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Abstract: A new sparse spectral clustering algorithm high-dimensional sparse spectral clustering based
on partitioning around medoids (HSSPAM) was proposed, which takes advantage of the sparse similarity
matrix in computation as well as the superiority of the PAM algorithm over K-means. To reduce or even
eliminate the impact of “dimensionality curse” on high dimensional data processing, the high correlation
filter (HCF) and the principal component analysis (PCA) method are also investigated in the algorithm.
The proposed method has higher precision and more stable clustering results than the algorithms
introduced in this paper for comparison in the real high-dimensional gene data under different clustering
evaluation criteria.
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Tab.l1 The summary of gene-expression

datasets’ characteristics
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Tab.2 RI mean value and deviation for clustering algorithms
Data HSSP0O  HSSPAM PAM K-means FastSpectral NJW complete-link single-link average-link
Lymphoma 1.00 1.00 0.922 0.773(0.0140) 0.840(0.0080) 0.776 0.894 0.894
CNS tumors 0.847 0.990 0.935 0.815(0.0040) 0.843(0.0005) 0.614 0.417 0.696
St. Jude
0.990 0.990 0.903 0.926(0.0006) 0.925(0.0002) 0.741 0.241 0.508
Leukemia
Leukemia  0.495 0.894 0.570 0.709(0.0020) 0.627(5.5X107°) 0.583 0.524 0.532
Colon 0.535 0.535 0.494 0.506(0.0010) 0.493(1.8X107%) 0.491 0.525 0.500
SRBCT 0.554 0.719 0.693 0.624(0.0016) 0.638(5.1X107%) 0.391 0.296 0.296
Prostate 0.523 0.523 0.504 0.507 0.507(6.7X107%) 0.511 0.496 0.507
Leukemia .
0.707 0.963 0.771 0.881(0.012) 0.957(7.4X107) 0.771 0.411 0.771
(HU6800)
*x3 BREZWMIMERFE
Tab.3 J mean value and deviation for clustering algorithms
Data HSSP0O  HSSPAM PAM K-means FastSpectral NJW complete-link single-link average-link
Lymphoma 1.00 1.00 0.849 0.576(0.0370) 0.690(0.0230) 0.612 0.813 0.813
CNS tumors 0.478 0.579 0.485 0.432(0.0040) 0.455(0.0030) 0.247 0.230 0.338
St. Jude
) 0.956 0.956 0.608 0.690€0.0100) 0.709(0.0010) 0.432 0.216 0.298
Leukemia
Leukemia 0.446 0.827 0.424 0.436 0.470(5.4X107°) 0.442 0.527 0.527
Colon 0.469 0.469 0.381 0.388(0.0008) 0.367(6.8X107%) 0.404 0.520 0.469
SRBCT 0.292 0.350 0.280 0.21500.0012) 0.214(0.0001) 0.255 0.259 0.259
Prostate 0.439 0.439 0.347 0.352 0.341(1.2X107%) 0.439 0.491 0.423
Leukemia
0.514 0.901 0.583 0.769(0.031) 0.884(0.0009) 0.584 0.362 0.584
(HU6800)
BEEZH NMIAERFE
Tab.4 NMI mean value and deviation for clustering algorithms
Data HSSPO  HSSPAM PAM K-means FastSpectral NJW complete-link single-link average-link
Lymphoma 1.00 1.00 0.805 0.658(0.0140) 0.760(0.0120) 0.588 0.723 0.723
CNS tumors 0.695 0.756 0.705 0.632(0.0060) 0.677(0.0020) 0.436 0.401 0.571
St. Jude
0.963 0.963 0.765 0.827(0.0003) 0.757(0.0010) 0.646 0.070 0.491
Leukemia
Leukemia 0.118 0.722 0.236 0.202 0.263(0.0003) 0.130 0.027 0.027
Colon 0.087 0.087 0.046 0.044(0.0001) 0.005(2.5X107°) 0.045 0.030 0.087
SRBCT 0.329 0.452 0.383 0.187(0.011) 0.177(0.0011) 0.076 0.083 0.083
Prostate 0.067 0.067 0.014 0.019 0.017(3.6 X107%) 0.055 0.036 0.034
Leukemia
0.571 0.911 0.688 0.832(0.019 0.903(0.0002) 0.688 0.138 0.688
(HU6800)

MBS 2~4, Al IAFIL LT 418 .

(1)HSSPo & & W I F CNS tumors #E .

