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4 pairwise M vs. A plots using HG_U133A Spiked-in data for unadjusted data
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Fig. 2 4 pairwise M vs. A plots using HG_U133A Spiked-in data by IRB normalization
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Table 1 IQR of fold-change estimates for
non-differential probesets

Method IQR
None 0.1319
Scaling 0.1300
Nonlinear 0.0916
Contrasts 0.1044
Quantile 0.0887

Cyclic loess 0.0919
IRB 0.0891
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Fig. 3 Comparing the ability of methods to reduce

pairwise differences between arrays by using average

absolute distance from loess smoother to x axis in pairwise
M vs. A plots using spike-in dataset.
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Table 2 Regression slope and R? estimates for spike-in

transcripts

Method Slope R?

None 0.679 0.971
Scaling 0.679 0.971
Nonlinear 0.678 0.971
Contrasts 0.680 0.970
Quantile 0.678 0.971
Cyclic loess 0.678 0.970

IRM 0.682 0.971
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Table 3 Average numbers of spiked-in transcripts detected
for dataset adjusted by several methods

Number of detected transcripts

Method (K=50)
None 30.186
Scaling 30.340
Nonlinear 30.362
Contrasts 30.319
Quantile 30.431
Cyclic loess 30.450
IRB 30.489
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A Robust Method to Normalize System Bias for High-density
Oligonucleotide Array Gene Expression Profile®
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(" College of Mechatronics Engineering and Automation, National University of Defense Technology, Changsha 410073, China;

2 Telecommunication Engineering Institute, Air Force Engineering University, Xi’an 710077, China)

Abstract In multiarray experiments, there is some system bias, which contaminated by experimental factors such

as spot location (often referred to as a print-tip effect), arrays, dyes, and various interactions of these effects. For

comparable each other, it is necessary to normalize the raw expression profile data. Normalization is the key step in

low level processing. In fact, many normalization methods have been developed, i.e. Scaling normalization,

Nonlinear normalization, Quantile normalization and so on. New baseline normalization is presented. First, select

the subset of probes, which have the min rank range. Second, do nonlinear normalization on robust baseline.

Iterative strategy weakens the sensitivity of the baseline method to select baseline. With the standard test dataset,

compare it with other methods. The results show that the novel method has better performances than others in

several ways.

Key words high-density oligonucleotide array, system bias, normalization, transcript
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