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DNA microarray is a powerful tool for high-throughput
analysis of biological systems. Various computational
tools have been created to facilitate the analysis of the
large volume of data produced in DNA microarray experiments. Normalization is a critical step for obtaining
data that are reliable and usable for subsequent analysis
such as identification of differentially expressed genes
and clustering. A variety of normalization methods have
been proposed over the past few years, but no methods
are still perfect. Various assumptions are often taken in
the process of normalization. Therefore, the knowledge
of underlying assumption and principle of normalization would be helpful for the correct analysis of microarray data. We present a review of normalization
techniques from single-labeled platforms such as the
Affymetrix GeneChip array to dual-labeled platforms
like spotted array focusing on their principles and assumptions.
Keywords: loess/lowess; Normalization; RMA; Singlelabeled and Dual-labeled Arrays.

Introduction
Microarray technology allows investigators to obtain
quantitative measurement of the expression levels for tens
of thousands of genes in a biological specimen. There are
two main platforms of microarray technologies: cDNA
and oligonuclotide arrays. cDNA micoarrays are made
with long double-stranded DNA molecules generated by
enzymatic reactions such as PCR (Schena et al., 1995),
while oligonucleotide microarrays employ oligonucleotide probes spotted by either robotic deposition or in situ
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synthesis on a solid substrate (Lockhart et al., 1996). Both
types of microarray data are subject to multiple sources of
variation which include the array manufacturing process,
the preparation of the biological sample, the hybridization
of the sample to the array, and the quantification of the
spot intensities. Normalization attempts to remove such
variation which affects the measured gene expression levels. Even if all the systemic variations can not be controlled by normalization alone, normalization takes an
important role in the earlier stage of microarray data
analysis because different normalization procedures can
lead to different expression data. Therefore, normalization
is a critical initial step in the analysis of a microarray experiment, where the objective is to balance the individual
signal intensity levels across the experimental factors,
while maintaining the effect due to the treatment under
investigation.
The normalization strategy of in situ synthesized high
density oligonucletode array such Affymetrix GeneChip is
different from that of spotted oligionucleotide or cDNA
arrays. This is mainly due to differences in array structure
and labeling scheme. Affymetrix GeneChip uses multiple
probes for a gene and single-color detection system in
which one sample is hybridized per chip. Spotted oligionucleotide or cDNA arrays employ a probe for a gene and
two-color scheme where two different samples are hybridized on the same array. Therefore, normalization of
GeneChip data is performed at the level of between-array
while normalization of spotted oligionucleotide or cDNA
array data is basically conducted at the level of withinarray. For example, the normalization of GeneChip data
usually takes the normalization factor (NF), which is
computed as a simple ratio of the two trimmed means
corresponding to the two arrays. In cDNA or spotted array
data, most of normalization methods aim at removal of
the biases within each array by local regression, which
have become the standard approach for many researchers
because they are flexible and easy to use, and have im-
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plemented in numerous freely available or commercial
microarray data analysis systems (Holloway et al., 2002;
Quackenbush, 2002; Yang et al., 2002). Many normalization methods often take assumptions that the majority of
genes are not differentially regulated or the number of upregulated genes roughly equals the number of downregulated genes. While these assumptions are not applicable to every case, they do not seem to bring a serious effect in most of microarry experiments. Zhao et al. (2005)
proposed a mixture model based normalization method
that adaptively identifies non-differentially genes. This
normalization method can be applied to both Affymetrix
GeneChip and spottes array data and does not require that
the majority of genes be non-differentially expressed. The
knowledge of basic assumption used for normalization
would be helpful for the correct interpretation of microarray data. Here, we present an overview of microrarray
normalization techniques for spotted arrays as well as
Affymetrix GeneChip focusing on their principles and
assumptions.

