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Abstract

Microarrays are a powerful tool in functional genomics,what allow a simultaneousanalysis
of the expressionlevel of thousandsof genesunder di®erert conditions. In orderto compare
measuremers within and acrossarrays and to correct non-biological variation masking
meaningful information, normalization is an essetial task prior to any further analysis.
Among all the available normalization techniques, LOWESS has proved useful for the
normalization of data generatedfrom the two main microarray platforms (two-color arrays
and a®ymetrix chips) due to its ability to remove intensity dependert e®ects. Howewer,
the use of this robust estimator to correct the data without taking accourt of biological
characteristics is a concern often raised by microarray analysts. In addition, powerful
software packagesare neededto perform such computationally expensive normalization
and seweral parametersneedto be xed in advance,resulting in di®ererily corrected data
setsfor the di®eren setsof parametersused.

Reverse labeling designsare common setups in two-color microarray experiments if
comparison between the co-hybridized samplesis of interest. Using three di®erert data
sets, this paper assessethe e®ectivenessof dye-swapnormalization, a method that makes
use of the intrinsic information provided by this type of experimental design. The results
show how dye-swapnormalization correctsthe bias intro duced by the di®eren properties
of the dyes, removing intensity dependert e®ects. Furthermore, dye-swapnormalization
corrects the data accouriing for gene-dye e®ectsand the transformation of the data is
justied on a biological basis. The results presert dye-swap normalization as a valid
alternativ e to normalize two-color microarray data.

The paper alsoreviewsthe assumptionsmade and the formulas applied to correct the
data using dye-swapnormalization. In addition, a generalization of the dye swap normal-
ization formula is implemented to normalize data generatedfrom microarray experiments

for which a large proportion of genesare expectedto be di®ererially expressed.

“The “gures and results preserted in this paper have been implemented using seweral Bioconductor
packagesfrom R, MATLAB " (Mathworks Inc.) and ArrayNorm. A collection of Tes and supplemertary
material is available from http://www.sbi.uni-rosto ck.de
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1 Intro duction

Two-color microarray experiments estimate simultaneously the relative expressionlevel of
a set of genesin two biological samples. To allow sudh a comparison, messengeRNA
(mRNA) from the populations of interest is reverse transcribed and labeled using two
di®erert °uorescen dyes(usually Cyanine dyes, Cy3 and Cy5)(Schena2002). Afterw ards,
both samples(related to the \channels" of the scannerusedto read the array) are hy-
bridized onto the microarray, where PolymeraseChain Reaction (PCR) products that rep-
reser all or part of the genesin the genomewere spotted (Eisen and Brown 1999, Schulze
and Downward 2001). The slide is then scannedat two di®erert wavelengthscorresponding
to the range of the emissionspectra of the °uorophore. For ead channel a high resolu-
tion imageis generated,which is then analyzedin a processreferredto as\spot nding".
The spots are quarti ed into singleintensity valuesfor eat channel. Thesetwo intensity
values are the estimators of the relative expressionlevel of the genein the two samples.
The spot nding or scanningsoftware (e.g. GenePix, Imagene) also provides an estimator
of the badkground intensity for a given spot, and in both channels. The data analyst then
has the option to correct the data by, for example, subtracting the badkground from the
spot intensity.

In microarrays, the processof removing non-biological variation that is masking mean-
ingful information is known as normalization. The correction of the data, according to
those factors intro ducing systematic errors, is an essetial stage prior to the analysis and
biological interpretation of the data. In two-color microarray experimerts, the so-called
dye e®ectis one of the most important sourcesof systematic errors. Seweral properties are
di®eren for the two dyes,i.e. their quantum ezciency and their genespeci ¢ incorpora-
tion properties (Dobbin et al. 2003, Tsenget al. 2001). They make it necessaryto balance
the intensities of both channels before further analysis. To compare two measuremets
that are actually readin di®eren scalesthey must be brought in to the samerange. There

are two non-exclusiwe strategiesthat can be employed to normalize microarray data:

2 Normalization by self-consistency(Kepler et al. 2002) using all genes: There are
three main methods basedon the assumption that the overall intensity should be

the samefor both channels,i.e., most of the genesshould be equally expressedn both
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compared samples. These methods are the global method (Yang et al. 2001, Yang
et al. 2002), the use of a LOWESS function (Cleveland 1979) correcting intensity-
dependert data (Yang et al. 2001,Yang et al. 2002) and the useof the regressionline
(Quackerbush 2001). From all of them, the useof a LOWESS function to normalize

within a slide is the most robust and popular.

2 Normalization usingthe quality cortrol elemens introducedin the experiment: This
refersto the intrinsic and extrinsic cortrols, the use of replicated geneswithin the
array to correct spatial e®ectsthe use of replicated arrays and the swapping of the
dyesfor replicated arrays. The latter is a requiremert to apply dye-swapnormaliza-

tion.

