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Abstract The analysis of two-colour cDNA microarray
data usually involves subtracting background values from
foreground values prior to normalization and further analy-
sis. This approach has the advantage of reducing bias and the
disadvantage of blowing up the variance of lower abundant
spots. Whenever background subtraction is considered, it
implicitly assumes locally constant background values. In
practice, this assumption is often not met, which casts doubts
on the usefulness of simple background subtraction. In order
to improve background correction, we propose local back-
ground smoothing within the pre-processing pipeline of
cDNA microarray data prior to background correction. For
this purpose, we employ a geostatistical framework with
ordinary kriging using both isotropic and anisotropic models
of spatial correlation and 2-D locally weighted regression.
We show that application of local background smoothing
prior to background correction is beneficial in comparison to
using raw background estimates. This is done using data of a
self-versus-self experiment in Arabidopsis where subsets of
differentially expressed genes were simulated. Using locally
smoothed background values in conjunction with existing
background correction methods increases the power,
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increases the accuracy and decreases the number of false
positive results.

Introduction

The cDNA microarray technology has been widely used
throughout all fields of scientific research that make use of
gene expression data, including projects aimed at unrav-
elling the causes of heterosis and studying heterosis itself
(Keller et al. 2005; Uzarowska et al. 2007, 2009; Hocker
et al. 2008; Paschold et al. 2009; Frisch et al. 2009,
Thiemann et al. 2009, Jahnke et al. 2009). Two-colour
cDNA microarrays quantify the response of thousands of
genes to a specific stimulus at once. Such stimuli could be
treatments with specific reagents, different developmental
stages, different genotypes, different tissues of the same
organism and so on. In general, the experimenter expects
differences in expression of a subset of genes due to the
different stimuli. On each two-colour cDNA microarray,
two mRNA-probes are competitively hybridized after they
have been reverse-transcribed into cDNA and marked with
two different fluorophores such as Cy-3 (green) and Cy-5
(red). They are expected to bind to their complementary
sequences which are immobilized onto the surface of the
chip at specific known positions. This allows quantifying
the amount of fluorescence emitted when a laser excites
these fluorophores. A scanner captures these fluorescence
signals, which are subsequently transformed into real
numbers (Mary-Huard et al. 2004; Schena 2003).

Several sources of (non-biological) variation have been
identified, which directly influence gene expression mea-
surements. For example, Schuchhardt et al. (2000) identi-
fied the following sources of non-biological variation:
mRNA-preparation, reverse transcription, labelling of the
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cDNAs, PCR-amplification, systematic variation due to
different groups of pin-tips, hybridization efficiency, slide
inhomogeneities, non-specific hybridization, non-specific
background and image analysis. Different methods have
been proposed, which all aim at adjusting for effects that
arise from non-biological sources rather than from bio-
logically caused differences (Fujita et al. 2006; Haldermans
et al. 2007; Huber et al. 2002; Irizarry et al. 2003; Piepho
et al. 2006; Smyth and Speed 2003; Yang et al. 2002).

Besides estimates of the spot intensities, microarray
scanning software provides estimates of background (BG)
fluorescence. Local BG fluorescence emerges from labelled
cDNA, which binds to the glass surface and is usually
assumed to contribute additively to the foreground spot
intensity (FG). This BG is estimated from the area or specific
parts of the area surrounding a spot. There is no standard
procedure or definition how BG should be estimated and
different methods coexist. Yin et al. (2005) review different
BG estimation procedures and propose their own method.

Prior to normalizing, the data are often corrected for BG
fluorescence. Although it is not clear whether one should
perform this step or not, background subtraction (BS) has
become the “standard” procedure (Kooperberg et al. 2002),
and some authors recommend to avoid BS completely (Yang
et al. 2001; Tran et al. 2002). BS is known to increase the
variance of expression ratios (Scharpf et al. 2006; Kooperberg
et al. 2002). Scharpf et al. (2006) pointed out that BS reduces
bias but increases variance in the estimates of expression
ratios. They used data simulation to study this bias-variance
trade-off and developed recommendations to decide whether
to perform BS or not. Kooperberg et al. (2002) proposed a
Bayesian approach to BG correction, which reduces the var-
iance of low-intensity ratios while leaving intensities for
higher ratios nearly unchanged. Yuan and Irizarry (2006)
propose a method that requires technical replication on the
array. Ritchie et al. (2007) compare several BG correction
methods for two-colour microarrays and recommend a nor-
mal plus exponential convolution model with offset.

Several groups reported spatially systematic artefacts
(Colantuoni et al. 2002; Arteaga-Salas et al. 2008; Mary-
Huard et al. 2004; Neuvial et al. 2006). Colantuoni et al.
(2002) observed a spatially dependent accumulation of
significant log-ratios although they expected a completely
random distribution. They proposed their local mean nor-
malization, which consists of fitting a two-dimensional,
locally weighted regression (LOWESS) of signal intensi-
ties without BG correction for an experimental dataset and
the control dataset. Normalization is done by dividing
signal intensities of both datasets by the locally estimated
mean response. Mary-Huard et al. (2004) describe a so-
called spotting effect, which is believed to be caused by
printing procedures. They make use of the semivariogram,
a geostatistical tool that estimates spatial correlation, in
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order to analyse spatial dissimilarities. Arteaga-Salas et al.
(2008) report spatial flaws in oligonucleotide microarrays.
They compare the vicinity of a spot and search for spatially
clustered values that are extreme compared to a reference
or replicated data. Neuvial et al. (2006) report two types of
spatial effects which are not accounted for by other nor-
malization procedures. They identified spatial gradients of
centred log-ratios influencing the entire microarray and
local spatial bias, which cannot be explained by the
microarray spotting design. They suggested a spatial nor-
malization method combining spatial segmentation and
spatial trend estimation that accounts for spatial gradients
via two-dimensional LOWESS regression. Although their
method was originally designed for array comparative
genomic hybridization (array-CGH) data (Beatty et al.
2009), it can be applied to any microarray experiment.

In our collaborative work in a research network on
heterosis in plants (https://www.uni-hohenheim.de/plant
breeding/350a/dfg/indexd.html), we also observed spatial
correlation of the BG intensities. Figure 1 depicts two
heatmaps of log-transformed BG intensity estimates of two
different cDNA microarrays. The spatial structure extends
over a larger area than one would expect for this kind of
data. An implicit assumption of BG correction methods is
that BG values of cDNA microarrays are locally constant
(Kooperberg et al. 2002). We adopt this assumption and
investigate whether geostatistical smoothing methods or
2-D locally weighted regression (LOWESS) can improve
estimation of BG values, and therefore, BG correction
(Cleveland et al. 1988, 1991). We combine these methods
with existing BG correction methods which avoid negative
corrected signals (Ritchie et al. 2007). Such methods are
beneficial because negative signals cannot be used in fur-
ther analysis whenever log-transformation of BG corrected
signals is considered. Log-transformation of negative val-
ues is undefined, which would lead to loss of information.

