26 % 452 W LERFFHR (ARFFR) Vol.26 No.2

2021 4£3 H Journal of Jimei University ( Natural Science) Mar. 2021
[ STEHS] 1007 - 7405 (2021)02 — 0139 — 07 DOI:10. 19715/j. jmuzr. 2021. 02. 08

EFTZHEDOFHEAI MM K-means BEEH;

—1 . A2
W om', B F
(1. B2 AEWHENFR, B2E BE1361021; 2. E£AkFEEMAT N, B2 EIT361021)

[HZE] %5 K-means RISTIEE S W TE 2 T AREA AU, K AR TG 19 I8 MR IR 7 3 X0 R
ZBS A BRI AR FSTER, SBOEAAM B MET R A G . SR, 48— R R ALY
K-means BiE#HAT04L, B 56, 12 Softmax Fl Sigmoid 2 % [7] 3 pR BB RFAEA T, AL A% R =i 2
TEREMEAA M TR AAE LS ;. R, MR R ae A LR RO mG , BERREE B R MY K MREASE g g 2R 2
Huly, A RO AR AR IR IR RS TR R, SEIR SRR, #E UCT bR i 4 R T N4 K-means ¢
KAETT LA RO EAAREL, e RIS MER R | ARG [

[82i7] WGUHEE, FRaE A K-means 359% ; @il % #IEEERIEP.0

[RESES] TP301.6

A Weighted K-means Clustering Algorithm Based on

Logistic Regression Functions

LIN Li', XUE Fang2
(1. College of Computer Engineering, Jimei University, Xiamen 361021, China;

2. Informatization Center, Jimei University, Xiamen 361021, China)

Abstract: Traditional K-means clustering algorithms calculate the similarity of samples according to their
Euclidean distance. All attributes of the data are treated equally and the potentially different contribution of
each attribute is ignored. This can lead to a lack of accuracy in sample similarity calculations. To rectify this
deficiency, a feature-weighted K-means algorithm is proposed. First of all, Softmax and Sigmoid logistic regres-
sion functions are used to calculate feature weights. The Euclidean distance after feature-weighting is able to
represent the similarities and differences between samples more accurately. After this, the K samples with the
largest distances between them are selected as clustering centers to optimize the strategy for selecting initial
clustering centers. This can effectively avoid incorrect or empty sample clustering. Experimental results for ap-
plication of the weighted K-means clustering algorithm to UCI standard datasets show that it is able to reduce
the number of iterations and has better clustering accuracy, precision and recall rates than traditional K-means
clustering approaches.

Keywords: Euclidean distance; feature-weighted K-means algorithm; logistic regression function; initial

clustering center

[YfmBHHEI] 2020 -04 - 05
[(E£WmB] EEXBAABSELIE (U1936114) ; A BARAEEIH (2020J01697)
[1EEBN] M (1983—), %, YR, MEFEREIEHAR | BIEzH . PLEsE ) Jr marss
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0 s5lF

REWERIEIZNE . SORE . BUR N SUA T Z W, ER—MIEwEEZILS ¥ TR
%o R A BRI 5 R RIZE S, RN T B A AR URE R SRR, AT
DATETETE G TR 42 B 19 . K-means BE3EJE—FE TR0 iU RE SRRk, Has st JUH
T = 48 s . KA SO B R R 2, 2 B L ew g —Fh SR 230

