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ABSTRACT

The time of the large sequencing projects has enabled unprecedented possibilities of
investigating more complex aspects of living organisms. Among the high-throughput
technologies based on the genomic sequences, the DNA microarrays are widely
used for many purposes, including the measurement of the relative quantity of the
messenger RNAs. However, the reliability of microarrays has been strongly doubted
as robust analysis of the complex microarray output data has been developed only
after the technology had already been spread in the community. An objective of this
study consisted of increasing the performance of microarrays, and was measured by the
successful validation of the results by independent techniques. To this end, emphasis has
been given to the possibility of selecting candidate genes with remarkable biological
significance within specific experimental design. Along with literature evidence, the
re-annotation of the probes and model-based normalization algorithms were found
to be beneficial when analyzing Affymetrix GeneChip data. Typically, the analysis
of microarrays aims at selecting genes whose expression is significantly different in
different conditions followed by grouping them in functional categories, enabling
a biological interpretation of the results. Another approach investigates the global
differences in the expression of functionally related groups of genes. Here, this technique
has been effective in discovering patterns related to temporal changes during infection
of human cells.

Another aspect explored in this thesis is related to the possibility of combining
independent gene expression data for creating a catalog of genes that are selectively
expressed in healthy human tissues. Not all the genes present in human cells are
active; some involved in basic activities (named housekeeping genes) are expressed
ubiquitously. Other genes (named tissue-selective genes) provide more specific functions
and they are expressed preferably in certain cell types or tissues. Defining the tissue-
selective genes is also important as these genes can cause disease with phenotype in the
tissues where they are expressed. The hypothesis that gene expression could be used as
a measure of the relatedness of the tissues has been also proved.

Microarray experiments provide long lists of candidate genes that are often difficult
to interpret and prioritize. Extending the power of microarray results is possible by
inferring the relationships of genes under certain conditions. Gene transcription is
constantly regulated by the coordinated binding of proteins, named transcription factors,
to specific portions of the its promoter sequence. In this study, the analysis of promoters
from groups of candidate genes has been utilized for predicting gene networks and
highlighting modules of transcription factors playing a central role in the regulation of
their transcription. Specific modules have been found regulating the expression of genes
selectively expressed in the hippocampus, an area of the brain having a central role
in the Major Depression Disorder. Similarly, gene networks derived from microarray
results have elucidated aspects of the development of the mesencephalon, another region
of the brain involved in Parkinson Disease.
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Introduction

1. INTRODUCTION

All living organisms carry precise
instructions in their genome concerning
how they grow and function. Genomics is
the field of biological sciences that aims to
study and decode this genetic information.
The birth of genomics is generally thought
to coincide with the completion of the
first entire genome, the 5,375 base pairs
long Phage PHI-X174 genome sequence
in 1977 (Sanger et al. 1977). By January
13th 2009, the genome sequence of about
1,400 prokaryotes, about 200 eukaryotes,
and 31 mammals has been completed or
drafted, as reported by the NCBI genome
sequencing project statistics (http://www.
ncbi.nlm.nih.gov/genomes/static/gpstat.
html). However, the only function of the
genomic DNA is storing the information
and ensuring its accurate delivery from one
generation to another. Complexity arises
primarily from more intricate regulatory
interactions among genes, their products,
and the environment.

1.1 Functional Genomics

Making use of the vast amount of data
produced by genomics is the main task of
the functional genomics. While genomics,
proteomics, and structural biology focus
on static aspects of the molecules of life
(e.g. sequences and structures of DNA or
proteins), functional genomics attempts
to study dynamic aspects such as gene
transcription and its regulation, as well
as the interaction of genes and their
products.

Each inheritable unit of DNA,
usually referred to as a gene, contains
the information required to make RNAs
and proteins; such molecules constitute
each and every cell, determining their
functionality as well as their ability to

survive. The access to the information
stored in the DNA is constantly modulated
by dynamic processes that influence the
amount of RNA and proteins present in
the cells. Both the RNA-coding and the
protein-coding genes are used as a template
for the synthesis of RNA molecules by a
process named transcription; similarly,
the protein-coding RNAs are used as
templates for synthesizing proteins during
translation. The new proteins are thereafter
folded, chemically modified, and delivered
to the cellular compartment where they
function; alternatively, they are secreted
outside from the cells. Secreted proteins
can act on the same cells where they are
produced, or on neighbor cells, or on very
distant cells by traveling within the blood
stream.

1.2 Methods to analyze gene expression

Classical low-throughput techniques
for quantifying the products of gene
transcription, the messenger RNAs
(mRNAs), include northern blotting
and Polymerase Chain Reaction (PCR)
(Saiki et al. 1988). In the mid-1990s,
high-throughput technologies allowed
many genes to be assayed within the
same experiment. It is possible to divide
these techniques into hybridization-
based and sequencing-based methods.
To the first class belong the microarrays,
where target ¢cDNA or cRNA is
hybridized to complementary probes of
the genes of interest and the abundance
of a given transcript is estimated from
the hybridization intensity of the
corresponding probes.

In the family of the sequencing-based
methods, the Serial Analysis of Gene
Expression (SAGE), and the so named
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next generation sequencing methods are
among the most popular ones. In SAGE,
short fragments of 14-17 bp length (usually
referred to as tags) obtained from the 3’
end of RNA molecules are concatenated
and sequenced to quantify the expression
levels of the corresponding transcripts
(Velculescu et al. 1995). More recently,
new ultra-high-throughput sequencing
technologies have become available,
including the Roche 454 GS FLX (http://
www.454.com), the Illumina/Solexa
Genome Analyzer (http://www.illumina.
com), and the Applied Biosystems SOLiD
(http://www.appliedbiosystems.com)
technologies. The 454 technology uses
emulsion PCR for producing beads-linked
individual DNA fragments (Tawfik and
Griffiths 1998). After transferring the
beads into a multi-well picotiter plate, a
sequencing-by-synthesis pyrosequencing
approach is used, in which the release of
inorganic pyrophosphate (PPi) is measured
by chemiluminescence (Ronaghi et al.
1996). In the Illumina Solexa system,
single-stranded DNA fragments are
attached to a solid surface at one end by the
use of adapters; next, the molecules bend,
hybridizing to complementary adapters
and are bridge-amplified to produce large
amounts of clonal copies. The templates
are sequenced using a sequencing-by-
synthesis procedure, in which reversible
terminators with removable fluorescent
moieties and special DNA polymerases
are used. ABI SOLiD technology is based
on the polony technique (Shendure et
al. 2005) and sequencing-by-ligation
approach. Similar to the Roche 454
system, the emulsion PCR amplification
products (on small beads) are transferred
onto a glass support where sequencing
occurs by multiple rounds of hybridization
and ligation of fluorescently marked
dinucleotides.

1.3 Regulation of gene expression

Gene expression is accomplished by
modulating the accessibility of the
genomic DNA, transcription, and the
stability of messenger RNAs. Some long-
term regulations involve chemical (eg.
methylation) and steric (supercoiling)
modification of the DNA molecules
(van der Maarel 2008). Other levels of
regulation might involve a variety of
modifications of the proteins that are
constitutively bound to the genomic DNA
molecules, such as histones (Svaren and
Horz 1996). Each transcriptional unit (may
be formed by a single gene or groups of
related genes) is surrounded by regulatory
DNA sequences, enhancers and promoter
sequences (Sipos and Gyurkovics 2005).
Once a promoter is available for binding
the RNA polymerase, transcription is
primarily regulated by the binding of
transcription factors (TF) to their specific
binding sites (TFBSs). Usually, multiple
TFs and co-factors bind simultaneously
to the promoter, recruiting or enforcing
the binding of the RNA polymerase at the
start site of the transcription (TSS) (Ross
and Gourse 2009). The relative order and
spacing of these TFBSs within a module are
often highly conserved through evolution,
highlighting their importance in regulation
(Seifert et al. 2005). This conservation can
allow the usage of computational tools for
identifying clusters of known TFBS rather
than specific nucleotide sequences.

