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Using amap and ctc Packages for Huge

Clustering

by Antoine Lucas and Sylvain Jasson

Introduction

Huge clustering is often required in the field of DNA
microarray (DeRisi et al., 1997) analysis. A new use
of clustering results appears with presentation and
exploration software like TreeView (Eisen et al., 1998).

DNA microarray is the most appropriate method
for high throughput gene studies, allowing expres-
sion evaluation of vast gene numbers in differ-
ent cells types or conditions. From a technical
point of view, microarray analysis first needs im-
age processing (for example Imagene (http://www.
biodiscovery.com), BZScan (Lopez et al., 2004) or
ScanAlyze (Eisen et al., 1998)) that gives large tables

R News

of data, followed by statistical processing including
data normalization.

A main goal of microarray analysis is to detect co-
regulated genes presenting similar expression pro-
files, which can be achieved by various classification
techniques. In this area, hierarchical clustering is of
special interest as it allows multi-scale cluster visual-
ization.

Some R extensions provide efficient clustering
tools (mainly: stats and cluster; Struyf et al., 1997).
The packages amap and ctc aim to complete the set
of clustering tools for R with:

e Additional features to standard clustering
functions.

e A novel PCA method, robust to extreme values.
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e Fast and optimized and parallelized algo-
rithms, which drastically reduce time and
memory requirements so that any computer is
able to cluster large data sets.

e The possibility of an external visualization with
software such as Treeview (Eisen et al., 1998)
and Freeview (http://magix.fri.uni-1j.si/
freeview), as shown in Figure 1. This visu-
alization software provides convenient cluster
exploration and browsing to find relevant in-
formation in large cluster trees.

Description

Amap and ctc packages are complementary. The
former implementa all statistical algorithms and the
latter is used for all interactions with other soft-
ware such as the Eisen suite and makes it possi-
ble to launch Xcluster (http://genetics.stanford.
edu/~sherlock/cluster.html) software within R.

R software
Bioconductor v
Annotation — | Amap <« | Ctc
Normalization
Y Y Tl

]

Cluster exploration

Image analyis Clustering software

Imagene Xcluster Treeview
ScanAlyze Freeview
Bzscan

Figure 1: Amap and ctc usage for microarray analy-
sis.

The amap package includes standard hierarchical
clustering and k-means analysis. The novel features
of amap are a larger selection of distances set like
Pearson or Spearman (rank-based metric) adapted to
microarray data and a better hierarchical clustering
implementation (see the benchmark section).

Clustering can be pre-processed by a principal
component analysis, as it projects data into an or-
thogonal vector space, which avoids counting corre-
lated variables twice. With this analysis, a few ex-
treme values may strongly affect the main compo-
nents. As the high throughput implies a fully auto-
mated data acquisition and therefore outliers gener-
ation, we implement robust statistic tools including
a principal component analysis. The main idea of
such tools is to minimize the isolated points affected
by lowering their relative weight. This is a recent
method described by Caussinus et al. (2003).
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Figure 2: Results window with Freeview displaying a
sub-cluster (red part of the tree).

The ctc package has tools to export cluster trees to
visualization software that can explore trees at any
scale to find the suitable magnification depending
on the data specificity and the biological expertise as
shown on Figure 2.

The ctc package also makes it convenient to use
Xcluster software within R. Xcluster performs cluster-
ing with a very small memory allocation (it does not
compute the whole distance matrix).

We propose the possibility to import results from
Eisen Cluster software to perform post clustering
processing with R. Other conversion functions are
designed to dialog between R and Eisen software
suite.

Benchmark

We compare time and memory use with other main
implementations of standard hierarchical clustering:
average link for agglomeration method and Eu-
clidean distance (see Figure 3).

It appears that Xcluster has less memory needs
(less than 100 MB when others methods use more
than 1.5 GB) since the algorithm used does not com-
pute exhaustive distance while agglomerating clus-
ters. When using the complete distance matrix,
memory use is O(n?) Hierarchical clustering from
amap, stats or cluster packages returns the same
tree but cluster includes a post processing that re-
works the tree display. The amap implementation of
hcluster or hclusterpar functions are significantly
faster and allow us to pass the limit of 15000 genes
on a recent server in less than half an hour.
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Memory used

Time used
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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

R News

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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