TEIER S KR DOI:10. 7544/issn1000-1239. 2016. 20150592
Journal of Computer Research and Development 53(9): 1979-1989, 2016

—HMAEFRAMBEENRET X

fHEE RFL BXE

P RZAI N S E BEOR¥ B KE 030006)

GRS 3UE BB A M SR = QLY R KR 030006)
(ljy@sxu. edu. cn)

A Clustering Ensemble Algorithm for Incomplete Mixed Data

Shi Qianyu, Liang Jiye, and Zhao Xingwang

(School of Computer and Information Technology, Shanxi University, Taiyuan 030006)

(Key Laboratory of Computational Intelligence and Chinese Information Processing ( Shanxi University ), Ministry of
Education, Taiyuan 030006)

Abstract Cluster ensembles have recently emerged a powerful clustering analysis technology and
caught high attention of researchers due to their good generalization ability. From the existing work,
these techniques held great promise, most of which generate the final results for complete data sets
with numerical attributes. However, real life data sets are usually incomplete mixed data described by
numerical and categorical attributes at the same time. And these existing algorithms are not very
effective for an incomplete mixed data set. To overcome this deficiency, this paper proposes a new
clustering ensemble algorithm which can be used to ensemble final clustering results for mixed
numerical and categorical incomplete data. Firstly, the algorithm conducts completion of incomplete
mixed data using three different missing value filling methods. Then, a set of clustering solutions are
produced by executing K-Prototypes clustering algorithm on three different kinds of complete data
sets multiple times, respectively. Next, a similarity matrix is constructed by considering all the
clustering solutions. After that, the final clustering result is obtained by hierarchical clustering
algorithms based on the similarity matrix. The effectiveness of the proposed algorithm is empirically
demonstrated over some UCI real data sets and three benchmark evaluation measures. The
experimental results show that the proposed algorithm is able to generate higher clustering quality in

comparison with several traditional clustering algorithms.
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Fig. 1 The framework of the proposed algorithm.
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Table 1 The Summary of UCI Datasets
®1 BEEMR

# Numerical # Categorical

Data Sets # Objects Attributes Attributes = Classes
Dermatology 366 1 33 6
Credit Approval 690 6 9 2
Automobile 205 15 10 6
Sponge 76 3 42 12
Contraceptive
Method 1473 2 7 3
Choice(CMC)
Soybean 307 0 35 19
Glass 214 9 0 6
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Table 2 Clustering Results of Different Algorithms with Respect to Mean= Var of CA
x2 TAEEZCAENEHELITELR

Data Sets SLCE CLCE ALCE Mean_SK KNN_SK SKNN_SK

Dermatology 0. 430=£0. 008 0.772+0.003 0.782+1.014E—05 0.695+0.005 0.674740.005 0.71070. 004
Credit Approval 0.576+0.004 0.75340.002 0.7631+2.460E—05 0.719£6.878E—05 0.762£5.228E—05 0.75642.281E—04

Automobile  0.523+8.394E—04  0.537+3.194E—06  0.538+4.697E—06 0.51940.001 0.529+3.589E—04  0.516+0.002

Sponge 0.780+1.658E—04  0.790+1.362E—04  0.796+1.002E—04  0.720+0. 003 0.738+0.004 0.726+0.002
CMC 0.4284+1.019E—07 0.429+1.353E—05 0.431+2.742E—05 0.428+9.878E—06  0.427+6.537E—07 0.429+1.836E—05
Soybean 0.54540.002 0.668+3.215E—04  0.658+2.237E—04 0.61540.001 0.63140.002 0.634+8.234E—04
Glass 0.473+5.358E—04  0.546+7.528E—06  0.536+9.424E—06 0.5114+3.482E—04  0.524+3.735E—04  0.525+3.201E—04

Average Value 0.536 0. 642 0.643 0.601 0.612 0.614

Table 3 Clustering Results of Different Algorithms with Respect to Mean= Var of ARI
£3 FEEHEARIEHEHELHFLELR
Data Sets SLCE CLCE ALCE Mean_SK KNN_SK SKNN_SK

Dermatology  0.15240.015 0.667+0.007 0.666+7.899E—04 0.458-40.013 0.43740.020 0.481+0.013
Credit Approval 0.028+0.007 0.26140.004 0.275+1.065E—04 0.215+2.881E—04 0.274+2.229E—04 0.260+9.183E—04
Automobile  0.168+5.987E—05 0.167+5.619E—06 0.168+1.005E—05 0.148+7.188E—04 0.157+2.222E—04 0.153+4.881E—04

Sponge 0.501+6.940E—04 0.510+7.155E—04 0,523+£5.838E—05 0.424+0.009 0.438+0.006 0.44740.004
CMC 3.380E—04+9.413E—08 0.019+3.325E—05 0.024+2.503E—05 0.009+5.505E—05 0.014+2,547E—05 0.016+1.754E—05

