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We present in this study two novel normalization schemes for cDNA microarrays. They are based on iterative local re-
gression and optimization of model parameters by generalized cross-validation. Permutation tests assessing the effi-
ciency of normalization demonstrated that the proposed schemes have an improved ability to remove systematic errors
and to reduce variability in microarray data. The analysis also reveals that without parameter optimization local regres-
sion is frequently insufficient to remove systematic errors in microarray data.

Microarrays have been widely used for the study of gene ex-
pression in biological and medical research. They allow the
simultaneous measurement of the expression of thousands of
genes in cells. However, microarrays do not assess gene ex-
pression directly, but only indirectly by monitoring fluores-
cence intensities of labeled target cDNA hybridized to
probes on the arrays [1]. The first step in the analysis of mi-
croarray data is, therefore, the transformation of fluorescence
signals into quantities of gene expression. This includes sev-
eral data pre-processing procedures; e.g. excluding artifacts
and correcting for background intensities. The signals also
have to be adjusted for differences in dye labeling, fluores-
cence yields, scanning amplification and other systematic
variability in the measurement. Although this so-called

procedure is only an intermediate step in the
analysis, it has a considerable influence on the final results
[2]. Assessment of the efficiency of a chosen normalization
method should therefore be an integral part of every nor-
malization procedure.

Important and widely used microarray platforms are spotted
cDNA microarrays consisting of probes that spatially or-
dered on a rigid surface. Probes for cDNA arrays are gener-
ally PCR products derived from cDNA clone sets and are
spotted on the array using a set of pins [1]. To measure gene
expression by cDNA microarrays, RNA samples are reverse
transcribed to cDNA and labeled with fluorescent dyes. The
labeled target cDNA is then hybridized to the microarray
probes. To control variability due to variable spot size and
concentration of arrayed PCR product, cDNA microarrays
arrays are generally co-hybridized with two samples, one of
which serves as reference sample. The two samples for a
cDNA array are labeled by different dyes (e.g. Cy5, Cy3)
with distinct optical properties. Pairing the signal intensities
of both samples for each spot aims to eliminate the variabil-
ity of the spotting procedure. The calculated ratio of signal
intensities for each spot delivers a measure for fold changes
in gene expression. However, raw fluorescence ratios are
frequently misleading. The corresponding fold changes

might reflect experimental biases rather than changes in gene
expression.

A well-known experimental bias for cDNA arrays is the so-
called dye bias referring to the systematic error that origi-
nates from using two different dyes. Dye bias is most appar-
ent in self-self hybridization experiments where identical
samples are labeled by two different dyes and hybridized on
the same array. It could be expected that ratios of spot signal
intensities vary around one. However, intensity-dependent
deviations from such behavior have frequently been ob-
served [3,4]. These deviations can be related to a variety of
experimental factors such as differing labeling efficiencies,
fluorescence quantum yields, background intensities, scan-
ning sensitivity, signal amplification and total amount of
RNA in the samples [1,4,5]. Besides intensity-dependent dye
bias, other types of dye bias have been reported [5-8].

Normalization aims to correct for systematic errors in mi-
croarray data. A variety of normalization methods has been
proposed for two-color arrays. (For a recent review, see ref.
[9]). One of the first methods proposed to correct for dye
bias was global linear normalization which assumes that the
total fluorescence in both channels is equal [10]. Based on
this assumption, a normalization constant can be derived
and employed to adjust the fluorescence intensities of the
two channels. However, recent reports have shown that this
procedure is insufficient to correct for non-linear dependen-
cies of spot intensities and fluorescence ratios [4,6,11]. Sev-
eral normalization methods have been developed to over-
come this shortcoming of global normalization [6-8,11].
They commonly regress fluorescence ratios with respect to
spot intensities in a non-linear fashion. Some of these local
regression methods have been further extended to correct
for spot location-dependent dye bias [6,7].

Although non-linear normalization procedures have been
able to reduce systematic errors, an optimal adjustment of
these normalization models to the data has not been dis-
cussed. Current methods are based on default parameter
values and leave it to the researchers to adjust the normali-



zation parameters. Instructions on how to optimize parame-
ter settings is generally not given. Optimization of parame-
ters is, however, crucial for the normalization process. We
show in our study that systematic errors in cDNA microar-
ray data exhibit a large variability between and even within
experiments. This requires an adjustment of the model pa-
rameters to the data. A set of normalization parameters of
fixed value is frequently insufficient to correct experimental
biases.

In this study, we introduce two normalization schemes
based on iterative local regression and model selection. The
underlying relations between experimental variables and
gene expression changes were derived from an explicitly
formulated hybridization model. Both normalization
schemes aim to correct for intensity- and location-dependent
dye bias in cDNA microarray data. For model selection, we
applied generalized cross-validation (GCV) which has com-
putational advantages compared to standard cross-
validation. The efficiencies of correction for dye bias of dif-
ferent normalization schemes were compared using permu-
tation tests for two independently generated cDNA microar-
ray data sets. Several statistical measures were used to as-
sess the variability and reproducibility of results obtained by
different normalization methods. Finally, the normalized
fold changes of multiple genes were compared to externally
validated fold changes for a third microarray experiment.

