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Chapter 1

Introduction

In multiples sclerosis (MS), an immune-mediated disease of the central nervous system
(CNS), the basis of the progressive nature of the variety of neurologic disabilities a�ect-
ing more than 2.5 million people worldwide is ongoing myelin destruction and a failure
of remyelination resulting in a progressive axonal damage with limited capacity to repair
(FERGUSON et al. 1997, TRAPP et al. 1999, TRAPP and NAVE 2008, PODBIEL-
SKA et al. 2012). Merely about 20% of MS patients display prominent remyelination,
patients with a more progressive clinical course show only limited or absent myelin repair
(PATRIKIOS et al. 2006). Paradoxically, the presence of oligodendrocyte precursor cells
(OPCs) was repeatedly described in MS lesions (SCOLDING et al. 1998, CHANG et al.
2000, FRANKLIN 2002, HORNER et al. 2002). However, the di�erentiation and matu-
ration process of OPCs seems to be inhibited by unknown factors, which are leading to
a failure of remyelination, despite the presents of oligodendrocyte lineage cells (CHANG
et al. 2000, FRANKLIN 2002, KOTTER et al. 2006). Theiler�s murine encephalomyeli-
tis (TME), an experimentally, virus-induced, inflammatory, demyelinating disease of the
spinal cord in susceptible mouse strains is characterized, in contrast to most other MS
models, where a fast and complete remyelination is observed, by a failure of remyelina-
tion (ULRICH et al. 2008, SUN et al. 2014). In accordance to the conditions in chronic
progressive MS in human inadequate di�erentiation of OPCs was considered as causal
factor leading to the limited capacity to repair the destructed myelin sheath (ULRICH
et al. 2008, SUN et al. 2014). It is consequently the most useful model to investigate
the still not fully elucidated failure of remyelination in human MS (ULRICH et al. 2010,
SUN et al. 2014). Observations in TME indicated, that there is high association of down-
regulated cholesterol biosynthesis with the increasing loss of myelin and a deterioration of
the clinical score. Thus an altered cholesterol biosynthesis was suggested to be involved
in the chronic demyelinating disease by inhibiting remyelination (ULRICH et al. 2010).
Multiple studies observed imbalances of the lipid and cholesterol metabolism in MS and
its animal models (CUMINGS 1955, GERSTL et al. 1961, WENDER et al. 1974, CON-
FALONI et al. 1988, NEWCOMBE et al. 1994). However, conflicting results lead to no
final conclusion. To further elucidate the interaction between cholesterol metabolism and
the initiation and progression of myelin loss and remyelination, the aims of the first part
of this study were (i) a detailed analysis of the cholesterol biosynthesis pathway on the
transcriptional level, (ii) a quantitative analysis of the lipid composition of spinal cord,
blood serum, and liver, and (iii) a determination of the e�ect of experimentally-induced,
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CHAPTER 1. INTRODUCTION

systemic hypercholesterolemia on de- and remyelination in a virus model of MS.
The primary objective of MS-research is to find the molecular basis of the diseases

and identify targets for future therapeutic approaches. Microarray technology allow the
researcher to examine the mRNA expression levels of ten thousands of genes in one ex-
periment (OLSON 2006) and has become a powerful tool, which led to essential insights
in the complex pathomechanisms involved in the development of disorders of the CNS
(MITCHELL and MIRNICS 2012). The second part of the present study aimed to pro-
vide fundamental knowledge in microarray data analysis. In particular, the present report
aims to clarify, (i) which data analysis techniques are available for users without detailed
programming skills, (ii) what are the most appropriate methods for a specific research
purpose and (iii) how to transformation of the huge amount of information obtained by
a single experiment into biological knowledge.
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Chapter 2

Literature review

2.1 Demyelinating diseases

2.1.1 Multiple sclerosis

Multiple sclerosis (MS) is an immune-mediated disease of the central nervous system
(CNS), for which despite extensive research essential aspects of the etiology and patho-
genesis are still not known (RODRIGUEZ et al. 1987, TSUNODA and FUJINAMI 2002,
LASSMANN 2014). First clinical symptoms occur in young adults in the age between
20 and 40 (RANSOHOFF 2012). With 60-70%, the majority of the patients are female
(RANSOHOFF 2012). Early symptoms are blurred vision, sensory disturbances and mo-
tor impairments (RANSOHOFF 2012). The pathological hallmark of MS is damage and
loss of myelin sheath (demyelination) associated with astrocytic activation (astrogliosis)
as an result of an local inflammatory process mediated predominantly through CD4+

Th1 lymphocytes (LUCCHINETTI et al. 2000, LASSMANN 2007). In the majority
of patients (about 80%) the disease starts with a relapsing-remitting course (LUBLIN
and REINGOLD 1996, COMPSTON and COLES 2008). This phase of the disease lasts
between 5-30 years, where so called “attacks” occur on average every two years (RANSO-
HOFF 2012). Subsequently, almost 50% of the patients develop a secondary progression
with increasing deterioration of the clinical signs (COMPSTON and COLES 2008). Spon-
taneous and robust remyelination characterizes the early phase of the disease (GRADE et
al. 2013). As the disease progresses a failure of remyelination with a progressive axonal
damage is held responsible for the disease progression (PODBIELSKA et al. 2013).

Currently available therapeutic strategies targeting the inflammatory aspect of the
disease in order to reduce the immune response are only partially e�ective (PODBIELSKA
et al. 2013). Therefore, a development of new therapeutic strategies aiming to achieve
neuroregeneration due to remyelination is fundamental in MS research (PODBIELSKA
et al. 2013). The new myelin sheath may act as a protective physical barrier against the
inflammatory environment or restore the trophic support of the axons (PODBIELSKA et
al. 2013).

2.1.2 Theiler�s murine encephalomyelitis

The investigation of the pathogenesis, progression, prevention and treatment of a multi-
factorial disease like MS relays on the study of animal models. The two most commonly

3



CHAPTER 2. LITERATURE REVIEW

used animal models for MS are experimental autoimmune encephalomyelitis (EAE) and
Theiler�s murine encephalomyelitis (TME).

In 1934 Max Theiler isolated TME-virus (TMEV) from the CNS of mice with spon-
taneous paralysis of the hind limps (THEILER 1934). Demyelination of the CNS in
TMEV-infection was firstly described in 1952 (DANIELS et al. 1952). Since the charac-
terization of the disease in 1975 (LIPTON 1975), TMEV-induced demyelinating disease
is one of the best-studied animal model for the progressive cause of MS (BRAHIC et
al. 2005, ROUSSARIE et al. 2007, TSUNODA and FUJINAMI 2010). TMEV is a
natural occurring mouse pathogen that belongs to the genus Cardiovirus within the Pi-
cornaviridae family (TSUNODA and FUJINAMI 2010). The virus is divided into the
GDVII and TO subgroup. GDVII is highly neurovirulent and predominantly infects neu-
rons (TSUNODA et al. 1996). Virus-antigen can be found in neurons in the grey matter
of the cerebral cortex, hippocampus, and the anterior horns of the spinal cord (TSUN-
ODA and FUJINAMI 2010). The infection is almost always fetal and mice die within 1-2
weeks (TSUNODA et al. 1996). Intracerebral inoculation of viruses of the TO subgroup,
namely the DA and BeAn strain lead to a biphasic disease course; the initial infection
of neurons with an acute encephalomyelitis is similar to GDVII infection, although the
number of infected and apoptotic neurons is lower and parenchymal, perivascular and sub-
arachnoidal mononuclear infiltrations can be found (TSUNODA and FUJINAMI 2010).
After 2 weeks, the lower neurovirulent virus is either eliminated from the CNS in resis-
tant mouse strains (BALB/C, C57BL/6, C57BL/10, C57/L, 129/J) or, if the animals
are genetically susceptible (SJL/J, DBA/2, SWR, PL/J, NZW), persists in glial cells of
the white matter, predominantly macrophages/microglia and to lesser extend in oligo-
dendrocytes and astrocytes (LIPTON and DAL CANTO 1979, BRAHIC et al. 2005).
This late phase of the disease is characterized by a chronic inflammatory reaction with
CD4+ and CD8+ cells, B-cells, activated macrophages and demyelination (BRAHIC et al.
2005). Demyelination with perivascular and subarachnoidal inflammatory infiltrates can
be found predominantly in the ventral and lateral funiculi of the spinal cord. Involvement
of the dorsal funiculus is detectable only very late in the chronic phase (ULRICH et al.
2006, ULRICH et al. 2008, TSUNODA and FUJINAMI 2010). No lesions can be found
in the brain of susceptible animals during the chronic phase (TSUNODA and FUJINAMI
2010). Because damaged axons were detected in the normal appearing white matter of
the spinal cord as early as one week after DA infection, demyelinating lesions are thought
to develop from the inside (axon) to the outside (myelin; inside-out model; TSUNODA
and FUJINAMI 2002). The actual mechanism of the axonal damage in the early stages
of TMEV-infection is not clear, Wallerian degeneration with secondary inflammatory re-
action induced by neuronal cell death in the grey matter during the acute phase could be
a possible hypothesis (TSUNODA and FUJINAMI 2010).

