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Use of Splinesfor Normalization of Microarray Gene Expression Data

Abstract

Microarray experiments are part of a new class of biotechnologies which alow the
monitoring of expression levels for thousands of genes simultaneously. The
measurements generated by these studies are subject to multiple sources of experimental
variation. Some of these variations are considered systematic and may be explicitly
corrected through data normalizations with the objective of cleaning and improving the
quality of the measures of gene expression. Usual approaches consider a limited class
of non-parametric techniques such as the lowess adjustments. However, there are more
adaptive non-parametric methodologies that may be adopted for the problem. In this
article we apply splines smoothing for normalization of gene expression data from
cDNA microarray experiments.  The union/intersection metric is adopted for
comparison of the different methods, which explores the measures under dye-swap
dlides. The analysis uses a small study, consisting of RNA samples, from four rat groups
generated from two rat strains, hypertensive SHR and congenic SHR-BN rat strains,
evauated under controlled condition and after 2 week NaCl treatment. Collectively,
these results indicate that the smoothing splines approach is more efficient in
normalizing microarray data than the global and lowess adjustments, controlling the dye
bias and alowing a clearer identification of differently expressed genes in microarray

experiments.
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1. Introduction

With the recent availability of the human and severa model systems genomes,
DNA aray technology has become a powerful tool for researchers to assess global
patterns of gene expression enabling a better knowledge of a variety of complex
biological problems (DARVASI, 2003). For cDNA microarrays two (or more) different
fluorescent dyes, such as the phycoerythrin Cy3 and Cy5, are labeled on different
MRNA samples of interest, monitoring the gene expressions on the same array. The
different stages of a microarray experiment include experimental design, normalization,
exploratory anaysis (typically, multivariate approaches) and the identification of
differently expressed genes. Mgor challenges are present in each step of the analysis
requiring intensive combined use of computational and statistical tools to minimize
limitations of this method.

Typicdly, biologica and technical variations occur on microarray experiments. The
biological variations are random and may be controlled through replicates and, when
appropriated, by pooling mMRNA samples from some set of individuals (CHURCHILL,
2002; KERR; CHURCHILL, 2001). Known sources of technical variation include low
signal intensity, bias due to choice and incorporation of dyes, variable spot shape or
position on the array, amount of cDNA materia and others (CHURCHILL, 2002).
These variations are systematic and some of them may be avoided through a rigorous
experimental control, otherwise compromising the identification of differently
expressed genes. Data normalization methodologies have been commonly used for
cleaning and improving the quality of the measures of gene expression. Usud
approaches include a limited class of non-parametric techniques, as lowess adjustments,
applied before the identification of differently expressed genes. However, there are

more adaptive non-parametric methodologies that may be adopted. In this article, we



apply splines smoothing for normalization of gene expression data. This methodology
has been successfully used for smoothing curves with circadian patterns (IRIZARRY,
2002) and we introduce its application for image anaysis in cDNA microarray
experiments.

In Section 2.1 we describe the data set used in this article. Section 2.2 presents
normalization techniques and, in Section 2.3, we propose a criterion for comparison
among them considering the union/intersection metric. Results for the normalization
adjustments, using our data set, are showed in Section 3. Section 4 presents discussions

and conclusions.

2. Materialsand Methods
2.1. Microarrays Data

Using QTL interval mapping we identified 5 quantitative trait loci (QTLS) that,
collectively, explain 43% of the total systolic blood pressure variation in rats (SCHORK
et a., 1995). We, then, developed congenic rat strains using the hypertensive strain
background in which each of the mapped chromosomal regions was replaced with the
normotensive strain counterpart. All these congenic strains show ateration in the basal
or NaCl load blood pressure phenotypes (data not shown).

Briefly, the study examined mRNA samples from a pool of kidney tissues
extracted from a set of 3 animals, randomly selected from four rat groups: SHR
hypertensive and congenic SHR-BN rat strain for chromosome 2 evaluated under
controlled and after 2 weeks NaCl load. Experimenta design obeyed the scheme
showed in Table 1. It was used dye-swap slides and only one replicate of each
experimenta condition in this small trial. Congenic animals were obtained by molecular

marker assisted sdlection after several backcrosses between the BN and SHR rat strains,



considering the finding of animals genetically equivalent to SHR hypertensive except to
the region in chromosome 2. Thus, SHR-BN congenic animals are supposed to have
lower blood pressure values than the SHR. For this experiment, 14K rat cDNA arrays
obtained from a Norwegian Core Facility were used consisting of 13,799 sequence
verified cDNA probes from Research Genetics and 10 in-house rat cDNAS printed in
duplicates on Corning CMT Gaps Il dlides. Also included in the same array were 10
cDNA from plants. The total number of spots on the array is 26,912.