Hybridization Model

A first step in the analysis of microarray data is the devel-
opment of a hybridization model relating intensity of fluo-
rescent signals to mRNA abundance. The model should de-
scribe the influence of experimental parameters on the data
variability and include error terms. Explicitly modeling the
relation between signal intensities and changes in gene ex-
pression can separate the measured error into systematic and
random errors. Systematic errors may be corrected in the
normalization procedure, whereas random errors cannot be
corrected, but have to be assessed by replicate experiments.
Removal of systematic errors is important, since they limit
the accuracy of the measurement, whereas random errors
limit its precision.

Our hybridization model applies to two-color arrays com-
monly consisting of a red (Cy5) and green (Cy3) fluores-
cence channel. The model relates the measured spot fluores-
cence intensity to changes in the labeled transcript abun-
dances in which we are interested. Its explicit derivation can
be found in the section. Specifically,
the model relates the ratios of spot signal intensities
(' : spot fluorescence intensity in red/green channel) with
the ratios of labeled transcript abundance ( : abun-
dance of transcript labeled by red/green dye). The relation
has the following form:

«(9) [1]

where is the log fluorescence intensity ratio (  log,

), is the logged ratio of transcript abundance
( log ) and represents the random error. The term
Kk is an additive factor that can depend on a set of experi-
mental variables 9 e.g. spot intensity and location. In our
model, x(4) can be seen as a term for systematic errors.

Using relation [1], we can derive  from  up to the ran-
dom error term  once we know () The factor (%) is

generally calibrated by exploiting the relation [1]. Depend-
ing on the assumptions about the experiment, we can pro-
ceed with different normalization methods.

Assuming is constant and the majority of assayed genes
are not differentially expressed, the ratios can be linearly
scaled to an average value of one. This leads to linear nor-
malization. If x depends on the fluorescence intensity, it
may be derived from the signal ratios assuming symmetry
of the logged fold changes and error term . The factor
K(S) can then be calculated by a local regression of ~ with

respect to the fluorescence intensity. This procedure can be
performed using all or a selected subset of genes and is fre-
quently called intensity-dependent normalization. In the ex-
periments analyzed, we found that the measured spot inten-
sity ratios showed not only intensity-dependent, but also
spatial bias across the array. We introduce, therefore, two
normalization schemes that simultaneously correct for dye
bias due to intensity and spatial location.

Normalization schemes
Two normalization schemes were developed to determine
the normalization factor K(S) in the hybridization model

(relation [1]). They are based on iterative local regression
and incorporate optimization of model parameters. Local
regression is performed using LOCFIT which is based on
the same computational ideas as popular lowess method
[12,13]. However, it differs from lowess in that its imple-
mentation offers more flexibility to the user. For local fit-
ting, LOCFIT (as well as lowess) requires the user to choose
a smoothing parameter o that controls the neighborhood size

The parameter a specifies the fraction of points that are
included in the neighborhood and thus has a value between
0 and 1. Larger o values lead to smoother fits. Additionally,
the setting of scale parameters is necessary for a local re-
gression with two or more predictor variables. These pa-
rameters provide the scales of the predictor variables for the
fitting procedures. The parameter can be of arbitrary value.

For normalization by LOCFIT, therefore, model parameters
and have to be chosen. The choice of model parameters
for local regression is crucial for the efficiency and quality
of normalization. To optimize the model parameters, we use
a cross-validation procedure. Since conventional leave-one-
out cross-validation becomes computationally prohibitive
for this task, we used GCV which approximates the leave-
one-out method [14]. GCV is computationally less expen-
sive to perform, since it does not require multiple construc-
tions of regression models based on partial data, as standard
cross-validation does.
Both normalization schemes aim to correct for systematic
errors linked with spot intensity and location. The first pro-



cedure leaves the scale of log intensity ratios  unchanged,
whereas the second procedure includes an adjustment of the
scale of . The notation is as follows:

I — geometric mean of the fluorescent intensities of
both channels; ** - spot location on array in the X direction;
# - spot location on array in the Y direction, @ - smooth-
ing parameter for local regression of  with respect to §
o+ - smoothing parameter for local regression of  with
respect to spatial coordinates X and Y, 4 - scale parameter

allowing a different amount of smoothing in Y-direction
compared to smoothing in X-direction.

Optimized local intensity-dependent normalization (OLIN)

1. For a set of smoothing parameter ¢ , local regression
of  with respect to
regression models

2. The regression models are compared by GCV. The

is performed generating a set of

model with o resulting in the minimum GCV crite-

rion is chosen. The optimal fit o ! corresponds to

a normalization factor K( ) in equation [1].

3. o ! subtracted from  generating an intensity

normalized : « - a*()

4. For a set of smoothing parameter «., and a set of

scale parameter local regression of  with respect

to "" and # is performed.
5. The resulting models are compared by GCV. The opti-

mal fit S () corresponds to a normalization fac-
" H#

tor K(" ,#) in equation [1].

