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Figure 3: Benchmark of R package. Sample: simu-
lated data, 5000 to 20000 genes under 200 conditions,
using average link and Euclidean distance for clus-
tering. Computer: dual Xeon processor server, with
4 GB RAM and 20 GB swap. System command “time”
provides time and memory usage. R version 2.0.1
∗ hclusterpar is a parallelized version of hcluster,
uses all CPU.
∗∗ Xcluster uses a slightly simplified algorithm.

Web application

As many end-users use graphical and intuitive inter-
faces, we propose a way to skip the R command line
austerity while using a web interface. We provide
files ‘amap.php’ and ‘ctc.php’ as part of the packages,
which produce both form and CGI script, with any
standard apache and php server.

A more sophisticated web application can be
tested and downloaded at url: http://bioinfo.
genopole-toulouse.prd.fr/microarray.

Methods and implementation

The amap core library is implemented in C. The
package runs on Linux, Windows, and Mac OS X.
Multi-threading and parallelization are disabled on
Windows. Both amap and ctc use the free and open
source license GPL.

The amap package is hosted on a source-
forge like project manager at http://mulcyber.
toulouse.inra.fr/projects/amap by Inra that pro-
vides a cvs repository and a bug tracker.

The amap package is also available on CRAN, and
the ctc package is available on Bioconductor.
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Model-based Microarray Image Analysis
by Chris Fraley and Adrian E. Raftery

DNA microtechnology has enabled biologists to si-
multaneously monitor the expression levels of thou-
sands of genes or portions of genes under multi-
ple experimental conditions. Many microarray plat-
forms exist; what they all have in common is that the
gene expression data is obtained via image analysis
of the array segments or spots corresponding to the

individual experiments.

A common method for making DNA arrays con-
sists of printing the single-stranded DNA represent-
ing the genes on a solid substrate using a robotic
spotting device. The arrayed DNA spots are then
mixed and hybridized with the cDNA extracted from
the experimental and control samples. In the two-
color array, these samples are treated before hy-
bridization with both Cy3 (green) and Cy5 (red)
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fluorescent dyes. After hybridization, the arrays
are scanned at the corresponding wavelengths sepa-
rately to obtain the images corresponding to the two
channels. The fluorescence measurements are used
to determine the relative abundance of mRNA or
DNA in the samples.

The quantification of the amount of fluorescence
from the hybridized sample can be affected by a vari-
ety of defects that occur during both the manufactur-
ing and processing of the arrays, such as perturba-
tions of spot positions, irregular spot shapes, holes
in spots, unequal distribution of DNA probe within
spots, variable background, and artifacts such as
dust and precipitates. Ideally these events should be
automatically recognized in the image analysis, and
the estimated intensities adjusted to take account of
them.

Li et al. (2005) proposed a method for segmenting
microarray image blocks, along with a robust model-
based method for estimating foreground and back-
ground intensities. Peaks and valleys are first located
in the image signal with a sliding window to auto-
matically separate the microarray blocks into regions
containing the individual spots. Model-based clus-
tering (McLachlan and Peel 2000, Fraley and Raftery
2002) is then applied to the (univariate) sum of the
intensities of the two channels measuring the red
and green signals for each spot region to provide an
initial segmentation. Models are fit for up to three
groups (background, foreground, uncertain), and the
number of groups present is then determined via
the Bayesian Information Criterion (BIC). Whenever
there is more than one group, the segmentation is
postprocessed in order to remove artifacts. This is
done by reclassifying connected components in the
brightest group that are below a certain threshold in
size as unknown. The procedure is described in Fig-
ure 1.

1. Automatic gridding.

2. Model-based clustering for ≤ 3 groups.

3. Foreground / background determination:

• If there is more than one group, threshold
connected components. The foreground is
taken to be the group of highest mean in-
tensity and the background the group of
lowest mean intensity.

• If there is only one group, it is assumed
that no foreground signal is detected.

Figure 1: Basic Procedure for Model-based Segmentation
of Microarray Blocks.

This approach combines the strengths of
histogram-based and spatial methods. It deals effec-

tively with inner holes and artifacts. It also provides
a formal inferential basis for deciding when no fore-
ground signal is present in a spot. The method has
been shown to compare favorably with other meth-
ods on experimental microarray data with replicates
(Li et al. 2005).

The method is implemented in the Bioconductor
package spotSegmentation, which consists of two
basic functions:

spotgrid: determines spot locations in blocks
within microarray slides

spotseg: determines foreground and background
signals within individual spots

The spotseg function uses the R package mclust
(Fraley and Raftery, 1999, 2003, 2006) for model-
based clustering. Other life-sciences applications
of model-based clustering include grouping coex-
pressed genes (Yeung et al. 2001), in vivo MRI of pa-
tients with brain tumors (Wehrens et al. 2002), and
contrast-enhanced MRI for breast tumors (Forbes
et al. 2004).

