 40.98 40.74 Glass 6
43.61 42.70 43.49 42.54 42.26 Breast tissue 7
47.96 47.79 48.77 48.48 48.06 Ecoli 8
39.01 38.70 38.93 39.48 38.78 Vehicle 9
57.98 59.76 60.77 60.13 59.65 Segmentation 10
60.76 62.63 64.98 64.87 64.45 Sat. image 11

MCLA (59, <3 dun o :(¥- Jgaz)
(Table-3): Accuracy comparison on MCLA

SR CAS ARISelective | NMISelective Full osloas gosxo Ko,
71.97 72.34 7247 72.47 72.47 Wine 1
71.29 72.63 74.68 73.40 72.97 Soybean 2
60.51 60.08 60.96 60.77 60.22 Heart 3
56.15 55.94 55.86 57.45 56.73 Sonar 4
79.43 81.07 82.39 82.35 80.35 WDBC 5
45.64 47.25 49.67 50 47.42 Glass 6
41.77 40.38 40.47 41.69 39.24 Breast tissue 7
51.26 53.10 53.60 53.51 53.33 Ecoli 8
42.79 43.34 43.97 44.23 43.38 Vehicle 9
61.48 60.71 62.96 62.34 60.65 Segmentation 10
68.34 65.45 68.88 67.62 67.30 Sat. image 11

HGPA (59; <85 duun o :(F- Jgu)
(Table-4): Accuracy comparison on HGPA

SR CAS ARISelective | NMISelective Full o3ldds gosxo 9o,
72.12 72.55 72.47 72.47 72.69 Wine 1
73.08 72.70 73.40 74.04 72.97 Soybean 2
60.02 60.28 60.66 60.62 59.14 Heart 3
58.11 57.76 57.74 58.94 58.75 Sonar 4
81.88 83.02 84.48 82.79 83.30 WDBC 5
38.34 37.70 38.45 38.27 37.66 Glass 6
40.14 39.87 40.37 39.52 38.39 Breast tissue 7
51.23 49.72 52.41 52.85 52.17 Ecoli 8
39.54 39.26 41.56 40.84 40.25 Vehicle 9
60.97 61.12 61.97 61.74 61.34 Segmentation 10
65.97 65.36 66.45 66.97 64.43 Sat. image 11
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(Figure-4): Cluster error rate for different consensus functions

HGPA

microarray data analysis," Artificial Intelligence
in Medicine, vol. 45, pp. 173-183, 2009.

[8] S. Mimaroglu and E. Erdil, "Obtaining better
quality final clustering by merging a collection of
clusterings," Bioinformatics, vol. 26, pp. 2645-

2646, 2010.

[9] X. Ma, W. Wan, and L. Jiao, "Spectral clustering
ensemble for image segmentation,”" in Proceed-
ings of the first ACM/SIGEVO Summit on Genetic
and Evolutionary Computation, 2009, pp. 415-

420.

[10] E. Akbari, H. M. Dahlan, R. Ibrahim, and H.
Alizadeh, "Hierarchical cluster ensemble selec-
tion," Engineering Applications of Artificial
Intelligence, vol. 39, pp. 146-156, 2015.

[11] A. L. Fred and A. K. Jain, "Combining multiple
clusterings using evidence accumulation," /[EEE
transactions on pattern analysis and machine

intelligence, vol. 27, pp. 835-850, 2005.

[12] A. Topchy, A. K. Jain, and W. Punch,
"Clustering ensembles: Models of consensus
and weak partitions," /EEE Transactions on
pattern analysis and machine intelligence, vol.

27, pp. 1866-1881, 2005.

[13] V. Berikov, "Weighted ensemble of algorithms
for complex data clustering," Pattern Recogni-

tion Letters, vol. 38, pp. 99-106, 2014.

[14] Y. Hong, S. Kwong ,Y. Chang, and Q. Ren,

"Unsupervised feature selection using cluster-
ing ensembles and population based incre-
mental learning algorithm," Pattern Recogni-

tion, vol. 41, pp. 2742-2756, 2008.

