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Fig. 1 Comparison of different normalization methods using simulated data
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Fig. 2 Average distance between real and theoretical correlation coefficients

Different combinations of points and lines in the figure correspond to different normalization

methods (the highest line in the figure corresponds to distances before normalization). O—O:

mean; A—A: loess; +—+: invariantset; X—x: gspline; O—< @ quantiles; V—V : before

normalization.
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Table 2 Comparison of normalization methods

Method loess quantiles invariantset gspline mean
loess - 0/200 0/200 0/200 0/200
quantiles 200/0 - 45/155 40/160 23/177
invariantset 200/0 155/45 - 81/119 25/175
qspline 200/0 160/40 119/81 - 24/176
mean 200/0 177/23 175/25 176/24 -

The first row and the first column contain the names of 5 different normalization methods, and the comparison results

are in the crosses. For example, in the 3rd row and the 4th column, the figure is 45/155. This means that in 200

simulated experiments, we have 45 times dy>d;, and 155 times d;,>d,
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Fig. 3 Comparison of the distribution of correlation coefficient

10 000 gene pairs were randomly selected from the E2A group in the SJCRH database to compute their Pearson correlation

coefficients, and the result is shown in the left histogram. In the right histogram, the simulated data were used. The similarity of

these histograms reveals that the simulated data grasped the correlation structure of real world data.
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Fig. 4 Comparison of the correlation coefficient distribution of real world data and simulated data

The x-coordinates in these plots represent the correlation coefficients of real world data; while y-coordinate represent the

simulated data. The title of each plot is the corresponding group name in the SICRH database. In all these 9 q-q plot, points

lie close to lines y = x, which means the correlation coefficient distribution of real world data and simulated data are very

similar.
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Fig. 5 Different chip has different average expression level before normalization

Each box-plot in this figure corresponds to a chip and illustrates the distribution of gene expression levels. The whole

figure corresponds to the Hypodip group in SICRH database.

0.85-

Pseudodip
£ 0s0- TEL
% TAJ
3 OE2A
§ 075- | CBCR
£ Hyperdip © Normal
:

S 070 MLL

&

o)

>

<

=

2 065-

Q

3

& Hypodip
0.60-

1 | | 1 1 |
0.60 0.65 0.70 0.75 0.80 0.85

Real computed average correlation coefficient

Fig. 6 For expression data before normalization, their

average correlation coefficients can be precisely predicted
Each point in the figure corresponds to a group of chips, and the
x-coordinate is the real computed average correlation coefficient, while
the y-coordinate is the predicted average correlation coefficient. The line

in the figure is y = x.
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The Comparison of Different Normalization Methods in Microarray Data”

TAN Xiao-Jun”, ZHANG Yong-Xin?, QIAN Min-Ping"?, ZHANG You-Yi?", DENG Ming-Hua"?™
("Center for Theoretical Biology, Peking University, Beijing 100871, China;
?Key Laboratory of Pure and Applied Mathematics, School of Mathematics, Peking University, Beijing 100871, China,
Y Institute of Vascular Medicine, Peking University Third Hospital and Key Laboratory of
Molecular Cardiovascular Science, Ministry of Education, Beijing 100083, China)

Abstract Correlation coefficient between the expression levels of two genes plays an important role in the
inference of their relationship in microarray experiments. Gene expression data before normalization often present
high correlation coefficients among a large proportion of genes. Some of these high correlations are caused by
changes in gene expression levels. However, most of them are caused by systematic errors. It is intended to
eliminate superficial high correlations induced by systematic errors and at the same time, preserve high correlation
coefficients stem from gene interactions. Although there are a number of comparisons among different
normalization methods, less work focused on evaluating the effect of normalization procedures on correlation
coefficients among genes and which method does the best in restoring gene correlation structure. Some gene
expression data were simulated with reference to real world gene expression data. With the help of these simulated
data, it was determined which normalization method does the best in restoring gene correlation structure. In
addition, it was shown that the simulated data and the real world data have the same gene correlation structure, so
the conclusion drawn from simulated data can be applied to the real world. For 5 normalization methods compared
here, it can be concluded that the loess method is the most appropriate one in eliminating superficial correlation

coefficients.

Key words microarray, normalization, correlation coefficient

*This work was supported by grants from The National Natural Science Foundation of China (30570425, 30400552), The National Key Basic Research
Project of China (2003CB715903, 2006CB503806), and supported in part by Microsoft Research Asia (MSRA).

**Corresponding author . Tel: 86-10-62767562, E-mail: zhangyy@bjmu.edu.cn;dengmh@pku.edu.cn

Received: December 12,2006  Accepted: February 28,2007



