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Dimensionality Reduction With Extreme Learning Machine Based on

Sparsity and Neighborhood Preserving

CHEN Xiao-Yun' LIAO Meng-Zhen*

Abstract Neighborhood and sparsity structure preserving projections have been widely used in dimensionality reduction,
but most of them consider single structures. Moreover, existing nonlinear DR methods can not get an accurate projection
function, which limits their applications. To overcome these problems, we propose a nonlinear dimensionality reduction
method SNP-ELM by extending the extreme learning machine model. SNP-ELM is a nonlinear unsupervised dimensionlity
reduction method, which takes both sparsity structure and neighborhood structure into account. The experimental results
on toy data, wine data and six gene expression data show that our method significantly outperforms the compared

dimensionality reduction methods.
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Table 1  Summary of gene expression data sets
ETES HEA% BEDIBC (4550 BTk
SRBCT 83 2308 4
DLBCL 77 5469 2
Prostate0 102 6033 2
Prostate 102 10509 2
Leukemia2 72 11225 3
Colon 62 2 000 2
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FC A 2 BOH B A B A 00 58 28 45 21 I X B 1) 4
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ELM F#ERf Rt} L, 7T AR B3 B HERf % L
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PRy R R RSB R, 2) SPP 5 LPP. NPE
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f %k Pa4E | LPP 1 NPE 45 B85, X165
PREFFE AR A LT 3) SNP-ELM (152K
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PR AE YR, R OREE T 5 4h B0 i I SR R R 45
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I PAKR BLEET ELM 1) 2 B 4 7 325 0 oA
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Table 2 Clustering accuracy comparison (variance) on gene expression data sets (%)

US-ELM SNP-ELM
Data k-means PCA LPP NPE SPP LLE
) )
Leukemia?2 63.89 63.89 70.72 63.89 59.72 65.83 64.44 87.17
(0.00) (0.00, 2) (3.20, 4) (0,32) (0.00, 72) (6.65,4) (1.34, 2) (3.56, 8)
(0.0001) (0.0001,—-1,-1)
SRBCT 43.61 48.86 64.19 48.43 38.55 49.76 64.55 82.92
(6.27) (2.09, 83) (2.21, 83) (0.76, 8) (0.00, 2) (4.33, 8) (10.29, 8) (6.03, 8)
(0.1) (0.001, —0.4, 0)
DLBCL 68.83 68.83 63.55 69.09 74.02 72.23 76.62 86.34
(0.00) (0.00, 2) (1.86,8)  (0.82, 32) (0.00, 4) (0.00,2)  (0.00, 32) (1.78, 8)
(0.0001) (0.001, 0.2, —0.6)
Prostate0 56.86 56.83 56.86 56.86 59.80 56.96 64.09 82.92
(0.00) (0.00, 2) (0.00, 2) (0.00,4)  (0.00,102)  (0.93, 4) (5.83, 2) (2.19, 102)
(0.01) (0.1, 0.2, 0.8)
Prostate 63.33 63.73 59.80 59.80 56.86 59.51 67.57 82.73
(0.83) (0.00, 2) (0.00, 2) (0.00,4) (0.00,102) (0.93, 4) (5.83, 2) (2.19,102)
(0.0001) (1, -1, 0.6)
Colon 54.84 54.84 54.84 56.45 64.19 59.52 67.06 85.95
(0.00) (0.00, 2) (0.00, 2) (0.00, 2) (0.68, 62) (6.99, 32) (4.19, 32) (3.69, 8)
(0.0001) (0.001, —0.8,1)
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