6. ot () is subtracted from  generating a spa-
“##
tially normalized : « - « «()
Ay g

7. Steps 1-6 are repeated, unless maximal number of itera-
tions N is reached. If the maximal number of iterations
isreached, is the normalized log intensity ratio.

Optimized scaled local intensity-dependent normalization

(OSLIN)

1. OLIN is performed.

2. For a set of smoothing parameter o and a set of scale
parameter _local regression of abs( ! with respect to
" and # is performed.

3. The resulting models of step 2 are compared by GCV.
The model with % and s* producing in the minimum

GCV criterion is chosen and an optimal fit ai‘ x pro-
duced.
is locally scaled by a‘i‘ o e 1Y

5. The global scale of ' is adjusted, so that total varia-
tion of remains constant:

"o "ok Var( )
var( ")

6. "' is the normalized log intensity ratio.

We applied our hybridization model and normalization
schemes to microarray data of two independent spotted
cDNA microarray experiments. In the first experiment, gene
expression in two colon cancer cell lines (SW480/SW620)
was compared. The SW480 cell line was derived from a
primary tumor, whereas the SW620 cell line was cultured
from a lymph node metastasis of the same patient. Sharing
the same genetic background, these cell lines serve as an
' model of cancer progression [15]. The comparison was
direct without using a reference sample. cDNA derived
from SW480 cells was labeled by Cy3; cDNA derived from
SW620 was labeled by Cy5. The SW480/620 experiment
consisted of four technical replicates. In the second experi-
ment ( (), gene expression in tissue samples from eight

( knock-out and eight control mice was studied. Cy5-
labelled cDNA from each tissue sample was co-hybridized
with a Cy3-labelled reference sample consisting of pooled
cDNA from the control mice. Hence, a total of 16 cDNA
microarrays comprise the ( experiment. Technical rep-
licates were missing. Further information and references re-
garding the experiments can be found in the

section.

The effects of the normalization schemes are illustrated here
for a chosen microarray (slide 3) of the SW480/620 experi-
ment. The first step of normalization is, however, the identi-
fication of systematic experimental variability in the data.

Identification of systematic errors: intensity- and
location-dependent dye bias

Visual inspection of different plot representations of the
data pointed to two major types of systematic errors: inten-
sity- and location-dependent dye bias. Although visual in-
spection lacks the stringency of statistical analysis, it pro-
vides an important first tool to detect artifacts in microarray
data.

[FIGURE 1]

Popular representations are plots of Cy5 ( ) versus Cy3 ( )
intensities on linear or log scale. To illustrate the effect of
the normalization procedures, however, the use of trans-
formed log intensities is preferable [4]. In so called MA-
plots the log ratio ! ! ) is plot-
ted against the mean log intensities !
Il Although MA-plots are basically only a 45° rota-
tion with a subsequent scaling, they reveal intensity-
dependent patterns more clearly than the original plot. MA-
plots also introduce a measure for the spot intensity |,
which was used in our normalization schemes. Figure la
presents the MA-plot for the raw data of slide 3. Clearly, it
shows a general non-linear dependence of log ratios  on
spot intensity . For low intensities, is biased towards
negative values, which is generally the case for arrays of the
SW480/620 experiment. This is contrasted by MA-plots of
the ( experiment, where log ratios are generally biased
towards positive values for low spot intensities (see figure 3
in additional material). The differing characteristics of this
dye bias may be caused by differences in labeling or scan-
ning protocol used in the two experiments. Additionally to
standard MA-plots, we found that it can be favorable to
smooth the MA-plot by calculating the average value of



within a moving window along the intensity scale. Such
MA- plots frequently display the dependence of  on

more clearly (see figure 2 in additional material). Besides
intensity-dependent bias, the MA-plot in figure 1 also re-
vealed saturation effects for spots of high intensity. Ratios
corresponding to spots with saturation in one or both chan-
nels should be treated with care, as a recovery of the unsatu-
rated intensities is generally not possible (see also hybridi-
zation model section in ). To avoid
this difficulty, saturation should be prevented by adjustment
of scanning parameters. Alternatively, a multiple scanning
procedure can be applied [16].

Less frequent than the I-I,-plots or MA-plots is the repre-
sentation of log ratios based on the corresponding spot loca-
tion. This type of plot, termed here ""# ( § offers, how-
ever, a valuable tool for assessing the quality of hybridiza-
tion as well as the subsequent normalization. MXY -plots
show the log ratios  with respect to the spot location on
the array. Positive  are represented as red squares, whereas
negative  are shown as green squares. The MXY-plot for
the raw data of slide 3 can be found in figure 1b. Large ar-
eas show a tendency towards positive  (e.g. lower left
side). For slides of both experiments, MXY -plots point to
the existence of spatial bias. Whereas spatial bias was vari-
able across different slides of the SW480/620 experiment, it
was more consistent for slides of the ( experiment (see
figures 4 and 5 additional material). Alternatively to MA-
plots, the average value  of neighboring spots can again be

for plotting. These MXY—plotS fre-

quently display spatial artifacts more clearly than MXY-
plots (see figure 2 additional material).