K-means 5.7 BS0E R BEVLE RS K SR, il B 21138 4N A R R 2 ol i A L
FE o AL IR B R 1928 . K-means FIEAAFE 2 AR, 1) RABLERATE; 2) HEGUER
THEREAFRRUE . Ir A FRIE S 5 G 250 HooTmk B3 — 4, XA A RN S BEDL I B, 4t
XS 1), SCHk [1-3] $2H Kemeans + + 8.3k, HOR MR R EEP IR R AP0, WRSE T7&
4t K-means FILFEHLBERE RO ENE, RERRUERME, (H)E K-means + + H 3%k L% B
R, HEAFZEFERAFETER, TR 2) FAEWTHTF . WF 4R (85, KE),
Ho B S B 150 ~ 190, PR H A (E 35 FHE 50 ~60, BUA = AMFEA . «(180,50) , 5(190,50)
c(180,60) . & HRERAIE B EAAEAMPIE , Dist(a,b) = Dist(a,c) , MBAEE 10 em EAYFM T
10 kg 247 WA, TARGEA FAFAE DTERIA g R 28 5, REAS AR A B fEwf , G T
FROEINAL, SCER [4 -5] 4@ e i B0y 22 | BER RN AR, (HJE 7 22 AN RBMERR R
FIERY 22 5450, SCR (6] 48t PRAIE AL 2 B2 58 T R 2R N RRAE AR T3 2= >, Gk [7] 424
K H] Pearso AH G R ZIOR AT X G18] 1 B B AT I0AL, 25 FEAE A N2 ot Y AR IR DG BT RFNE AL
SCHR (6] FSCHR [7] BURMERRACE ORAEAS ] Y OCHK , (HIEIF IR 5 IR IR A B 1Y 22 5 X6 RRAE AL
EIENE-AN

Softmax PRECAT LAY i R 22 5, Sigmoid PR M KA /INFRIE 22 AR SCHR Y — Bl RR AR IR B
%, BE5A H— LI EREL Softmax FNLIE PREX Sigmoid THEFFERCE |, FRAE 22 S AK AR AE & PE vk
TR BARAL R, 22 5 R A AFAE SRR R U T A RA R, DA 4 M fif R K-means B9 A9 P

)AL,

1 FHXHENIR
FERBHEAE X = {xi| x, € X1 = 1,2, ,n} ﬁ:ﬁ\ﬁjiﬁﬁﬁmﬁ\#?ﬁxl = {xil,xiz,“"xim} o
EX T FEA o, FIREA x, IEOULEAFIEE N : Dist(x,,x;) =
AR RS,
EX2 BEMMEHEr = (m/n) x100% , Ho m HIEREROFERNE, n B EHEARDEL

n k
RX3 KBTI (SE)S = 3 3 (= )7 ik ¢ FoRiAthi s, 366 kA4,

i=1 j=1

Z (2 = jk)zo;H\:EPk%\:_{ZT_\‘/I\ﬁ
k=1

2 ETEEEVFRHENA LWK-means & iE

FEXTTAE S K-means 5535, ASSCHE A9 38 T2 48 01 H R Z5OWAL A9 LWK-means 53520 T 2 5
HNZ: —RRIEPG ORI, EEREEEREANE IR R PO, R B MR AERGE TR T
B, iR B R A
2.1 ¥RREHRLMRL

REPORARME S . SebEplE— DA .G, WS ZTHR, iR EIREXN SR « 5
E RIS L B/ ME B minDist(«x) o HH 78 minDist () HBEPEIR KA ITEREA j 1E N T — A2k
s B NREPO I E AR E A RO IR R RBORR ;. AT RAE R R L S
IR AT . SEERE, RE LB R PORIME, T R RS R R
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InitCenter( X, k) EARMMSE: .

1) A IHEAE S —REAL C, kO ERIESEE, K =1,

2) MR 2 FHREAEALE X MEAEPOIIER Dist(X,C) |

3) 7E Dist(X,C) kB A M/ NMEEE M FEAFI AT ¢, FEE{E,

min Dist(X) = min(Dist(X,C,))(k = 1,2, k"),

4) min Dist(X) TR BB KREHIEOEAR;, FERHTF—-1DREPLC, F =K +1,C, =
arg max(min Dist(X) ),

5) mELE2), HIESE kDRI,
2.2 $FEMAR

FAEAL e S vE TP B AL IR, RHIEACE T 2R A MR E R 22 5 00 . ISRy
TERAE A SXAVRAE R 22 57 B/, IR AR o 2R P DOk D WA R W RIS e A
ALK, ARG O E, MR TR, WSRO 22 R B R IR R R A b, RVER AR AR R
WEALHTTTS . DRUERFAE 22 57 BE A7 G 5080 I 6 40 A