Normalization of single-labeled array data:
Affymetrix GeneChip
Background correction of GeneChip data Affymetrix
GeneChip is a representative microarray using singlelabel scheme, and consists of several tens of thousands
probe sets. A probe set is a collection of probe pairs that
interrogates the same sequence, or set of sequences, and
contains 11−20 probe pairs of 25-mer oligonucleotides
(Fig. 1). Each pair contains the complementary sequence
to the gene of interest, the so-called perfect match (PM),
and a specificity control, called the mismatch (MM). MM
probes are designed to discriminate non-specific hybridization. In order to analyze GeneChip data with multiple
arrays, the data preprocessing at probe level is critical
step. Background correction is the first step and removes
the unspecific background intensities of the scanner images. However, there is no enough space to calculate
background in GeneChip. Affymetrix Microarray Suite 5.0
(MAS5) performed background correction using neighboring probe sets. The entire array area is divided into 16 rectangular zones and the lowest 2nd percentile of the probe
values are chosen to represent the background value in
given zones (Drăghici, 2003). Then, the background value
is computed as a weighted sum of the background values
of the neighboring zones with the weight being inversely
proportional to the square of the distance to a given zone.
The negative value by subtraction of the position specific
background is avoided with a small threshold value. Irizarry et al. (2003a) conducted a global background correction by signal and noise (background) convolution
model in which PM intensity distribution is modeled by
an exponentially distributed signal component S with pa-
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Fig. 1. A probe set of Affymetrix GeneChip interrogating an
mRNA (PM, perfect match; MM, mismatch).

rameterλ, and a normally distributed background component B with mean μ and standard deviationσ.
PM = S + B
S ~ exp(λ )
B ~ N (μ , σ )
E ( S | PM ) = PM - μ - λσ 2 +
σ

(

) (
) (

)
)

φ ( PM - μ - λσ 2 ) / σ - φ ( μ + λσ 2 ) / σ
Φ ( PM - μ - λσ 2 ) / σ - Φ ( μ + λσ 2 ) / σ - 1

(

E(S|PM) represents background corrected value of each
PM. φ and Φ are the normal density and cumulative density, respectively. Positive signal components are estimated after adjustment of the background components.
This background correction is implemented in the robust
multi-array average (RMA) proposed by Irizarry et al.
(2003b).
Normalization of GeneChip data After background correction, the normalization of GeneChip data can be applied onto probe levels as well as onto gene expression
measures depending on normalization strategies (Fig. 2).
MAS5 uses a simple linear scaling not on the probe level
intensity but on the summarized gene-level intensity for
the normalization among multi-array experimental datasets. This approach is not effective on the dataset whose
probe level intensity distribution contains large chip by
chip differences (Zhang et al., 2004). Approaches using
non-linear smooth curves using ‘rank invariant set’ have
been proposed in Schadt et al. (2001; 2002). dChip software (http://biosun1.harvard.edu/complab/dchip) uses this
‘rank invariant set’ for the normalization of the summarized gene-level intensity, thus keeps the expression ratio
values between two datasets under consideration unchanged by forcing the selected non-differentially expressed genes to have equal values. On the other hand,
RMA adopted probe level quantile normalization which
makes the distribution of probe intensities for each array
in a set of arrays the same by taking the mean quantile
and substituting it as the value of the data item in the
original dataset. This method has a possibility that a certain probe could have the same value across the all the
arrays. However, it would not bring a problem because
the expression measure is evaluated from a set of probes.
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Fig. 2. Normalization strategies for Affymetrix GeneChip data.
A. MAS5 normalizes the value of probe-set summary by linear
scaling based on a reference array. B. RMA (robust multi-array
average) normalizes the value of each probe by quantile normalization in multiple arrays.