used instead of

In contrast to intensity-dependent dye bias, the origin of
spatial bias is less clear. Possible reasons for the observed
spatial bias might be spatial inhomogeneities of hybridiza-
tion, uneven slide surfaces or unbalanced scanning proce-
dures [1]. Schuchhardt . and Yang . suggested a ra-
tio bias linked to the use of different pins [5,6]. In this case,
a block-wise bias would be apparent, which we did not ob-
serve. In our experiment, the spatial dye bias seemed to be
continuous across arrays. Of course, one explanation for the
uneven spatial distribution is that it reflects actual biological
variability. For example, the lower left side of the array in
figure 1b could be enriched with spots corresponding to up-
regulated genes. This, however, seems to be unlikely as the
print-order of spots in the SW480/620 experiment did not
follow functional categories of genes. Even if genes are
grouped on the used microtiter plates based on their func-
tions, the spotting procedure applied for cDNA arrays leads
to an even distribution of those genes across the array.
Moreover, the spatial patterns of log ratios  differed be-
tween replicate arrays of the SW480/620 experiment. If they
were specific for the print layout of the probes, similar pat-
terns in all arrays would be expected. Other arguments also
point against a biological source of the observed intensity-
dependent and spatial dye bias for the experiments analyzed
here. First, log ratios close to zero can be expected for
empty control spots in the SW480/620 experiment. How-
ever, a large number of empty control spots with low fluo-

rescence signals due to non-specific hybridization had con-
sistently large negative log ratios. They would be falsely
detected as significant if no data normalization was applied
[17]. Second, only a small number of genes is expected to
be differentially expressed in the ( experiment [6].
Therefore, both MA- and MXY -plots should show log ratios
close to zero for the vast majority of spots.

Besides visual inspection, we employed permutation tests to
detect intensity-dependent and spatial dye bias. The tests
determined the significance of observing a median log ratio
"~ within a spot intensity or location neighborhood as in-
troduced in the section. The number

of neighborhoods with significant ~ for FDR = 0.01 can be
found in tables 1 and 2. For spot intensity neighborhoods, a
symmetrical window of 50 spots was chosen, whereas a 5x5
window was chosen as the spot location neighborhood. For
slide 3 of the SW480/620 experiment, testing the depend-
ency of log ratio  on spot intensity revealed that 1138
spot neighborhoods (or 27% of all neighborhoods) had a
significantly large positive or negative median log ratio.
Testing for location-dependent dye bias, 837 neighborhoods
(20%) were detected as significant.

A simple but popular method for normalizing cDNA mi-
croarray data is global linear normalization. However, linear
normalization leads only to a vertical shift along the M-axis
in the plots (see figure 1 in the additional material). Thus,
the intensity- and location-dependent bias remained appar-
ent. This was confirmed by the results of the permutation
tests: 988 spot intensity and 815 spot location neighbor-
hoods were detected as significant. This demonstrates that
linear normalization was insufficient to remove the observed
dye and spatial bias

Local intensity-dependent normalization
Inspection of the MA- and MXY-plots showed that the rela-
tions between log ratio  and spot intensity and between
log ratio  and spot location (*'$ #) are non-linear. In our
hybridization model, the normalization factor  should
therefore be a function of as well as ** and #:

] [2]

If we combine the logged fold change  and error term
to a random variable ) which is assumed to be symmetrical
distributed around zero, we get

) [3]

Since this relation is of the same form as equation [10], we
can apply a local regression model to capture the intensity
and location dependence of . The residuals of the regres-
sion provided the logged fold changes up to an error term
and were used for the MA- and MXY -plots. The assumption
that variable ) is symmetrically distributed has to taken with
caution, since it is based on two requirements: ) Most genes
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sive, are permutation tests detecting regions of significant
bias in microarray data. Although permutation tests have
frequently been used to assess the significance of differen-
tial gene expression, to our knowledge, their use to detect
artifacts in cDNA microarray data has not previously been
proposed. The analysis showed, however, that they can be a
valuable tool for identifying regions of dye bias.

Normalization aims to correct for experimental bias. A
popular class of normalization methods is based on local
regression, since they are flexible and straightforward to
use. They have become the method of choice for many re-
searchers and have been implemented in numerous freely
available or commercial microarray data-analysis systems
e.g. Bioconductor [21], MIDAS [22], SNOMAD [23] and
GeneTraffic [24]. Other methods, such as ANOVA models,
often require statistical expertise in their interpretation and
construction [25,26]. One unresolved challenge in using lo-
cal regression methods has been, however, the choice of re-
gression parameters. This has generally been left to the user
with only default values given. For example, a variety of
smoothing parameters o have been suggested without fur-
ther evaluation of their effects on normalization e.g. 0.4 by
Yang [6], 0.5 by Kepler .[11], 0.5/0.7 by Colan-
tuoni .[7], 0.7 by Yuen [27]. As our analysis, how-
ever, demonstrates, the use of such default parameters can
severely compromise the efficiency of normalization.