Dye swap experimerts are extended and well establishedin the microarray commu-
nity (Dobbin et al. 2003, Kerr and Churchill 2001). This paper studies the e®ectiveness
of dye-swapnormalization, which makes use of the information provided by this type of
setup. Data from three di®ereri experiments were normalized using dye-swapand com-
pared against the standard LOWESS normalized data. These experiments were chosen
in order to test two di®erert features: (1) A self-selfhybridization experiment was con-
ducted to assesghe exciency of dye-swapnormalization in the correction of intensity
dependent systematic bias, i.e. the di®erert properties of the two dyesusedto label the
co-hybridized samples. (2) A good normalization method should presene the biological
characteristics of the data. For this reasonthe correlation of technical and biological repli-
cates after normalization was analyzed for two experiments, a growth curve experimernt
for M.tuberculosis and an experiment to study the yeasttranscriptional repressorsMiglp
and Mig2p (Rolland et al. 2002, Campbell et al. Manuscript in preparation, 2004).

The paper is organizedasfollows. Firstly, the three main self consistencymethods are
discussed.Theseare the global approach, LOWESS (Yang et al. 2001, Yang et al. 2002)
and the linear regressiwe approac (Quackerbush 2001). In Section 3, the most important
quality control elemeris in microarrays are brie°y described and dye-swapnormalization is
explainedin detail. The di®eren formulas proposedin the literature and their equivalence
are also discussed.To conclude,in Section4, LOWESS and dye-swapnormalization are

applied to three di®eren data sets. The results are discussedin the following section.



2 Within array normalization by self-consistency: LOWESS
correction

Microarrays allow us to simultaneously measurethe response of thousands of genesto
speci ¢ biological conditions.

Due to the large number of genesspotted onto an array, one might think that, on the
whole, most geneswill not show a signi cant changein the expressionlevel betweenthe two
samplesbeing compared. Under this premise, di®erencesamong the overall intensity of
both channelswould be the consequencef non-biological variation. An important source
of systematic errors in two-color microarray experiments are the di®erent properties of
the dyesusedto label the two samples(Yang et al. 2001, Dobbin et al. 2003). Under the
assumptionthat most of the genesshould be equally expressedn both samples,we ought
to correct the data sothat the distribution of the expressionratios has a certral value of
one. Choosingthe median as an estimator of the certral tendency of the distribution, the
data are correctedto accomplish

VIR | H H Ri il

i

where R; represerts the intensity of the red channel for genei, G; the samefor the green
one. ng indicates the number of genesspotted on the array. This transformation can be

achieved by estimating an expression» (Yang et al. 2001, Yang et al. 2002), as
R = »¢G:

The di®ereri estimators of » will result in the three di®eren within-array normalization
methods:
The global metho d looks for a constart which relates the overall intensity of both

channels. A common choiceis (Yang et al. 2001)

. R:
median j=1 . - lo =
» = 2 i=1 ng 92 Gi

The linear regression method (Quackenbush2001) ts aregressionline to the scatter
plot (G,R). Under the assumptionthat most of the genesshould be equally expressedor

both channels, the regressionline should have a slope one. Hence,



From that follows »' m, where m is the slope of the regressionline tted to the scatter
plot and n is the intercept with the ordinate.

The LOWESS Y function was rst introduced by Cleveland (1979). This function is
estimated through a locally weighted polynomial regressionfor a xed subsetof genesin
the neighborhood of every genei. As atool to normalize microarray data, it rst appeared

in Yang et al. (2001). From the scatter plot (A,M), where

HoT
R
M = log, c and
A= % ¢(log, G + log, R) ;

the LOWESS function c(A;) can be calculated:
c(A) 1 T'R;

where the set of indexes| denotesall genesspotted on the array. Under the assumption
that most of the genesare equally expressedin both channels, A is the overall intensity

level measuredin the array asit can be obsened by
1 1 L} 1
log, R log,G) A= > ¢(log, G + log,R) ' log, G' log,R :

The tting of the LOWESS function c¢(A) from the (A,M) scatterplot leadsto:

o
M = log, g 2 c(A) ) »=k(A) = 20(A) -

Regardlessof the method usedto estimate », the data will be corrected as follows:

| | M T

R
AR AN 2 0
G ) log, c | 0) log, G o 0;

log,

where ° = log, (»). Denoting the corrected data by the superscript €, it follows that
ME=M;j °; foralli:
This is equivalent to correct both channelsintensity values,for every spotted genei as:

R = Ri;

GP = G;j ¢x:

YLOcally WEighted leaSt Squares (LO WESS)



Becausethe dye e®ectappearsto be intensity dependert in most of the cases(Yang et
al. 2001, Yang et al. 2002, Workman et al. 2002), LOWESS hasbecomea popular method
for within-array normalization. The global dye correction method transforms all of the
genesusing a single value for the whole slide, whilst the regressionmethod is highly
sensitive to outliers. In consequencethe LOWESS approach appearsto be the most

suitable option among the three in reducing the di®ererial e®ectsof the dyes.