Figure 3 shows the normalization of four differentially
distributed raw GeneChip data by MAS5, dChip (Li and
Wong, 2001), and RMA for each. The normalized data by
RMA shows more symmetrical density distribution compared with those by MAS5 and dChip.
Bolstad et al. (2003) extended cDNA microarray data
normalization methods to probe level normalization of
GeneChip data by cyclic loess [a method of local regression, (Cleveland and Devlin, 1988)] and contrast based
methods. We will detail loess method in the section of
dual-labeled array data normalization. The cyclic loess
method is based upon the idea of the ‘MA-plot’, where M
is the difference in log expression values and A is the average of the log expression values, presented in Dudoit et
al. (2002). M and A are calculated from probe intensities
in two different arrays at a time rather than being applied
to two color channels on the same array like cDNA case.

1
log 2 ( xk1 xk 2 )
2
where k = 1,2,…, p represents the probe, and xk1, xk2 are
probe intensities in array 1, 2 respectively. A normalization curve is fitted to this M versus A plot using loess. If
M′k is the normalized value for Mk, the probe intensity for
each array is adjusted as below.
M k = log 2 ( xk1 / xk 2 ), Ak =

1
1
log 2 xk' 1 = Ak + M k' , log 2 xk' 2 = Ak − M k'
2
2
where x′k1, x′k2 are adjusted probe intensity of array 1 and 2,
respectively. This method is extended to look at all distinct
pair-wise combinations for more than two arrays. The contrast based method (Åstrand, 2003) is also an extension of
the M versus A method because it uses a series of n-1 normalizing loess curves in MA-plot to normalize n arrays.
The contrast based method is faster than the cyclic loess
method, but both methods are much time consuming compared to quantile normalization. Figure 4 represents the

Fig. 3. The normalized results by three different methods for four
differentially distributed raw GeneChip PM data sets. A. The
original raw PM data. B. Normalized PM data by MAS5. C.
Normalized PM data by dChip. D. Normalized PM data by RMA.

normalization of three differentially distributed raw GeneChip PM data by cyclic loess and contrast based methods. Table 1 gives a summary of normalization methods
for GeneChip data. Most of methods have a three-step
procedure including background correction, normalization
and summarization to obtain gene-level expression measures from probe-level intensities.
Summarization of GeneChip In the affymetrix GeneChip arrays each gene is represented by a set of several
PM and MM probe pairs. Thus, probe intensities for each
probe set should be summarized to define a measure of
expression representing the amount of the corresponding
mRNA species. Several model-based approaches to this
problem have been proposed. A model for MAS 5 is defined as

log( PM ij − CTij ) = log(θ i ) + ε ij , j = 1,..., J
where CTij and εij represent Change Treshold and error
term, respectively. θi, the expression quantity on array i, is
calculated as the anti-log of a robust average (Tukey biweight) of the values of log (PMij - CTij). To avoid taking
the log negative numbers, CT is defined as a quantity
equal to MM when MM < PM, but CT is replaced with
PM x Tb (MM/PM), where Tb is the function of Tukey’s
biweight.
Li and Wong (2001) proposed model-based expression index (MBEI) under their observation that variation of a specific probe across multiple arrays is considerably smaller
than the variance across probes within a probe set as

PM ij − MM ij = θ iφ j + ε ij
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Table 1. Methods for Affymetrix GeneChip data analysis (modified from Irizarry et al., 2006).
Method

Background correction

Normalization

Summarization of probe set

MAS 5.0
dChip
RMA
ZAM
GL

Subtracted by spatial effect and MM
Subtracted by MM
A global correction
Similar to RMA
None

Linear scaling
Spline fitted to rank invariant set
Quantile
Averaged pairwise loess
loess fitted to subset

Tukey bi-weight on log2 (PM-IM)
MBEI*
Median polish on log2 (PM)
A robust model is fit
As RMA

* Model-based expression index.

A

quantile normalization, respectively. It is generally assumed that ∑jαj = 0 for all probe sets for identifiability of
the parameters. This means that Affymetrix technology
has chosen probes with intensities that on average are
representative of the associated genes expression. A robust linear fitting procedure such as median polish (Tukey,
1977) is used to estimate the log2 scale expression value ei.
This is referred to as the log scale robust multi-array
analysis (Fig. 2).

