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Abstract. An open problem in gene expression data analysis is the eval-
uation of the performance of gene selection methods applied to discover
biologically relevant sets of genes. The problem is difficult, as the entire
set of genes involved in specific biological processes is usually unknown
or only partially known, making unfeasible a correct comparison between
different gene selection methods. The natural solution to this problem
consists in developing an artificial model to generate gene expression
data, in order to know in advance the set of biologically relevant genes.
The models proposed in the literature, even if useful for a preliminary
evaluation of gene selection methods, did not explicitly consider the bi-
ological characteristics of gene expression data. The main aim of this
work is to individuate the main biological characteristics that need to be
considered to design a model for validating gene selection methods based
on the analysis of DNA microarray data.

1 Introduction

Analysis of gene expression data may be performed at different levels, ranging
from the analysis of differential expression of genes, to unsupervised and super-
vised analysis of sets of genes and tissues [1].

An important related problem is to determine the subset of genes involved
in the biological process under examination. Such problem is generally referred
to as gene selection and several statistic and machine learning techniques have
been proposed in literature to face with it [2–4].

Unfortunately, the entire set of genes involved in specific biological processes
is usually unknown or only partially known, and as a consequence the evaluation
of the real effectiveness of gene selection methods is very difficult and in many
cases unfeasible.

Several models have been proposed to simulate gene expression data, in order
to make available synthetic gene expression data for classification, clustering
and gene selection problems [5, 6]. Even if these models may be in principle
helpful to test gene selection methods, their main limitation consists in a drastic



modelling simplification, without sufficiently taking into account the biological
characteristics of gene expression data.

In this paper we address the problem of the analysis of the specifications
needed to properly model the biological characteristics of gene expression data.
In particular, the main concerns of this work are the relationships between the
biological and modelling issues involved in the design of a flexible tool to generate
synthetic gene expression data. To this end we performed an analysis of the gene
expression literature to individuate structural commonalities in gene expression
data. The design and the implementation of an artificial model will allow us to
properly evaluate the performance of clustering and gene selection methods, as
all subsets of the simulated genes involved in simulated biological processes will
be known in advance.

2 Profiles and expression signatures

The main goal of gene selection methods is to find sets of genes significantly
related to a specific functional status (e.g. diseased vs. healthy). In the bio-
molecular literature sets of biologically relevant and differentially expressed genes
are named expression signatures [7–11].

To our knowledge the term expression signature has been introduced by Al-
izadeh et al. [7], to characterize gene expression patterns found by gene expres-
sion profiling. More precisely this term refers to a group of genes coordinately
expressed in a given set of specimens and in a specific physiological or patho-
physiological condition.

The correlation between the mRNA levels of the genes is due to the un-
derlying regulatory system, by which the same set of transcription factors and
binding sites may be directly or indirectly shared by the genes belonging to the
same expression signature. Hence a gene expression signature indicates a cluster
of coordinately expressed genes, whose coordination reveals the fact that they
participate to the same biological process (and hence they are controlled by the
same set of regulation factors); indeed they are usually named by either the cell
type in which their component genes are expressed, or by the biological process
in which their component genes are known to function.

From this standpoint the overall expression profile of a patient can be inter-
preted as a collection of gene expression signatures that reveal different biological
features of the analyzed sample [7].

2.1 Gene expression signatures in human diseases

Expression signatures has been mainly discovered and analyzed in gene expres-
sion profiles of diseases. For instance, the expression profiling of B-cell malig-
nancies through hierarchical clustering, revealed expression signatures related to
cell-proliferation, to lymph-nodes, T-cells, Germinal Centre B-cells (GCB) and
others [7].



Independent Component Analysis performed on gene expression data from
ovarian cancer tissues found gene expression signatures representing potential
pathophysiological processes in ovarian tissue samples [8]. Expression profiling
of rhabdomyosarcoma (RMS), the most common soft tissue sarcoma in children,
identified two signatures associated with metastatic RMS, responsible for most
of the fatal outcome of this disease [11], while two way hierarchical clustering
analysis identified several expression signatures expressed in different types of
bladder carcinoma [9].

Expression signatures have been also identified in species other than humans
and in contexts not related to tumoral differentiation. For instance comparative
functional genomics based on shared patterns of regulations across orthologous
genes identified shared expression signatures of aging in orthologous genes of D.
melanogaster and C. elegans [10].

Summarizing, expression profiles and expression signatures seem to be well-
established biological structures that characterize gene expression data.

2.2 Characteristics of gene expression signatures.

In this section we discuss the main characteristics of gene expression signatures.

Differential expression and co-expression. Differential expression analy-
sis of single genes, even if it may be useful to identify specific genes involved
in biological processes [12], cannot capture the complexity of tightly regulated
processes, crucial for the proper functioning of a cell.

Correlations between gene expression levels have been observed [13, 7], re-
flecting the fact that in most biological processes genes are co-regulated. As
recently observed, not all changes in co-regulation are manifested by up or down
regulation of individual genes, and we need to explicitly consider interactions
between genes to discover patterns in the data [14].

Hence, we need sets of co-regulated genes, that is expression signatures, to
reveal functional relationships between genes.

Gene expression signatures as a whole rather than single genes con-
tain predictive information. Many times is the signature taken as a whole
that seems to contain predictive information for a biologically meaningful iden-
tification of tissue samples. For instance, it was found an expression signature
of 8 upergulated and 9 downregulated genes associated with metastasis in dif-
ferent types of adenocarcinoma: none of these genes represents a marker, but
it is the signature as a whole that represents a ”collective marker” of tumor
metastasis [15].

