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K-medoids algorithm for optimizing initial class centers, CH_KD).
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dlmp.l :ddis.idred.i‘ (12)
M2 ATH R AE f BB d . 08 ONFRE f, B9 D00 BE S ARAE f TR E Z B R E f, iy
BE d s FOEL R, U R BHARAE f R 22, JF H b ib it 736 PO 280 19 A 36 B K-medoids 56 19 J6 M
B E £ $E (unsupervised feature selection of adaptive K-medoids algorithm based on optimal class center
CH_KDFS) . FR#A % 3.
F: 3 CH_KDFS Bk th T,
WA HUIRE X
Hi FHIETEEF..
D WURREE F. = {f 1o f2s0 o f ) FAET 4 F. =NULL;
2) SRR PO IS W K-medoids B F, 47 83,158 K, MNMRIERE;
3> ARG (O TR A A RRE Y X A
4) fori=1+K, do;
5 MR QOEE i DNERIEE A RRE R IR
6) MR ADHELE i DK DA RAER E R,
D EHRMARFE frw  MAREFE F. G = fiws
8) end for;
9 Hi HHARIE T AR,
AR 3 LHAHE R BT 2 WA E AN O . B3 MEELREN O . FHE O ~ 1D W
BFE 22l O (ng®) R 3 BB [ & 2% BE AT A 112 O (q°).

4 KBWEREHH

4.1 IHRHEE

Ry 56 UE T 4 R 2R AR 1 IR AU MO R AR S F O B AP IR L 78 15 DR B T SEge X L. R 1 4 i
TR ET R A 15 AN BE AR W T A A R RT 10 AN BHE S S UCT %8s 45, UCT %8s 2 & F T il 4 2+ )
M EHE P S 5 DU SE N ASU idi £ (Academic Search Ultimate, Z5 & 22 Rt 2 % 2 4 U ).

i FHAER 22 (Accuracy s ACC) | 2418 Z % (Rand Index,RD) .F-measure(F,) . %% H 1% B (Adjusted Mu-
tual Information, AMD . H — 4k H 1§ & (Normal Mututal Information, NMI) £ & 22 ff 2 %7 ( Adjusted
Rand Index, ARD X 6 Ffi 4§ b5 Xf 2 28 25 e JEATIF M, 3X 6 P oF H 48 b 359 Sy (B 78 O ) 3R 7 53 3 P i B .
SVM NB,fl KNN 432528 F . i JH 20 ZEHE FE precision I AUC 3X 2 B8 b5 XF 20 2500 BEAT VR, 0 208
FAUC A AE B, T 3R B 43 248 28R R A oy 3 A R AE £ 207 OB 9 5% i), 312 1oy 80 v A T o, 0 SCik[20 1/
75 20 B AT A Ak

S 45 S vk ) AR R S A R B DR SRR Y A Windows10 64 [ #E R 4, A HL AR
} Inter(R)Core(TM)i5-8500 F1 3.00 GHz 8.0 GB W7 ; 3247 MATLAB R2016b k4T,

F1 15 MEIEEHNEIR
Tab. 1 Description of 15 datasets

=2 pyEiE S HEAK JBIER EAE BARRIE| ¥ 5 K i 4 HEAK R 2% Bk IR

1 Seeds 210 7 3 UCl 9 DLBCL 77 5 469 2 UCI
2 Waveform21 5 000 21 3 UCI 10 Iris 150 4 3 UCI
3 Statlog 2 000 36 6 UCI 11 colon 62 2 000 2 ASU
4 Segmentation-test 2 310 19 7 UCl 12 lung 203 3312 5 ASU
5 Heart 270 13 2 UCI 13 ORL 400 1024 40 ASU
6 Zoo 101 16 7 UCI 14 COIL20 1440 1024 20 ASU
7 Soybean-small 47 35 4 UCl 15 SMK-CAN-187 187 19 993 2 ASU
8 Tonosphere 351 33 2 UCI




