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respect to that carried by the Amish—
albeit one that has achieved a high fre-
quency through the same mechanisms:
founder effect and perhaps genetic drift.
Whereas the ‘causative’ gene’s locus is
known13, its identity yet eludes the assidu-
ous efforts of positional cloners in
Helsinki and Bethesda.

After discovery of CHH in the Amish,
rare cases of CHH were recognized in
non-Amish. For example, Billy Barty, an
actor and founder of Little People of
America, a support group for persons of
short stature, has CHH. So did Michael
(‘Pat’) Bilon, who played ET in the movie
of that name.

Medical genetics is indebted to the
Amish for their cooperation in studies
that have led to an improved understand-
ing of genetic disorders. The physicians
who carried out the studies in the 1960s
and 70s approached the Amish with a
view to helping them. Arrangements were
made, for example, for surgical repair of
the cardiac defect in EvC patients and for
orthopedic correction of their knee defor-
mities. Aid was also provided to family
members with non-EvC related problems
of great diversity. How could knowledge
of the Amish ‘EvC’ mutation help? Pre-
marital and pre-natal counselling should
now be possible, based on testing for the
splice-site mutation or a nearby marker—
ideally one within the gene. Goodship

and colleagues discovered a polymor-
phism that is in linkage disequilibrium
with the ‘causative’ mutation, and could
therefore serve as such a marker. 

Whether the Amish would acquiesce to
premarital testing is uncertain, and it is
unlikely that they would accept prenatal
testing because of the implication of
abortion. Because a specific EVC muta-
tion is limited to the Lancaster County
Amish, marriage between an EvC carrier
with an Amish from another community
might be recommended but may generate
logistical difficulties. Alternatively, know-
ledge of carrier status could inform choice
of partner within the Lancaster County
Amish community.

The Amish acceptance of the geneti-
cists was achieved by their being intro-
duced by local physicians and by
sociologists whom they trusted. The rela-
tionships were maintained through com-
munication with the bishops and others
in authority and by the assistance of
Amish who served as guides and intro-
ducers during home visits. Another
notable example of beneficial collabora-
tion between geneticists and religous
community is that between the Ashke-
nazi Jewish groups who use screening for
mutations that cause Tay-Sachs disease as
the basis of marriage advice by rabbis.

The EvC syndrome in the Amish has
become a favourite elementary genetics

textbook example of several aspects of
human genetics. Now, to founder effect,
consanguinity, recessive inheritance and
so on, one can add linkage mapping,
positional cloning and the molecular
nature of mutation, as well as carrier
detection and the social implications
thereof. Possibly, it will not be long
before the student can be informed of the
way in which the mutation disturbs
development, leading to polydactyly,
heart defect and skeletal dysplasia. �
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Making the most of microarray data 
Terry Gaasterland & Stefan Bekiranov

Laboratory of Computational Genomics, The Rockefeller University, 1230 York Ave, New York, New York, 10021, USA.
e-mail: gaasterland@genomes.rockefeller.edu and bek@genomes.rockefeller.edu

The impact of microarray technology on biology will depend on computational methods of data analysis. A supervised computer-
learning method using support vector machines predicts gene function from expression data—and shows promise.

Microarray assays can measure the tran-
scriptional effects of changes in gene func-
tion under different conditions. They can
reveal genes that characterize tissue type,
developmental stage, or responses to envi-
ronmental conditions or genetic modifica-
tions. Microarray assays will therefore
become a general feature of experimental
protocols in genetics and cell physiology.
As array data burgeon, new questions
arise: if we, as a research community, col-
lect all array hybridization data in a central

location1, can we assign new genes of
unknown function to known functional
classes? Can we correlate gene expression
with gene function? Can we find new
classes of co-regulated genes? Can we
extract complete gene regulatory networks
from microarray gene expression data?

Computation is our only hope, and an
article by Michael Brown and colleagues2

in a recent issue of The Proceedings of the
National Academy of Sciences describes an
approach to microarray data analysis that

