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Abstract

The main roads of statistical microarray data analysis currently include data normalization, mul-
tiple testing, classification models, clustering algorithms and graphical models of transcriptional net-
works. In this paper we describe two side roads. In the first chapter we describe a semi-supervised
algorithm for molecular diagnosis, which is designed for the diagnosis of complex molecular pheno-
types, first described in (9). And in the second section we describe an algorithm for the detection of
differential co-expression patterns in microarray data (7).

1 Structured Analysis of Microarrays

From a machine learning point of view, classification of gene expression patterns is a very particular
task. Typically, training data consists of few samples (small number of experiments) but contains many
variables (expression levels measured in each experiment). In this context classical machine learning
methods may cause various difficulties (6). For instance, statistical models (particularly those with many
parameters) may overfit the training data. Thereby, they rather adapt to noise in the data than learn
the desired phenomenon. Moreover, common machine learning methods do not provide an intuitive and
biologically meaningful explanation of their results. Rather, single signatures typically determined to
characterize specific phenotypes contain a set of biologically unfocused genes. It is very questionable,
whether a single global signature, optimized for classification power, actually reflects the underlying bi-
ological mechanisms. In the context of clinical diagnosis, we expect phenotypically homogeneous groups
of patients to carry differing gene expression patterns, since differing biological mechanisms may lead to
the same phenotype. Furthermore, we observe much redundancy in gene expression data, since coregu-
lated genes are highly correlated. Thus, genes from biologically unfocused signatures may be replaced by
biologically coherent ones with little loss in the classifier performance.

1.1 Molecular Symptoms

In this research, we consider the task to recognize a particular group of patients presenting a specific
clinical phenotype. We call this group the disease group, to be separated from the control group. In
Structured Analyses of Microarrays we suggest to determine several biological classifiers to detect the
disease group. We particularly aim for classifiers with excellent specificity and accept classifiers with
suboptimal sensitivity. This is in analogy with symptoms in clinical contexts: symptoms are never
present in healthy people, they provide evidence for a certain disease, however, some patients do not
display them. Therefore, we call these classifiers molecular symptoms. They allow for an additional,
molecular stratification of patients according to patterns of absence and presence of symptoms.
In order to determine whether a signature is biologically focused, we need functional annotations for the
genes present on the microarray in a systematic way. Structuring biological knowledge and systematic
collection of gene function annotation are central goals of the Gene Ontology database (1). Biological
terms related to molecular functions, biological processes and cellular components are collected into
a directed acyclic graph where each node represents a term and child-terms are either members or
representatives of their parent-terms. Moreover, genes are attributed to GO-nodes according to their
molecular function, involvement into biological processes and localization within the cell.
In Figure 1 we illustrate the Gene Ontology by depicting two small parts of the directed acyclic graph.
On the left hand side the root of the graph is shown with its children. These children represent the
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major topics distinguished in the Gene Ontology, namely “molecular function”, “biological process” and
“cellular component”. On the right hand side a few nodes from the bottom of the graph are shown and
illustrate the fact that nodes may have several parents.

Figure 1: Excerpts of the Gene Ontology, top nodes (left) and some nodes from the bottom in the
“biological process”-branch (right).

1.2 Implementation

We suggest to use the Gene Ontology to search for biologically focused classifiers. In order to obtain
state-of-the-art performance, we aggregate these focused classifiers representing molecular symptoms as
follows.

• For each GO-node with annotated genes, one local classifier is implemented using the nearest
shrunken centroids method (11) on expression data of the annotated genes.

• According to their classification performance each local classifier obtains a weight. We define a
performance criterion analogous to the probability of misclassification.

• Results of children are collected in their parents by weighted sums using these weights, thereby
computing probabilities for each class in each node.

• A shrinkage approach in a cross-validation setting is used to regularize weights such that uninfor-
mative branches of the classifier vanish.

This procedure generates a graph structured global classifier according to GO’s hierarchical structure.
The overall classification result is provided by the root node’s classifier. We describe our method in detail
in (9).
We have implemented structured analysis of microarrays as an R package called stam. It is compliant
to the Bioconductor suite of bioinformatics related R extensions (4). Our implementation uses the R-
package pamr which provides training, prediction and cross validation for the nearest shrunken centroids
method for classification. The computation is performed in a postorder traversal of the Gene Ontology. In
a postorder traversal of a graph, all child nodes of a parent are treated before the parent. Thus we ensure
that all data needed for training or prediction in a node are actually available. For the associations
of probe-sets with GO terms and for the hierarchical structure of GO we rely on Bioconductor data
packages.

1.3 Discussion

In structured analysis of microarrays each classifier bases its decision only on information related to the
biological aspect it represents. Therefore, when considering an overall classification result, its rationale
can be deduced from the various classifier results. Actually, through the identified molecular symptoms
associated to subsets of patients in the disease group, we obtain an additional molecular stratification of
patients according to patterns of absence and presence of symptoms.
We have evaluated the method and our implementation on a large dataset from a study on acute lym-
phoblastic leukemia (14). In this study Affymetrix HG-U95Av2 chips have been used to measure the
gene expression profiles in bone marrow of 327 patients. We randomly split this data into training and
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Figure 2: Structured analysis of 327 acute lymphocytic leukemia patients. Molecular symptoms specific
for MLL are shown. They are filtered by minimum specificity.

