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We present a case study of a simple application of R
to analyze microarray data. As is often the case, most
of the tools are nearly available in R, with only minor
adjustments needed. Some more sophisticated steps
are needed in the finer issues, but these details can
only be mentioned in passing.

Quality Control for Microarrays

Microarrays are a recent technology in biological and
biochemical research. The basic idea is: you want
to assess the abundance of some component of a
sample . You prepare a more or less well defined
probe which binds chemically to this specific com-
ponent. You bring probe and sample into contact,
measure the amount of bound component and infer
the amount in the original sample.

So far, this is a classical technique in science. But
technology has advanced and allows high through-
put. Instead of applying samples to probes one by
one, we can spot a large number of probes on a chip
(a microscope slide or some other carrier) and apply
the sample to all of them simultaneously and under
identical conditions. Depending on the mechanics
and adhesion conditions, today we can spot 10 000
− 50 000 probes on a chip in well-separated posi-
tions. So one sample (or a mixture of some samples)
can give information about the response for many
probes. These are not iid observations, but the probes
are selected and placed on the chip by our choice,
and response as well as errors usually are correlated.
The data have to be considered as high dimensional
response vectors.

Various approaches how to analyze this kind of
data are discussed in the literature. We will concen-
trate on base level data analysis. Of course any seri-
ous analysis does specify diagnostic checks for vali-
dating its underlying assumptions. Or, to put it the
other way, an approach without diagnostics for its
underlying assumptions may be hardly considered
serious. The relevant assumptions to be checked de-
pend on the statistical methods applied, and we face
the usual problem that any residual diagnostic is in-
fluenced by the choice of methods which is used to
define fit and hence residuals. However there are
some elementary assumptions to check which are rel-
evant to all methods. If you prefer, you can name it
quality control.

We use R for quality control of microarrays. We
simplify and specialize the problem to keep the pre-
sentation short. So for now the aim is to imple-
ment an early diagnostic to support quality control
for microarrays in a routine laboratory environment
- something like a scatterplot matrix, but adapted to
the problem at hand.

Some Background on DNA Hybri-
dization

Proteins are chemical components of interest in bio-
chemical research. But these are very delicate to han-
dle, and specific probes have to be developed in-
dividually protein by protein. As a substitute, the
genes controlling the protein production can be stud-
ied. The genes are encoded in DNA, and in the syn-
thesis process these are transcribed to RNA which
then enters to the protein production. DNA and tran-
scribed RNA come in complementary pairs, and the
complementary pairs bind specifically in a hybridi-
zation . So for each specific DNA segment that might
be in a sample the complementary RNA chain gives
a convenient probe.

In old Lackmus paper, the probe on the paper
provides colour as visible indicator. In hybridization
experiments, we have to add an indicator. In DNA/
RNA hybridization experiments the DNA is used as
a probe. The indicator now is associated with the
sample: the RNA sample is transcribed to cDNA
(which is more stable) and marked, using dyes or
a radioactive marker. For simplicity, we will con-
centrate on colour markers. After probe and sample
have been hybridized in contact and unbound mate-
rial has been washed off, the amount of observable
marker will reflect the amount of bound sample.

Data is collected by scanning. The raw data are
intensities by scan pixel, either for an isolated scan
channel (frequency band) or for a series of chan-
nels. Conventionally these data are pre-processed
by image analysis software. Spots are identified by
segmentation, and an intensity level is reported for
each spot. Additionally, estimates for the local back-
ground intensities are reported.

In our specific case, our partner is the Molecular
Genome Analysis Department of the German can-
cer research center (DKFZ). Cancer research has var-
ious aspects. We simplify strongly in this presenta-
tion and consider the restricted question as to which
genes are significantly more (or significantly less) ac-
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DIAGNOSTICS FOR SPATIAL EFFECTS

tive in cancer cell, in comparison to non-cancerous
“normal” cells. Which genes are relevant in cancer?
Thinking in terms of classical experiments leads to
taking normal and tumor cell samples from each in-
dividual and applying a paired comparison. Detect-
ing differentially expressed genes is a very different
challenge from classical comparison. Gene expres-
sion analysis is a search problem in a high dimen-
sional structured data set, while classical paired com-
parison deals with independent pairs of samples in
a univariate context. But in the core, gene expres-
sion analysis benefits from scores which may be mo-
tivated by a classical paired comparison.

