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Y o565 Kernel K means clustering method (D,K, I®)

1.For each cluster C; , find |C;| and G(C;).
2.compute F(X;.C;) for each X; and each cluster C;.

3.find ||0(X) — u]-||2using equation (¥) and assign X; until its nearest
center.

4.update y; , for j=1to k , using equation ()

5.repeat step 1 through step 4 till convergence.

Output:
The final partition I, = {C,.C,. ....Cx}
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Y ke8! Min-Max Kernel K means
Inpute: dataset x = {x;}},, Initial centers {u,(f)}%:l, Number of clusters M, Secondary parameters t,,qy - Prmax- Pstep- €-
©osett=0

1

2

3 —M.VK=1.....M

4:  setempty=false //No empty or singleton clusters yet detected
5 P = Dini

6: repeat

7. t=t+l

8: fori=1to N do //update the cluster assignments

9 for k=1to M do

- _ 2
100 &y = { L k= argminggan Wy P[00 — V|
0. otherwise
11: end for
12:  end for
13: if empty od singleton clusters have occurred at time t then //reduce p.
14:  empty=true
150 p=p-—- Dstep
16:  if p < pine then
17:  return NULL
18: endif
/IRevert to the assignments and weights corresponding to the reduce p.
19: 6 = [AP].vK=1. ... M. Vi=1. ... N
200 wEV=[w®.vK=1. ... M

21: endif

22: forall y ,k=1to M
. _ ¥ sie(x)

23 = ¥ ik

24: end for

25:  if p < pjax @and empty=false then //increase p.
26:  A®=[5{7] Jistore the current assignment in matrix A®).
27 w® = W] // store the previous weights in vector w®
28: p=p+ Dstep
29: endif
30: forall wy , k=1to M do // update the weights.
_ _ 1/(1-P
3t w® = B+ - P/, v, where
Ve = Ny Suelloe — el
32:  end for

33:  until |s‘5f) - s\gf_l)| <€ O0or t= tyay

. t
34:  return {51.(1{)}1,:1“"’”'1(:1 _____ O,

Bupa o 7 R
p Yfo \ Y k.)LwJLO)‘ @LU _f
Gl . . . .2 . . o
ass ¥ ! . 2l b anslie o eoliing w5 2Lyl S e Gl o
CMC VEVY q v W) 'Ql;U‘ UCI ool )Lu‘ )‘ LS"B‘B ool d.cjw ) S99y L&)rg.ujji”
Wisconsin NG vY \ o e
breast cancer UCH 3 suis ol cawtins (V) Joua>
Vowel AV Y 7 Cawliyd digos S abgs
Ecoli vYs A A
9 p_init=0 4 p_step=0.01 4 p_max=0.5 ,olis ,; lisle;l,e Coil2 1o Vs ”
IRl olps Sy 0 el 0o 28,5 (L5 ot max=500 .
M)SSJ 3¢ L@*“-.H..u*’s)) ° )5)-"“) — Wine YA v »
ouds 8,5 Jlas o Ve 90 9 ) lude 4w O sl Kernel K means
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Min-Max Kernel K sl uil)ly anis o Luibyly gsome
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Ecoli cawliss (Y) Jou=

Sum of variance Max of variance Silhouette coefficient SSE
Min-Max K means (B=0) NAN NAN NAN NAN
Min-Max K means (=0.5) NAN NAN NAN NAN
Min-Max K means (B=1) NAN NAN NAN NAN
Traditional K means YLYYA0 O,Yan) S YYA V£5£,0YAQ
Min-Max '?Beigf' K means NAN NAN NAN NAN
Min-Max Kernel K means YYFE- . a5YF - YYYA R
_ (B=0.5)
Min-Max '&g??' K means VYV - QLYY - YYay £E,YYAY
Kernel K means AN Y,vyvya «,yYvay VeAYVEY
6=50
Min-Max '&gg)e' K means NAN NAN NAN NAN
Min-Max Kernel K means Y YVEY . AssA . yrs. Y VY.
_ (=0.5)
Min-Max '((;:rrl‘?' K means Y,YY-a AFFO YA £ Y120
Kernel K means IAINE YVEY - < YYAN VoY,AYFY
=100
Min-Max '((Be:rg?' K means NAN NAN NAN NAN
M'”'Max(gj(r)”se)' K means NAN NAN NAN NAN
Min-Max '&grl‘)e' K means YrY-a - ap50 S YYAY FEXIA
Kernel K means IAINE Yvey. < YYAN V-YAYEY

o Slae oaus al,] v, o (V) Jgo 4 ax g5 L €0il2 coslus sy
Clizd cpl o s o lis 0g5 Lo ;oS! gl 4 Cd (6 50