1.4 Gene expression in complex
organisms

While a copy of the same DNA molecule
carrying the information for all the RNAs
and proteins is present in each cell of the
multi-cellular organisms, only some genes
(called housekeeping genes) are active
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in all the cells, as they are essential for
the basic cellular functions. Other genes,
providing more specialized molecular
functions, are expressed selectively in
particular tissues or cell types, or for
example, at a particular moment of the
development. Tissue-selective gene
expression can be addressed in the strict
terms of genes whose expression is
limited to one tissue or cell type, but there
is evidence indicating that functionally
related tissues share many expression
patterns (Liang et al. 2006). Compared
to the housekeeping genes, the tissue-
selective genes are thought to be longer
(Vinogradov 2004), to have a more
complex structure (Castillo-Davis et al.
2002), a different nucleotidic composition
(Vinogradov 2003), and lower substitution
rates at non-synonymous sites (Duret and
Mouchiroud 2000). In addition, the tissue-
selective genes show faster evolution rates
and they are more likely to be mutated
in genetic diseases with Mendelian
inheritance (Winter et al. 2004).

The identification of tissue-selective
genes sharing coordinate regulation can
provide hints about the mechanisms
governing development, the maintenance
of the physiological state, and the
establishment of pathological conditions.
Table 1 summarizes the results of several
studies where microarrays have been used
for investigating the selective expression
patterns in healthy human tissues (Hsiao
et al. 2001, Saito-Hisaminato et al. 2002,
Shyamsundar et al. 2005, Yanai et al.
2005, Liang et al. 20006).

1.5 DNA microarrays

Since their first description (Schena et al.
1995), DNA microarrays have become
a routine tool in many laboratories
worldwide. DNA microarrays can be
defined as ordered and large series of
known nucleic acid fragments that are
placed on a solid support and that can
function as molecular detectors. Through

Table 1. Microarrays in tissue-selectivity studies.

Each column represents a study where microarrays have been used for investigating tissue-
specific or tissue-selective expression patterns. In rows, information concerning: the number of
tissues and genes analyzed; the percentage of genes found specific or selective calculated as
(selective genes / tot genes) * 100; the microarray platform, the preprocessing algorithm, and the

method for the selection of genes utilized.

Hsiao Saito-Hisaminato Yanai Shyamsundar Liang et al.

etal. 2001 et al. 2002 et al. 2005 et al. 2005 2006
n. tissues 19 29 12 35 97
n. of genes 7,000 27,000 23,000 26,000 27,000
analyzed
% of specific 21 % 17 % 35 % 15 % 14 %
genes
Microarray Affy cDNA-MA Affy cDNA-MA Affy
platform HuGeneFL HGU95A-E HGU-133A
Pre-processing MAS5 bg-correction MAS5 bg-correction  MAS5
method
Identification of Student’s fold-change ANOVA fold-change Tukey-
tissue-specific  t-test + tissue- Kramer’s HSD
pickup specificity

index
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hybridization, it is possible to identify
and quantify many labeled RNA or
DNA species at a time. Nowadays, the
microarrays are used for a variety of
different proposes including comparative
genomics hybridization (CGH)
(Oostlander et al. 2004), ChIP-on-CHIP
(Negre et al. 2006), genotyping (Hacia
1999), and microRNA quantification
(Yin et al. 2008). However, their most
popular application is still the large-scale
gene expression analysis. Profiling gene
expression in human samples has been
important for defining the functional
identity of the tissues and, consequently,
for uncovering the genomic signatures in
many pathological conditions. Moreover,
the microarrays and other high-throughput
approaches are also potentially very useful
in studying human complex diseases in an
unbiased (i.e. hypothesis-free) manner.
The number of publications tagged by the
word “microarray” according to PubMed
was 411 in the period spanning from
1995 to 2000, compared to 27,926 from
2001 to 2008. However, as the number
of publications reporting microarray
experiments has constantly grown, their
reliability has also been questioned
(Kothapalli et al. 2002, Draghici et al.
2006). Similar to other high throughput
technologies, microarrays are prone to
many uncontrolled and unknown sources
of variability affecting their reproducibility.
A general lack of standardization can
also represent obstacles towards full
comparability of independent experiments.
In order to address these issues, the
Microarray Gene Expression Data Group
(MGED group) proposed in 2001 (Brazma
et al. 2001) guidelines referred to as
MIAME (Minimum Information About a
Microarray Experiment). It defines three
levels of microarray data: i) the scanned
images (raw data); ii) the quantitative

outputs from the image analysis; and
iii) the quantitative output from the
preprocessing. The minimum information
about a published microarray experiment
should always include information
concerning: i) the experimental design;
ii) the array design; iii) the samples used;
iv) the hybridization procedures and
parameters; v) the measurements; and vi)
the normalization specification.

1.6 Experimental design

The design of microarray experiments
is done, as for any other scientific
experiment, balancing considerations such
as skill, cost, equipment, and accuracy.
The objective of experimental design is
to make the analysis of the data and the
interpretation of the results as simple
and as powerful as possible. Several
issues affect the microarray experimental
design: 1) the biological questions that the
experiment is supposed to answer; ii) the
meaning of the experiment with respect
of the whole scientific project; iii) type
of samples, amount, and complexity of
the biological material; iv) the number of
microarrays utilized for the experiment;
v) the microarray platform utilized (Yang
and Speed, 2002, Simon et al. 2002). As
a general rule, a microarray experiment
should be carried out only if it is feasible,
given the type and the amount of resources
available. It is also important to prioritize
the biological objectives, as a design is
usually able to answer only a limited
number of questions with reasonable
precision. A sensitive aspect of the
experimental design is the number and
the type of replicates used. The number
of replicates largely depends on the
desired magnitude of the gene expression
differences as well as the noise level in the
system. Different microarray technologies,
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in fact, have different noise levels, and the
only way to estimate the noise is to do
adequate replicate hybridizations. There
is substantial disagreement about whether
to pool individual samples. In theory,
if the gene expression variation among
individuals is normally distributed, pooling
individual samples results in smaller
variance. In practice, the expression of
most of the genes among individuals is
not normal for a variety of biological and
technical reasons (Pritchard et al. 2001). It
has been argued that in small experiments,
the inference for most genes is not
adversely affected by pooling. On the other
hand, pooling does not increase precision
in larger experiments (Kendziorski et al.
2005).

1.7 Microarray platforms

In gene expression microarrays,
either synthetic oligonucleotides or
cDNA fragments have been used as
probes. Especially in the early years,
cDNA libraries and Bacterial Artificial
Chromosomes (BAC) sets have been
the principal source of probe fragments
(Holloway et al. 2002). Later, they
have been almost completely replaced
by oligonucleotides corresponding to
known genes or transcripts. Because the
oligonucleotides are much shorter than
cDNAs, they allow more specificity
but their base composition is likely to
influence their performance (Kreil et
al. 2006). Hence, an effective design is
needed (Kreil et al. 2006). Probes are
typically printed or synthesized on glass
to allow visualization of the bound,
fluorescently labeled targets. Glass slides
have continued to be the favored solid
support for immobilizing probes for
reasons of availability, low fluorescence,
transparency, high temperature resistance,

physical rigidity and the variety of surface
chemical modifications possible (Affara
2003, Petersen and Kawasaki 2007).

The market of microarrays has
changed markedly in the past few years as
the price of commercial arrays has rapidly
fallen. Affymetrix GeneChip arrays were
increased in complexity and in the number
of species represented. NimbleGen have
described a technology for synthesizing
microarrays containing about 200,000
features using a digital micromirror
device (DMD or digital light processor
— DLP) that creates digital masks to
synthesize specific polymers (Nuwaysir et
al. 2002). Febit has introduced a method
that generates microarrays within a three-
dimensional microstructure (Obermeier
et al. 2003). Oligonucleotide probes are
synthesized in situ via a light-activated
process using a digital projector within
the channels of a three-dimensional
microfluidic reaction carrier. The three-
dimensional microstructure contains,
in total, four individual channel-like
chambers or arrays, allowing eight array
experiments to be run on a single carrier.
Illumina introduced the BeadArray
technology based on the random self-
positioning of bead pools onto a patterned
substrate (Michael et al. 1998). A decoding
process is used for mapping the location
of a specific bead type on the array. This
is determined by serially hybridizing with
fluorescently labeled complementary
oligonucleotides. In this technology, the
miniaturization is secured by adjusting
the size of the beads and the pattern of the
substrate; randomly assembled 300-nm
diameter bead array is about 40,000 times
higher than a typical spotted microarray.