Table 1. Microarray design.

Condition Group Slide
Controlled  SHR-Cy5 x SHR-BN-Cy3 Rat 85
SHR-Cy3 x SHR-BN-Cy5 Rat 89

NaCl SHR-Cy5 x SHR-BN-Cy3 Rat 88
exposition  SHR-Cy3 x SHR-BN-Cy5 Rat 86

2.2. Normalization Methods

In cDNA microarrays the two-color system measurements (green and red) represent
the @undance of two mMRNA samples cohybridized (with Cy3 and Cy5, respectively)
onto each arrayed gene. Such type of array is suppased to reduce part of experimental
variation, because the pair (R,G) of resporses is evaluated at the same time in each spat.
In design of experiments, when two resporses are paired into a block factor, it is usual
to resume the data through the diff erence between the resporses, like in the paired “t”-
test. In microarray data, more informative displays of the gene expresson intensity
values are obtained from the transformation to the logarithm scale of the original values.
Thus, ratio-based decisions of the gene expresson levels are frequently adopted, which
represent diff erences between the resporses under log scale. Therefore, it is useful to

transform (R,G), the original pair of resporses, to (Iog2 R log, G) and, further, to



(M,A), where M =log, R/G and A=log,RG (DUDOIT et a., 2002). This new axis

system, (M,A), corresponds to a clockwise coordinate system rotation by 45°.

It is used to display the gene expression intensities for a pair of samples through an
MxA plot, aiming a spatial identification of the points. Here, the horizontal coordinate A
is a measure of the average transcription level, while the M is a measure of differential
transcription, or of random variation. In a larger context, variance by average scatter-
plots are traditionally used in exploratory analysis for diagnoses of data distribution,
characterizing heteroscedasticity and dependences.

In cDNA array technology, severa authors have addressed the problem of
normalization of the intensity responses to reduce the technical variation and to obtain
comparable intensities values from different arrayed genes (THOMAS et al., 2001;
DUDOIT et a., 2002; YANG et a., 2002). The normalization methodologies are
applied to the MxA plots, transforming the M coordinates to M*, giving origin to an
M*xA plot, commonly used for identification of differently expressed genes.

In global normalization, proposed by Chen et a. (1997), it is assumed that red and
green intensities are related by a constant factor (R =kG). For the j-th spot we take the
transformation

M*=M, -k,
where k is obtained as the median of M; values. This was the initially proposed and
most used approach. However, in many cases, systematic variations may be observed in
the MxA plot, like a dependence of the deviation of the values M on the mean intensity

A, and this normalization technique does not take that into account. A more robust

approach, commonly found in the literature (YANG et al., 2002) is to use the lowess



robust scatter plot smoother (CLEVELAND, 1979). Let C(A]-) denote the lowess fit to

the MxA plot. We then take the transformation
M* =M, —cla ), (1)
for every spot |.

Considering the nature of the problem, it is expected that a small percentage of
differently expressed genes will appear as outliers in the MxA plot. Because of this,
scatter plot smoothers are needed to perform robust fits, without great influence from
the outliers (M,A). In spite of lowess being a robust non-parametric regression method,
more adaptive alternatives are mentioned in the literature. In particular, it is worth
noting that the lowess method has a set of parameters that must be chosen in order to
perform the fit. While there might exist some empirical methods for obtaining the
parameters for a given problem, there is not to date a procedure that yields optimized
parameters, which in turn would guarantee an optimum fit. An aternative method is the
use of smoothing splines, which is a powerful tool applied for modeling patterns in non-
parametric regression problems (WAHBA; GRAVEN, 1979). When using smoothing
splines it is possible to choose the location of knots and the smoothness parameter via
optimum criteria. Cross validation (CV) and generaized cross vaidation (GCV) are
popular approaches for finding an appropriate criterion, and Irizarry (2002) has
proposed the minimal estimate of risk as a new criterion. In this work, we use the GCV

to obtain the C(A]-) spline adjustment, implemented on the statistical package R (R

Development Core Team, 2004). The smoothing splines normalization is conducted in
the same fashion as the lowess one: we transform M into M~ as in equation (1), but

now C(Aj ) isthe adjusted value for the smoothing splines fit.



