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Weighted least square projection twin support vector clustering
with neighborhood information
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(1. School of Data Science and Information Engineering, Guizhou Minzu University,Guiyang 550025, China;

2. Engineering Training Center, Guizhou Minzu University,Guiyang 550025, China)

Abstract: In order to solve the problem that the least square projection twin support vector clustering (LSPTSVC)
algorithm fails to make full use of the potential information among sample neighborhoods and is not practical, this
paper proposes an efficient weighted least square projection twin support vector clustering algorithm with neighborhood
information. Firstly, the algorithm introduces the concept of relative density to fully extract local similarity information
between data points of the same class. Then, the algorithm calculates the relative weight of the point. Finally, in order
to better reflect the geometric structure of similar samples, the algorithm calculates the weighted average value of the
data points by using the relative weight. These experimental results verify the effectiveness of the algorithm. The
results show that the proposed algorithm achieves better clustering accuracy than the existing methods under the similar

computational complexity and good clustering performance in the practical application of medical datasets in the real

world.

Keywords: neighborhood information;relative weight;least square; twin support clustering

51

RIS HTAE g —Fh 0 B 2 ) Bk W IZ N T
BLA 27 2] FUECHR A2 98 09 45 4 S8, B A6 0 45 R X0 B0
(0 845 43 S v A ABL 8 X G2 A B B AN TR 2 A g
REATIL G A7 PR AN S AN TR AR
TR R — R L V2 BIF 9 2 A A AR A SR ) AL Y R A
R W LABIT BRABE 2 8 At DR Bl 4R 1 43 S AKCR IR R 51 4
Rezvani %M 48 A9 B 46 BB 22 A 32 FF & ML

il

Y B 9 :2024-05-10
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TR TR . Hua 5104 10 BAT R TS 2 1 AR

e/ O B W FE ) i ML (weighted least squares
projection twin SVM  with  local information,

LIWLSPTSVM) 7853 F T 808 HE AR i 22 [8] 19 88 8 AH O
FE R TERIMZAMERE . SR, X SE R R E T
B Ay ISR R T A BRI b 2 A BRI R B .
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JEF R R, AR T 2R AR S i R 2K (twin
support vector clustering, TWSVC) , i Bai &7 & H (1) 22
He A LS B 1) B 2K (twin bounded SVC, TBSVC) M2 7
TWSVC By B Fr [ 88 i A TE DA 350%d 5 3 47 2l ik, i 4
FER 27 Sk, 10 35 B v LR BE L A . Bai 55 42 1 1 B
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/N AT 2 T R — A M R R T 2
MEERE, AR, — RO 4 R : BT R M Iy
ORI TS M ERER BL. B4, Richharya %" $2 11}
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FUMEERL B PR T — Fh BB BN AL Y B AR W
745 1) B B 28 (weighted least squares projection twin SVC
with neighborhood information, NIWLSPTSVC) &%, § 7
ik BAT ik LSPTSVC. SRR 4 T A A BIE 19 R K T7 ik
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SR Y BE A BRI AT S A AT SRR SE R IE S T
PR A — R 1 RO RS A

¢« 60

1 tHXHER

AR A BTS2 (Bl LIWLSPTSVM) fT g 2557
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AT big-O Tk, 5 & 40 B A SCR 2R i i
Ak 18] B A )R] 2 2 BE . TWSVC 53 3 ad i Hl QPP o
SR i 25 n) A, A B () 32 B oR R QPP AR BE Y
W, TEREAR KR/ m = m, +m,, BHECHN N B
BT, 2t TWSVC BT E 22 B O(N Gl +n°)) .
4t TWSVC BB A 42 R OGn 3, +m’), TBSVC
WIRT S 445 TWSVC M fE . 2t LSPTSVC K f## 1
WA, KN K X n BN AR, H
BFE A 228 O(NR®) . dEZPE LSPTSVC W Z i X
INK o U, N AR R, R 24 B O G +
LSTBSVC 5 LSPTSVC H. A A8 iy i i) 52 2% B
A SC T B B R SR R 0 R — 4 kO R L L R 4R Sk
WisanT .

Dk FT SBE R T T m ASBUE S0 b Sl 4B
I A 1 W N S 1 O (1 =0 s W
OC2m’log(m,;)),

2) 2 NIWLSPTSVC T BXT K/INA n X n B N A5
B K 38 , 7E B30l (20) I E) 52 2808 3878 S O(Nn) .

