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Weighted semi-supervised clustering ensemble algorithm
based on extended constraint projection

Zhang Ding, Yang Youlong ', Sun Ligin
(School of Mathematics and Statistics , Xidian University, Xi'an, 710126, China)

Abstract: Semi-supervised clustering ensemble aims at improving the accuracy of clustering ensemble by using pairwise
constraints, but it achieves poor performance on high -dimensional datasets. In addition, clustering performance has little
improvement when only a few pairwise constraints are available. To solve these problems, this paper proposes a novel semi-
supervised clustering ensemble algorithm WSCEC (Weighted Semi - supervised Clustering ensemble algorithm based on
Extended Constraint projection algorithm). Firstly, a variety of clustering algorithms are exploited to cluster the feature space
of data, and then the random subspace is utilized for the dimension reduction to reduce the impact of redundant features.
Secondly, the original constraint set is expanded according to the £ nearest or farthest samples of constraints and the transitive
relationship between constraints, and the original data space is projected into a low-dimensional space by constraint projection
technique to satisfy as many constraints as possible. Finally, a weighting strategy of clustering solutions is designed, which
assigns an appropriate weight to each clustering solution to reduce the impact of low - quality clustering solutions.
Experimental results on several datasets prove the effectiveness of the proposed algorithm.
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A (Constrained K - means Clustering Ensemble,
COPE-kmeans) ™" | 2 58 4B 5 4% 52 A 2 W B 3R 2%
#£ B¢ (Constraint Neighborhood Projections for
Semi - supervised K - means Ensemble, CNPE -
kmeans) *' |E*CPE f1 WECR; — > % 4 il 5%
% MCLA 3% B 2548 il (Spectral Ensemble Clus-
tering, SEC) "™ 8 K HLAR 3% 5 5 4 i (Ultra-scal-
able Ensemble Clustering, USENC )",

Xt AN H e 45, WSCEC J7 ¥kl af E°CP 4%
A 20 A RS AR B TR v 5 1 BB BE L
(2 Vo [ B3k 20, 4 1,,=50,0=10. it

Ah SR TR AT R R Ao A AR R ER B R, g AR AL VE
HILIEAT 10U, O B (EAE Ry e A 25 28R

ST (8 JS T 249 o i 1 A5 A 1 S S 031 B
ML 4= 1% . Segmentation, Semeion, Optdigit, [ISO-
LET, Sat, Cardiotocography, COIL20 #1 MNIST
4000 K H 5 A B B X 24 HRRL &R 30 A, i

Yale,ORL,11 Tumors, Leukemia2 4= i 1% 5l X 2
RHCER R 101

3.3 IWRERRESW

3.3.1 WSCECEHfEZmILE *2.%3
MR A n R T A REF B 1240 %l 4
by B AR R, R b B AR RO R
WSCEC & /) NMI, ARI f1 ACC 7 Segmenta-
tion, ISOLET, Sat, COTL20 4§ Ju 4~ $i ¥ 4 I &%
&, I 7E Semeion, Optdigit & = 895 4 B 55 —
. MR 3 2, WSCEC %3k 76 #U4# 45 ISOLET,
Cardiotocography, Sat, COIL20, ORL #1 11_Tu-
mors [ 1 NMI 43 51 b 25 — 44 09 501k & 4.4,
6.5%,4.7%,4%,4.6%,9. 3% , LHP L . WTE
Semeion & =Kl S TP RIS — B 0SS RN
i MR 2 R IMEALTLLIFF]

(1) 24 L5 Tk USENC (1 5 25 1 RE A 2f
B RS AE B 7 COPE-kmeans , CNPE-kmeans
A —E R, M E°CPE, WECR 5.3 A Lt 10
T A 24, H % T Semeion $0HE 5, & 1148 A 4
WSCEC ¥ . 5 2k Fhas ol 58 19 et [ . 24k
B A5 BB DI, 2 W RS A U R e L R 4
A DBIEN T RS FBOERER EMN TR,
1M WSCEC 56 il i 7 e 29 A A5 5 %5 7
A R4 BT XA GEE L IEW] T WSCEC 57k
AL

(2)WSCEC J5 ¥ 76 i 4E 5005 v 4 B B A 3

®2 WSCECH5HMERERAMHBEE LM FHNMIFTLE
Table 2 Average NMI of WSCEC and other algorithms on twelve datasets