To improve quality of normalization, we developed two
schemes incorporating iterative local regression and model
selection. We based our normalization schemes on an ex-
plicitly formulated hybridization model linking the amount
of labeled RNA to the observed fluorescence intensities.
The basic goal is modeling the relation between response
variable and a set of predictor variables. In our case, the re-
sponse variable is the log fluorescence intensity ratio  and
the predictor variables are spot intensity and spot location
("'$#). To determine the influence of experimental variables
on the measurement results, we use an iterative procedure
alternating between local regression of  with respect to
and local regression of  with respect to ** and #. The itera-
tive scheme ensures self-consistency of the step-wise re-
gression procedure. Residuals of the local regression were
interpreted as corrected fold changes. This allows a separa-
tion of the systematic errors due to intensity and spatial ef-
fects from biological changes in expression. To increase the
accuracy of the normalization model, we optimized the
model parameters. GCV was applied for parameter optimi-
zation since it is computationally of advantage for large data
sets compared with standard cross-validation. The regres-
sion parameters selected by GCV varied between slides and
experiments analyzed, reflecting the variability of system-
atic dye bias and manifests the necessity of model selection
for each array individually. Visual inspection of spatial dis-
tribution of absolute log ratio  suggested an uneven vari-
ability of across slides. Since the span of log ratios
seemed to vary continuously across the array, a correction
by locally optimized scaling was performed. This procedure
yielded an even variability of  across the spatial dimension
of the array after local normalization and scaling.

An important criterion for the quality of normalization is its
efficiency in removing systematic errors. However, the as-
sessment of normalization efficiencies has been neglected so
far in previous studies. Using the methods which we devel-
oped for error identification, we compared the efficiency of
several normalization schemes for two independently gener-
ated cDNA microarray data sets. Statistical efficiency test-
ing was based on permutation tests detecting spot neighbor-
hoods affected by experimental bias. These tests allow a
stringent identification of regions of significant bias in mi-
croarray data. We believe that this feature is especially
valuable for the important assessment of data quality, since
it facilitates rapid detection of artifacts and may help to im-
prove the experimental procedures. Fold changes should be
treated with care if the corresponding spots have signifi-
cantly biased neighborhoods even after normalization. As an
alternative to permutation tests, we also applied correlation
analysis for comparison of normalization efficiencies. Cor-
relation analysis is less computationally expensive and
agrees well with the results of the permutation test, but can-
not deliver localization of experimental bias in the data.

Besides the schemes presented, we tested several other
variations of iterative local regression with parameter op-
timizations. Alternatively to the proposed normalization by
OLIN, we conducted local regression of log ratios M with
respect to spot intensity A and spot location (X,Y) simulta-
neously. The computational costs of parameter optimization
increased considerably, as cross-validation has to be applied
to a three-dimensional parameter space. The results of this
procedure yielded, however, no improvement in efficiency
and were frequently less stable. Reversing the order of in-
tensity-dependent and spatial normalization in the OLIN
procedure also yielded a decreased performance of normali-
zation. Moreover, if the fold changes are asymmetrically
distributed or a high background noise exists, the use of a
more robust local regression procedure might be favorable.
A robust version of LOCFIT is implemented by iterative
fitting of the data with successive down-weighting of out-
liers in the regression [13]. The application of robust
LOCFIT to the data sets examined showed, however, only
minimal difference in outcome compared with the results of
the original algorithm.

We restricted our normalization approaches to correction for
spot intensity- and location-dependent dye bias. However,
the principle components of our schemes, iterative regres-
sion and model selection, can be applied to the correction
for other types of bias in cDNA microarray, such as those
linked to differing microtiter plates, print-runs, scanner set-
tings etc. Besides a better performance, such extended nor-
malization systems may give researchers new insights about
the sources of variability in cDNA microarray data and may
support the optimization of experimental protocols.

Although several other studies have recently introduced
normalization by local regression, none has addressed the
selection of model parameters. Based on two independently
generated microarray data sets, the major conclusions of our
study are following:



First, our analysis shows that parameter selection is crucial
for the efficiency of normalization and that the use of de-
fault parameters can severely compromise the quality of
normalized data. This finding is important, as normalization
by local regression has become the method of choice for
many researchers and has been implemented in numerous
software packages for microarray data analysis. The final
choice of regression parameters, however, remains with the
users. Accepting the default parameters of the software
without further evaluation can easily lead to insufficient
normalization interfering with the subsequent data analysis.

Second, extensive comparison of normalization efficiencies
showed that schemes based on parameter optimization can
considerably reduce systematic errors in microarray data.
Using these schemes, researchers can avoid insufficient
normalization of microarray data and improve the overall
consistency of measured gene expression between replicated
arrays These schemes can also yield an improved correla-
tion of microarray measurements with actual biological
changes in expression and, thus, support the validity of re-
sults derived in follow-up gene expression analysis.

Third, generalized cross-validation was successfully em-
ployed for model selection. To our knowledge, this proce-
dure has not been applied in the field of microarray data
analysis so far. However, we found that it is of considerable
computational advantage compared to the popular standard
cross-validation and it may be favorable for a wide range of
tasks in the analysis of high-throughput data.

Fourth, we developed methods for stringent detection of
systematic errors. Independently of the normalization
schemes proposed, these new methods can rapidly identify
artifacts and experimental variability obscuring biological
changes of interest. They may also assist in the optimization
of experimental protocols and will be useful for researchers,
especially if they are new to the field of microarrays. It
should be noted that GCV is only one of many methods pro-
posed for smoothing parameter selection (see

). The careful comparison of these methods is
therefore an important task for future study.