To account for local differences and for computational
reasons, we apply our procedures for each block of a
microarray separately. Specifically, we consider three
approaches to BG smoothing. The first one is a complex
procedure which incorporates directional information.
Before applying this method, we first check whether there
is a sufficient amount of spatial correlation by performing
an approximate hypothesis test. In case this test is signifi-
cant, we use empirical semivariograms of BG values to fit a
theoretical model of spatial correlation, which is then used
to perform ordinary kriging (OK) to smooth BG values.
Second, we use this geostatistical approach for all blocks of
a microarray without testing the existence of spatial cor-
relation and do not incorporate directional information.
Third, we use 2-D LOWESS on BG values. With all
approaches, we obtain new smoothed BG estimates that
incorporate the information of nearby BG values. These
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Fig. 1 Two heatmaps of log-
transformed background (BG)
intensities showing spatial min
correlation of BG values. Some
blocks show clear spatial
patterns among BG values,
others do not. The data shown is

max min max

part of a larger dataset used to
uncover the molecular causes of
heterosis in maize (Keller et al.
2005; Piepho et al. 2006)

values are then used for BG correction. Subsequently, we
check if this methodology has an overall positive effect on
estimation of genotypic differences. For this purpose, we
use a self-versus-self (SVS) dataset where differentially
expressed genes were simulated.

In the next section, we introduce the general geostatis-
tical framework and introduce our three approaches. In
“Ordinary Kriging” we apply this algorithm to the SVS
dataset where we simulated subsets of differentially
expressed (DE) genes. To assess the performance in cases
where no or just a small fraction of genes is expected to
exhibit significant differences, we applied all approaches to
the original SVS dataset, i.e. without simulating DE genes.
The paper ends with a brief “Discussion”.

Materials and methods
Semivariograms
A semivariogram is a function which describes the degree

of spatial dependencies for a stochastic process or a ran-
dom field. For a stationary process, it is defined as:

o) = E{ (z(x) - ()} /2.

where Z(x;) denotes an observation from the process at
location x; = (x1;,x5)', measured in absolute Cartesian
coordinates or in row and column numbers in case of a
regular grid, and # is the distance between locations x; and
x;. The observed quantities are assumed to be the sum of a
deterministic trend m(x) and a Gaussian stationary random
process G(x), Z(x) = m(x) + G(x). Stationarity means the
independence of location, i.e., the random process G(x)
only depends on the separation distance. A simple conse-
quence is that Z(x) is stationary if and only if m(x) is
constant.

We use the robust semivariogram estimator, proposed
by Cressie and Hawkins (1980), defined as:

1/2\4
(—\N(hl,adﬂ ZN(h) |Z (x;) — Z(xj)| )
2[0.457 4 0.494 /N (h, dd)] ’

?Cressie—Hawkins (hv 5d) =

where N(h,d0d) = {(i,j) : |xi —x;| € [h — dd,h+ od[} 1is
the set of location pairs (x;, x;) separated by distance h
within a tolerance of +dd, where d specifies the lag
distance, which is the distance between two consecutive lag
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classes, with i € kd,k € 1, ..., Niag, Niag being the number
of lag classes. The lag tolerance dd is usually chosen to be
equal to half of the lag distance d.

There are three theoretical models of (k) considered
here, i.e., the exponential model with correlation function
p(h) = exp(—h/¢), the spherical model with p(h) =1 —
1.5(h/¢) +0.5(h/¢) if h<¢ (0 otherwise), and the
Gaussian model with p(h) = exp[—(h/¢)?]. In each of
these models, ¢ denotes the range parameter, which
determines the rate at which the correlation decays with
distance h. The semivariogram y(k) can be linked to its
correlation function via y(h) = 1> + ¢*{1 — p(h)}. The
intercept > corresponds to the nugget variance and has
much influence on prediction results. A larger value will
lead to a smoother predicted surface with a smaller fraction
of the original structure retained. The smaller this value,
the less smooth the predicted surface, and the more of the
original structure of the data is retained. The value o~
corresponds to the signal variance. The correlation function
p(h), which has extra parameters, determines the way
the asymptote 1> + o> of the semivariogram (sill) is
reached.

Often, the assumption that values are correlated in a way
that only depends on the separation distance of data loca-
tions (isotropy) does not reflect reality. Frequently, the
correlation also depends on direction. Specifically, there
may be a major axis of correlation, which is defined by the
correlation model with the largest range, i.e., pairs in this
direction are correlated over a larger distance than pairs
located in other directions. Models that take direction into
account are called anisotropic. In this paper, we restrict
attention to so-called geometric anisotropy as explained
next.

Anisotropy

If Nyngle directional semivariograms y;(h),i € 1, ..., Nangle
are to be computed, pairs are located within the area:

[0; — Gangle, 0i + Tangle [, With angle 0,

€ {j&,j € 0, . (Nangle — 1)},1 € 1, .. -aNangle-
Nangle

In case the angle tolerance value 0,401 iS chosen to be

equal to 180° /2Nang1e7 it is ensured that each pair can be

assigned to a specific direction. Thus, a directional semi-

variogram has a subscript to indicate the direction (angle) it

refers to.

Geometric anisotropy assumes the nugget variance 7> as
well as the signal variance o7 to be constant for each of the
Nangle semivariograms. The direction with the maximum
range parameter ¢... represents the main axis 6., of
anisotropy, the perpendicular angle is the minor axis 0,
with range ¢n;,. The ratio of both range parameters
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R = ¢max/Omin defines the shape of an ellipse of equal
correlation with the two axes representing lag/Euclidean
distances in two dimensions, which can be seen as the
geometrical interpretation of geometric anisotropy. Nangic
directional semivariograms allow to compute its parame-
ters in case Nygle mod 2 = 0. This type of anisotropy is
used here because of the simplicity and availability of
prediction methods in the statistical software we use
(Cressie 1993; Ribeiro and Diggle 2001).