Leukemia

# ¥E. SRBCT # #& & Leukemia

(HU6800) Z4¥5 . 78 b AH FH BHA bR 3 - B0 Hm /N T

HSSPAM 8 146 b5 . FoR 8 A7 80 5 HSSPAM
B —E RYIN X 4 A E T S . HSSPO 531
HAER, LH 2 Leukemia $04E 5, 78 NMI 8 5
THREAL A 0.118. [ B AR B T HSSPAM 5Bk ¢
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HSSPO 573k B 18 1 HCHE S v R ™ 2z

(I 2e it K-means 5835 Kotk iy 1% R 2R 5k
(FastSpectral NJW) BREZER AR E. HE2H
SO R, AR (9 2R 2 5 A VT A 45 A Y 7 25 AT
HULTE TR NMI PR 4545 T, k-means 53325 {0
fE Leukemia ##& , Prostate UHH4E I B R4 R
FE S IX PP IS ALV BT T B 4R 4 e RS A5 R
B RGE Pk B 3 — 208 W 1 SRR IE M 45 s 19 28 BT
RALE IR T8 I A A ] Z 000 52 A I 326 B
i PP AR bR G T B

D AE 3 FPFMFE 55T L B A BB S o itk i)
ik R ARIE B k-means FIL R A /NI G 1.

(V) single-link ¥ 7F Colon (4 . Prostate %X
a4 F M average-link B 7 Colon 045 EHIFL T
AR, R 3 ML 4 090 BB T Ui,
PAM B K complete-link BB A B H R3S
4R,
(VOZRER -4 TEAF IR T A SCHR 1
4 o A REUAS i b 3 SR R AR T 1 SR 2R A R s AT
JNER LA ] #8458 T B9 Colon ¥R . Prostate #UHE &£
B A o AEL S0 I 98 B B b BRI 07 55 OB Bk i SR A S
T single-link B J EHALE S —, W H R BN A
W R b R AL N R A R B A R
AN B RGO T S R SR ICAT AR Oy 2.
45 REGRZEHTREMESH

R HN B A SO B R RS IR 5 HARRIER
KL E R, TI AT S EW Wilcoxon £ 5 Bk K 5

(Wilcoxon signed-rank test) % i1 T i B F WK
B S5, Wilcoxon 95 Bk J0 2 AF S MG i h AT
A6 26 12 B OHE | H AR 6 1 R TR AT 5 G 0 Y SR AL T &
JE R B TS R A L, 8 T 2R RN, ]
16 50 RO B A% G GE S A I (FF S A ) A T 4R
m i T AR E S SUE SR AR AR
7] SR TEAN T8 B5 B 8 A SCH B SR i SR 2R 52 50
SERARAREIE S ) 5 R Bk SL IR 25 R AR AR B (ot
ol B35 AR e b BRI 78 45 1€ R RN
BT IR BRI REL R G AL RELS
RWA RFEES RO R R R KL R
BILRBE RN RESERA B ER S, BEXE N
95% - BN K o« BEE N 0.05. K458 H(p)
5 JERH o R s R 1 R RIEL
SRR L BEBE p /N T 0,05, BPAS SCHR H B A [
R RRSRA W ER S o W48 5k
HIRAE M R IR W 2 R n p HR
F i #HSF T 0.05.

WLZEK 5 AN TE 5 4w A B P B 4 b A S
P R AT I SR R 45 AL E 19 A i 1R 22
W I AR R LIRS I 45 R A W 4 v i
Fik 10076, 3X — 45 R 5N AY S5 R 05

gie Lk T A R ETE M 18 A (A S R 2
Bt W RS AT B AR A I AR SCHR A B R X R 2
1o A8k DR BCHE A A B R SR RS R4S B
1R 2 BT HL L SR SR A RIS A R B
—E R PR,

£S5 RUHEZSHLERE L Wilcoxon SRR H(p)
Tab.5 Results H(p) of Wilcoxon signed-rank test for HSSPAM algorithm versus other algorithms

. HSSPAM 5 HSSPAM 5 HSSPAM 5 HSSPAM 5 HSSPAM 5 HSSPAM 5
PAM K-mecans FastSpectral NJW  complete-link single-link average-link
RI 1(0.005859) 1(0.005859) 1(0.005859) 1(0.005859) 1(0.005859) 1(0.005859)
J 1(0.005859) 1(0.005859) 1(0.005859) 1(0.00898) 1€0.01785) 1(0.00898)
NMI 1(0.005859) 1(0.005859) 1(0.005859) 1(0.005859) 1(0.005859) 1¢0.00898)
5 =B FVFM 805 T S 5 BT 25 3 5553 R W) I 3 1 5

AR AR 1 2 3 TR 5 R B R S, i — F
BB LA O ) % 3R 2 R - v A R AR ) A
RE(HSSPAM) . i BIL L5 6 T W& 4 7 3 L W i Ak
AEACLHE B | 4 =CRE FC R [ Be PAM S50k 0 AL 550, DA
fift 2 R 2 M 1) SR 2K T R FE R TR I R SR

AE 5 A1 7 iy 17 I A e 24 2 DA 308 B8 4R B AN (SR
RN AT AL AR T K AR B L T L HE A
JIERREGRA B E MRS, HEERR . ZEE
SR A5 R LEBCAR A | i i O SRR R FR A 0 T 2%
R 2~4, Wl ik i E m 75 2259 00 A 3C
M A SR 2K v A M Rk A S LR Bl AT
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