7- References &=V
Sgrams By Wb 5 lsl ()l Jas [V]
aolilad "o JS Slulis al p ool goaiys"

AYAF «YN-FY (D) VY cloools g o 550,

[1] Fazl Ersi, Ehsan and Kazemi Noghabi, Masoud,
"Clustering of Data Based on Key Identifica-

ion",Journal of Signals and Data Processing
(JSDP); 14 (4): 31-42; 2017.

[2] A. K. Jain, M. N. Murty, and P. J. Flynn, "Data
clustering: a review," ACM computing surveys

(CSUR), vol. 31, pp. 264-323, 1999.

[31H.-P. Kriegel, P. Kroger, and A. Zimek,
"Clustering high-dimensional data: A survey on
subspace clustering, pattern-based clustering, and
correlation clustering," ACM Transactions on

Knowledge Discovery from Data (TKDD), vol .Y,
pp- 1, 2009.

[4] A. Strehl and J. Ghosh, "Cluster ensembles---a
knowledge reuse framework for combining mul-
tiple partitions," Journal of machine learning re-

search, vol. 3, pp. 583-617, 2002.

[5]1S. Monti, P. Tamayo, J. Mesirov, and T. Golub,
"Consensus clustering: a resampling-based me-
thod for class discovery and visualization of gene
expression microarray data," Machine learning,

vol. 52, pp. 91-118, 2003.

[6] C. C. Aggarwal and C. K. Reddy, Data cluster-
ing: algorithms and applications: CRC Press,
2013.

[71R. Avogadri and G. Valentini, "Fuzzy ensemble
clustering based on random projections for DNA

YA 2l F o)l Ay Jlo




£

S5 61D )l o3l by (1S )5 (S dgd ) s )3 sbacl bkl

[26] X. Lu, Y. Yang, and H. Wang, "Selective

clustering ensemble based on covariance," in
International Workshop on Multiple Classifier

Systems ,pp. 179-189, 2013.

[27] L. Hubert and P. Arabie, "Comparing

partitions," Journal of classification, vol. 2, pp.
193-218, 1985.

[28] D. A. Neumann and V. T. Norton, "Clustering

and isolation in the consensus problem for
partitions," Journal of classification, vol. 3, pp.

281-297, 1986.

[29] F. Yang, X. Li, Q. Li, and T. Li, "Exploring the

diversity in cluster ensemble generation:
Random sampling and random projection,"”
Expert Systems with Applications, vol. 41, pp.

4844-4866, 2014.

[30] J. Jia, X. Xiao, B .Liu, and L. Jiao, "Bagging-

based spectral clustering ensemble selection,"
Pattern Recognition Letters, vol. 32, pp. 1456-

1467, 2011.

[31] J. Jia, X. Xiao, and B. Liu, "Similarity-based

spectral clustering ensemble selection,” in Fuzzy
Systems and Knowledge Discovery (FSKD),
2012 9th International Conference on, 2012, pp.

1071-1074.

[32] A. Banerjee, "Leveraging frequency and

diversity based ensemble selection to consensus
clustering," in Contemporary Computing (IC3),
2014 Seventh International Conference on,

2014, pp. 123-129.

[33] D. L. Davies and D. W. Bouldin, "A cluster

separation measure," [EEE transactions on
pattern analysis and machine intelligence, pp.

224-227, 1979.

[34] T. Calinski and J. Harabasz, "A dendrite method

for cluster analysis," Communications in
Statistics-theory and Methods, vol. 3, pp. 1-27,

1974.

[35] W. S. Sarle, "Finding Groups in Data: An

Introduction to Cluster Analysis," Journal of the
American Statistical Association, vol. 86, pp.

830-833, 1991.

[36] M. Charrad, Y. Lechevallier, M. B. Ahmed, and

G. Saporta, "On the Number of Clusters in Block
Clustering Algorithms," in FLAIRS Conference,

2010.

[37] K. Bache and M. Lichman, "UCI machine lear-

ning repository," 2013.

YA 2be F o)kl IYAY Jlo

[15]

[21]

[22]

[25]

B. Minaei-Bidgoli, A. Topchy, and W. F. Punch,
"Ensembles of partitions via data re-sampling,"
in Information Technology: Coding and
Computing, 2004: Proceedings. ITCC 2004.