1.7.1 Agilent microarray technology
Agilent produces microarrays by in situ
inkjet printing of 60 nucleotides probes
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(Hughes et al. 2001). The probe design
relies on multiple up-to-date and publicly
available sequence databases for a variety
of organisms. For the Homo sapiens
whole genome chipset, the probe design
starts with the sequence comparison
and the genome mapping of very well
annotated sequences found in RefSeq
(Pruitt et al. 2007), Ensembl (Flicek et
al. 2008), UCSC GoldenPath (Kuhn et al.
2008) known genes and Incyte Foundation
Full Length databases (Kronick 2004).
Clusters of transcript sequences having
sequence and genome overlap, namely
GeneBins, are formed by using BLAT
metrics (Kuhn et al. 2008). Additionally,
a second GeneBin set is generated from
more poorly annotated sequences from a
variety of databases including Unigene
(Sayers et al. 2009), the TIGR Tentative
Human Consensus (Lee et al. 2005),
Incyte Foundation partial transcripts
and other GeneBank (Sayers et al. 2009)
accessions. Any transcript sequences not
mapping to the first set are included in the
second round of GeneBins and additional
consensus regions are defined. Once
the final set of GeneBins is defined, the
repetitive sequences are eliminated and a
reference homology database is created,
against which the probe sequences are
compared to insure uniqueness.

Agilent technology also represents a
versatile and budget choice as it allows
production of custom arrays starting from
any set of probes, the customization of the
sample preparation protocols as well as the
scanning and image analysis procedures.
More recently, Agilent has also introduced
the multiplex technology, where multiple
sets of probes printed onto the same slide
can be independently assayed (Wolber et
al. 2006). The Agilent sample preparation
protocol relies on direct labeling; one
(Cy3-labeled) or two (Cy3- and Cy5-

labeled) samples are usually hybridized at
a time (Wolber et al. 20006). Alternatively,
indirect labeling techniques can also be
successfully used. The electronic images
produced during the scanning can be
analyzed by the use of different algorithms
and software. Agilent feature extraction
methods aim at quantifying the feature
signals and the background, performing
the background subtraction, normalizing
the dye effect, and computing the log
ratios and their error estimates. Image
segmentation and extraction of the feature
intensities can also be performed with other
software such as Axon GenePix (Paper II
for an example). More recently, evidence
supporting a simpler pre-processing
strategy has been described, whereby the
background correction step is skipped
and intensity-dependent normalization
is applied to the log-transformed signal
intensities (Zahurak et al. 2007).

1.7.2 Affymetrix GeneChip technology
In the Affymetrix GeneChip technology,
25mer oligonucleotides probes are
directly synthesized on the surface of the
arrays by the use of photolithography
technology (Lockhart et al. 1996).
Multiple independent oligonucleotides
(20, 16, or 11 couples according to the
chipset) are designed in silico, from
available sequence databases, to hybridize
to different regions of the same transcript.
In addition to each perfect match (PM)
probes, oligonucleotides having a different
base in the 13th position are also designed.
This second type of probes, called
mismatch (MM) probes, in principle, serve
as controls for specific hybridization and
they should facilitate the direct subtraction
of background and cross-hybridization
signals. All the probes for one transcript
are referred to as probe set. Each probe set
is formed by probe pairs, constituted by a
PM probe with its own MM partner.
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1.7.2.1 The mismatch probes

The mismatch probes should provide a
way to quantify the hybridization noise
of the PM partners, as the mutation in the
13th base should decrease their affinity
to the target. However, about 30% of the
MM probes show bigger signals than their
respective PM partners suggesting that the
measure obtained as the difference of the
PM and MM is not reliable for many of the
probes (Naef et al. 2002a, b). Moreover,
the difference between the PM and MM
intensities is affected by the nucleotide
composition of the probes (Naef and
Magnasco 2003). MM probes also
introduce a systematic variability, which
decreases the precision of expression
measures (Binder and Preibish 2005). This
suggests that subtracting the MM intensity
from PM signal represents a major source
of error, leading to fewer potentially
biologically important candidate genes
(Wang et al. 2007).

1.7.2.2 The annotation of the probes

In Affymetrix GeneChips, all the probes
within a probe set should estimate the
expression of the same gene. In recent
years, however, evidence has shown
that large portions of Affymetrix probes
cross-hybridizing to multiple genes are
non-specific or mis-targeted (Gautier
et al. 2004b). Many probes do not even
recognize their appropriate mRNA
reference sequence (Mecham et al.
2004, Harbig et al. 2005). On the other
hand, re-annotating the Affymetrix
probes according to the RefSeq database
improves the precision in estimating gene
expression (Mecham et al. 2004). The
Affymetrix probes have been aligned
to different genomic databases such as
UniGene, Refseq and Entrez Gene, and
it was discovered that many probes are
prone to mis-annotation issues (Dai et al.

2005). In addition, the genes identified as
differentially expressed using the original
and updated probe definition show only
50% overlap (Dai et al. 2005). More
recently, it has been shown that updated
definitions of the Affymetrix probes lead
to more precise and accurate results as
compared with the original annotations
provided by the manufacturer (Sandberg
and Larsson 2007). Several re-annotation
methods are available allowing the probes
to be mapped to genes, transcripts, or
even exons sequences stored in public
databases. However, exon-based re-
annotation leads to decreased precision
and increased variance in estimating gene
expression, probably due to the smaller
number of probes that map to each exon
(Sandberg and Larsson 2007).

1.7.2.3 Preprocessing of Affymetrix
GeneChips

The first task of the computational analysis
of Affymetrix GeneChips is referred
to as preprocessing and it consists of
five main components: image analysis,
background adjustment, normalization,
summarization, and quality assessment.
Image analysis allows converting the pixel
intensities in the scanned images into the
probe-level data. This process assigns
one number to each probe cell (PM and
MM). Background adjustment is essential,
as part of the measured probe intensities
is due to non-specific hybridization
and the noise in the optical detection
system. Observed intensities need to be
adjusted to give accurate measurements
of specific hybridizations. Without proper
normalization, it is impossible to compare
measurements from different arrays due to
many sources of variation. These include
sampling, different efficiencies of reverse
transcription, labeling, hybridization
reactions, physical problems of the arrays,
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reagent batch effects, scanning, and
laboratory conditions. Summarization is
performed in order to obtain one number
(usually referred to as the expression
value) from the whole set of probes
assayed for each transcript. At the end
of preprocessing, an expression matrix
carrying numerical information about the
expression values per each gene/transcript
(rows of the matrix) in each array (columns
of the matrix) of the data set is obtained
(Figure 1).

Affymetrix has developed a
computational method for preprocessing,
named MASS5 (http://www.affymetrix.
com). First, the expression values are
computed by averaging the PM-MM
differences for all the probe pairs of the
same probe set. Then, the expression

values are normalized by a scaling
method. Already in 2001, Li and Wong
(Li and Wong 2001a and b) reported
that variation of a specific probe across
the arrays is considerably smaller than
the variance across probes within a
probe set. Therefore, they concluded
that one of the most critical issues in the
analysis of the GeneChips is the way
probe-specific effects are handled. They
proposed a linear model, named Model-
Based Expression Index (MBEI), where
the probe-specific and the array-specific
effect are estimated and used to calculate
the expression values. In 2003, the robust
multi-array average method (RMA) was
also described (Irizarry et al. 2003). The
RMA method allows robust estimation
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Figure 1. Affymetrix GeneChip preprocessing.

A schematic summary of the main steps of Affymetrix GeneChips preprocessing is shown. In
some methods, such as RMA, the background correction and normalization are carried out at
the single probe level; in other methods, such as MAS 5, the probes are summarized before the

normalization step.
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of inter-array variability. Similar to the
MBE], it uses information from multiple
arrays for normalizing the dataset (through
quantile normalization, the data are forced
to have the same distribution) and fitting
a linear model for each probe set across
all the arrays of the dataset. RMA uses
only the intensities from the PM probes
for computing gene expression. Within
the last few years, a multitude of model-
based methods have been proposed. For
instance, in the GCRMA algorithm, which
is a direct evolution of the RMA, the
nucleotide composition of the probes is
taken into account (Wu and Irizarry 2004).
Similarly, the PDNN algorithm estimates
gene expression by using a free energy
position-dependent nearest neighbor
model based on PM sequences within
each probe set (Zhang et al. 2003). Table
2 summarizes the features of the most
popular methods.

This research field is still evolving
and it is imaginable that new algorithms
will allow more accurate gene expression
estimations in the future. Several
studies have compared the most popular
preprocessing algorithms for Affymetrix
GeneChips by using spike-in or dilution
datasets, reporting that the model-based
algorithms perform generally better than
MASS (Irizarry et al. 2006). Elsewhere,
the performance of preprocessing
methodologies has been investigated in
terms of the PCR validation rate (Qin et
al. 2000).