B

C

Dual-labeled array data: spotted arrays

Fig. 4. The normalized results by cyclic loess and contrastbased methods for three differentially raw GeneChip PM data
sets. A. The original raw PM data. B. Normalized data by cyclic
loess. C. Normalized by contrast-based method.

θi is MBEI in array i and φj is probe-affinity index for
given probe j, accompanied with random error εij. A
MBEI θ is defined as the maximum likelihood estimate
(under the assumption that the errors follow a normal distribution) of the expression parameters θi where multiple
arrays are available. This model was implemented in the
software dChip (http://biosun1.harvard.edu/complab/dchip).
Irizarry et al. (2003b) suggested a log scale linear additive model based on their finding that appropriately removing background and normalizing probe level data
across arrays results in an improved expression measure.
This model can be written as:

log 2 ( PM ij' ) = ei + a j + ε ij
PM′ij represents background corrected, normalized intensity of PMij while ei and aj represent the log2 scale expression value on array i, the log2 scale probe affinity effect
for probe j, respectively, accompanied with error εij.
Background correction and probe level normalization are
performed by signal and noise convolution model and

Background correction of dual-labeled array data The
most usual dual-label experiment uses two dyes, or colors,
such as N,N8-(dipropyl)-tetramethylindocarbocyanine (cy3)
and N,N8-(dipropyl)-tetramethylindodicarbocyanine (cy5).
In cDNA or spotted oligonucleotide arrays, the reference
sample is labeled with cy3 while the experiment sample is
labeled with cy5. The basic premise underlying the use of
cDNA or spotted oligonucleotide arrays is that the measured intensities are proportional to the abundance of the
corresponding target genes in the original sample. If we
assume that the measured intensity of a spot consists of a
summation between the intensity of background and intensity due to the labeled mRNA or cDNA, it is necessary
to subtract the value corresponding to the background (a
local area around the spot) from the measured intensity to
obtain the value proportional to the amount of mRNA.
The simple subtraction of background intensity can lead
to missing log-intensity when background intensity is
larger than foreground intensity. This is most likely to
occur when the expression levels are low. More sophisticated methods for background correction have been proposed. Goryachev et al. (2001) suggested the estimation
of background intensity over a larger neighborhood region, rather than just using the local background. Edwards
(2003) suggested a background correction method using a
smoothing function that is linear with respect to background intensity on the log scale when the subtraction of
background intensity from foreground intensity is small
and negative.
Normalization of dual-labeled data The background cor-
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Table 2. Types for dye bias (adapted from Dobbin et al., 2005).
Type
I
II
III
IV

A

B

C

D

Dye bias
Same for all genes in an array
Dependence on overall spot intensity
Dependence on subset of genes
Dependence on combination of genes and samples

rected data of cDNA microarray should be properly normalized to minimize the random (experimental) and systemic variations that occur in every microarray experiment. A well-known source of systemic variation arises
from biases associated with the different fluorescent dyes
such as Cy3 or Cy5. Dye biases may result from differences in physical properties of the dyes, efficiency of dye
incorporation, and scanner setting. Dobbin et al. (2005)
divided dye bias into four different types (Table 2). The
first type of dye bias is assumed to be the same for all
genes on an array, thus it can be removed by median centering of an array, a variant of global normalization. Thus,
the red (Cy5) and green (Cy3) intensities are related by a
constant factor k.