International Conference on, 2004, pp. 188-192.

Z.-H. Zhou, J. Wu, and W. Tang, "Ensembling
neural networks: many could be better than all,"
Artificial intelligence, vol. 137, pp. 239-263,

2002.

X. Z. Fern and W. Lin, "Cluster ensemble
selection," Statistical Analysis and Data Min-

ing, vol. 1, pp. 128-141, 2008.

X. Wang, D. Han, and C. Han, "Rough set based
cluster ensemble selection," in Informa-tion
Fusion (FUSION), 2013 16th International

Conference on, 2013, pp. 438-444.

J. Azimi and X. Fern, "Adaptive Cluster
Ensemble Selection," in ILJCAI, 2009, pp. 992-

997.

L. I. Kuncheva and S. T. Hadjitodorov, "Using
diversity in cluster ensembles," in Systems, man
and cybernetics, 2004 IEEE international

conference on, 2004, pp. 1214-1219.

M. C. Naldi, A. Carvalho, and R. J. Campello,
"Cluster ensemble selection based on relative
validity indexes," Data Mining and Knowledge

Discovery, vol. 27, pp. 259-289, 2013.

H. Alizadeh, B. Minaei-Bidgoli, and H. Parvin,
"To improve the quality of cluster ensembles by
selecting a subset of base clusters," Journal of
Experimental & Theoretical Artificial Intelli-

gence, vol. 26, pp. 127-150, 2015.

B. Minaei-Bidgoli, H. Parvin, H. Alinejad-
Rokny, H. Alizadeh, and W. F. Punch, "Effects
of resampling method and adaptation on
clustering ensemble efficacy," Artificial Intelli-

gence Review, vol. 41, pp. 27-48, 2014.

G. Karypis and V Kumar, "A fast and high

quality multilevel scheme for partitioning irre-
gular graphs," SIAM Journal on scientific Com-

puting, vol. 20, pp. 359-392, 1998.

G. Karypis, R. Aggarwal, V. Kumar, and S.
Shekhar, "Multilevel hypergraph partitioning:
applications in VLSI domain," /EEE Transac-
tions on Very Large Scale Integration (VLSI)

Systems, vol. 7, pp. 69-79, 1999.



[38] A. L. Fred and A. K. Jain, "Data clustering using
evidence accumulation,”" in Pattern Recogni-
tion, 2002. Proceedings. 16th Inter-na-tional

Conference on, 2002, pp. 276-280.

Sy pSly bl Lol

ewdige A, 3 ) 0gn ulid)l5

WA Jle e B8le i SeeelS

_ 39 5 () G olel GLLQJ\J,., olKisls
PN 5 a5 S ae 1Y L
Sl 00,5 331 Sl dpd s Sy Rl o
L YL olal b slaosls (ganmadss (lisl aabpbl ggo5e
el 009 s 16X S 5 51 eolazul

)l e ol e, e

Alireza.latifi@yahoo.com

=

UG A N VoW B Y UVt KRN &

e Sy ol HenslS (pwigs

a8 ,b sl ola ) ol

i ()5 ghae jo I, 45

P AYYA Jls o Ji8lecus baals

D7 YOO L SRR CTIPIN U3 (W 05 L G P S W SR W I I Lt
ObL & oS ool (Saro olRadls 3 VAN Loy 38l 5
et &l yo |y 095 (iSO VYA Jlu o 4 easl,
03,5 33 S el o oKaily 138k i 5 galS
oGk e e plaal 8dle 5550 cimgh slodie) ol
Gbpreal  Glapiaan  (Ldow Sols oKL wesls
(9lSools g ols oile i

5 canl @le lagt &L, slas

ndaneshpour@sru.ac.ir

YA 2l F o)l Ay Jlo

§



	Page 1
	Page 2
	Page 3
	Page 4
	Page 5
	Page 6
	Page 7
	Page 8
	Page 9
	Page 10
	Page 11
	Page 12
	Page 13
	Page 14