The normalization methods described before can also be done by sub-arrays. For the
j-th spot in the i-th sub-array we obtain the adjustment M,;* according to a given
normalization technique. Those values are obtained considering each sub-array as a
complete array, and then proceeding with the normalization techniques discussed, for

every sub-array.

2.3. Comparison Criterion for Different Normalizations

One of the possible aternatives to compare different normalization methods is
calculating the number of spots showing concordance between the intensities values
evauated in dye-swapped slides. However, notice that normalization of microarray data
is used to reduce the variation due technical irregularities. Thus, after normalization, the
intensities of two arrays, with dye assignment reversed in the second one, must be
concordant only if dye bias is the most important technical error component and there is
no relevant biologica variation.

For j-th spot, let (Rj ,Gj) and (M j ,Aj) define pairs of intensities values, and its log
transformation, for mMRNA samples of the treatment group labeled with red-fluorescent

Cy5 dye and the reference mRNA samples labeled with green-fluorescent Cy3 dye. In

addition, let E?j',Aj' E and ﬁ\/l j',AJ.' E be defined, in the same context, for dye-swap

array. And also, consider M| and M , the normalized intensities for the j-th spot of

two arrays from dye-swap design. The following result may be assessed
(M},Aj)andﬁ\/l’;,Aanreconcordant - M;IM] <O0. (2)

Deviation of this inequality may occur as a result of variations due to biological tools or

technical error (except dye bias component).



For our application, the number of spots showing concordance, like imposed by (2),

was calculated into arestricted region, defined to the MxA plot by
c={(a >10)n (| >1}. (3)
To define a more elegant criterion for comparison of normalization methods, and

further, for evaluation of the dye bias effect, consider the union/intersection metric, used

by Wilkinson and Huberman (2003) for matching gene communities, and given by

4(AB)= #HAnB} D%

~#A0B} n+m-% .5,

(4)

where A=(a,,a,,...a,) and B=(B,,3,....B,,) are two sets of genes and 3, is a
identity function for a, = Bi . The metric d(A, B) ranges in the interval [0,1] and will

be larger for closer the matches (or more concordant sets).
We adapt the metric given in (4) to measure the concordance between the
normalization procedures. Let C defined by expression 2, and C' under the terms of

M XA plot. For the k-th normalization method we define dk(C,C') as the concordance

T

metric between subsets CandC', with 5CC_, an identity function for ¢, =c;, . We

choose that normalization with maximum d value, since it promoted the closest match

between C andC', and thus was the most successful in reducing the variations due to

technical effects, specially the dye bias component.

3. Results

The histogram of intensities from each sample for array Rat 85 is showed in Figure
1. For both, Cy3 and Cy5, a non-symmetric unimodal distribution is observed,
characterized by most of its mass at small intensities. Equivalent results were found for

the others slides considered in the study (Rat 89, Rat 88, Rat 86).
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Figure 1. Histogram of probe intensities at the Cy3 and Cy5 dyesfor array Rat 85.

Most of the data in Figure 1 is squeezed into a tiny corner in the bottom left of the
histogram. More informative displays may be obtained from double-logarithmic scale,
as showed by MxA plot from Rat 85 data in Figure 2. In addition, global, lowess and
splines normalizations were applied for each array in our study, considering all probes
at atime or making the analysis by sub-arrays. The results for array Rat 85 are presented
in Figure 3. The straight-line represents the vertical axis origin (M=0) and the other
curve signalizes the adjustment obtained by the normalization method. The best result
was found by the splines by sub-array technique, since the systematic variation was
quasi-completely eliminated. Figure 4 shows the results of the splines by sub-array

normalization for slides Rat 85, Rat 86, Rat 88 and Rat 89.
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MAPIlot: array rat8s

MAPIot: array rat85 (nermalized)
HMonmalization: Glebal intensity

Figure 2. MxA plot for Rat 85 data.