Coil2 cawliss (¥) Jgu>

Sum of variance Max of variance Silhouette coefficient SSE
Min-Max K means (3=0) 80,2474 Y AAAOEO S VVAVYS QAT FEFVYY
Min-Max K means ($=0.5) PAARARAN Y,AQ4YV0 SV\YPOY DOY,A-FYIVY
Min-Max K means (B=1) 0,42\ VAY Yoo e EVY SNPYEY AAY FEFVYY
Traditional K means 11,047 O,AAYO ARS8 YPV,0FV?
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o=1
Min-Max '&gg?' K means ¥ 508555 Y.F108 RN VAYFY1O
Min-Max Kemel K means f5515 Y.F100 SV VAL FY - F
_(p05)
Min-Max '((l;”;;” K means FANDY YOVEY Ser YAYOYYY
Kernel K means V- YATY a,yaas BRI Y2Y, YV
6=50
Min-Max *((;:rg;f' K means FEVEY YEVIY CVAY VAYYo5
Min-Max Kernel K means £5VEE Y.E¥14 CVAY VAVYO- 8
_(p05)
Min-Max '((;:”;;5' K means FAVA- Yoo f ST VAY.OYFA
Kernel K means IEAEAR O,YAYT CNEY YSY,A0-0
=100
Min-Max '&gg;' K means FAVEY Y CVAY YAY YOS
Min-Max Kernel K means YA YFra CVAY YA YO-F
_(p05)
Min-Max '((Be:”l‘? K means £y54. Yo--f S EY VAYAYSA
Kernel K means PR OYATE ST YFY,A0-0
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Glass cuwliys (F) Jous

Sum of variance Max of variance Silhouette coefficient SSE
Min-Max K means (B=0) AV, VA YYS V- OAAYYYE - YEAYY YEr . FAYOSA
Min-Max K means (§=0.5) Fo1,VERAY av,2104Y - - ¥EYAD- YE-AD-OFAA
Min-Max K means (B=1) Y50,FYAV FE AY,VAAAYS L FAAAN YYVOY-F00-
Traditional K means ANy YV, FYF < YYAQ FAV,YAVA
o=1
Min-Max '&gg?' K means FAN004 YYAPVD CAYVA Y00,aV0Y
Min-Max Kernel K means FANTY) YY,H)p V¥ YO,V 1)
O (=03)
Min-Max '&g??' K means FY AFOA Y1SYYF CVFEA YOV APYD
Kernel K means VYA YY- §e-YE CVEAY FYAYAAY
0=50
Min-Max '((ﬁe:rgi' K means Ve YYA OV.03TA Xveo YYY AP
Min-Max Kernel K means Voo ¥YO TN JFVAY YYY.£00Y
. (@03)
Min-Max I(({;aer)el K means QY. BATY AY,0-YY YeaA YYY.AQ0Y
Kernel K means YYV,2AAA Vavy,y.ve YeaA YaA,- Y'Y
=100
Min-Max '&3‘28)‘3' K means Ve VYA OY,00¥A XY-0 YYVASE
Min-Max Kernel K means Vee,o YYD NN YA YYY F00Y
_(p09)
Min-Max I((ﬁe:th)al K means QY. DATY AY,0-YY YA YYY.Ad0Y
Kernel K means YYV,£aAA \RAARN4 ARV YA, £YY
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Sum of variance Max of variance Silhouette coefficient SSE

Min-Max K means (B=0) VYAYY F2¥11 4 VY2, 0AFYOY AN iaV FYOYAFEAVAY
Min-Max K means ($=0.5) YYOYY,OYYAYA IY1A9,07FYYY F AR £ FYV-Y,Y-Fa0A
Min-Max K means (B=1) 19479,009FF - AARARWA SR AR SSYYAAY FEATPEYSS- ¥