FEIES COPE-kmeans CNPE-kmeans  E’CPE WECR MCLA SEC USENC  WSCEC
Segmentation 0.513 0.547 0.634 0.623 0. 539 0.562 0.638 0. 662
Semeion 0.525 0. 554 0.599 0. 590 0.578 0.551 0. 649 0.633
Optdigit 0.815 0.763 0.916 0.793 0. 839 0.683 0.834 0.914
ISOLET 0.663 0.707 0.679 0.711 0.675 0.687 0. 709 0.755
Cardiotocography 0.471 0.479 0.464 0.527 0.511 0. 450 0. 544 0. 609
Sat 0.529 0.533 0.520 0. 544 0.511 0.541 0.578 0.625
COIL20 0.760 0.776 0.793 0.801 0.744 0.723 0.799 0. 841
Yale 0.417 0.477 0.438 0.413 0. 351 0.414 0.417 0.464
MNIST4000 0.504 0.543 0.595 0.584 0.551 0.363 0.588 0.632
ORL 0.608 0.614 0.581 0. 645 0.445 0. 666 0.690 0.736
11_Tumors 0.544 0.569 0.554 0.543 0.515 0.577 0.524 0. 670
Leukemia2 0.527 0.535 0.363 0.593 0.490 0.388 0.456 0.627
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Table 3 Average ARI of WSCEC and other algorithms on twelve datasets

PGS COPE-kmeans CNPE-kmeans E°CPE WECR MCLA SEC USENC WSCEC
Segmentation 0.377 0.456 0.527 0.526 0.425 0. 343 0.516 0.567
Semeion 0.391 0.454 0.487 0.499 0. 464 0.457 0.535 0.522
Optdigit 0.776 0.723 0.921 0.761 0. 806 0.671 0. 780 0.914
ISOLET 0.415 0.482 0. 440 0.488 0. 386 0.391 0.454 0.507
Cardiotocography 0.254 0.262 0.236 0.303 0.278 0.235 0. 304 0. 385
Sat 0.439 0. 449 0.434 0.465 0.421 0.353 0.486 0.531
COIL20 0.613 0.638 0.645 0. 647 0.596 0.571 0.598 0. 681
Yale 0.342 0. 400 0. 368 0.359 0.296 0.343 0. 347 0.392
MNIST4000 0.386 0.452 0.490 0.475 0.429 0. 286 0.469 0.535
ORL 0.217 0.186 0.235 0.311 0.063 0.277 0.327 0. 390
11 _Tumors 0.332 0.372 0.332 0.331 0. 304 0.365 0.343 0.536
Leukemia2 0.535 0.538 0.341 0.596 0.461 0.32 0.397 0. 633

&4 WSCECHHMEERERMHEE EMFEHACCH L
Table 4 Average ACC of WSCEC and other algorithms on twelve datasets

HETES COPE-kmeans CNPE-kmeans  E’CPE WECR MCLA SEC USENC  WSCEC

Segmentation 0.543 0.563 0.65 0.662 0.574 0.573 0. 645 0. 668
Semeion 0.624 0.669 0.595 0.671 0.661 0.617 0.724 0.68
Optdigit 0.811 0. 86 0.944 0.871 0.851 0.79 0.91 0.939
ISOLET 0.532 0.567 0.541 0.552 0.432 0.447 0. 545 0. 565
Cardiotocography 0.434 0.431 0. 407 0.403 0.438 0. 384 0.47 0.533
Sat 0.603 0.642 0.616 0.653 0. 64 0.404 0.7 0.73

COIL20 0.693 0.705 0.732 0.717 0.634 0.553 0.617 0.751
Yale 0.372 0.419 0.38 0. 348 0.312 0.359 0.355 0.397
MNIST4000 0.55 0.621 0. 666 0.583 0.601 0.334 0.6 0. 687
ORL 0.412 0.38 0.391 0.528 0.24 0.439 0.452 0. 553
11 _Tumors 0.513 0.522 0.509 0.539 0. 508 0.489 0.512 0. 677
Leukemia2 0.729 0.791 0.704 0.836 0.665 0.648 0.512 0. 677

) 4n 7 £ P 4 11 Tumors b A B8 25005 8 b H 4y
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