% 1M X A AL AT 46 KPS 89 B 8 K-medoids H % 111

4.2 CH_KD BERELRSMN

¥ CH_KD 8755 K-medoids BEH B \K-means BEH 1B K KCOIC BT E AT 52 50X LU, B iE By
& CH_KD BB FEMAE S AT LR A 9 4 UCI g4 Sceds, Waveform?21 , Statlog., Segmenta-
tion-test, Heart,Zoo.Soybean-small.lonosphere 1 Iris | #E47, 7870 R BUAE 3% 00 A 501, R FH 6 FRIEM 18
Fr ACC.RILF; \AMI NMI Fl ART X535 i REHOR A ATIEMN R 2 Sl K {5 A 350 RKEF % CH_KD &
P KCOIC B R 25 H . K-means B35 fl K-medoids 832 19 R 280 H 5 31 5225 15O 45

M # 2 0 M, 7E Seeds. Waveform21. Segmentation-test, Heart, Ionosphere fl Iris iX 6 845 %
CH_KDH o 25 B 5 B9 2880 HARSE , 5 H A 555 40 L MERf 28 38 =5 . 7E Zoo Ml Soybean-small £ 4
b  CH_KD 533 8 22 19 28 80 H e 450 L9280 H L AE Statlog B4 4 T CH_KD S8 2 2880 B W . 2
TEIREE AT S ik /i 9 AN H UCT Hdls 5 19 SE R 25 5Ok & CH_KD 5k i S AE R KR EE 1Y
PEREIL T KCOIC k.

®2 2MAEHREREERNREHE

Tab. 2 Number of clusters for two adaptive clustering algorithms

LISITES HSL K KCOIC  CH_KD B4R RO S KCOIC CH_KD
Seeds 3 2 3 Zoo 7 4 5
Waveform21 3 3 3 Soybean-small 4 6 5
Statlog 6 2 14 Tonosphere 2 8 2
Segmentation-test 7 3 7 Iris 3 7 3
Heart 2 13 2

VE LR A B0 5 2 BB R

2 3 A %1, 7E Tonosphere £ % I+, CH_KD S5 3018 T HERN 1 R EH (A LR BRI T K-me-
doids 51 . 73 B H I K A BB J& Tonosphere %45 £ 7 (0] 25 HOR FEAH 22 50K, S 3O & 2 T 0 & B 2 o,
fFfS R 22 R % 25 7F Waveform?21 44 1 .CH KD B R ERMIE 5 K-means B % F1 K-medoids 5 ¥
MERNZL FF Seeds, Statlog, Segmentation-test, Heart,Zoo,Soybean-small F1 Iris iX 7 508845 [ A9 B354
S AR T K-means 2% K-medoids 275 .78 Waveform21 44 1.4 R EMBEABCRMEARA K. B
CH_KD 5 R T KCOIC F ik FRRRTE 4 R IL R R I Heart 8 4E L Zoo $udi 4
Ml Iris 0864 I, CH_KD ByA7E 6 AN 8hs LY BUE T B (H. 78 Heart 054 I, CH_KD #3757 ACC.RI,
F, . AMI.NMI #l AMI 48 ¥ | 43 ) & Al X b 3896 0,74 %6 ~20.55%6,13.83% ~ 15,66, 20.54 % ~
40.96% ,18.38%~23.89%.,10.96 % ~24 % .26.99 % ~31.23 % .7E Zoo ¥4 ,CH_KD B ¥: 7 ACC.RI,
F, . AMI.NMI f1 AMI 4§ b b 43 51 &5 i H Al X be 8 3k 4.95% ~8.81% 1.7 % ~12.7%.3.76 % ~17.33% .
5.6%~18.5%.1.56% ~19.11% .4.14% ~38.23%. 7 Iris B¥E4E I, CH_KD & ¥4 ACC.RI.F, . AMI,
NMI Fil AMI 4§45 b 4351 w5 A 8% 0.96 % ~23.45% .4.98 % ~10.42% ,14.12% ~17.7 % .3.58 % ~
23.58%.5.02% ~14.92% .10.29 % ~15.6 %.