3 Within array normalization using qualit y control elements:
Dye-swap normalization

The three self-consistencymethods described above provide a generalapproach to correct
the dye e®ect. Howewer, as shonvn by van de Peppel et al. (2003) they are not suitable
for all those experiments for which a global shift in mMRNA expressionoccurs. In those
situations, the intrinsic information of the experiment must be usedto normalize the
data. To this end, a good experimental designshould provide quality cortrol elemers,
including control spots, replicated geneswithin the array or replicated arrays for which
the dyes are swapped. Di®erent material can be spotted as cortrols in the microarray,
for example, genomic DNA (gDNA), \spiked genes"(\an de Peppel et al. 2003, Benes
and Muckenthaler 2003), or a Microarray SamplePool (MSP) (Yang et al. 2002). For the
controls to be usefulin the normalization, their intensities should cover the whole intensity
range. In that case,the LOWESS function or any other non-linear function tted to the
controls (using for example the Levenberg-Marquardt algorithm (Marquardt 1963)) can
be usedto determine the relationship betweenboth channels,and this function can then
be usedto correct the whole data set.

The useof replicatesmeetsa double target in microarray experiments (Churchill 2002):
Biological replicates are a requiremert to provide statistical signi cance measuresfor dif-
ferencesin geneexpression(Black and Doerge 2002) and to averageout the di®erences
among individuals. Tednical replicates remove random errors introduced in the experi-
ment and replicated slidescan be usedto normalize the data if the dyesare swapped.

Let us consider a particular genei for which the expressionlevel in two samplesof
MRNA is measured. We will refer to the two biological samplesto be comparedas s and

r. Let us supposethat during the reversetranscription of mRNA into cDNA the sample
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denoted by s was labelled with Cy5 (red) and the sampledenoted by r with Cy3 (green).

For every spotted genei the following expressionis considered

M; = lo U&'ﬂ

Using the samematerial, the reversetranscription processand labelling are repeated, but

in this casethe dyesare swapped sothe samples is labelled with Cy3 (green) and the r
with Cy5 (red). For the samegenei we thus have

M Lol
M.O: |og2 i
| G|O

From thesetwo equations, we obtain
H R 1 H 1 V| V|

Mi=log, o =log; >k =log, > +logoki=log; > +a; 1)
I I |
M ol TR L1 A
ML= log, G—'O = log, s—' ¢k® = log, r—' + log, k= log, r—' +c ()
i i i i

where r; stands for the intensity of the genei in sampler and s; for the samevalue in

samples. The target is to estimate Iogz(f—:) from M;, M2 Hence,it follows that

no

Mii ¢ = log, S ;
ri

Ms_ﬂ

i IV'io"' Ci0= log, r—l

|

In theseexpressionsg; and c® accourt for the di®erert properties of the dyes. As suggested
in Yanget al. (2001) under the name\self normalization”, if ¢; ' ci0 for all i (seeAppendix

A for an explanation), adding both equations

I“ls-‘IT 1 Hs-ﬂ
Mii MP' 2¢log, = =) S6Mii M)’ log; = : ©)
|

Earlier, Kerr et al. (2000) had proposeda formula to estimate the corrected logged ex-
pressionratio for a dye-swapexperiment, under the assumption of normality of the logged
intensities:

noT
og; = J(Mii MO (meani(Mi)i mean(MI): @

|
(3) and (4) are equivalert if ¢ ' ¢, for all i. In that case,mean;(M;) ' mean;(M9

and (3) and (4) are the sameformula. (4) was also used by Tseng et al. (2001) and it
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is equivalent to performing a global normalization to correct possibleglobal shifts weak-
ening the reproducibility of the technical replicates. This can be due to di®erert PMT
(Photomultiplier Tube) settings, di®erencesn labeling or hybridization betweenthe two
replicates, etc. Once these errors are corrected, the corvertional dye-swapnormalization
(3) is performedto correct the di®erert properties of the dyeson a geneby genebase. All
through the text dye-swapnormalization was calculated using (4). The main advantage
of dye-swapnormalization is the correction of the data preserving the characteristics of
every gene. In addition, it accourts for the di®eren incorporation rate of the two dyesto
di®eren sequencesNote alsothat the implementation of the method is straight forward
and the computational cost very low. The main apparert disadvantage is the needfor an
additional microarray slide to allow dye reversal. However, the inaccuracy of two-color
microarrays makesit necessaryto provide technical replicatesin every condition. Hence,

there is no real extra costin performing the technical replicates with a swap of the dyes.