1.7.2.4 Complex tissues and probe pre-
filtering

Affymetrix GeneChips can detect cRNA
species at very small concentrations.
However, this has little value in gene
expression detection in complex tissues,
like the brain, which consists of specialized

Table 2. Affymetrix GeneChip preprocessing methods.
Each row summarizes the main features of the MASS5, MBEI, RMA, GCRMA, and PDNN

preprocessing methods respectively.

Method Citation

Background correction

Normalization = Summarization

MAS 5  Affymetrix Spatial background and MM Scale Robust average
2002 are subtracted normalization (Tukey biweight)
MBEI Liand Wong MM are subtracted Splines froma  Model assuming
2001 reference array multiplicative probe-
and invariant set effect and additive
error
RMA Irizarry et al.  Global correction from Quantile Linear model including
2003 posterior mean given the array and probe
observed PM effects using median
polish
GCRMA Wu and Probe specific correction Quantile Linear model including
Irizarry 2004 using posterior mean of PM array and probe
and MM; probe sequence effects using median
used to predict model polish
parameters
PDNN Zhang atal. Model with optical background, non-specific binding, and specific
2003 binding as additive components
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cells with variant transcriptional profiles.
In practice, relatively high-abundance
transcripts are reliably detected by
GeneChips but a significant percentage of
low-abundance transcripts are undetected
or, in most of the cases, unreliably
detected. As a result, the magnitude of
expression changes found with microarrays
is often modest and hard to separate from
the experimental noise. In addition to
producing normalized expression values,
the preprocessing could also consider
whether all the hybridizations of a single
experiment are reliable. Methods that
eliminate potentially unreliable data can
help, beginning from the assumption
that not all genes are expressed at levels
that are either biologically significant or
detectable by the Affymetrix technology
in a particular tissue. Pre-filtering based on
hybridization quality before the statistical
evaluation of each transcript can aid in
reducing the noise. Different methods
have been used to pre-filter data to remove
probe sets that are believed to be less
reliable but the effects of such pre-filtering
have rarely been analyzed (Wildhaber et al.
2003, Ryan et al. 2004, Stossi et al. 2004).
Filtering by expression level (Modlich et
al. 2004) aims to eliminate probe sets with
signal close to background; the choice
of how close to background is arbitrary.
Removal of probe sets that are called
“Absent” on all arrays has been reported
(Ryan et al. 2004). Some use post-hoc
methods by eliminating significant probe
sets with low fold changes (Wildhaber et
al. 2003). McClintick and Edenberg have
filtered out probe sets that were not called
Present by the MASS5 detection call in at
least 50% of the samples in one treatment
group (McClintick and Edenberg 2006).
Others use combinations of these strategies
(Perrier et al. 2004, Stossi et al. 2004,
Aston et al. 2005, Tang et al. 2004).
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1.8 Microarray analysis of differential
gene expression

A microarray experiment typically aims to
identify the relative differences between
the biological conditions examined. The
first computational techniques utilized for
inferring the differential expression relied
on the simple assumption that the reliability
and, consequently, the significance would
increase together with the magnitude
in the gene expression. Accordingly,
the fold changes calculated between
samples served also as a significance
cut-off. More strict statistical evaluation
has been established and the number of
methodological papers introducing novel
statistical approaches has been increasing
as the biological papers presenting
microarray results. Usually, in gene-wise
analyses, p-values are calculated for each
gene present on the microarray by using
the t-test or some other analytical strategies
such as the ANOVA, which helps to
estimate the contribution of experimental
factors to the distribution of the measured
gene expression. Next, a cut-off is found
to separate the differentially expressed
genes from the genes whose expression is
not changed. This cut-off is usually based
on a multiple testing criterion such as the
Bonferroni or the false discovery rate
(Benjamini and Hochberg 1995). Post-hoc
corrections are also recommended because
the number of genes tested is much bigger
than the amount of samples replicated
across two or more biological conditions.

1.8.1 Microarray functional analysis

A typical microarray experiment results in
lists of differentially expressed genes. Long
gene lists, however, cannot be considered
the end point of the analysis. Rather, they
have to be regarded as the starting point
of a more meaningful interpretation,
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whereby biological patterns are typically
highlighted. By taking advantage of the
increasing knowledge about the functions
of the genes within the cells, it is also
possible to infer the overall changes in
terms of functions and processes. This
essentially shifts the level of analysis from
individual genes to sets of biologically
related genes. The annotation terms are
usually obtained from libraries such as
Gene Ontology (Ashburner et al. 2000)
or KEGG (Ogata et al. 1999). Metabolic
pathways, though, are controlled to a
large extent by protein-based events,
having no direct implication to the levels
of mRNA measured by microarray
assays. Similarly, one can test whether
the expression of genes sitting in specific
portions of chromatin (i.e. cytobands
or entire chromosome) are involved in
certain experimental conditions. For
any of the annotations used for grouping
the genes, the terms are defined a priori
and constructed independently from the
experimental data. The most popular
method starts from a list of differentially
expressed genes and assesses whether a
given gene set is overrepresented by using
a test for independence in a contingency
matrix (Khatri and Draghici 2005 for
an overview). These methods imply the
use of a strict significance cut-off for the
differential expression of individual genes.
Alternatively, one can test whether the
ranked list of genes annotated in a given
gene set differs from a uniform distribution
by using the Kolmogorov-Smirnov test
(Mootha et al. 2003). Other approaches
do not compute the p-values per each
gene, but start the analysis directly from
the raw expression data. It has been
proposed to test whether samples with
similar expression profiles have similar
class labels. This can be achieved by using
logistic regression models (Goeman et al.
2004), ANOVA models (Mansmann and

Meister 2005), or a t-test after reducing
the gene set to its first principal component
(Tomfohr et al. 2005).

1.8.2 Gene regulatory networks
Increasing attention is being oriented to
the inference of transcriptional regulatory
networks based on high throughput
gene expression screenings (Lee 2005,
Sivachenko et al. 2007, Wang et al.
2007). These approaches aim to link
gene expression data to the activity of
transcription factors in cause-effect
models (Goutsias and Lee 2007, Babu
2008). Fundamental to the idea of a gene
network is the notion of modularity,
according to which a complex system is
built by combining simpler parts (Alon
2007). Modularity exists in a variety of
biological contexts, including protein
complexes, metabolic pathways, signaling
pathways and transcriptional programs
(Wagner et al. 2007). For transcriptional
programs, for instance, modules are
defined as sets of genes controlled by the
same set of transcription factors under
certain conditions. Learning the structures
of networks based on biological data and
estimating their parameters is a crucial
step. This is accomplished by integrating
a priori knowledge about the network
structure based on assumptions about the
function of a gene (Schlitt and Brazma
2006). Co-regulation of mammalian genes
usually depends on sets of transcription
factors that coordinately bind the
promoter sequences and interact with each
other (Werner 2007). Regulatory motif
sequences within the promoter regions
are organized into defined frameworks
or modules of two or more transcription
factor binding sites. Subsequent to the
definition of frameworks, it is possible to
scan large promoter sequences repositories
for matches of such predefined modules.

11
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1.9 Microarray meta-analysis

Despite their broad use, microarrays
are still suffering a substantial lack of
standardization levels that would easily
allow a combination of independent
experiments (Kuo et al. 2002, Jarvinen et
al. 2004). There is anyway an increasing
need for integrating the massive amount of
gene expression data that are continuously
produced worldwide. This kind of
integration would sensitively improve our
knowledge of the complex events that take
place during the embryonic development
of tissues, during the genesis of diseases,
or the mechanisms that modulate the
response to drugs. In recent years, several
attempts have been made in comparing
and integrating high throughput gene
expression experiments. Wang et al.
observed that different microarray

2. AIMS OF THE STUDY

platforms show good agreement both
within and across laboratories when
using the same RNA samples (Wang et al.
2005). On the other hand, the laboratory
effect plays a more significant role than
the platform effect (Wang et al. 2005).
Severgnini et al. effectively compared
gene expression data from similar
microarray technologies, using identical
sample preparation protocols and identical
statistical analysis (Severgnini et al. 2006).
Microarrays have also been collected
for studying gene expression in human
cancers (Kilpinen et al. 2008). There is
evidence that one way to reliably combine
microarray data is by matching the probes
from different chipsets or platforms on
the sequence base (Hwang et al. 2004,
Carter et al. 2005, Stec et al. 2005, Ji et
al. 2006).

Due to the multi- and inter-disciplinary nature of this thesis, it is possible to divide its
objectives in two orders: methodological and biological.

