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Introduction

One of the most influential scientific ideas of the twentieth century is the central dogma
of molecular biology (Crick, 1970). It states that the transfer of information, in any living
cell, is from DNA to RNA and then from RNA to proteins. Hence, the DNA contains
the essential information for building and maintaining the cells of an organism. In any
given cell, the RNA molecules that are produced indicate which genes are expressed, and
thus which proteins that are going to be produced by that cell. Proteins, in turn, are
the end point effectors of cellular diversity. The composition of proteins determines the
fundamental properties of any cell, and how it responds to its environment; whether
it is a neuron of the brain, a hepatocyte of the liver or a leukemic cancer cell of the
blood (Alberts et al., 2002).

Underlying the central dogma is the structure of the DNA molecule (Watson and Crick,
1953). It consists of two anti-parallel strands where the basic building blocks; Adenine,
Guanine, Cytosine and Thymine, form A-T or C-G pairs with one of the molecules in
a pair on each strand of the back bone. The pairs are held together by hydrogen bonds
which can be broken if the temperature is increased. When the temperature is lowered,
the separated strands rejoin and form a double strand in such a way that the bases are
rejoined in the same A-T and C-G pairs. This principle of base pairing along the DNA
strand is fundamental for many of the techniques that provide genomic information,
especially DNA microarrays.

DNA microarrays, introduced by Schena et al. (1995) and Lockhart et al. (1996), enable
us to intercept the flow of information from DNA to proteins at the RNA level, thus
yielding information about which genes that are being used to synthesize proteins in any
given tissue, at any moment. The process of obtaining this data is rather involved, for
a review see, e.g. Cheung et al. (1999) or Holloway et al. (2002). A schematic outline
may be given as follows: First a sample is collected from the tissue of interest. Such
a sample typically contains millions of cells, and thus it is important to bear in mind
that the obtained data are averages over the cell population. The cells of the sample are
then disrupted, RNA is extracted and, if necessary, amplified. By reverse transcription,
the RNA is translated into DNA which is labeled with a fluorescent dye. Finally this
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DNA (or in some cases RNA copies of it) is hybridized onto a microarray. A microarray
is a small solid surface, upon which known genes or gene fragments are deposited or
synthesized, at high density, in a spatially ordered manner. The hybridization consists
of splitting the double strands of the sample DNA, and then applying the sample to the
microarray. After this, the temperature is lowered, and the fluorescently labeled single
strands of the sample attach to the immobilized probes of the microarray by base pairing.
By measuring the amount of fluorescence at each spot of the array, one obtains a measure
of the RNA level of each gene in the sample.

Figure 1: Overview of the cDNA microarray technology. Here, both the sample (la-
beled with green fluorescent dye) and a reference (labeled with red fluorescent dye) are
hybridized onto the same array. The array is scanned, and the amount of green and red
fluorescence at each spot is quantified. Finally, a file containing the ratios of green and
red fluorescence is created. Adapted in part, with permission, from Hedenfalk (2002).
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The introduction of microarrays, with which the expression levels of thousands of genes
can be measured in parallel, has extensively improved our knowledge and understanding
of how the genome works. The applications of this technique are manifold, and in what
follows I shall give a brief account of two of them.

Functional characterization of genes and gene regulation.

One of the first discoveries of gene expression analysis on the whole genome scale was that
genes with similar functions show similar expression. This has been confirmed in many
studies, and taken as a starting point for inferring the functions of previously uncharacter-
ized genes (Eisen et al., 1998; Chu et al., 1998; Spellman et al., 1998; Brown et al., 2000;
Hughes et al., 2000). A plausible biological reason for co-expression of a set of genes
is co-regulation. Many studies have thus been devoted to pinpointing the sets of tran-
scription factors, and upstream binding sites, that are responsible for the co-regulation
of genes (Holstege et al., 1998; Bussemaker et al., 2000; Jensen and Knudsen, 2000;
Keles et al., 2002). More elaborate studies have also taken into account the combinatorial
effects of transcription factors (Pilpel et al., 2001), and by combining microarray tech-
nology with chromatin immunoprecipitation large parts of the S. cerevisiae transcriptional
regulatory network have been unraveled (Lee et al., 2002).

Molecular classification of tissues

Molecular classification of tissues is in some respects orthogonal to the functional char-
acterization of genes, even though most studies incorporate both aspects in the analysis
of gene expression data. The main assumption is that the state of a tissue, or system
of cells, may be characterized by the unique combination of expression levels of the
genes harbored by the cells of the tissue. Pioneering work has validated this approach
to tissue classification using hierarchical clustering (Eisen et al., 1998; DeRisi et al.,
1996). Many different techniques have since been applied and tested. Both unsuper-
vised methods, like hierarchical clustering or self organizing maps (Golub et al., 1999;
Tamayo et al., 1999), and supervised methods like support vector machines (Furey et al.,
2000) or artificial neural networks (Khan et al., 2001), have been found useful. However,
each method has its own advantages and shortcomings, and the choice of method must
therefore be determined by the biological problem at hand (Quackenbush, 2001).



4 Introduction

Concluding remarks and thesis outline

In the quest of a holistic understanding of cellular function, much remains to be charted.
Post-translational modifications of proteins and exact measurements of protein concen-
trations are beyond what can be inferred from mRNA1 levels alone (Gygi et al., 1999).
The emerging proteomics techniques will thus, doubtlessly, contribute to a better un-
derstanding of the cellular machinery (Pandey and Mann, 2000; Mann et al., 2001).
However, it has recently been recognized that the functional roles of non-protein-coding
RNA may have been gravely overlooked. Thus, a number of amendments to the views
held in the light of the central dogma have been suggested (Mattick, 2003). Indeed, the
possible applications of DNA microarrays in such research are numerous.

The field of microarray data analysis has grown vast over the past decade. It addresses
all issues from image analysis and normalization to biological hypothesis generation by
the inclusion of prior knowledge. In what follows, I will discuss my contributions to
some of these areas, beginning with methods for purely statistical description of the data,
in particular for differential gene expression and clustering. Thereafter, I will discuss
statistical considerations of assigning significance to categories of annotation and finally
some aspects of how to integrate the data analysis with prior knowledge, in the form of
cellular signaling pathways. Each section starts out with a description of the nature of
the problem. Then follows a brief review of related research, and finally some aspects
of the methods employed and developed in this thesis are discussed. The last section,
Papers, gives a brief summary of each of the five papers, with emphasis on findings and
conclusions.

1As the aim of the introduction is to be general and schematic, I have refrained from using explicit denota-
tions of RNA type until this point. In this section, however, the protein-coding RNA, termed messenger RNA
(mRNA) is contrasted to non-protein-coding RNA.
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Differential Gene Expression and Clustering

Nature of the problem

A very straightforward question that can be posed with the help of a microarray is which
genes differ between two biological varieties. Biological varieties are defined by the inves-
tigator, and they can be confined at any level of description; neurons versus hepatocytes,
cultured S. cerevisiae in S versus G0 phase or tumors subjected to one type of treatment
versus those subjected to another. To measure gene expression in a variety, a sample must
be obtained. Depending on the biological heterogeneity of the variety and the microar-
ray measurement process itself, the obtained values will vary (Schuchhardt et al., 2000).
Thus, to separate relevant differences between varieties from irrelevant differences be-
tween samples, several samples from each variety are required (Lee et al., 2000). When
studying gene expression over many varieties, the problem is extended to grouping genes
by the similarity of their expression patterns over the varieties. Such clustering analyses
are usually performed using only one sample from each variety but, if many varieties are
considered, individual sample deviations are less likely to influence the result.

Related research

A common starting point for many methods for differential gene expression is normaliza-
tion. Various normalization schemes have been proposed throughout the literature but no
method stands out as the final solution to this problem (Quackenbush, 2002). The pur-
pose of normalization is to put every sample on equal footing, and this problem turns out
to be even harder when comparing data from different labs or different platforms (Yauk
et al., 2004). Some studies indicate that transforming the expression levels of a sample
into ranks yields better reproducibility for the samples of a variety (Cheng et al., 2003;
Kim et al., 2004). Indeed, this can be expected since any monotonous normalization of
the data will result in the same ranking. Recently, some methods for detecting differen-
tial gene expression, based solely on ranks, have been put forth (Breitling et al., 2004b;
Martin et al., 2004). In the method employed in papers I-III, we choose an even cruder
discretization of the data by considering only binary expression levels. Working with
discrete measures of gene expression lends itself to a very straightforward to approach to
assessing differential gene expression and cluster analysis.



6 Introduction

Methods employed

In papers I-III we employ and develop a probabilistic method for detecting differential
gene expression using discretized gene expression data. The discretization is based on
AffymetrixTM Absent/Present calls, and thus our model considers only binary values of
expression; 0 or 1. The general framework is however not restricted to binary states, but
an extension would require further testing and development. For a variety consisting of
n samples, the genes are represented by vectors of ones and zeros dg , for each gene g.
To describe the obtained distribution of expression vectors it is necessary to consider at
least two types of genes; genes that are expressed in the variety and genes that are not. If
all vectors contain only zeros or ones, then this is sufficient. However, for real data this
is rarely the case and to account for vectors with a mixture of ones and zeros we have
chosen to consider a third type of gene; one that varies randomly between the samples of
a variety. In summary, we consider three types of genes: �

0 genes which are always zero in
any sample, �

r genes which are randomly zero or one in any sample and �
1 genes which

are always one in any sample. These three types of gene expression will henceforth be
referred to as underlying states (of gene expression).

The question to be answered is then: Given the data2, dg , for a gene, what underlying
state is it in? A simple answer would be to say that if dg is only zeros, then it is a �

0 gene,
if it is only ones, then it is a �

1 gene and if it is a mixture, then it is a �
r gene. If there are

many samples of the variety, one could devise some form of majority vote, for instance
≥ 90% zeros or ones makes it a �

0 or �
1 gene, respectively, and anything else makes

it a �
r gene. A slightly more sophisticated model would also consider sample specific

effects; if one sample consistently contradicts the others, this should be incorporated into
the majority voting scheme. In a probabilistic formulation we wish to determine the
probability P( � |dg ) where � is one of the possible underlying states: �

0, �
r ,

�
1.

Estimating the sample specific variations, i.e., error probabilities, can be done by model-
ing the observed distribution of vectors, dg . In paper III we model this distribution by
using parameters for the probability of each underlying state; P( �

0), P( �
r), P( �

1) and
sample specific errors {P i

1→0, P i
0→1}

n
i=1. Once the model is fitted to the observed data the

desired probability can be computed for each gene and for each possible underlying state
using Bayes’ theorem:

P( � |dg ) =
P(dg |

� )P( � )

P(dg )
. (1)

Thus we obtain a probabilistic, rather than a static, assignment of a gene to an underlying
state.

2In paper III this data, dg , is referred to as S in order to contrast the observed state of a gene to the
underlying, i.e., modeled states � .
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To compute the probability a gene being differentially expressed between two varieties
A and B, we consider all possible combinations � A � B for the gene. The probability of
each combination is simply the product of the conditional probabilities of the underlying
states in each variety. The probability of the gene being higher in B is thus defined as
the sum P( �

A
0 |d

A
g )P( �

B
r |d

B
g ) + P( �

A
0 |d

A
g )P( �

B
1 |d

B
g ) + P( �

A
r |d

A
g )P( �

B
1 |d

B
g ). Similarly, we compute

the probability that a gene goes down, or remains indifferent, between the two varieties.
When considering many varieties, we compute the probability of any expression profile
over the varieties, and thus we obtain an inherently probabilistic assignment of genes to
expression profiles.

The method as presented so far is based on few assumptions and a very crude, binary,
discretization of data. An obvious critique of the model is that transcriptional response is
known to be both binary and discretized (Biggar and Crabtree, 2001), and furthermore
that expression averages over a heterogeneous cell population will by necessity be con-
tinuous. Yet, the method has been proven valid for assessing differential gene expression
(papers I to III). Extending it by discretizing the data into more than two levels is rather
forthright and deserves further efforts of evaluating and testing.

Annotation Enrichment Analysis

Nature of the problem

The purpose of statistical analysis of gene expression data is often to single out the genes
that are relevant to a biological question from those which are not. If the set of rele-
vant genes is small it may be easy, for an experienced investigator, to infer the biological
context from which the relevant genes were derived. However, in many analyses the set
of relevant genes can be huge. Surveying the literature for all those genes is often too
daunting a project. Thus, the investigator is lead to use faster methods such as searching
the annotations of the genes for overrepresented keywords. In this section, I will discuss
the problem of how to put such annotations enrichment analyses into a solid statistical
framework.

The output of gene expression analysis methods often come in two flavors. Some methods
output well defined subsets of the genes present on the microarray. A canonical example
of this is k-means clustering (Tavazoie et al., 1999). Other methods provide an ordering
of the genes, defined by their relevance to the biological question. An example of this
is ordering genes based on the p-value of a test of differential expression between two
biological varieties. The questions underlying any annotation enrichment analysis are
slightly different for the two forms of output. For the former type, one has to ask which
annotations that are overrepresented in the set of relevant genes. For the latter, one has
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to ask which annotations that are overrepresented towards the top of the ordered gene list
and give a precise definition to the meaning of overrepresentation towards the top of the
list.

Compilations of contextual gene annotations are steadily growing. Some examples in-
clude GenBank annotations, Unigene annotations, SwissProt keywords, enzyme classi-
fications (Bairoch, 2000) and Gene Ontology annotations. The Gene Ontology (Ash-
burner et al., 2000) is perhaps the most commonly used source of annotation. In addition
to providing mere terms of annotation, henceforth referred to as categories3, it also im-
poses a tree like structure4 onto those categories in such a way that less specific categories
appear as the mother nodes of more specific categories.

The number of categories applicable to the genes on a microarray can be overwhelm-
ing. At the time of writing, the Gene Ontology contains no less than 17,977 distinct
categories. This raises the issue of multiple hypothesis testing: If testing a thousand in-
dependent hypotheses, fifty of them are expected to be significant, at the 5% level, by
chance alone. An excellent review of this matter can be found in Manly et al. (2004).
For practical reasons though, multiple hypothesis testing may not always be a problem.
Often, the investigator is only interested in the ordering of categories, in pursuit of novel
hypotheses. Finding that a category such as ’alcohol metabolism’ is a highly significant
is of no interest in a study separating genes that participate in alcohol metabolism from
those that do not. To be useful, the annotation enrichment analysis must provide eluci-
dating or unexpected results that can be tested by other means than the microarray data
alone. For this purpose, a ranking of the categories is often sufficient. If however the
significant categories seem biologically unreasonable, it may be worthwhile to consider
the multiple hypotheses testing issue before starting up a big or expensive experiment in
the lab.

Another aspect of hypothesis testing is the choice of null hypothesis. For most data sets
there are two obvious choices to consider: A random permutation of sample labels, or a
random permutation of gene labels.

Related research

Annotation enrichment analysis goes back to the early days of microarray data analy-
sis (DeRisi et al., 1997; Lashkari et al., 1997; Eisen et al., 1998). In these, and many
other studies, the annotations of sets of interesting genes were simply listed in tables.
Later methods have brought more statistical rigor to this annotation enrichment analy-
sis. For the case of clearly defined subsets of genes, many authors have employed Fisher’s
exact test or variants thereof (Zeeberg et al., 2003; Draghici et al., 2003; Beissbarth and

3This choice of terminology refers to the annotation as describing a category of genes
4In a technical sense, the Gene Ontology is a directed acyclic graph.
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Speed, 2004). The null hypothesis for this test is that there is no association between a
gene belonging to a certain category, and it being in the subset of relevant genes. The
table below illustrates such a situation where the relevant genes are, for example, the set
of genes belonging to a certain cluster.

Metastasis Non-Metastasis

Relevant genes 10 90 100

Non-Relevant genes 10 890 900

20 980 1000

If a subset of 100 relevant genes is selected from a set of 1000 genes and 20 of the
1000 genes belong to the category ’Metastasis’, the expected number of genes with this
annotation in the relevant subset is (100/1000) × 20 = 2. Thus, in this example, genes
of the category ’Metastasis’ are clearly overrepresented in the subset. The p-value of this
observation is the probability to observe 10 or more ’Metastasis’ genes in the relevant
subset. This probability is given by

p =

20∑

i=10

(
20
i

)(
980

100−i

)
(

1000
100

) . (2)

Similarly, p-values of underrepresentation may be calculated.

For ordered gene lists, where no clear cutoff can be defined, various suggestions have
been put forth. Some authors (Berriz et al., 2003; Breitling et al., 2004a) suggest using an
optimization procedure to determine the cutoff for each category. This method, however,
renders the interpretation of p-values meaningless, and the authors have amended this
by using the optimized p-values as scores. Having established the score for a category,
they proceed directly to calculate a multiple hypothesis corrected p-value for the score by
comparing it to the distribution of scores obtained under the null model of randomly
permuted gene lists. A different approach, termed gene set enrichment analysis (GSEA),
is presented by Mootha et al. (2003). They use a Kolmogorov-Smirnov running sum to
score each category, and they then proceed to calculate multiple hypothesis corrected p-
values for each category under the null hypothesis of random sample label permutations.
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Methods employed

In paper IV, a few novel tools are brought to the table of annotation enrichment analysis
methods. For ranked gene lists, each category is assigned a score, based on the Wilcoxon
ranksum of the positions of the genes of the category in the ranked list (Wilcoxon, 1945).
The p-value of the score is assessed, for each category individually, by the fraction of per-
muted gene lists that yield a better score then the score tested. We have implemented this
method in the program Catmap which is freely available for download5. The program
can take any set of permuted gene lists as input when calculating p-values for the cate-
gories. Thus, by generating such lists, a user can employ any null model that he or she
sees fit, for example sample label permutation.

We also devise a method for adjusting the p-values for multiple hypothesis testing. This
method takes its starting point along the following line of reasoning. Suppose that N
independent categories of annotation are tested. Then the probability of obtaining at least
one category with a p-value below q is 1− (1−q)N . If the categories are not independent,
we assume that the probability is given on the same form but with N replaced by an
effective number of independent categories, Neff. To estimate this effective number of
independent categories we use K permuted gene lists, generated according to the null
hypothesis. For each list and all categories, we extract the lowest p-value, yielding the set
{pi}

K
i=1. By applying maximum likelihood estimation, we obtain the following relation

for Neff:

Neff =
K

−
∑K

i=1 ln(1 − pi)
. (3)

The individual category p-values are then adjusted as padj = 1 − (1 − p)Neff . For small p-
values this is similar to a Bonferroni correction, i.e., padj = p ·Neff (Bonferroni, 1936). The
K permuted gene lists are also used to obtain a false discovery rate. The false discovery
rate for the j highest ranked categories is obtained as follows: Given the p-value of the j:th
highest ranked category, pj , and the set of p-values for all categories in the K permuted
lists, SK , the false discovery rate is defined as the number of p-values in SK that are smaller
than pj , divided by K · j.

Pathways and Gene Expression Data

Nature of the problem

It is reasonable to hypothesize that prior contextual knowledge, in the form of pathways,
can be used to gain insight into the regulatory mechanisms underlying patterns of gene
expression data. The notion of pathways is however rather broad. For example, a differ-
entiation pathway refers to the sequence of events, by which an unspecialized precursor

5http://bioinfo.thep.lu.se/Catmap
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cell transforms into a fully differentiated cell with specialized functions. A metabolic
pathway refers to a series of enzyme-catalyzed biochemical reactions in a cell. The series
is defined in such a way that the product of one reaction is the substrate of the next re-
action. In paper V, we have chosen to study cellular signaling pathways, which are given
by extra-cellular signaling molecules (ligands) that activate receptors of the cell. Acti-
vated receptors then initiate intracellular signaling events, which eventually regulate the
activity of various transcription factors. These transcription factors, in turn, regulate the
expression levels of various genes, termed downstream targets of the pathway.

To gauge the activity of cellular signaling pathways, both proteomic and gene expression
data would be desirable. For the three cancer data sets studied in paper V (Golub et al.,
1999; van ’t Veer et al., 2002; Sotiriou et al., 2003), and indeed for many other data
sets, only the gene expression data is available. Since post-translational modifications of
proteins, such as phosphorylation and methylation, can not directly be inferred from gene
expression data and, furthermore, protein concentrations are not perfectly correlated to
mRNA levels, we have chosen to rely on the expression level of downstream targets alone
when gauging pathway activity. Although straightforward in its interpretation, there are
some drawbacks of this crude measurement. Many pathways overlap in terms of which
transcription factors they regulate, and many transcription factors overlap in terms of
which genes they regulate. These facts have to be accounted for when interpreting the
results of pathway activity measurements.