4 Results
4.1 Self-self hybridization

The scope of the experiment wasto test the in°uence of di®eren surface coatings on the
quality of in-house spotted mousecDNA microarrays. The microarrays comprise several
cDNA libraries: NIA (National Institute of Aging), BMAP (Brain Molecular Anatomy
Project) and costum libraries. They were PCR ampli ed and spotted without puri cation
in 3xSSC/1.5M Betaine spotting bu®er. Including controls and duplicates, 36672features
were spotted on ead array in one spotting run.

Four surfaceswith di®erert coatings were compared: Epoxy, amino and aldehyde
surfacesfrom Sdott-Nexterion and GAPS |l coated slidesfrom Corning. In order to be
able to analyzeas many spots as possible,RNA had to be chosenfrom a transcriptionally
active source. Therefore, murine mesentiymal stem cells were induced to adipogenesis
and eight time point sampleswere taken over 14 days of di®ereniation. These samples
were pooled together and self versusself hybridizations were performed on eat two slides

per surface.
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Data Prepro cessing

The data was scannedwith the GenePix4000Bscanner(Axoninstruments 1995-2004)and
the image quanti cation software usedwas GenePixX 4:0:1. After grid alignment, obvious
areasof badkground artifacts were manually °agged and geneswere Ttered out according
to the two following Tter criteria: Number of saturated pixelsin at leastoneof the channels
greater than 50 and sum of medians smaller than 1500. The latter removeslow intensity
spots for which expressionlevels cannot be reliably measuredwith the scanner. Dye-
swap and LOWESS normalization were performed using the marrayNarm padkage from
Bioconductor. The Ttered data was normalized using ArrayNorm (Pieler et al. 2004).

The commandsusedin Bioconductor can be found in the Supplemenary Material.
Bias removal

Although no biological replicates were available, the experiment was interesting to test
how well dye-swapnormalization and LOWESS normalization are able to remove the bias
and if dye-swapnormalization can correct the intensity dependert e®ect. Becausethe
samematerial was labelled with the two dyesand hybridized together onto the sameslide
type twice, the pair of technical replicates can also be consideredas a dye swap pair.
The distribution of the corrected log ratios should be certered around 0 with very small
dispersion. Figures 1 and 2 show the normalized data after dye-swapand LOWESS nor-
malization. For LOWESS normalization the eight slides were normalized independenly
and the averageof the technical replicates was calculated, resulting in a unique value per
surfacecoating to be tested.

In addition, we calculatedthe standard deviation of the Ttered normalized data. Table

1 shaws the results.
4.2 Study of the M.tub erculosis growth curve

This experiment aimed to understand the growth curve for M.tuberculosis taking mea-
suremernts after 6, 14, 20 and 30 days. Four replicated arrays of RNA samplesfrom ead
time point were hybridized. In total, sixteen arrays were produced, using for the \sig-
nal" channel the four samplesof RNA extracted from M.tuberculosis and using gDNA for

the \reference" channel. The advantage of this referencedesignis that all genesin the
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(a) Dye-swap normalized data Epoxy surface
coating.

(c) Dye-swap normalized data aldehyde sur-
facesfrom Scdhott-Nexterion.

(b) Dye-swap normalized data amino surface
coating from Sdott-Nexterion.

(d) Dye-swap normalized data GAPS I
coated slides from Corning.

Figure 1: Dye-swapnon- Itered normalized data
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(a) LOWESS normalized data Epoxy surface
coating.

(c) LOWESS normalized data aldehyde sur-
facesfrom Scdhott-Nexterion.

(b) LOWESS normalized data amino surface
coating from Sdott-Nexterion.

(d) LOWESS normalized data
coated slides from Corning.

GAPS I

Figure 2: LOWESS non- Itered normalized data
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Table 1: Standard deviation of the Ttered data after dye-swapnormalization and after
LOWESS normalization. The standard deviation after LOWESS is always approximately
double than the standard deviation of the Itered log ratios normalized using dye-swap

condition | std. Ttered log ratios dye-swap | std. Ttered log ratios LOWESS
1 0.1058109 0.2002904
2 0.0969764 0.1548934
3 0.1015136 0.2620740
4 0.1089701 0.2671140

genomeare presert in the gDNA. Hence,every geneshould give a homogeneoussignal for
the denominator of the ratio of both channels. A broader discussionon this topic can be
found in (Talaat et al. 2002). The labelling reactions were performed independertly and
the dyeswere swapped for one out of the four replicates. Denoting by a = 1;2;:::; 16 the

number of the array, the experiment can be summarizedas

7
Conaa. Green : RNA (signal);
fora6 4,8 11,16 Red : gDNA (reference)

7]

a1 Green : gDNA (reference)
fora= 4,8 1516 Red : RNA (signal):

