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Abstract

Diagnosis of diseases using gene expression data obtained from microarray chip is an active research area recently. It
has been done by general machine learning algorithms, because it is difficult to analyze directly. However, recent research
results about the analysis based on the interaction between genes is essential for the gene expression analysis, which
means the analysis using the traditional machine learning algorithms has limitations. In this paper, we classify the gene
expression data using the hypernetwork model that considers the higher-order correlations between the features, and then
compares the classification accuracies. And also, we present the new hypernetwork model that improve the disadvantage of
existing model, and compare the processing performances of the existing hypernetwork model based on general sequential
processor and the improved hypernetwork model implemented on parallel processors. In the experimental results, we show
that the performance of our model shows improved and competitive classification performance than traditional machine
leaming methods, as well as, the existing hypernetwork model. We show that the performance is maximized when the
hyperntwork model is implemented on our parallel processors.

Keywords : hypernetwork model, microarray, gene expression, pattern classification, parallel processing
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Algorithm of the hypernetwork model
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Classification procedure of the hypernetwork
model.
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_ constant__ __device_ int t[4#4] = { 1, 1, 0, 0,
1,1, 10,
0,111,
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Fig. 9. Example of
method.
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Table 3. Dataset of the multi-class cancer.
AE F
dlole H s TR Y e e %»%ﬁx} T
Subtype of ALL 6 12558 163 8 90
SRBCT 4 2308 63 20 120
Lung Cancer 5 12600 136 67 150
Leukemia 3 7129 33 RY1 90
E 4 LI2[EE Ue BR Ms H
Table 4. Comparison of the classification performance between algorithms.
EBEE PPN EAS =900 SVME) | AR | kNN
1H] E(SD) 28] E(SD) 34 E(SD)
Subtype of ALL | 9357(1.48) 97.25(1.06) 98.76(0.25) 98.00 98.50 97.16
SRBCT 93.80(3.70) 99.60(1.36) 100.0(0.00) 100.0 91.03 86.90
Lung Cancer 89.31(1.47) 94.02(0.00) 95.52(0.00) 9%6.06 87.80 89.64
Leukemia 94.76(2.11) 9.02(1.40) 99.97(0.29) 9750 76.61 83.57
it 92.86(2.19) 96.72(0.95) 98.56(0.13) 97.88 8349 89.32
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Table 5. Comparison of processing performance.
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