k = median

R
G

R ' = R, G ' = kG
R'
R
R
= log 2
= log 2 − log 2 k
'
G
kG
G
R
1
M = log 2 , A = log 2 ( RG )
G
2

log 2

R and G represent the background-corrected red and green
intensities for each spot, and R′ and G′ indicate normalized values of R, G respectively. This normalization
brings only the shift of M values in an ‘MA-plot’ without
changing the shape of scatter plot where M means the log
intensity ratio and A the mean log intensity for each spot
(Fig. 5B). The second type of dye bias is considered to be
dependent on the overall spot intensity. In other words,
the dye bias of dim spot is different from that of bright
spot. One of most widely used methods for the elimination of intensity dependent bias is the locally weighted
regression known as lowess smoothing, which was first
applied to microarray data by Yang et al. (2001). Both
lowess and loess methods use locally weighted linear regression to smooth data, but lowess uses a linear polynomial while loess uses a quadratic polynomial to avoid the
over-fitting and the excessive twisting and turning. The
lowess smoothing based on ‘MA-plot’ divides the data
domain into narrow intervals using a sliding window approach. Therefore, the smoothness of the curve is directly
proportional to the number of points considered for each
polynomial. If there are n data points, the lowess use n⋅f

Fig. 5. The normalized results by three different methods for a
cDNA microarray data. A. The original raw data. B. Normalized
data by median centering. C. Normalized data by global lowess.
D. Normalized data by print-tip lowess.

(rounded up to the nearest integer) points in each local
fitting (f is a smoothing parameter). The value between
0.05 and 0.5 generally is usually used for most microarray
data sets. Neighboring points contained in sliding window
are locally regressed to fit a smooth function of A to M,
thus give regression function f(A). The normalized ratio
M′ is obtained by subtraction of f(A) from M as below:

M ' = M − f ( A)
Figure 5C shows that the intensity dependent dye bias can
be efficiently removed by global lowess normalization.
The advantage of lowess is that there is no need to specify
a particular type of function to be used as a model. The
degree of polynomials d and the smoothing factor f are
only required. Another benefit of utilizing lowess is the
robustness to the extreme outliers. However, the lowess
curve is difficult to be represented as a mathematical formula and needs to be applied every time on every data set.
In addition, the lowess approach assumes that the majority
of genes are not differentially expressed or genes are influenced by random effects. This assumption may not
hold true for all data, and it may be inaccurate to perform
lowess smoothing by inclusion of all the points. Thus, it
might be better to use the control spots that span the intensity range and exhibit a relatively constant expression
level than all the spots on the array. Yang et al. (2002)
designed microarray sample pool (MSP) titration series as
control spots. The use of all spots for lowess smoothing
offers the stability and flexibility while the lowess curve
through the control spots offers security that the curve is
not biased by differentially expressed genes. Tseng et al.
(2001) suggested ‘rank-invariant set of genes’ instead of
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MSP. The third type of dye bias indicates the dependency
on some subset of genes, and called gene-specific bias.
Gene-specific dye bias may affect comparisons between
samples or classes of samples labeled with different dyes.
Therefore, single-label array experiments in Affymetrix or
CodeLink platforms will not be affected by this bias because all samples are labeled with same dye. In daul-label
array experiment, the proper experiment design like dyeswapping strategy can remove the gene-specific bias. Finally, the last type of dye bias is associated with both
gene and sample, so called a gene- and sample-specific
dye bias. The cause of this bias proposed by Dombkowski
et al. (2004) is not clear, and there is no systematic
method for its elimination. Besides dye bias above mentioned, there are spatially-dependent bias which results
from the print-tips used in the manufacturing process of
an array. Yang et al. (2002) proposed the within-print-tipgroup normalization method to remove this bias. They
applied lowess approach for each print-tip. Figure 5
shows that simple global lowess normalization, where the
local robust regression is carried out over the whole array,
is not effective for every print-tip and the intensitydependent bias for each print-tip is easily removed by
print-tip lowess normalization. However, it is desirable to
us global lowess if each print-tip group cannot meet the
assumption that the majority of genes are not differentially expressed or genes are influenced by random effects.
Uchida et al. (2005) indicated the importance of printorder bias resulting from the order in which the spots
were laid down during the printing of the array. They also
suggest that it is the best to remove biases in the following order: dye (global normalization), print-order, spatially-dependent and intensity-dependent (lowess normalization) when microarray data contain dye, intensitydependent, print-order dependent and specially-dependent
biases.
We descried within-array normalization for dual-labeled
array data until now. In many experiments the expression
level should be compared across different arrays. When the
different arrays have substantially different spreads in their
intensity log ratios, the multiple-array scale-normalization
is required for the adjustment of different sample variances
in log ratios across arrays. Scale-normalization is a simple
scaling of the M-values from series of arrays so that each
array has same median absolute deviation (MAD) (Fig. 6).
The overall process of normalization approach in duallabeled array data is shown in Fig. 7.
The identification of sources of variation in microarray
data is possible by the analysis of variance (ANOVA)
models. Lee et al. (2000) suggested an ANOVA model for
log ratio Mgk as:

log 2 M gk = μ + G g + Vk + (GV ) gk + ε
where μ is the overall average signal, Gg, Vk, and GVgk
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Fig. 6. The boxplots for four differentially distributed cDNA
microarrays data. A. The original raw data. B. The normalized
data by lowess method for each array. C. The scale-normalized
data after lowess normalization for each array.

represent the effect of gene, experimental condition,
interaction between them, respectively. The normalized
log ratio is given by subtraction of all estimated effects
from the log ratio. The variables can be expanded to
account for different variation. The properties of ANOVA
estimates are tied to the experimental design. Kerr et al.
(2000) suggested the use of designs that are balanced
across the samples of interest because of their great efficiency. Although the ANOVA-type models basically need
multi-array experiments, they do not require the assumption of equal expression levels for most genes as used by
global normalization and are designed to effectively normalize the data without the need to introduce preliminary
data manipulation by combining the normalization process with downstream data analysis.

Conclusions
Microarray technology allows the monitoring of expression levels for thousands of genes simultaneously. The
quantitative comparison of two or more arrays can reveal
the distinct patterns of gene expression that define different cellular phenotypes or genes induced in the cellular
response to certain insults. Normalization of the measured
intensities is a prerequisite of such comparison. We have
illustrated various normalization procedures for singlelabeled and dual-labeled array data with our data sets. The
most normalization techniques in use rest assumptions
that the majority of genes are not differentially regulated
or the number of up-regulated genes roughly equals the
number of down-regulated. These assumptions seem to be
adequate and do not bring a serious effect in the most of
biological experiments. If this assumption is not able to
be applicable, the normalization may be performed efficiently by ANOVA-type models with proper experimental
design, which allows one to include further effects such as
array or gene effects in the model.
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Fig. 7. The typical normalization process in dual-labeled array
data.

Although a number of normalization methods have been
proposed, it has been difficult to decide which method performs better than others. Park et al. (2003) compared normalization methods based on the variability measures derived from the replicated microarray samples. They
showed that the intensity dependent normalization performs better than the simpler global normalization methods in many cases. Choice of appropriate methods for
background correction and normalization are important to
the analysis of microarray data. Some normalization
methods can be applied for both single-labeled and duallabeled array data. For example, the quantile normalization, which is mainly used for single-labeled array data,
might be applied to dual-labeled array data if red and
green channel in dual-labeled array would be treated by
independent two single-labeled array data. On the contrary, two single-labeled array data can be considered as a
dual-labeled data and lowess normalization may be used.
Moreover, quantile and lowess normalization methods are
often used partly in other normalization procedures. RMA
employs quantile normalization. Colantuoni et al. (2002)
discussed local mean normalization based on calculating a
mean intensity locally (via the loess function) across the
range of mean expression levels and local variance correction, which performs a variance-stabilizing function by
dividing each log (ratio) value by the corresponding locally calculated standard deviation (via a loess function).
Many normalization methods for microarray data are included in the R statistical software package (www.rproject.org), especially distributed by the Bioconductor
project (www.bioconductor.org).
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