Finally, the core methods and procedures introduced in this
study are not restricted to cDNA microarrays, but can be
applied to other array platforms as well. We believe there-
fore that they will be helpful to many researchers using ar-
ray technologies.

Hybridization model

To relate fluorescence signals to changes in gene expres-
sion, we introduce a hybridization model on which we base
our normalization methods. Explicitly modeling the relation
between signal intensities and changes in gene expression
can separate the measured error into systematic and random
errors. The model is especially developed for two-color ar-
rays consisting commonly of a red (Cy5) and a green (Cy3)
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fluorescence channel. The basic model might, however, be
generalized to other types of microarrays. The fundamental
variables in our hybridization model are the fluorescence
intensities of spots in the red ( ) and the green channel ().

These intensities are functions of the abundance of labeled
transcripts ().

Thus, we have

' $91 4]

with functions +  relating the abundance of the transcripts

to the measured intensities and a set of parameters 9 in the
experiment. Note that the functions + and + might be dif-

ferent.
Under ideal circumstances, this relation of and is linear
up to an additional experimental error :
, 9! [5]
where , is a normalization factor and a function of experi-

mental parameters ¢ such as the laser power or amplifica-
tion of the scanned signal.

Generally, this simple relation does not hold for microarrays
because of effects such as intensity background and satura-

tion. Including an additive background & leads to

7 &

The normalization factor ,- now depends on transcript
abundance . We can obtain the original relation [5] sub-
tracting the background intensity g SO that the background

corrected intensity 8 is derived by

8. g 8 g - [6]

This step is included in most normalization procedures
where the background intensity is estimated by the local
background fluorescence surrounding the spot. Frequently,
saturation also affects the relation between intensity and
abundance of labeled transcript. A possible model for these
effects is

— 2] +e= 7] =,|

.y +. (,y+./)

+¢& [7]

where ,,,, and . are constants. Although the right-hand
side of the equation [7] has the same form as equation [6],
the normalization factor ,- is not constant, but varies with
the transcript abundance . Since the saturation is generally
of unknown form, the recovery of the original relation be-
tween and might not be possible.



In a two-color experiment, ratios of fluorescence intensities
are generally used to represent fold changes of gene expres-
sion. This procedure has the advantage of controlling for
several variations that are inherent to spotted arrays such as
size and morphology of the spots and variable amount of
spotted DNA. Therefore, fold changes (or ratios) of gene
expressions are the major quantities derived in two-color
experiments. To relate the ratios for labeled transcript abun-
dances (/) to the ratios of signal intensities by ( ),

we propose following hybridization model:

(L) 1
s L9 1 (9

+&

0 —-= [8]

+¢&

which is based on the equations [4]-[7]. The normalization
factors 1 (%) are functions dependent on a set of experi-

mental parameters $. This gives the relation between the
measured quantities ( ) and the unknown quantities (

) in which we are interested. Equation [8] can be -

transformed to facilitate the computational evaluation. This
leads to

log>(0)

logry(1 (&) +¢ ) logy(l (&) +¢ )

To simplify this equation, we use the Taylor expansion

(),

+2 13+2!

1
21n(2)

2 13 2! 4

We can thus approximate the above equation [6] by

1
= |:10g2(1 (19) )+m€ i|

1
—{(logzcl @ T e m)e}

~ [logz(l () —log, (1 (19))]
+[10g2( )—log, ( )]

+|: ! E — ! & :|
1(® @) 19 InQ)

~ k(%) + + &

with x(9) as additive normalization factor, as logged fold

changes and & as the random error.
This results in the final relation:

913 [9]
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Local Regression

For the two schemes proposed in this study$ a local regres-
sion method is used. Generally, regression methods aim to
model the relation between a response variable # and a set
of predictor variables X. Regression models can be ex-
pressed as

# 5x!  [10]

with a function 5 of a chosen class and an error term . A

standard procedure is the use of global regression methods.
They, however, assume that the chosen global model holds
over the whole range of X. A more flexible fitting approach
is offered by local regression using polynomial functions,
which are fitted at X based on data points in a neighborhood
of chosen size . The popular lowess method belongs to this
type of local regression [12]. For our normalization
schemes, we use local regression as performed by the
LOCFIT method, since it is computationally more flexible.
The main points of LOCFIT are outlined below. LOCFIT is
described in further detail by C. Loader [13].

LOCFIT Algorithm6

7" 8 ( 6 LOCFIT does not perform local regres-
sion at every point of the data set, but only at the vertex
points z of a grid which spans the whole range of variable
values of X.

9. ( + 6 Quadratic polynomials are locally fit-
ted at the vertex points z. In a one-dimensional regression,
for example, this leads to the approximation of u by

0~ 2 ) @)
The neighboring points 2 are weighted according to the
tricube weight function

3
2 — 2

with (x) as the bandwidth which defines the size of the
smoothing window. The bandwidth (x) is the minimal
neighborhood size which includes the fraction a of the total
number of points. By choosing o, the user of LOCFIT can
determine the smoothness of the fit.