4
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2.1.3 Remyelination in demyelinating diseases

The consequent response to myelin damage is the reconstruction of the damaged myelin
sheath, called remyelination by activation and stimulation of oligodendrocyte precursor
cells (OPCs) to migrate to the lesion-site and di�erentiate to myelinating oligodendrocytes
(CRAWFORD et al. 2013). Remyelination can lead to complete functional recovery
(CRAWFORD et al. 2013).

Orchestrated steps are necessary for proper remyelination of denuded axons. OPCs
must survive, proliferate and migrate to the lesion site, di�erentiate in mature oligoden-
drocytes, establish contact with the denuded axon and subsequently extend processes
and wrap concentric myelin layers around the demyelinated axon (PODBIELSKA et al.
2013). The exact mechanism during remyelination, especially the initial contact with the
axon and initiation of the ensheathment is not understood in details, however there are
great similarities with developmental myelination and developmental studies lead to new
insights of this process (FANCY et al. 2011, RADDATZ et al. 2015). Many factors,
which are expressed during developmental myelination are re-expressed or show increased
activity in demyelinated lesions (PODBIELSKA et al. 2013). Polysialylated neural cell
adhesion molecule (PSA-NCAM) is re-expressed on the surface of demyelinated axons
(CHARLES et al. 2002). It was shown to stimulate OPC migration, but inhibit oligo-
dendrocyte di�erentiation (FRANCESCHINI et al. 2004, ZHANG et al. 2004). During
developmental myelination down-regulation of PSA-NCAM is correlated with the onset
of myelination (FEWOU et al. 2007, JAKOVCEVSKI et al. 2007). Transforming growth
factor- 1 (TGF- 1) induces the expression of Jagged 1 in reactive astrocytes in demyeli-
nated lesions (PODBIELSKA et al. 2013). Jagged 1, a ligand of the Notch-receptor was
shown to be expressed in chronic-active MS lesions (STIDWORTHY et al. 2004). Activa-
tion of the Notch-signalling pathway via Jagged 1 inhibits OPC di�erentiation (ZHANG
et al. 2009). The non-canonical Notch signalling is activated via ligands of the con-
tactin family and promotes oligodendrogenesis and OPC di�erentiation (HU et al. 2003,
PODBIELSKA et al. 2013). A high expression levels of contactin were found in demyeli-
nated axons in chronic MS lesions (NAKAHARA et al. 2009). Furthermore, Leucine
rich repeat and Ig domain containing 1 (LINGO-1) expression was observed in astro-
cytes, macrophages/microglia and neurons in MS lesions (SATOH et al. 2007). LINGO-1
blocks oligodendrocyte di�erentiation and inhibition of LINGO-1 function has been shown
to enhance remyelination in EAE (MI et al. 2007).

Other factors are not found during developmental myelination, but are rather specific
for the pathological condition (BHATT et al. 2014). The majority of these factors are
extracellular matrix molecules. Sulphate proteoglycans, for example were shown to act as
an inhibitory factor for remyelination in EAE (LAU et al. 2013). Furthermore hyaluronan,
secreted by astrocytes was found to inhibit OPC maturation and remyelination in MS
lesions (HANAFY and SLOANE 2011). Additionally, macrophages play a key yet to be
determined role during the remyelination process. Because of their abundance in areas
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with active remyelination a beneficial role is suspected (KOTTER et al. 2001, BHATT
et al. 2014). Macrophages are important for the removal of myelin debris, which is
suggested to contain substances that interfere with OPC di�erentiation (KOTTER et
al. 2006). This suggestion is supported by a reduced remyelination during decreased
macrophage activity in lysolecithin-induced demyelination (KOTTER et al. 2001).

Prominent remyelination has been shown in early phase of MS (PRINEAS et al. 1993,
PATRIKIOS et al. 2006). Although the remyelinated axons regain their function, the
newly generated myelin sheaths are thinner and internodes are shorter than the develop-
mentally formed myelin sheath (PODBIELSKA et al. 2013). These observable di�erences
in the myelin architecture are responsible for the less intense myelin staining of remyeli-
nated areas. Accordingly these areas are called “shadow plaques” (BLAKEMORE 1974,
PRINEAS et al. 1993).

However, in chronic TMEV and progressive stages of MS, remyelination is limited and
restricted to the boarders of the lesions (PATRIKIOS et al. 2006, ULRICH et al. 2008,
CRAWFORD et al. 2013). In these situations, the permanent loss of the myelin sheath
leads to irreversible axonal damage and clinical deterioration (PATRIKIOS et al. 2006,
ULRICH et al. 2008, CRAWFORD et al. 2013). The mechanisms underlying this failure
are unknown and multiple di�erent hypothesis are suggested (PODBIELSKA et al. 2013).
Insu�cient recruitment of OPCs due to an impaired migration (WILLIAMS et al. 2007),
failure in di�erentiation of available OPCs (WOLSWIJK 1998), a loss of axonal signal-
ing factors as a stimulus for remyelination or a negative signaling pathway a�ecting the
reparative process (COMAN et al. 2005) were described as possible scenarios (GRADE et
al. 2013). In both, chronic TMEV and progressive MS the lesions are characterized by an
increase in OPCs with no further di�erentiation to myelinating oligodendrocytes, which
is suggestive for a failure in OPCs di�erentiation (KUHLMANN et al. 2008, ULRICH
et al. 2008, CRAWFORD et al. 2013). At the moment no therapy is available, which
could enhance remyelination. The research in this area focuses on the transplantation of
exogenous cells or the stimulation of the endogenous repair process (CRAWFORD et al.
2013).

2.2 Cholesterol metabolism in the normal and dis-
eased central nervous system

2.2.1 Physiological cholesterol metabolism in the central ner-
vous system

Cholesterol (molecular formula: C27H45OH) is a hydrophobic molecule, which constitutes
as an essential structural component of all plasma membranes responsible for correct
membrane permeability and fluidity (ZHANG and LIU 2015). About 20-25% of the bod-
ies cholesterol is localized in the brain. The cholesterol concentration in the majority
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of the mammalian tissue is about 2mg/g, in the CNS, however, the concentration is
15-20mg/g (DIETSCHY and TURLEY 2004). In the CNS cholesterol is a major struc-
tural component of the cell membrane and myelin sheath, but additionally has essential
functions concerning synapse development and formation, dendrite di�erentiation, axonal
elongation and long-term potentiation (DIETSCHY and TURLEY 2004, ZHANG and
LIU 2015).

In order to maintain a steady concentration of cholesterol in the CNS, the metabolis-
mus is strictly controlled (DIETSCHY and TURLEY 2004). Therefore, cholesterol excre-
tion and synthesis are precisely coordinated (ZHANG and LIU 2015). In peripheral tissue
cholesterol is either endogenously synthesized or exogenous lipoproteins are assimilated
from the circulatory system (VANCE 2012). Circulatory lipoproteins, however, are not
able to cross intact blood brain barriers; therefore, under physiological conditions the ma-
jority of cholesterol is synthesized de novo in the brain (JESKE and DIETSCHY 1980).
Cholesterol synthesis continues during the whole life, peak synthesis rate is during early de-
velopment, when the myelin production by oligodendrocytes take place (RADDATZ et al.
2015, ZHANG and LIU 2015). In general, all cells are capable of cholesterol biosynthesis;
yet, the synthesis of cholesterol in the CNS is predominantly achieved by astrocytes and
oligodendrocytes (NIEWEG et al. 2009, ZHANG and LIU 2015). Cholesterol produced
by oligodendrocytes is required for proper myelination, astrocytes however, generated
cholesterol predominantly for neurons, which down-regulated cholesterol synthesis in the
adult CNS (NIEWEG et al. 2009, ZHANG and LIU 2015). Adult neurons are thought to
no longer require autonomous cholesterol synthesis, but rather can endocytose and process
lipoproteins such as Apolipoprotein E (ApoE)-cholesterol (IKONEN 2008). The synthesis
of cholesterol is a complex pathway beginning with acetyl-CoA Figure2.1. The pathway
starts with the conversion of acetyl-CoA to 3 hydroxy-3 methylglutaryl-CoA (HMG-CoA),
which is subsequently reduces to mevalonate by HMG-CoA reductase. This reduction is
the rate-limiting step in the cholesterol synthesis (SAHER et al. 2005). Afterwards meval-
onate is converted by a multistep process to form squalene and finally lanosterol. The
conversion of lanosterol to cholesterol is conduced via two pathways, the Bloch-Pathway
and the Kandutsch-Russel pathway (GOLDSTEIN and BROWN 1990; Figure2.1). It was
shown, that neurons contain predominantly precursors from the Kandutsch-Russel path-
way, whereas in astrocytes mainly precursors of the Bloch-pathway were found (NIEWEG
et al. 2009).