Ordinary Kriging

Ordinary kriging (OK) estimates values at locations using
the data available at nearby locations. These estimates are
weighted linear combinations of the observed data. Kriging
estimates are unbiased in the sense that they have mean
residual error equal to zero. It also aims at minimizing the
variance of errors which, all combined, makes OK a best
linear unbiased estimator, BLUE according to Isaaks and
Srivastava (1989). This definition of OK complies with the
definition of the best linear unbiased predictions (BLUP) in
mixed model theory (Robinson 1991; Schabenberger and
Pierce 2002), which appears to be the more natural defi-
nition since there are no fixed effects estimated in OK
(apart from a general mean). OK assumes that observed
values z; = Z(x;) at locations x;,i € 1,...,N are the result
of a stationary random process G(x), i.e. expected values do
not depend on location. For a pair of values located apart
from each other, first order and second order probability
laws only depend on the separation, not on the location,
and, therefore, have the same expected value (mean)
regardless location, which corresponds to m(x) = const
within Z(x) = m(x) + G(x).

OK allows to estimate a value z, at location x, using the
information from nearby locations z; (i = 1,..., n):

n
f=) wia,
P

where optimal weights w; have to be estimated, which are
constrained to:

iwi =1.
i=1

The isotropic or anisotropic semivariograms represent
functions, which can be used to calculate covariances
needed to determine the weights w; for OK (Isaaks and
Srivastava 1989).

Usually, OK is used to estimate unsampled locations. In
our case, we only require smoothed estimates for an
observed regular grid of locations. To prevent OK from
honouring the data, i.e., OK estimates representing the data
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values, we slightly shift the grid used for prediction relative
to the observed grid. Thus, any OK estimate uses the
information of the original spot as well as all nearby spots
representing a weighted linear combination of these data
points depending on the correlation function that was fitted
to the empirical semivariogram ().

Global trend

Global or spatial trend is the simplest form of departure
from stationarity. Second-order stationarity holds, if the
expected value m of a random process, as well as the
covariance of two locations separated by distance h, are
independent of location. With global trend the mean
response m = m(x) will depend on location x, i.e.
m(x;) # m(x;),3(i,j) i #j;i,j€1,...,n

In practice, spatial trend is often modelled as polyno-
mial regression using powers and cross products of
Cartesian coordinates (Diggle and Ribeiro 2007). If this
kind of explanatory variables is used, such models are
called trend surface models. Of course, other kinds of
explanatory variables might be used to model the mean
function m(x) instead. Often, there are additional spatially
referenced quantities available besides the variable of pri-
mary interest. These values can be used for modelling the
mean response. We use only the spatial coordinates and do
not consider other covariables.

We considered only trend surface models for m(x) of
maximum degree two. We believe, that many types of
global trend can be explained with this type of trend sur-
face model, particularly when analysing expression data
block by block, where a block consists of about 400-500
spots only.

The trend models we consider are all well-formed
according to Nelder (2000). This means that all higher
order terms have to be accompanied by their marginal
terms. Thus, e.g., it is not reasonable to include x% if xp is
not included, where x; (x,) denotes the first (second) of the
two coordinates x; = (xy;, Xo;) with index i dropped for
simplicity.

We consider the following trend surface models:

2 2
L, x1, %2, X1 + X2, X0 + X5, X1 + X7, X1 + X2 + X1X2, X1 + X2
2 2 2
+ X1, X1 + X2 + X5, x1 + X2 + X1X2 + X7, X1 + X2 + X%

2 2 2 2 2
+ x5, X1 + X2 + X7 + X5, X1 + X2 + xX1x2 + X7 + X5

The first model represents the constant mean model, which
corresponds to second-order stationarity of the original
data set as defined previously.

Once a global trend model is chosen, all downstream
analyses are performed on the residuals of this fitted model,
i.e. all analyses are performed on values G(x;):

G(x;)) =Z(x;)) —m(x;),i €1,...,N.

This can be seen as transforming a non-stationary random
field to a stationary one, thus fulfilling the prerequisites of
OK. The procedure is also known as universal kriging.

Model selection and estimation

We select models based on F tests to compare nested
models, while BIC is used to compare non-nested models.
It would be ideal to fit all models by restricted maximum
likelihood (REML), because this would allow accounting
for spatial correlation at all stages of the analysis. Unfor-
tunately, we encountered frequent convergence problems
with REML, so this approach was not feasible for analys-
ing a large number of genes. Instead, we used a weighted
least squares approach, using the number of observations in
a lag class as weight.

At first, we check whether the data provide sufficient
information to fit a spatial model required to perform
OK. For this purpose we use the constant mean global
trend model. An approximate F test is performed com-
paring the best fitting theoretical model of spatial con-
tinuity to a pure nugget model (constant semivariance/
correlation i.e. y(h) = %, p(h) = k). We use an isotropic
model here because of its simplicity. After computing
the isotropic empirical semivariogram as described
above, the best fitting theoretical model (exponential,
spherical, Gaussian) is computed using non-linear
weighted least squares, i.e. each lag class is assigned a
weight equal to the number of observations. The best
theoretical model is the one that has the smallest residual
sum of squares:

N
RSS = Z [9i(hi) — “/F(hi)}zwi

i=1
where yp(h;) denotes the fitted semivariogram model,
i(i€l,...,N) indexes all lag classes, and w; are weights
representing the number of pairs within a lag class i.
In order to obtain reliable estimates of the semivariance,
we constrain lag classes to have at least 100 pairs.

Each theoretical model considered has three parameters
(nugget 7%, sill o7, range ¢), while the pure nugget model
has only one parameter (nugget t%). To compare the pure
nugget model to the best fitting theoretical model we use
the following F statistic:

(Rssnugget - RSSlheo)/(DFnugget - DFlheo)

F =
Rsstheo / DF, theo

with RSS; gge and RSSy,¢, the residual sum of squares of
the pure nugget model and the best fitting theoretical
model, respectively, and DF; g0t and DFy,e, the respective
residual degrees of freedom. If Ngy is the number of
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semivariances (lag classes) of the empirical semivario-
gram, we have DF e =Nsyv —1 and DFy, =
Ngsy — 3. The value F; is compared to a F(2;DFye,) dis-
tribution, and the P value is obtained, which we require to
be <0.001 to infer that there is enough information to
assume spatial dependence.

If this F test is significant, all trend surface models as
described in the previous section are fitted to the raw data.
The values of the Bayesian information criterion (BIC) for
each model are obtained, and the model with the smallest
BIC value is chosen as trend surface model. BIC-values
have the usual form and were computed as:

BIC = —2log(likelihood) + log(n)k,

where n is the number of residuals, and k is the number of
parameters in the model. Using maximum likelihood
estimates under the assumption of normally distributed
errors:

—21og(likelihood) = nlog(2r) + nlog(62) + n,

with 67 = RSS/n (McQuarrie and Tsai 1998). Again, the
use of BIC is based on the simplifying assumption of
independence and normality of empirical semivariance
estimates.