Traditional K means AfAYA ADY - - < AYY YYFYY

o=1
Min-Max '&gg‘;' K means avas$ AYY - Y L Yeav-d AYYEY
Min-Max Kernel K means avag,s AYY- Y SYLOve0 ATYEY
(B=0.5)

Min-Max ’&g?‘;' K means avavags AYAYY - ¥ LYOV-0 VWYY
Kernel K means y-fYY INATRR SARIN YYYOY
6=50
Min-Max ';Belg‘;' K means £-AF FAVAY < Far) Voo vy
Min-Max Kernel K means SLYAY FASAA . ¥ay- Veevy

_ (B=0.5)

Min-Max I((Be:rr;()el K means AYEYE FEYV 5 . FEeY VoYY S
Kernel K means VEFYA WY < ffey yfor.
=100
Min-Max '&gg‘;' Kmeans VoA-A Py - OPVY 439AY
Min-Max Kernel K means Yehe A geEVY . OSYY 449A.Y

(0
Min-Max '&392”1‘;3' K'means VoAe A FoPY - OPYY 139A,Y
Kernel K means VAFSY VOARY < OPYY YEYYY

Iy 25 oy 00 &l o y631 (F) Jgaz o Wine cewlns sl p
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Sum of variance Max of variance Silhouette coefficient SSE
Min-Max K means (8=0) VIVOVYALYYE-V FADVAOVYF Y - OFYYAD VEYTY - ATAAYA
Min-Max K means (=0.5) VYFFVASY - APAY FFAAFEYYSE - OF - OTY0 VE- - 00,0FYaFF
Min-Max K means (B=1) VYL AYFVAFVAYY OVYF-1,A0FYAY - DFEOVF VOVYARYASFYY
Traditional K means YVIY- VEARE - - - 0048 VEYEa
=1
Min-Max '((ﬁe:rgi' K means $oVE.. fAY - CEVY Y- AYY
Mi”'MaX(Ejg.‘g)' K means $oVE.. FAY - CEVY Y- AYY
Min-Max Kernel K means PR €AY CFVYY FLAYY
(=D
Kernel K means FoVE-- AREARE EARANG YeAYY
6=50
Min-Max I((;ng)el K means YVASF- VEASY - < FAYS YY-0A
Mi”'MaX(Ej(r)”;)' K means YYVO- - VEAYS CFAY YY-ay
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Min-Max '((Be:;;f' K means YWY 17440 -0-0A Y-s0Y
Kernel K means HIYYY. Y.vea. <0+ 0A YAYYY
=100
Min-Max '&gg;ﬂ' K means \YEYY- DY+ AY - OFYF VAAS
Min-Max Kernel K means LYY BY - AY . OFYS WAL
_ (=0.5)
Min-Max |(<[3€=rr1]§| K means VFAAY FYEV- - OFAA VAYEY
Kernel K means fravy-. YivVo- - -, 0FaA YYV-Y

3 ,Shas ouds all 0,6l (V) Jgaz 4 azgs b iriS el sy
oled sy o ls Min-Max k_means oo 631 b SLass Lo

sl D Pl By g Ve ol 2L e ot

Syg0 oYl
Iris cawlys (V) Jgu
Sum of variance Max of variance Silhouette coefficient SSE
Min-Max K means (B=0) YYAAVAAA VY YYEYOA - AFOAB FA¥,00A00-
Min-Max K means ($=0.5) VY AAVAAA VY, VYEYOA - OFOAD) FA¥,00A00 -
Min-Max K means (B=1) Ya,Y#vvaa VO,EVY - - A L ATEVSE DAY FYEATA
Traditional K means YY.£ays EARSA <000 Y0290
o=1
Min-Max '&gg;' K means YFYE. 1,774 SN V- E N PAY
Min-Max Kernel K means YFYE 1,774 2N 1o £ PAY
i (=0.5)
Min-Max '((Be:”]‘?' K means YOV-0 V00 YY - OYA¥ VoY AA
Kernel K means WEY V1L FYYE - OYA¥ YYEXY-0
5=50
Min-Max '&gg?' K means Y50 VAFE- - DFFY VY AY-A
Min-Max Kernel K means Y50 VAFE. - DFEY VYPV-q
_ (B=0.5)
Min-Max '&g??' K means Y, YYA VAVAY - DFFY VoY) A0)
Kernel K means Y1,00YA VEVVA- - OFFY Y¥F AAAE
=100
Min-Max '((;:rg?' K means Y50 VAFE- - DFFY VY AY-A
Min-Max Kernel K means Y50 VAFE- - DFFY VY AY-A
(=05
Min-Max '&grl‘)e' K means Y, YYA VAFYY - DFFY VAYPYYA
Kernel K means YVN0YA VY,YVA- < OFFY Y¥FAAAY