The cholesterol turnover in the brain is much slower, but much more stable than in
other organ systems (SPADY and DIETSCHY 1983). There are three major pools of
cholesterol in the CNS. The vast majority is present in the myelin sheath (ANDO et al.
2003). This myelin pool has the slowest turnover rate in the body with a half life about
359 days (ANDO et al. 2003). The remaining cholesterol is present predominately in
astrocytes and to a lesser extent in neurons (DAVISON 1965). Cholesterol homeostasis is
regulated via the up-/and down-regulation of genes in the cholesterol biosynthesis path-
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Figure 2.1: Cholesterol biosynthesis
Cholesterol is synthesized from acetyl-CoA. The reduction from 3 hydroxy-3
methylglutaryl-CoA (HMG-CoA) to mevalonate by the HMG-CoA is the rate-limiting
step during the synthesis. The conversion of lanosterol to cholesterol is conduced via tow
pathways, the Bloch-Pathway, mainly initiated in astrocytes and the Kandutsch-Russel
pathway, predominantly executed in neurons. The figure is adopted from SAHER et al.
2011.
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way in the cells utilizing membrane-bound transcription factors, called sterol regulatory
element-binding proteins (SREBPs) (BROWN and GOLDSTEIN 1999, DEBOSE-BOYD
et al. 1999, ZHANG and LIU 2015; Figure2.2). Neurons modulate cholesterol home-
ostasis via three mechanisms esterification and intracellular storage, excretion via ATP-
binding cassette (ABC)-transporters and excretion via 24-hydroxycholesterol (ZHANG
and LIU 2015). The majority of the cholesterol in the CNS is present in unesterified form
(ZHANG and LIU 2015). However, it is stored as esterified form (LIU et al. 2009, BRYL-
EVA et al. 2010, ZHANG and LIU 2015). The responsible enzyme for the conversion is
Acyl-coenzyme A: cholesterol acyltransferase 1 (ACAT1/SOAT1), which is more active
in neurons than in glial cells (SAKASHITA et al. 2000, ZHANG and LIU 2015). Neu-
ronal cholesterol excretion is mediated via ABC-transporters, namely ABCA1, ABCG1,
and ABCG4. The excreted cholesterol is transported onto Apolipoprotein A1 (APOA1)-
containing lipoproteins and removed through capillary endothelial cells expressing low
density lipoprotein (LDL) receptor-related protein 1 (LRP1) or scavenger receptor class
B1 (PANZENBOECK et al. 2002; Figure2.2). However, the primary excretion mechanism
of cholesterol in the CNS is via 24-hydroxycholesterol, which is able to cross lipophilic
membranes at a much faster rate than cholesterol itself (LANGE et al. 1995). Because
only specific cells, like pyramidal cells of the cortex and Purkinje cells of the cerebellum
express cholesterol 24-hydroxylase, the enzyme that catalyzes the hydroxylation of choles-
terol, it is suspected that these cells are particularly sensitive to cholesterol imbalances,
especially to increased cholesterol levels (LUTJOHANN et al. 1996, LUND et al. 2003,
ZHANG and LIU 2015). Additionally, 24-hydroxycholesterol is able to activate transcrip-
tion factors like liver X-receptor – and —. Liver X receptors for their part increase the
expression of cholesterol transport genes in the CNS (ZHANG and LIU 2015; Figure2.2).

The majority of cholesterol transport in the brain is mediated via ApoE (LINTON et
al. 1991, LAHIRI 2004, ZHANG and LIU 2015). Glial cells, predominantly astrocytes
produce ApoE-containing lipoproteins, which are taken up by neurons (MAHLEY et al.
2006). ABC transporters mediate lipid transport in the CNS and are a fundamental part
in the formation of ApoE-containing lipoproteins (TACHIKAWA et al. 2005). ABCA1
mediates the transfer of lipids onto lipid-free apolipoproteins (ZHANG and LIU 2015).
Furthermore, a diversity of lipoprotein receptors of the LDL receptor family are detectable
in the brain (POTTIER et al. 2012). In neurons LRP1 and in glial cell LDL-receptor are
accountable for the uptake of the vast amount of ApoE-containing lipoproteins (REBECK
2004).

2.2.2 Influence of circulatory cholesterol levels

Under physiological conditions the lipoprotein metabolism in the CNS is independent
from the circulatory system (VANCE 2012). Nonetheless, it was demonstrated that there
is a low natural up-take of 27-hydroxycholesterol from the circulation into the brain in
humans (HEVERIN et al. 2005). Furthermore, brain endothelial cells are described to
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Figure 2.2: Cholesterol metabolism in the brain
In the adult CNS cholesterol neurons depend on astrocytes to provide cholesterol. In as-
trocytes cholesterol biosynthesis pathway is initiated mainly via sterol regulatory element-
binding proteins (SREBPs). Astrocytes secrete cholesterol containing apoE lipoproteins
(ApoE) via ATP-binding cassette (ABC)-transporters subfamily A member 1 (ABCA1).
Cholesterol from astrocytes is up-taken by neurons via low density lipoprotein recep-
tor (LDLR). In the neuron excessive cholesterol is converted to cholesterolester by acyl-
coenzyme A: cholesterol acyltransferase 1 (ACAT1/SOAT1) and stored intracellularly,
excreted via 24-hydroxycholesterol, which is able to cross lipophilic membranes or ex-
creted via ATP-binding cassette (ABC)-transporters (ABCA1/ABCG1/ABCG4) and
subsequently removed through capillary endothelial cells expressing low density lipopro-
tein (LDL) receptor-related protein 1 (LRP1) or scavenger receptor class B1 (SCARB1).
On the other side, 24-hydroxycholesterol is able to activate transcription factors like liver
X-receptors (LXR), which increase the expression of cholesterol transport genes in the
CNS. The figure is adapted from LECIS and SEGATTO 2014.
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have the possibility to take-up low-density Lipoproteins (LDL) through luminal receptors,
though this is suggested to be of no significant importance under physiological conditions
(BJÖRKHEM and MEANEY 2004). The situation appears to be di�erent in patho-
logical conditions and interferences of cholesterol metabolismus and synthesis with the
circulatory cholesterol pool have been described (BARON and HOEKSTRA 2010, SA-
HER and SIMONS 2010, LEONI and CACCIA 2013). Oligodendrocytes were shown to
take up lipids from the extracellular space in animals with conditional blockage of a key
enzyme in cholesterol biosynthesis (SAHER et al. 2005, ZHAO et al. 2007). Moreover,
a loss of a major lipoprotein transporter in the CNS resulted in a compensatory uptake
of cholesterol from plasma high density lipoprotein (HDL) into the CNS, supposedly due
to specific HDL receptors, in CNS capillaries (KARASINSKA et al. 2009). The same
receptors were previously described as responsible for the up-take of HDL in an in vitro
model of the blood brain barrier (BALAZS et al. 2004). Additionally, dysmyelinogenesis
due to reduced cholesterol level in the Smith-Lemli-Opitz-Syndrome, an inherited disor-
der, improves with dietary cholesterol supplementation (ELIAS et al. 1997, IRONS et al.
1997, CARUSO et al. 2004). These above mentioned observations lead to the conclusion
that there may exist some conditions under which the CNS is able to use lipid sources
from the circulatory or there are at least indirect interactions between the two regulatory
systems, despite the otherwise proven strict separation of the respective cholesterol pools
(DE PREUX et al. 2007, CHRAST et al. 2011).

2.2.3 Cholesterol in neuropathology

An increase or decrease in the cholesterol concentration in the CNS a�ects the normal
neuronal function (KO et al. 2005). Defective myelin synthesis due to reduced choles-
terol levels can be found in Smith-Lemli-Opitz-Syndrom, caused by a genetic defect in
sterol delta-7-reductase (DHCR7 ). DHCR7 is encoding the enzyme responsible for the
conversion of 7-dehydrocholesterol to cholesterol. In this disorder dietary cholesterol sup-
plementation is a standard therapy (CHRAST et al. 2011). The lipid storage disease
cerebrotendinous xanthomatosis with a defect in the mitochondrial enzyme sterol 27-
hydroxylase (CYP27A1) is resulting in cholestanol and cholesterol accumulation in every
tissue. Classical CNS manifestations are loss of myelinated axons, accumulation of lipid
products accompanied by granulomatous inflammation. In Tangier disease, a severe form
of familial high-density lipoprotein (HDL) deficiency accumulation of cholesteryl esters in
various tissues can be found. The disease is caused by mutation of ABCA1 (PUNTONI
et al. 2012). Lipid accumulations and myelin defects are predominately found in the
peripheral nervous system (CAI et al. 2006).