BAR F3FE.CH KD BT Seeds 45 £ | Statlog £ 4E . Segmentation-test ZU 5 4 . Heart £ 4E .
Zoo FHi 5 . Soybean-small 45 4 F Tris 4 T A0 SRS E5 R A0 A 0 36 Uk 1 T 48 380k i T A7 v e A
4.3 CH_KDFS(CH_KD feature selection) B XL ER S 4

CH_KDFS L5 CMIM # %k .mRMR 5.3k JMIM 53k MRI 575 (\DCSF . 1: PL )t MRMSR 5k 7
SVM.NB Hil KNN(K =1)iX 3 A~ 4r 24 T B/ NG AR 4 PR o248 10 & S BUR 48 SCik (21 — 22 J k4T
WHE.

Hi ¢ 4 A1, 7E lung $0E4E | CH_KDFS 83 7E SVM NB Al KNN X 3 A>3 25 8% F 1Y 70 JEK5 B 1) I
.78 COIL20 B4 4 |, CH_KDFS & 78 SVM Ml KNN X 2 Nr28%8 b A9/ 2605 8 B 78 SVM 225 8%
i At 6 FRAAVE 8.94 %6 ~13.33 %0, 7E KNN Zp 2 b i HoAth 6 FpAA L 3.3390~7.76 % . fHTE NB 432
b o K B A T840 Bk SMK-CAN-187 Bdlg 45 | . CH_KDFS 5 % (9 20 28 K5 i 4 g AIK 35843 55
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e LR R B CH_KDFS .k ) %2 7 K48 B2 W B # AR B CH_KDFS & 5k B i 1 40 2 pERg.
RI 4THBEREFZEINUCIHIEE LWL BER

Tab. 3 Experimental results of four clustering algorithms on 9 UCI datasets

IR S Bk ACC RI F AMI NMI ARI
Seeds K-medoids 0.881 0 0.864 0 0.880 3 0.693 3 0.700 3 0.696 3
K-means 0.891 1 0.871 5 0.890 6 0.693 5 0.698 4 0.710 7
KCOIC 0.657 1 0.736 6 0.741 9 0.446 1 0.581 2 0.485 8
CH_KD 0.895 2 0.873 8 0.895 7 0.685 4 0.698 2 0.715 1
Waveform21 K-medoids 0.580 1 0.672 4 0.573 6 0.350 0 0.350 0 0.273 8
K-means 0.535 7 0.669 1 0.539 5 0.364 8 0.364 8 0.258 1
KCOIC 0.525 2 0.666 4 0.530 7 0.361 6 0.361 6 0.251 1
CH_KD 0.559 4 0.668 7 0.544 2 0.350 1 0.350 1 0.258 3
Statlog K-medoids 0.648 3 0.816 2 0.641 1 0.513 0 0.522 1 0.405 2
K-means 0.663 5 0.829 1 0.656 8 0.542°5 0.548 7 0.435 4
KCOIC 0.335 5 0.364 2 0.417 7 0.162 2 0.372 4 0.089 7
CH_KD 0.806 5 0.874 3 0.735 7 0.557 8 0.618 9 0.544 3
Segmentation-test K-medoids 0.569 1 0.831 2 0.565 9 0.477 2 0.488 1 0.348 8
K-means 0.553 9 0.823 9 0.568 4 0.491 1 0.516 1 0.354 7
KCOIC 0.290 9 0.407 6 0.379 3 0.415 3 0.415 3 0.102 5
CH_KD 0.563 6 0.817 1 0.646 1 0.550 4 0.664 1 0.472 1
Heart K-medoids 0.587 1 0.514 0 0.583 5 0.017 8 0.020 8 0.027 5
K-means 0.590 3 0.514 5 0.586 0 0.016 0 0.019 0 0.028 6
KCOIC 0.785 2 0.5317 0.381 8 0.071 1 0.149 4 0.069 9
CH_KD 0.792 6 0.670 0 0.791 4 0.254 9 0.259 0 0.339 8
Zoo K-medoids 0.793 1 0.839 7 0.699 5 0.607 7 0.669 2 0.527 5
K-means 0.804 1 0.853 1 0.723 0 0.647 7 0.707 6 0.576 2
KCOIC 0.8317 0.949 7 0.835 2 0.736 7 0.844 7 0.868 4
CH_KD 0.881 2 0.966 7 0.872 8 0.792 7 0.860 3 0.909 8
Soybean-small K-medoids 0.753 2 0.805 3 0.739 2 0.626 4 0.676 9 0.507 0
K-means 0.787 2 0.834 9 0.766 3 0.698 6 0.749 2 0.584 4
KCOIC 0.829 8 0.815 0 0.719 7 0.500 2 0.635 8 0.433 9
CH_KD 0.957 4 0.913 0 0.898 9 0.764 6 0.855 2 0.746 8
Tonosphere K-medoids 0.696 2 0.575 5 0.704 9 0.105 0 0.114 7 0.140 5
K-means 0.711 3 0.588 1 0.716 8 0.128 5 0.134 0 0.176 0
KCOIC 0.774 9 0.5917 0.674 6 0.138 0 0.200 2 0.197 3
CH_KD 0.643 9 0.540 1 0.690 2 0.001 6 0.025 9 0.004 5
Iris K-medoids 0.789 5 0.679 4 0.563 2 0.532 3 0.602 0 0.601 2
K-means 0.670 5 0.658 2 0.533 2 0.650 6 0.670 9 0.612 0
KCOIC 0.895 4 0.625 0 0.569 0 0.733 2 0.701 0 0.654 3
CH_KD 0.905 0 0.729 2 0.710 2 0.769 0 0.751 2 0.757 2