1)) o, 6l sladogs 1o il )lg ggemme g uib)ly pou Sle
R BARV IR IN W

Cancer cuwsliss (A) Jgu=

V plp0aS Gy oad &Il oo ,oSUl ((A) Jgu CANCET Conliys o
9 SSE Jlaie i ,s8l solod leoyo ojls pe5 o Sles ol

Sum of variance Max of variance Silhouette coefficient SSE
Min-Max K means (3=0) YafIarAYOfoN s 1499V FY PAFEN E < FAAYEY AP FYYEN S
Min-Max K means ($=0.5) YafIarAYOtor s 1499V FY PAFEN E < FAAYEY AP FYYEN S
Min-Max K means (3=1) YVYV-YYQ,FAYFAY YAYAFYY, Yayay. < FAVYED AYOVYAY,DAFYEA
Traditional K means YeVA«-- Yyaov. - < FavY frave.
o=1

\ .
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Min-Max 'éezrg;f' K means VAFAY- - VEVAS- - CEA-Y YOAYY -
Min-Max Kernel K means VAFAY. . VEVAY XAV YOAYY-
_ (B=0.5)
Min-Max '&;’T?' K means VAFAY- - VEVAE CXASY YOAYY -
Kernel K means VAFAY. - VEYAT < fAY YOAYY -
=50
Min-Max '&;’gf' K means NAN NAN NAN NAN
Min-Max Kernel K means
qaq. ARAEE XY-¥ YYYQ.
_(p-05)
Min-Max Kernel K means TR 45 YY. FA YEY. 9.
(=1
Kernel K means YAPYY. - NAdMEE ;o PA- Y040+
=100
Min-Max '((Be:rg? K'means VSYS. - oYYYS- - XASF VAL
Min-Max Kernel K means VYA OYVAY- YAV VAAYY -
_(p03)
Min-Max 'ée:"l‘;f' K means VoADF - - A-OYY- I YYYAY.
Kernel K means YooY AINAR AR BRI AN Yoors-

)..v‘)..v L“’S Voo )_.\‘).3(5 6‘)‘ M(Q) JS"\" 4.95;1; CMC WL»JQ )
Sl ly Sl o yige )

CMC caslizs (3) Jguzr

Sum of variance Max of variance Silhouette coefficient SSE
Min-Max K means (B=0) Va9, £ YAY FAALAFTYAA - FTAOYY FAYELYYSEEL
Min-Max K means (B=0.5) Va4, A TAT FAAASYYAA - FYAOYY YAYEQYTFEEO
Min-Max K means (B=1) Va9, 21 YAT FAALASTYAA - FTAOYY TAYEATYSFES
Traditional K means IANA RS OF,0Y50 <FEYA \£\£8
o=1
Min-Max '&gg?' K'means NAN NAN NAN NAN
Min-Max Kfrnel K means NAN NAN NAN NAN
_ (p=0.5)

Min-Max '&;i"l‘i' K means DYY.YETO Y FA0Y e TYY 1AY,)
Kernel K means VAYYLY YYY, - fYA —,eYVYY \YWeof
6=50
Min-Max '&gg?' K means AAFA0A FYF1FY . fray DOFY 5
M'”'Max(gj(r)”;)' K means AAFAVD £V fYYS - FYA DY S
Min-Max '&g??' K means AAVOTY FY,EAVE FE BOFYY