addresses the first question. The authors
use support vector machines (SVMs;
Fig. 1), a supervised computer-learning
method, to train a ‘classification machine’
to recognize new genes that are similar in
expression pattern to groups of genes
known to be co-regulated. In contrast with
classical unsupervised clustering methods
and pure self-organizing maps, the
approach builds on existing knowledge
(Fig. 2) and has the potential to refine and
correct it.
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Assigning new genes to old
categories
Brown et al. demonstrate two compelling
uses for SVM analysis of microarray data.
First, they trained classification machines
(SVMs) to recognize five sets of genes in
functional classes that were each expected
to be co-regulated: those mediating the
tricarboxylic acid (TCA) cycle, respira-
tion, cytoplasmic ribosome biosynthesis,
proteasome biosynthesis and histone
biosynthesis. As a control, they trained
SVMs to recognize genes encoding helix-
turn-helix proteins, fully expecting them
to fail to discriminate this class (which
they did). When they asked the trained
SVMs to classify each yeast open reading
frame of unknown function, 15 genes
were assigned: 2 to the TCA class, 4 to
respiration, 5 to ribosomes and 4 to the
proteasome. One of the respiration candi-
dates was subsequently annotated as en-
coding a subunit of the mitochondrial
ATP synthase complex and another, as a
hitherto unknown protein kinase. Of the
ribosomal candidates, one is predicted to
encode a zinc-finger protein and another,
a phosphatase.

To measure performance, Brown et al.
trained the SVMs with two-thirds of the
positive data (genes known to be in a par-
ticular functional class) and with negative
data (genes known not to be) for each
functional class, and then asked them to
assign the remaining one-third of the
genes to the respective class. Overall per-
formance was good, and the failures pro-
vided new information on each of the five
categories: five ‘TCA-cycle’ proteins that
were not recognized by any SVM, for
example, turned out to be relevant
enzymes regulated at the protein level.
The SVMs also misclassified several mem-
bers of the TCA cycle as respiratory pro-
teins, demonstrating that the two classes

both involved in ATP production are
not easily separable.

These results raise the question of which
pathways are sufficiently regulated and
uniquely regulated at the transcription
level to be expanded or confirmed
through microarray data. SVMs become
uninformative when the the noise in the
‘negative’ examples outweighs the the
number of ‘positive’ examples. Brown et
al. have shown that SVMs can recognize
that gene products belong to a particular
class. An interesting follow-up will be to
train SVMs for every functional class in
yeast, Escherichia coli and other organisms
for which genomes are complete and
annotated, and to see whether they can be
used to assess, confirm and extend the
functional classifications.

Spoilt for choice: methods of analysis
Unsupervised clustering methods, such as
hierarchical and K-means clustering,
assume that each gene fits into only one
cluster. This, of course, is not necessarily
true in biology. Moreover, the fact that
genes are in the same cluster does not nec-
essarily mean that they have similar
expression patterns. With K-means clus-
tering, for example, the user specifies
beforehand the number of clusters to be
generated, and the algorithm places each
gene in its optimal cluster which is not
always a meaningful one. This requires
that clusters be evaluated for quality. The
‘tightness’ of the cluster and the existence
of outliers (and, if they exist, their proxim-
ity to the next cluster) and a core set of
characteristic genes should collectively
inform on quality. Most importantly, one
should consider: does the cluster make
biological sense?

A new unsupervised clustering algo-
rithm implemented in Bioclust (ref. 3)
has been developed specificially for
microarray analysis. Here the user speci-
fies the maximum space that a cluster
can occupy, and the algorithm builds
suitable clusters. The final number of
clusters depends on the space limit.
Genes that cluster together are guaran-
teed to have a certain ‘affinity’ for each
other. Users can run Bioclust repeat-
edly to adjust space size so that clusters
appear biologically meaningful.

Also independent of prior knowledge,
principle components analysis (PCA)
reduces a data set with many variables to a
smaller number of new uncorrelated vari-
ables that explain the majority of the vari-
ance. With fewer variables, the data set is
easier for a human to understand and visu-
alize especially if two variables suffice to
capture the majority of the variance4. At
the same time, a certain amount of preci-
sion in relationships among genes is lost. As
PCA focuses on independent variables, it is
especially useful as an initial step for analy-
sis of gene expression under a mix of inde-
pendent and non-independent conditions.

Learning from supervision
In contrast with unsupervised methods
that generate classes for genes, super-
vised learning methods learn known
classes. The trainer must feed the SVM
with both positive and negative examples
from each class. Brown et al. tested four
different types of SVMs in addition to
four other machine-learning techniques
to compare their relative merits. The
SVMs consistently outperformed the
other methods in assigning genes to five
functional classes defined by yeast
microarray data2.

?

?
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untrained
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Fig. 1 A support vector machine (SVM) is a compu-
tational entity that accepts positive and negative
training examples of a topic to be learned. As it
‘learns’, it draws a hyper-plane which maximally
separates input data points into two classes, mem-
bers (green) and non-members (red). Here, input
data is shown in three dimensions, which is easily
visualized. The data of Brown et al. span 79
dimensions, one for each microarray experiment
in the data set.