PCR products of the 3924 genesof the genome of M.tuberculosis strain H37Rv were
spotted oncein every slide. In addition, di®erert typesof cortrols were printed at di®eren
locations. The normalization cortrols were 5s, 16sand 23srib osomalRNA genes,printed
in every sub-grid. The 16sand 23srRNA wereprinted in athree-fold dilution series.Many
of the cortrols gave a saturated signal in the RNA channel. The reasonis that whilst
gDNA usedfor the referencehas a single copy of the rRNA genes,so equalin abundance
to the other genesin the genome,the prokaryotic RNA is total RNA consisting of 98%
rRNA and just 2% mRNA. Hence,in the RNA channel a greater proportion of the RNA
hybridised to the cortrol spots relative to the rest of the gene spots and so the higher
intensities preseried by the control spots was not in the samerange as the intensities for
the other genes. The cortrol spots were excluded from the analysisand all of the results

in this paper refer to the 3924 printed genes.Although there were no duplicated geneson
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the slide, PCR products from the two IS6110transposasefamily elemens were presen.
Each of them has sixteen copies. Di®erencesof only a few nucleotideshave beendetected
between the sequencedcopies, so we can expect their intensity levelsto be very similar

after proper normalization of the data.
Data prepro cessing

The slideswere scannedwith the A®ymetrix 428™ scanner(MW G-Biotech 2004)and the
image quanti cation software usedwasImagene’ (BioDiscovery 2004). The useof gDNA
referencemade the use of all the genesprinted in the array feasible becauseall of them
gave a reliable signal in the referencechannel. In addition, no genehad to be removed
due to high badkground intensity. Following the analysis of the badckground intensity,
it was decided not to perform badkground subtraction. There were two reasons: First,
the overall badground intensity was very small if comparedto the foreground intensity.
In the secondplace, we found that the noise patterns that appearedin the badkground
reconstruction were inherited by the foreground after badkground subtraction. All of this
analysisand the dye-swapnormalization of the data was achieved using the normalization
module of the program MADE (Sandez-Calo et al. 2003). Becausethe implementation
of LOWESS dependson the chosenparameters (i.e. width of the neighborhood, smooth
degree,etc.) we normalized the data using the LOWESS function from the limma padage
from Bioconductor (Gentleman et al. 2003). The functions used can be found in the

Supplemenary Material.
Correlation of replicated measuremen ts

For this particular experimert, relatively few genesare expectedto changein expression
betweenthe two hybridized samplesat every time point. LOWESS and dye-swapnormal-
ization were applied to correct the data. Both removed the bias as preseried in Figure
3.

A good normalization method should correct the systematic bias while preservingthe
biological information in the data. To test the second,we classi ed the slides using hier-
archical clustering (Eisen and Brown 1999). The results obtained support the hypothesis

that dye-swapnormalization presenesthe biological information of the data better than
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boxplot after LOWESS normalization boxplot after dye swap normalization
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(a) Boxplot after LOWESSnormalization. (b) Boxplot after dye-swapnormalization.

Figure 3: Distribution of the log-ratios for the 16 arrays of the experiment after LOWESS
and after dye-swapnormalization. Every four consecutive boxplots (three after dye-swap
normalization) are the replicates at a particular time point.

LOWESS (seeFigure 4). Howewer, the comparison might not be consideredfair because
using dye-swapnormalization the three slidesclassi ed for every condition have beennor-
malized with a common slide, while LOWESS normalized every slide independertly .

The study of the correlation amongthe elemeris of the 1S6110family would be a fairer
comparison. Therefore, we calculated the coexcient of variation (CV) after dye-swapand
after LOWESS normalization. The results are displayed in Table 2. The overall CV
was smaller for the elemeris of the 1S6110family after dye-swapnormalization than after
LOWESS. In addition, the CV waslarger after dye-swapthan after LOWESS normaliza-

tion for only one slide (slide 13 (time point four, rst replicate)).
4.3 Analysis of the yeast transcriptional repressors Miglp and Mig2p

Microarray analysis was usedto investigate Sacharomyces cerevisiae strains deleted for
the transcriptional repressiongenes,MIG1 and MIG2. Miglp and Mig2p function in the
yeastglucoserepression/derepressiorpathway to directly repressgenesrequired for the use
of alternate carbon sources(Rolland et al. 2002). In wild type, mig1¢ and mig2¢ strains,
protein synthesis is inhibited following glucoseremoval (Ashe et al. 2000). Howeer, the
double mutant, mig1¢ mig2¢, maintains translation following a switch to no glucose

(Campbell et al. Manuscript in preparation, 2004). In an attempt to identify changes
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Hierarchical clustering with average linkage
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Hierarchical clustering with average linkage
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(a) Hierarchical clustering of the replicates
after LOWESS normalization.
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(b) Hierarchical clustering of the replicates
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after dye-swap normalization.