Methodological objectives:

e Establishing statistical frameworks for increasing the reproducibility of Affymetrix

GeneChip experiments;

e Defining methods for reliably meta-analyzing independent Affymetrix GeneChip

data sets;

e Extending microarray results to regulatory gene networks.

Biological objectives:

e [Exploring gene expression patterns in human tissues and cell lines;
e Investigating the relationships of human tissues based on gene expression

information;

e Evaluating gene expression in neuronal primary cultures and brain tissues for

studying the developing brain.

12
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3. METHODS

An overview of the methods used in the publications included in the thesis is shown in

Table 3.

Table 3. Summary of the methods used in this thesis.
Each row corresponds to a particular method. The paper (I — IV) where the method is used is also
reported. Each method is described in details in the following paragraphs.

Method

Paper

Microarray data collection from public repositories 1

Microarray quality control

Affymetrix probes re-annotation
Affymetrix GeneChips preprocessing
Affymetrix GeneChips pre-filtering
Agilent microarray preprocessing
Differential gene expression analysis
Tissue-selective gene selection
Microarray results functional analysis
Microarray functional global-testing
Literature-based gene network analysis

Promoter computational analysis

I, 10, 1,1V
I, v
I, 1, 1V
|

Il

I, 10,1V
1]

I, 1, 1V
Il

I, v
I, v

3.1 Microarray data collection from
public repositories (III)

Affymetrix (http://www.affymetrix.com)
GeneChip raw data files (CEL files) were
collected from the Gene Expression for
Omnibus (GEO) public database (Edgar
et al. 2002). Strict criteria for the data
selection were applied: i) the experiments
had been documented according to the
MIAME protocol (Brazma et al. 2001); ii)
the arrays had been hybridized to normal
fetal or adult human tissues or cell types;
iii) the specimens had been obtained from
healthy subjects or from reference RNA
samples; iv) the raw data files had been
made available for download; v) all the
samples had been hybridized to Affymetrix
GeneChips chipset HGU-133A.

3.2 Microarray quality control (I, II,
1L IV)

Affymetrix data (I, III, IV) were checked
for quality by using the package affy
(Gautier et al. 2004a) and aftyQCReport
(Parman and Halling 2008) for R (R
Development Core Team 2008). Agilent
(http://www.agilent.com) data (II) were
checked for quality by using the R package
limma (Smyth 2005).

3.3 Affymetrix probes re-annotation
(1L, IV)

Sequence-based re-annotation of the
Affymetrix probes was applied. Each
single oligonucleotide probe was re-
annotated according to the Homo sapiens

13
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release March 3, 2006 (III) and the
Rattus norvegicus release June 28, 2006
(IV) Entrez Gene databases (Maglott
et al. 2007). In Paper III, the probes
were also re-annotated according to the
RefSeq version 24 (Pruitt et al. 2007)
and Ensemble version 42 gene databases
(Flicek et al. 2008). R packages for the re-
annotated Affymetrix chipset are available
for download at http://brainarray.mbni.
med.umich.edu/Brainarray/Database/
CustomCDF/CDF_download.asp.

3.4 Affymetrix GeneChips
preprocessing (I, IIL, IV)

CEL files were imported into R (R
Development Core Team 2008) and
preprocessed using the algorithm RMA
(Irizarry et al. 2003) implemented in the
BioConductor (Gentleman et al. 2004)
package affy.

3.5 Affymetrix GeneChips pre-filtering
)

Three different pre-filtering methods
were applied to normalized Affymetrix
GeneChip data. Pre-filtering based on the
Affymetrix detection call (Liu et al. 2002):
probe sets were retained if its detection
call was equal to “Present” in at least
50% + 1 arrays in at least one group of
biologically replicated arrays. Detection
calls “Marginal” were converted to
“Absent”. Pre-filtering based on the MBEI
standard error (Li and Wong 2001a and b):
probe sets were kept if its MBEI standard
error was falling below the 95th percentile
of the distribution of all the standard errors
computed for each probe set across all the
arrays of the experiment. Combinational
pre-filter: both the detection call-based
and the MBEI standard error-based pre-
filters were applied.

14

3.6 Agilent microarray preprocessing

an

Image segmentation as well as estimation
of foreground and local background
intensities for each feature was performed
using Axon Genepix Pro version 6.0
(http://www.moleculardevices.com/pages/
software/gn_genepix_pro.html). The data
were then imported into R (R Development
Core Team 2008) by using methods
implemented in the package limma (Smyth
2005). Background-corrected intensities
were normalized using the variance
stabilization normalization (VSN) method
(Huber et al. 2002).

3.7 Differential gene expression
analysis (I, IL, IV)

In paper I, a permutation-corrected t-test
(Tusher et al. 2001) was used; probe sets
with p-value < 0.01 after false discovery
rate FDR correction were selected as
differentially expressed. In paper II,
genes with analysis of variance (ANOVA)
p-value < 0.01 were considered. In paper
1V, a moderated t-test and p-value cut-off
of 0.001 after Benjamini Hockberg post-
hoc correction were applied.

3.8 Tissue-selective gene selection (I1I)

RMA-normalized expression values were
transformed so that the maximum value
was set to 1 for each gene across the
tissues; the method proposed by Yanai
and collaborators (Yanai et al. 2005) is
used as a gene-specific weight; the tissue-
selectivity score per gene per tissue is then
computed for each gene in each tissue
separately as the transformed expression
value by its specific weight.
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3.9 Microarray results: functional
analysis (I, IIL, IV)

In paper I and III, Fisher’s exact test was
used for screening the over-representation
of gene ontology categories (Ashburner
et al. 2000); p-value cut-offs of 0.05
and 0.01 were applied respectively for
selecting significant families. In paper IV,
the methods implemented in the DAVID
gene annotation system were utilized with
default parameters (Huang et al. 2007).

3.10 Microarray functional global-
testing (II)

Global statistics implemented in the R
package global test (Goeman et al. 2004)
for R (R Development Core Team 2008)
were applied to the normalized expression
matrix in order to find gene ontology
categories affected during Chlamydia
pneumoniae infection. Gene ontology
families showing a p-value < 0.01 after
permutation correction were considered to
be significant; for each of these, the genes
showing the most significant differential
expression were selected for further
investigation.

3.11 Literature-based gene network
analysis (IIL, I'V)

Lists of candidate genes were imported
into the software Genomatix Bibliosphere
(http://www.genomatix.de/products/
BiblioSphere/) in order to build networks.
Two genes were connected in the graph
if they appeared to be co-cited in the
PubMed literature database (Wheeler et
al. 2008), or if the consensus for a known
transcription factor family was present in
their promoter regions. In Bibliosphere,
it is possible to highlight both consensus-
based connections between the candidate
genes, as well as the connection of the
input genes with other transcription
factors.

3.12 Promoter computational analysis
(111, IV)

The transcription factors presenting an
interesting topology within the literature-
based gene network were selected;
promoter regions of candidate genes
presenting specific consensus sequences
were retrieved using the software
Genomatix Gene2Promoter (http://www.
genomatix.de/online help/helpeldorado/
Gene2Promoter Intro.html) and screened
with the methods implemented in
Genomatix FrameWorker (http://www.
genomatix.de/online help/help gems/
FrameWorker.html) in order to find
common regulatory modules containing
at least two transcription factor binding
sites.
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4. RESULTS

4.1 Pre-filtering improves the reliability
of Affymetrix GeneChip experiments in
complex tissues as tested by qPCR (I).

The effect of the treatment with the
psycho-stimulant drug methylphenidate
(MPH) was evaluated in male rats.
Gene expression screening was carried
out on the striatum of these animals
by using Affymetrix GeneChips RAE-
230A. Several pre-filtering methods of
the normalized expression values were
applied (Paper I, Figure 1) and a set of 85
biologically relevant genes were tested
by qPCR. In particular, the genes chosen
included those encoding post-synaptic
density proteins (Yao et al. 2004, Elkins
et al. 2003), neurotransmitter receptors
(Sari 2004, Heidbreder et al. 2005),
transcription factors (Guerriero et al.
2005), trophic factors (Castrén 2004),
extra-cellular matrix proteins (McCracken
et al. 2005), and synaptic vesicle release
proteins (Kahlig et al. 2005), for their
expression had already known to be related
to drug abuse (Paper I, Table 2). The
gPCR validation showed large agreement
(~ 98%) with the microarray predictions
after the detection call and MBEI standard
error pre-filters, with exception of the
gene Bmprla (qPCR-based t-test p-value
=0.31). None of the genes from the other
analyses were validated (Paper I, Table
3).