EX 4 FHEESEp = ip,py,op,t , FANEB—IIREZRN, BA—dEm i,

REAE 22 53 BE — MR T 7 2 s IR AR IR 25 00 o Tl T8 IMRPEIBUE IS BN ], BELEApAIE RV e 22
SRR, EBEEN, WaTBOr 28N AR — DB 528 50 B A AU SRR 22 S 0L, &

p; = (max(x;) — min(x;))/avg(x;), (1)

Horry o, RREE—FN BB ; max (w,) FoRZIN IR ; min(x,) RRZINR/MA ; avg(x,) RRIZI
FHIE, RN RN ZIVE IR R R 22 R, S P A L] LU R T i 1290 Hdie 22 S 15 0 o
p (EBOR, FHIE2E RO, ZARHERE 21,

EX 5 FHEZESFEMERE max r = max(p,/p;) o pi, p; 73IFRIRH i 51555 j 5 BYRHIE 2 5+
JE, FEGE XA SECT M B AT I NRIE 22

EX 6 FHEAH w = {w, w0y, ,w, | , T m DNRAEAERRECEE BT AR R STk g, i HZ
B 1A R Softmax 15, AN

w;, = el’i/i e’ (2)
Horp p, WEAFFEZERIE , p, BN, HTTHREGBUN, ez, WITTEkE R
fdi ] Softmax pRECAT LA™ A5 (R, 0 RIARG T a5 KB 1 oAb 23 fE . {H2 Softmax BRI 2 HY SRR AE
R KA IMED, 24 max r HH 10, w, 22582103 —DRE, AN EHEEA 3 DMFHEAE >
59 [0.070,0.012,0.910] , SHE="MFRFAE(ELICAT 2 DARIRZ , FAAEACE TR 2 BB ME DL,
THRAEE R BUEIE AR, SR E 2R M, Sigmoid PRECH RIRAYE M, &R IEALE (B AT
PABCETE] (0,1) XA, ~FEAFEACE R A 2E 5, HA (2) Wal LU Sigmoid LT

w, = (1 +e*ﬂf>”/z (1 +e™)™", (3)
BARAEIRAUS , MR B M 235 25 707 A1 SSE Ll ok I Bk =00 B8 A hnAL i SSE(S)

Dist(xi,xj) = iwk(xik —xjk)z,S = i iw(xl —cj)zO (4)
2.3 LWK-means &i%x ]
FETF 12 1 (0] 5 pRFOAN ) LWK-means B3R FE N .
1) WA FEAREEE X, BEIHK
R K ASREE
i)
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1) HYE K%L nitCenter (X, k) , 8%k MIHEREH L C,,

2) RIAX (1) IHREIRENFIEZESE P,

3) MRIEE X5 HE R KA L max ro 45 max r> 10, BEFELENL KM/ INVEREFC TR )45, 0 16
B (3) HHEAEAGE w,; 45 max r <10, WZEFEAR (2) HAFMEAE w, .

4) WIEA (4), IWHEFEAFI L SR A LR Dist(x,C) , BUR/NERUEAE I FEAR I I8 251,
BRI B L,

5) MRS L WA, THRRIZRFEATE S — MR IE, EHEREDLS C,

6) MMAFFERETHRIRZ T )M SSE (A (4)), EEAEE2) —3) —4) —5), HZE SSE
AR B8 E 1R AR

3 XWERSHSM
3.1 HiE&E

R T SriE LWK-means 595 A R0 SA 30 26 UCT 288 2 i i 6 N85l 4 S 0 EL 88000 il
o R WBIREVI], FRTE IR, BIT48 A 100 R, DIAERE RS, R For . e
B RAE R A R B S AR . JF 4391155 K-means, SWK-means, LWK-means 1) 5% R 474 1,
Hrr, K-means FIE PRI L RHPLER:, MEIEEAHEIE; SWK-means F1 LWK-means #] 4 5
RO P BE BRI —HF ; SWK-means 535 19 R IE B AT (B oM 491 19 7 2% LWK-means 535 (BRI
AR (B T RRE 22 7 B S8 R R e BOH A R 25 R B b 3 5 T, SR Z-Score Ar AL 38
JRAEEE , AR UEAS IR 4 B s AR AL

F1 UCI BIEE R
Tab.1 UCI data set and description

BEEE Data set FEZREL The number of samples FFAESL The number of features ZEIMN%L The number of clusters
Iris 150 4 3
Wine 178 13 3
Balance 625 4 3
Glass 214 9 6
Haberman 305 3 2
Seeds 210 7 3