Figure 4: Hierarchical clustering of the replicates. Replicatesof the sametime point cluster
perfectly together after dye-swapnormalization. After LOWESS normalization slide (2,1)
is closerto slide (3,4) than to the rest of the secondtime point replicates. Slides(2,4) and
(4,4) are missclassi ed.

Table 2: Dispersion of the 1S6110elemerns in every slide after LOWESS and dye-swap
normalization. The quality measureusedwas the Coezcient of Variation (CV).

After LOWESS normalization

After dye-swap normalization

(time, replicate) | Mean | STD Ccv (time, replicate) | Mean | STD Ccv
(1,2) 0.6966| 0.2516| 0.3612 (1,2) 0.9426 | 0.1495| 0.1586
(1,2) 0.6881| 0.1400| 0.2034 (1,2) 0.6761| 0.1387| 0.2051
(1,3) 0.7930| 0.1292| 0.1630 (1,3) 0.6845| 0.0933| 0.1363
(1,4) 1.6077| 0.3205| 0.1993 (2,1) 0.9110| 0.0587| 0.0644
(2,1) 0.8928| 0.0599| 0.0671 (2,2) 0.8142| 0.1275| 0.1566
(2,2) 0.9898| 0.2957| 0.2988 (2,3) 0.8260| 0.1080| 0.1307
(2,3) 0.9407| 0.2332| 0.2480 (3,1) 0.8539| 0.0580| 0.0679
(2,4) 1.2124| 0.1546| 0.1275 (3,2) 0.8171| 0.0953| 0.1167
(3,1) 0.9113| 0.1780| 0.1953 (3,3) 0.8654 | 0.0842| 0.0973
(3,2) 0.9365| 0.1586| 0.1694 (4,1) 0.8662| 0.1352| 0.1560
(3,3) 1.2248| 0.1383| 0.1129 (4,2) 0.7748| 0.1360| 0.1755
(3,4) 1.0549| 0.3597| 0.3410 (4,3) 0.7555| 0.1290| 0.1707
(4,1) 0.9005| 0.0826| 0.0917 overall mean 0.1363
(4,2) 0.9370| 0.1766| 0.1885
(4,3) 0.9793| 0.1884| 0.1924
(4,4) 1.4126| 0.3152| 0.2231

overall mean 0.1989
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in gene expressionpro les that may be responsible for these translational phenotypes
labeled cDNA from ead mutant was compared to wild type cDNA using competitiv e
hybridization on spotted arrays represerting the whole genomeof S. cerevisiae Six arrays
were hybridized for eady mutant and wild type, of which three experiments usedreciprocal
labeling of RNA. The experiment wasthen repeated using duplicate RNA extracts to give

a total of thirt y-six hybridizations.
Data prepro cessing

In two-color microarrays designedto study eukaryotic geneexpression,the use of an ho-
mogeneougeferenceas gDNA preserns practical dizculties due to the high introns-exons
ratio. In consequencethe quality of the data is rarely as good as for the previous ex-
periment preseried. Regionswith high levels of badkground are often obsened and also
spatial artifacts. At this stage, °agging of bad spots becomesan issue. At the momen,
there is no consensusabout the desirable balance between number of spots Ttered out
and the criteria to be applied to get reliable biological conclusions. For this particular
data set, no standard Ttering criteria was applied. Areas with obvious artifacts or very
high badkground were °agged. In this casebadkground subtraction was performed. The
slides were scannedusing the GenePix 4000A scanner(Axoninstruments 1995-2004)and
the imageswere quanti ed using GenePix .
The data was rst normalized usingthe marrayToolspadagefrom Bioconductor (Gentleman

et al. 2003). The functions usedcan be cheded in the Supplemenary Materials. The nor-

malization of the Ttered data was computed using ArrayNorm (Pieler et al. 2004).
Correlation  of replicated measuremen ts

For this experiment only those genesregulated by Miglp and Mig2p were expected to
change. Hence,dye-swapnormalization and LOWESS are suitable to normalize the data
and they should both remove the bias in a similar manner. In fact, a comparison of both
normalization methods shaved a very similar list of di®ereriially expressedgeneswhen
using the fold change. Howewer, Figure 5 shavs how the acrossreplicates variation is
not the samefor the two compared methods. Consequetily, if more biological replicates

had been available and statistical methods such as t-test had been applied to the data,
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di®eren setsof di®erenially expressedgeneswould have beenfound.

Figure 5 shaws the hierarchical clustering of the replicates after both, dye-swapand
LOWESS normalization using the marrayTools padkage from Bioconductor. The corre-
lation between the biological and technical replicates was calculated using all the genes
without paying attention to the bad quality spots. In both "gures, mig1l¢, mig2¢ and
mig1¢ mig2¢ are the three compared mutants. BR stands for Biological Replicate (1,2)

whereasDS 1, 2 and 3 represen the three dye swap pairs.