The final step is to select a spatial model. As mentioned
above, we consider three such models, namely the expo-
nential model, the spherical model, and the Gaussian
model. Furthermore, the decision has to be made whether
an isotropic model is preferable or an anisotropic model.
Each fit of a theoretical model to an isotropic or anisotropic
(directional) empirical semivariogram assumes the usage
of a trend surface model as described above.

We only consider geometrical anisotropy. Thus, two
parameters have equal values for all directions, namely
the nugget-variance > and the signal variance o,
whereas the range parameters ¢; (i € 1,. .., Nyge) might
change. Figure 2 depicts a directional semivariogram
computed for a single block of a cDNA two-colour
microarray.

A directional empirical semivariogram 7;(%) consists of
lag classes N;(h) of direction i (i € 1, .. ~,Nang1e)- Each lag
class comprises all pairs that are separated by distance / for
a direction/angle i. We require all lag classes of the
directional semivariogram to have at least 100 pairs for
each direction, lag classes with lower frequencies are
discarded.

At first we obtain the best fitting anisotropic model. For
this purpose, we fit all three anisotropic models of spatial
continuity numerically. There are 2 + Nynge parameters
that have to be estimated, ©* 0% ¢,..., ¢y, .. The
objective function to be minimized for all three theoretical
models y(hy;) is the residual sum of squares (RSS) accu-
mulated over all directions:
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Fig. 2 Plot of a multidirectional empirical semivariogram where
directional semivariograms (SVG) correspond to six different direc-
tions. All directional semivariograms show a similar form up to a
distance where they start to depart. Data are part of a larger data set
described in Piepho et al. (2006)

Nangle  N;
RSS =3 > [3ilhy) — vr(hy)] wy;

i=1 j=1
where y,(h;;) denotes the fitted semivariogram, i (i € 1,...,
Nangle) indexes a particular direction, j (j € 1,..., N;) indexes
all lag classes of a direction, which correspond to a specific
lag distance, and w;; are weights representing the number of
pairs within lag class j of one particular direction i. If these
weights are set equal to one, this results in OLS estimation
instead of weighted least squares estimation (WLS). The
anisotropic theoretical model with the smallest residual sum
of squares is chosen.

The best fitting anisotropic model is compared to the
corresponding isotropic model. We obtain the correlation
model (exponential, spherical, Gaussian) from the best
fitting anisotropic model, and fit it to the directional
empirical semivariogram using a single theoretical model
(isotropic model). Thus, at each lag distance there are
L,..., Nangie values possible. All lag classes with more than
one value provide replicated data.

Fitting the isotropic model to the directional semivari-
ogram is done using the same algorithm as for the aniso-
tropic case. Only the respective objective functions differ
slightly. Specifically, there is no subscript for the range
parameter ¢». We use an F statistic to decide whether to use
the isotropic or anisotropic model:

(RSSiso —RSS;niso ) / (DFiso —DFuiso )
RS Saniso /DFaniso .

F, =

The isotropic model has three parameters, namely nugget
variance 7%, signal variance ¢°, and range ¢. In contrast,
the anisotropic model has N, g — 1 additional parameters,
since there is a range parameter for each direction, hence
DFi, = Ny — 3 and DF,nio = Ngy — Nangie — 2, where
Nsv is the number of all semivariances of the directional
empirical semivariogram, and N,ng is the number of
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Fig. 3 Plot of the variances of semivariances of 6 directional
empirical semivariograms. Up to a distance of 220 distance units,
this function is almost constant. Variances start to increase slightly at
a distance of 220 distance units, and increase rapidly at a distance of
320 distance units. The same data as in Fig. 2 was used

directions/angles. Subsequently, F, is compared to an
F(Nangie — 1; DF,;50) distribution and the P value is
obtained. If the P value falls below a threshold value the
anisotropic model is chosen. In our investigation, threshold
P values of 107> (WLS) and 1073 (OLS) proved to produce
reasonable results, leading to decisions that coincided with
the visual inspection. As pointed out previously, the test is
approximate in that it is based on the assumption of inde-
pendence and normality of the empirical semivariogram
estimates.

An important point in using the F statistic as described
above is the choice of a cutpoint, i.e. a specific distance at
which the empirical semivariogram is cut, and all lag
classes of distances greater than the cutpoint distance are
discarded. As one can see in Fig. 2 (directional SVG),
semivariances of different directions lie close together for
smaller distances up to a point at which they start to scatter,
which is a characteristic feature of isotropic models. This
particular example depicts data for which an isotropic
model was chosen. If the whole range of distances would

1500000

Var{Semivariances)
1000000
|

500000
I

T T T T
100 200 300 400

Distance

Fig. 4 Plot of variances of semivariances (left panel) of six
directional empirical semivariograms (SVG, shown in the right
panel). In contrast to Fig. 3, variances are not constant for shorter

have been used, the F test would have been significant, thus
preferring an anisotropic model.

A useful tool in choosing this cut-off value is a plot of
the variances of semivariances, the rationale being that we
do not need to fit the model beyond a point where the sill
has been reached for all directions. An example, which
shows this type of plot referring to the data of Fig. 2, is
depicted in Fig. 3. At a distance of 220, variances of
semivariances (VSV) start to increase, whereas at distances
smaller than 220 they are approximately equal. At a dis-
tance of 320 this is even more obvious for this example.

For anisotropic models the multidirectional semivario-
gram as well as the VSV-plot do not look similar compared
to isotropic cases. An example is depicted in Fig. 4.

In the VSV-plot there is an initially increasing vari-
ance, which decreases after a local maximum to a local
minimum. In our experience this is a common feature of
anisotropic models fitted to cDNA microarray data, if one
would classify them as anisotropic by visually inspecting
the directional semivariogram. In our procedure this local
minimum is chosen to trim the multidirectional semi-
variogram. Thus, only distances smaller than or equal to
this cutpoint are used to fit the anisotropic and isotropic
models. Choosing a cutpoint is restricted to distances
greater than the minimum distance to avoid having too
few degrees of freedom performing the F test described
above.

To obtain a reasonable cutpoint we first compute all
local minima of the empirical VSV-function minj.(VSV).
Subsequently, all minima are removed that are located at
distances smaller or equal to a minimum distance as
described. If there are local minima left, the smallest of
these minima is chosen. In case of a single minimum, this
is chosen. Otherwise, ratios

Vi
,i€2,..,N
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ri =
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VG 1507

8000
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-
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distances, and this function has its minimum at a mid-range distance.
Data are part of a larger data set described in Piepho et al. (2006)
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are computed with v; being an element of all VSV-values
greater than the minimum distance and N being the largest
index of these values. The distance with the largest of these
ratios is used as cutpoint.