3 IEL M NIWLSPTSVC FEIE K/ANHN m, Flom, #Y
N A RER W, P B[R] 24 BE S O G +m))

3 LR

AW TR B E NIWLSPTSVC 5 TWSVC, TBSVC,
LSTBSVC #1 LSPTSVC S kg b 47 e, LA 16
A I HEBUHE SR TR AT ST R A0 AT, SR DA AT B Bk e R M A
RPN BT B A RbE . N T A BUECHE 45 ok 1 O IR AR
£ H S RBIEE K [ UCTAE45)1E D, 5236 0 $os 4
B (S BN 1 iR,

3.1 KWigE

AR Y S5 3 BEAE 64 v Windows10 #:4E & 48, Intel
(R)Core(TM)i5-4590CPU@3. 30 sGHZ CPU 8 GB RAM
B AL E S, MATLAB R2020a 3551 PC Eisfr., fEdEL
HEE LT A SCHT A RIL M T S i,

IR T B P, SERFEA Y 50 % T U S, Hoar
FiliK., B e, MEAR(107°,10 1, -, 107 ik
P B E mu NES(2 7,2 1,27 P, TV S
B WEEG(2 .2 7, 2" sk B B BUR /N Kk 7E 1 5 9
FITE R N R, e X AT 835, CCCP I B M 5 2 H
I E K 0. 001,

AT AR AR B R i A R Z y B m A

mi) .

K1 ZRBEEHEFHAEE

Table 1 Details of the experimental datasets
Bk BEARR mPER B 25 o A
108/24/27/73/32/
Ds2c¢2scl3 588 2 13 49/33/40/28/24/
32/71/47
Pathbased 300 2 3 110/97/93
3MC 400 2 3 120/170/110
2d-4c-no4 863 2 4 421/86/294
Compound 399 2 6 50/92/38/45/158/16
2d-4¢-no9 876 2 4 244/312/101/219
Zelnik3 266 2 3 73/75/118
Glass 214 9 6 70/13/76/29/17/9
Haberman 306 3 2 225/81
Zelnik1 299 2 3 139/99/61
45/170/102/273/
Aggregation 788 2 7
34/130/34
Balance-scale 625 4 3 288/288/49
Hayes-roth 132 5 3 51/51/30
40/40/40/40/40/
R15 600 2 15 40/40/40/40/40/
40/40/40/40/40
155/150/148/
Longsquare 900 2 6 ~ ~
150/150/147
Tae 150 5 3 49/50/52
PR REAS B TN
PG.j) = ;: ;£?£47 Y (32)

B P, TN R AR 28 AR B HE L P, S SE P 2%
AR DL . S B2 LR

n,+n, —m
2

accuracy = X 100% (33)

Hr, n, &P, MP, PO HEH, n, 2P, MIP, T 1Y
1W%H.
3.2 LWERSW

LR LR (B TWSVC.TBSVC.LSTBSVC.LSPTSVC
I NIWLSPTSVO) FldE 4k M 58 % (B TWSVC, TBSVC,
LSTBSVC.LSPTSVC Hl NIWLSPTSVC) () 38 2 H5 1 4%
k2 fk 3 P, Hrh R15 844 . Longsquare 35 4
1 Tae B4 4 21 #7 1 , FL A B0 908 2 # 2 3R P45 1 .

M 2 AT U B FELR AR 00T BT ER 5L 7E 13 U
PR EER E Xt T Compound £ s £, T $2 8 1
B 2 HETR R A 85.28% . 1fii TWSVC & 79.41% ., TBSVC

@ https://github. com/deric/clustering-benchmark
@  https://archive. ics. uci. edu
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Table 2 Comparison of clustering accuracy of linear algorithms %

B gk TWSVC TBSVC LSTBSVC LSPTSVC Jir & 5%
Ds2¢2scl3 95. 32 92. 90 93. 35 93. 27 93. 27
Pathbased 65. 35 72.24 72.24 67.61 71. 65
3MC 93. 89 97. 87 88. 94 95.18 98.57
2d-4c-nod 77.53 86. 42 85. 38 97.68 99.19
Compound 79. 41 77.52 75.08 83. 46 85.28
2d-4¢-no9 95. 79 93. 96 97.91 98. 63 95.17
Zelnik3 76. 87 78. 89 78. 89 77. 80 93. 14
Glass 65. 56 65. 69 67.06 67.89 71.75
Haberman 63.09 51. 24 63.78 63.78 64. 48
Zelnik1 54. 85 55.91 54. 86 53.33 63. 15
Aggregation 80. 40 80. 33 80.78 84. 68 87.40
Balance-scale 66.98 70. 20 70. 20 74. 24 77.33
Hayes-roth 55.99 58. 97 58. 41 63.82 66. 99
R15 96. 64 93.61 94. 17 97. 36 97.71
Longsquare 81. 89 88.78 88.59 90. 13 93. 65
Tae 50. 13 54.63 47.28 54.70 59.28
- ¥4 R 74.98 76. 20 76. 06 78.97 82.38