However, not only primary defects in the cholesterol biosynthesis lead to pathomor-
phological changes in the CNS, imbalances in the cholesterol metabolism may also be an
important co-player in CNS injuries and disorders (ADIBHATLA and HATCHER 2008).
Imbalances in the cholesterol homeostasis are described in neurodegenerative disorders
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like Niemann-Pick type C disease (MADRA and STURLEY 2010) Huntington�s dis-
ease (LEONI and CACCIA 2014) and Alzheimer’s disease (DI PAOLO and KIM 2011).
Niemann-Pick type C is caused by mutations in NPC1 and NPC2, genes, which are
thought to be involved in cholesterol transport (MAXFIELD and VAN MEER 2010).
Cholesterol-levels in the brain decrease with age, which is leading to a extensive de-
myelination (VANCE 2006). Transcriptional suppression of genes associated with the
cholesterol metabolism could be observed in Huntington�s disease (LEONI and CACCIA
2014). Likewise, multiple studies indicated a role of cholesterol in the development of
Alzheimer�s disease (ADIBHATLA and HATCHER 2008; PUGLIELLI 2008). ApoE is
the major cholesterol carrier protein in the CNS. The variant ApoE4 was identified as
a risk factor for the development of Alzerheimer�s disease and elevated cholesterol-levels
increased plaque formation (PUGLIELLI 2008). The mechanistic link between cholesterol
metabolism and the di�erent neurological disorders is under active investigation, but is
widely unknown at the moment. When looking at these observations together, a common
mechanistic link between di�erent disorders to cholesterol metabolism could be suspected,
which could lead to new therapeutic approaches (VANCE 2012).

2.2.4 Cholesterol and the myelin sheath

About 70-80% of the brain cholesterol is a fundamental part of the myelin sheath (DI-
ETSCHY and TURLEY 2004). Even though, all major lipid classes of a typical plasma-
membrane are present in the myelin sheath, myelin has a characteristic lipid composition
Table 2.1(AGGARWAL et al. 2011). Cholesterol is an important regulator of the lipid
organization in the myelin sheath. It is critical for the proper function of the myelin
sheath as an isolator for the saltatory conduction of the axons (CHRAST et al. 2011).
The hydroxy group of the cholesterol interacts with the polar head of other lipid molecules
and the rigid body of the cholesterol orders the acid tails of the lipids (CHRAST et al.
2011). This mechanism reduces the permeability of polar molecules. The formation of
central nervous system myelin by oligodendrocytes is associates with a significant enrich-
ment of cholesterol in the myelin membrane. Accordingly, the availability of cholesterol
is suggested to be the rate-limiting step in myelin synthesis (WERNER et al. 2013, SA-
HER et al. 2011). Brain cholesterol concentration correlates with the rate of myelination.
Neonatal mice show a cholesterol concentration of about 1.5mg, during the period, where
central nervous myelination takes place, the amount increases tremendously to about 10.6
mg in three-week-old animals and 19 mg/g in adults (DIETSCHY et al. 2004). During
developmental myelination it was shown that low level of cholesterol lead to a decreased
compaction of myelin sheath (SAHER et al. 2009). Moreover, HMG-CoA-reductase-
inhibitors (statins), which inhibit the enzyme responsible for the conversion of HMG-CoA
to mevalonate, resulted in reduction of processes and cell death of OPCs and oligoden-
drocytes (MIRON et al. 2007) and the formation of abnormal myelin membranes in vitro
(MAIER et al. 2009).
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Composition of the myelin membrane
Substance Percentage
Protein 30%
Lipid 70%
Cholesterol 26%
Phosphatidylethanolamine 16%
Phosphatidylserine 6%
Phosphatidylcholine 12%
Phosphatidylinositol 1%
Sphingomyelin 3%
Glycolipids 31%
Other lipids 5%

Table 2.1: Approximate lipid composition of the myelin sheath
(CHRAST et al. 2011)

2.2.5 The role of cholesterol in demyelinating diseases

Imbalances of the lipid and cholesterol metabolism in MS and animal models for de-
myelinating diseases were observed already several decades ago and it was suggested that
it might represent a predisposing factor for the development of demyelinating disease
(CUMINGS 1955, GERSTL et al. 1961, WENDER et al. 1974, CONFALONI et al.
1988). A decrease in cholesterol was observed in MS in normal appearing white and grey
matter, indicating, that imbalances in the cholesterol homeostasis are preceding demyeli-
nation (CUMINGS 1955, GERSTL et al. 1961, WENDER et al. 1974). LDL products
were observed in demylinated MS plaques and an uptake from the plasma due to a dis-
rupted blood brain barrier was suggested (NEWCOMBE et al. 1994). More recently
the interest in cholesterol biosynthesis in MS was further aroused by the controversial
discussions about the e�cacy of statins, 3-hydroxy-3 methylglutaryl-coenzyme-A reduc-
tase (HMG-CoA-reductase)-inhibitors (WEBER et al. 2007). Various studies showed the
immunomodulatory e�ect of statins in MS and its animal models (WANG et al. 2011,
CIURLEO et al. 2014). Despite this beneficial e�ect, administration of statins in vitro re-
sulted in retraction of processes and cell death in OPCs and oligodendrocytes when applied
for a longer period (MIRON et al. 2007). Furthermore, Lovastatin induces the formation
of abnormal myelin membranes in vitro (MAIER et al. 2009) and Simvastatin reduced
remyelination in cuprizone-induced transient CNS demyelination (KLOPFLEISCH et al.
2008, MIRON et al. 2009).

2.3 Gene expression profiling using microarray tech-
nology

For almost two decades microarray technology has matured and provided novel insights
into manifold complex biological processes. High-throughput, genome-wide analytical
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technologies are now commonly used in all fields of medical research and are routinely
employed by thousands of laboratories. The method has conquered various fields of ap-
plication including screening for diagnostic or prognostic expression profiles or identifying
key genes correlated with biological processes or disease states (ALIZADEH et al. 2000,
PEROU et al. 2000, LAPOINTE et al. 2004). Microarray analysis provided global in-
sights into the underlying molecular cellular and/or pathological mechanisms, detected
the reaction to a particular treatment, identified the molecular basis for phenotypical dif-
ferences and selected gene expression targets for further in-depth studies (HOSTETTER
et al. 2014).

2.3.1 Biological background

The biological background of microarray technology is the central dogma of molecular bi-
ology, which leads to the assumption of a positive correlation of the amount of mRNA and
protein (CRICK 1970, SHAPIRO 2009, PIRAS et al. 2012). In a microarray experiment
the transcriptome, a set of all RNA molecules including mRNA, rRNA, tRNA, and other
non-coding RNA transcribed in a cell or tissue at a certain point in time can be studied.
Although the relationship between mRNA to protein is not linear, gene expression based
methods can lead to important insights about physiological and pathological processes in
a tissue or cell and unravel the complex biological mechanisms during certain conditions
(LU et al. 2007, GRY et al. 2009, MAIER et al. 2009b).

2.3.2 Microarray technology

Microarray technology was introduced in the late 1980ties (CRAIG et al. 1990, LENNON
and LEHRACH 1991). The technology is based on the immobilization of genome frag-
ments on a solid surface, called “probes”. The fluorescence-labeled single stranded cDNA
from the biological specimen, called “target” hybridizes with the probes on the chip surface
and the fluorescence signal can be detected in for each spot (AHMED 2006). Due to the
high density of genomic fragments on the chip, more than 10,000 genes can be measured
in one experiment (AHMED 2006). Three types of microarrays are widely used. Spot-
ted arrays represents the original microarray-type introduced by SCHENA et al. (1995)
(SCHENA et al. 1995). DNA obtained traditionally by polymerase chain reaction is
spotted with a robotic spotter onto a polylysine coated glass slide (EHRENREICH 2006,
BUMGARNER 2013). A disadvantage of this type is the low reproducibility of the spotted
arrays (BUMGARNER 2013). In situ synthesis of microarrays, is the technology of the
most widely used microarray platform produced by A�ymetrix (Santa Clara, CA, USA).
Oligonucleotides are directly synthesized on the surface of the chip due to a photolitho-
graphic process (LOCKHART et al. 1996). In repeated cycles single oligonucleotides are
coupled on the surface of a quartz wafer (EHRENREICH 2006). This technology allows
a very high density of oligonucleotides and features typically about 400,000 probes on the
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commercially available arrays (EHRENREICH 2006). For A�ymetrix GeneChips, the syn-
thesized, specific oligonucleotides, called “probes” usually have a length of 25 nucleotides.
The “perfect match” probe represents the exact complementary sequence of the target
gene and is accompanied by a “mismatch” probe with a single complementary base on
the 13th position. The mismatch probes are supposed to distinguish between specific and
unspecific hybridization. Together, the perfect match and mismatch probe are called the
“probe pair”. Between 11 and 15 probe pairs are constitute a “probe set”(Figure 2.3). A
gene may be represented by multiple probe sets (AFFYMETRIX 2004, AFFYMETRIX
2005, AHMED 2006, EHRENREICH 2006). The third type are self assembled arrays.
This methodology is used by the array manufacturer Illumina (San Diego, CA, USA).
DNA is synthesized on small polystryrene beads. These beads are placed on the end of a
fiber optic array or pitted glass surface, which results in a randomly assembled array. A
specific decoding hybridization is used to identify every bead (BUMGARNER 2013).