4.2 Integrating global testing and gene-
wise analysis in gene expression data

(D).

Global testing was used for finding gene
ontology classes containing at least 3
genes that significantly associated (p-value
< 0.01) with Chlamydia pneumoniae
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infection at different temporal stages.
In this analysis, the p-value represented
the probability of the differential global
expression of all the genes associated
to a given GO term at each time point
as compared to all the others (Paper 11,
Table 2). The GO-wise and the gene-wise
analyses were combined in this study
for determining the candidate genes to
be considered for further investigation
(Paper II, Figure 1). At 12 hours time
point the GO term “DNA modification”,
possibly related to the manipulation
of gene expression of the host by the
Chlamydia pneumoniae, was globally
induced; from this group, the gene vFOS
was selected. During all the stages of the
experiment, the expression of several
steroid-related categories went through
an overall modification; the gene NR4A1
was chosen from the “steroid hormone
receptor activity. Similarly, the gene
DKKI1 was picked up as a member of the
GO class “negative regulation of the WNT
signaling pathway”, which was drastically
induced after 12 hours and repressed after
72 hours of infection. Finally, the gene
CYR61 was selected from the functional
group “Insulin-like growth factor binding
activity”. In addition, 6 genes, namely
EGR1, FLJ32065, EMP1, IGFBPI,
ACHE, FLJ23356, were also selected as
showing notable induction in the gene-
wise analysis, creating a group of 10
candidate genes (Paper 11, Table 3). After
qPCR validation of the selected genes, 4
of them were successfully silenced with
corresponding siRNAs (Paper 11, Table 4).
The silencing of the genes EGR1 or DKK1
was capable of reducing the amount of
Chlamydia pneumoniae by more than 25%
(Paper 11, Table 5).
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4.3 Building a catalog of tissue-selective
genes (I1I).

The pipeline designed for identifying the
tissue-selective genes (Paper I1I) consists
of several consecutive steps (Figure 2).

A total of 4,985 gene-tissue pairs,
corresponding to 1,601 unique genes,
were considered as expressed in a tissue-
selective manner after permutation testing
(Paper 111, File S1, Table 0.1). Significant
gene-tissue pairs were found in 77 out of
78 tissues analyzed, with the exception
of the superior cervical ganglion. About
35% of the 1,601 genes were selectively
expressed in one tissue, 20% in two, 13%
in three; 10% of the tissue selective genes
were expressed in six or more tissues
(Figure 3).

The majority of the tissue-selective
genes shared by ten or more tissues
were expressed in neural system tissues.
The greatest part of the tissue-selective
genes were found in the immune system
(32%), followed by central and peripheral
nervous system (17%), muscles (15%),
and reproductive organs (9%); altogether,
the other categories accounted for 27% of
the selective genes (Figure 4).

By using the normalized expression
of the 1,601 genes, the tissues could be
successfully segregated by hierarchical
clustering (Paper 111, File S3, Figure 2),
principal component analysis (Paper
II1, File S3, Figure 4), and curvilinear
component analysis (Paper III, S3, Figure
6).

The tissue-selective genes represented
many biological and molecular themes,
as they could be significantly annotated
in many gene ontology terms (Paper III,
File S1, Tables 0.2, 0.3, and 0.4). Nineteen
percent of the tissue selective genes were
involved in signal transduction, 16%
in development, and 14% in immune
response. Moreover, about 18% of these
genes coded for secreted proteins, and
8% for receptors. When the selective
genes in each tissue were annotated,
they were able to depict the main known
physiological traits, for instance, the liver-
selective genes (Paper 111, File S1, Table
44.2) or the testis-selective genes (Paper
11, File S1, Table 55.2). The 1,601 tissue-
selective genes were enriched in disease
genes, for they were associated with 361
human Mendelian disorders (Paper III,
File S1, Table 0.5). In many cases, tissue-

Data collection
from GEO database

Functional Analysis . .
———————>| Disease Association
over-represented GO terms

Affymetrix HGU-133A
Probe re-annotation

Tissue-selective Genes

Connectome of Tissues

W| Clustering Data Exploration

Hippocampus-selective
Gene Network

Figure 2. Analytical flowchart of paper III.

and promoter analysis

Each box represents an analytical step used in the paper III.
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selective genes were found to be related
to pathologies having strong impact on
the tissues from where they were found
to be selectively expressed. This was, for
instance, the case for numerous muscle-
selective genes linked to myopathies, or
gland-selective genes linked to endocrine
system and metabolic disorders. The fetal

600 1

562

number of genes

heart-selective GATA4 and NKX2.5 had
been associated with heart malformations,
such as tetralogy of Fallot and atrial septal
defects (Goldmuntz et al. 2001, Hirayama-
Yamada et al. 2005).

About 65% of the 1,601 tissue
selective genes were found in two or
more tissues. Hence, investigating the

number of tissues

Figure 3. Distribution of the tissue-selective genes.
In x axis, the number of tissues sharing the expression of selective genes; in y axis, the number

of genes in each category.
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Figure 4. Tissue representation.
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In A: the distribution of tissue-selective genes in groups of related tissues. In B: the groups of

tissues analyzed in paper III.
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relationship of tissues based on the
amount of tissue selective genes shared
was relevant. Networks of tissues (namely
connectome, in Paper III) were built,
where each node represented an analyzed
tissue and the number of selective genes
shared by two or more tissues formed
the edges. The number of edges in the
graphs was computed as the function of
the number of shared genes. Thus, three
cut-off values of at least 30, at least 20,
and at least 5 shared genes were selected
as a representation of different degrees of
relatedness of tissues (Paper 111, Figure 1).
Four main results were obtained from the
connectome analysis: 1) central nervous
system, immune, and testis tissues showed
very distinct expression signatures, as they
formed tight intra-connections already at
30 sharing genes cut-off. Testis tissues
did not join any other tissues until the
connectivity cut-off was lowered to 5
genes; i1) amygdala, which is thought to
be a collection of adjacent cell groups
within the forebrain, was located in the
center of a CNS tissues network, sharing
expression patterns with anatomically
neighbor areas; iii) tonsil, an immune
organ with a myoepithelial histological
structure, bridged the networks of the
immune tissues and the muscles; iv) the
hippocampus, the fetal brain, and the
olfactory bulb showed an interesting
topology for they were placed at the
interface between the nervous tissues and
other tissues where active cell replication
is known to take place. Neurogenenesis
is present in these three neural tissues.
Therefore, the hippocampus-selective
genes were further investigated in
search of genetic networks that would
underlie physiological functions of the
hippocampus.

A network of the hippocampus-
selective genes was modeled based on

their literature co-citation as well as the
presence of consensus sequence motifs
for specific transcription factor families
within their regulatory regions. The
transcription factor NFKB, which was not
selectively expressed in hippocampus, was
found to potentially bind the promoters
of several hippocampus selective genes
(Paper III, Figure S1). Extensive analysis
of the regulatory regions of the NFKB
interactors revealed the presence of
a conserved transcriptional module
composed by E2F and NFKB transcription
factor families (Paper III, Figure S2).
Hence, the E2F-NFKB module was found
in an independent set of 1,901 human
promoter sequences. The functional
annotation of these genes, according to
the gene ontology system, highlighted
biological themes such as nervous system
development, cell adhesion, and tyrosine
kinase receptor signaling (Paper II1, File
S2).

4.4 Gene expression screening

for characterizing embryonic
mesencephalon and neuronal primary
cultures (IV).

Three sequence-based re-annotations,
based on the Entrez Gene (Maglott et
al. 2007), RefSeq (Pruitt et al. 2007),
and Ensembl gene (Flicek et al. 2008)
databases, were used for alternatively
grouping the probes of the Rattus
norvegicus Affymetrix ChipSet RAE230A.
These re-annotated independent data sets
were then normalized and differential
expression was assayed by moderated
t-test (Paper IV, Table 1). The lists of
differentially expressed genes were then
analyzed using the DAVID database
(Huang et al. 2007) and it was found that
425 differentially expressed unique genes
were shared between the three annotations
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(Figure 5, and Paper 1V, Figure 1 and
Table ST1).

A total of 268 genes were found to
be over-expressed in mesencephalon
primary cultures (MesPC), representing
the functional families of development,
lipid metabolism, extracellular matrix,
and mitochondrion (Paper IV, Table ST2).
Analogously, 157 genes were significantly
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associated with E11.5 mesencephalon
(MesE11), covering functions such as
synaptic transmission, nervous system
development, neurogenesis, and ion
channels (Paper IV, Table ST3).