Three approaches on BG smoothing

As stated in the introductory section we used three different
algorithms for locally smoothing the BG values in a block-
wise manner.

1. The most complex procedure comprises each step as
described in the previous section on model selection.
The obvious complexity of this algorithm is increased
by the fact that in case a specific global trend model
resulted in a singular Kriging system, where no
smoothed BG values could be obtained, the second
best global trend model is chosen. If this fails the next
one is used. We will refer to this approach by OK.

2. This approach is a simplification of the first one. We
left out the step on checking whether there is sufficient
information for fitting a spatial model and used the
constant global trend model. Kriging estimates were
obtained using the best fitting isotropic model among
the three theoretical models (Gaussian, exponential,
spherical). Thus, we did not have to perform any F test
since anisotropy was not considered. We will refer to
this approach by OKiso emphasizing that we focus on
isotropic models.

3. This approach consists of 2-D locally weighted
regression on BG values. The concept of 2D LOWESS
is quite simple. For a point x a LOWESS estimate is
required. Let f be a number between 0 and 1 and let
q = fn, q is truncated to an integer value. Among n
points a neighbourhood of point x consisting of points
x; (i = 1,..., q, g < n)is selected. A specific weight is
assigned to each point within this neighbourhood:

where W [] is the tri-cube weight function, p is a distance
function, d(x) is the distance of x to the gth nearest x;. A
quadratic function using weights w;(x) is fit to y; in order to
obtain an estimate for x (Cleveland et al. 1988, 1991).
LOWESS estimates were obtained for BG values using a
span-value f = 0.35 with four iterations to obtain a robust
fit. We will refer to this method by Loess, which is also the
name of the R-function that we used.

These three algorithms were used in conjunction with
two BG correction methods, one of which has been found
to be superior in a comparison study on different back-
ground correction methods (Ritchie et al. 2007). Ritchie
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et al. recommend the use of normexp+-offset. The normexp
algorithm is performed on BG corrected signal intensities.
The observed intensities X are the result of a convolution of
the true signal S and a noise component Y:
X=85+Y,8~ exp(i),YNN(u,az)

The normal distribution for the noise component is trun-
cated at zero, which models non-negative signal values. A
conditional expectation estimates the signal value S
(McGee and Chen 2006). This model is fitted to each dye-
channel separately. Kernel density parameter estimation is
done by using maximum likelihood (ML). For the nor-
mexp+-offset method a small value is added to the corrected
intensities which moves the corrected intensities away
from zero and stabilizes the variance for small log-
ratios (Ritchie et al. 2007). The typical fishtail effect in
M-vs-A plots [M =log,(R) —log,(G),A = 0.5log,(R) +
0.5l0og,(G),R = red signal, G = green signal], for small
A-values is mitigated (see Fig. 7 below or Fig. 1 in Ritchie
et al. 2007). In this study, we used an offset-value of 50 as
suggested by Ritchie et al. (2007). The normexp method is
similar to the background adjustment within the RMA
algorithm for Affymetrix oligonucleotide microarrays
(Irizarry et al. 2003).

For comparison, we also applied the traditional BG
subtraction FG-BG (subtract), and the Edwards BG cor-
rection method. The latter method avoids negative BG
corrected intensities by using a smoothing function of FG—
BG values and a threshold ¢. If S represents the BG cor-
rected value (Edwards 2003), then:

| FG-BG if FG — BG > §
~ | dexp[l — (BG + 0)/FG] otherwise

We also applied the normexp and normexp+offset algo-
rithms without BG smoothing to assess the effect of BG-
smoothing prior to BG correction. Thus, there were ten BG
correction methods overall: subtract, Edwards, normexp,
normexp+offset, OK & normexp, OKiso & normexp, Loess
& normexp, OK & normexp+offset, OKiso & normexp+
offset, and Loess & normexp—+offset.

Data

To simulate differentially expressed genes and to assess the
behaviour of different BG correction methods under the
null-hypothesis, we used a self-versus-self (SVS) dataset
consisting of six custom-made microarrays. In total, 25,392
spots were assigned to 48 blocks, each one consisting of
23 x 23 spots (rows x columns). Each microarray repre-
sents a replicate of an Arabidopsis mRNA pool of plants,
which were grown for 6 weeks in short days (10 h light,
100 microE, 20°C, 60% RH). Rosette leaves from 12 plants
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were harvested, pooled and total RNA extracted. 100 mg
of RNA were labelled with Cy3- or Cy5-dCTP and
hybridized overnight. The microarrays contain gene-spe-
cific DNA fragments that were amplified by PCR. Scan-
ning was performed with a ScanArray4000 (PerkinElmer).
Scanning parameters were set so that not more than one to
four spots were saturated in each subgrid. Spot intensities
were obtained by using Imagene software with automated
spot finding followed by manual checking and adjustment
(Hilson et al. 2004; Little et al. 2007).

We used the SVS-data to simulate specific fractions of
differentially expressed (DE) genes. At first, we allocated
two genotypes randomly to each channel of an individual
microarray. Then, we simulated 10% of all 25,392 genes as
differentially expressed. We randomly selected four sub-
sets, each consisting of 2.5% (634) of all genes. One half of
the raw signal intensities were multiplied with an artificial
fold change (FC) in genotype one, the other half of genes
were multiplied with the same FC in genotype two. This
corresponds to up- and down-regulation of genes in the
subsets. We used FC = 1.5, FC = 2, FC = 3, and FC = 5
to simulate different classes of DE genes. To obtain more
robust results, we repeated this simulation set up, consist-
ing of genotype allocation and DE simulation, four times
and averaged the results. For comparing the accuracy of
BG correction methods, we repeated the previous steps
with FCs of 2, 3, 5, and 10 to cover a wider range of DE.
To adhere to the assumption that only a small number of
genes are usually expected to be DE, we additionally cre-
ated a dataset that consisted of 5% DE genes with FC = 3.
Therefore, we obtained three additional datasets from the
SVS-data, which were used to classify all ten BG correc-
tion methods.

After applying the three BG smoothing algorithms and/
or BG correction, the data were normalized prior to esti-
mating genotypic differences. A single chip was normal-
ized with Loess-within-chip-normalization. The log-ratios
of microarrays were then scaled to have the same absolute
median deviation (MAD), which is sometimes called
between-chip-normalization (Smyth and Speed 2003).
Since Loess-normalization operates on log-ratios, any spot
with higher BG than signal intensity represented a missing
value for the traditional BG subtraction. All other BG
correction methods avoid negative BG corrected values.