Gene expression arrays, like 3’ in vitro transcription (3’IVT) oligonucleotide microar-
rays GeneChip Genome Arrays from A�ymetrix target a subset of mRNA, based on the
dependence of the amplification and labeling procedure on the presence of a poly-A tail.
As microarray technology developed various other types of microarrays were introduced.
Exon arrays are able to detect alternative splicing events and therefore generate more
coverage than traditional 3’IVT oligonucleotide microarrays GeneChip. SNP arrays show
lineage and genetic variations associated with disease and detect chromosomal deletion
and amplifications. Tiling arrays discover novel RNA transcripts or mapping sites of
protein/DNA interactions in chromatin immunoprecipitation experiments.

2.3.3 Minimum Information About a Microarray Experiment
(MIAME)

Due to the vast amount of data generated by microarray analysis the management and
standardization of the data became an important issue. Significant results have been
obtained by various microarray studies, but di�erent methodologies of presenting and
exchanging the data lead to a lack of reproducibility and transparency. Furthermore,
researcher recognized the great potential of the re-analysis of data set or the combination
of multiple data sets in meta-analysis (BRAZMA et al. 2001, BUMGARNER 2013,
RADDATZ et al. 2014). In order to address this issue guidelines, called Minimum
Information About a Microarray Experiment (MIAME), were proposed. These guidelines
contain standards for the description of a microarray experiment and the exchange of
data (BRAZMA et al. 2001). This simplified the creation of public repositories like NCBI
GEO (BARRETT et al. 2011, BARRETT et al. 2013) and ArrayExpress (RUSTICI et al.
2013) were raw and processed data are publically accessible. This enables the reanalysis
of microarray data obtained in various di�erent conditions and the integration of multiple
datasets in very powerful meta-analysis (RUNG and BRAZMA 2013).
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Figure 2.3: A�ymetrix GeneChip design
11-20 probe pairs are distributed on the probe array and represent a probe set. Each
probe pair is composed of a perfect match (PM) probe cell with the exact complementary
sequence of the target gene near the 3’ end and a mismatch (MM) probe cell created
by changing the 13th base of the PM sequence. The mismatch probes are supposed to
distinguish between specific and unspecific hybridization. Fragmented, labelled cDNA,
called "probe" is hybridizided the immobilized oligonucleotide sequences on the array,
called "target".
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Materials and Methods

3.1 Feeding Experiment

3.1.1 Animal housing

The animals were kept in the animal room at the Department of Pathology of the Uni-
versity of Veterinary Medicine Hannover, (Hannover, Germany). TMEV-infected and
mock-infected groups were held in two separate animal rooms, with constant room tem-
perature (21-24°C) and humidity (50-60%) as well as a standardized day-night rhythm of
12 hours, respectively in individually ventilated cages (Eurostandard Typ 2-L; Tecniplast
GmbH, Germany) with commercial bedding (ssni� bedding 3/4 fiber ssni�). Drinking
water was available ad libitum and o�ered in a drinking bottle. All work with the exper-
imental animals was carried out with disposable gloves under a laminar flow workbench.
All surfaces and materials coming into contact with the animals were disinfected using
2% VennoVet 1 super (Menno Chemie, Norderstedt, Germany) with two hours exposure
time at room temperature.

3.1.2 Experimental design

Three weeks old female SJL/J mice (Charles River, Sulzfeld Germany) were purchased at
Charles River (Sulzfeld, Germany). The animals were randomly grouped into two feeding
groups and fed conventional mouse diet (low fat control diet; product number: S2205-
E010, ssni� Spezialdiäten GmbH, Soest, Germany; Table 3.1), or Paigen diet (high fat
Paigen 1,25% cholesterol diet; product number: S2205-E015, ssni� Spezialdiäten GmbH,
Soest, Germany; Table 3.1; PAIGEN et al. 1985), beginning 13 days prior to the infection
(-13dpi) for the complete time of the experiment ad libitum. At an age of five weeks
animals from the two feeding groups were inoculated into the right cerebral hemisphere
with 1.63x106 PFU/mouse of the BeAn-strain of TMEV under general anesthesia. Mock-
infection was performed with solvent only (ULRICH et al. 2006, ULRICH et al. 2008,
ULRICH et al. 2010). At 7, 21, 42, 98 and 196dpi, six animals per group (except
5 mice at 42dpi in mock-infected, Paigen diet fed group) were sacrificed after general
anesthesia (Table 3.2; ULRICH et al. 2006). One mouse (42dpi in mock-infected, Paigen
diet fed group) died unexpectedly during the experiment of unknown reason. The animal
experiments were authorized by the local authorities (Regierungspräsidium Hannover,
Germany, permission number: AZ: 33.14-42502-04-11/0517).
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Table 3.1: Diet composition: Diet composition in percent dry weight of the conventional
diet, used as control diet, and the cholesterol-rich, high-fat Paigen diet, used to induce
hypercholesterolemia in female SJL/J mice applied as a maintenance diet from 14 days
prior to the infection with Theiler’s murine encephalomyelitis virus or mock substance
over the complete studied period of 196 days post infection.

Food ingredients
Control diet
S2205-E010 [%
dry weight]

High fat Paigen
diet S2205-E015
[% dry weight]

Casein 20 20
Corn starch 30 -
Maltodextrin 20.39 0.94
Dextrose 11 -
Sucrose - 50
Cellulose 5 5
DL-Methionine 0.2 0.2
L-Cystine 0.1 0.1
Vitamin premixture 1 1
Mineral premixture, AIN93G 5 5
Choline Cl 0.3 0.3
Butylated hydroxytoluene 0.01 0.01
Cholesterol - 1.25
Corn oil 1 1
Soybean oil 6 -
Cocoa butter - 15.2
Protein 17.8 17.8
Fat 7.1 17.6
Fiber 5 5
Ash 4.3 4.3
Starch 29.4 -
Sugar 12.1 50.9
NfE (carbohydrates)a 62.9 53
MEb (Atwater) [MJ/kg] 16.2 18.5
MEb (Atwater) [kcal/g] 3.9 4.4
kcal% Protein 18 16
kcal% Fat 17 36
kcal% Carbohydrates 65 48
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Table 3.2: Number (N) of animals and time-points of the experiment

days post
infection
(dpi)

mock-infection;
control diet

TMEV-
infection;
control diet

mock-infection;
Paigen diet

TMEV-
infection;
Paigen diet

-13
start of control
diet
administration

start of control
diet
administration

start of Paigen
diet
administration

start of Paigen
diet
administration

0 mock-infection;
N=30

TMEV-
infection;
N=30

mock-infection;
N=30

TMEV-
infection;
N=30

7 necropsy; N=6 necropsy; N=6 necropsy; N=6 necropsy; N=6
21 necropsy; N=6 necropsy; N=6 necropsy; N=6 necropsy; N=6
42 necropsy; N=6 necropsy; N=6 necropsy; N=5 necropsy; N=6
98 necropsy; N=6 necropsy; N=6 necropsy; N=6 necropsy; N=6
196 necropsy; N=6 necropsy; N=6 necropsy; N=6 necropsy; N=6

3.1.3 Anesthesia

General anesthesia was induced with medetomidine (Domitor; Pfizer, Karlsruhe, Ger-
many) and ketamine (Ketamin 10%; WDT, Garbsen, Germany). Medetomidine was
administered subcutaneously in a dosage of 0.5 mg/kg, after 15 minutes ketamine was
administered intraperitoneally in a dosage of 100mg/kg. For accurate dosage of the anaes-
thetics the drugs were diluted with 0.9% NaCl solution to a concentration of 0.02mg/ml
for medetomidine and a 5mg/ml ketamine. All solutions were administered at body tem-
perature.

3.1.4 Intracerebral infection

Mock and TMEV-infection was performed under general anesthesia, as described above
according to the protocol of Mayr et al. (1974) in the right cerebral hemisphere (MAYR et
al. 1974). Mice were inoculated with 1.63x106 PFU/mouse of the BeAn strain of TMEV
in 20 µl Dulbecco Modified Eagle Medium (DMEM; PAA Laboratories, Cölbe, Germany)
with 2% fetal calf serum and 50 µg/kg gentamicin. Mock-infected mice received 20 µL of
the dilutent only.