(a) Hierarchical clustering of the replicates (b) Hierarchical clustering of the replicates
after LOWESS normalization including all after dye-swap normalization including all
spots. spots.

Figure 5: Hierarchical clustering of the replicates without Ttering the data. Both plots
show a similar result when looking at the correlation of the replicates without excluding
the °agged spots. In the caseof LOWESS, all slideswere independertly normalized and
the mean betweenthe technical replicates was calculated.

Becausefurther clustering analysis and detection of di®ererially expressedgeneswas
performed using only those geneswith a reliable measuremeny the data were also nor-
malized using ArrayNorm (Pieler et al. 2004) removing the genesthat were °agged. The
correlation betweenthe replicateswascomparedfor the Ttered data normalized using dye-
swapand LOWESS. The results shoved a better presenation of the biological meaning of

the data after dye-swapnormalization than after LOWESS normalization (seeFigure 6).
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(a) Hierarchical clustering of the replicates (b) Hierarchical clustering of the replicates
after LOWESS normalization for the Ttered after dye-swap normalization for the “Ttered
data. data.

Figure 6: Hierarchical clustering of the replicates. After dye-swapnormalization all repli-
cates cluster perfect with the exception of miglmig2BR1 and miglBR2DS2. Howewer,
after LOWESS normalization the biological and technical replicates do not correlate well.

5 Discussion

At presen, there is no consensusview regarding either the normalization method that
better correctsthe systematic bias introducedin microarray experiments or the meansto
validate a normalization algorithm. Data setsthat had beennormalized using standard
methods such as LOWESS have beenshawn to give di®eren results if normalized using
spike-in controls (van de Peppel et al. 2003). In general, it is ditcult to know a priori
which assumptionshold for every particular data set, becauseit is exactly the behavior
on the whole that is unknown to the researter when planning a microarray experimert.
Howewer, it is entirely reasonablethat a good normalization method should presene the
biological characteristics of the experiment. Robust normalization methods have often
givenrise to concernsin this respect (Tsodikov et al. 2002,van de Peppel et al. 2003).
The results from the self-selfhybridization pointed out seweral important facts: Firstly,
dye-swapnormalization calculated using formula (4) removesthe intensity dependert e®ect
as exciently as LOWESS. Secondly conditions 1 and 2 show a tail in the high intensity

range (after LOWESS normalization), which is probably due to saturation artefacts. This
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did not appear after dye-swapnormalization. Thirdly, for both the Ttered and the non-
‘Ttered data, the spot dispersion was smaller after dye-swap normalization than after
LOWESS.

The other two data setswere chosento test how well dye-swapnormalization presenes
the correlation amongtechnical and biological replicates. For the growth curve experiment
the results werede nitiv ein favor of the dye-swapnormalization. Howewer, the correlation
among replicates could be arti cially high becauseall three replicates were normalized
with the sameslide. For this reasonthe samecomparisonwas done for the microarray
experiment studying the Miglp Mig2p yeast transcriptional repressors. Although the
results for the non-Ttered data did not shov much variation between both methods,
technical and biological replicates were much better correlated after dye-swapthan after
applying LOWESS to the Ttered data. The necessiy for the Ttering of low intensity spots
is a sourceof much debate. In this experiment Ttering removed obvious low quality areas
and the percertage of poor spots in every slide is showvn in the Supplemenary Material.

Yet, both methods presert the sameimportant drawback: they can only be applied
to experiments for which most genesare expected to behave in the sameway in the two
compared samples. Howewer, dye-swapnormalization could be easily applied to experi-
mernts for which a priori information about the number of genesdi®erernially expressed
is available. For them, formula (4) should be:

My f h

1 1 i
log, r = E(Mii Mi(bi 5 nthpercfi:l;:::;ngg(Mi)i (100 n)thpercfi=l;:::;ngg(Mi() ;

|
where n perc indicates the percertage of genesexpectedto be changing betweenthe two

hybridized conditions.
6 Conclusions

Making useof three di®eren data sets, this paper illustrates the e®ectivenessof dye-swap
normalization. Dye-swap normalization removes systematic bias in the data accourting
for intensity dependert e®ectsand is a natural way to correct the data becauseead step
is justi ed on a biological basis. The results presert dye-swapnormalization as a valid
alternative to LOWESS with the advantage of its low computational cost. An apparent

disadvantage is the needfor an extra slide wherethe dyesare switched. Howewer, technical
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replicates must be provided in two-color microarray experimens, therefore a switch of the
dyesdoesnot necessarilyincreasethe cost of the experiment. Dobbin et al. (2003) propose
a more economicreversedye design.