In other works [15, 14] it has been shown that in some cases relevant differ-
ences are subtle at the level of individual genes but coordinate in gene expression
groups.



Genes may belong to different gene expression signatures at the same
time. Many genes may be involved in a number of distinct behaviours, depend-
ing on the specific conditions of the tissue. From this standpoint they may belong
to different expression signatures [16]. Indeed each gene may be influenced by
several transcription factors, each of which influences several genes [8]. More-
over many underlying conditions in a given sample may concur to define a gene
expression signature (e.g. tumorigenesis, angiogenesis, apoptosis) [17].

Expression signatures may be independent of clinical parameters. An
expression signature of 153 genes can be used to correctly classify hepatocellular
carcinoma (HCC) intra-hepatic metastasis from metastatic-free HCC [18]. This
expression signature, that embeds high predictive information, has been shown
to be independent of tumor size, tumor encapsulation and patient age, and also
very similar to that of their corresponding metastases.

Several other works showed that a bio-molecular characterization of tumours
can discover different subtypes of malignancies, not detectable with traditional
morphological and histopathological features (see e.g. [7, 2]).

Different gene expression profiles may share signatures and may differ
only for few signatures . It has been shown that gene expression signatures
may be shared and partially expressed in different gene expression profiles [7,
15, 18].

For instance, it has been shown that Diffuse Large B-Cell Lymphoma (DL-
BCL) subgroups (GCB-like and activated B-like DLBCL) share most of the
expression signatures but they differ mainly for two signatures (GCB and acti-
vated B-cell signatures) partially expressed respectively in germinal centre B-cell
and activated peripheral blood B cell [7].

Moreover, hierarchical clustering, in the space of a 128 genes signature of
metastatic adenocarcinoma nodules of diverse origin, showed two clusters of
primary tumors that were highly correlated with metastatic ones: this fact, to-
gether with a differential overall survival in primary adenocarcinoma tumors
showed that this gene expression signature is present in subpopulation of pri-
mary tumors [15].

Hence gene expression profiles of functionally different tissues may share
expression signature and differ only for a subset of expression signatures. These
expression signatures may be also partially expressed (that is, not all the genes
belonging to the expression signature are over-expressed or under-expressed),
reflecting functional alterations in diseased patients.

3 Biological and modelling issues

In light of the characteristics of gene expression signatures (Sect. 2.2), in this sec-
tion we discuss the relationships between the biological and modelling issues we
need to consider to design an artificial model for gene expression data synthesis.
Schematically, we identified the following main items:



1. Expression profiles may be characterized as a set of gene expression sig-
natures. A set of gene expression signatures defines a functional group of
samples. The model should allow us to define expression profiles in terms
of expression signatures, with a large flexibility with respect to the number
and gene composition of the synthetic expression signatures.

2. Expression signatures are interpreted in the literature as a set of coexpressed
genes. These genes may be overexpressed and underexpressed with respect to
the other genes and with respect to a particular condition. Accordingly, in the
model, each expression signature should be defined as a set of overexpressed
or underexpressed genes, that is genes with gene expression levels above or
below a given threshold. The model should define a signature active if its
genes are coordinately over(under)expressed.

3. Expression signatures may be defined either by the overall available knowl-
edge about bio-molecular processes (e.g. by Gene Ontology categories) or
may be discovered through statistical and machine learning methods. The
model should permit to define arbitrary signatures, in order to allow us a
large range of applications in different biological contexts.

4. Genes may belong to different signatures at the same time. As a consequence
the model should allow us to assign the same gene to different signatures.

5. The model should permit to select from few few units to few hundreds of
genes for each gene expression signatures, as the number of genes within a
signature usually vary within this range.

6. Apart from technical variation (that in principle should be detected and can-
celed by proper design and implementation of bio-technological experiments
and suitable pre-processing procedures [19]), gene expression is biologically
variable also within functional classes (conditions) [20]. The model should
reproduce the variation of gene expression data. Variation of single genes
may be simulated sampling from a predefined distribution. Our preliminary
analysis of gene expression data showed that gene expression values are close
to be normally distributed, but it would be useful to analyze a larger number
of gene expression data to properly evaluate this item.

7. Not always expression signatures show large variations of gene expression
levels: some signatures may present modest but coordinate variation. The
model should be sufficiently flexible to allow small variations of coexpressed
genes, and to this end it should include tunable parameters of the gene
distributions.

8. Not all the genes within a signature may be expressed in all samples. More-
over gene expression variation between individuals may introduce variation
into expression signatures. The model should permit to introduce flexibility
in the number of genes that can be underexpressed or overexpressed, as well
as to introduce individual variability within a functional group.

9. Different expression profiles may differ only for few signatures, that is dif-
ferent functional groups may share the same (or very similar) expression
signatures. The model should allow to define an expression profile as a set of
signatures and to define other functional groups in terms of subsets of pre-
viously defined signatures, eventually modifying or adding new signatures.



10. Some signatures may be only partially expressed within a particular expres-
sion profile. The model should be sufficiently flexible to allow us to define
an expression profile in several ways: (a) a set of active signatures; (b) a set
of randomly active signatures; (c) a set of randomly active signatures with
a set of ”mandatory” active signatures.

4 Conclusions

In this paper we analyzed the biological issues underlying the modelling of an
artificial system for simulating gene expression data.

We identified the expression signatures as a major common biological struc-
ture in gene expression data and we provided the biological specifications to
develop an artificial model for gene expression data synthesis.

The next step of this works consists in developing and implementing a bio-
logically motivated gene expression data generation model, to properly evaluate
the performance of gene selection methods.
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