Computing pair-wise linear contrasts

To assess the performance of a specific background cor-
rection procedure, we estimated pairwise linear contrasts of
two genotypes using a simple linear model. The SVS-
dataset consists of data where no truly significant results
were expected since there were no genotypic differences.
Therefore, we allocated two genotypes (A, B) randomly to

the six SVS-chips in such a way that each chip contained
both genotypes, and each genotype was present with the
same number of replicates in each channel. So, we had six
replicates of genotype A, and six replicates of genotype B,
each one present three times in the Cy3-channel, and three
times in the Cy5-channel. DE genes were simulated as
described earlier.
For all data, we fitted the following linear model:

Vi = % + B + 7 + ek,

where y;; represents the spot intensity for genotype
i€{l,..., Ngcno} on array j € {1,..., Nyyay} coming from
dye-channel k € {1, 2}, while a;, §;, and y; are fixed effects
for genotype, array and dye, respectively. The term e;j
represents the independent and identically distributed
residual error with e, ~ N(O, 02). Subsequently, the dif-
ference in expression of genotypes A and B were subjected
to an ordinary 7 test using the appropriate linear contrast
based on a least-squares fit of the linear model (Searle
1971).

We also used the moderated ¢ statistic to identify DE
genes. This is an empirical Bayes approach which makes
use of all estimated sample variances; these are shrunk to a
pooled estimate. Using the moderated ¢ statistic makes
inference far more stable, especially in small microarray
experiments (Smyth 2004). We used the same model as
shown above. The moderated ¢ statistic is defined as

Bej

~ ]

Sg/Vgj

where ng is the jth estimated contrast of gene g, and vy; is
the jth diagonal element of the estimated covariance matrix
for the contrast matrix of gene g, var(f,) = C Vngg.
Matrix C defines the contrasts to be estimated for the gth
model fit, and Vgsg is the estimated covariance matrix of
the coefficient estimator &,. The posterior mean of the
sample variance §§, of gene g is defined as

lgj =

2 dos% + dgsg
g do + dg ’

where s§ is the residual variance estimator for gene g, with
d, residual degrees of freedom. Prior information is
assumed on the residual variances for each gene by using a
prior estimator 5y with dy degrees of freedom, which are
estimated from the data.

The relation between the residual variance of gene g and
these prior values is expressed by

1 1

—_—~ —72
2 2/Ady
o, dosg

See Smyth (2004) for a thorough development of this
empirical Bayes methodology.
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We adjusted P values for multiplicity by using Storey’s
g value (Storey 2002). This type of adjustment was
developed for very large numbers of comparisons and is
therefore a natural choice for microarray data comprising
of 25,392 genes.

Implementation

All of the previously described steps were implemented
using the freely available statistical language R (http://
cran.R-project.org). Variogram calculations, non-linear
OLS/WLS fitting of theoretical models to isotropic semi-
variograms, and ordinary kriging were performed using the
geoR-package (Ribeiro and Diggle 2001). Non-linear
OLS/WLS estimation of isotropic/anisotropic models for
multidirectional semivariograms was done with the optim
function of the R stats-package. Specifically, we used the
“L-BGFS-B” algorithm, which allows box-constraints
(Byrd et al. 1995, citing the R-help page of function optim) to
set lower and upper bounds. BG correction, normalization
and identifying differentially expressed genes using the
moderated ¢ statistic were performed using the limma-
package of Smyth (citing the R-help page of the limma
package; http://www.bioconductor.org). Loess-smoothing was
done using the R-function loess. Fitting the linear model was
done with the /m function and pairwise linear contrasts were
computed with the glht function of the multcomp R-package.
FDR-adjustment was done with the gvalue R-package.

Results

When we applied the geostatistical framework (OK, OKiso),
we used a lag distance of 20 distance units, and 25 lag

classes, which resulted in a maximum lag distance of 500
distance units for computation of the empirical semivari-
ograms. The spots of the SVS-data were arranged in a grid
with separation distance of approximately 20 distance units
in both directions, which led to this choice of parameters.

Table 1 outlines the results obtained for all ten BG
correction approaches for the SVS-data with four classes of
simulated DE genes, at simulated FC of 1.5, 2, 3 and 5,
using the linear model with linear contrasts (ordinary-t)
averaged over four simulation cycles. Raw P values were
adjusted for multiplicity by Storey’s ¢ value, which
resulted in observed false discovery rates (FDR) ranging
from 4.78% (Loess & normexp+offset) to 6.04% (nor-
mexp) at the 5% significance level and 9.08% (normexp,
OK & normexp) to 9.84% (Edwards) at the 10% nominal
alpha-level. The subtract method performed worst. It
detected by far fewer simulated DE genes and had by far
the highest observed FDR. The best performing method is
Loess & normexp+-offset. For each class corresponding to a
specific simulated FC, this method identified most DE
genes. Smoothing BG values prior to BG correction clearly
increased power (Fig. 6), and lowered the proportion of
false discoveries (Fig. 5). Both, normexp and nor-
mexp+offset benefit from smoothing BG values using
either OKiso or Loess. The complex OK approach (OK &
normexp, OK & normexp+offset) did not improve the
performance of normexp and normexp—offset methods.
The results were consistent for two different significance
thresholds used to identify DE genes (¢« = 5%, o = 10%).

A similar outcome was observed when Smyth’s mod-
erated ¢ tests were used to identify DE genes (Table 2).
Observed false-positive rates were smaller than for the
ordinary ¢ statistic (OK & normexp 2.72—4.2% for Edwards
at the 5% significance level; OK & normexp 6.74-8.72%

Table 1 Number of true discoveries for ten different background correction methods using ordinary # tests

o=>5% o = 10%

FC =15 FC =2 FC =3 FC =5 FC =15 FC =2 FC =3 FC =5
subtract 27.75 35.50 33.50 37.25 43.25 51.75 47.75 54.00
Edwards 85.25 222.75 378.00 506.00 169.50 349.50 501.00 584.00
normexp 19.50 49.25 99.75 153.25 115.75 256.75 442.00 567.50
normexp+-offset 34.50 93.75 187.25 297.75 130.50 290.50 478.75 590.75
OK & normexp 18.75 46.25 92.00 135.00 106.75 241.75 414.25 547.75
OKiso & normexp 69.25 202.50 387.75 536.75 158.00 341.50 527.25 616.75
Loess & normexp 86.25 226.75 428.50 572.25 176.25 372.75 547.25 619.50
OK & normexp+offset 33.00 79.00 167.00 252.75 124.00 281.00 457.50 584.25
OKiso & normexp+offset 85.75 225.50 431.25 569.25 171.00 366.50 544.50 622.00
Loess & normexp+offset 100.00 259.50 465.00 590.75 189.75 397.00 560.75 624.25
Simulated DE genes 634 634 634 634 634 634 634 634