3.1.5 Clinical examination

The clinical course, including weight measures was assessed once a week (Sartorius TE13S-
DS, Sartorius AG, Göttingen, Germany). Each mouse was evaluated according to a
scoring system for the categories posture and external appearance, behavior and activity
level and gait (Table 3.3).
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Table 3.3: Scoring system

posture and external appearance

0 posture: physiologic; hair coat:
physiologic

1 posture: physiologic; hair coat:
mildly shaggy

2 posture: mildly up-curved back;
hair coat: moderately shaggy

3
posture: severely up-curved
back; hair coat: severely shaggy;
encrusted with excrements

behavior and activity level

0 bright and alert
1 mildly depressed and inactive

2 moderately depressed and
inactive

3 stuporous

gait

0 physiologic
1 mild spinal ataxia
2 moderate spinal ataxia
3 severe spinal ataxia
4 spastic paresis or paralysis

3.1.6 Rotarod testing

In the course of the weekly clinical examination additional Rotarod testing (RotaRod
Treadmill, TSE Technical & Scientific Equipment, Bad Homburg, Germany) was per-
formed (MCGAVERN et al. 1999). Prior to infection mice were trained twice with
constant rod-speed. The first training session was performed at -13 days with a speed of
5 rounds per minute (rpm) for 10 minutes. In the second training session the rod-speed
was increased to 10 rpm over 10 minutes. For the measurements, the rod speed was lin-
early increased from 5 rpm to 55 rpm over a time period of 5 min and the attained rpm at
drop was automatically detected and recorded (ULRICH et al. 2010). For every animals
3 independent, repeated measures were recorded on every time point. The arithmetic
mean of the three measures per time point was used for further analysis (ULRICH et al.
2010)

3.1.7 Necropsy

Euthanasia of the animals was performed at day 7, 21, 42, 98 and 196 post infection
after general anesthesia, as described above, with an overdose of the same anaesthetics
with medetomidine 1.0mg/kg and ketamine 200mg/kg. Immediately after death organs
were removed. Brain and liver were weighted (Sartorius TE13S-DS, Sartorius AG, Göt-
tingen, Germany). For histology and immunohistochemistry the organs were fixed in
10% formalin for 24 h and embedded in para�n wax (formalin-fixed and para�n em-
bedded, FFPE). For lipid analysis specimens were immediately snap-frozen and stored at
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-80°C. For cryo-sections liver was embedded into Optimal Cutting Temperature compound
(OCT; Tissue-Tek O.C.T. TM compound, Sakura, Alphen aan den Rijn, Netherlands).
Additionally, spinal cord segments were fixed with 5% glutaraldehyde/cacodylate bu�er
for 24h, post fixated with 1% osmium tetroxide, dehydrated, and embedded in epoxy resin
(BAUMGÄRTNER et al. 1987, ULRICH et al. 2008).

3.1.8 Clinical chemistry

Blood was collected immediately after death from V. cava caudalis. Serum was stored
at -80°C. Serum concentration of total cholesterol, LDL, HDL, triglycerides, alanine
transaminase (ALT), gamma-glutamyl transpeptidase (GGT), glutamate dehydrogenase
(GLDH), total billirubin, direct billirubin, albumin, urea (Cobas, Roche Diagnostics
GmbH, Mannheim, Germany) and free fatty acids (FFA; Wako chemicals GmbH, Neuss,
Germany) was measured with a Hitachi Automatic Bioanalyzer (Roche Diagnostics GmbH,
Mannheim, Germany) according to the manufacturer’s instructions. Arithmetic means
with 5-95% confidence interval of mock-infected animals fed with normal diet were used
as reference values.

3.2 Tissue samples

3.2.1 Para�n-embedded material

For histochemical and immunohistochemical studies 2-3 µm thick serial sections were
prepared from each para�n block using a sliding microtome and mounted on Superfrost
plus slides (Menzel Gläser, Braunschweig, Germany). The sections were stored at room
temperature.

3.2.2 OCT-embedded material

For Oil Red O studies 8-10µm thick section were prepared from OCT-embedded frozen
tissue using a cyostat and mounted on Superfrost®plus slides. The sections were stored
at -20°C.

3.2.3 Epoxy resin embedded material

The tissue was fixed in 5% glutaraldehyde/cacodylate bu�er for 24 h, followed by post-
fixation with 1% osmium tetroxide. After a dehydration step in a graded series of alcohol,
sections were embedded in epoxy resin (BAUMGÄRTNER et al. 1987, ULRICH et al.
2008). 0.5µm thick semi-thin sections were prepared with an ultramicrotom (Reichert
Ultracut E, Bensheim, Germany). Subsequently the tissue was stained with Toluidin
blue.
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3.3 Histochemical methods

3.3.1 Hematoxylin-Eosin-staining

Sections from FFPE samples were stained routinely using an automatic slide stainer
(Shandon Varistain 24-3, Fa. Thermo Electron GmbH, Dreieich, Germany) with hema-
toxylin and eosin (HE; ROMEIS 1989).

3.3.2 Heidenhain’s azan trichrome stain

Heidenhain’s azan trichrome stain was performed on FFPE sections according to the
following protocol:

1. Dewaxing and hydration twice for 5 minutes in Roticlear® (Roth, Karlsruhe, Ger-
many), once in isopropanol for 5 minutes and in a descending series of graded
alcohols (96%, 70% and 50% ethanol) each for 5 minutes;

2. Incubation in preheated azocarmine solution for 30 minutes at 57°C;

3. Rinsing in distilled water;

4. Incubation in 0.1% aniline-alcohol solution for 3 minutes;

5. Incubation in 1% acid alcohol solution for 1 minute;

6. Incubation in 5% phosphotungstic acid solution for 20 minutes;

7. Rinsing in distilled water;

8. Incubation in anilinblue-orange-acetic acid solution for 20 minutes;

9. Rinsing in distilled water;

10. Rinsing in 95% alcohol;

11. Dehydration in isopropyl alcohol and EBE® “acetic acid-n-butylester” (Roth, Karl-
sruhe, Germany) each for 2 minutes;

3.3.3 Fouchet’s stain

Fouchet’s stain was performed on FFPE sections according to the following protocol:

1. Dewaxing and hydration twice for 5 minutes in Roticlear® (Roth, Karlsruhe, Ger-
many), once in isopropanol for 5 minutes and in a descending series of graded
alcohols (96%, 70% and 50% ethanol) each for 5 minutes;

2. Incubation in Fouchet’s reagent (25% aqueous trichloroacetic acid and 10% aqueous
ferric chloride);
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3. Rinsing in distilled water;

4. Rinsing in tap water;

5. Counterstaining with Van Glieson solution (saturated picric acid and 1% acid fuchsin);

6. Rinsing in distilled water;

7. Dehydration in ascending graded alcohols (twice in 50%, 70% and 96% ethanol, once
in isopropanol), and EBE® “acetic acid-n-butylester” (Roth, Karlsruhe, Germany)
each for 2 minutes;

3.3.4 Luxol Fast Blue-/Cresyl Violet-stain

Luxol Fast Blue-/Cresyl Violet-stain was performed on FFPE sections according to the
following protocol:

1. Dewaxing in isopropanol twice for 2 minutes;

2. Incubation in Luxol-fast blue solution for 16-24 hours at 57°C;

3. Rinsing in 96% alcohol;

4. Rinsing in destilled water;

5. Di�erentiation in 0.05% lithium carbonate solution for 20 seconds;

6. Di�erentiation in 70% alcohol for 20-30 seconds;

7. Rinsing with distilled water;

8. Di�erentiation in 0.05% lithium carbonate solution for 10-25 seconds;

9. Rinsing in 70% alcohol;

10. Microscopical examination, if necessary repetition of Step 8-9;

11. Rinsing with distilled water;

12. Counterstaining with cresyl violet solution for 6 minutes at 37°C;

13. Dehydrate in 96% alcohol two-three times for 5 minutes;
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3.3.5 Oil red O stain

Oil red O stain was performed on OCT-embedded frozen tissue according to the following
protocol:

1. Air dry under room temperature for 20 minutes;

2. Fixation in 4% Formalin for 5 minutes;

3. Rinsing in distilled water;

4. Incubation with 60% ethanol for 5 minutes;

5. Incubation with Oil Red O solution for 10 minutes;

6. Rinsing in 60% alcohol;

7. Rinsing with distilled water;

8. Counterstaining with Hematoxilin for 30 seconds;

9. Rinsing in distilled water;

3.4 Light microscopic examination of tissue samples

3.4.1 Liver

Serial sections of FFPE liver specimens were stained with hematoxylin and eosin (HE),
Heidenhain’s azan trichrome stain and Fouchet’s stain, and were semi-quantitatively
scored for lipidosis (0 = no lipidosis; 1 = single foci of lipidosis; 2 = mild lipidosis; 3
= moderate lipidosis; 4 = marked lipidosis; 5 = severe, di�use lipidosis), type of intracy-
toplasmic lipid droplets (micro- or macrovesicular), fibrosis (0= no fibrosis; 1= mild; 2=
moderate; 3= severe), cholestasis (0= no cholestasis; 1= mild; 2= moderate; 3= severe),
and the presence of inflammatory infiltrates and necrosis, respectively (THOOLEN et al.
2010). Cryo-sections of the liver were stained with Oil red O stain and the percentage
of Oil red O positive area was morphometrically assessed using the analySis 3.1 software
package (SOFT Imaging system, Münster, Germany; HAIST et al. 2012).