CH_KDFS .1k (FSFC ikl WFSFC 53578 5 %4 4 DLBCL . colon,lung,ORL Fl COIL20 %4 ##%
R LT ERREA B DLFE SVMUNB iX 2 4S50 2888 T 9 AUC fHIn 5 13k 6 Fos FR e 40/ H AUC
(BB =, 8 I 0 AR AT SR 00 v 45 3 R AR 5 47 28 LI IE.



%1 | A A 4E £ s ad g iE B K-medoids F % 113

x4 THEENDEEE

Tab. 4 Classification accuracy of 7 algorithms %
eSS GRS CMIM mRMR JMIM MRI DCSF MRMSR CH_KD
SVM COIL20 69.07 72.04 71.02 69.78 68.37 72.76 81.70

lung 82.99 86.35 85.64 83.97 84.07 87.67 90.30

SMK-CAN-187 55.26 54.05 56.96 59.87 59.43 60.33 59.40

NB COIL20 75.89 76.67 82.29 79.21 77.11 82.64 81.70
lung 70.02 40.17 83.55 82.61 80.26 85.03 87.00

SMK-CAN-187 59.85 52.06 54.82 52.42 51.17 61.40 59.00

KNN COIL20 92.94 90.54 94.97 92.48 90.97 94.94 98.30
lung 78.81 81.31 82.25 81.28 77.63 82.25 85.90

SMK-CAN-187 59.67 58.84 61.89 57.80 55.77 62.61 58.80

RS ITHEERIE SVM 5 E B[ THISFEEFEANEF AUC

Tab. 5 Number of feature selections and AUC of three algorithms under SVM classifier

FSFC WESFC CH_KDFS
FRAEA B AUC/ % FEAES %L AUC/ % FFAEA %L AUC/ %
DLBCL 64 50.00 1 50.00 15 50.00
colon 31 50.00 159 50.00 6 50.00
lung 180 83.60 328 81.8 9 85.30
ORL 1 51.80 98 64.50 13 75.00
COIL20 295 90.30 2 59.20 32 90.20
F 6 3FEEE NBEBTHHFEEENHA AUC
Tab. 6 The number of feature selection and AUC of three algorithms under NB classifier
FSFC WESFC CH_KDFS
ISR S
FRAE %L AUC/ % FRAE %L AUC/ % FRAE A% AUC/%
DLBCL 64 62.30 1 54.60 15 84.80
colon 31 50.30 159 77.30 6 84.00
lung 180 86.30 328 86.60 9 94.30
ORL 1 63.70 98 97.20 13 92.80
COIL20 295 97.50 2 84.50 32 97.50