Columns correspond to specific simulated fold changes at different significance levels. Results were averaged over four independent simulations,

and adjusted for multiplicity using Storey’s g value
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adjusted for multiplicity using Storey’s g value approach. Left DE
genes were identified using ordinary ¢ tests. Right DE genes were
identified using moderated ¢ tests

Table 2 Number of true discoveries for ten different background correction methods using moderated ¢ tests

o= 5% o= 10%

FC =15 FXC =2 FC =3 FC =5 FC=1.5 FC =2 FC =3 FC =5
subtract 49.25 45.25 57.50 60.00 58.50 54.25 68.00 68.25
Edwards 122.50 400.25 558.00 613.00 223.75 492.00 596.75 625.25
normexp 231.75 500.00 620.50 633.50 321.00 566.00 629.00 633.50
normexp—+offset 230.50 488.75 617.50 633.75 317.25 558.00 628.75 633.75
OK & normexp 221.75 506.00 622.75 632.75 309.50 566.00 631.00 633.25
OKiso & normexp 244.25 550.50 628.00 633.75 330.75 585.75 631.50 633.75
Loess & normexp 228.00 542.50 624.25 633.75 334.75 586.00 629.25 634.00
OK & normexp+offset 226.00 495.00 620.25 632.50 309.75 559.50 630.50 633.25
OKiso & normexp+offset 260.75 557.00 628.50 634.00 346.75 590.50 632.00 634.00
Loess & normexp+offset 270.75 566.75 628.00 633.75 369.00 596.25 630.50 634.00
Simulated DE genes 634 634 634 634 634 634 634 634

Columns correspond to specific simulated fold changes at different significance levels. Results were averaged over four independent simulations,

and adjusted for multiplicity using Storey’s g value

for Loess & normexp at the 10% significance level). Again,
the subtract method had by far the highest observed false-
positive rates (88.39, 88.59%). An obvious feature of the
moderated ¢ statistic was the increased number of identified
DE genes. This is the result of borrowing information
across genes, and therefore, having more degrees of free-
dom available. Application of OKiso and Loess increased
the power (Fig. 6) and decreased the number of false dis-
coveries (Fig. 5).

To circumvent misleading inference due to a too large
proportion of DE genes, we also applied all ten methods to
the SVS-data with a single class of DE-genes. There were
5% of DE genes at a simulated FC = 3. Results for the

ordinary ¢ tests as well as those of the moderated ¢ tests are
shown in Table 3.

These results confirm our findings for the SVS-data with
four classes of 10% simulated DE genes. The complex and
time-consuming OK approach (OK & normexp, OK &
normexp+offset) does not perform as good as the other two
BG-smoothing algorithms (OKiso, Loess). We conclude
that applying this complex framework as described in the
“Material and methods” section is not justified by our
findings. We do not include the results of this BG
smoothing algorithm in Figs. 5 and 6. As one can see in
Tables 1, 2 and 3, performing the traditional BG subtrac-
tion is the worst BG correction method overall.
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Table 3 Number of true discoveries for ten different background correction methods using ordinary ¢ tests and moderated 7 tests

Fold Change = 3

Ordinary ¢ Moderated ¢

a=1% o= 5% o= 10% o= 0.1% o= 1% o= 5%
subtract 0 43.50 61.50 0 40.50 74.25
Edwards 5.25 627.50 881.25 0 618.25 1067.50
normexp 0 41.00 344.50 343.75 1,070.50 1,232.25
normexp+-offset 0.25 59.75 604.00 329.25 1,047.25 1,227.25
OK & normexp 0 26.00 243.25 266.25 1,082.25 1,235.50
OKiso & normexp 0 452.50 878.50 788.00 1,185.75 1,251.25
Loess & normexp 4.00 636.25 966.25 611.50 1,163.25 1,246.50
OK & normexp+offset 0 50.25 488.50 287.50 1,059.50 1,229.50
OKiso & normexp+offset 21.25 632.75 953.50 916.25 1,204.75 1,253.00
Loess & normexp+offset 24.75 765.25 1,023.25 968.50 1,218.00 1,258.25
DE genes 1,269 1,269 1,269 1,269 1,269 1,269

Columns correspond to different significance levels at a single simulated Fold Change. Results were averaged over four independent simulations,

and adjusted for multiplicity using Storey’s g value approach

To further assess the different BG correction approa-
ches, we investigated the trade-off between the number of
genes that were termed significant and the number of false
discoveries among them. These findings are depicted in
Fig. 5. The subtract method is not shown because the very
large numbers of false discoveries would distort this plot.
The corresponding line would run way left of the others.
Extending established BG correction methods (normexp,
normexp+offset) by BG smoothing (Loess, OKiso) low-
ered the proportion of false discoveries (Fig.5) and
increased the power of finding DE genes (Fig. 6).

The raw SVS-data served as means to check whether
different methods perform as expected under the null-
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hypothesis (Hp) or if the proportion of false significances
exceeds the nominal threshold. In case there are no sig-
nificant differences between both genotypes one would
expect observed P values to show a uniform U(0, 1) dis-
tribution. This corresponds to a straight line in the plot of P
values of the linear contrasts (genotypic differences) versus
quantiles of P values. None of the six methods exhibit
peculiar departure from the expected proportion of 5%
false significant results (data not shown). This was also
confirmed by our observed false discovery rates for the
SVS-data as mentioned earlier.

The set-up of this simulation study allowed to compare
the accuracy of DE classification for different background
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subtract

log2(R)-log2(G)

normexp+offset

log2(R)-log2(G)

0.5%1062(R)+0.5%10g2(G)

Fig. 7 M versus A plot averaged over microarrays of the self-versus-
self data. Classes of simulated DE genes are coloured (red FC = 2,
blue FC = 3, orange FC =5, green FC = 10). Dotted grey lines

correction methods. Since we simulated DE genes with
specific FCs, we expected the four classes of DE genes to
be located around distinct horizontal lines in the M versus
A plots. Specifically, for simulated FCs of 2, 3, 5 and 10,
the different classes were expected to scatter around
—log,(10), —logx(5),..., logx(5), log,(10) lines. We aver-
aged the results of background corrected and normalized
data over microarrays to compare different background
correction methods.