Cellular signaling pathway activity can be characterized from two principally different
points of view. From the point of view of the entire data set, one may measure the degree
of co-expression of downstream targets as an indicator of differential pathway activity.
From the point of view of each individual sample, one may measure the relative amount
of upregulation (or downregulation) of the downstream targets, in relation to the other
samples of the data set, and take this measure as indicative of the relative pathway activity
level in that sample.

Related research

In a broader perspective, cellular signaling pathways are only one specific instance of
gene regulatory systems. Many aspects of gene regulatory systems have been discussed
throughout the literature. Modeling the dynamics of gene regulation is reviewed in, e.g.,
de Jong (2002), and explicitly explored for the yeast transcriptional network (Kauffman
et al., 2003). Studies on the topology of the gene regulatory networks are presented, e.g.,
in Shen-Orr et al. (2002) and Lee et al. (2002).

A common starting point, when inferring co-regulation of genes, is the expectation that
co-regulated genes exhibit similar expression over a set of samples. In the context of
metabolic networks, this hypothesis is utilized by Rahnenführer et al. (2004), who devise
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various scores of average co-regulation for all pairs of non-identical genes in a pathway.
One of the earlier studies employing measures of co-regulation to assign statistically sig-
nificant scores to biologically relevant pathways is presented in Zien et al. (2000). The
methods of Zien et al. (2000) and Rahnenführer et al. (2004) both take their starting
point in fixed sets of genes representing putatively active pathways. A more flexible ap-
proach is given by Vert and Kanehisa (2003), whose starting point is a network of genes.
Given the expression profiles of those genes in a data set, they search for regularities in
the expression profiles of genes with respect to the network topology and are thus able to
extract pathways that are differentially active over the samples of the data set.

Compilations of metabolic and signal transduction pathways in the form of databases
are steadily growing. Some examples are the KEGG (Kanehisa and Goto, 2000) and
LIGAND (Goto et al., 2000) databases, the STKE database (Gough, 2002), and the
TRANSPATH (Krull et al., 2003) and TRANSFAC (Wingender et al., 2001) databases,
which are used in paper V.

Methods employed

The three cancer data sets studied in paper V are normalized in the following way: First,
each sample, i, of a data set is centered so that its mean expression is zero. Letting
xg,i represent the expression level of gene g in sample i, normalized samples will fulfill
P

g xg,i = 0. Second, each gene is centered over the samples of a data set, i.e.,
P

i xg,i = 0.

This ensures that the expression of a gene is measured in relation to its mean over all the
samples.

In assessing differential pathway activity over the samples of a data set, we use the standard
Pearson correlation coefficient r. For two genes, g and h, it is defined by:

rg,h =

∑
i(xgi − x̄g )(xhi − x̄h)√∑

i(xgi − x̄g )2
√∑

i(xhi − x̄h)2
, (4)

where x̄g refers to the mean expression of gene g over the samples.

We use two slightly different scores when measuring differential pathway activity over
the samples of a data set. Both scores are based on summing the values of r2

g,h for pairs
of downstream targets of the pathway. The first score uses all such pairs, and the sec-
ond, more restrictive score, uses only pairs of downstream targets that do not share the
same transcription factor. For both scores, the significance is calculated based on random
permutation of genes in the data set.

To measure the activity of a pathway in the individual samples of a data set, we devise
a score that is simply the sum of normalized expression levels xg,h for all downstream
targets of the pathway. A significance is given to the score based on the fraction of cases,
under random permutation of genes, for which a higher or lower score is obtained. These
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fractions define two p-values, p+ and p−, from which the overall p-value is defined as
2 × min{p+, p−}. The pathway is said to be active if p+ < p−; and inactive otherwise.

To analyze the association between the individual sample pathway activity, and clinical
variables of the data sets, we use contingency tables. For every pathway and data set,
we divide the samples into three groups: Samples where the pathway is active at a 5%
significance level, samples where it is inactive at a 5% significance level and samples where
it is not significant. For each of these contingency tables, we then calculate p-values using
a �

2 test.
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The Papers

Papers I and II

In these papers we apply the probabilistic estimation of microarray data reliability and un-
derlying gene expression to different biological problems. In both papers, expression data
from Affymetrix GeneChip arrays is discretized into two levels based on the Affymetrix
Absent/Present call. Paper I is a study of the effect of CD44 ligation on cultured human
B cells. In all, the study comprises six biological varieties; stimulated and non-stimulated
cells after 6, 24, and 72 hours in culture. Each variety contains four samples from dif-
ferent human donors. The analysis discerns the temporal effects of CD 44 ligation and
eventually novel functions of CD 44 ligation are suggested by the results. Paper II is a
study of stage specific gene expression in maturing murine B lymphocytes. Here, the four
varieties are four specific stages of B cell development: pro B cells, pre B cells, mature B
cells and plasma cells. Each variety again contains four samples which are derived from
standard cell lines, arrested at the corresponding stage of development. In this study, the
probabilistic analysis is accompanied by a dCHIP analysis and RT-PCR confirmation of
some of the results. It may be noted that out of 37 well known control genes, 10 were
misclassified by the dCHIP algorithm and 5 by the probabilistic method.

Paper III

Paper III contains a formal description of the method used in papers I and II. The accu-
racy of parameter estimation is tested with synthetically generated data, and it is found
to be valid in the parameter ranges applicable to typical data sets. Using synthetically
generated data we are able test the effect of correlations between samples of a variety.
Thus, assumption that �

r genes are represented by random vectors of zeros and ones is
scrutinized, and we find that for correlations below 0.2, the parameter estimation is still
reliable. Furthermore, we compare the probabilistic method to a standard t-test using the
same data as in paper II. We find that on a set of known control genes, the probabilistic
method is at least comparable to the t-test despite the crude discretization at only two
levels.

Paper IV

Paper IV is a study of how the choice of score function, and null hypothesis, influence the
significance of annotations for ordered gene lists. Analyzing three publically available data
sets (Alon et al., 1999; Golub et al., 1999; van ’t Veer et al., 2002), and ordering genes
according to their absolute Pearson correlation to sample labels, we find, as expected,
that the significance assigned by a cutoff based score function is highly dependent on



The Papers 15

the cutoff parameter. Thus, for ordered gene lists, it is preferable to use a parameter
free score function such as the Wilcoxon rank sum or the Kolmogorov-Smirnov statistic.
Furthermore, we conclude that a random permutation of gene labels often results in lower
p-values than random permutation of sample labels. We also find that the highest ranking
annotations (based on p-value) are in some respects similar, but in other respects dissimilar
between the two different null hypotheses. The reasons for this are further elucidated
in the paper. Finally, we present a method for estimating the number of independent
annotations, and we show that this estimation is supported by the data.

Paper V

In paper V we study signal transduction pathway activity in three publically available can-
cer data sets. Using pathways and downstream targets obtained from the TRANSPATH
and TRANSFAC databases, augmented with downstream targets of the estrogen–estrogen
receptor complex, we verify that many pathways are significantly differentially regulated
over the samples of the data sets. The estrogen–estrogen receptor downstream targets are
found to be significantly differentially regulated in the breast cancer data sets of van ’t
Veer et al. (2002) and Sotiriou et al. (2003), but not in the leukemia data set of Golub
et al. (1999). We also devise an individual sample pathway activity score. Using this score
we find many pathways for which the number of significantly regulated samples is much
higher than expected by chance. Finally, we investigate the association between sample
specific pathway activity and clinical variables. We find a number of clinical variables
that are strongly associated to pathway activity. Furthermore, our results indicate that
the sensitivity of the association decreases when lowering the p-value cutoff for pathway
activity while the specificity of the association increases.
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IMMUNOBIOLOGY

CD44-stimulated human B cells express transcripts specifically involved in
immunomodulation and inflammation as analyzed by DNA microarrays
Carl-Magnus Högerkorp, Sven Bilke, Thomas Breslin, Sigurdur Ingvarsson, and Carl A. K. Borrebaeck

A number of studies have implicated a
role for the cell surface glycoprotein CD44
in several biologic events, such as lym-
phopoiesis, homing, lymphocyte activa-
tion, and apoptosis. We have earlier re-
ported that signaling via CD44 on naive B
cells in addition to B-cell receptor (BCR)
and CD40 engagement generated a germi-
nal center–like phenotype. To further char-
acterize the global role of CD44 in B

differentiation, we examined the expres-
sion profile of human B cells cultured in
vitro in the presence or absence of CD44
ligation, together with anti-immunoglobu-
lin (anti-Ig) and anti-CD40 antibodies. The
data sets derived from DNA microarrays
were analyzed using a novel statistical
analysis scheme created to retrieve the
most likely expression pattern of CD44
ligation. Our results show that genes such

as interleukin-6 (IL-6), IL-1�, and �2-
adrenergic receptor (�2-AR) were specifi-
cally up-regulated by CD44 ligation, sug-
gesting a novel role for CD44 in
immunoregulation and inflammation.
(Blood. 2003;101:2307-2313)

© 2003 by The American Society of Hematology

Introduction

B-cell differentiation is highly regulated by components in the
surrounding microenvironment1 and is a central process in the
humoral immune response. This often involves germinal center
reactions eventually leading to population of the memory compart-
ment as well as to generation of plasma cells.2 Important players in
this process are, for example, adhesion molecules from the families
of integrins, selectins, and immunoglobulins, as well as chemoat-
tractants, such as the chemokines.3

The cell surface glycoprotein CD44 is a member of the
hyaladherin or link protein superfamily (LPSF) that interacts with
the polysaccharide hyaluronan (HA) in the extracellular matrix
(ECM). It is widely distributed in the body and mediates cell-cell
and cell-matrix interactions. In the hematopoietic system CD44 is
expressed on all cell types and has been shown to play a role in
lymphopoiesis and lymphocyte homing4 as well as in lymphocyte
activation5,6 and apoptosis.6-7 CD44 has furthermore been associ-
ated with several different pathologic states where the linkage to
cancer and autoimmune diseases is the most notable.4,8

All mechanisms supporting B-cell differentiation from a mature
naive B cell to an immunoglobulin (Ig)–producing plasma cell are
still not entirely understood, although many components have been
identified.2 We and others have previously investigated the role of
CD44 in the regulation of T-cell–dependent B-cell activation9 and
subsequent germinal center formation,10 where ligation of CD44
was shown to contribute to the induction of a phenotype closely
resembling a germinal center (GC) B cell.

B cells up-regulate CD44 upon activation,9,11,12 and HA-CD44
interactions induce activation of mature B cells in vivo.5 However,
CD44 is down-regulated during the germinal center reaction.13-15

Interestingly, ectopic GC-like structures are found in several
autoimmune and inflammatory diseases,16,17 indicating that a

microenvironment promoting formation of GC-like follicular struc-
tures is generated in these pathologic states. Apart from T cells and
follicular dendritic cells at these GC-like structures,18,19 an increase
in expression levels of CD44 was evident.20,21

To further elucidate the functional effects of CD44 ligation on B
cells, we assessed the transcriptional profiles from anti-CD44-
stimulated naive B cells also costimulated via CD40 and the B-cell
receptor (BCR). The transcriptional profile of approximately 6800
genes was evaluated by using a high-density DNA microarray
technique. To facilitate the analysis of the complex patterns in the
data set, we developed a novel statistical analysis scheme that
accounts for inherent errors in the experimental handling and
process often seen in these types of studies.22,23 In summary, the
CD44-dependent regulated genes in our analysis were found to
mainly pertain to proteins involved in inflammation and immuno-
modulation. Interestingly, the expression patterns regulated by
CD44 fall into 2 groups: (1) genes augmented or repressed by
CD44 in a temporal fashion and (2) genes directly regulated—that
is, induced—by CD44 alone. Our results suggest a role for CD44 in
the modulation of the mature B-cell response and may also have
implications in inflammatory and autoimmune diseases, because
genes such as the �2-adrenergic receptor for norepinephrin, platelet-
derived endothelial cell growth factor, as well as interleukin-6
(IL-6) and IL-1� were induced by CD44.

Materials and methods

Antibodies

R-phycoerythrin (RPE)–conjugated anti-CD38 antibodies were obtained
from Biosciences (BD; San Jose, CA). Anti-IgD-fluorescein isothiocyanate
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(FITC) and anti-CD3–phycoerythrin (PECy5) was obtained from Dako
(Glostrup, Denmark), and anti-CD38-PECy5 antibody was purchased from
PharMingen (San Diego, CA). Mouse antihuman IgM (AF6) and mouse
antihuman CD44 (BU52) antibodies were kindly provided by I. MacLennan
(University of Birmingham, United Kingdom). Mouse antihuman CD40
(S2C6) was a gift from S. Pauli (Stockholm University, Sweden).

Cells

Human tonsils were obtained from 4 different pediatric patients undergoing
routine tonsillectomy at the University Hospitals of Lund or Malmö.
Briefly, tonsils were minced and T cells were removed by rosetting with
neuraminidase-treated sheep red blood cells. Mononuclear T-cell–depleted
cells were isolated by density centrifugation using Ficoll-Isopaque (Amer-
sham Pharmacia Biotech, Uppsala, Sweden). The interphase fraction,
containing predominantly B cells, was washed in phosphate-buffered saline
(PBS) containing fetal bovine serum (FBS) (10%) and incubated with
precoated anti-CD38 Dynabeads, sheep antimouse IgG, or pan-mouse IgG
(Dynal Biotech, Oslo, Norway) for 45 minutes on ice. Cells depleted for
CD38 were stained with anti-CD38-PECy5, anti-CD3-PECy5, and anti-IgD-
FITC antibodies. Positive selection using flow cytometric cell sorting of
IgD�/CD38� B cells to a purity exceeding 98% was performed on a FACS
Vantage SE cell sorter (BD).

Cell culture condition

IgD�/CD38� B cells (2.0 � 106) from the 4 different human donors were
separately cultured at 37°C, 5% CO2, for a total of 6 hours, 24 hours, and 72
hours on 1.5 � 105 CD32-transfected fibroblasts (162CG7) with 0.2 �g/mL
anti-IgM (AF6) and 1.0 �g/mL anti-CD40 (S2C6) antibodies, with or
without 1.0 �g/mL anti-CD44 (BU52) antibodies. The culture was per-
formed in flat-bottomed 24-well plates (Costar, Corning, NY) using
complete medium: RPMI 1640 supplemented with 2 mM L-glutamine, 1%
nonessential amino acids, 50 �g/mL gentamicin (Gibco Life Technologies,
Gaithersburg, MD), and 10% FBS (Hyclone Laboratories, Logan, UT).

Isolation of mRNA

Freshly isolated cells from each separate culture were lysed in Trizol (Life
Technologies). The RNA was extracted from the cell lysate by adding 0.2
vol chloroform. The aqueous phase containing the RNA was separated and
subsequently precipitated with isopropanol and washed in 75% ethanol.
The RNA pellet was dissolved in diethylene pyrocarbonate (DEPC)-treated
water and further purified with the RNeasy Mini Kit (QIAGEN, Hilden,
Germany). The total RNA content was assessed spectrophotometrically
(GeneQuant II, Amersham, Pharmacia Biotech) within a 260/280 nm OD
(optic density) ratio of 1.9:2.1. After a second precipitation step in 2.5 vol
ethanol and subsequent wash, the RNA was resuspended in DEPC-treated
water. Five micrograms of total RNA was used for the cDNA and cRNA
synthesis, as previously described24; cRNA is quality controlled by gel
electrophoresis.

Hybridization and scanning of the DNA chips

A hybridization cocktail was prepared with the biotinylated and fragmented
cRNA at 50 �g/mL, as described previously,24 and hybridized onto
HuGeneFL microarrays (Affymetrix, Santa Clara, CA). The probe array
was then stained with a solution of 2 mg/mL acetylated bovine serum
albumin (BSA) and 10 �g/mL streptavidin R-phycoerythrin (Molecular
Probes, Eugene, OR). A secondary stain was performed with acetylated
BSA, normal goat IgG (Sigma Chemical, St Louis, MO), and biotinylated
goat antistreptavidin antibody (Vector Laboratories, Burlingame, CA) for
amplification. A final staining step with streptavidin R-phycoerythrin was
performed before the probe arrays were scanned in the gene array scanner
and checked using the Micro Array Suite 4.0 (Affymetrix), as described
previously.24 Several controls assessing the overall processing, the hybrid-
ization, and the quality of the material are included on the microarray. A
total of 6 arrays were run for every donor, one for every time point for both
the anti-CD44–stimulated and nonstimulated cells. In total, 24 arrays
were evaluated.

Statistical analysis

A brief review of the mathematical details of the statistical data analysis is
given here, and a more detailed description is available elsewhere (S.B.,
T.B., and M. Sigvardsson, unpublished data, 2002). The data consist of 6
different biologic varieties: anti-CD44-treated cells at 6, 24, and 72 hours
after the onset of treatment and untreated cells sampled at the same time
points. Each variety consists of 4 samples—that is, from the 4 different
human donors. For each variety, data are discretized using the Affymetrix
“present/absent” calls so that each gene is represented by a vector
S � {0,1}4. The distribution of observed states S in the variety is assumed
to be generated by 3 underlying biologic states: �0 for expression below the
detection level of the chips, �1 for expression above detection level, and �T

for genes with varying expression levels in the 4 samples. The latter state is
assumed to give rise to random vectors S with equal probabilities of 0 or 1 at
each position. For each measurement, a certain noise characteristic is
assumed. This noise characteristic is modeled by misclassification probabili-
ties {P031

i P130
i }i�1

4 .
To simplify the notation, we introduce the S dependent variables:

�130
i � P130

i 	Si,0 � (1 � P130
i )	Si,1

�031
i � P031

i 	Si,1 � (1 � P031
i )	Si,0

The distribution of observed states S is then modeled by

P(S) � P(
1)�i�1
4 �130

i � P(
0)�i�1
4 �031

i � P(
T)�i�1
4 1

2
(�130

i � �130
i )

This distribution is fitted to the observed data by �2 minimization of the
unweighted errors. With the parameter estimates generated from the fit, we
may now calculate the belief in terms of probability for an underlying state
given the observed one. P(�¦S) � [P(S¦�)P(�)]/P(S) where � � {�0,�T,�1}.
For the 36 � 729 possible expression profiles over the whole set of varieties
� � {6h�, 24h�, 72h�, 6h�, 24h�, 72h�}, we calculate the probability
of each one of them by  P(�� ¦ S�).

For simplicity, the underlying states �0, �T, and �1 are throughout the
paper referred to by their index symbols 0, T, and 1. Further, the expression
profile of a gene over the 6 varieties will be denoted, for example, 0T1000,
where the position of 0, T, or 1 in this pattern refers to the expressional state
in the variety 6h�, 24h�, 72h�, 6h�, 24h�, 72h�, respectively.

Flow cytometry and ELISA

Freshly isolated cells from each separate culture were assayed for IL-1�
surface expression by flow cytometry using a FACScan (BD) and for IL-6
expression in the supernatant using enzyme-linked immunosorbent assay
(ELISA). Anti-IL-1�-PE was purchased from PharMingen, while the
human IL-6 ELISA kit was purchased from R&D Systems
(Minneapolis, MN).

Results

To study the transcriptional changes associated with a CD44
stimuli on naive B cells, the entire cell population from ectomized
pediatric tonsils was fractionated and a naive B-cell subset, defined
by immunoglobulin (Ig) D cell surface expression and a lack of
CD38, was collected. These cells were propagated in the presence
of anti-CD40 and anti-IgM antibodies and immobilized on CD32-
transfected fibroblasts.25 The phenotypic and functional changes
then attributed to a CD44 stimulation were evaluated at 6, 24, and
72 hours over 4 separate samples using high-density DNA microar-
rays displaying probes for approximately 6800 genes and several
hundred expressed sequence tags (ESTs).

To investigate the sample coherence, we constructed a Ham-
ming distance matrix of all samples (Figure 1). This validation
clearly shows how samples labeled 1 in both treated and
untreated cells at 72 hours deviate from the other samples. The
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deviation is also noted as raised misclassification probabilities
for these samples (data not shown). Because the algorithm is
designed to handle deviations even of this magnitude, the
samples were retained.

To assess the difference in gene expression induced by CD44
ligation, the genes were clustered according to their most probable
expression profile over the 6 varieties. These expression profiles can be
viewed as 6-letter strings composed by 0, T, or 1 in the following order:
6h�, 24h�, 72h�, 6h�, 24h�, 72h�. For example, a gene with most
probable expression profile 01T000 is below the detection level of the
chip at 6 hours in the treated group, above the detection level at 24 hours
in the treated group, and transient (varying) in the treated group at 72
hours. However, the expression level is below the detection level at all
times in the untreated group.

