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Abstract: Self-representation based unsupervised feature selection can handle unlabeled data
without being affected by pseudo-labeling. To ensure that such methods simultaneously achieve
good robustness, preserve the local structure of samples, and select the most representative
features, a new approach is proposed, and a corresponding iterative optimization algorithm is
designed to compute its objective function. The method first identifies and processes outliers of
samples, then combines the traditional self-representation model with non-convex sparse
constraint and manifold regularization to form the target model, and puts the preprocessed data
into the model for feature selection. Finally, the method uses the selected features for clustering.
The proposed method is compared with seven methods on nine real data sets for experiments, and
the experimental results show that the proposed method can effectively solve the unsupervised
feature selection problem.
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Fig.1 Comparison of SSRMR and NOVRSR for ACC
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Table 2 Clustering results ACC on different datasets %
Bt Baseline LS MCFS SPEC UDFS RSR SCFS  NOVRSR SSRMR
DBworld 66.953  82.891 88.047  57.344  90.703  93.516  90.938  93.438  92.188

£12.503  +4.514  £1.584  +1.116  +0.341  +0.558  +1.683  0.625 +0

(4702) (180) (120) (200) (200) (200) (200) (200) (200)
PCMAC 50. 54 50. 466 50.525  56.15 55.288  50.587  50.592  50.849  62.198
£0.033  £0.164  +0.024 +0 £1.077  0.022 £0 £0 £0. 104

(3289) (200) (200) (60) (20) (60) (200) (60) (200)
TOX171 42.69 40. 029 41.316  42.456  41.345  41.55 46.345  47.222  53.509
2,661  +2.071 £0.425  £0.726  £1.373  +£1.414  £3.537  £1.197  +1.649

(5748) (200) (20) (20) (160) (100) (200) (200) (100)
lung 76.626  67.4631  85.813  57.512  62.192  76.502  87.094  78.202  86.921
£6.922  £0.802  =£1.13 +3.384  +4.975  +6.893  +0.251  +8.175  +1.724

(3312) (140) (200) (180) (200) (200) (180) (200) (200)

lymphoma 59.375  53.333 61.615  46.25 58.333  54.063  65.521  60.365  62.76
+4.576  £5.586  £3.642  +2.244  £5.322 42,256  £5.511  £5.869  +4.669

(4026) (200) (60) (120) (200) (180) (200) (200) (160)
nci9 43.083  40.917 43. 833 40 47.333  39.417  48.5 43.833  55.333
£3.13 +3.183  #3.617  +3.456  £2.759  +4.058 2.7 +3.578  3.317

(9712) (140) (40) (180) (20) (200) (120) (200) (200)
JAFFE 85.962  70.493 82.324  66.737  80.329  85.164  94.155  88.568  95.328
£2,729  £4.223  +4.839  +4.467  £5.596  £2.229  0.909  £2.970  £1.201

(1024) (180) (180) (200) (180) (100) (160) (200) (100)

warpPIEIOP  26.738  35.31 44. 69 30. 69 41.262  30.071  26.595  46.738  48.31
£2.016  £2.627  £1.912  +2.354  =1.834  2.462  +1.349  £0.967  +4.223

(2420) (80) (80) (200) (80) (60) (20) (200) (160)
Isolet 62.083  57.205 52.375  56.644  55.705  71.837  67.631  72.356  70.737
£2.678  £1.759  +1.818  +2.125  £2.385  £2.309  +2.165  £2.0 42,132