8 ° : If the local regression is based on
multiple predictor variables 2°, multivariate local polynomi-
als are used for fitting. The independent predictor variable 2
are adjusted by a scaling factor

are deter-

6 The polynomial coefficients
mined by a local likelihood model. The response variable #

is assumed to follow a chosen distribution function. The de-
fault distribution in LOCFIT is Gaussian. This leads to a lo-
cal likelihood criterion that is equivalent to the local least
square criterion.
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The same testing procedure was applied to test the depend-
ence of log ratios  on spot location (*'$ #). The null hy-
pothesis states random spotting i.e. the independence of log
ratio  and spot location. The neighborhood of a spot is de-
fined here by a two dimensional window of chosen size. The
empirical distribution of =~ was based on 100 random
permutations of the spot locations on the array. The signifi-
cance of ~ was assessed using the FDR as above. In the
same manner, the dependence of the absolute value of log
ratio  and spot location can be tested.

Microarray data
The normalization models were applied to cDNA microar-
ray data generated in two independent experiments.

72( 6B*CD B*E B>*! 2(

Gene expression in two cancer cell lines, SW480 and
SW620, is compared. The SW480 cell line was derived
from a colon tumor of a 50-year old male patient. The sec-
ond cell line (SW620) originated from a lymph node metas-
tasis of the same patient. Target cDNA from SW480 was
labeled with Cy3 whereas cDNA from SW620 was labeled
with Cy5 using the amino-allyl labeling method. Both
cDNA pools were co-hybridized on glass slides with 8448
spots. The spots consisted of 3986 distinct sequence-verified
human cDNA clones (Research Genetics, release GF211)
printed in duplicates, 84 spots from non-human cDNA
clones and a further 154 control spots. Spots were printed
by 4x4 pins. The experiment consisted of four replicated
arrays derived from separate labeling reactions. The slides
were scanned using a Scanarray 5000 system. Local back-
ground spot intensities were extracted by QuantArray soft-
ware (version2.1). Preliminary analysis showed that repli-
cated spots were highly correlated (average Pearson correla-
tion: 0.94). Since this may interfere with the efficiency test-
ing performed in this study, we excluded replicated spots to
ensure the independence of spot intensities. Since all spots
were printed in duplicates, only half of the spots (4224)
were included in the analysis. However, all normalization
methods and statistical tests were also applied to the ex-
cluded spots yielding very similar results (data not shown).
Experimental details and further analysis can be found in
=8 .1 [17].

72( 6 C (( C '
This experiment consists of cDNA microarray data from
eight ( knock-out mice and eight control mice. Target
cDNA from each of the 16 mice was indirectly labeled with
CyS5 and was co-hybridized with a reference sample on glass
slides. The reference sample was prepared by pooling
cDNA from the eight control mice and was labeled with
Cy3. Each of the 16 microarrays contained 6384 cDNA
probes. Spots were assayed by 4x4 pins. For imaging of
slides, an Axon GenePix scanner was used. Fluorescence
intensities of spots were extracted using the software pack-
age Spot. Further details can be found in ? F [35].
The microarray data are publicly available and were
downloaded from http://www.stat.berkley.edu/users/terry/
zarray/Html/. This data set was previously used by Yang
to present several normalization methods based on local
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regression by lowess [6].

72( =& & 2(

To study growth control and cell cycle progression, Iyer and
coworkers measured the temporal response of fibroblasts to
fetal serum bovine serum using cDNA microarrays [20].
Cultured fibroblasts were first induced to enter a quiescent
state (Gop) by serum deprivation. Subsequent addition of se-
rum evoked fibroblasts to re-enter the cell cycle and to pro-
liferate. To measure gene expression, Iyer and colleagues
used cDNA microarrays representing 8613 human genes.
After serum stimulation, cells were sampled at 12 different
time points ranging form 15 min to 24 hours. The extracted
mRNA was reverse transcripted and labeled with Cy5. All
these samples were then separately co-hybridized with Cy3-
labelled reference cDNA derived from cells in the quiescent
state. A major finding of this experiment was that many
transcriptional changes observed were related to wound
healing. To validate the microarray measurements, the tran-
scipt levels of five genes (IL-8, COX2, Mast, B4-2 and ac-
tin) were measured for the different time points using
TagMan 5’ nuclease fluorigenic quantitative polymerase
chain reaction. Comparing the logged fold changes based by
PCR with those based on microarrays, Ivyer and coworkers
found that these methods gave generally similar results.
However, they also noted some exceptions from this overall
similarity (see figure 3 and note 10 of reference [20]). The
data of the fibroblast experiment is publicly accessible at
http://genome-stanford.edu/serum.