MAPIot: array ratd5 (normalized)
Honmalization: Global Lowess

MAPIot: arvay rat85 (normalized)
Mormalization: Global Splines

MAPIot: arvay rat85 (normalized)
Mormalization: Subarray intensity

MAPIot: array ratds (normalized)
HMormalization: Subaray Lowess

MAPIot: arvay rat8s (normalized)
MNormalization: Subarray Splines

Figure 3. Different normalization methods for array Rat 85.
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MAPIot: array rat8s (normalized) MAPlot: array rat86 (normalized)
Normalization: Subarray Splines Hormalization: Subarray Splines

A A
MAPIot: array rat8 (normalized) MAPIot: array ratBs (normalized)
Normalization: Subarray Splines Hormalization: Subarray Splines

Figure 4. Sub-array splines normalizations for arrays Rat 85, Rat 86, Rat 88 and Rat 89.

Comparing lowess and splines normalization methods, we calculated the number of
concordant genes (probes or spots) according to the criterion (2). The number of genes
obeying restriction (3) was 109, for array Rat 85, and such set of genes was adopted in
al caculation. The results are in Table 2. The values obtained for union/intersection
metric are presented in Table 3. The results show the superiority of the normalization

using splines methodol ogy.

Table 2. Number of concordant spots.

Array / Reversed Dye L owess Splines
Rat 85/ Rat 89 25 39
Rat 86/ Rat 88 20 38
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Table 3. Union/intersection metric values.

Array / Reversed Dye L owess Splines

Rat 85/ Rat 89 0.0 0.21

Rat 86/ Rat 88 0.1 0.20
4. Discussion

Usually, in microarrays experiments the probe selections may be assumed as a
guasi-random process. Thus, the intensities empirical distribution may be used to make
decisions about the true distribution of gene expression intensities. The histogram
showed in Figure 1 indicates that the transcription levels of alarge fraction of genes are
approximately the same, across the samples of hypertensive and congenic rat strains,
and that only a relatively small proportion of genes will vary significantly in expression
between the two mRNA samples. These findings have been described by others authors,
under different treatments and for a large class of experimental unities, indicating that,
in general, asmall set of genes are involved in regulatory processes.

The convenience in adopting the logarithm transformation to represent microarray
data is justified through the asymmetric shape found for the data distribution. In
addition, the coordinate changing to (M,A) is very useful for detection of the variation
components which are affecting the data. Depending whether a systematic deviation of
the empirical values M across the line M=0 is observed, we may take decisions about
the effects of the biological and technica variation components. Figure 2 shows that
while the variance of M is relatively small and approximately constant for large average
intensities A, it becomes larger as A decreases, consistent with the presence of

heteroscedasticity in our data. This is assumed to be due to technical error, which is
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often corrected by normalization techniques. The data presented here show that splines
smoothing gives better adjustment than methods currently used for this purpose. Using
the union/intersection metric, we also found better results applying splines (d=0.21 and
d=0.20) compared with lowess fit. In addition, others sources of technical (besides dye
bias) and biological variation must be taken into account for normalization, since the
concordance metric was low (d<<1). Wolfinger et al. (2001) propose a parametric
version to normalize microarray data applying a combined mixed model. However, the
main limitation of this methodology is to normalize the data under alinear model.

In the present study, the main objective was to perform an exploratory analysis of
the different normalization techniques rather than the identification of genes differently
expressed. However, upon comparison of genes differently expressed in kidney samples
from the two rat strains we found (data not shown): (i) a small group of genes (5 genes),
that may be considered to be affected by moderated biological variation, showing high
signal intensity so that they are easily detected under any normalization technique; (ii)
several genes (50 genes), showing moderated expression, that are extremely affected by
the normalization method, which may underlie high susceptibility to (possibly due to be
highly affected by) technical variation, and (iii) a set of differently expressed genes (3
genes) uncovered only when data from paired dides, in dye-swapped design, are
combined, as proposed by Yang et a. (2001).

Collectively, these results indicate that the smoothing splines approach is more
efficient in normalizing microarray data than the global and lowess adjustments,
controlling the dye bias and allowing a clearer identification of differently expressed

genes in these experiments.
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