The spotSegmentation functions will be illustrated
on the first block from the first microarray slide
image from van’t Wout et al. (2003), avail-
able as a dataset in Bioconductor under the name
HIVcDNAvantWout03. The encoded image data from
the two channels for this block are provided as
datasets hiv1raw and hiv2raw, and can be obtained
via the data command.

> data(hiv1raw)
> data(hiv2raw)

The data come from a supplementary website
http://ubik.microbiol.washington.edu/HIV/
array1/supplemental.htm, where they are encoded
for compact storage. We have chosen to provide
these data as given there, so that the following trans-
formation is needed in order to extract the intensities:

> dataTrans <- function(x,A=4.7154240E-05)
matrix((256*256-1-x)^2*A,nrow=450,ncol=1000)

> hiv1 <- dataTrans(hiv1raw)
> hiv2 <- dataTrans(hiv2raw)

Note that this transformation is specific to this
data; in general stored image data must be con-
verted as needed to image intensities. Figure 2
shows the image data for the two channels in re-
verse gray scale. These plots can be obtained with
the spotSegmentation package using the following
commands:

> plotBlockImage(sqrt(hiv1))
> plotBlockImage(sqrt(hiv2))
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Figure 2: Reverse gray-scale plots of image intensi-
ties from channel 1 (Cy3 green) and channel 2 (Cy5
red) of the first block from the first slide of HIV data
from the Bioconductor dataset HIVcDNAvantWout03.

The function spotgrid can be used to divide the
microarray image block into a grid separating the in-
dividual spots.

> hivGrid <- spotgrid( hiv1, hiv2,
rows = 12, cols = 32, show = TRUE)

> hivGrid
$rowcut

[1] 105 138 163 189 219 244 271 297 326 354
379 407 438

$colcut
[1] 11 41 66 94 126 163 192 222 250 279

307 338 364 392 419 445 474 501 531 558
587 614 641 671 697 727 754 782 808 836
862 889 922

Here we have used the knowlege that there are 12
rows and 32 columns in a block of the microarray
image. The show option allows display of the image,
shown in the top pannel of Figure 3.
The individual spots can now be segmented using
the function spotseg. The following segments all
spots in the block:

hivSeg <- spotseg( hiv1, hiv2,
hivGrid$rowcut, hivGrid$colcut)

plot(hivSeg)

The corresponding plot is shown in the bottom pan-
nel in Figure 3.

Figure 3: Above: The grid delimiting microar-
ray spots determined by function spotgrid, su-
perimposed on the sum of the intensities for
the two channels for the Bioconductor dataset
HIVcDNAvantWout03. Below: The segmented spots
produced by spotseg. The color scheme is as fol-
lows: black denotes the spots, yellow denotes back-
ground, gray denotes pixels of uncertain classifica-
tion.

It is possible to process a subset of the regions in the
grid using the arguments R for grid (as opposed to
pixel) row location of the spot and C for grid column
location. The show option in spotseg can be used to
display details for each spot as it is classified. When
more than one spot is processed, the graphics com-
mand par(ask = TRUE) should be set so that the dis-
plays can be stepped through. The following is an
example of the segmenting and display of an indi-
vidual splot.

hivSeg <- spotseg( hiv1, hiv2,
hivGrid$rowcut, hivGrid$colcut
R = 1, C = 4, show = TRUE)

The resulting display is shown in Figure 4.
Mean and median pixel intensities for the fore-
ground and background for each channel and each
spot can be recovered through the summary function
applied to the output of spotseg. For example, the
following extracts the summary intensities for the
spot shown in Figure 4.

> hivSumry <- summary(hivSeg)

> hivSumry$channel1$foreground$mean[1,4]
[1] 1475.053

> hivSumry$channel2$background$median[1,4]
[1] 249.0123
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Figure 4: spotseg processing of the 1,4 section of
the gridded HIV image data. Clockwise from top
left: gray-scale image, labeled image after model-
based clustering (light yellow: lowest intensity;
black: highest intensity), clustered image with con-
nected components less than threshold in size la-
beled (bright yellow, blue, red denote components
below threshold in size for the light yellow, gray, and
black groups, respectively), final labeling.

Summary

The Bioconductor package spotSegmentation pro-
vides functionality for automatic gridding of mi-
croarray blocks given the number of rows and
columns of spots. It also provides functionality for
determining foreground and background of spots in
microarray images via model-based clustering. This
approach deals effectively with inner holes and arti-
facts, as well as providing a formal inferential basis
for deciding when no foreground signal is present in
a spot.
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