To select genes directly regulated by CD44 (ie, induced or
repressed by CD44) at all times, we extracted those having an
expression pattern matching (1/T, 1/T, 1/T, 0, 0, 0) and (0, 0, 0, 1/T,
1/T, 1/T). To select temporally regulated genes (ie, genes having an
earlier or delayed induction by CD44), we extracted those having
an expression pattern matching (1/T, 1/T/0, 1/T/0, 0, 1/T/0, 1/T/0)
and (0, 1/T/0, 1/T/0, 1/T, 1/T/0, 1/T/0). The selected clusters were
further refined by applying a ranking of the genes having the
highest appearance frequency within each specific pattern. In this
way the most significant members were assessed. Tables 1 and 2
show genes directly regulated by CD44, and Tables 3 and 4 show
genes temporally regulated by CD44.

The ligation of CD44 on a naive B-cell population was recently
shown by us to partially induce a germinal center phenotype,10 as
defined by an up-regulation of CD10, CD77, and CD95. The
present analysis confirmed the induced presence of CD10 (MME)
and CD95 (TNFRSF6) on the transcriptional level (Table 2). The
neutral glycosphingolipid CD77 is not represented on the microar-
ray. In the present setting the difference in CD10 and CD95
expression was attributed to a temporal induction, because the
CD95 transcript was found in the 11101T cluster and the CD10 is

Figure 1. Hamming distance matrix visualizing the number of genes differing
between any 2 samples. The color scale ranges from black, indicating no difference,
to white, indicating a 2828-gene difference. The ordering is as follows (from the lower
left corner up and right): CD44-stimulated (indicated as �CD44) sample no. 1 at 6,
24, and 72 hours; CD44-stimulated sample no. 2, at 6, 24, and 72 hours; sample no. 3
at 6, 24, and 72 hours; and sample no. 4 at 6, 24, and 72 hours. In a corresponding
series is the control receiving no CD44 stimuli (indicated -CD44).

Table 1. Genes directly regulated and induced by anti-CD44

HGNC* Annotation Accession no. Pattern

IL1A Interleukin 1, alpha M28983 TTT000

NA Human clone 23908 mRNA sequence U79290 TTT000

NA Human (BSF-2/IL6) gene for B cell stimulatory factor-2 Y00081 TTT000

PDE6A Phosphodiesterase 6A, alpha subunit M26061 TT1000

NA H sapiens mRNA sequence (15q11-13) X69636 TT0000

C18B11 C18B11 homolog U67934 TT0000

MLLT3 Myeloid/lymphoid or mixed-lineage leukemia (trithorax homolog, Drosophila); translocated to, 3 L13744 T1T000

SOX5 SRY (sex-determining region Y)-box 5 S83308 T10000

ATP1A2 ATPase, Na�K� transporting, alpha-2 polypeptide J05096 T10000

AQP1 Aquaporin 1 U41518 T0T000

STX1A Syntaxin 1A L37792 T0T000

PLG Plasminogen M34276 T01000

IF I factor Y00318 T00000

AFAP Actin filament associated protein D25248 1TT000

SH3BP2 SH3-domain binding protein 2 AB000462 11T000

GCNT2 Glucosaminyl (N-acetyl) transferase 2, I-branching enzyme L41607 0TT000

PYGL Phosphorylase, glycogen; liver M14636 0TT000

ADRB2 Adrenergic, beta-2-, receptor, surface M15169 0TT000

PIGA Phosphatidylinositol glycan, class A S78467 0TT000

ECGF1 Endothelial cell growth factor 1 S72487 0T1000

NBL1 Neuroblastoma, suppression of tumorigenicity 1 D28124 0T1000

MITF Microphthalmia-associated transcription factor Z29678 0T0000

STK9 Serine/threonine kinase 9 X89059 00T000

ALB Albumin U22961 00T000

CAMK2D Calcium/calmodulin-dependent protein kinase (CaM kinase) II delta U50361 00T000

MAPK14 Mitogen-activated protein kinase 14 L35253 00T000

RGS3 Regulator of G-protein signaling 3 U27655 00T000

SERPINC1 Serine (or cysteine) proteinase inhibitor, clade C (antithrombin), member 1 M21642 00T000

*Annotation based on HUGO Gene Nomenclature Committee (HGNC): http://www.gene.ucl.ac.uk/nomenclature/.
NA indicates not applicable.
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found in the 11T0TT cluster. This indicated that CD44-dependent
induction of these molecules occurred at the earlier time points.

The list of directly regulated genes represents several novel
members. In the cluster designated 00T000, representing genes
differentially expressed at 72 hours by CD44 ligation, is the
SERPINC1 transcript for antithrombin III found. This cluster also
contains the RGS3 transcript for the G-protein signaling regulator 3
protein, which is involved in the regulation of chemoattractant-
mediated migration in lymphocytes.26,27 The cluster 0TT000,
representing genes that are differentially up-regulated after 6 hours
by the CD44 ligation, contains the transcript for the �2-adrenergic
receptor (ADRB2). This receptor binds the sympathetic nervous
system (SNS) mediator norepinephrine. This is of interest, because
norepinephrine innervation of lymphoid organs plays a central
regulatory role in the immune system.28

In the cluster 0T1000 we found the platelet-derived endothelial
cell growth factor (ECGF1). This cytokine is known for its
involvement in cancer and rheumatoid arthritis and has, for
instance, been shown to induce inflammation and hyperplasia in
synovial cells.29 In the cluster described by TTT000, the immuno-
modulating interleukins IL-6 and IL-1� (IL1A) were found. IL-6 is
secreted upon inflammation and has a wide array of functions both
centrally and peripherally.30 IL-1� is another cytokine that has been
implicated in functions both centrally and peripherally. In this

context, it is a cytokine that has been considered to have overlap-
ping functions with IL-1�,31 although IL-1� has been found not to
compensate for IL-1� loss.32 However, several studies have
reported a role for IL-1� in T helper cell regulation,33-34 suggesting
a more confined functionality.

The up-regulation of IL-1� and IL-6 mRNA led us to investigate
their presence at the protein level. Flow cytometry analysis was used to
detect surface expression of IL-1� at the various time points after CD44
ligation. The population of IL-1�-expressing cells increased by a factor
of 3.9 (SEM 0.44) at 24 hours. In total, 10% (SEM 0.16) of the total
CD44-stimulated B-cell population was IL-1�� at 24 hours (data not
shown). The IL-6 production at the various time points after CD44
ligation was assessed by ELISA. The average net increase of CD44-
induced IL-6, observed at 24 and 72 hours, was 1.6 times (SEM 0.26),
reaching a total concentration of 300 pg/mL (SEM 30.0). These findings
validate the CD44 involvement in the induction of these 2 immunomodu-
latory cytokines.

Discussion

The hyaluronan (HA) receptor CD44 has been implicated in the
regulation of the immune system, and as a member of the
hyaladherin family of proteins its role in adhesion and extracellular

Table 2. Genes directly regulated and repressed by anti-CD44

HGNC* Annotation Accession no. Pattern

SSTR4 Somatostatin receptor 4 L14856 000TTT

NA H sapiens CREB gene X68994 000TTT

PALM Paralemmin D87460 000TT0

NA H sapiens mRNA for NK receptor X97230 000TT0

SLC14A1 Solute carrier family 14 member 1 U35735 000T0T

PRDM2 PR domain containing 2 U17838 000T0T

HLCS Holocarboxylase synthetase D87328 000T01

APC Adenomatosis polyposis coli M73548 000T00

MLLT10 Myeloid/lymphoid or mixed-lineage leukemia (trithorax homolog, Drosophila); translocated to, 10 U13948 0001T0

PLS1 Plastin 1 L20826 0000TT

LU Lutheran blood group X80026 0000TT

SERPINA1 Serine (or cysteine) proteinase inhibitor, clade A (alpha-1 antiproteinase, antitrypsin), member 1 K01396 0000T0

LAMP2 Lysosomal-associated membrane protein 2 L09717 0000T0

GUCY2F Guanylate cyclase 2F, Retinal L37378 00000T

EPHB3 EphB3 X75208 00000T

*Annotation based on HUGO Gene Nomenclature Committee (HGNC): http://www.gene.ucl.ac.uk/nomenclature/.
NA indicates not applicable.

Table 3. Genes temporally regulated by induction by CD44

HGNC* Annotation Accession no. Pattern

PRPF18 PRP18 pre-mRNA processing factor 18 U51990 1TT00T

NFKB2 Nuclear factor of kappa light polypeptide gene enhancer in B-cells 2 U20816 1T10TT

KDELR1 KDEL (Lys-Asp-Glu-Leu) endoplasmic reticulum protein retention receptor 1 X55885 1T10TT

PNMT Phenylethanolamine N-methyltransferase X52730 1T10T1

DDX7 DEAD/H (Asp-Glu-Ala-Asp/His) box polypeptide 7 (RNA helicase, 52 kDa) D26528 1T100T

MME Membrane metallo-endopeptidase (neutral endopeptidase, enkephalinase, CALLA, CD10) J03779 11T0TT

MPP3 Membrane protein, palmitoylated 3 U37707 11T0T1

KIAA0121 KIAA0121 gene product D50911 1110T1

TNFRSF6 Tumor necrosis factor receptor superfamily, member 6 X63717 11101T

NA Human XIST X56199 111011

DIPA Hepatitis delta antigen-interacting protein A U63825 111011

PRIM2 Primase, polypeptide 2A X74331 111011

GPR31 G protein-coupled receptor 31 U65402 10T0T0

HR44 Hr44 antigen X91103 10T0T0

*Annotation based on HUGO Gene Nomenclature Committee (HGNC): http://www.gene.ucl.ac.uk/nomenclature/.
NA indicates not applicable.
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interactions has been extensively investigated.4 Furthermore, a
crucial role of CD44 in inflammation has also lately been demon-
strated.35 In the present study we assessed the transcriptional
outcome of ligation of CD44 on mature naive tonsillar B cells. The
dataset was analyzed employing a novel statistical analysis scheme
created to retrieve the most likely expression pattern of an observed
distribution. We were thus able to extract the patterns for genes
classified as directly or temporally regulated by the anti-CD44
stimuli (Tables 1-2).

Our previous observation that CD44 ligation in naive B cells in
fact induced a GC B-cell–like phenotype was corroborated in the
present transcriptional analysis, in that CD10 (MME) and CD95
(TNFRSF6) were shown to be temporally regulated by CD44. The
neutral endopeptidase CD10 has a strong association to activated
germinal center B-cell populations,36 and the only other stage in
B-cell ontogeny where CD10 is expressed is at the pro-B-cell stage
in bone marrow. The functional role of CD10 is associated to
inflammation, and CD10 provides protection to several neuropep-
tides and other mediators of inflammation in tissue. Some of the
substrates include endothelin, bradykinin, substance P, calcitonin
gene-related peptide, neuropeptide Y, and IL-1�.37 The CD95
expression is also highly associated with activation, especially in
lymphocytes.38 This receptor is a prerequisite for a physiological
control of the activated immune system, enabling the possibility to
clear malfunctioning cells by apoptosis. If this control is perturbed,
the imbalance in the immune system could lead to autoimmunity.
Interestingly, an increased susceptibility to CD95-mediated activa-
tion-induced cell death has been linked to CD44 functionality on
thymocytes.6,7

Among the components that were found to be directly regulated
by CD44 were the cytokines IL-6 and IL-1�. IL-6 is a pleiotropic
molecule involved as a regulator of inflammation both centrally
and peripherally.30 A role of IL-6 in the induction and progression
of arthritis has also been demonstrated in IL-6–deficient mice.39

IL-6–deficient mice, furthermore, show impaired antibody produc-
tion and reduced numbers of both B and T cells in lymph nodes as
well as reduced germinal center formation.40 The induction of IL-6
is not unique to CD44, because IL-6 induction has been associated
also with CD40-mediated signaling.41 However, CD44 has been
shown to augment IL-6 production in human rheumatoid synovial
cells42 and polymorphonuclear cells,43 which is in agreement with
our findings where the CD44 ligation generated an increase in IL-6
protein production. Interestingly, it has also recently been reported
that IL-6 production can be specifically attributed to CD44 v6 at
least in macrophages.44

Direct regulation by the CD44 stimuli was evident also for the
IL-1� transcript (IL1A). This induction seems to be present
relatively early in time and is sustained throughout the 72 hours as
it follows the TTT000 pattern. Several studies have demonstrated a
CD44-dependent induction of IL-1.45,46 However, in contrast to
previous studies, the CD44 ligation on the BCR and CD40-
activated B cells induced IL-1�. The immunomodulatory function
of IL-1� is mostly associated with T helper cell proliferation. It
induces T helper-2 (TH2) cell proliferation independently of IL-4
and initiates autocrine IL-1� production,34 which furthermore has
been shown to increase the TH2 responsiveness to IL-4.47 Our
confirmation that IL-1� was up-regulated at the protein level also
demonstrated that a CD44 ligation augmented this surface expres-
sion, and a nearly 4-fold increase in the number of IL-1�–
producing cells was evident. Taken together, these results suggest
an attractive role of CD44-activated B cells in the regulation of
T-cell proliferation.

CD44 has also been implicated in lymphocyte migration. In this
study SERPINC1 and RSG3, both potent regulators of migration,
were shown to be regulated by CD44. The serpin, antithrombin III
(SERPINC1), is an important regulator of the coagulation cascade
as well as being involved in inflammation.48 Antithrombin III has
also been found to inhibit chemokine-mediated migration through

Table 4. Genes temporally regulated by repression by CD44

HGNC* Annotation Accession no. Pattern

KIAA0196 KIAA0196 gene product D83780 00T1TT

CRYGEP1 Crystallin, gamma E pseudogene 1 K03008 00T1TT

LYZ Lysozyme J03801 00T1TT

KIAA0141 KIAA0141 gene product D50931 00TT0T

TERF1 Telomeric repeat binding factor U40705 00TT1T

EFNA3 Ephrin-A3 U14187 00TTT0

RNTRE Related to the N terminus of tre D13644 00TTT1

NUCB2 Nucleobindin 2 X76732 00TTT1

PAFAH2 Platelet-activating factor acetylhydrolase 2 D87845 00TTTT

GCG Glucagon J04040 00TTTT

ELL ELL gene U16282 00TTTT

MNAT1 Menage a trois 1 (CAK assembly factor) X87843 00TTTT

NR4A3 Nuclear receptor subfamily 4, group A, member 3 X89894 01T1TT

SLC18A1 Solute carrier family 18, member 1 U39905 0T0TTT

NA Human clone 23907 mRNA sequence U90907 0T111T

PLK Pololike kinase U01038 0T1T11

CCNG2 Cyclin G2 U47414 0T1T11

MX2 Myxovirus (influenza virus) resistance 2 M30818 0T1T1T

HTR1A 5-hydroxytryptamine (serotonin) receptor 1A M83181 0TT11T

FRDA Friedreich ataxia U43747 0TT11T

MEF2A MADS box transcription enhancer factor 2, polypeptide A X68505 0TT1T1

SNCA Synuclein, alpha U46901 0TTT11

APOC3 Apolipoprotein C-III X01388 0TTT1T

PRKACA Protein kinase, cAMP-dependent, catalytic, alpha M80335 0TTTT1

AUH AU RNA binding protein/enoyl-coenzyme A hydratase X79888 0TTTT1

*Annotation based on HUGO Gene Nomenclature Committee (HGNC): http://www.gene.ucl.ac.uk/nomenclature/.
NA indicates not applicable.
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the heparan sulfate proteoglycans syndecan-4 49 and by a similar
interaction also to interfere with nuclear factor-�B (NF-�B)
activation,50 which explains the anti-inflammatory effects of the
enzyme. Another regulator of chemokine-mediated migration with
a differential expression pattern is the G-protein signaling regulator
RGS3. This molecule is a modulator of chemotaxis and cell
adhesion mediated by G protein-coupled chemokine receptors26

and has been found to efficiently inhibit B-cell chemotaxis
mediated by the CXCR4, CXCR5, and CCR7.27 Thus, the regula-
tory properties of SERPINC1 and RSG3 may be of critical
importance, because a balance in the chemokine-mediated migra-
tion of lymphocytes has shown to be instructive in the formation of
the secondary lymphoid organ structures.3

Another up-regulated immunoregulatory gene dependent on
CD44 stimulation is the �2-adrenergic receptor (�2-AR). The
adaptive response to inflammation involves components of the
central nervous system (CNS). The systemic release of proinflam-
matory cytokines triggers the enrollment by CNS of the hypotha-
lamic-pituitary-adrenal (HPA) axis and the sympathetic nervous
system (SNS). These systems in concert modulate the immune
response by a subsequent release of glucocorticoids from the
adrenal glands and norepinephrine (NE) by postganglionic norad-
renergic nerve endings, respectively. The peripheral discharge of
glucocorticoids and NE will inhibit TH1 responses and promote a
TH2 response thereby counteracting the inflammatory reac-
tion.43,51,52 The sympathetic regulation of the immune system is
mediated mainly by the �2-AR, which has been found on all
lymphocytes except for TH2 cells. In B cells it has been reported
that the �2-AR facilitates TH2-dependent IgG1 and IgE production
quantitatively after antigen stimulation in mice.53,54 It is also
proposed that the �2-AR plays a role in germinal center formation,

because NE depletion attenuates GC formation.53 The �2-AR
transcript ADRB2 is contained in a cluster characterizing genes
induced after 24 hours (0TT000). This indicates that in line with
proinflammatory cytokines55 the CD44 stimuli seem to be a
regulator of the �2-AR expression of B cells. The �2-adrenergic
receptor uses the cyclic adenosine monophosphate (cAMP) and the
protein kinase A (PKA) pathway. This pathway has been reported
to regulate TH1 and TH2 responses and TH2-dependent IgE and IgG
production in B cells by a number of effectors.56 Thus, the induced
presence of the �2-AR suggests a B cell involved in a TH2-
dependent response.

Interestingly, a recent study demonstrated rapid down-
regulation of CD44 on NK cells by NE treatment,57 and it is
possible to speculate on a similar mechanism in the heavily
innervated marginal zone. Such a mechanism presents a possible
scenario where the CD44 participates in the decision making of the
B-cell faith. For example, antigen-induced CD44 9,11,12 will as a
costimultory molecule9 participate in a T cell-B cell cognate
interaction with a sequential up-regulation of the �2-AR. This
�2-AR up-regulation will mount the pivot point in this regulatory
process at which the neuroendocrine system decides whether a
germinal center formation should be supported or not. The �2-AR
signaling will consequently induce cellular events facilitating GC
formation53,54 characterized by a CD44 down-regulation.

In summary, our results suggest a novel role for CD44 in
immunoregulation and inflammation. More specifically, possible
mechanisms for CD44 involvement in the humoral response and
the formation of germinal center reactions based on the up-
regulation of transcript for CD10, CD95, IL-6, IL-1�, and �2-AR
are proposed.
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RNA analysis of B cell lines arrested at defined stages of
differentiation allows for an approximation of gene
expression patterns during B cell development
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Abstract: The development of a mature B lym-
phocyte from a bone marrow stem cell is a highly
ordered process involving stages with defined fea-
tures and gene expression patterns. To obtain a
deeper understanding of the molecular genetics of
this process, we have performed RNA expression
analysis of a set of mouse B lineage cell lines rep-
resenting defined stages of B cell development us-
ing AffymetrixTM microarrays. The cells were
grouped based on their previously defined pheno-
typic features, and a gene expression pattern for
each group of cell lines was established. The data
indicated that the cell lines representing a defined
stage generally presented a high similarity in over-
all expression profiles. Numerous genes could be
identified as expressed with a restricted pattern
using dCHIP-based, quantitative comparisons or
presence/absence-based, probabilistic state analy-
sis. These experiments provide a model for gene
expression during B cell development, and the cor-
rectly identified expression patterns of a number of
control genes suggest that a series of cell lines can
be useful tools in the elucidation of the molecular
genetics of a complex differentiation process. J.
Leukoc. Biol. 74: 102–110; 2003.