Figure 7 depicts the results for subtract, normexp+off-
set, OKiso & normexp+offset, and Loess & nor-
mexp+-offset. For each class of DE, we added a scatterplot
LOESS-smoother (span = 1) which summarizes the out-
come for a specific background correction method.
The most accurate method is Loess & normexp+offset. The
LOESS-fits for this method reflect the expectation to the
greatest extent and showed the lowest degree of curvature
over the range of expression intensities (X axis). Results
obtained without using the offset were similar (not shown),
although the OKiso & normexp method performed better in
comparison to Loess & normexp, which in turn

0.5%062(R)+0.5"0g2(G)

correspond to the expected value of each DE-class (log,-scale), solid
coloured lines correspond to LOWESS-lines with span = 1 per DE-
class

outperformed normexp. Using BG smoothing prior to BG
correction resulted in more stable patterns of DE, i.e. the
simulated DE genes were less dependent on the mean
expression level and the estimated FC better reflected the
simulated FC. The upper left plot of Fig. 7 (subtract)
reveals the most severe departure from the expectation.

Discussion

We have investigated the general applicability of geosta-
tistical methods represented by a complex ordinary kriging
approach accounting for anisotropic correlation models
(OK) and a simple ordinary kriging approach focussing on
isotropic models (OKiso), and additionally, a 2D-LOWESS
(Loess) smoother for cDNA microarray BG correction. We
combined these BG smoothing methods with two BG
correction procedures that avoid negative BG corrected
intensities (normexp, normexp-+offset). These BG correc-
tion methods were found to be superior compared to the
standard method, and in case of the latter one, the best
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overall (Ritchie et al. 2007). Our focus was on comparing
these to the standard method and three established BG
correction methods (Edwards, normexp, normexp—+offset).
After simulating DE genes for a self-versus-self dataset, we
used two different methods to detect DE genes: ordinary ¢
tests and more sophisticated moderated ¢ tests (Smyth
2004). We did not consider more such approaches to esti-
mating these genotypic differences as for example the
random variance model proposed by Wright and Simon
(2003) or the empirical Bayes approach based on mixed
models by Sarholz and Piepho (2008). We expect that the
results we obtained for moderated ¢ tests would be similar
for other methods since our approach is restricted to the BG
values, and only aims at improving BG values in terms of
adhering to the implicit assumptions of BG correction, a
locally constant BG as stated in Kooperberg et al. (2002).
Our proposed BG smoothing is an additional step, per-
formed prior to BG correction, and can be combined with
any BG correction method. Our findings show that BG
smoothing prior to BG correction is beneficial compared to
leaving this step out. The OKiso procedure shows that
methods which exploit the local correlation structure of BG
values might be a useful means within the cDNA micro-
array pre-processing pipeline.

Although we used pairwise linear contrasts in our study,
our methodology is not restricted to this kind of compari-
son. In heterosis research, for example, two types of
comparison are of primary interest, mid-parent heterosis
(MPH) and best-parent heterosis (BPH) (Keller et al. 2005;
Uzarowska et al. 2007, 2009; Hocker et al. 2008; Paschold
et al. 2009; Frisch et al. 2009; Thiemann et al. 2009;
Jahnke et al. 2009). BPH, the hybrid being above the better
parent, is estimated using a pairwise linear contrast,
whereas MPH, the hybrid being significantly different from
the average of both parents, consists of three terms. BPH,
MPH, and any other comparison (contrast) are expected to
benefit from the higher accuracy of the estimated differ-
ences between probes on single microarrays (see Fig. 7).

At this developmental stage, we would propose the
2D-LOWESS smoother (Loess) in combination with
normexp+-offset (Ritchie et al. 2007). Using this combination
produced the best results regarding the number of false
discoveries, power and accuracy. If normexp is the BG
correction method of choice, we suggest the OKiso
method. This approach showed to be less sensitive
regarding the choice of an offset. It is fast and improved the
outcome in comparison to using normexp alone in terms of
false discoveries, power and accuracy. Both geostatistical
approaches (OKiso, OK) were outperformed by Loess,
with OKiso being close to Loess. We believe that this is
due to the fact that only the Loess approach smoothes
BG values of each block of a microarray. The other two
approaches use the original values if any errors occur
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during estimation or, in case of OK, when the algorithm
does not find a model of spatial correlation that is distin-
guishable from a pure nugget model. Using a simple
smoothing strategy in these situations could help the OK
and OKiso approaches to better compete with Loess.
Combining background smoothing techniques with estab-
lished background correction methods works equally well
using ordinary ¢ tests and the empirical Bayes (moderated ¢
test) method (see Figs. S, 6). The normexp and nor-
mexp+-offset background correction methods without BG
smoothing did way better when using moderated ¢ tests.
They were even outperformed by the Edwards method
when ordinary ¢ tests were used to find DE genes. We were
surprised that the complex OK method could not improve
the performance of normexp and normexp-+offset. We
conclude that anisotropy and global trend do not have to be
accounted for when smoothing BG values. The former is
also supported by the fact that OKiso and Loess combined
with either normexp or normexp+offset do not use direc-
tional information.

One might argue that restricting smoothing of BG values
to only some regions of the microarray, thus treating blocks
of a microarray differently, introduces further bias. We
believe, however, that confinement to blocks is, in fact, a
particular strength of our methodology because the spatial
correlation structure of BG values is often restricted to
specific parts of the chip surface. This can be seen for
example in the two heatmaps in Fig. 1. Application of
smoothing methods in a blockwise manner allows
accounting for these local features.

Using maximum likelihood (ML) or restricted maxi-
mum likelihood (REML) estimation would be a natural
approach of finding the theoretical model of spatial corre-
lation to be used for the OK or OKiso methods. We did not
use ML/REML, however, because of the high rate of
models which did not converge. Furthermore, ML/REML
estimation is way more time-consuming than weighted
least squares (WLS). We implemented a pipeline that
allows performing each step automatically with an appro-
priate handling of any errors that could occur, e.g. a sin-
gular kriging system. This particular exception was
handled by applying the next best fitting global trend
model. We considered 13 trend surface models, and the
most extreme case was that only the ninth best fitting trend
surface model resulted in a solvable kriging system (OK).

Based on our results, we would propose to use Loess or
OKiso for smoothing BG values prior to applying a BG
correction algorithm. Using our time-consuming imple-
mentation of the OK approach is not justified by our
findings, although we still believe that it is worth further
investigation. In case there are departures from homoge-
neous local BG with severe anisotropic character, we think
that this should be accounted for.
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