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Abstract: Aiming at the problem that existing methods could not fully capture the intrinsic structure
of data without considering the higher-order neighborhood information of the data, we proposed an
unsupervised feature selection algorithm based on graph filtering and self-representation. Firstly, a
higher-order graph filter was applied to the data to obtain its smooth representation, and a regularizer
was designed to combine the higher-order graph information for the self-representation matrix learning
to capture the intrinsic structure of the data. Secondly, /;,;, norm was used to reconstruct the error
term and feature selection matrix to enhance the robustness and row sparsity of the model to select the
discriminant features. Finally, an iterative algorithm was applied to effectively solve the proposed
objective function and simulation experiments were carried out to verify the effectiveness of the
proposed algorithm.
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Table 1 Information of datasets 2
LEES FEA KL FRAE £ EHIES RS FEA KL FRAIE L EFHIES
GARBER 66 4 553 4 YALE 165 1024 15
LUNG_DISCRETE 73 325 7 CSTR 476 1 000 4
KHAN 83 1069 4 MADELON 2 600 500 2
LYMPHOMA 96 4 026 9 AR2600 2 600 2 200 100
WARPARI10P 130 2 400 10

3.2 ZBMUEAFERSHIRE

NEUEAR SCREBEAE SN, BHE A RL (ALLFEA) R 7 Fh B A M 70 J0 W B 4R AiF 1% 58 5805
FEAT X B Ay M, %F b BB A FE LapScore ( Laplacian score)™™, MCFS ( multi-cluster unsupervised
feature selection)®, SOGFS (structured optimal graph feature selection)™, LLEScore®?, SRCFS
(subspace randomization and collaboration feature selection)™, UDPFS (unsupervised discriminative
projection for feature selection)™ Fl BSFS(balanced spectral feature selection)™!. ¥ & 3545 & %
B k=5, X TA W LAV SE o FA, 0 AR RIELLI0 .10 7, -, 10° J N 2 5E HAH AT
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XFPERE W RRAE , A SCHE A 3 ATz T R R SR R i VEAG £ XA RIS MR RE . HD o A R
(ACCO) . H— ML EAF B (NMD ML (Purity). SHFEAL £ M REZ 020, YR G E R
R 20 YOFHC R P GER. W THRAAEEFE A B LA AR . PR Ay B G 3Ll DA A S8 W R AR %
B, ACICF T HRBEAEEEFIELL0 £ 10 £ 10009 F 4 2P GE . 453040015 T3 2~3% 4.

®2 AEHEZEMN ACC LW RTLE

Table 2 Comparison of ACC experimental results of different algorithms

BAEE M FEHME  ALLFEA LapScore MCFS  SOGFS LLEScore SRCFS UDPFS  BSFS  GFASR

GARBER 59.09 58.91 55.71 59. 04 54. 84 58.67 65.02 68.19 71.79
LUNG_DISCRETE  63.42 54.93 64.73 64. 84 58.29 56. 08 64.91 65. 86 70. 14
KHAN 62.35 74.52 70. 48 53.10 50. 49 65. 85 65.08 70.69 76. 94
LYMPHOMA 53.39 50. 27 52.99 53. 86 44.78 50. 14 48.92 48.53 55.77
WARPARI10P 24.38 29. 84 22.76 25.43 30. 56 28.42 34.73 31.05 36. 00
YALE 38.94 39.12 40. 63 43.63 31.74 34,35 41.10 34.28 43. 88
CSTR 45. 68 40. 95 41.41 41.13 39.09 45.01 41,47 44.79 46.67
MADELON 52.48 51.92 50. 83 56.03 52. 04 51.76 54. 04 58. 63 61.21
AR2600 13.21 10. 99 13.05 16.10 17.03 12.22 12. 60 13.21 18. 25
(A 45. 88 45.72 45. 84 45.91 42.10 44.72 47.54 48. 36 53. 40

R3 AEEER NMI SLIE 4 Ryttt

Table 3 Comparison of NMI experimental results of different algorithms

BARE K FHME  ALLFEA LapScore MCFS  SOGFS LLEScore SRCFS UDPFS  BSFS  GFASR

GARBER 15. 85 33.93 32.87 22.08 19. 14 37.98 30. 40 47.70 48.08
LUNG_DISCRETE  60.11 51.25 61.00 60.61 53.93 52.78 61.30 61.89 66. 42
KHAN 46.11 63.74 59. 38 37.12 63. 74 53. 41 49. 83 58.51 66. 29
LYMPHOMA 56.01 55.69 55. 87 58.71 48. 39 55. 47 49. 22 47.74 59. 25
WARPARI10P 20. 36 29.94 18. 57 22.33 31.22 28. 38 34.32 27.03 37.36
YALE 44. 36 44,52 46. 30 50.71 37.97 40.76 47. 33 40. 11 50. 57
CSTR 19. 83 18.58 18.68 11.43 12.62 22.39 11.74 21.04 24.08
MADELON 0.56 0.41 0.17 1. 08 0.22 0. 37 0.96 2.37 3.71
AR2600 41. 36 36. 54 40. 58 43.76 45. 47 39.05 39.41 40. 56 48.33
A 33.84 37.18 37.05 34. 20 34.74 36.73 36.06 38.55 44.90
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Table 4 Comparison of Purity experimental results of different algorithms
AR P ALLFEA LapScore MCFS  SOGFS LLEScore SRCFS UDPFS  BSFS  GFASR
GARBER 67. 80 80. 30 78.12 71.09 68. 25 82. 27 77.05 84. 32 84. 64
LUNG_DISCRETE  70. 68 63.08 71. 36 71.10 66.00 63. 34 71.71 72.21 76.06
KHAN 65.18 77.03 74.63 55.65 53. 87 69.16 71.15 73.78 78.98
LYMPHOMA 74,53 73.26 76.56 76. 82 70. 71 72.83 70. 96 70.43 79. 04
WARPARIOP 25. 35 30. 91 24.01 26. 30 31.83 29. 20 36. 62 32.76 38. 30
YALE 40. 55 41. 46 42.58 45. 09 34. 46 36. 50 43.03 36.59 45.90
CSTR 48. 87 47.17 47. 44 43. 80 43.23 50. 39 43.71 50. 81 52.71
MADELON 52.48 51.92 50. 83 56.03 52. 04 51.76 54. 04 58. 63 61.21
AR2600 13. 81 11.93 13.77 17.50 19. 32 13.33 13.78 14. 07 20. 36
V- ME 51.03 53.01 53.25 51.49 48. 86 52.09 53.56 54. 85 59. 69
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Fig.1 Clustering accuracy (ACC) of feature selection by different algorithms on different datasets
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Fig.2 Normalized mutual information (NMI) of feature selection by different algorithms on different datasets
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Fig. 3 Clustering purity (Purity) of feature selection by different algorithms on different datasets
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