Key Words: gene expression � immunoglobulin � progenitor B cells

INTRODUCTION

B lymphocyte development is a highly ordered process pro-
ceeding from the progenitor cells in the bone marrow (BM) to
the immunoglobulin (Ig)-secreting plasma cell in the spleen,
gut, or BM [1, 2]. The early steps of this developmental
pathway can be divided into distinct stages based on the
recombination status of the Ig genes and on the expression
pattern of surface markers and the presence of intracellular
proteins [1–6]. The early progenitor B (pro-B) cells in the
mouse have their Ig genes in a germ-line configuration and
express the surface molecules B220 and AA4.1, the signal-
transducing molecule Ig� (B29), and the �-subunit of the
interleukin (IL)-7 receptor [5, 6]. Subsequent differentiation
results in the expression of the recombination-activating genes

Rag-1 and Rag-2 and initiation of Ig recombination events [7].
This generates a functional Ig heavy-chain (IgH) gene that is
transcribed, translated, and displayed on the cell surface in
complex with the surrogate light-chain components �5 and
VpreB, as well as the signal-transduction molecules Ig� (mb-1)
and Ig� (B29) [8]. Subsequent differentiation allows for rear-
rangements of the Ig light-chain (IgL) genes that replace the
surrogate light-chain genes on the surface of the B cell [8]. This
immature cell is then subjected to negative selection to delete
self-reactive cells before it leaves the BM to enter peripheral
lymphoid organs, where it becomes a mature B cell [9]. If the
cells are activated by interaction with antigens and obtain T
cell help, they mature into terminally differentiated plasma
cells secreting large amounts of antibodies [10–12]. The ex-
tensively studied biology of B cell development, in combina-
tion with the defined stages of differentiation, makes it a useful
system for investigations of complex molecular events that
might provide clues to general features of cellular develop-
ment.

To obtain a deeper understanding of the molecular processes
involved in B cell development and to create a map over
stage-restricted gene expression, we wanted to establish a
model system that allowed for a reasonable approximation of
the gene expression profile during B lymphoid differentiation.
Features such as varying proliferation status, heterogeneous
populations, and difficulties to obtain sufficient amounts of
material limit the use of primary sorted cells. The existence of
numerous B cell lines arrested at defined differentiation stages
would then pose a possibility to overcome some of these
problems. They also provide a highly reproducible source of
material that allows for the performance of large-scale gene
expression analysis without the use of intermediate amplifica-
tion steps. The use of cell lines does, however, introduce a risk
of obtaining cell line-specific features as a result of the trans-
formation process. To reduce the risk of analyzing cell line-
specific features, we used several representative cell lines for
each of four major stages in B cell development: pro-B, pre-B,
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B, and plasma cells, and investigated the gene expression
pattern in these cell lines by AffymetrixTM microarrays con-
taining �12,000 gene tags. This allowed for the correct clas-
sification of a large number of control genes using dCHIP-
based, relative expression level analysis [13] or presence/
absence (P/A)-based, probabilistic state analysis (S. Bilke et
al., submitted). We also identified a large number of additional
genes that now can be considered as candidates to display
stage-restricted expression patterns during B cell development.

MATERIALS AND METHODS

Tissue-culture conditions

All cells were grown at 37°C and 5% CO2 in RPMI supplemented with 7.5%
fetal calf serum, 10 mM HEPES, 2 mM pyruvate, 50 �M 2-mercaptoethanol,
and 50 �g/ml gentamycin (all purchased from Life Technologies AB, Täby,
Sweden). The pro-B cell lines were grown in RPMI as above, supplemented
with 10% of IL-3 containing WEHI3-conditioned media. The Ba/F3 subclones
were kind gifts from Drs. Rudolf Grosschedl (Gene Center, Munich), Ramiro
Gisler (Department for Stemcell Biology, Lund University), and Johan Forssel
(Department of Cell and Molecular Biology, Umeå University), and the Ly9D
cells were a gift from Dr. Meinrad Busslinger (IMP, Wienna). The pre-B cell
line 18–81 was a gift from Dr. Inge-Lill Mårtensson (The Babraham Institute,
Cambridge), and all the other cell lines were gifts from Dr. Thomas Leanderson
(Department of Immunology, Lund University).

Gene expression analysis

RNA was prepared using Trizol (Gibco, Grand Island, NY), and 7.5 �g of total
RNA was annealed to a T7-oligo T primer by denaturation at 70°C for 10 min
followed by 10 min of incubation of the samples on ice. First-strand synthesis
was performed for 2 h at 42°C using 20 U Superscript reverse transcriptase
(RT; Gibco) in buffers and nucleotide mixes according to the manufacturer’s
instructions. This was followed by a second-strand synthesis for 2 h at 16°C,
using RNaseH, Escherichia coli DNA polymerase I, and E. coli DNA ligase (all
from Gibco), according to the manufacturer’s instructions. The obtained,
double-stranded cDNA was then blunted by the addition of 20 U T4 DNA
polymerase and incubated for 5 min at 16°C. The material was then purified by
phenol:cloroform:isoamyl alcohol extraction followed by precipitation with
NH4Ac and ethanol. The cDNA was then used in an in vitro transcription
reaction for 6 h at 37°C using a T7 IVT kit and biotin-labeled ribonucleotides.
The obtained cRNA was purified from unincorporated nucleotides on an
RNAeasy column (Qiagen, Valencia, CA). The eluted cRNA was then frag-
mented by incubation of the products for 2 h in fragmentation buffer (40 mM
Tris-acetate, pH 8.1, 100 mM KOAc, 150 mM MgOAc). The final, fragmented
cRNA (20 �g) was hybridized to AffymetrixTM chip U74Av2 (Affymetrix, Santa
Clara, CA) in 200 �l hybridization buffer [100 mM 2-(N-morpholino)-ethane-
sulfonic buffer, pH 6.6, 1 M NaCl, 20 mM EDTA, 0.01% Tween 20], supple-
mented with Herring sperm DNA (100 �g/ml) and acetylated bovine serum
albumin (500 �g/ml) in an Affymetrix Gene Chip Hybridization Oven 320. The
chip was then developed by the addition of fluorescein isothiocyanate (FITC)-
streptavidin followed by washing using an Affymetrix Gene Chip Fluidics
Station 400. Scanning was performed using a Hewlett Packard Gene Array
scanner.

Data analysis

Probabilistic estimation of gene expression pattern was performed using the
Breslin/Bilke method (S. Bilke et al., submitted). Hierarchical tree clusters
were generated using the dCHIP program (Li and Wong [13], �http://
biosun1.harvard.edu/complab/dchip/�). The initial analysis (see Fig. 2) was
performed using the perfect match (PM)-only model, and genes were filtered
according to 0.50 �standard deviation/mean between �10.00, and P call in
the array used �20%. The pro-B, pre-B, B, and plasma cell lines (see Fig. 4
and Supplemental Figs. 1–4 available at http://www.jleukbio.org/) were treated
as replicates using the same model as above but a P call above 10%.
Classification of genes with an apparent restricted expression pattern in the

P/A analysis into functional groups was performed manually using the National
Center for Biotechnology Information (NCBI; National Institutes of Health,
Bethesda, MD) database (see supplementary tables). Nondefined genes in the
data set were resubmitted in a Blast search into Genebank allowing for the
identification of most of these entries.

RT and polymerase chain reactions (PCRs)

RNA was prepared from cells using Trizol (Life Technology), and cDNA was
generated by annealing 1 �g total RNA to 0.5 �g random hexamers in 10 �l
diethylpyrocarbonate-treated water. RT reactions were performed with 200 U
Superscript RT (Life Technologies) in the manufacturer’s buffer supplemented
with 0.5 mM dNTP, 10 mM dithiothreitol, and 20 U RNase inhibitor (Boehr-
inger Mannheim, Bromma, Sweden) in a total volume of 20 �l at 37°C for 1 h.
One-twentieth of the RT reactions were used in the PCR assays. PCR reactions
were performed with 1 U Taq-polymerase (Life Technologies) in the manufac-
turer’s buffer, supplemented with 0.2 mM dNTP in a total volume of 25 �l.
Primers were added to a final concentration of 1 mM.

For all PCRs, the program was the same except for the number of cycles (Y)
and the annealing temperature (XX). The common parts of the program were (Y
cycles) 95°C for 2 min, 95°C for 45 s, XX°C for 45 s, 72°C for 1 min, and 72°C
for 2 min. Annealing temperatures–cycles were: actin, 57ºC, 25 cycles; hypo-
xanthine guanine phosphoribosyl transferase (HPRT), 52ºC, 25 cycles; �5,
60ºC, 30 cycles; Pax-5, 60ºC, 30 cycles; J-chain, 60ºC, 28 cycles; Bach1,
55°C, 30 cycles; RhoB, 56°C, 30 cycles; Yes, 55°C, 30 cycles; Sel1, 55°C, 25
cycles; Arhgef, 55°C, 27 cycles; protein kinase C (PKC)-�, 55°C, 28 cycles;
and Pftaire-1, 55°C, 30 cycles.

Oligonucleotides used for RT-PCR were: actin, sense 5�GTTTGAGACCT-
TCAACACC, antisense 5�GTGGCCATCTCCTGCTCGAAGTC; B29, sense
5�GGTGAGCCGGTACCAGCAATG, antisense 5�AGTTCCGTGCCACAGCT-
GTCG; �5, sense 5�TGTGAAGTTCTCCTCCTGCTC, antisense 5�ACCAC-
CAAAGTACCTGGGTAG; Pax-5, sense 5�CTACAGGCTCCGTGACGCAG,
antisense 5�GTCTCGGCCTGTGAAATAGG; Bach-1, sense 5�ACTCTCAGT-
TCCGTCAACTGC, antisense 5�TTCCTCTTGCGACAGCGTTGC; Arhgef3
(EST-1), sense 5�AAACATCCGTCCACTCTCTTCC, antisense 5�TACTGTA-
CACATGGGTCATGTGC; Pftaire-1, sense 5�TGCTCTAGCATACATTGA-
ACC, antisense 5�CTCCCCACTTAAAGAACTCC; PKC-�-II, sense 5�ATC-
CACCAGTCCTAACACC, antisense 5�AAGCAAGCATTTTCTCTCC; RhoB,
sense 5�CTGATCGTGTTCAGTAAAGACGAATTCC, antisense 5�TTGTTG-
GCCACCAGGATGATGG; Yes-associated protein, sense 5�GCAGTTACA-
GATGGAGAAGGAG, antisense 5�TTGCATCTCCTTCCAGTGTGC; HPRT,
sense 5�GCTGGTGAAAAGGACCTCT, antisense 5�CACAGGACTAGAA-
CACCTGC; J-chain, sense 5�GTAGGTGGTACCTATACAATAACA, antisense
5�AGGGTAGCAAGAATCGGGGGTCAA.

Isolation and purification of BM progenitors and
mature peripheral B cells

BM cells were sorted on a FACSVantage Cell Sorter (Becton Dickinson, San
Jose, CA), equipped with a 488-nm argon ion (Coherent Enterprise II, Santa
Clara, CA) and a 633-nm He-Ne (Model 127, Spectra-Physics, Mountain View,
CA) laser. Antibodies used were B220 antigen-presenting cell, CD43 phyco-
erythrin (PE), IgM biotin (Streptavidin TRI), CD19 FITC, and CD138 (Synde-
can–1) PE (all from PharMingen, San Diego, CA). The purity of all sorted cell
populations is reproducible over 95%. To obtain activated and mature B cells,
magnetic cell sorter-purified B220� spleen cells were incubated in 50 ng/ml
lipopolysaccharide (LPS; Sigma Chemical Co., St. Louis, MO) at 37°C for 72 h.

RESULTS

B cell lines arrested at defined stages of
development generally display gene expression
profiles typical for the differentiation stage

To identify cell lines for our RNA analysis, we searched the
literature and selected representatives based on previously
published results. As representatives of the pro-B cell stage,
we used Ly9D cells and three different subclones of the cell
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line Ba/F3 [14, 15]. These are IL-3-dependent lines without Ig
rearrangements but with expression of sterile Ig transcripts
[14–16]. Ba/F3 cells also express low levels of the B lineage-
restricted mb-1 and B29 genes [16] and have been differenti-
ated into B cells in vivo [14]. The nitrous–urea-induced cell
line 70Z/3 as well as the Abelson virus-transformed lines
230–238, 40EI, and 18–81 represented the pre-B cells. As
representatives for the B cell stage, we used the cell lines
WEHI231, M12, K46, and A20. The mouse myeloma cell lines
J558, S194, MPCII, and SP2.0 represented the Ig-secreting
plasma cell stage. To obtain some information concerning gene
expression pattern in the cell lines as compared with primary
sorted B lineage cells, we extracted RNA from B220�, CD43�,
IgM– (pro-B) cells, B220�, CD43–, IgM–, CD19� (pre-B) BM
cells, and B220� spleen cells (B cells). Plasma cells were
obtained by sorting Syndecan-1�, B220– BM cells or by 72 h
LPS stimulation of B220� splenocytes. The RNA expression
patterns in the different cell populations were then analyzed by
RT-PCR experiments (Fig. 1A) using amplification of actin
and HPRT message as a control for the quality of the cDNA.
This suggested that the B29 gene was expressed at all stages of
development [17], and the surrogate light-chain gene �5 [18]
was expressed mainly in pre-B cells. Some �5 expression was
also detected in the Syndecan-1� B220– BM cells representing
primary plasma cells. This probably reflects contamination
with pre-B cells rather than true expression of this gene at this
late developmental stage, as no �5 expression could be de-
tected in the LPS-stimulated splenocytes. The expression of

the transcription factor Pax-5 [19] was high in the pre-B and B
cells, and it appeared to be lower in the plasma-cell popula-
tions. In contrast, the Ig-associated J-chain was expressed at a
higher level in the plasma cells than in the other populations
[20]. Analysis of the expression pattern of the same genes in a
selection of cell lines (Fig. 1B) indicated that all these ex-
pressed the B lineage-restricted B29 (Ig�) gene, and only the
pre-B cell lines expressed �5 message. Pax-5 was not ex-
pressed in the pro-B cell lines or in the plasma cell lines, and
the pre-B and B cell lines expressed this transcription factor.
Message encoding the J-chain was present in one of the pre-B
cell lines (230–238) and in cell lines representing the mature
or the plasma cell stage. This suggests that the cell lines
display expression of B cell markers in patterns comparable
with those observed in primary sorted cells.

To expand the analysis of the gene expression patterns in the
different B lineage cell lines, we analyzed RNA from these on
AffymetrixTM gene chip microarrays containing �12,000 se-
quence tags. The data were then analyzed using the dCHIP
program [13], allowing for the identification of differentially
expressed genes in the cell line samples (Fig. 2). This analysis
indicated that although there were differences in expression
levels, the cell lines previously defined as belonging to a
specific stage of development generally displayed a similar
cluster of differentially expressed genes. The exception was the
B cell line WEHI231, which appeared to group with the pre-B
cells rather than with the B cells, possibly reflecting that this
cell represents an immature BM-derived B cell rather than a

Fig. 1. Cell lines arrested in devel-
opment express stage-specific genes in
patterns resembling primary-sorted B
lineage cells. (A) Ethidium bromide-
stained agarose gels with PCR prod-
ucts obtained by RT-PCR analysis of
primary-sorted cells as indicated. The
cDNA was diluted in three steps to
allow for a degree of quantification of
the expressed transcripts. (B) A gel
with a RT-PCR experiment displaying
the expression of the same genes in a
panel of cell lines as indicated.
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mature peripheral cell [21, 22]. The homogeneity in expression
levels within the cell line groups representing the different
stages was also analyzed by the extraction of normalized ex-
pression levels for a set of genes linked to B cell development
[1, 3– 6] (Fig. 3). The expression of the transcription factor
Id-1 was reduced upon progression into the pre-B cell stage,

and the levels of the signal transducer B29 was increased
and maintained in all the cell line groups. mRNA encoding
�5, V-preB1, VpreB-3, and the IL-7 receptor � subunit
were all transiently up-regulated in the pre-B cell lines.
Mb-1, EBF, and CD19 expression was high in the pre-B
cells, but the mRNA could also be detected in the B cell
lines. CD24a [human serum albumin (HSA)] was expressed
in the pre-B and mature B cells as was PKC-�. The germinal
center-specific transcription factor BCL-6 [23, 24] was ex-
pressed specifically in the B cell lines, and the Ig-associated
J-chain was expressed in the B and the plasma cells. Only
the latter cells expressed the plasma-cell transcription fac-
tor BLIMP [25]. Thus, although the standard deviations in
some cases were substantial, these data indicate that the
cell lines representing a specific developmental stage
present rather homogenous gene expression patterns and
support the idea that stage-specific genes can be identified
using a series of B cell lines. To reduce the impact of cell
line-specific features, we then treated all cell lines belong-
ing to a certain differentiation stage as replicates and per-
formed another dCHIP analysis. This resulted in the iden-
tification of a large number of genes, including several genes
with previously defined expression patterns, as expressed in
a stage-specific manner (Fig. 4 and Attachment Figs.
1–4).

AffymetrixTM P/A analysis allows for the
characterization of stage-restricted gene
expression

The design of the AffymetrixTM microarrays, with one set of
matching and one set of mismatching oligonucleotides for each
gene, allows for a comparison of the obtained signals from the
two probe sets. The data are then evaluated by AffymetrixTM

array analysis software, allowing for the classification of all the
studied genes as present (P) or absent (A) in each of the
samples. This transforms the data set into binary values cre-
ating novel possibilities for mathematical analysis of the ob-
tained data. This does, however, delete all information about
relative expression levels; so to investigate if binary values
could be used for the identification of stage-specific genes, we
constructed a Hamming distance matrix based on P/A analysis.
This generates a measure of similarity between any two sam-
ples based on the number of genes for which the AffymetrixTM

P/A calls differ (Fig. 5). The pro-B and plasma cell groups
were the most homogenous, and the B cell group displayed a
poorer similarity. M12, K46, and A20 appeared similar, while
the WEHI231 cells rather resembled the pre-B cells. This
indicates that P/A analysis allows for the correct stage classi-

4
Fig. 2. dCHIP analysis of gene expression data suggests that B cell lines belonging
to a certain differentiation stage generally display similar expression patterns of
stage-specific genes. The figure displays a dCHIP analysis of the RNA expression
patterns in the different cell lines selected for our investigations after filtering and
hierarchical clustering. The name of the cell line and the earlier classification are
displayed above the data panel. The criteria selected for the definition of differentially
expressed genes were a 20% present count and a maximum standard deviation of 0.5
(0.50�standard deviation/mean between �10.00). Expression scales ranging from –3
(blue) to �3 (red) are indicated below the data display.
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fication of the cell lines and that this analysis method could be
used to obtain information about stage-specific gene expres-
sion.

To extract the collected information from the P/A analysis,
we applied the probabilistic estimation method (S. Bilke et al.,
submitted). Based on the expression of a given gene in the four
samples representing each stage, this method yields the con-
ditional probability as to whether the gene should be regarded
as absent (A) mixed (M), i.e., expressed in some but not all the
cell lines within the group, or present (P) at that specific stage.
The analysis scheme further enables us to compute the prob-
ability of each possible expression profile over the four devel-
opmental stages, resulting in the fact that the most and second-
to-most likely expression profile can be extracted. To investi-
gate the feasibility of this analysis model, we extracted
expression information from a number of genes with estab-
lished expression patterns in B cell development (Table 1)
and compared the result with that obtained with dCHIP anal-

ysis. Out of 37 genes, we found five that were not correctly
classified as stage-specific from the P/A analysis and 10 that
we did not detect as stage-restricted in the dCHIP analysis.
The full P/A analysis is shown in Supplementary Tables
1–7, available online at http://www.jleukbio.org/. Thus, P/A-
based probabilistic state analysis allowed for correct classifi-
cation of several control genes, some of which could not be
defined from the dCHIP analysis and vice versa, suggesting the
two methods of data analysis to be complementary.

Predicted stage-restricted gene expression
patterns can be verified by RT-PCR analysis

To validate the result of our data analysis, we randomly se-
lected a number of genes suggested to be stage-specifically
expressed and investigated their expression by RT-PCR anal-
ysis of a set of cell lines (Fig. 6). The transcription factor
BACH-1, suggested from the P/A analysis to be specifically
repressed at the B cell stage (supplementary tables), was

Fig. 3. Investigations of expression
pattern of individual control genes in-
dicate that RNA expression data from a
group of cell lines can be used for the
delineation of stage-specific genes. The
figure displays diagrams over normal-
ized expression levels of genes associ-
ated with B cell development as indi-
cated on top of each display. The �5
gene is represented by two probe sets.
The standard deviations have been cal-
culated by treatment of the cell lines
belonging to a defined stage as repli-
cates. Id-1, Inhibitor of DNA bind-
ing-1; EBF1, early B cell factor;
BCL-6, B cell lymphoma-6; BLIMP, B
lymphocyte-induced maturation pro-
tein-1.
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expressed in pro-, pre-, and plasma cells but not in the B cell
lines. The same data analysis indicated that the signal-trans-
duction molecule Arhgef-3 was expressed specifically in pre-B
cells, and although low levels of message could be detected in
cell lines not belonging to the pre-B cell group, the expression
appeared to be largely stage-restricted. A similar observation
was made for the progenitor cell-restricted protein kinase
PFTAIRE, which appeared to be expressed at high levels in
the pro-B cells and only at a low level in one of the B cell lines.
The P/A and the dCHIP analysis suggested another protein
kinase, PKC-�, to be expressed mainly in the pre-B and B
cells. mRNA encoding this protein could be detected in the
pre-B and B cell lines and also in the Ly9D pro-B cells but not
in BaF/3 or plasma cell lines. The dCHIP analysis suggested
plasma cell-restricted expression of the signal-transduction
molecules RhoB and Yes-associated protein, a finding con-
firmed by the RT-PCR analysis of the cell lines. This indicated
that although specific discrepancies can be found, the overall
picture of gene expression patterns using P/A or dCHIP anal-
ysis was well supported by the RT-PCR analysis.