( - C((C
FDR - False discovery rate
GCYV - Generalized cross-validation
OLIN - Optimized local intensity-dependent normalization
OSLIN - Optimized scaled local intensity-dependent nor-
malization
P-lowess - Within print-tip group normalization by lowess
(Q)PCR- (Quantative) polymerase chain reaction”
S-lowess — Scaled within print-tip group normalization by
lowess

The normalization schemes presented in this study are im-
plemented in the statistical language R using the LOCFIT
and Bioconductor add-on packages [21,36]. The implemen-
tation as Bioconductor R-package is currently under devel-
opment and will be freely available from the Bioconductor
project [21]. A graphical user interface for convenient appli-
cation will be incorporated. M.F. was supported by a PhD
scholarship from the University of Otago. Finally, we would
like to thank Bronwyn Carlisle for proof-reading and the
referees for their critical and constructive comments.
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Figure 1: Intensity and spatial distribution of raw log intensity ratios  of slide 3 of the SW 480/620 experiment: a) The MA-
plot indicates a strong bias towards the Cy3 channel for low spot intensities b) The spatial MXY-plot shows uneven distribu-
tion of positive  (red squares) and negative  (green squares). The columns with consistently negative  correspond to
empty control spots. The axis labels X and Y refer to the spot location as determined by the Quantarray scanning software.
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Figure 2: Intensity and spatial distribution of log ratios for local intensity-dependent normalization (LIN) with default model
parameters. a) The residuals of the local regression are well balanced around zero in MA-plot. b) Patterns of spatial bias are still
apparent in the MXY-plot, while the lines of negative  corresponding to empty spots disappeared due to the intensity-
dependent normalization.
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Figure 3: Intensity and spatial distribution of log ratios for optimized local intensity-dependent normalization: Both plots indi-
cate no apparent bias for log ratio ~ with respect to the intensity  or the spot location (**,#). Note, however, that the MXY-plot
shows areas of differing lightness corresponding to areas of differing variability of . Regions with large abs( ) appear, there-
fore, lighter than regions with small abs( ). For example, the variance of M seems to be larger around spot location
(X=2500,Y=16000) than round the location (X=7000,Y=3000).
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Figure 7: Significance of spatial bias for slide 1 of the apo Al experiment: Spots were represented by red or green squares if

their neighborhood had a significant positive or negative median
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Figure 8: Histogram of Pearson correlation between logged qPCR- and microarray-based fold changes of COX2 for the fibro-

blast microarray experiment by Iyer and colleagues [20].
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) 9 > A F |B 9, 39, JB9 ,
F
SW 1 596 580 2 5 7 39 12 0
SW 2 1090 1080 0 0 0 52 0 0
SW 3 1138 988 0 0 0 0 0 0
SW 4 745 655 0 9 4 0 12 0
Apo 1 1748 1810 8 0 0 26 0 0
Apo 2 2739 2683 16 17 26 24 0 0
Apo 3 3479 3559 52 30 15 0 1 0
Apo 4 2122 2184 1 17 2 0 0 11
Apo 5 3885 3836 100 13 11 94 0 0
Apo 6 3540 3555 0 0 0 114 0 0
Apo 7 3725 3724 0 0 7 0 0 0
Apo 8 3253 3296 66 0 0 507 0 0
Apo 9 1040 1044 114 0 0 455 0 0
Apo 10 1554 1575 0 0 0 45 0 0
Apo 11 2903 2889 5 34 35 2 0 0
Apo 12 3536 3543 14 0 0 47 0 0
Apo 13 2819 2901 132 12 3 354 4 0
Apo 14 2291 2342 313 0 12 484 64 4
Apo 15 3050 3034 95 36 0 164 0 0
Apo 16 1338 1374 159 0 12 918 0 0

Table 1: Number of significant spot neighborhoods on the intensity scale for arrays of the experiments analyzed: Spot
neighborhoods are found significant, if the median log ratios M has larger positive and negative value than expected from ran-
dom order of spots along the intensity scale. The level of significance was defined by FDR=0.01. The spot neighborhood was
defined by a symmetrical window of 50 spots.

, 9 > & A F B F 9, Jo, JB9 ,
» F
SW 1 1500 1483 1625 214 220 106 0 0
SW 2 808 831 1068 218 113 67 0 0
SW3 874 815 723 126 96 78 1 0
SW 4 741 757 846 76 43 49 0 0
Apo 1 1173 1196 1276 913 491 755 100 1
Apo 2 521 518 801 176 74 221 3 0
Apo 3 562 576 706 334 79 258 0 0
Apo 4 770 771 1058 177 14 176 2 0
Apo 5 670 648 844 357 222 381 5 0
Apo 6 432 432 1003 129 106 296 10 0
Apo 7 516 526 1258 186 88 194 17 0
Apo 8 850 833 1202 684 342 458 61 9
Apo 9 1596 1621 1780 1105 644 798 21 5
Apo 10 707 711 896 261 108 279 3 0
Apo 11 504 484 1306 166 87 258 11 0
Apo 12 1313 1323 1144 425 288 370 12 17
Apo 13 1357 1368 1155 653 394 568 41 0
Apo 14 862 1005 987 273 108 272 82 0
Apo 15 733 743 1004 588 241 502 97 0
Apo 16 942 985 1347 786 333 470 47 0

Table 2: Number of significant spot neighborhoods across the spatial layout of the arrays analyzed. The level of significance
was defined by FDR=0.01. The spot neighborhood was defined by a window of 5x5 spots.
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