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Abstract: The local receptive fields based extreme learning machine (ELM-LRF) method was utilized to
learn the effective features from the acquired gene expression data to help enhance cancer diagnosis and
classification. Firstly, the principal component analysis (PCA) method was implemented to process the
dataset. Secondly. the [eatures mapping to map our dataset were constructed to the specific feature space.
Finally, the features to train the learning model were used to get the final ELM feature extraction model.
The experiment shows that the proposed algorithm outperforms almost all the existing methods in
accuracy and efficiency.
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Leukemia*"! 54613 * 230 4.4307 0.4197
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Tab.2 Experimental results
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GRS
autoencoder with fine tunning (with Gaussian kernel) WiReS
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Leukemial?!! 0.4676+0.23
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Seminoma'" 0.350+0.337

Ovarian Cancer
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Prostate Cancer

Leukemia-*!
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0.6667=0.0
0.6667+0.0
0.97540.079
0.69184-0.108

0.8333+0.272
0.936540.049
0.337140.038
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0.9900+0.032
0.8333=%0.176
0.7667+0.225

0.733340.102
0.9126+0.055

0.85040.241
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1+0
0.83330.236
0.7667+0.274

0.9416740.124
0.903940.081

0.900040.2000
0.9596 4-0.0404
0.566740.1856
0.866740.2211
0.80000.2449
1+0
0.866740.1633
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