DISCUSSION

A set of B cell lines can be used to define stage-
specific genes

Here, we report a large-scale expression analysis of genes
expressed in cell lines arrested at specific stages of B cell
development. The calculated expression patterns of a large
number of control genes, previously defined as expressed in the
predicted pattern based on earlier experiments using cell line
data and analysis of primary cells, indicate that analyzing B

Fig. 4. Treatment of the data from different cell lines representing the same
differentiation stage as replicates allows for the identification of stage-specific
genes. The figure displays a dCHIP-generated cluster analysis of differential gene
expression in the groups of cell lines after filtering and hierarchical clustering. The
identification of control genes within the groups is indicated to the right of the color
scheme. The full analysis with gene names of differentially expressed genes can be
found as Attachment Figures 1–4. Expression scales ranging from –3 (blue) to �3
(red) are indicated below the data display. The figure only displays genes classified
as present on more than one chip and to 0.50 � standard deviation/mean between
�10.00. TdT, Terminal deoxynucleotidyl transferase; IgHV, Ig heavy-chain vari-
able region; MCH, major histocompatibility complex.

Fig. 5. P/A analysis allows for stage determination of B cell lines. The figure
shows a distance matrix based on P/A analysis of the cell lines used for the
generation of the data set. Ba/F3 1, 2, and 3 are differentially obtained
subclones of the pro-B cell line Ba/F3, and Ly9D is an independently gener-
ated pro-B cell clone. 230–238, 40E1, and 18–81 are pre-B cell lines
generated by Abelson virus transformation. 70/Z3 is a nitros–urea-induced
pre-B cell line. WEHI231, A20, K46, and M12 are all defined as B cell lines,
and S194, J558, SP2.0, and MPCII represent plasma cells. The scale ranges
from highest similarity (black) to lowest (white).

Tsapogas et al. Gene expression in B cell development 107



cell development by the use of microarrays and cell lines
arrested in defined stages results in reasonable approximation
of gene expression patterns in B cell development. The anal-
ysis also suggests that cell lines defined as belonging to a
specific developmental stage display a rather homogenous gene
expression pattern. The group displaying the largest differ-
ences was the B cell group, possibly because these cell lines
can arise at different anatomical sites and at different sub-

stages of differentiation. WEHI231 cells displayed an RNA
expression profile closer related to the pre-B cells than to the
B cells (Fig. 2). As a second, independently generated sample
from this cell line gave the same result, we believe this might
reflect that WEHI231 cells represent an immature BM-derived
B cell. This idea is supported by reports suggesting that
WEHI231 cells display defined features of immature B cells
[21, 22]. The potential to obtain a degree of dynamic informa-

TABLE 1. dCHIP and Probabilistic State Analysis Can Be Used As Complementary Methods for Gene Expression Analysis

Expression
pattern Probability

Secondary
expression pattern

Probability
2 Gene name/reference

dCHIP
classification

PAAA 0.934 MAAA 0.019 GATA-1 [26] Pro-B
PAAA 0.934 MAAA 0.019 GATA-2 [26] —
PAAA 0.934 MAAA 0.019 Id-1 [5] Pro-B
APAA 0.790 APMA 0.157 Lef-1 [27] —
APAA 0.934 AMAA 0.021 Sox-4 [28] —
APAA 0.712 AMAA 0.243 Rag-1 [4] Pre-B
APAA 0.790 APMA 0.157 �5 [4] Pre-B
APAA 0.790 APMA 0.157 VpreB [4] Pre-B
AAPA 0.709 AAMA 0.246 SpiB [29] —
APPA 0.924 APMA 0.024 CD19 [5, 30] Pre-B-B
APPP 0.910 APPM 0.029 BOB-1 [31–33] —
APPP 0.910 APPM 0.029 BLNK [34] —
AMAA 0.955 AMAM 0.016 TdT [4] Pre-B
APMM 0.922 APAM 0.024 EBF [35] Pre-B
AAPM 0.702 AAMM 0.244 CD20 [36] —
— — — — HSA [3] Pre-B-B
APMA 0.922 APPA 0.027 Mb-1 [4] Pre-B
— — — — Bcl-6 [23, 24] B
— — — — Blimp-1 [34] Plasma
— — — — J-chain [20] Plasma
APMA 0.864 APAA 0.082 Pax-5 [19] —
AMAA 0.931 AAAA 0.025 Rag-2 [4] —
AAAM 0.539 AAAP 0.418 Syndecan [37] —
— — — — Il-7r� [6] Pre-B
APAA 0.934 AMAA 0.021 Clone BPS3.23 germline Ig variable region heavy

chain precursor gene
Pre-B

APAA 0.934 AMAA 0.021 Immunoglobulin H-chain V-region pseudogene Pre-B
APAA 0.934 AMAA 0.021 Clone BPS3.19 immunoglobulin heavy chain variable

region precursor gene
Pre-B

APAA 0.934 AMAA 0.021 Germline immunoglobulin V(H)II gene H17 Pre-B
APAA 0.934 AMAA 0.021 Germline immunoglobulin V(H)II gene H8 Pre-B
APAA 0.934 AMAA 0.021 Clone BPS5.16 immunoglobulin heavy chain variable

region precursor gene
Pre-B

APAA 0.934 AMAA 0.021 Ig B cell antigen receptor gene Pre-B
APAA 0.790 APMA 0.157 Immunoglobulin heavy chain V DSP2.7-JH2 region

(Igh) gene
Pre-B

APAA 0.790 APMA 0.157 Clone BHS2.19 immunoglobulin heavy chain variable
region precursor gene

Pre-B

APAA 0.790 APMA 0.157 Immunoglobulin heavy and light chain variable region
mRNA

Pre-B

APAA 0.790 APMA 0.157 Recombinant antineuraminidase single chain Ig VH
and VL domains mRNA

Pre-B

APAA 0.790 APMA 0.157 Clone N1.1.b immunoglobulin heavy chain VDJ
region gene

Pre-B

APAA 0.790 APMA 0.157 Immunoglobulin heavy chain gene, CDR3 region Pre-B
APAA 0.712 AMAA 0.243 Germline immunoglobulin V(H)II gene H18 Pre-B
APAA 0.712 AMAA 0.243 Clone BPS3.26 immunoglobulin heavy chain variable

region precursor, gene
Pre-B

Table 1 shows the calculated expression pattern of a set of control genes using dCHIP or P/A analysis. Genes were considered as present (P), absent (A), or
mixed (M; S. Bilke et al., submitted) within the samples from each specific cell line group. The first classification goes for pro-B, the second to pre-B, the third
to B, and the last for plasma-cell expression. For every gene, the second-highest probability to have another expression pattern is indicated as Probability 2. The
gene name as well as reference to expression patterns are indicated in a separate column. The obtained information was compared with that resulting from a dCHIP
analysis of the same data set using the same criteria as in Figure 4 (minimum present count 10% and 0.50�standard deviation/mean between �10.00).
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tion using stage-specifically arrested cell lines is also sup-
ported by analysis of the genes defined as expressed at more
than one stage in the probabilistic state analysis. This is
because the groups representing continuous expression pat-
terns contained, on average, 17 genes (supplementary tables),
and those representing discontinuous patterns contained, on
average, six genes, a finding that indicates the existence of a
flow of genetic information from the progenitor cell to the
plasma cell. Our limited comparison of gene expression pat-
terns in primary cells and cell lines indicates that the general
feature of gene regulation is reasonably conserved in the trans-
formed cells. This also suggests that the use of cell-surface
markers on primary cells allows for a reasonable degree of
enrichment of specific cell stages. This is also supported from
microarray analysis of primary BM pre-B and B cells, where
several of the same genes could be defined as stage-restricted
[38, 39]. One major difference is lack of identification of
cell-cycle genes that constitute a prominent group of genes
when primary cells are used in expression analysis [38, 39].
This is probably explained by the fact that although only some
of the primary cell stages are in cycle, all the cell lines are
constitutively cycling, reducing the complexity of this part of
the analysis.

Expression analysis of pre-B cell lines suggests
simultaneous stage-restricted expression of
several nonrearranged IgH genes

Another aspect of B cell development that does not become
apparent when using sorted primary cell populations for gene
expression analysis is reflected in the detection of RNA en-
coded by several V-region, heavy-chain (VH) genes, including
pseudo-genes, specifically in the pre-B cell lines (Table 1). As
the cell lines are of clonal origin, this could indicate that one
and the same pre-B cell has the ability to express several VH
genes simultaneously. These transcripts were in most cases not
detected at the later stages of differentiation, and the mature
cells, to a larger extent, expressed IgVL (V-region, light chain)
genes. This is likely to reflect an ongoing rearrangement pro-
cess of the heavy-chain gene in pre-B cell lines [40], with

sterile expression of VH genes making them accessible for the
recombination machinery [7, 41]. The expression of these V
genes appears to be silenced at the later stages of development,
possibly to ensure that no additional rearrangements of the
heavy-chain genes occur during the assembly of the light-chain
genes [8]. It may also be a mechanism contributing to allelic
exclusion of the heavy chain to ensure that each single B cell
only expresses one type of surface-bound Ig to avoid cross-
reactive immune responses [8]. Thus, there may be a biological
necessity in this rather complicated expression pattern, possi-
bly demanding differential regulation of IgH promoters during
B cell development. This type of information would not be
extracted from the use of primary, sorted cells, as a broad
expression of Ig genes could be explained by the heterogeneity
of the sorted cell populations.

The AffymetrixTM P/A analysis is useful for the
identification of stage-specific genes

Although the general picture of gene expression patterns was
the same, independently of which method we used for the
analysis of our data, the results from the (dCHIP) analysis
differed to some extent from that obtained by P/A-based,
probabilistic state analysis. As the dCHIP analysis takes into
regard the relative transcription levels, there will be one group
of genes that is expressed at all developmental stages but at
different relative levels, which will be detected using dCHIP
but not P/A analysis. These genes will be classified as present
in all the groups and therefore not be detected as stage-
specifically regulated in a P/A analysis. A bit more surprising
was the detection of genes by the P/A-based method that we
could not get classified in the dCHIP analysis. This is probably
a result of that fact that rather small changes in relative
expression values could change the classification from absent
to present. Such an alteration might be classified as insignifi-
cant in the dCHIP analysis. This means that the P/A method
gives a higher sensitivity of the data analysis, but at the same
time, it will also increase the probability of detecting nonregu-
lated genes. However, it appears that we in some cases detect
different control genes using different analysis methods, indi-
cating that the two approaches are complementary to each
other.

We have not performed any extended analysis of the data we
obtained as a result of the large amounts of information and the
validity of the expression profile, as any individual gene needs
further investigation. The analysis does, however, provide in-
formation that can be used to create a preliminary map of gene
expression patterns that can be used to formulate working
hypotheses for complex molecular events in B cell develop-
ment.
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Abstract
Background: The availability of high throughput methods for measurement of mRNA
concentrations makes the reliability of conclusions drawn from the data and global quality
control of samples and hybridization important issues. We address these issues by an
information theoretic approach, applied to discretized expression values in replicated gene
expression data.

Results: Our approach yields a quantitative measure of two important parameter classes:
First, the probability P( � |S) that a gene is in the biological state � in a certain variety,
given its observed expression S in the samples of that variety. Second, sample specific
error probabilities which serve as consistency indicators of the measured samples of each
variety. The method and its limitations are tested on gene expression data for developing
murine B-cells and a t-test is used as reference. On a set of known genes it performs
better than the t-test despite the crude discretization into only two expression levels. The
consistency indicators, i.e. the error probabilities, correlate well with variations in the
biological material and thus prove efficient.

Conclusions: The proposed method is effective in determining differential gene expres-
sion and sample reliability in replicated microarray data. Already at two discrete expres-
sion levels in each sample, it gives a good explanation of the data and is comparable to
standard techniques.
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Background
A broad variety of algorithms has been developed and used to extract biologically relevant
information from gene expression data. Among others commonly used are visual inspec-
tion [1], hierarchical and k-means clustering [2], self organizing maps [3, 4] and singular
value decomposition [5, 6]. These methods aim mainly at identifying predominant pat-
terns and thus groups of “cooperating” genes based on the assumption that related genes
have similar expression patterns.

Compared to the amount of work devoted to efficient methods to extract information
from the data, somewhat less attention has been paid to the question of the reliability of
the generated results. The ANOVA analysis [7] allows estimation, and thus elimination,
of some systematic error sources. Bootstrapping cluster analysis estimates the stability of
cluster assignments [8] based on artificial data-sets generated with ANOVA coefficients.
Some authors also considered the question of how well a certain oligo [10] is suited to
measure the mRNA expression level of the related gene.

Some work has gone towards the ambitious task of learning topological properties or qual-
itative features of the genetic regulatory network from expression profiles, see e.g. [11]. A
major limiting factor in these attempts is the comparative sparseness of available data. It
is therefore reasonable to consider reduced models, for example a Boolean representation
of the gene activity. It is known that many biological properties, for instance stability and
hysteresis, can be modeled by the dynamics of such reduced models [12, 13, 14].

In this work we investigate the possibility of reducing complexity of gene expression data
by discretizing the expression levels. The approach we present enables a new way of
extracting biologically relevant information from the data in the following way: A biolog-
ical variety, i.e. a biological system defined by the investigator, is represented by several
samples which are subjected to gene expression analysis. If gene expression levels are
discretized into n values, and the variety is represented by m samples, the number of ob-
servable expression states for a gene are limited to nm. These observed states S are modeled
as being derived from a smaller number of underlying, biological states � , through a mea-
surement process. Rather than making static assignments S → � we calculate conditional
probabilities P( � |S). The number of possible expression profiles for a gene over a set of
varieties is limited and the probability of each expression profile is easily calculated. Since
the model we use considers both the underlying biology and the measurement process it
also generates a measure of sample coherence in each biological variety.

We demonstrate the feasibility of this approach for a binary discretization of gene expres-
sion. For the discretization step we use the absent/present classification provided by the
Affymetrix software [9]. The outcome of our method on a data set covering gene expres-
sion in developing murine B-cells is compared to the results of a standard analysis. We
show that even with the crude discretization into only two expression levels the method
is competitive to statistical methods based on continuous expression levels.
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Methods

The Model

A major step in the analysis of gene expression data is to separate the biological content
of the data from measurement and sample specific errors. In other words given an ob-
servation, i.e. the expression values of a gene in several samples representing the same
biological variety, one wants to conclude on the biological state � , which generated the
observation. This can be expressed as a conditional probability,

P( � |S) (1)

that a gene is in a certain biological state � given the corresponding observed state S. In
the application on which we demonstrate the method we consider three different biolog-
ical varieties: pro, pre, and mature B-cells. The samples in each variety are different cell
lines arrested at the corresponding stage of development.

In this work we take an information theoretic point of view to estimate this probability:
The information of interest, the state � , is “transmitted” in a noisy measurement pro-
cess and potentially distorted (Figure 1). Using Bayes’ theorem, the desired conditional
probability Eq. (1) can be expressed as:

P( � |S) =
P(S| � )P �

PS
. (2)

On the right hand side of this equation, P(S| � ) is the probability to observe state S if the
underlying biological state is � . In a sense, P(S| � ) describes the noise characteristic of
the measurement process. In the following we will show how this conditional probability,
and the other probabilities on the r.h.s. of Eq. (2) can be estimated.

Given a set of m samples representing the same biological variety, differences in the ex-
pression level of a gene between the samples can arise from two independent sources:

1. Random variation within the variety. This may be caused by temporal differences
in response to the stimuli, slightly different environmental conditions, genotypic
differences between samples, etc.

2. Sample specific errors. These are mainly caused by the measurement process, e.g.
differences in the treatment of the mRNA, scratched arrays, and so on. However,
outlier samples, cultured under considerably different conditions, also contribute
to sample specific errors.

A separation of these two contributions is possible only with an appropriate model for
the variation of gene expression between the samples. In the choice of model, one has
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considerable freedom within the bounds set by biological plausibility. A limiting factor
on the biological model comes from the type and amount of available data. The data
used in this work contains only four samples for each variety. For the model we propose
this is the minimum number of samples required to estimate the model parameters.

In the discretization of gene expression levels, we use only two discrete values, 0 and
1, for the expression of a gene in a sample. This means that the number of observable
states, S, in a variety consisting of m samples is 2m. With no measurement errors we
could immediately conclude on the underlying biological state � : the two cases, where all
observations agree S = (1, . . . , 1) and S = (0, . . . , 0) can be mapped to the biological
states �

1 and �

0 respectively, which describe “pure” states without variation. The remain-
ing N −2 observable states S, where the individual measurements disagree, correspond to
biological states � with random variation. For the application in our biological study with
supposedly identical biological systems contributing to the observable states S, the exact
pattern leading to contradicting observations does not carry any information, as long as
we assume that there are no sample specific errors. Therefore, we subsummize all N − 2
possible observations as one biological state �

r with a random variation.

The biological rationale for this model is given by the following example: If one considers
a biological variety such as cells in the retina of the eye, then a certain number of cru-
cial genes ought to be expressed in all samples. Such genes might include rhodopsin, a
molecule that responds to light. In contrast, genes such as the hemoglobin family, which
are typical of erythrocytes, ought not to be expressed in the retina. A third class of genes
could be considered as independent of the system in the sense that their expression is not
directly related to the biological system. Such genes may vary in expression both due to
environmental and genetic differences between the samples.

The model discussed so far is depicted graphically in the left part of Figure 1, where a pos-
sible distribution of the relative frequencies of the three biological states is depicted, for
the case of m = 4 samples. The distribution can be described by three numbers: the prob-
abilities P( �

1) and P( �

0), which contribute to the frequencies of the states S = (1, 1, 1, 1)
and S = (0, 0, 0, 0), and P( �

r) which contributes to both the frequency of mixed states
and the two states above. Describing the mixed states with only one parameter P( �

r) im-
plies that the biological variation is modeled evenly and identically distributed indepen-
dently for each sample. In a second step, the measurement process with possible sample
specific errors is modeled as statistically independent between samples. For each sample
i, we define two parameters, P i

0→1 and P i
1→0, denoted sample specific error probabilities.
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Figure 1: Schematic diagram illustrating the transition from underlying to observed dis-
tributions of states, in the case of m = 4 samples. The underlying distribution on the left
hand side can be described by the probabilities for each underlying state, P( �

1), P( �

0),
and P( �

r) (see text). This distribution is then distorted by sample specific errors, P i
0→1

and P i
1→0, resulting in an experimentally observed distribution, depicted on the right

hand side.

To introduce the full formalism of our current model we start by considering a simple
example, again for m = 4 samples. An observed state S, S ≡ (S1, S2, S3, S4) = (1, 0, 1, 0),
may be generated by the gene being in state �

1 with the probability:

P( �

1)(1 − P1
1→0)(P2

1→0)(1 − P3
1→0)(P4

1→0),

or it may be generated by the gene being in state �

0 with the probability:

P( �

0)(P1
0→1)(1 − P2

0→1)(P3
0→1)(1 − P4

0→1),

or it may be generated by the gene being in state �

r with the probability:

P( �

r)×
1
2 [(P1

0→1) + (1 − P1
1→0)] 1

2 [(1 − P2
0→1) + (P2

1→0)]×
1
2
[(P3

0→1) + (1 − P3
1→0)] 1

2
[(1 − P4

0→1) + (P4
1→0)] .