(617) (200) (180) (200) (200) (200) (180) (200) (200)
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Table 3 Clustering results NMI on different datasets %
i Baseline LS MCEFS SPEC UDFS RSR SCFS NOVRSR SSRMR
DBworld 17.375 44.727 47.326 2.479 63. 825 67.671 56.353 67.671 67.671
+15.971 +6. 811 +4. 008 +0 +0. 882 +0 +5. 407 +0 +0
(4702) (120) (120) (40) (200) (160) (200) (160) (200)
PCMAC 0. 008 1. 381 0.471 2.033 6.926 0.03 0. 104 1.592 4.952
+0. 011 +0. 236 +0 +0 +1. 382 +0. 016 +0 +0 +0
(3289) (80) (80) (60) (20) (60) (200) (20) (40)
TOX171 14. 688 12. 98 9. 874 10. 148 13.272 12.177 23.294 28. 824 31.578
+2.74 +0. 921 +0. 034 +0. 971 +0. 762 +0. 987 +7.503 +1.248 +0. 512
(5748) (200) (20) (20) (180) (140) (200) (200) (200)
lung 65.168 53.709 67. 189 45.702 50. 832 60. 323 70. 218 63.707 68.912
+2.776 +0.9 +1.793 +4. 042 +2. 446 +2. 805 +0. 351 +2.07 +1.82
(3312) (140) (200) (200) (200) (180) (180) (200) (200)
lymphoma 69. 043 58.015 71.588 47.799 65.767 66. 604 70. 126 69.171 71. 931
+3.416 +3.49 +£2. 466 +3.515 +4. 057 +1. 985 +3.126 +3.523 +2.616
(4026) (120) (200) (120) (160) (180) (180) (200) (200)
nci9 44.395 41.921 45. 858 41.222 50.268 39. 115 50.2 44.908 56. 22
+3. 41 +3. 811 +3. 146 +2.96 +2.433 +2. 84 +2.0 +3. 086 +2. 949
(9712) (160) (60) (180) (20) (200) (120) (200) (200)
JAFFE 86.014 69.179 85. 84 69. 808 85. 426 83.381 92.434 88.24 93.202
+1. 560 +2.074 +1. 601 +2. 818 +1.707 +2.019 +0.614 +1. 486 +1. 238
(1024) (180) (40) (200) (160) (180) (160) (200) (100)
warpPIE10P 26.221 33.778 48.367 31.614 41.078 27.508 26. 595 47. 854 58. 906
+3.363 +1. 906 +4. 106 +1. 814 +2.233 +2. 584 +1.392 +1.267 +3.268
(2420) (180) (80) (200) (80) (180) (200) (200) (160)
Isolet 77.268 73.573 69. 561 66. 886 71.741 79. 497 79.362 79. 965 80. 156
+1. 288 +0. 704 +1.122 +0. 703 +1.321 +1. 056 +0. 807 +0. 891 +1. 052
(617) (200) (180) (200) (200) (200) (180) (200) (200)
x4 FEBEERSITHELLE
Table 4 Running time comparison of different methods s
Jrik DBworld PCMAC TOX171 lung lymphoma nci9 JAFFE  warpPIE10P  Isolet
SCES 44.337 37.518  332.539 14.911 357.831 1413.197 1.520 15.725 3.805
NOVRSR 13.204 234.375  722.079  180.455 291.301 3033.359 11.20 80. 941 2.963
SSRMR 124. 265 23.767 8707.735  80.199 10. 971 148.519 2.937 3.268 45.972
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4 A KHARREEBUEXT ACC HIFMH (A,=1)
Fig. 4 Clustering results (ACC) with respect to A, and K (1,=1)
(a)—DBworld; (b)—PCMAC; (¢)—TO0X171; (d)—lung; (e)—lymphoma;
(f)—nci9; (g)—JAFFE; (h)—warpPIE10P; (i)—Isolet.

ACC/%

ACC/%

ACC/%

5 2, KKAREEBEXT ACC HIFM (A,=1)
Fig.5 Clustering results (ACC) with respect to A, and K (1,=1)
(a)—DBworld; (b)—PCMAC; (¢)—TO0X171; (d)—lung; (e)—lymphoma;
(f)—nci9; (g)—JAFFE; (h)—warpPIE10P; (i)—TIsolet.
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6 A, KEAEEEXT NMIFI S0 (A,=1)
Fig. 6 Clustering results (NMI) with respect to A, and K (A,=1)
(a)—DBworld; (b)—PCMAC; (¢)—TOX171; (d)—lung; (e)—lymphoma;
(f)—nci9; (g)—JAFFE; (h)—warpPIE10P; (i)—Isolet.

E7 2,70 K§REBEST NMI B #0E (A,=1)
Fig. 7 Clustering results (NMI) with respect to A, and K (2,=1)
(a)—DBworld; (b)—PCMAC; (¢)—TOX171; (d)—lung; (e)—lymphoma;
(f)—nci9; (g)—JAFFE; (h)—warpPIE10P; (i)—TIsolet.
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