Fig. 2 An untrained support vector machine (a) is trained with positive examples (green) and negative
examples (red) to build a trained machine (b; Fig. 1) that can take an unknown object (white) and deter-
mine whether or not it is similar to the training set. For functional classification of microarray data, posi-
tive and negative examples are drawn from annotations of coding regions in genome sequence data (c).
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The SVM results support a tiered
method for assessing microarray data.
First, for every gene, one should deter-
mine its nearest neighbours and ask if its
relationships with them are biologically
significant. Second, for genes that are
known to be regulated together, one
should ask: are their expression patterns
similar, and if so, which other genes have
the same pattern? These can be identified
through SVMs or by refining self-organiz-
ing maps5 with supervised phase. Third,
one should classify genes through unsu-
pervised learning methods and ask
whether clusters are biologically meaning-
ful, and whether they contain outlier
genes. Finally, clusters can be tested and
refined by training SVMs with genes from
the centre of each unsupervised cluster.

Regulons and beyond
One approach to deduce prokaryotic reg-
ulons (distinct genes that are part of a
single mRNA transcript) from expression
data is to mutate a suspected regulator
gene and measure associated changes in

transcription levels. Another is to com-
pare normal conditions with conditions
that invoke the regulatory protein. An
interesting exercise for microarray analy-
sis through supervised classification
would be to determine whether protein
signatures indicative of prokaryotic regu-
lons (as determined by two-dimensional
electrophoresis6) can be detected through
microarray analysis, and whether such
signatures can be extended or refined at
the transcription level. For example,
components of the methionine-biosyn-
thesis pathway of E. coli differ in their rel-
ative expression levels during growth in
the absence of methionine. Specifically,
the level of metE is much higher than that
of the other proteins in the pathway.
SVM analysis of corresponding microar-
ray data could be used to determine
whether metE should be classified with
the other genes in the pathway or
whether it better correlates with genes in
other pathways.

Another interesting protein signature is
that for phosphorus limitation, which

includes 150 proteins encoded by the
‘phosphorus’ regulon6. Among the signa-
ture proteins, phoA is induced 1,000-fold
while 19 other proteins are repressed,
including phoE. Inhibition of phoR, a his-
tidine kinase that induces the phosphorus
regulon, is accompanied by phoE expres-
sion. So the level of phoE is a useful marker
for activity of the regulon. SVMs can be
used to determine whether members of the
pho-regulon can be predicted based on
levels of gene expression—thereby identi-
fying regulons in prokaryotic organisms
and representing a first step towards
deciphering gene networks. �
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A gene (AXIN1) encoding another component of the Wnt-signalling pathway is reported to be mutated in human tumours, under-
scoring the oncogenic consequences of inappropriate activation of developmental signalling pathways later in life. Inhibitors of
these signals therefore represent potential agents with which to treat cancer.

Two general principles connect the disci-
plines of developmental biology and mol-
ecular oncology. First, crucial decisions
during animal development are made
through the action of a handful of signal
transduction pathways. Second, activating
mutations in these pathways are a major
cause of human cancer. A classic example
is the wingless/Wnt signalling cascade, a
critical developmental pathway that is dis-
rupted in several types of tumour. In this
issue, Yusuke Nakamura et al.1 reinforce
these principles with the discovery that
mutations in the gene encoding axin,
which acts in the Wnt-signalling pathway,
cause hepatocellular carcinoma.

Polarized with Wnt1
Mouse Wnt1, originally called Int-1, was
one of the first proto-oncogenes to be
identified—activation of Wnt1 by integra-
tion of the Mouse Mammary Tumor Virus

causes cancer of the mammary gland in
mice2. Wnt1 is the mammalian homo-
logue of Wingless, a key regulator of seg-
ment polarity in Drosophila embryos3.
Together with other segment polarity
genes, Wingless defines the anterior and
posterior regions of each segment of the
developing fly embryo. Anterior and pos-
terior regions are distinguished by the
presence or absence, respectively, of bris-
tles on the larval cuticle. Analyses of fly
mutants with disrupted bristle patterns
have uncovered components of the sig-
nalling pathways that determine embry-
onic patterning.

Xenopus laevis offers an equally simple
phenotypic assay for elucidating compo-
nents of the Wnt-signalling pathway in
vertebrates4. Injection of components of
the Wnt cascade into embryos at the 2–8
cell stage induces a secondary body axis,
resulting in two-headed tadpoles (Fig. 1).

Fig. 1 Axis duplication in Xenopus is induced by the
injection of β-catenin RNA into early embryos
(reproduced with permission from Cell Press16).
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