Yet, the method as formulated by Kerr et al. (2000) is only valid under the premises
that most genesare equally expressedand that the loggedintensity values are normally
distributed. With exception of the length of the tails (which contain the di®ereriially
expressedgenes)the symmetry and uni-modality of microarray data is often assumed
as true. Having shawvn that dye-swapnormalization corrects the data appropriately, its
general application to experiments for which the proportion of genesexpected to change
it is known, is also simple and straight forward.

Nothing is concludedabout the necessiy of establishing standard criteria to "Tter out
poor quality spots. Howewver microarrays are a quantitativ e tool that provide numerical

information. The resulting measuremets should then be asreliable as possible.
App endix A: Di®erent prop erties of Cy3 and Cy5

The basicassumption made by Yang et al. (2001) in the dye-swapnormalization method,
is that ¢ ' cio. This appendix tries to explain under which conditions this is true, from
a theoretical view, without consideringrandom errors a®ectingthe quality of the labeling
or hybridization.

The two cyanine dyes di®er in seweral aspects. Some of them are intrinsical to the
dyes and independert on the sample or the sequencethe dyes are labelling. These are,
for example, the di®erert quantum vyield, di®eren quending properties or the di®ereri
photobleading properties of the dyes(Tseng et al. 2001). In consequencethey are neither
sample-nor gene-degndert, and they are not supposedto changesigni cativ ely from one
array to another, and neither within an array. Formulating this in a mathematically form,

we have that:
Quantum Yield : QY(dye,gene,sample)=QY(dy)
Quending : Qn(dye,gene,sample)=Qn(dy)

Photobeadiing : PH(dye,gene,sample)=PH(dye)
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However, there is another di®erencebetween Cy3 and Cy5 that is essetial in two-
color microarrays. Due to the di®eren size of their molecules,Cy3 and Cy5 incorporate
di®erently to particular sequencesHence,somegeneshave beenobsened to incorporate
onedye more exciently than the other (Dobbin et al. 2003). Kerr et al. (2000) introduced
in the ANOVA model proposedin a posterior publication (Kerr and Churchill 2001) the
dye £ genee®ect. Although not originally expected, experimental data showved seweral
examplesof the gene-degndert di®eren incorporation properties of the two cyanine dyes.

Again, we can formulate this as:
Incorporation : In(dy e,gene,sample)=In(dye,gene)

Using the same nomenclature as in Section 3, if the gain set to san both slides was
the same the intensity level of a particular genei measuredin the two channels can be
expressedas:
Ri = f(si) = QY(Cy5;i; s) ¢Qn(Cy5;i; s) ¢PH(Cy5;i; s) ¢In(Cy5;i; S) ¢s;
= QY(Cy5) ¢Qn(Cy5) ¢PH(Cy5) ¢In(Cy5;i) ¢s;
Gi = g(ri) = QY(Cy3;i; r) ¢Qn(Cy3;i; r) ¢PH(Cy3;i; r) ¢In(Cy3;i; r) ¢r;

= QY(Cy3) ¢Qn(Cy3) ¢PH(Cy3) ¢In(Cy3;i) ¢r;

The sameis true for R? and G2

RP= fqri) = QY(Cy5;i; r) ¢Qn(Cy5;i; r) ¢PH(Cy5;i; r) ¢In(Cy5;i; r) ¢r;

QY(Cy5) ¢Qn(Cy5) ¢PH(Cy5) ¢In(Cy5;i) ¢r;

G = g¥si) = QY(Cy3;i; s) ¢QNn(Cy3;i; s) ¢PH(Cy3;i; s) ¢In(Cy3;i; S) Cs;

QY(Cy3) ¢Qn(Cy3) ¢PH(Cy3) ¢In(Cy3:i) ¢s;

Equation (1) and (2) can be then expressedas:

M = log MR T o9 s ,QY(CY5) ¢Qn(Cy5) ¢PH(CYS) in(Cys:i) _ og M .
' 2 G 0 2 ri "QY(Cy3) ¢Qn(Cy3) ¢PH(Cy3) |n(cy3;i)ﬂ 2 0o
om0 RO oo " ,QY(Cy5) eQn(Cys) ePH(CYS) (In(Cysi)' | s
=1%o % 5 “QVv(Cy3) ¢Qn(Cy3) ¢PH(CY3) 'In(Cy3;i) ' °% T
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from which is clear that ¢ » c. Although the functions f (2), g(2) may not be linear
and more factors can be in°uencing the di®erencebetween Cy3 and Cy5, the example
proposedhere provesthe assumptionthat ¢ » c.

If any random error occurred or the PMT settings were not setto the samevalue the
di®erencen the mediansof the two slidesin the formula proposedby Kerr et al. (2000) (4)
would accourt for it and dye-swapnormalization would still work as probed all through
the text.
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