M5 13 6 AT A1, 7E SVM 4r2k 4% |, CH_KDFS % 78 DLBCL . colon,lung Al ORL ##&4E b3 LI%
D BRI RS T B U0 43 RO R 2 78 ORL £idls 4 . CH_KDFS 8.3 435l [k FSFC, WFSFC 8.3k 5
H23.2%0.10.5%. 76 COIL20 $u#i4E I . CH_KDFS 535 fig LUER /D 19 R AE A 5005 S AR X5 e 31k 19 43 28 3%
R AE NB 43248 |, CH_KDFS 5578 colon Fl lung 4l 5 I 4 MU T 85 /D i FRAE A 55 HL 23 2 ROR e . AE
colon ZHE4E b /3 5l b FSFC.WFSFC 83k i i 33.7%.6.7% . 7€ lung B4 % L 435Il b FSFC,WFSFC 8.7
E il 8.0%.7.7%.7E ORL $¥E4E I . R4 CH_KDFS B 3 9 43 R AUR K T WEFSFC 8k . 5 I % A9 FR AiE 4
B> T WESFC 83k 25 [ irid , CH_KDFS 853 75 FRAE 2 £ 19 A B DA S o 8001 A T X L 33k

5 & g

3% 5 K-medoids 23RBS A SCHEH T CH_KD 83, H B 1204k K-medoids 2 7E i REHL 63
WA HFE AN EREBH K i S8 R4 BT i 0] B 38 1k o A 3E WA Ak 0 B 28 oo 0
K-medoids 532 , Fl| F 4R AE b v 22 58 SCRFAE X 00 B A B J 8 AH 96 28 B0 B R AE 7% T BE AN BRAE B9 T AR
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R X 43 FE RN AE TU 4% FE B IR B SO R AIE 11 35 2 B, DA e e 1 4 — 7 b B AR R AR AIE 4 AR AE 1 4.
£ MATLAB R2016b 5255 % W], 76 8 A~ % A UCI #idls 4 I, CH_KD Bk @ s ERB BB L T
KCOIC & . 7F Seeds £ 4 . Statlog #UPE £ . Segmentation-test ZPE £ . Heart ZIE£E . Zoo 45 £ Fl Soy-
bean-small 445 I CH_KD 53k i B2 45 B it CH_KDFS %k 5 FSFC B35 1 WEFSFC 55k A X He
7 DLBCL.colon.lung ORL F1 COIL20 iX 5 /™ E#s 4 b B FR1E %0, DL Je#F SVMUNB X 2 DK T
) AUC A L R AE AN B0l /b H AUC {E#805 2 B CH_KDFS 832 0 58U B4, Bl CH_KDFS 83 76 4%
TIE 36 5 19 A K0 LA B o 288001 A T BBk 2% L TR CH_KD 59k B T A7 v AU 20tk L S0 R SBUR
U BB BROR AT
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Adaptive K-medoids algorithm for optimizing initial class center
Liu Jinjin
(College of Software, Henan Normal University, Xinxiang 453007, China)

Abstract: To solve the problem that the traditional K-medoids clustering algorithm needs to randomly select the initial
cluster center and specify the number of clusters K, and the clustering results are unstable, this paper proposes an adaptive
K-medoids algorithm to optimize the initial cluster center(CH_KD). The purpose is to define the feature importance, so as to
screen out the best representative features in each cluster and form a feature subset, and focus on the adaptive optimization and
improvement of the traditional partition algorithm. First, the feature discrimination is defined by the feature standard deviation,
and the features with strong discrimination are selected. Secondly, Pearson correlation coefficient is used to measure the redun-
dancy of each feature in the feature cluster, and the features with low redundancy are selected. Finally, the product of feature
discrimination and feature redundancy is taken as the feature importance to screen out the best representative features in each
cluster and form a feature subset. The experiment compares the proposed algorithm with other clustering algorithms on 14 UCI

datasets, and the results verify that CH_KD the effectiveness and advantages of algorithm.

Keywords: unsupervised; feature differentiation; feature redundancy; CH function; feature selection
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