test set. Figure 2 shows an example for molecular symptoms based patient stratification on the MLL
sub type of acute lymphocytic leukemia (ALL) investigated in (14). 20 MLL patients have been included
in the study. We have trained StAM for detection of MLL on 217 of the available samples including 14
MLL cases. The 110 test samples are classified without error in the root node.
Figure 2 is focused on the 20 MLL samples in the dataset. In the center of the figure the probability
computed by classifiers in the classifier graph for each sample are shown as color code (see right hand side
of the figure). In the image, rows correspond to GO-classifiers and columns reflect samples. The samples
from the test set are marked with capital letters on the x-axis. Clustering this image in both directions
brings similar classifiers and samples together. The graph to the left of Figure 2 shows the GO relations
between the classifiers. The sensitivities and specificities given between the GO structure and the image
are computed on the test set only. In Figure 2, bright regions represent presence, black regions absence
of molecular symptoms.
We can group patients according to patterns of molecular symptoms. For instance, rows 2 to 6 in Figure 2
represent a molecular symptom related to apoptosis, which is present in all test samples except for sample
G. Only in test samples A, B and C we observe the symptom driven by genes involved in antimicrobial
humoral response. Effects in genes usually involved in skeletal development are observed in test samples
A and B only, while samples B and C show untypical patterns for ALL in cell motility. Samples B and
G have particular expression in synaptic transmission.
With structured analysis of microarrays, we propose an approach to augment microarray gene expression
data through functional annotations provided by the Gene Ontology. We use the additional information
to compute class predictions for many biological aspects. On various datasets we have found that our
approach can deliver classification results of similar accuracy as state-of-the-art methods currently in use.
In addition, structured analysis of microarrays points to biological aspects relevant to the recognition of
the investigated phenotype. We introduce the notion of molecular symptoms and illustrate their potential
to provide an additional molecular stratification of patients.
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Figure 3: Different types of struc-
ture in microarray data. The plots
show simulated expression values for
two prototypical situations: Plot (a)
depicts a group of differentially coex-
pressed genes, displaying a pattern as
a group. Plot (b) shows single differ-
entially expressed genes. Both situ-
ations lead to characteristic but dis-
tinct patterns.

2 Differential coexpression of genes

Gene expression plays a crucial role in the proper functioning of a cell and is a highly regulated process.
Disruption of this regulatory system can lead to degeneration of the cell and cancer. Such changes in the
co–regulation of genes are detectable on microarrays (5) and can be utilized for improved diagnosis (13)
and prognosis of disease outcome (12).
For detection and interpretation of associated molecular disease mechanisms it is crucial to identify the
genes involved. Most analysis strategies either look at up– or down–regulated genes on a gene by gene
basis, or focus on genes playing a key role in supervised classification mechanisms. The approach described
here is tailored to take into account two things: Firstly, relevant changes need not necessarily be reflected
in the data in a univariate (gene–wise) fashion. That is, by looking at up– or down–regulation of individual
genes one misses important aspects of the genes’ interplay. An illustration can be found in Figure 3.
Secondly, highly predictive genes singled out by a possibly sophisticated classification mechanism are not
necessarily the biologically relevant ones (8).

The algorithm

Our approach opts to find changes in the co–expression structure of genes. That is, in one group of
patients genes are co–expressed and this co–expression is lost in another clinical phenotype. This is
interesting, because such a behavior reflects regulatory changes hinting at molecular disease mechanisms.
In the following we present a scoring scheme for differential co–expression and present an algorithm that
finds groups of differentially co–expressed genes.
As a score we utilize:

S(I) =:
|J2| − 1

|J1| − 1
·
∑

I,J1
(r

(1)
ij )2

∑
I,J2

(r
(2)
ij )2

(1)

where the index set I refers to a group of genes and J1 as well as J2 refer to the two groups of patients.

The quantities r
(1,2)
ij are residuals of the expression values of gene i in patient j belonging to group J1 or

J2, respectively. The residuals are calculated with respect to an additive model where only genes in the
group I contribute. A similar score has been proposed in the context of biclustering by (2).
Now the problem of screening for groups of genes I with optimal scores S(I) remains. This cannot be
done exhaustively, since the set of candidate groups is too enormous. Therefore a heuristic is applied. A
greedy downhill search with stochastic elements is performed over the huge set of possible gene groups.
Random starting points are chosen. This procedure returns a group of genes with a locally optimal
differential co–expression score. Also a tuning parameter to influence the size of the finally found groups
is implemented.

Results

We applied the algorithm to a data set from a clinical study focusing on childhood leukemia (14). Part
of the data are expression profiles of children without cytogenetic abnormalities, in contrast to a group
of children which carry the Philadelphia chromosome. Philadelphia positive patients display significantly
worse survival. We took the cytogenetically normal samples as one phenotype, the Philadelphia positive
ones as another. Application of our algorithm led to the result, summarized in figure 4:
The most prominent pattern of differentially coexpression contained 55 genes, five of which were coding
for proteasome genes. This corresponds to a p–value of less than 3E−7 when employing a hypergeometric
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Figure 4: Comparison of two sets
of expression profiles. On the left
side the profiles are scaled and cen-
tered. The upper half presents
genes on the chip that code for
proteins associated with the pro-
teasome. The lower half repre-
sents a pattern of differentially co–
expressed genes, only five of which
are proteasome associated. While
reflecting the mean expression of the
proteasome well in the normal sam-
ples, this group of genes looses its
coherence in the Philadelphia posi-
tive samples.

test. Comparing the mean expression value of all the proteasome associated genes with the ones found
to be differentially co–expressed, we observed (see figure 4): In the normal tissue samples, where the
genes are co–expressed, the mean value of the proteasome genes is reflected well. This changes, when
the co–expression is lost in the Philadelphia positive samples. Since the proteasome is known to play a
role in oncogenesis (10; 3) this sets the stage for generating hypothesis about the role of the other genes
present in the differential co–expression pattern.
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