A number of promoters of MesPC
genes showed a binding site for the
transcription factor Egrl. Further
investigation highlighted the module
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composed of binding sites for Egrl
and Spl as potentially involved in their
expression regulation. The Egrl-Spl
module was also found in promoters of
other Rattus norvegicus genes involved in
neuron differentiation and neurogenesis
(Paper 1V, File SR1).

As for the MesEll-genes, co-
citation based network analysis and
promoter analysis revealed a role of the
transcription factor families Neur and

Nr2f in modulating the expression of
many MesE11-genes. The genes Neurod3
(NEUR family) and Nr2f2 (Nr2f family)
were found to be significantly over-
expressed in MesEll. Other Rattus
norvegicus promoters, covering functional
families such as dopamine metabolism,
synaptic transmission, and development,
showed consensus for the Neur-Nr2f
module.
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5. DISCUSSION

This is the 15th year since the first
microarray publication (Schena et al.
1995). Since then, the microarrays
became a technique for large gene
expression screening worldwide;
increasing number of articles report
gene expression microarray results in a
variety of organisms and a multitude of
experimental conditions. Despite their
popularity, there has been increasing
skepticism concerning the microarrays,
determining the paradoxical situation that
more scientists choose microarrays for
their projects and at the same time more
scientists struggle for publishing their
microarray results. More specifically,
several studies have highlighted major
issues of reproducibility and predictability
of microarray experiments (Tan et al.
2003, Kawasaki 2006, Walker and Hughes
2008, Ioannidis et al. 2009). Efforts have
been made for increasing the reliability
of microarray experiments, including
increasing the sample size (Ein-Dor et
al. 2006), improving the computational
analysis of the data (Tilstone 2003,
Allison et al. 2006, Jafari and Azuaje
2006), updating the probe annotation
(Taylor et al. 2001, Dai et al. 2005, Carter
et al. 2005) and design (Mecham et al.
2004), and standardizing manufacturing
processes (Tan et al. 2003) as well as
the sample preparation and hybridization
procedures (Vartanian et al. 2009).
Microarrays have developed very
rapidly along with the progressive
completion of the genome sequencing
projects but only recently the community
focused on questions inherent to the
computational analysis of the microarray
data. When statistics entered into the
microarray field, a peculiar split in the
literature has happened: statisticians,
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mathematicians, engineer and computer
scientists have been proposing better and
more sophisticated methods for analyzing
microarray data, but their job has rarely
been able to influence the way of working
of the biologists. Rather, the microarray
users have often entrusted their data to
easy-to-use graphic-interfaced software
that not always ensure adequate levels
of strictness and customizability.
Alternatively, some biologists have
assigned the responsibility of the
analysis to theoretical mathematicians
or statisticians, assuring very high
numerical reliability but scarce biological
interpretability. Another reason for the
increased skepticism towards microarrays
is related to the strategic management
of projects where microarrays have
been used. Because of their complexity
and costs, microarrays have been often
regarded as the final step of longer
projects. However, the real essence of
large-scale and non-quantitative screening
methods would naturally place the
microarray experiments in the beginning
of more articulated research projects.
Whenever microarrays are used, problems
also arise from the fact that usually too
big and too much complex output is
generated, making the interpretation of
the general picture appearing in the results
very difficult (Slonim 2002). For these and
more practical motives related to budget
issues, post-array work plan is extremely
complicated, and often it abruptly stops
at the validation of a handful of genes
by the means of other methods such as
PCR (Holland 2002, Czechowski et al.
2004). Owing to the costs associated
with independent verifications, in most
papers only a few genes (typically less
than 20) are validated, including the
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differentially expressed genes that are
also widely studied and those with well-
agreed sequences (Larkin et al. 2005,
Paper II, Paper 1V). When working
with standardized microarray protocols
and platforms, the validation rate can
also be very high (Paper I). Regardless
of the method used for testing the
differential expression, the genes to be
further investigated should be selected
by prioritizing their potential biological
meaning (Paper I and Paper II). In this
thesis, much effort has been given to
combining rigorous statistics with high
biological interpretability of the results.
In the papers presented here, people
with different expertise and disciplinary
backgrounds have independently screened
the lists of differentially expressed genes,
ensuring unbiased selection of genes
to be validated by PCR. Additionally,
when designing PCR primers, taking into
account the position of the microarray
probes onto the gene sequence has proven
to be beneficial in terms of validation
rates, despite the microarray platform
utilized (Paper I, Paper I, Adriani et al.
2006, Volpicelli et al. 2007, Consales et al.
2007, Kivi et al. 2008). Post-array work
is not always limited to the independent
validation of the microarray results. In
paper II, a gene silencing approach has
been utilized in order to find genes whose
expression would be essential for the
replication of Chlamydia pneumoniae.
Elsewhere, the information concerning
the transcripts levels has been integrated
with protein quantification and functional
assays (Kivi et al. 2008).

Microarray data are expensive and
time consuming to generate, nonetheless,
they are rarely fully mined for their
information content. Soon after the
introduction of microarrays, it has been
clear of the importance of sharing data
within the community (Stoeckert et al.

2002), as well as the need of standardizing
their description (Brazma et al. 2001).
Additional motivations for public
archiving of the microarray data has
been to avoid duplicating experiments,
as well as to re-analyze using new
and more efficient algorithms. Several
repositories offer the possibility to store
and consult microarray data, including
Gene Expression Omnibus (Barrett et
al. 2005), ArrayExpress (Parkinson et
al. 2005), Stanford Microarray Database
(Ball et al. 2005), oncoMine (Rhodes et
al. 2004), Celsius (Day et al. 2007), and
ArrayWiki (Stokes et al. 2008). GEO
and ArrayExpress contain data of about
280,000 and about 235,000 individual
hybridizations respectively.

In Paper 111, gene expression obtained
by using human HGU-133A Affymetrix
GeneChips was retrieved from the GEO
database. Only a small part of the available
data has been included in the analysis,
as many experiments were stored in the
SOFT format (Barrett et al. 2005), where
only the normalized gene expression
matrix had been made available. For
these, the re-annotation of the probes
is not possible; in addition, many
experiments had been normalized using
outdated methods no longer considered
reliable. The quality of any meta-analysis
depends on the underlying data. For
this reason, strict pre-selection criteria
of the experiments as well as rigorous
quality assessment has been preferred
over collecting as many hybridizations as
possible to include in the study. In fact, 20-
50% of all the HGU-133A arrays present
in GEO and ArrayExpress databases have
been reported to be of insufficient quality
and should not be considered for inclusion
in any meta-data set (Larsson et al. 20006).
Finally, 195 arrays from six data sets have
been selected for further investigation.
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There are two general approaches
for integrating microarray studies: 1)
the comparative analysis of the results
published in different studies; and
i1) the comprehensive re-analysis by
merging primary data from different
experiments. Comparison of aging and
cellular senescence microarray studies has
demonstrated that the expression patterns
of genes involved in cellular senescence
were similar to those of aging in mice but
not in humans (Wennmalm et al. 2005).
Similarly, microarray results from several
studies have been integrated to identify
common host transcriptional responses to
pathogens (Jenner and Young 2005). The
comprehensive re-analysis approach can
be conceptually divided into three main
groups, according to their primary purpose:
1) summarizing meta-analysis, where the
investigators try to identify more accurate
results associated to a given phenotype;
i1) hypothesis-driven meta-analysis,
needed when a biological question can be
answered with the integration of data; and
iii) exploratory meta-analysis, where large
sets of data are used to find previously
uncharacterized gene expression patterns
(Larsson et al. 2006). Additional biases in
microarray meta-analysis are represented
by the laboratory-effect (Irizarry et al.
2005), the platform-effect (Carter et al.
2005) and the species-effect (McCarroll et
al. 2004). In this study, the platform-effect
and the species-effect have not influenced
the analysis, for only arrays from the
same chipset have been considered. In
Affymetrix GeneChips, the hybridization
thermodynamics has been modeled
considering some probe-specific and array-
specific effects (Li and Wong 2001a and
b, Irizarry et al. 2003). The probe-effect
is balanced by re-annotating the probes,
(Dai et al. 2005), as not only are they re-
arranged within more appropriate probe
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sets, but all the probes that potentially
bias the hybridization are eliminated.
On the other hand, the standardization
of the GeneChip manufacturing and the
consistency of the laboratory procedures
have drastically diminished the array-
specific effect. Therefore, the model-based
algorithms typically used to normalize
single experiments can largely deal with
the laboratory-effect, similar to what they
do with the array-specific effect. In these
studies, the RMA algorithm (Irizarry et
al. 2003) has been successfully utilized
for normalizing arrays from different
experiments. The RMA particularly allows
robust estimation of inter-array variability.
It uses information from multiple arrays
for normalizing, through the quantile
method (Bolstad et al. 2003), gene
expression. More recently, large groups of
independent GeneChips have been used as
training sets for increasing the accuracy
of the RMA-based gene expression
estimation (Katz et al. 2006).