Soybean 0.342+9.978E—01 0.431+9.114E—04 0.436+E4.757E—04 0.31840.002 0.356+0.003 0.346+0.001
Glass 0.088+0.006 0.199+5.645E—04 0.159+3.060E—04 0.1544+9.312E—04 0.158+0.001 0.168+9.792E—04

Average Value 0.183 0.322 0.322 0. 247 0.262 0. 267
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Table 4 Clustering Results of Different Algorithms with Respect to Mean® Var of NMI
x4 TEEZNMIEHEHELIFELER
Data Sets SLCE CLCE ALCE Mean_SK KNN_SK SKNN_SK

Dermatology ~ 0.35140. 054 0.728+0.002 0.764+1.864E—04 0.58840.010 0.57940.008 0.60140.009
Credit Approval 0.030+0. 004 0.206+0.002 0.217+5.052E—05  0.167+1.653E—04 0.213+1.931E—04  0.204-+5.487E—04
Automobile  0.265+1.178E—04  0.267+5.530E—06  0.267+8.899E—06  0.26048.061E—04  0.269+2. 469E—04 0.263+7.712E—04
Sponge 0.747+1.056E—04  0.759+1.277E—04  0,765-+4.130E—05  0.705+0.002 0.70540.002 0.707+7.573E—04
CMC 0.01542.318E—06  0.032+6.180E—05 0.039£1.364E—05 0.020+4.153E—05  0.026+4.894E—05 0.026+7.923E—05
Soybean 0.693+9.935E—05  0.696+1.617E—04 0.690+1.644E—04  0.622-0.001 0.63740.002 0.63847.538E—04

Glass 0.226+0. 004 0.3724+7.694E—04  0.3234-4.182E—04  0.3024-0.002 0.315+0. 002 0.325-0.002

Average Value 0. 332 0.437 0.438 0. 381 0.392 0. 395
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Fig. 2 The performance of different algorithms with respect to different number of neighborhood on the

Dermatology dataset.
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Fig. 6 The performance of different algorithms with respect to different number of neighborhood on the

CMC dataset.

K6 HudesE CMC LR [ Bk I R 2845

TR RE X e A A8 K AR £k IF A sk, vk B
BH—EMNE B B2, average-link £ RIS H i
TERZEE G4 AR B/ FE.

TR

-l

AR SCEF XA 58 2 IR 2O B SR 3 Ak R (i
SECFE T 30 R (E R A7 SR S0 45 31 58 4 2 4R A AR

Mo e AR T B — TSR T Al R A R s FETE 3 A
[F) B9 58 % i 4 b 5L T REAL™ A= B0 46 268 ho 9 75 5K
Z W AT K-Prototypes ik , I JE B — 5 51 6 23R
PGER s e Jr b — A DL R 5 0 X SE R RO
LA JZ U SR 2805 1k AT 48 AT B e 22 1) SR 2R &5
A AE UCT HSe s 4 Lok AT T8 s, 5154458
TR LE AR SR M B B 3 T ARG e Y 2R
K.



1988

HEHLTR S LB 2016, 53(9)

” B
0.64 ;\\“‘*\kh T
R e T i

=t === —— = ——— 4

CA

Mﬁ/\_/\\

3 4 5 6 7T 8 9 10

Number of Nearest Neighbors K
(a) CA

0.52

== SLCE -+ CLCE -+ ALCE

ARI

0. 46
4 0.70
0.42 F
0.68 |
0.38 o 4 E
pm " 0.66
0.64
=t == == === —
; S : 0.62
0303456?8910
Number of Nearest Neighbors X
(b) ARI
-¢- Mean SK -e- KNN_SK

E F

P

3 \\ 4
\\\ !’a\}\fh —
X 7 ) A

- *Q‘k_;__‘ N ’_/

b1

e, i o, S, e e, e

3 4 5 6 7 8 9 10

Number of Nearest Neighbors K

(c) NMI
-a— SKNN_SK

Fig. 7 The performance of different algorithms with respect to different number of neighborhood on the

Soybean dataset.

B 7 BE4E Soybean AN IL M RISLE R

e

o~ ~
Lo i g i
I e A=
-~ Ho-a N %

0.52F My

- - ———— - —4——

3 4 5 6 7 8 9 10
Number of Nearest Neighbors K
(a) CA

e~ SLCE - CLCE -+ ALCE

ARI

0. 22

0.30
3
=
0.25
0.20
_— 0.15
3 4 5 6 7 8 9 10
Number of Nearest Neighbors K
(b) ARI
-#- Mean SK -8- KNN_SK

e e SR R SR TR S

3 4 5 6 7 8 9 10
Number of Nearest Neighbors X
(c) NMI

-a- SKNN SK

Fig. 8 The performance of different algorithms with respect to different number of neighborhood on the

Glass dataset.
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