3.2 BIEEHIENE
FROEACEE R A i 2 R AE DTRR TR AR, A Iris BRHEAE, 20007y F 2RSS 3. 4 FRAEAY £ dE,
T3, 4 5 EREE 22 R HEEE 1, 2 FRIE R, SR 3. 4 FRfEsakoc, ffiH Softmax PREG™ W25 3 |
4 FRIE, RIEA (1), (2) HREAFEREES, X263, 4 FRAR7e Ko iR s & b 3 52 A E
[0.29,0.45] (W3&2),
x2 HIBREMNHENE
Tab.2 Feature weights of data set

HE4E Data set FFEAYEE Feature weights
0.11,0.13,0.29,0.45]

Iris

[
Wine [0.02,0.137,0.03,0.04,0.04,0.05,0.15,0.06,0.11,0. 15 ,0.05,0.04,0.09 ]
Balance [0.25,0.25,0.25,0.25]
Glass [0.07,0.09,0.12,0.13,0.07,0.14,0.11,0.14,0. 14 ]
Haberman [0.30,0.24,0.44 ]
[

0.15,0.13,0.12,0.13,0.14,0.20,0. 13 ]

Seeds
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MFE 3 LI EE BT E R, Inis 088 2 o R IR AU RARIEHHRE L 95% . Haberman il Glass
BPEAE PR E 22 55 B S B KA /B O, i Sigmoid [F1 1 pRECFE U RRAEACER , BB R E A FE (0] 1Y
APAg )L, B FEARRIE (AR [R] STER G AP AERAL. (L3R 2) . Balance $#8 4 B FRAE#R by B8 1A AL
i, PIBUEIXTE R [1,5] , SRRSO —2, S M REARGE —H (W% 2) .,

3.3 KWERKSH

1517 K-means, SWK-means, LWK-means B.364% 100 ¥, FHCERIME, A REEERRE iR
2 F-J5 0 SSE | SRS HERG AR LRSS R LR 3 R 1 ~ K 3,

R3 BRXBFREFFNSSE KX HERRIEIRITEER

Tab.3 Comparison results of iterations, SSE,accuracy

ﬁ}ﬁ% 1%1JEYQL'\7§&/W\ Iterations/ Times SSE {@Eﬁfﬁ%‘g Accuracy/ %
Data set K-means SWK-means LWK-means  K-means SWK-means LWK-means K-means SWK-means LWK-means
Iris 6.50 4 4 149.27 25.0 24.24 78 86 95
Wine 7.54 8 7 1320. 00 32.8 90. 86 93 71 94
Balance 14.58 5 5 1753.05 442.0 449.79 46 65 65
Glass 8.44 5 6 856.77 76.0 97.72 41 41 51
Haberman 8.81 7 3 694. 96 234.0 212.57 57 75 75
Seeds 9.06 8 7 430. 85 52.2 64.62 92 90 92
S — =
5 R =
= B N
K oK =
&
#H
Iris  Wine Balance Glass Haberman Seeds Iris  Wine Balance Glass Haberman Seeds Iris  Wine Balance Glass Haberman Seeds
B1 R RER M2 REEHALELR M3 BREBELBER

Fig.1 Comparison results of iterations Fig.2 Comparison results of SSE Fig.3 Comparison results of accuracy

M3 K1 LIES, EERKRET I, LWK-means 5 1k 2% 10 R E0 3 D F 14 5 K-means .
SWK-means 5.7, RIFEHOMEME, LWK-means F.75 5 QIR ECEE i 5 Haberman w28 B B AR ()
sk, B THEREL, RV Ir I SSE B RAEHORN — P H LM abri, SSE Bl 2N Ry
2N, MR BB W, %3 ME 2 BIRITAUS B LWK-means F1 SWK-means 5574 1
SSE H/N, P TR RIS, Tnis 2R AE T, BREUE B L B E AU, LWK-mans & SWK-means
BIEHER R 5 T K-means; HAEEES , LWK-means B35 F 4R 240 5 T K-means , SWK-
means 2.3