Kernel K means Yay),yvea \YY,Yavy <fFe AT
5=100

Min-Max '&3‘28)‘9' K means AAFAYD FY¥YYS - FYA BOFYS

M'"'Max(gf(r)”g)' K means AAFAYD FV¥YYS - FYA BOFYS

Min-Max I((ﬁe:;?l K means AAVOTY FY,EAVE FE BOFYY

Kernel K means Y4y, YV$A VPV, Yavy P ASSE,)

Coslasb Kmeans 5l a5l eod @]l o, o(V0) Jga vOWel culus sl

[15] ;o oo al,l wi,31 ay Cod 550wl 21,5 silhouette
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vowel cusliys (V) Jgus

Sum of variance Max of variance Silhouette coefficient SSE

Min-Max K means (f=0) AYVAFa00,Y7A870 FYvaryy,fvaaso < YEYOY? Yo avOvYY-vV\v
Min-Max K means ($=0.5) AVFIAVIY,FYPaqY FEYOFADFT - VAY < YORAYY 144941YV,42141)
Min-Max K means (B=1) IYYYYAYR,A0FTA. TA.Y.07,A-9Y50 BACA LV YoYYYYY,AVVYEY

Traditional K means VYYEA- - foves. . CAVAIA YDAV

o=1

Min-Max I((Iie:rggel K means NAN NAN NAN NAN
Min-Max Kernel K means OAYEY- - YYVFE. - Vs Y-$av-

_ (B=0.5)

Min-Max ’(T}e:"l‘i' K means OYDOF - - YA CAVEA YVFf5
Kernel K means AYZEQ. . OAfe - ERRZN Yoray.
0=50
Min-Max l((lie:rg;el K means NAN NAN NAN NAN
Min-Max Kernel K means NAN NAN NAN NAN

_ (B=0.5)

Min-Max '&e:"f;*' K means AYARQ - - BOY-Y- - GeYe0 YVATY-
Kernel K means ARV AR ¢RI R RN Yeyay.
6=100
Min-Max '(T}e:rg;' K means ") -a - Y555 Sriof 15055 -
Min-Max Kernel K means VYA - FYYYY- - . Yavs WYY -

_(03)
Min-Max '&ie:";?' K means YOYVY- - YIYVa.. YPSY VARV
Kernel K means YYYEY- - FOAT- - < YEEY YFeAd-

3yl 1y SIS o e o a8l pin 650 s lre pleo slilar aiS oo 3l o &l o6l WV )) 9o a0 azg5 b thyroid coslus sl
Jese Min-Max K means o ,651 4 4 silhouette [Les s

Thyroid cawbys (V) Jous

Sum of variance Max of variance Silhouette coefficient SSE

Min-Max K means (B=0) FATAVFOT- 0 Y10) FYSYAY RN VVIOYYESTY
Min-Max K means (8=0.5) FA2)Y\VYEY YYFEXYYFAY CFeTYS. VWAL YAVYS
Min-Max K means (B=1) FAYFAOYY Y Y-40,Y010%0 CFEYYYA NV TITYY

Traditional K means ARES N YYVYY,N < feEA AARA

o=1

Min-Max '(T}e:rg)e' K means \WE ¥ VYA SYNE YYYay
Min-Max Kernel K means \E ¥ VITA¥ SYNE YYray

_ (B=0.5)

Min-Max '&Se:r?;}' K means WELY 1YV YNy YY¥-
Kernel K means YA-OY VYAYA S YNY YY#VY
5=50
Min-Max '(Tf:rg;” K'means VE-aA AN~ 200Y FYAY VAAY
Min-Max Kernel K means VEYE AR+ ASA LFra VAAY A

_ (05)
Min-Max '(Be:”]‘)e' K means VE-9A ARV, Y45 SFEAD VAAY.Y
Kernel K means YOAY \IZ4 A1 < FYAN YO+

\Y
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=100
Min-Max ’(Bezrg? Kmeans VE-AY AV FEYY PRV VAAAY
Min-Max Kemel K means VELY,) AAY DFAS < FFYA 1441,)
_(p05)
Min-Max I(<Be:"1]§l Kmeans VEAY,Y 45 F- vy PRIV YAAAY
Kernel K means YYYay YYYYLY CAR RN YO-V.f2
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