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Classification Prediction Error Estimation System of Microarray
for a Comparison of Resampling Methods Based on Multi-Layer Perceptron
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ABSTRACT

In genomic studies, thousands of features are collected on relatively few samples. One of the goals of these studies is to build classifiers to
predict the outcome of future observations. There are three inherent steps to build classifiers: a significant gene selection, model selection and
prediction assessment. In the paper, with a focus on prediction assessment, we normalize microarray data with quantile-normalization methods
that adjust quartile of all slide equally and ther: design a system comparing several methods to estimate "true’ prediction error of a prediction
model in the presence of feature selection and compare and analyze a prediction error of them. LOOCV generally performs very well with
small MSE and bias, the split sample method and 2-fold CV perform with small sample size very pooly. For computationally burdensome
analyses, 10-fold CV may be preferable to LOOCYV,
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table 1. Prediction error estimate on total data

LOOCV
0.5 0.357 0279 | 0097
v-fold CV 02 0.284 0.163 | 0.055
0.1 .0.189 0.068 | 0.024
0333 0371 025 | 0121
Split
0.5 0.438 0.317 | 0.147
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table 2. Prediction error estimate with feature
selection on fotal data

LOOCY 0.025 0.058
0.3 0.277
y-fold CV 02 0.108
0.1 0.078
0.333 0.145

Split
05 0.265
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fable 3. Prediction error estimaie on each of sample
size

LOOCY 0.025 0.072 -0.019 | 0.008

0.2 0.085 0.038 0.01

v-fold CV 0.5 0.07 0.004 0.007
0.1 0.078 -0.007 | 0.006

plit 0.333 0.119 0.001 0.017

LOOCV 0.025 0.04 -0.013 | 0.004

02 0.043 0.002 0.004

y-fold CV 0.5 0.045 -0.008 | 0.005
0.1 0.036 -0.009 | 0.003

Split 0.033 0.071 0.0 0.007

Loocv
02 0.031 0.0 0.003
v-fold CV 0.5 0.032 -0.006 | 0.003
0.1 0.031 -0.006 | 0.003
0.033 0.059 -0.004 0.005
Split
0.5 0.046 -0.001 0.004
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