Statistical routine immediately asks for factors
and variance components. Of course there will be
a major variation between persons. But there will
be also a major contribution from the chip and hy-
bridizations: the amount of sample provided, the
sample preparations, hybridization conditions (e.g.
temperature) and the peculiarities of the scanning
process which is needed to determine the marker in-
tensity by spot, among others are prone to vary from
chip to chip. To control these factors or variance com-
ponents, sometimes a paired design may be used by
applying tumor and normal tissue samples on the
same chip, using different markers (e.g. green and
red dye). This is the basic design in the fundamental
experiments.

The challenge is to find the genes that are rel-
evant. The typical experiment has a large number
of probes with a high variation in response between
samples from different individuals. But only a small
number of genes is expected to be differentially ex-
pressed (“many genes - few differentials”).

To get an idea of how to evaluate the data, we can
think of the structure we would use in a linear gaus-
sian model to check for differences in the foreground
( f g). We would implement the background (bg) as a
nuisance covariable and in principle use a statistics
based upon something like

∆ = (Ytumor −Ynormal)

where e.g.

Ytumor = ln(Y f g tumor −Ybg tumor)

Ynormal = ln(Y f g normal −Ybg normal)

given or taken some transformation and scaling. Us-
ing log intensities is a crude first approach. Find-
ing the appropriate transformations and scaling as
a topic of its own, see e.g. (Huber, von Heydebreck,
Sültmann, Poustka & Vingron 2002). The next non-
trivial step is combining spot by spot information
to gene information, taking into account the back-
ground and unknown transformations. Details give
an even more complex picture: background correc-
tion and transformation may be partly integrated in
image processing, or may use information from other
spots. But this is an idea of the general structure, and

together with statistical folklore it suggests how to
do an early diagnostics.

We hope that up to choice of scale ∆ covers the
essential information of the experiment. We hope
we can ignore all other possible covariates and for
each spot we can concentrate on Y f g tumor, Ybg tumor,
Y f g normal , Ybg normal as source of information. Up to
choice of scale, (Ytumor − Ynormal) represents the raw
"effect" and a scatter plot of Ytumor vs Ynormal is the
obvious raw graphic tool.

Unfortunately this tool is stale. Since tumor and
normal sample may have different markers (or may
be placed on different slides in single dye experi-
ments) there may be unknown transformations in-
volved going from our target, the amount of bound
probe specific sample, to the reported intensities Y.
Since it is the most direct raw plot of the effect, the
scatterplot is worth being inspected. But more con-
siderations may be necessary.

Diagnostics may be sharper if we know what we
are looking for. We want diagnostics that highlight
the effect, and we want diagnostics that warn against
covariates or violation of critical assumptions. For
now, we pick out one example: spatial variation. As
with all data collected from a physical carrier, posi-
tion on the carrier may be an important covariate. We
do hope that this is not the case, so that we can omit
it from our model. But before running into artifacts,
we should check for spatial homogeneity.

Diagnostics for Spatial Effects

For illustration, we use a paired comparison between
tumor and normal samples. After segmentation and
image pre-processing we have some intensity infor-
mation Y f g tumor, Ybg tumor, Y f g normal , Ybg normal per
spot. A cheap first step is to visualize these for
each component by position (row and column) on
the chip. With R, the immediate idea is to organize
each of these vectors as a matrix with dimensions
corresponding to the physical chip layout and to use
image().

As usual, some fine tuning is needed. As has been
discussed many times, in S and R different concepts
of coordinate orientation are used for matrices and
plots and hence the image appears rotated. Second,
we want an aspect ratio corresponding to the geom-
etry of the chip while image() follows the layout of
R’s graphics regions. A wrapper imagem() around
image() is used as a convenient solution for these
details (and offers some additional general services
which may be helpful when representing a matrix
graphically).