HERRFE— MR ED A PEM R bR, (ER AR S I R M B R FLIE I RE T, IR REARERIEA
R, I, SIAGSNAHERR: K3 (Precision) P FI{{ I (Recall) R, P=ZE5|EHIH
AR RAF I ABIIREA SR, R = 5 IE 60 0 28 A FEAR B 2 2 R IR B RE A B i, R
HENRR I TR R R ARE, A RPR TR R R sttt &4 BoR 2 MRS P EA
FM PP BRFNA R, K& 4 RS & 6 DA ARSI R A BB E S AR A,
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M4, K4, ES5aTLIFEH, LWK-means £ 6 MR P ARG H0R | A BEREDL T HAL 2 5
¥ Balance, Haberman . Glass B(Jg4E, LWK-means SR E UG ARS8 2 A1 43 [0 R AT B B 1 R
JNALHY K-means B35, 8 5 EX 6 DAL HAE . H RIS HER R BUYE M SR . LWK-
means 372 ARSI R B R I AT B9 K-means 1L $2 5 7. 6% , 3 22 MBI SWK-means 55 15 2 &
1.7% ; HARE K-means FEHEE 4. 2% , 3 SWK-means B85 1. 7% ; HMES R K-means &
R 12.4% , B SWK-mean BIEHEE 3.3% o X 3 NEAR - KIE] LWK-means 57 1948 R0 M Fa
EVE,

K-means 5389 R HIRGCHE BT HAEAAI LR, 3 TROBEE 04, REERRIE AU S e O B
B, NP RS, J&T Glass il Balance FFAEREEIEEE , 3 MHERMER I REAL, FHEDIAME T
YIGAEE, (AN 3 K& 3 7] F 2] LWK-means 535 VI ER 214 & 5 TAE 4 K-means 2 SWK-
means H.15

F4 BEEEHEMBEEMILRER

Tab.4 Comparison results of precision and recall

ﬁ[j’E% é@j”]lj *%Efﬁ% Precision/ % H E‘% Recall/ %
Data set Cluster K-means SWK-means LWK-means K-means SWK-means LWXK-means
2501 100 100 100 93 100 100
, 2550 2 69 75 78 80 90 78
Iris .
251 3 60 87 77 58 70 78
FHE 76 87 85 77 87 85
2501 92 98 92 99 78 98
, 25 2 98 74 97 89 70 89
Wine R
2557 3 92 48 94 97 62 98
I 94 73 94 95 70 95
S S
£
Iris Wine  Balance  Glass  Haberman  Seeds Iris Wine  Balance  Glass  Haberman  Seeds
4 TEWEBIRTLER 5 ZBEZXRERITILER
Fig.4 Comparison results of precision Fig.5 Comparison results of recall

£S5 BREEIEHE QOE ABIREBENILER

Tab.5 Comparison results of precision,recall and accuracy

A Clustering algorithm K5 T4 Precision/ % B AR Recall/ % HERAHR Accuracy/ %
K-means 65.3 65.1 66.5
SWK-means 71.2 67.6 75.6
LWK-means 72.9 69.3 78.9
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4 it

55610 K-means BIEAEEREHLIE PRSPl | ARG IS, SEORKGEARE | R4
(LR H B R FO )R, A SCAE X Kemeans $EEE A7 A2, 4 1 6 T3 8 1 01 56 BORAR B9 LWK -means
Wik, WG, MALRERL, HERIEB RN K MREARE RIS, DL T 55 K-means Bt
AREER, OG0 AR W T KA B, KT, AR AN HE 22 S BE , {# F Softmax 1 Sigmoid
I 01 BRI AR AR, R A AN TR BRI 2 S 0 B B B8 15y 3 T L 4R R AR AR ()
MR, LI T UCT SRR 19 6 AN BB S, it 5 K-means, SWK-means 513 H 4%,
LWK-mean BEE7EARE . 2L TF A, RS KSR 3 3%y b R U fh bk flg, (2, 75
SR et R, RGBS A AT T B AR, SRR TR, AT LA AR 2 3Ty ik
BCHEREAS HIBUBE TS0, 47 MR R,

[ &% 3Tk ]
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