T < IR 5 PR DAy X o7 5 A 2 ) i AR L+ A 06 O B
K3 FEBEEREBELR

Table 3 Comparison of clustering accuracy of nonlinear algorithms %

B SE TWSVC TBSVC LSTBSVC LSPTSVC P 2 5 1
Ds2c2scl3 93.94 95. 54 94. 60 92.18 92.18
Pathbased 59. 54 68. 65 73.53 84.48 91. 34
3MC 80.59 75.84 88. 07 93. 57 98. 57
2d-4c-nod 58. 14 63. 86 62. 88 89.91 97.73
Compound 91.74 91.73 93. 04 92.70 90. 22
2d-4¢-no9 96. 36 95.70 96. 05 90. 00 96. 76
Zelnik3 98. 95 97.90 98. 94 100. 00 100. 00
Glass 64.72 67.62 68.91 68.51 72.97
Haberman 61.76 64. 48 63.09 64. 48 64. 48
Zelnik1 64. 30 67.88 68. 46 100. 00 100. 00
Aggregation 79. 88 77.04 76. 60 71. 39 89.78
Balance-scale 67.10 66.41 57.50 70. 39 72.13
Hayes-roth 33.29 33.29 52.91 58.23 56. 13
R15 99. 51 99. 49 99. 00 96. 44 98. 35
Longsquare 77.14 85. 04 81.02 95. 36 95.74
Tae 46. 99 49. 33 52. 36 55.35 56. 18
S 24K B 73.37 74.99 76.68 82.69 85.78
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Fig. 3

Clustering effect of nonlinear algorithm in 3MC dataset
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Table 4 Rank ranking of linear algorithms on all datasets

FIEIE S TWSVC TBSVC LSTBSVC LSPTSVC 5k
Ds2c¢2scl3 1 5 2 3.5 3.5
Pathbased 5 1.5 1.5 4 3

3MC 4 2 5 3 1
2d-4c-no4 5 3 4 2 1
Compound 3 4 5 2 1
2d-4¢-no9 3 5 2 1 4

Zelnik3 5 2.5 2.5 4 1

Glass 5 4 3 2 1
Haberman 4 5 2.5 2.5 1

Zelnik1 4 2 3 5 1

Aggregation 4 5 3 2 1
Balance-scale 5 3.5 3.5 2 1
Hayes-roth 5 3 4 2 1

R15 3 5 4 2 1
Longsquare 5 3 4 2 1

Tae 4 3 5 2 1

AR LS 4.06 3.53 3.38 2.56 1.47

RS FRUHEEEMAHESE LHERHER
Table 5 Rank ranking of nonlinear algorithms on all datasets

ol gE TWSVC TBSVC LSTBSVC LSPTSVC Jor 4 1%
Ds2c¢2scl3 3 1 2 4.5 4.5
Pathbased 5 4 3 2 1

3MC 4 5 3 2 1
2d-4c-nod 5 3 4 2 1
Compound 3 4 1 2 5
2d-4¢-no9 2 4 3 5 1

Zelnik3 3 5 4 1.5 1.5

Glass 5 4 2 3 1
Haberman 5 2 4 2 2

Zelnik1 5 4 3 1.5 1.5

Aggregation 2 3 4 5 1
Balance-scale 3 4 5 2 1
Hayes-roth 4.5 4.5 3 1 2

R15 1 2 3 5 4
Longsquare S 4 2 1

Tae S 4 3 2 1

2k 3.78 3.53 3.19 2. 66 1. 84

2.56 F1 1. A7 MG OLT , I 55 1L 345 T S AR F 25 Bk HE I AE F(4,60)=2.525, F, = 10. 352 4 > 2. 525, fia %
B0 B3 REEARA TR (B M35 AR E XL~ fHiZ,Friedman f 3558,

26.133 8,Fr ~ 10.352 4, XH F A fHMERG—1, Sk TR 5 T R R R A Rk 2 T Y R SR 22 R
G—DA6—1)=(4,60), fE a = 0.05 R FHKFT, fii il Nemenyi #3875 407F -
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Fig. 4 Effects of parameters c; »c, and mu on the clustering performance of the nonlinear NIWLSPTSVC algorithm
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Fig.5 Influence of parameter k on the clustering performance of linear NIWLSPTSVC algorithm
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Table 6 Results of nonlinear algorithms on applied datasets

HE A TWSVC TBSVC LSTBSVC LSPTSVC T $R
HCV 80.947 7 81.093 3 81.328 5 81.493 3 81.493 3
CCBR 58.730 2 62.735 7 64. 444 4 61.428 6 64.444 4
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