Using red and green color palettes for a paired
comparison experiment gives a graphical represen-
tation which separates the four information channels
and is directly comparable to the raw scanned im-
age. An example of these images is in http://www.

2

http://www.statlab.uni-hd.de/projects/genex/


WRAPPING IT UP

statlab.uni-hd.de/projects/genex/.
The next step is to enhance accessibility of the in-

formation. The measured marker intensity is only an
indirect indicator of the gene activity. The relation is
influenced by many factors, such as sample amount,
variation between chips, scanner settings. Internal
scanner calibration in the scan machine (which may
automatically adjust between scans) and settings of
the image processing software are notorious sources
of (possibly nonlinear) distortions. So we want to
make a paired comparison, but each of both sides
undergoes an unknown transformation. Here spe-
cific details of the experiment come to help. We can-
not assume that both samples in a pair undergo the
same transformation. But while we do not know the
details of the transformations, we hope that at least
each is guaranteed to be monotonous.

At least for experiments with “many genes - few
differentials”, this gives one of the rare situations
where we see a bless of high dimensions, not a curse.
The many spots scanned under comparable condi-
tions provide ranks for the measured intensity which
are a stable indicator for the rank of the original ac-
tivity of each. So we apply imagem() to the ranks,
where the ranks are taken separately for the four
components and within each scan run.

The rest is psychology. Green and red are com-
monly used as dyes in these experiments or in pre-
sentations, but these are not the best choice for visu-
alization. If it comes to judging quantitative differ-
ences, both colour scales are full of pitfalls. Instead
we use a colour palette going from blue to yellow,
with more lightness in the middle value range.

To add some sugar, background is compared be-
tween the channels representing tumor and normal.
If we want a paired comparison, background may be
ignorable if it is of the same order for both because
it balances in differences. But if we have spots for
which the background values differ drastically, back-
ground correction may be critical. If these points
come in spatial clusters, a lot more work needs to
be done in the analysis. To draw attention to this,
spots with extremely high values compared to their
counterpart are highlighted. This highlighting is im-
plemented as an overlay. Since image() has the fa-
cility to leave undefined values as background, it is
enough to apply imagem() again with the uncritical
points marked as NA, using a fixed colour.

Wrapping it up

Rank transformation and image generation are
wrapped up in a single procedure showchip(). Since
the ranks cover all order information, but loose the
original scale, marginal scatterplots are provided as
well, on a fixed common logarithmic scale.

Misadjustment in the scanning is a known no-
torious problem. Estimated densities over all spots

within one scan run are provided for the four infor-
mation items, together with the gamma correction
exponent which would be needed to align the me-
dians.

If all conditions were fixed or only one data set
were used, this would be sufficient. The target envi-
ronment however is the laboratory front end where
the chip scanning is done as the chips come in. Ex-
perimental setup (including chip layout) and sam-
pling protocols are prone to vary. Passing the details
as single parameters is error prone, and passing the
data repeatedly is forbidding for efficiency reasons
due to the size of the data per case.

The relevant information is bundled instead. Bor-
rowing ideas from relational data bases, for each se-
ries of experiments one master list is kept which
keeps references to tables or lists which describe de-
tails of the experiment. These details go from de-
scription of the geometry, over a representation of the
actual experimental design to various lists which de-
scribe the association between spots and correspond-
ing probes. S always had facilities for a limited form
of object oriented programming, since functions are
first class members in S. Besides data slots, the mas-
ter list has list elements which are functions. Us-
ing enclosure techniques as described in (Gentleman
& Ihaka 2000), it can extract and cache information
from the details. The proper data are kept in sep-
arate tables, and methods of the master list can in-
voke showchip() and other procedures with a mini-
mum of parameter passing, while guaranteeing con-
sistency which would endangered if global variables
were used.