With the briefer notation,
� i

1→0 ≡ P i
1→0

�
Si,0 + (1 − P i

1→0)
�

Si,1
� i

0→1 ≡ P i
0→1

�
Si,1 + (1 − P i

0→1)
�

Si,0

where
�

refers to the Kronecker delta (i.e.
�

j,k = 1 if j = k and 0 otherwise), we may
express the distribution of observed states, in the general case of binary discretization with
m samples, as:

P(S) = P( �

1)
m∏

i=1

� i
1→0 + P( �

0)
m∏

i=1

� i
0→1 + P( �

r)
m∏

i=1

1
2

( � i
1→0 +

� i
0→1) . (3)
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Altogether the model uses 3 + 2 ∗ m variables. These parameters P( �

1), P( �

0), P( �

r)
and {P i

1→0, P i
0→1}

m
i=1 are estimated from the observed distribution of states (right side

of Figure 1) by Levenberg-Marquardt [15] chi-square minimization of the unweighted
error to the theoretical distribution Eq. (3). Using Eq. (2), and the parameters estimated
as above, our belief that a gene belongs to the underlying states �

0, �

1, �

r, given the
24

= 16 observable states S, can now be expressed as:

P( �

0|S) =
P(S| �

0)P( �
0)

P(S)

P( �

1|S) =
P(S| �

1)P( �
1)

P(S)

P( �

r|S) =
P(S| �

r)P( �
r)

P(S)

Once the probability that a gene is in a certain biological state �
i ∈ �

1, �

0, �

r has been
calculated for all varieties i = 1 . . . v, one can calculate the probability that a gene exhibits
a certain expression profile over a set of different varieties by taking the product

P( �
1, . . . , �

v|S1, . . . , Sv) =

v∏

i=1

P( �
i|Si) . (4)

In this way, the probabilistic state analysis also generates a clustering: For a given expres-
sion profile over the varieties, e.g. � 1

0
� 2

r . . . � i
1, we may extract those genes for which this

expression profile is the most probable. In fact this is a “soft” clustering, in that an ex-
pression profile can belong to several clusters simultaneously with different probabilities.
Moreover the genes clustered to a biologically interesting expression profile can be ranked
by the probability of Eq. (4).

Experimental data preparation

All cells were grown in RPMI medium supplemented with 7.5% fetal calf serum, 10
mM HEPES, 2 mM pyruvate, 50 mM 2-mercaptoethanol and 50 mg gentamicin per ml
(complete RPMI media) (all purchased from Life Technologies AB, T=E4by, Sweden) at
37=B0C and 5% CO2. RNA was prepared using Trizol (GIBCO) and 7.5 =B5g of total
RNA was annealed to a T7-oligo T primer by denaturation at 70=B0C for 10 minutes
followed by 10 minutes of incubation of the samples on ice. First strand synthesis was per-
formed for 2 hours at 42=B0C using 20 U of Superscript Reverse Transcriptase (GIBCO)
in buffers and nucleotide mixes according to the manufacturers instructions. This was fol-
lowed by a second strand synthesis for 2 hours at 16=B0C, using RNAseH, E coli DNA
polymerase I and E coli DNA ligase (all from GIBCO), according to the manufacturers
instructions. The obtained double stranded cDNA was then blunted by the addition of
20 U of T4 DNA polymerase and incubation for 5 minutes at 16=B0C. The material
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was then purified by Phenol:Cloroform:Isoamyl alcohol extraction followed by precipi-
tation with NH4Ac and Ethanol. The cDNA was then used in an in vitro transcription
reaction for 6 h at 37 =B0C using a T7 IVT kit and biotin labeled ribonucloetides. The
obtained cRNA was purified from unincorporated nucleotides on a RNAeasy column
(Qiagen). The eluted cRNA was then fragmented by incubation of the products for two
hours in fragmentation buffer (40 mM Tris-acetate, pH 8.1, 100 mM KOAc, 150 mM
MgOAc). 20 =B5g of the final fragmented cRNA was then hybridized to affymetrix chip
U74Av2 (Affymetrix) in 200 =B5l hybridization buffer (100 mM MES-buffer, pH 6.6, 1
M NaCl, 20 mM EDTA, 0.01Herring sperm DNA (100 =B5g/ml) and Acetylated BSA
(500 =B5g/ml) in an Affymetrix Gene Chip Hybridization oven 320. The chip was then
developed by the addition of FITC-streptavidin followed by washing using an Affymetrix
Gene Chip Fluidics Station 400. Scanning was performed using a Hewlett Packard Gene
Array Scanner.

Results

To evaluate the method we used both real and synthetic data. The experimental data was
generated with Affymetrix microarrays for the study of differentiating murine B-cells at
different stages in the differentiation process. In this publication the data is only used to
demonstrate the feasibility of the proposed method. The biological implications of this
study are published elsewhere [20].

Synthetic data and the effect of correlation

For synthetic data, generated with the model parameters P( �

0) = 0.45, P( �

1) = 0.35,
P( �

r) = 0.2 and P i
1→0 = P i

0→1 = 0.02 for all samples i, parameter estimates are, as
expected, given with low errors. The parameter values were chosen as typical values from
the estimates on real data, see next section, and the result was verified for sample sizes
m = 4, m = 5, and m = 6 (data not shown).

An assumption of simple model used to derive Eq. (3) is that randomly varying genes
vary independently in the samples of a variety. Hence we investigated how severely this
assumption influences the estimation of the model parameters.

To assess the influence of correlations between randomly varying genes we generated a
data set consisting of four bits, i.e. samples, with the same parameters as above. In
the random patterns a correlation was introduced between the third and fourth bit by
changing the value of of the fourth to that of the third with a certain probability. We
define this probability as the correlation factor. The correlation was introduced before
distorting the patterns with error probabilities. We then plotted the mean error in the
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estimation of parameters over 500 runs of synthetically generated data for correlation
factors in the range {0, 0.02, . . . , 0.98}.

Figure 2 shows the error in the estimation of the parameters describing the underlying
distribution. We notice that even for fully correlated patterns the estimation error is
less than 20% of the correct values. The estimation of the probability for biologically
varying genes is somewhat worse, for fully correlated patterns the error is almost 50%.
For real data one can, however, expect a much smaller correlation. The average error in the
estimates of the error probabilities, as seen in Figure 3, shows the expected behavior: The
average error grows with the correlation for the uncorrelated samples, while the estimate
for the correlated observations is almost unaffected. Intuitively, the model compensates
for the correlation by increasing P( �

1) and P( �

0) as well as the error probabilities and
lowering P( �

r). For correlation factors above 0.50, due to the compensation effect, the
model deteriorates in explaining the data. This can be seen in the sum P( �

0) + P( �

r) +

P( �

1) which initially drops from almost 1 to 0.99 as the correlation factor rises from
0 to 0.50 and then from 0.99 to 0.96 for correlation factors in the range 0.50 to 0.98
(data not shown). We hence conclude that it is reasonable not to impose the condition
P( �

0) + P( �

1) + P( �

r) = 1 in the model, as this sum indicates if samples are strongly
correlated in genes whose expression vary around the threshold of discretization.

In summary, for not too large correlations in the biological variance the algorithm gives a
good quantitative estimate of the model parameters. In the case of large correlations the
qualitative picture given by the estimated parameters is still reliable.

0 0.2 0.4 0.6 0.8 1
Correlation factor

0

0.05

0.1

0.15

0.2

E
rr

or

P(sigma_0)
P(sigma_r)
P(sigma_1)

Figure 2: The average error in the estimation of the parameters P( �

1), P( �

0), P( �

r) are
given as a function of correlation factor between the third and fourth bit. For correlation
factors above 0.2 the error in P( �

r) rises considerably.
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Figure 3: The average error in the estimation of the error probabilities {P i
0→1}

4
i=1. For

correlation factors above 0.2 P1
1→0 and P2

1→0 are notably raised. Patterns were these bits
deviate from the other two are then not considered as random but rather caused by an
error. This effect could only be avoided by introducing extra parameters for correlation
between bits.

Real data

Differentiating B-cells are characterized by phenotypic markers into different stages of
development. Here we chose to study the expressional differences between three such
stages; pro, pre and mature B-cells. For each of these three varieties we used four dif-
ferent cell lines arrested at the corresponding stage of development. Measurements we
performed with Affymetrix array containing probesets for 12488 genes and ESTs on each
sample. The discretization of expression levels was given by the Affymetrix GeneChip
absent present calls [9].

Our algorithm was used to estimate the parameters P( �

1), P( �

0) and P( �

r), describing the
biological distribution and the error probabilities (see Table 1). Theoretically, one expects
the three biological probabilities to sum up to one. In our model, Eq. (3), we do not
explicitly impose this condition. Nevertheless, the sum of the independently estimated
parameters is close to one. This indicates that our model is a reasonable approximation
of the biological system and the measurement process.

The error probabilities from Eq. (3) can be used as a consistency index for the samples in a
given variety. In the last variety (mature B-cells) the maximum error probability is notably
higher. This effect is likely to be explained by the different anatomical origins of the cell
lines representing this group. No such differences exist in the other groups since they all
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originate in the bone marrow which is the only anatomical site for B cell development
in the adult animal [16]. In contrast, the mature B cell can reside in several other sites
such as spleen, lymph-nodes and intestine which may affect the gene expression profile in
these cells [17, 18]. With only four samples, it is not unlikely that these effects show up
in the error probabilities and not only in the random variation parameter P( �

r).

P( �

1) P( �

0) P( �

r) Max Pe Min Pe Median Pe

Pro B-cells 0.405 0.460 0.135 0.035 0.0002 0.020
Pre B-cells 0.395 0.450 0.155 0.047 0.003 0.028
Full B-cells 0.343 0.471 0.186 0.073 0.0007 0.022

Table 1: Typical paramter values. Summary of the estimated parameter values for the
B-cell data. Pe refers to the set of error probabilities, i.e., [P i

1→0, P i
0→1]4

i=1.

Comparison to conventional t-test on known genes

To determine how well biologically relevant information can be extracted from the dis-
cretized data, we compare it with another statistical method based on continuous expres-
sion values. We use our method to identify differences in gene expression between two
varieties in the following way. A gene that goes up between variety i and variety j is char-
acterized by the states � i

0, � j
1 or � i

0, � j
r or � i

r,
� j

1. Hence the belief that a gene goes up is
given by the probability:

P(up between variety i and j) = P( � i
0)P( � j

1) + P( � i
0)P( � j

r) + P( � i
r)P( � j

1),

suppressing the conditional probabilities, P(·|S), for brevity. Similarly, the belief that a
gene goes down is given by the probability:

P(down between variety i and j) = P( � i
1)P( � j

0) + P( � i
1)P( � j

r) + P( � i
r)P( � j

0) .

Taking 1−P(up) thus yields the Bayesian p-value of a gene going up. To answer the same
question when working on continuous expression data one possibility is to employ a one
sided two sample t-test in the Welch approximation of unknown variances in the varieties.
This enables testing, for each gene, whether the mean of expression is higher or lower in
one variety than in another. For comparison of these two approaches we selected a set
of genes based on their well documented expression pattern and biological functions in
the developing B lymphocyte [16, 19]. Several of these are functionally linked since they
participate directly in somatic DNA rearrangement events occurring specifically at the
pre-B cell stage or participate in the regulation of genes involved in this process and thus
display restricted expression patterns (pre-B specific). A second set of genes were selected
based on their expression in cells that are either committed to the B lineage (B-lineage
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specific genes, in pre-B and B-cells) or non committed to this developmental pathway
(Not in B-lineage, expressed in pro-B cells) [21].

The result of this comparison is presented in Table 2. For 14 out of the 22 genes the two
methods completely agree. Out of these 14 only one (Mb1) does not match the expected
target profile. For the other 8 genes, where the two methods yield different results, the
probabilistic state analysis gives the expected answer in 5 cases, which should be compared
to the two cases, where the t-test gives the right answer. In one case (rag-1), neither of the
two methods gives the expected result.

For the subset of genes considered here, our method has an advantage of 5 : 2 in giving
the correct (i.e. expected) expression pattern. However, the number of samples is not big
enough to draw firm conclusions from this result.

Conclusions

The method we have presented serves several purposes:

1. It gives a measure of the biological variation of the genes’ expression in different
varieties.

2. It estimates each hybridizations’ global error probabilities. These parameters are
very useful as they serve as quality/consistency indicators of the samples of each
variety.

3. Given the parameters above, it estimates the probability of a gene belonging to each
of the three groups �

0, �

r and �

1. These probabilities in turn indicate weather the
gene is likely to be below, fluctuating around or above the threshold of discretiza-
tion.

4. Clustering of genes to expression profiles over a set of different varieties is achieved
with Eq. (4). The probability, i.e. belief, that a gene belongs to a certain cluster is
exactly quantified.

This novel approach is proven valuable for quantifying both data reliability and underly-
ing gene expression in microarray experiments. Our method has been successfully applied
in two different projects [22] [20].
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Discrete Continuous
Gene Id I II III I II III Literature
Target profile - S U U S U U
CD20 99446 at S U U S U U B-Cell
Spi 93657 at S U U S S S specific
Target profile - U D S U D S
Sox-4 160109 at U D S U D S
lef-1 103628 at U D S U S S
rag-1 93683 at U S S S S U
VpreB 92972 at U D S U D S Pre-B
Lambda-5 99429 at U D S U D S specific
Il-7 receptor 99030 at U D S U S S
TdT 99030 at U D S U S S
Target profile - U S U U S U
Bob-1 93915 at U S U U S U
CD 19 99945 at U S U U D U
Blnk 100771 at U S U U S U
Pax-5 96993 at U S U U S U B-lineage
Blk 92359 at U S U U S U Specific
Mb-1 102778 at U D S U D S
B29 161012 at S S S U S U
CD24 100600 at U S U U S U
Target profile - D S D D S D
Id-1 100050 at D S D D S D
Fag-1 97974 at S D D D S D Not in
Il-3 receptor 94747 at D S D D S D B-lineage
CD 63 160493 at D S D D S D
Gata-2 102789 at D S D D D D

Table 2: t-test vs. probabilistic analysis of gene expression levels. The three groups I, II
and III indicate the expressional changes between Pro-B to Pre-B, Pre-B to Mature-B, and
Pro-B to Mature-B respectively. U stands for accepting the hypothesis up, D for down,
and S (stable) if no hypothesis could be accepted on the 95% confidence level.
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Abstract
Background: Ranked gene lists from microarray experiments are usually analysed by as-
signing significance to predefined gene categories, e.g., based on functional annotations.
Tools performing such analyses are often restricted to a category score based on a cutoff
in the ranked list and a significance calculation based on random gene permutations as
null hypothesis.

Results: We analysed three publicly available data sets, in each of which samples were
divided in two classes and genes ranked according to their correlation to class labels. We
developed a program, Catmap (available for download4), to compare different scores and
null hypotheses in gene category analysis, using Gene Ontology annotations for category
definition. When a cutoff-based score was used, results depended strongly on the choice
of cutoff, introducing an arbitrariness in the analysis. Comparing results using random
gene permutations and random sample permutations, respectively, we found that the
assigned significance of a category depended strongly on the choice of null hypothesis.
Compared to sample label permutations, gene permutations gave much smaller p-values
for large categories with many coexpressed genes.

Conclusions: In gene category analyses of ranked gene lists, a cutoff independent score is
preferable. The choice of null hypothesis is very important; random gene permutations
does not work well as an approximation to sample label permutations.

1thomas@thep.lu.se
2mkrogh@thep.lu.se
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4http://bioinfo.thep.lu.se/Catmap
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Background

In genome-wide microarray experiments, it is possible to analyse the relevance of many
different categories of genes, obtained from prior knowledge in the form of database
annotations or from other experiments. These gene annotation analyses can unravel new
information about pathways and cellular functions responsible for different phenotypes.
Computational tools aiding in this process have recently been developed [1–8], most
notably for annotations based on the Gene Ontology (GO) [9]. Generally, category
relevance is calculated as the p-value of a score, thus being dependent on both the choice
of score and the choice of null hypothesis.

In microarray analyses such as clustering, which provide defined subsets of genes with no
internal ranking, it is natural to base the score on the number of category genes in the
relevant subset. However, ranking of genes appear in many techniques for microarray
analysis, such as correlation of gene expression to target profiles [10] and scoring of genes
by their ability to discriminate between experimental conditions [11–13]. A separation of
relevant and irrelevant genes can easily be constructed from ranked gene lists by introduc-
ing a cutoff, but the choice of cutoff becomes somewhat arbitrary and information in the
list is lost. Tools addressing this problem, by using rank-based scores that are independent
of a rank cutoff, have adopted the Kolmogorov–Smirnov score [14–17], and a minimized
cutoff-based p-value [7, 8], which optimizes the cutoff for each category. The Wilcoxon
rank sum [18], investigated here, serves the same purpose.

To calculate a p-value for the assigned score, a set of gene lists, ranked according to a
chosen null hypothesis, are needed. The simplest choice of null hypothesis is just random
gene permutations, and for some rank-based scores, the p-value can then be calculated
analytically, without explicitly performing the permutations. However, the random gene
permutations null hypothesis assumes independence of gene expression over biological
samples, and the p-value is thus a combination of the p-value of how important the
category is and the p-value for the genes of the category being coexpressed. When category
genes behave similarly over a wide range of experimental conditions, the coexpression does
not indicate relevance of the category for the question under study. In many analyses, a
more appropriate null hypothesis is therefore sample label permutations, in which a set
of ranked gene lists are generated based on the gene expression correlations to randomly
permuted target values of the samples. This approach accounts for correlations between
category genes and gives p-values that are bounded from below by the number of possible
permutations of the samples in the data set. The latter is particularly important in data
sets with few samples. Despite this, publicly available tools for gene annotation analysis
are restricted to gene permutations [1–8].

We present a program, Catmap, for gene category analysis based on ranked gene lists.
The program uses either the number of genes above a cutoff or the Wilcoxon rank sum
as score, and the significance of the score can be calculated from a user supplied set of

2



ranked lists, thus allowing for sample label permutations. Furthermore, the program
calculates corrections for multiple category testing, using permutation results to assess an
effective number of independent categories, which enables Catmap to estimate very small
multiple category p-values, that would otherwise have been computationally infeasible.
The input to the program is two files and some arguments. The first file contains the
biologically relevant ranked list of genes and, if needed, additional ranked gene lists drawn
from the null hypothesis. The second file contains the categories and their corresponding
genes. The input arguments can either be specified on the command line or in a settings
file, and are as follows: 1) a choice between the cutoff score the Wilcoxon rank sum
score; 2) a choice of null hypothesis, which can be either the above mentioned user-
supplied ranked lists or random gene permutations; 3) the number of permutations used
in multiple category testing. If zero, no multiple category testing is performed.

The output of Catmap is two files. The main output file contains all the categories, one
on each line ordered according to their significance. The line of a category contains the
p-value, the multiple comparison p-value, the false discovery rate, the ROC area (which
is a normalized way to represent the Wilcoxon rank sum), the number of genes in the
category, and the 25th, 50th, and 75th percentiles of the ranks. The other output file, the
companion file, contains all the categories, with all the genes and their ranks listed below.
Each line contains a gene and its rank. The program can be downloaded at the web site
http://bioinfo.thep.lu.se/Catmap, where file format specification and example
files are accessible as well.

Results and discussion

Comparing cutoff independent and cutoff-based score functions

We analysed the breast cancer data set of van ’t Veer et al. [13] with a cutoff-based score
function, using different cutoffs. Table 1 presents results for 15 categories with low p-
values from cutoff independent scoring, showing that the p-value depends strongly on
the choice of cutoff. This is further illustrated by the very different cutoffs at which the
minimized cutoff-based p-value was obtained.

Compared to the variations between the cutoff-based alternatives, the results shown in Ta-
ble 1 are in reasonable agreement for two cutoff independent p-values, using the Wilcoxon
rank sum and the minimized cutoff-based p-value, respectively. The p-value based on the
Wilcoxon rank sum was most often larger than the minimal cutoff-based p-value. Since
the latter is biased by a minimization process, it must be interpreted as a score, rather
than a p-value, thus requiring additional analyses to find statistical significance [7, 8].
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GoName GoId top100 top300 top600 min p cutoff WRS p #g

mitotic cell cycle 0000278 9e-05 5e-10 6e-07 3e-10 290 7e-08 93

M phase 0000279 1e-03 2e-06 1e-04 1e-09 1491 1e-07 41

nuclear division 0000280 1e-03 2e-06 1e-04 4e-09 1491 2e-07 40

M phase of mit. cell cyc.. 0000087 6e-04 5e-07 1e-04 2e-08 1491 5e-07 36

mitosis 0007067 5e-04 4e-07 1e-04 6e-08 1491 1e-06 35

cell cycle 0007049 2e-04 3e-07 1e-05 1e-07 1571 6e-06 172

carbon-nitrogen ligase act.. 0016884 4e-04 3e-03 1e-02 3e-05 27 2e-05 2

carboxylic acid metab.. 0019752 9e-02 1e-04 4e-05 3e-06 711 3e-05 83

organic acid metabolism 0006082 9e-02 1e-04 4e-05 3e-06 711 3e-05 83

intramolecular isomerase .. 0016863 1e+00 3e-02 8e-04 2e-05 609 5e-05 4

cell proliferation 0008283 7e-04 2e-05 1e-03 4e-06 1956 8e-05 264

intramolec. isomerase .. 0016860 1e+00 2e-02 3e-03 3e-05 905 1e-04 9

spindle microtubule 0005876 4e-04 3e-03 1e-02 6e-05 42 1e-04 2

DNA replic. and chro.. 0000067 6e-02 3e-04 2e-03 9e-05 852 3e-04 44

regulation of mitosis 0007088 9e-03 8e-03 5e-02 3e-04 1248 5e-04 8

Table 1: Category p-values for cutoff-based and cutoff independent score functions. The
15 GO categories with the lowest Wilcoxon rank sum p-values from the ranked gene list,
based on the data set of van’t Veer et al., which comprises 5224 genes in total. Three
columns show p-values for cutoff based score functions, with cutoffs at position 100,
300 and 600 in the list. The columns “min p” and “cutoff” give the minimal cutoff based
p-value and the cutoff where this minimum was attained. The column “WRS” gives the p-
value calculated with the Wilcoxon rank sum as score function and random permutation
of genes as null hypothesis, and the column marked #g indicates the total number of
genes in the category. A full table (sorted by WRS p-value) is given as supplementary
information (additional file 2). The supplementary table also contains the ranking of
each category using the different methods and the 25th, 50th and 75th percentiles of
those genes in the ranked list.