3.4.2 Aorta and large pulmonary arteries

FFPE transversal sections of the ascending aorta, heart and large pulmonary arteries were
stained with HE and examined for pathomorphological changes by light microscopy.
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3.4.3 Spinal cord

FFPE transverse sections of cervical, thoracic and lumbar spinal cord segments were
stained with HE and Luxol fast blue-cresyl violet (LFB-CV) and evaluated semi-quanti-
tatively for meningitis, leukomyelitis (0 = no changes; 1 = scattered infiltrates; 2 = 2-3
layers of inflammatory cells; 3 = more than 3 layers of inflammatory cells) and demyeli-
nation (0 = no changes; 1 = Æ25%; 2 = 25-50%; 3 = 50-100% white matter a�ected;
ULRICH et al. 2006, ULRICH et al. 2010, HANSMANN et al. 2012). De- and re-
myelination in the spinal cord was assessed semi-quantitatively in semi-thin, epoxy resin
embedded, toluidine blue stained, transverse sections of cervical, thoracic and lumbar
spinal cord (0 = no changes; 1 = Æ25%; 2 = 25-50%; 3 = 50-100% of white matter
a�ected; ULRICH et al. 2008). A mean score per mouse was calculated from cervical,
thoracic and lumbar spinal cord scores.

3.5 Immunohistochemical methods

3.5.1 Protocol

Immunohistochemistry was performed on serial FFPE transverse spinal cord sections, us-
ing the avidin-biotin-peroxidase complex (ABC) method (Vector Laboratories, Burlingame,
CA, USA) with 3,3’-diaminobezidine-tetrahydrochloride (DAB) as chromogen (ULRICH
et al. 2008) according to the following protocol:

1. Dewaxing and hydration twice for 5 minutes in Roticlear® (Roth, Karlsruhe, Ger-
many), once in isopropanol for 5 minutes and in a descending series of graded
alcohols (96%, 70% and 50% ethanol) each for 5 minutes;

2. Blocking the endogenous peroxidase: Incubation in methanol with 0.5% H2O2 for
30 minutes at room temperature;

3. Rinsing with PBS three times for 5 minutes;

4. Demasking according to the primary antibody used (Table 3);

5. Rinsing with PBS three times for 5 minutes;

6. Insertion into Shandon Racks (Coverplates™ Sequenza®, Pittsburgh, USA);

7. Incubation of blocking serum for 30 minutes at room temperature;

8. Incubation of primary antibody for 12h at 4°C;

9. Rinsing with PBS three times for 5 minutes;

10. Incubation of secondary antibody for 30 minutes at room temperature;
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11. Rinsing with PBS three times for 5 minutes;

12. Incubation of ABC for 30 minutes at room temperature

13. Rinsing with PBS three times for 5 minutes;

14. Incubation in 3-3’diaminobenzidine-tetrahydrochloride (DAB; Sigma Aldrich, USA)
for 5 minutes at room temperature;

15. Rinsing with PBS three times for 5 minutes;

16. Rinsing with tap water for 5 minutes;

17. Counterstaining with Mayer’s hematoxylin for 30 seconds;

18. Rinsing with tap water for 10 minutes;

19. Dehydration in ascending graded alcohols (twice in 50%, 70% and 96% ethanol, once
in isopropanol), and EBE® “acetic acid-n-butylester” (Roth, Karlsruhe, Germany)
each for 2 minutes;

3.5.2 Antibodies

The antibodies applied were anti-CD3 (polyclonal rabbit anti-human, diluted 1:1,000,
Dako A0452, Hamburg, Germany) for T-lymphocytes, anti-CD107b (monoclonal rat anti-
mouse biotinylated, clone M3/84, diluted 1:800, Serotec MCA2293B, Oxford, UK) for
microglia/macrophages, anti-IgG (goat anti-mouse-IgG, diluted 1:200, Vector Laborato-
ries, BA9200, Burlingame, CA, USA) for plasma cells, anti-glial fibrillary acidic protein
(GFAP; polyclonal rabbit anti-cow, diluted 1:1,000, Dako Z0334, Hamburg, Germany)
for astrocytes, anti-myelin basic protein (MBP; polyclonal rabbit anti-human, diluted
1:1,600, Merck/Millipore AB980, Darmstadt, Germany) for myelin, anti-periaxin (PRX;
polyclonal rabbit anti-human; diluted 1:5,000; Sigma-Aldrich, St. Louis, USA) for periph-
eral myelin, anti-neural/glial antigen 2 (NG2; polyclonal rabbit anti-rat, diluted 1:400,
Merk/Millipore AB5320, Darmstadt, Germany) for OPCs, and anti-TMEV (polyclonal
rabbit anti-TMEV capsid protein VP1, diluted 1:2,000) for virus detection (Table 3.4).
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3.6 High performance thin layer chromatography
(HPTLC) of liver and spinal cord

HPTLC was performed to analyze liver and spinal cord cell membrane lipids. Lipids
were extracted and prepared for HPTLC with minor modifications as previously de-
scribed (BROGDEN et al. 2014). Briefly, liver and spinal cord samples were homog-
enized in multiple steps and dissolved in methanol and chloroform (2:1). The upper
aqueous layer was removed and the remaining fraction was vacuum-dried and stored at
-20°C. Liver and spinal cord lipid samples were dissolved in chloroform/methanol (1:1)
solution, applied on HPTLC Silica gel 60 glass plates (Merck, Darmstadt, Germany)
and run with three subsequent running solutions consisting of acetic acid ethyl ester/1-
propanol/chloroform/methanol/0.25% potassium chloride (27:27:11:10), n-hexane/diethyl
ether/acetic acid (75:23:2), and 100% n-hexane. For visualization of the lipid bands, plates
were stained in phosphoric acid/copper sulfate (10:7.5) solution. Lipid bands were identi-
fied by comparison to authentic standards (Sigma Aldrich, St. Louis, USA) and analyzed
using the CP ATLAS software (Lazarsoftware). Results were corrected for variable input
amount of tissue and normalized across the technical repeats. An average intensity of two
repeats for each sample was calculated.

3.7 Statistical evalutation

Statistical analysis for rotarod performance and HPTLC measures was performed using
three-factorial ANOVA with repeated measures and post-hoc independent t-tests for the
factors status of infection, time-point post infection and feeding regimen using IBM SPSS
Statistics (IBM SPSS Statistics, Version 21, IBM, Chicago, USA). Clinical chemistry,
histology, immunohistochemistry and lipid analysis were analyzed using Kruskal-Wallis-
tests followed by pair-wise post-hoc Mann-Whitney-U-tests with Bonferroni-correction
independently for the factors infection, time and feeding group (IBM SPSS Statistics,
Version 21, IBM, Chicago, USA). Statistical significance was generally accepted as p Æ
0.05.