From the user perspective, a typical session may
introduce a new line of experiments. The structure of
the session is

curex <- NewGenex("<new project name>")
# create a new descriptor object from
# default. if an additional parameter is given,
# it is a model to be cloned.

curex$nsetspotdesc("<some descriptor name>")
# we access other lists by name.
# This is risky, but for the present purpose
# it does the job ...
# Possibly many more experimental details

curex$save()
# The current experiment descriptor saves
# itself as <new project name>.RData

Once an experimental layout has been specified,
it is attached to some specific data set as

curex$nsetdata("<some data name>")
# associates the data with the
# current experimental layout

Of course it would be preferable to set up a reference
from the data to the experiment descriptor. But we
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LOOKING AT THE OUTPUT

have to take into account that the data may be used
in other evaluation software; so we should not add
elements to the low level data if we can avoid it.

When the association has been set up, application
is done as

curex$showchip(<some chip identification>)
# names or indices of chip/chips to show.

This is a poor man’s version of object oriented pro-
gramming in R. For a full grown model of object
oriented programming in R, see (Chambers & Lang
2001).

Looking at the Output

We cannot expect a spatially uniform distribution of
the signals over the spots. The probes do not fall
at random on the chip, but they are placed, and the
placement may reflect some strategy or some tradi-
tion. In the sample output (Figure 1), we see a gradi-
ent from top to bottom. If we look closer, there may
be a separation between upper and lower part. In
fact these mirror the source of the genes spotted here.
This particular chip is designed for investigations on
kidney cancer. About half of the genes come from
a “clone library” of kidney related genes, the other
from genes generally expected to be cancer related.
This feature is apparent in all chips from this spe-
cial data series. The immediate warning to note is:
it might be appropriate to use a model which takes
into account this as a factor. On some lines, the spots
did not carry an active probe. These unused spots
provide an excellent possibility to study the null dis-
tribution. The vertical band structure corresponds
to the plates in which the probes are provided; the
square blocks come from characteristics of the print
head. These design factors are well known, and need
to taken into account in a formal analysis.

Of course these known features can be taken into
account in an adapted version of showchip(), and all
this information is accessible in the lists mentioned
above. In a true application this would be used to
specialize showchip(). For now let us have another
look at the unadapted plot shown in Figure 1.

Background is more diffuse than foreground -
good, since we expect some smooth spatial variation
of the background while we expect a grainy struc-
ture in the foreground reflecting the spot probes.
High background spots have a left-right antisymme-
try. This is a possible problem in this sample pair if
it were unnoticed (it is is an isolated problem on this
one chip specimen).

As in the foreground, there is some top/bottom
gradient. This had good reason for the foreground
signal. But for the background, there is no special
asymmetry. As this feature runs through all data of
this series of experiments, it seems to indicate a sys-
tematic effect (possibly a definition of "background”

in the image processing software which picks up too
much foreground signal).

Conclusion

showchip() is used for the first steps in data process-
ing. It works on minimal assumptions and is used
to give some first pilot information. For any evalu-
ation strategy, it can be adapted easily if the critical
statistics can be identified on spot level. For a fixed
evaluation strategy, it then can be fine tuned to in-
clude information on the spatial distribution of the
fit and residual contributions of each spot. This is
where the real application lies, once proper models
are fixed, or while discussing model alternatives for
array data analysis.

An outline of how showchip() is integrated in a
general rank based analysis strategy is given in (Sa-
witzki 2001).

P.S. And of course there is one spot out.
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A video showing the experiments step by step
is accessible in mpeg/Quicktime format as http:
//www.statlab.uni-heidelberg.de/projects/
genex/cdna.mpg or in real video format as http://
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Figure 1: Output of qcshowhip(). This example compares tumor center material with tumor progres-
sion front. The image is a low resolution reprodctions. For a better resolution, see http://www.statlab.
uni-heidelberg.de/projects/genex/L34qc.jpg.
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www.uni-hd.de/media/mathematik/microarrays.
rm and available as DVD on CD from the DKFZ ad-
dress.
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