Comparing null hypotheses

Using the Wilcoxon rank sum, we compared the results of different null hypotheses.
Three publicly available data sets were examined [11, 13, 19]. As can be seen in Figure 1,
p-values based on gene permutations tend to be lower than those based on sample label
permutations. For categories with small p-values, there are remarkable differences, in
particular for large categories with more than 20 genes.

Since the gene permutation null hypothesis assumes independent genes, we expect a GO
category whose genes are uncorrelated to have roughly the same p-value under the two
different null hypotheses, whereas a significant category whose genes are highly correlated
will get a lower p-value using the gene permutation null hypothesis. To illustrate this
coexpression effect, we picked two large categories, “carboxylic acid metabolism” and “M
phase”, which are encircled in Figure 1. In the data set of van ’t Veer et al. [13], “carboxylic
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acid metabolism” has similar p-values for the two null hypotheses, while “M phase” has a
p-value of 10−7 using gene permutations but the much higher p-value of 3 · 10−2 using
sample label permutations. As seen in Figure 2, the most highly ranked genes of “M
phase” are indeed more coexpressed than the most highly ranked genes of “carboxylic
acid metabolism”.
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Figure 1: Comparing null hypotheses.Comparison of p-values obtained by sample label
permutations and gene permutations, using the data set of van ’t Veer et al. [13] (left),
Golub et al. [11] (middle), and Alon et al. [19] (right). Sample label permutation results
were obtained with 100.000 permutations for the van ’t Veer et al. data set and with
10.000 permutations for the other data sets. Gene permutation results were calculated
as described in Methods. Red, green and blue colours represent categories with 1 to 5,
6 to 20, and over 20 genes, respectively. Encircled boxes in the left figure represent the
categories “M phase” and “carboxylic acid metabolism”, which are further discussed in
the text.

In Table 2, the ranks of categories for the different null hypotheses are compared. There
are distinct differences, with only a small overlap among top ten categories. One can
clearly see the tendency for the gene permutation null hypothesis to find categories with
very many genes, as discussed above.

Table 2 also shows category ranks obtained with two alternative cutoff independent score
functions: the Kolmogorov–Smirnov score as used in GSEA [17] and the minimal cutoff-
based p-value used in FuncAssociate [7] and iGA [8]. These two alternatives do not
calculate individual p-values for categories, but ranks categories based on the chosen score.
Nevertheless, they give results similar to those obtained with the Wilcoxon rank sum and
gene permutation. This is expected, since the minimized p-value is calculated with gene
permutations, and the score adopted in GSEA [17] ranks categories similarly to what a
Kolmogorov–Smirnov p-value, based on gene permutations, would do. It should be noted
that GSEA, FuncAssociate, and iGA calculate multiple hypotheses corrected p-values, but
these do not change the ranking of categories.
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Figure 2: Effects of coexpression on different null hypotheses. Expression profiles, over
the 97 samples in van ’t Veer et al. [13], of the 12 most highly ranked genes in the
“M phase” category (left) and 13 most highly ranked genes in the “carboxylic acid
metabolism” category (right), respectively. Some genes were inverted since the ranking
was based on absolute correlation values to metastasis class. The metastasis free samples
are to the left of the vertical line, and within each metastasis class, samples are ordered
in increasing average expression of the examined genes. The expressions of each gene
was normalized to zero average across samples. The narrower band of expressions in the
left figure illustrates the higher Pearson correlation of M phase genes. Average absolute
Pearson correlation between gene expressions was 0.74, with standard deviation of 0.16,
for the M phase genes, and 0.44, with standard deviation of 0.27, for carboxylic acid
metabolism genes.

There is a possible difference (which does not reveal itself in Table 2) between the
Kolmogorov–Smirnov score and minimized p-value score on one hand, and the Wilcoxon
rank sum on the other, in the treatment of categories for which only a subset of genes
have expressions correlating significantly with the question under study. The impor-
tant genes being in the top of the ranked list will give the category a good score with
all three score functions, provided the remaining, seemingly insignificant, genes are dis-
tributed in the ranked list as expected by random. However, if these less important genes
lie higher in the list than expected by random (though not high enough to affect the
Kolmogorov–Smirnov or min-p scores), the category will be considered more important
by the Wilcoxon rank sum. Reversely, if the less important category genes prevail in
the bottom of the list, the Wilcoxon rank sum score function will deem the category as
unimportant, while the other two scores will give the category a high significance, based
on the top ranked genes alone. Whether seemingly insignificant genes being ranked bet-
ter or poorer than explainable by random expectations should be observed or ignored is
of course a matter of taste, and a possibility is to use several score functions, that may
complement each other. The differences are, however, much smaller than those related to
choice of null hypothesis, as revealed in Table 2.
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GoName GoId WRS K–S min-p 25% 50% 75% #g
s.l.p. g.p.

carbon-nitrogen ligase act.. 0016884 1 7 53 16 6 6 27 2

spindle microtubule 0005876 2 13 54 19 38 38 42 2

organic acid metabolism 0006082 3 9 11 8 564 1619 3283 83

carboxylic acid metabolism 0019752 4 8 12 7 564 1619 3283 83

intramolec. isomerase act.. 0016863 5 10 10 12 195 412 453 4

deoxynucleoside kinase act.. 0019136 6 18 60 51 70 70 117 2

GMP synthase activity 0003921 7 27 317 78 6 6 6 1

intramolec. isomerase act.. 0016860 9 12 9 14 195 453 905 9

biotin metabolism 0006768 10 21 62 58 76 76 132 2

nucleus 0005634 71 16 28 10 1100 2353 3797 574

mitotic cell cycle 0000278 121 1 3 1 346 1419 3031 93

M phase 0000279 107 2 1 2 251 848 1862 41

nuclear division 0000280 124 3 2 3 251 867 1862 40

M phase of mit. cell cyc.. 0000087 130 4 4 4 238 848 1862 36

mitosis 0007067 152 5 5 5 235 848 1862 35

cell cycle 0007049 142 6 6 6 731 1689 3599 172

cell proliferation 0008283 112 11 7 9 891 1947 3645 264

regulation of cell cycle 0000074 153 29 8 15 731 1689 3604 105

Table 2: Comparison of different cutoff independent approaches. The top ten categories
and their corresponding ranks for each of the the four methods: Wilcoxon rank sum
(WRS) with sample label permutation null hypothesis (s.l.p.), WRS with gene permuta-
tion null hypothesis (g.p.), the Kolmogorov–Smirnov score (K–S) as used in GSEA [17],
and the minimal cutoff-based p-value (min-p) [7, 8]. Percentile columns indicate the po-
sition of the 25th, 50th and 75th percentile in the ranked gene list which comprises 5224
genes and is based on the data set of van’t Veer et al.. The last column indicates the num-
ber of genes in each category. The full table is available as a supplementary file (additional
file 3).

Multiple category testing

The more categories that are being tested, the more likely it is that at least one category
gets a very small p-value by chance. To better evaluate the statistical significance of the
best scoring categories, we used Catmap to calculate false discovery rates and family-wise
error rates by permutation tests. This also gave us an effective number of independent
categories, Neff, as described in Methods.

The GO contains many small categories which would be reasonable to ignore in a study
aiming at biological conclusions, and they were included in Figure 1 mainly to highlight
the differences between the null hypotheses. When performing multiple category testing,
we restricted the study to large categories, containing more than 20 genes. We tested the
3 sub-ontologies (biological process, molecular function, and cellular component) both
separately and together.
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As expected from the discussion above, several categories with coexpressed genes got small
pmultiple and small false discovery rates with random gene permutations. In contrast, when
using sample label permutations, the smallest pmultiple was obtained in the data set of van
’t Veer et al. [13] for the biological process category ”organic acid metabolism”, which
contained 83 genes and had p = 3 · 10−4 and pmultiple = 0.02. Interestingly, organic acid
metabolism is known in the literature to be relevant for breast cancer [20, 21]. For this
data set and the biological process categories, there was a 38% false discovery rate among
the top 15 categories.
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Figure 3: Fitting an effective number of independent categories. The multiple category p-
value, pmultiple, versus p-value for the data set of van ’t Veer et al. [13], using 327 large Gene
Ontology categories with more than 20 genes. The yellow band shows 95% confidence
interval of sample label permutation results, based on 1000 random lists, and the blue
curves show the results of Equation (1), with the fitted Neff = 152 (solid line), the total
number of categories N = 327 (dashed line), and also the Bonferroni correction (dotted
line).

For all 3 sub-ontologies, the effective number of categories, Neff, was around half of the
full number of categories, N . In the data set of van ’t Veer et al. [13] the numbers
were Neff = 83 versus N = 166 for biological process, Neff = 69 versus N = 119
for molecular function, and Neff = 22 versus N = 42 for cellular component. For all
categories together the real number of large categories was N = 327 whereas Neff = 152.
Using random gene permutations for the same data set and categories, we got Neff = 170.

The fact that Neff for the two null hypotheses are so close is a general phenomena that
we see in all our examples (data not shown). Furthermore, for all data sets and ontolo-
gies studied, Neff was approximately half of the total number of categories. If this is a
general feature for GO categories, the simple Bonferroni correction would not be totally
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unreasonable for small p-values.

Figure 3 shows that the fit with an effective number of categories was good; in the range
where permutations results were available it did not deviate more than a factor of two.
The example in Figure 3 was obtained with 100.000 sample label permutations, and
minimal p-values were found for 1000 random gene lists.

It should be noted that whenever several ranked lists are examined as part of a project, this
additional source of multiple hypotheses testing should also be corrected for. An example
of such a correction, for cutoff-based score functions, is presented by Corà et al. [22].

Conclusions

We developed a computer program for calculating the significance of gene categories in
a ranked list of genes. Corrections for multiple category testing can be performed by
the program. To investigate the properties of different scores and null hypotheses, we
analyzed three publicly available data sets [11, 13, 19].

Commonly [1–6], a subset of relevant genes is defined from a ranked gene list by in-
troducing a cutoff in the list. Our results show that the obtained p-values of biologi-
cally relevant categories depend strongly on the choice of cutoff. The cutoff indepen-
dent Wilcoxon rank sum score overcomes the problem, representing an alternative to the
Kolmogorov–Smirnov score [14–17] and the minimized cutoff-based p-value [7, 8]. The
ranking of categories for the three cutoff independent scores are very similar.

Though sample label permutations in many situations represent a better null hypothesis
than gene permutations, available gene annotation analysis tools are restricted to the latter.
Our implementation allows for both null hypotheses, and we find that both the p-values
and the ranking of categories depend strongly on the choice of null hypothesis. Compared
to sample label permutations, gene permutations gave much smaller p-values for large
categories with many coexpressed genes.

Methods

Algorithm

The implemented algorithm treats the categories sequentially and independently. As score
function for category relevance, the program uses either the Wilcoxon rank sum or the
number of genes above a given cutoff in the ranked list. The latter is implemented for
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method comparison and for the case of a defined subset of relevant genes, without internal
ranking.

For the case of the Wilcoxon rank sum, the user can supply a set of ranked lists distributed
according to an appropriate null hypothesis, or request random permutations of genes as
the null hypothesis. In the latter case, the significance of the score is calculated analytically
by the program, using either an exact calculation by an iterative method, a Gaussian
approximation, or a continuous volume approximation. The program chooses method
based on a balance between accuracy and computation time. For details, see additional
file 1: ’p-values for the Wilcoxon rank sum score’.

For the case of the cutoff-based score function, the p-value of category relevance is deter-
mined with Fisher’s exact test [23], corresponding to randomly permuted genes as null
hypothesis.

When N independent categories are tested simultaneously, family-wise error rate simply
means calculating the probability,

pmultiple(q) = 1 − (1 − q)N , (1)

that at least one category has a p-value below any given number q by chance. For
correlated categories, we make the assumption that the same functional form describes
pmultiple(q), with N replaced by an effective number of independent categories Neff. We
find Neff by generating a number, K , of ordered lists under the null hypothesis and calcu-
lating the p-values of all categories. We fit Neff using the maximum likelihood estimation

1
Neff

=
−

∑K
k=1 ln(1 − pk)

K
, (2)

where pk is the minimal p-value for the k’th ordered list.

The false discovery rate for the j highest ranked categories is found by counting the num-
ber of p-values from K permuted lists lower than the p-value of the j:th category and
divide this number with K · j.

For the case of sample label permutations, when a user supplied set of ranked gene lists
are used to represent the null hypothesis, the first K lists are used to find Neff and false
discovery rates, and the remaining lists are used to calculate p-values for each of the K
lists.

Implementation

The algorithm is implemented in the Perl program Catmap.pl and is released under
the GNU General Public License (GPL). Catmap.pl, together with user instructions, is
available for download at http://bioinfo.thep.lu.se/Catmap.
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Public Data Sets

Using Catmap, we analysed three publicly available data sets with gene annotations from
the Gene Ontology.

The data set of van ’t Veer et al. [13] consists of 97 patients with primary sporadic breast
cancer, of which 46 had metastases within five years following treatment. Quality filtering
was performed as described in [13], and rendered about 5,000 genes which were ranked
according to their absolute Pearson correlation to metastasis class. A Gene Ontology
analysis of the data set has previously been performed with the 231 top genes as the
subset of important genes and random gene permutations [24].

The data set of Golub et al. [11] consists of bone marrow samples from leukemia patients,
27 with AML and 11 with ALL. The published data contains expression levels for 5000
genes, which after removal of genes with no variance across samples rendered 4812 genes
which were ranked according to their absolute Pearson correlation to leukemia type.

The data set of Alon et al. [19] consists of 40 tumour and 22 normal colon tissue samples.
The 2000 genes in the published data set were ranked according to their absolute Pearson
correlation to tissue type.

Gene Ontology Associations

All genes were first mapped to corresponding UniGene clusters [25]. For the data set
of Golub et al. [11] this mapping was given from chip annotation files provided by
Affymetrix, whereas for the other data sets [13, 19], the mapping was done via Gen-
Bank accession numbers. GO annotations for UniGene clusters were extracted with
ACID [26], and completed by back propagating all lower level associations on the GO
graph.
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Abstract
We devise a method for analyzing tumor gene expression data in terms of signal trans-
duction pathway activity. We use pathways compiled from the TRANSPATH/TRANSFAC

databases and the literature, and three publicly available cancer microarray data sets. Vari-
ation in pathway activity, across the samples, is gauged by the degree of correlation be-
tween downstream targets of a pathway. Two correlation scores are applied; one considers
of all pairs of downstream targets, and the other considers only pairs without common
transcription factors. Furthermore, we devise a score for pathway activity in individual
samples, based on the averege expression value of the downstream targets. Statistical sig-
nificance is assigned to the scores using reshuffling of genes as null model. Hence, for
individual samples, the status of a pathway is given as a sign, + or −, and a p-value.
This approach defines a projection of high-dimensional gene expression data onto low-
dimensional pathway activity scores. Finally, we find that several sample-wise pathway
activities are significantly associated with clinical classifications of the samples.
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Introduction

The interpretation of microarray data is facilitated by combining the data, or results of
data analysis, with prior contextual knowledge, e.g., ontologies [2,3,10,18], pathways [11,
13,19] and other annotation groups of interest [14]. This study aims at inferring cellular
signaling pathway activity from tumor microarray data, on a sample-by-sample basis,
using prior knowledge about pathways. Furthermore, we examine whether the pathway
activity of individual samples is associated to clinical classifications of the samples.

Signaling pathway activity scoring is a more direct measurement of biological processes
than ontology mapping, which aims at finding over-representation of genes in various
groups of contextual annotation. A cellular signaling pathway (see Fig. 1) is composed of a
series of signaling molecules that convey information, typically from the outside of the cell
to the nucleus. The initial step consists of extracellular signaling molecules, ligands, that
activate receptors of the cell. These receptors then initiate intracellular signaling events,
which eventually regulate the activity of various transcription factors. These transcription
factors, in turn, regulate the expression levels of various genes, termed downstream targets
of the pathway.

To characterize pathway activity, it would be desirable to have both proteomic and gene
expression data. Gene expression data alone is not sufficient for assessing protein concen-
trations [7] and post-translational modifications of proteins. In the absence of proteomic
data, one is thus forced to rely on aspects of the pathway that are detectable at the mRNA
level. The foremost candidate for this is the downstream targets, which we will focus on
here. It is of course also possible that the mRNA levels of effector proteins in a pathway
change due to altered pathway activity. However, such effects are outside the scope of
this paper. A further complication is that many pathways overlap, both in terms of hav-
ing common transcription factors, and in terms of distinct transcription factors having
common downstream targets. Our methods will not be able to distinguish very similar
pathways, and in some sense this problem can be seen as a result of the ambiguities that
follow when the full protein network is partitioned into separate pathways.

Cellular signaling pathways are subject to intense research, and current knowledge is com-
piled into databases such as STKE [5], TRANSPATH [8] and TRANSFAC [17]. These
databases do not yet account for all pathways or transcription factors, but develop over
time. Most pathway information utilized in this work is collected from TRANSPATH/
TRANSFAC, where information about transcription factors and downstream targets is
readily available. The only exception is the estrogen receptor pathway, which is taken
from [9]. We analyze three microarray data sets in this study: Two breast cancer data
sets [15, 16], and one leukemia data set [4].

For the three data sets, we assess pathway activity from two related, but different, points
of view. The first is to examine which pathways behave in a coherent way across the entire
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data set, i.e., which pathways have significantly co-expressed downstream targets. This is
done both with and without accounting for the fact that downstream targets of a single
transcription factor are correlated irrespective of pathway behavior. The second point of
view is to assess pathway activity of individual samples, relative to the other samples in the
same experiment, yielding an active or inactive status for each pathway in each sample.
Finally, we relate the sample-wise pathway activity to clinical classifications of samples
by way of contingency tables. Several pathways are found to be highly predictive of the
clinical classifications.

Figure 1: Pathways (PW) → transcription factors (TF) → downstream targets (DT).

Methods

Pathway information and UniGene clusters

Transcription factors for 23 pathways were extracted from TRANSPATH [8]. The down-
stream target genes of those transcription factors were obtained from TRANSFAC [17].
Since our study contains breast cancer data, we have augmented the pathway informa-
tion with the Estrogen Receptor (ER) pathway compiled from [9], where 89 direct target
genes were identified. 59 of them were induced by the ER complex and 30 were re-
pressed. 8 out of the 89 genes were previously verified. We employ all six combinations
of induced/repressed/all and verified/all, yielding 6 versions of the ER pathway. The 29
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pathways employed are listed in Table 2. Downstream target genes were represented as
UniGene IDs (http://www.ncbi.nlm.nih.gov/UniGene), using UniGene Hs build 171.
For the analysis of the data sets, gene identifiers were converted into UniGene IDs and
expression values of clones belonging to the same UniGene cluster were averaged.

Data Sets

The following three publicly available data sets were analyzed:

1. The breast cancer data set of van ’t Veer et al. [16], consisting of samples from 117
patients, of which 46 developed metastases. After UniGene merging the data set
contains 20663 genes.

2. The breast cancer data set of Sotiriou et al. [15], consisting of 99 samples of differ-
ent clinical classifications, with 4878 genes after UniGene merging.

3. The leukemia data set of Golub et al. [4], derived from bone marrow samples from
38 patients, 27 of which were diagnosed with Acute Myeloid Leukemia (AML)
and 11 with Acute Lymphoblastic Leukemia (ALL). After UniGene merging and
removal of genes with no variance across the samples, 4701 genes remain.