A group of genes, called housekeeping
genes, are virtually expressed in all tissues
to maintain the basic cellular functions,
whereas the tissue-selective genes show
differential expression patterns among the
tissues and provide specialized functions
that distinguish the tissues from each
other. Although largely ubiquitous, the
housekeeping genes are far from being
constantly expressed, their expression
levels may vary significantly between
different tissues (Thellin et al. 1999,
Lee et al. 2002, Barber et al. 2005). The
estimation of the number of housekeeping
genes is still debated (Warrington et
al. 2000, Hsiao et al. 2001, Zhu et al.
2008). On the other hand, big interest is
also given to the definition of the tissue-
selective group of genes, and the new
high-throughput technologies have
represented in recent years valuable
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tools for large-scale screening of gene
expression across multiple tissues and cell
types (Hsiao et al. 2001, Saito-Hisaminato
et al. 2002, Shyamsundar et al. 2005,
Yanai et al. 2005, Liang et al. 2006, Paper
IIT). Housekeeping genes are thought to
evolve slowly (Winter et al. 2004), and
the slowly evolving genes are generally
highly expressed (Drummond et al. 2005).
Therefore, the importance of focusing
on genes with middle-range and low
expression has been pointed out (Yanai
et al. 2005, Paper III). The housekeeping
genes have also been reported to be under-
represented among the disease genes due
to a higher chance of embryonic lethality
when mutated (Winter et al. 2004).
Likewise, many human diseases caused
by genetic defects are usually highly
tissue-selective as well as disease genes
are inclined to encode non-hub proteins
in the protein network (Goh et al. 2007).
In this study, the tissue-selective genes
were found to be highly associated with
human diseases. Additionally, an evident
tendency emerged for disease genes to
be selectively expressed in the tissues
where their defects are described to cause
pathology. Similar observations have been
made elsewhere (Lage et al. 2008). Tissue-
selectivity can be addressed in strict terms
of considering only the genes whose
expression is limited to a specific tissue,
in which case it is referred to as tissue-
specificity. However, tissues involved in
the same functions or having common
developmental origin share also numerous
expression patterns.

Here, attention has been given to
those genes whose expression is enriched
in one or more similar tissues (Liang et al.
2006, Zhu et al. 2008, Paper III). Further
investigation has been concentrated on the
relatedness of tissues that shared selective
expression patterns. The central nervous

system, testis, immune, and muscle tissues,
showed a high grade of intra-relatedness,
as these groups were connected already at
very high degrees in the tissue network.
However, the testis tissues have showed
the most peculiar expression patterns, as
their sub-network has remained isolated
to all the other tissues also at medium
and low degrees. Within the sub-network
of CNS tissues, the amygdala, which
originates from neurons migrating from
different portions of the brain (Swanson
and Petrovich 1998), presented high
relatedness and central position. At a lower
degree of relatedness, the hippocampus,
together with a few other CNS structures,
shared numerous expression patterns with
other tissues where active cell replication
is reported under certain conditions such
as the liver and some fetal structures.
Production of new neurons is thought
to be possible in the adult hippocampus
(Jacobs et al. 2000).

High-throughput technologies are
only merely capable of cataloguing
biological events in a relatively flat
format, rather than providing a frame
of deeper understanding or a broad key
of interpretation. Alongside, microarray
experiments provide only estimation
of the transcript levels without directly
revealing any possible regulatory
mechanisms (Werner 2007). Regulatory
networks provide a good way to
represent the apparatuses that control
the molecular processes of a living cell
(Werner and Nelson 2006). Therefore, it
has been proven that coordinated sets of
transcription factor binding sites retrieved
from the promoter sequences of related
genes can provide an interpretative
framework for the changes observed in
gene expression (Pilpel et al. 2001). The
relationships of genes can be inferred from
the gene expression data in combination
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with multiple independent evidence
(Seifert et al. 2005). A similar approach
has been considered in Papers III and IV of
this thesis. In Paper III, the hippocampus-
selective genes have been interconnected
based on literature-based evidence,
whilst in Paper 1V, the genes found over-
expressed in embryo mesencephalon or
in the primary cell cultures derived from
it have been the object of investigation.
In both cases, additional links between
the genes have been drawn according
to the presence of TFBS for specific
transcription factor families, enabling the
discovery of regulatory relationships not
described before. Visual inspection of
the gene networks allows selecting sub-
networks of genes whose promoters show
possible co-regulation. Next, promoter
sequence alignment can help in finding
common modules constituted of multiple
TFBSs (Cohen et al. 2006). In Paper 11,
the E2F-NFKB module has emerged as
possibly regulating the expression of
several hippocampus-selective genes as
well as additional genes found selectively
expressed in other CNS regions
extensively studied for neurogenesis
(Gould 2007). Transcription factors of
the family E2F have a well-established
role regulating gene expression during
the cell cycle (Attwooll et al. 2004)
and silencing several S-phase genes in
differentiated neurons (Liu et al. 2005).
Additionally, E2F binding sites have been
identified in promoters of genes involved
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in hippocampal development (Dabrowski
et al. 2006). Within the CNS, NFKB genes
have been reported to play a crucial role
in synaptic plasticity, neuroprotection, as
well as in learning and memory (Mémet
2006). They have also reported to be
expressed in areas of active neurogenesis
(Denis-Donini et al. 2005). Protein
members of the E2F and NFKB families
have been also reported to physically
interact and cooperate in regulating the
expression of common effectors (Lim et
al. 2007). Likewise, in Paper IV the novel
modules EGRF-SP1F and NEUR-NR2F
have been identified in Rattus norvegicus
dopaminergic neuronal primary
cultures and embryonic mesencephalon
respectively. EGR transcription factors
have been described as having a role in
chronic CNS diseases (Beckmann and
Wilce 1997), as well as being involved
in several neurophysiological aspects
(Swiatek and Gridley 1993, Topiko et al.
1994, Jones et al. 2001, Li et al. 2007).
Depolarization positively regulates the
transcription of Egrl, indicating that this
gene functions in neuronal differentiation
following electrical stimuli. Neurogenic
helix-loop-helix transcription factor
family NEUR play a pivotal role in
Nurrl-induced dopaminergic neuronal
differentiation (Park et al. 2006). NR2F
genes seem also involved in GABAergic
interneurons migration during the
development of the brain (Tripodi et al.
2004).
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6. CONCLUSIONS

The completion of the human genome
sequence and several model organisms
has shown that complexity arises
primarily from more complex regulatory
interactions among genes, their products,
and the environment. At the same time,
high-throughput technologies delineate
the location, abundance, state and
interactions of genes and their products
with increasing resolution in terms of
cell types, time points and conditions.
Among them, the microarrays allow
investigating the function of many genes
at once, thereby providing an assay of the
transcriptional status of cells or tissues
in a wide variety of physiological or
pathological situations. At the same time,
new ultra-high-throughput sequencing
methods enable measurement of gene
expression and genomic variations within
the same experiments, at unparalleled
sensitivity. These methods will not
replace the microarrays, but will drive
their evolution towards more powerful
and more affordable levels. Investigating

gene expression and its regulation is
of big impact in defining the identity
of organisms, tissues, and cells, hence
allowing the characterization of disease
conditions and their etiology as well as the
evaluation of new treatments. Organizing,
combining, and reanalyzing the massive
information already obtained are a central
need as well as an unprecedented resource
for the scientific community.

Biomedical sciences are going through
a profound revolution, as important as
the one that invested all the fields of
knowledge in XVI and XVII centuries.
Under the thrust of more and more capable
technologies, they are moving from
the reductionist approach to a powerful
integrated approach. Along with their
internal metamorphosis, biosciences are
also challenging the whole society, as the
fast progress especially in genetics have
profound implications and consequences
also on politics, economy, and ethics.
Indeed, the very concepts of life and death
are being forever modified.
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