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Abstract; To improve the accuracy and stability of feature selection in label-free scenarios, an
unsupervised feature selection algorithm based on feature clustering and isometric mapping was proposed.
Feature clustering clustered features with high similarity into one class, and a new feature score
measurement function was defined by combining isometric mapping and sparse coefficient matrix. This
function scored the features in each feature cluster and selected the representative features with the
highest scores in each class cluster to form a feature subset. Experimental results on fourteen widely used
datasets show that the proposed algorithm can select features with strong classification ability and the
algorithm is highly generalizable.
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2.1 HiEE

SERERE 1 14 NN TR SR SR A T I
5%, 5K 50 K g 42 1] A M Feature Selection Datasets,
Cancer Gene Expression Data Sets KUH 23R H, K4 4

IS B L% 1, i, warpARIOP , warpPIE1OP
YaleB il Yale & A £ 454E , COIL20 J2& S W £k 4k
GLIOMA . lymphoma , Prostate-GE F1 Lung-discrete J& 4=
VS, RELATHE Fl PCMAC 2 SCA BG4 | Umist
1 USPSdata_20 J& T 5 807 45 52, Tsolet 2y ¥ A4
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Table 1 Description of experimental data sets

A FHIE el

AR L AEL L
RELATHE 1427 4322 2
warpAR10P 130 2400 10
warpPIE10P 210 2420 10
GLIOMA 50 4434 4
COIL20 1440 1024 20
YaleB 2414 1024 38
Yale 165 1024 15
lymphoma 96 4026 9
Isolet 1560 617 26
Prostate-GE 102 5966 2
Lung-discrete 73 325 7
Umist 575 644 20
USPSdata_20 1854 256 10
PCMAC 1943 3289 2

2.2 BHIEE

g T KT I H 0 FSFCT 22 B i g, 5236 L
BT FSFCI 8k 5 HAl 0 W B R AF 2 B vk e e
2 ~100 AMHEEAE (A0 2) DL Rk 8 BT A3 R A A A9
SEHZESL RN H A B A 4R 25 8 Laplacian™) |
MCFS'"?) NDFS'"") UDFS'' 488 #Y FSSC-SD™

AR BB S+ Y SR FH R EG BB 5 3 B8 R AF (] B
B9, R AR UM B SRRk (R AR R | 4% p 1%
BRI SE X E N 1, NDFS iS50y
WE A 108, 0 Fl B 1% E N 1, UDFS 53k 1E W)
SEEER 0. 1,

X T T A S I B B | RRAE R R AN B
F1{2,4,6,--+,100} , K KNN Bk X £l 42 917
T2 KNN B S8 E p =5, RATIHE
SR 7 RN IR 5 50 g0 4 JF R P fe K e/
eI 5 2O B HEA T AR AL . R SCER AT 5 T
P28 IHIE , LIS Y45 S 10 T YEAE Ry L3 25
R A TR RE
2.3 iR

PEM AR UETE bR 3 0 JS a2 08 TAES:
T B A EAR PR S R A A28, 4
FEUER B R T A REAR T S 2 ERR I R, 2
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R TAERFE B4 T 1 B R B0 A I8 B HEAE Gl W B 4% AF 2% #F 5 3% FSSC-SD™ | Laplacian™' |
%ﬁ%m$o@%ﬁ5EE$Z@%ﬁﬁ¥ﬁﬁjl MCFS'") NDFS'7 J UDFS"™ 5 fiF 1% £ i AE 5L
ATEAERTE S A I ER AR i, B A 2w, B R IFxr R sR bR E# AT T 2560

(9 3 D EPRAYIEBOR , YU RA OIS R 2 N ER O RUER B, K 3 NS
2.4 ZWERSH BRI SR R iy e AR TS e Bt . i

ASOUEL T PR d 9 FSFCT Ak S HAL S #OC R HHLAZ R  RILH T RIZARTE
F2 UBREENRASEEBE

Table 2 Maximum classification accuracy of the compared algorithms %

PEITE S ARHRAE e 2 FSSC-SD™!  Laplacian'  MCFS™’ NDFS'"! UDFS!'®! FSFCI
RELATHE 77.74 73. 86 62.21 60.91 64. 81 63.42 78.94
warpAR10P 51.54 60. 46 28.77 51.69 51.08 43.85 69.23
warpPIE10P 94.57 96. 48 91.90 96. 48 96. 48 97.24 98. 57
GLIOMA 75.00 80. 00 63.20 72.20 69. 20 68. 40 82. 40
COIL20 99. 61 99. 44 95.94 99.33 99. 00 94.28 99. 83
YaleB 72.14 66. 67 63.09 60. 51 65.10 58.96 72.70
Yale 70. 54 71.11 58.79 64.59 69.43 54. 60 71. 99
lymphoma 92.13 91.62 82.20 92. 60 86. 13 88.98 94. 69
Isolet 85.26 84. 08 55.54 71.47 81.03 74. 65 86. 37
Prostate-GE 85.13 83.45 83.07 84. 56 80. 40 84.27 89. 83
Lung-discrete 86.07 88.39 79. 46 86. 50 88. 82 86. 50 90. 36
Umist 98.33 98. 85 96. 59 96.91 98. 68 94.95 98. 96
USPSdata-20 93.28 92.99 92. 68 89.09 93.24 90. 82 93. 44
PCMAC 70. 99 65.45 56. 35 60. 89 57.11 58.48 67.14

R3 BADEEBEMIMEERNFIHE

Table 3 Number of features selected for maximum classification accuracy

PEITE S ARHRAE e 2 FSSC-SD™!  Laplacian'”! ~ MCFS'™’ NDFS'""! UDFS!'®! FSFCI
RELATHE B 97 99 89 97 99 75
warpAR10P S FPRHE 39 97 97 29 93 23
warpPIE10P A EBFFAE 79 97 31 97 85 63
GLIOMA AETRRHE 71 63 53 81 57 45
COI120 A TRRAE 93 99 97 99 79 79
YaleB AR 93 97 63 99 97 83
Yale AARRHIE 61 83 99 95 43 97
lymphoma SRR 89 93 89 65 97 89
Tsolet AEREHE 91 99 89 73 99 96
Prostate-GE AETRRHE 53 69 89 79 85 5
Lung-discrete A TRRAE 65 95 93 53 77 49
Umist L HRFFIE 55 91 99 99 55 95
USPSdata-20 SRR 81 93 95 87 99 71
PCMAC SR 81 97 75 99 97 95

1) HERRRXS 1 W RRIEAEFE 38 7T LA i A R UER 2, JUHOR P

F2 a1 OB R B R L AE T RURIE RN FSFCTRIE , B R SRR iR R 5 H A5
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