Normalization of microarray data

The data sets in [15, 16] are given in the form of log ratios of expression values in the
samples versus a reference. The data set in [4] is given in the form of Affymetrix average
difference values. For the calculation of Group Correlation Score and Exclusive Group
Correlation Score the affymetrix average difference values were logarithm transformed,
since the Pearson correlation is very sensitive to single outlier samples. For the Group
Sample Score the original differences were kept. We denote the expression value for gene
g in sample s by xgs, with missing values allowed. We normalized the expression values in
two steps. First, for each sample, the mean of all genes was subtracted, in order to ensure
that no samples are up- or down-regulated on average. The transformed expression values
satisfy: ∑

g

xgs = 0 for all s.

Second, for each gene, the mean of all samples was subtracted from the expression values
of that gene, yielding: ∑

s

xgs = 0 for all g.

The second normalization implies that the expression value of a gene is measured relative
to the same gene in other samples.
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Pearson correlation p-values

To determine if a group of downstream target genes is significantly co-expressed, a total
score of the group is needed. Two scores were used here, both based on the Pearson
correlation of a pair of genes g and h:

rg,h =

∑
s(xgs − x̄g )(xhs − x̄h)√∑

s(xgs − x̄g )2
√∑

s(xhs − x̄h)2
,

where the sums exclude missing values and x̄g is the mean of expression values for gene g.

The Group Correlation Score is defined as the sum of squares of Pearson correlations among
all pairs of genes in a group of genes:

GCS =

∑

g �=h

r2
g,h

where the sum runs over all genes in the group. The square ensures that both correlations
and anti-correlations contribute to the score. We use the Group Correlation Score for the
downstream target genes of a single transcription factor, as well as for those of an entire
pathway.

The Exclusive Group Correlation Score, on the other hand, is only applicable for the down-
stream targets of a pathway. It is defined as

EGCS =

∑

TF (g)∩TF (h)=∅

r2
g,h

where the sum runs exclusively over pairs of genes g and h that do not share any tran-
scription factor.

The p-value of a score is defined as the fraction of random cases, drawn under the null
hypothesis, which achieve a higher score than the score tested. For both scores, GCS
and EGCS, our null hypothesis is reshuffling of the genes on the microarray. This null
hypothesis keeps the structure and overlap of all pathways fixed, but changes the identity
of the genes.

Pathway activity for individual samples

For each sample, s, and pathway,PW , the Group Sample Score is defined as follows:

GSS s =

∑

g⊂PW

xgs,

where the sum runs over all downstream target genes of the pathway.
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The null hypothesis is again reshuffling of the genes from the microarray. We are inter-
ested in pathways both with high and low scores. Hence, we consider the p-values for the
score being higher (p+) and lower (p−) than random, respectively, and the final p-value is
given by two times the smaller of these two p-values:

p = 2 · min(p+, p−).

The pathway is said to be active (+) if p+ < p−, and inactive (−) otherwise.

Family-wise p-value

If N independent hypotheses are tested simultaneously, the probability to obtain K or
more p-values below q is given by a binomial distribution:

pfw =

N∑

i=K

(
i

N

)
qi(1 − q)(N−i).

We refer to this probability as the family-wise p-value.

Results

In this section we assess variation in transcription factor and pathway activity across the
samples. We then proceed to probe pathway activity in individual samples. Finally,
we study the association between pathway activity and the clinical classifications of the
samples.

Co-expression of the downstream targets of a transcription factor

As a prelude to the study of pathways, we quantified the degree of correlation among
downstream targets of single transcription factors. For this purpose we used the Group
Correlation Score defined in Methods. The p-values were calculated using random reshuf-
fling of the genes. Table 1 shows the most significant transcription factors in the van ’t
Veer data set. We see, as expected, that several transcription factors have significantly
correlated downstream targets. For the data set of Sotiriou et al., 8 out of 42 transcription
factors have a p-value below 0.1, and for the Golub et al. data set, the corresponding
numbers are 6 out of 39. Among these three data sets, the p-values are noticeably bet-
ter for data sets with more samples and genes. With this in mind we conclude that the
downstream targets of transcription factors are co-expressed in the these data sets, albeit
not to a high degree. The full lists for all 3 data sets can be found in the Supplement [1].
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TF # of DT p-value
NF- � B 19 3e-4
RelA 11 9e-4
NF- � B1 10 2e-3
ER-induced 50 3e-3
STAT1 � 2 5e-3
ER-induced (v) 5 7e-3
STAT6 6 7e-3
C/EBP � 21 7e-3
ER 77 7e-3
ER(v) 7 1e-2
GATA-1 7 2e-2
c-Rel 3 5e-2
Elk-1 4 6e-2
STAT4 3 7e-2
SMAD-3 6 8e-2

Table 1: The 15 most significant transcription factors (TF) in the van ’t Veer et al. [16]
data set, and their number of downstream targets (DT). p-values are based on the Group
Correlation Score. In all 54 TFs were studied for this data set. ER pathway notation as
in Table 2.

Co-expression of the downstream targets of a pathway

Here we use the same Group Correlation Score as above, applied to the downstream targets
of entire pathways rather than those of individual transcription factors. Table 2 shows the
results for the van ’t Veer data set, where 21 out of 29 pathways have a p-value below 0.05,
which is significantly more than expected by chance. However, many of the downstream
targets have common transcription factors, which might be the major cause of the co-
expression. To eliminate such a contribution we used the Exclusive Group Correlation
Score, which considers only pairs of downstream targets lacking common transcription
factors. The p-values for the Exclusive Group Correlation Score are also shown in Table 2.
Although these p-values are larger, they are still significant; out of 20 pathways with more
than one transcription factor, 12 have a Exclusive Group Correlation Score p-value below
0.05, which is still more than expected by chance. We conclude that the co-expression
of downstream targets in a pathway can only in part be explained by the genes having
common transcription factors. This co-expression at the pathway level justifies the view
of pathways as functional units. Similar tables for the two other data sets are shown in
the Supplement [1]. Both data sets have smaller p-values than expected by chance, albeit
not as convincingly as the van ’t Veer data set.
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Pathway # of TF # of DT GCS p-value EGCS p-value
IL-1 5 21 3e-4 3e-1
fMLP 9 27 3e-4 1e-1
TLR4 9 41 8e-4 1e-3
RANK 6 41 2e-3 5e-2
ER-induced 1 50 2e-3 n/a
EDAR 6 41 2e-3 5e-2
Oncostatin M 1 2 6e-3 n/a
PDGF 8 15 6e-3 2e-2
ER 1 77 7e-3 n/a
ER-induced (v) 1 5 8e-3 n/a
IL-4 - STAT6 1 6 8e-3 n/a
TGF−

�
network 7 23 1e-2 1e-2

EGF network 12 53 1e-2 1e-2
Insulin 7 45 1e-2 4e-2
ER (v) 1 7 2e-2 n/a
TNF- � 8 61 2e-2 5e-2
VEGF 3 8 2e-2 2e-2
TPO 6 10 3e-2 2e-2
IFN 6 10 3e-2 2e-2
PRL 6 10 3e-2 2e-2
IL-10 2 7 6e-2 5e-2
IL-12 - STAT4 1 3 7e-2 n/a
c-Kit 4 87 8e-2 6e-2
ER-repressed 1 27 1e-1 n/a
T-cell antigen receptor 4 10 3e-1 3e-1
B-cell antigen receptor 4 10 3e-1 3e-1
Wnt 2 8 4e-1 3e-1
ER-repressed (v) 1 2 6e-1 n/a
IL-2 - STAT5 2 4 8e-1 7e-1

Table 2: Pathways in the van ’t Veer et al. [16] data set, ordered by significance and
their number of transcription factors (TF) and downstream targets (DT). Also shown
are Group Correlation Score (GCS) and Exclusive Group Correlation Score (EGCS) p-
values. ER means both induced and repressed ER-pathway and (v) means that the path-
way has been verified in a second experiment (see [9]).

Pathway assignments for individual samples

After having established that downstream target genes are co-expressed in some pathways,
we proceeded to study the status of pathway activity in individual samples. To this end
we employed the Group Sample Score, which for each pathway designates every sample in
a data set as either active or inactive, with an associated p-value.
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Table 3 shows p-values and pathway activity status, for six samples in the van ’t Veer data
set. For example, in the first sample the RANK pathway is designated as inactive with a p-
value of 0.004, whereas the inactiveness of the ER-induced pathway cannot be considered
significant. The full tables for all samples and pathways in all 3 data sets are provided in
the Supplement [1].

1 2 3 4 5 6

ER-induced 0.666(–) 0.000(+) 0.47(+) 0.184(+) 0.48(+) 0.002(+)

RANK 0.004(–) 0.15(–) 0.11(–) 0.832(+) 0.002(–) 0.000(–)

IL-1 0.008(–) 0.026(–) 0.014(–) 0.356(+) 0.012(–) 0.002(–)

TNF- � 0.002(–) 0.132(–) 0.232(–) 0.43(+) 0.004(–) 0.000(–)

EGF network 0.292(–) 0.3(–) 0.484(–) 0.94(–) 0.176(–) 0.000(–)

EDAR 0.006(–) 0.144(–) 0.102(–) 0.834(+) 0.002(–) 0.002(–)

ER 0.968(+) 0.000(+) 0.316(+) 0.748(+) 0.864(–) 0.002(+)

ER-induced (v) 0.484(–) 0.022(+) 0.148(+) 0.322(+) 0.286(+) 0.386(+)

fMLP 0.02(–) 0.052(–) 0.000(–) 0.688(+) 0.036(–) 0.038(–)

TLR4 0.182(–) 0.272(–) 0.304(–) 0.784(+) 0.166(–) 0.000(–)

Insulin 0.86(–) 0.024(–) 0.414(–) 0.68(+) 0.828(+) 0.016(–)

TGF−
�

network 0.082(+) 0.72(+) 0.858(–) 0.332(–) 0.766(–) 0.29(–)

ER (v) 0.972(–) 0.01(+) 0.056(+) 0.1(+) 0.342(–) 0.094(+)

c-Kit 0.286(–) 0.022(–) 0.314(–) 0.82(–) 0.05(–) 0.24(–)

IL-10 0.38(–) 0.578(+) 0.796(–) 0.79(+) 0.204(–) 0.806(+)

TPO 0.386(–) 0.746(+) 0.512(–) 0.814(+) 0.618(–) 0.766(–)

ER-repressed (v) 0.368(+) 0.052(+) 0.062(+) 0.038(+) 0.004(–) 0.06(+)

VEGF 0.646(–) 0.342(+) 0.42(–) 0.988(–) 0.882(–) 0.848(–)

IFN 0.398(–) 0.742(+) 0.472(–) 0.774(+) 0.596(–) 0.744(–)

PRL 0.424(–) 0.774(+) 0.458(–) 0.794(+) 0.622(–) 0.756(–)

PDGF 0.966(+) 0.498(–) 0.608(–) 0.52(–) 0.752(+) 0.382(–)

Oncostatin M 0.298(–) 0.322(–) 0.194(–) 0.172(+) 0.746(+) 0.002(–)

T-cell antigen receptor 0.196(–) 0.1(–) 0.006(–) 0.928(+) 0.65(–) 0.36(+)

IL-12 - STAT4 0.356(+) 0.41(+) 0.87(+) 0.604(+) 0.234(–) 0.968(+)

B-cell antigen receptor 0.19(–) 0.094(–) 0.006(–) 0.936(+) 0.654(–) 0.306(+)

ER-repressed 0.53(+) 0.472(+) 0.428(+) 0.17(–) 0.074(–) 0.006(+)

IL-2 - STAT5 0.22(–) 0.884(–) 0.468(–) 0.798(–) 0.34(+) 0.036(–)

IL-4 - STAT6 0.83(–) 0.166(–) 0.91(–) 0.326(–) 0.106(+) 0.166(–)

Wnt 0.862(–) 0.086(–) 0.102(–) 0.588(–) 0.378(–) 0.52(–)

Table 3: The individual sample pathway activity p-values and sign for each pathway and
six of the van ’t Veer breast cancer samples. Bold face indicates significant (i.e. p-value ≤
0.05) pathway activity in the sample. ER notation as in Table 2.
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Table 4 shows the number of samples that are active and inactive at the 5% level, for
every pathway in the van ’t Veer data set. The table also contains the family-wise p-value,
defined in Methods, which gives the probability of observing at least this total number of
significant samples for a pathway. The family-wise p-value assumes that the samples are
independent, which is only approximately true since the mean expression value of a gene
across all samples is zero. Corresponding tables for the two other data sets can be found
in the Supplement [1]. We note that the most significant pathways according to this
measure are mostly the same as with the correlation based scores, although the p-values
are numerically different.

Pathway + - family-wise p-value

ER-induced 30 36 5e-54
RANK 30 30 6e-46
IL-1 24 34 2e-43
TNF- � 29 29 2e-43
EGF network 30 28 2e-43
EDAR 29 29 2e-43
ER 29 29 2e-43
ER-induced (v) 22 34 7e-41
fMLP 24 31 1e-39
TLR4 27 27 2e-38
Insulin 22 22 5e-27
TGF−

�
network 21 19 7e-23

ER (v) 15 22 5e-20
c-Kit 20 14 3e-17
IL-10 13 15 4e-12
TPO 11 15 1e-10
ER-repressed (v) 11 15 1e-10
VEGF 12 14 1e-10
IFN 11 14 7e-10
PRL 10 14 3e-09
PDGF 10 12 8e-08
Oncostatin M 7 14 4e-07
T-cell antigen receptor 11 8 6e-06
IL-12 - STAT4 7 10 8e-05
B-cell antigen receptor 10 6 2e-04
ER-repressed 7 5 1e-02
IL-2 - STAT5 5 7 1e-02
IL-4 - STAT6 6 3 1e-01
Wnt 4 4 2e-01

Table 4: This table shows the number of samples (out of 117) in the van ’t Veer data
set with pathway status active (+) or inactive (−) and with Group Sample Score p-value
≤ 0.05. Also shown are the corresponding family-wise p-values. ER notation as in
Table 2.
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Association between sample-wise pathway activity and clinical classi-
fications

We analyzed the association between sample-wise pathway activity and clinical classifica-
tions using contingency tables. For every pathway and data set, we divided the samples
into three groups: Samples where the pathway was active at a 5% significance level, sam-
ples where it was inactive at a 5% significance level, and insignificant samples referred
to as undecided. For each data set, contingency tables of pathway activity versus clinical
classifications were created, and � 2 p-values were calculated.

In the data set of Golub et al., the only available clinical classification is tumor type,
i.e., ALL or AML. Table 5 shows the contingencies for the Insulin pathway and the Il-1
pathway. Seven out of 29 pathways have contingency tables with a �

2 p-value below 0.01.

ALL AML
Insulin pw(+) 1 5
Insulin pw(−) 15 0
Insulin pw(U) 11 6
p-value: 5e-04

ALL AML
IL-1 pw(+) 0 6
IL-1 pw(−) 19 0
IL-1 pw(U) 8 5
p-value: 1e-05

Table 5: Contingency tables for the ALL/AML status versus the Insulin and IL-1 path-
ways in the leukemia data set of Golub et al. [4]. Active, non-active and undecided
pathways are denoted +, - and U respectively.

For the breast cancer data set of van ’t Veer et al., we investigated six clinical classifica-
tions: metastasis status (0), estrogen receptor status (20), progesterone receptor status
(12), lymph node status (12), BRCA mutations (15) and histological grade (8). The
numbers in parentheses refer to the number of significant contingency tables at the 0.01
level. The total number of pathways was again 29. For metastasis status, only 97 out of
the 117 samples were labeled in the original data set, and this may contribute to the low
degree of association between this clinical classification and pathway activity. However,
similar results were obtained for the data set of Sotiriou et al., which indicates that it may
be difficult to obtain any association between the pathways analyzed in this work and
breast cancer metastasis status. Table 6 shows the contingency between estrogen receptor
status and the ER-induced pathway. As expected, there is a strong association between
presence of the estrogen receptor protein, and the activity status of the ER-induced path-
way. Somewhat more surprisingly, there are also strong associations between ER status
and many other pathways. Similar results are obtained for the data set of Sotiriou et al.,
but with fewer significant associations.
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ERp ERp ERp
low med. high

ER-ind pw(+) 0 5 25
ER-ind pw(−) 31 3 3
ER-ind pw(U) 8 16 26
p-value: 2e-14

ERp ERp ERp
low med. high

RANK pw(+) 25 2 2
RANK pw(−) 1 5 24
RANK pw(U) 13 17 28
p-value: 1e-11

Table 6: Contingency tables of estrogen receptor protein (binned at three levels: 0, 5-50,
60-100) versus the ER-induced and RANK pathways in the breast cancer data set of van’t
Veer et al. [16]. Same notation as in Table 5.

Lowering
the pathway activity p-value cutoff makes the association to clinical classifications more
specific but less sensitive. The complete set of contingency tables for all three data sets
can be found in the Supplement [1].

cutoff : 0.05 L+ L−
IL-12/STAT4 pw(+) 0 7
IL-12/STAT4 pw(−) 9 0
IL-12/STAT4 pw(U) 80 21
p-value: 3e-06

cutoff: 0.1 L+ L−
IL-12/STAT4 pw(+) 2 8
IL-12/STAT4 pw(−) 13 0
IL-12/STAT4 pw(U) 74 20
p-value: 2e-05

Table 7: Contingency table of lymph node infiltration status versus the IL-12/STAT4
pathway in the van ’t Veer data set. The left and right tables are obtained with a pathway
activity cutoff at 0.05 and 0.1 respectively. Same notation as in Table 5.

Conclusion and outlook

We have shown that downstream target genes of signal transduction pathways behave
coherently in gene expression tumor data sets. First, we confirmed that downstream
targets of transcription factors are correlated across samples. We then demonstrated that
the same holds true for downstream targets of an entire pathway, even after discounting
the correlations due to genes having a common transcription factor. The correlations for
entire pathways were found to be more significant than those for individual transcription
factors.

The presence of significant correlations confirms the expectation that gene expression is
controlled by the activity of pathways. However, these correlations do not tell us in which
samples a pathway is active or inactive. To reveal this, we devised the Group Sample Score.
With this score we classified the samples into those where the pathway was significantly
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active, significantly inactive or undecided, respectively. As seen in Table 4, the number of
significant samples is, for most pathways, much higher than the random expectation.

In many cases, the active/inactive pathway status was highly correlated with independent
clinical classifications. This confirms the relevance of pathways for understanding of the
underlying biology. Furthermore, the activity status of one or more pathways may be used
to subdivide the samples into groups with distinct biological characteristics. Such a subdi-
vision is feasible if, for instance, tumors of a certain clinical diagnosis are an agglomerate
of several subtypes.

The Group Sample Score is natural if a pathway either induces all its downstream targets,
or represses them. However, in most pathways some downstream genes are induced, while
others are repressed. To account for a mixture of induction and repression, one should
include a sign, or more generally a weight, to each term in the sum. Such a weight might
even depend on the type of tissue and the environment. Since this information was not
readily available for the studied pathways, all genes were weighted equally. Nevertheless,
we obtained significant results, indicative of a dominant trend among the downstream
genes. For the estrogen receptor (ER) pathway, we did have information about the sign,
but instead of introducing a more general score for this pathway alone, we split the ER
pathway into two parts, with induced and repressed genes, respectively. In the breast
cancer data set of van ’t Veer et al. [16], there were 50 genes in the induced part and
27 in the repressed. As seen in Tables 2 and 4, the ER-induced pathway was highly
significant, whereas the repressed pathway was not. The full pathway was also highly
significant, although to a lesser extent. The significance of the full pathway is thus due to
the induced genes, which constitute a majority of the downstream targets. The situation
is similar for other pathways and data sets.

It should be stressed that correlations, and the pathway activity status observed in a sam-
ple, are only defined relative to the other samples in the same data set. If a pathway were
active in all samples, it would not show up in our significance test. The status of a path-
way, as we define it, is given by the downstream genes, and the connection to ligands,
receptors and other pathway components cannot be inferred from this analysis.

Table 1 shows that the most significant transcription factor in the breast cancer data set of
van ’t Veer et al. is NF- � B. This transcription factor is also the most one in the leukemia
data set of Golub et al., whereas NF- � B1 is the most significant one in the data set of
Sotirou et al.. Recently, NF- � B has been shown to be involved in the transformation
from benign to malignant cells in inflammation-associated cancers. Pikarsky et al. [12]
demonstrate this in a mouse model of human hepatocellular carcinoma, where the in-
flammatory mediator tumor-necrosis factor- � (TNF- � ) is shown to play an important
role as an activator of NF- � B. Greten et al. [6] find similar results in a mouse model of
colitis-associated cancer.
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Our current knowledge of pathways, and of downstream targets of transcription factors,
is far from complete. However, we find that the results presented herein constitute a proof
of concept for analyzing microarray gene expression in the context of signal transduction
pathways.
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