3.8 Microarray experiment

Microarray analysis of transcriptional changes was performed with SJL/JHanHsd mice
(Harlan Winkelmann, Borchen, Germany) intracerebrally infected with 1.63x106 plaque
forming units (PFU) per mouse of the BeAn strain of Theiler�s murine encephalomyelitis
virus (TMEV) in comparison with mock-infected mice at 14, 42, 98, 196 days post infec-
tion (dpi), as described previously (ULRICH et al. 2010). Six biological replicates were
used per group and time point, except for 5 TMEV-infected mice at 98dpi. RNA was
isolated from frozen spinal cord specimens using the RNeasy mini kit (Qiagen, Hilden,

28



CHAPTER 3. MATERIALS AND METHODS

Germany), amplified and labeled with the Message-Amp II-Biotin enhanced kit (Am-
bion, Austin, TX, USA) and hybridized to A�ymetrix GeneChip Mouse Genome 430 2.0
arrays (A�ymetrix, Santa Clara, CA, USA). Quality control and low level analysis of
raw fluorescence intensities were performed with RMAExpress (BOLSTAD et al. 2003).
MIAME-compliant data sets are deposited in the ArrayExpress database (E-MEXP-1717;
http://www.ebi.ac.uk/arrayexpress). In order to focus on the transcriptional changes re-
lated to cholesterol biosynthesis, 22 genes of the canonical cholesterol biosynthesis pathway
of MetacoreTM database (version 6.5; GeneGo, St. Joseph, MO, USA) and 22 manually
selected individual genes involved in cholesterol metabolism and transport were individ-
ually analyzed using pair-wise Mann-Whitney-U-tests (IBM SPSS Statistics, Version 21,
IBM, Chicago, USA; Appendix Supplemental Table 3.4). Statistical significance was gen-
erally accepted as p Æ 0.05.
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Abstract

High dietary fat and/or cholesterol intake is a risk factor for multiple diseases and has been
debated for multiple sclerosis. However, cholesterol biosynthesis is a key pathway during
myelination and disturbances are described in demyelinating diseases. To address the
possible interaction of dyslipidemia and demyelination, cholesterol biosynthesis gene ex-
pression, composition of the body’s major lipid repositories and Paigen diet-induced, sys-
temic hypercholesterolemia were examined in Theiler’s murine encephalomyelitis (TME)
using histology, immunohistochemistry, serum clinical chemistry, microarrays, and high
performance thin layer chromatography. TME-virus (TMEV)-infected mice showed pro-
gressive loss of motor performance and demyelinating leukomyelitis. Gene expression
associated with cholesterol biosynthesis was overall down-regulated in the spinal cord
of TMEV-infected animals. Spinal cord levels of galactocerebroside and sphingomyelin
were reduced on day 196 post TMEV-infection. Paigen-diet induced serum hypercholes-
terolemia and hepatic lipidosis. However, high dietary fat and cholesterol intake led to
no significant di�erences in clinical course, inflammatory response, astrocytosis and the
amount of demyelination and remyelination in the spinal cord of TMEV-infected animals.
The results suggest, that down-regulation of cholesterol biosynthesis is a transcriptional
marker for demyelination, quantitative loss of myelin-specific lipids, but not cholesterol
occurs late in chronic demyelination, and serum hypercholesterolemia exhibited no signif-
icant e�ect on TMEV-infection.

Keywords: Multiple sclerosis; Theiler’s murine encephalomyelitis; Paigen diet; Choles-
terol biosynthesis; Hypercholesterolemia; High performance thin layer chromatography;
Microarray;
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Abstract

High-throughput, genome-wide analytical technologies are now commonly used in all fields
of medical research and an enormous amount of data is publically available, which is o�er-
ing a tremendous potential for veterinary research too. On this account the morphologic
and pathogenetic expertise of veterinary pathologist is essential to translate this vast
amount of information into meaningful biological knowledge and for a better understand-
ing of underlying disease mechanisms. Microarray experiments produce thousands of gene
expression values; therefore powerful analysis techniques are needed for mining these data.
The available literature usually focuses on details designed for mathematicians or com-
puter scientists as the target audience. The present review will provide the reader with
a clear and systematic basis from the point of view of a veterinary pathologist. A par-
ticular aim is to clarify, which data analysis techniques are available for users without
programming skills and what are the most appropriate methods for a specific research
purpose. Furthermore, veterinary pathologists are provided with the necessary methodi-
cal background to translate the in silico generated information into meaningful biological
knowledge and their relationship to morphologic changes. Moreover, the technology of the
next generation sequencing platform, RNAseq, a successor platform for gene expression
studies, is introduced. It is the overall aim of this review to provide pathologists active
either in diagnostic or research with the needed background information to understand
more clearly the generation and application of thousands of gene expression values and
how they can be used to obtain a more in-depth insight into underlying disease mecha-
nisms.

Keywords: microarray technology; a�ymetrix; RNA sequencing; GeneChip; low level
analysis; cluster analysis; class discovery; functional annotation
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5.1 Introduction

Life science research including molecular mechanisms of pathological processes has been
massively influenced during the last decade by the advent of microarray-based gene ex-
pression techniques also referred to as “transcriptomics”(VAN HUMMELEN and SASAKI
2010, RUSSELL et al. 2013). The transcriptome represents the set of all ribonucleic acid
(RNA) molecules, including messenger RNA (mRNA), ribosomal RNA (rRNA), trans-
fer RNA (tRNA), and other non-coding RNA transcribed in a cell or tissue at a certain
time-point. The interpretation of common gene expression experiments at the level of
the RNA transcripts is based on the assumption of a positive correlation of the amount
of mRNA and protein, as inferred from the central dogma of molecular biology (CRICK
1970, SHAPIRO 2009, PIRAS et al. 2012), no matter if either microarray systems, or
alternative methods such as next generation sequencing systems, RT-qPCR or northern
blots are used. Although the relationship of mRNA to protein and phenotype is not a
simple linear function, it is generally accepted that mRNA-based gene expression meth-
ods like microarrays enable researchers to unravel physiological or pathological processes
currently active within a cell or tissue. Microarray technology matured in the 1990s and
has revolutionized modern human and veterinary pathology research (POLLACK 2007).
The goals of microarray studies in veterinary medicine are to identify diagnostic mark-
ers, therapeutic targets or important factors for understanding the biology of the disease
(HOSTETTER et al. 2014). Even though the formalin-fixed, para�n embedded tis-
sue (FFPE) sample doubtlessly remains the diagnostic standard in anatomic pathology,
microarray technology has evolved to a suitable supplement for traditional methods in
veterinary pathology (HOSTETTER et al. 2014). The complete sequencing of genomes
from a variety of multicellular organisms including the dog (LINDBLAD-TOH et al. 2005)
o�ers new perspectives to define cells and tissues based on their transcriptional profile
in addition to traditional morphological and functional criteria (SHYAMSUNDAR et al.
2005, HORNSHOJ et al. 2007, RUSS and FUTSCHIK 2010, BRIGGS et al. 2011). His-
tological examination improves the confidence and accuracy in molecular research as a
heterogeneous histological presentation of tissue samples certainly results in di�culties
in the identification of molecular di�erences (HOSTETTER et al. 2014). For this rea-
son, evidence based tissue sampling and morphologic quality assurance procedures are
an essential part in all basic and clinical molecular research applications and simultane-
ous collection of FFPE tissue samples is highly useful and recommended for subsequent
validation of the results gained by microarray analysis (HOSTETTER et al. 2014).

Enormous e�orts have been undertaken to standardize the presentation and exchange
of microarray data. In fact, good scientific practice requires a deposition of raw and
processed data in accordance to minimum information about microarray experiment (MI-
AME) standards defined by Brazma et al., 2001 in public archives (BRAZMA et al.
2001). Consequently, a vast amount of microarray gene expression data sets are available
through public repositories such as Gene Expression Omnibus (GEO) by the National
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Center for Biotechnology Information (BARRETT et al. 2011, BARRETT et al. 2013),
and ArrayExpress by the European Bioinformatics Institute (RUSTICI et al. 2013), of-
fering an easily-accessible opportunity for re-analysis and combination of these previously
published data (RADDATZ et al. 2014). However, to explore the extraordinary potential
of these data, a basic knowledge of possible methods and applications is crucial. The
present review thus aims to provide the reader with a clear and systematic basis from the
point of view of a veterinary pathologist. Various freely available software tools for mi-
croarray analysis have been developed under the Bioconductor project in the R statistical
computing project and programming language environment, requiring basic programming
skills (GENTLEMAN et al. 2004, HUBER et al. 2015). However, profound knowledge
in large-scale biomathematics and computational analytics is not a main constituent of
the specialization of a veterinary pathologist. Hence, this review especially focuses on
data analysis techniques available for users without programming skills and describes ap-
propriate methods for specific research purposes from a pathological point of view. A
main goal is to assist the reader in the transformation of the huge amount of information,
obtained by a single experiment, into biological knowledge and to point out important
challenges and pitfalls by presenting representative data that illustrate common problems
in data analysis. Because the vast majority of experiments in the public repositories were
conducted with A�ymetrix technology this communication focuses on the most commonly
used 3’ in vitro transcription (3’IVT) oligonucleotide microarrays GeneChip Genome Ar-
rays by the market leader A�ymetrix (A�ymetrix, Santa Clara, CA, USA; WEISS et al.
2004, OYAMA and CHITTUR 2005, OYAMA and CHITTUR 2006, SMITH et al. 2006,
OJAIMI et al. 2007, OYAMA et al. 2008, HERFST et al. 2010, LAHOUSSE et al.
2011, SONG et al. 2011, FRANTZ et al. 2013, ULRICH et al. 2014b). Moreover, as
the next generation sequencing platform RNAseq is considered to continuously replace
microarray technology, this review additionally dedicates a chapter to the introduction of
this recently emerging technology. Though this technology will with further maturation
potentially replace microarray analyses in future, it should be emphasized that microar-
ray analysis still represents the most validated, sensitive, reliable and robust method with
matured, user-friendly and partly freely available processing- and analysis-software.

5.2 Experimental design and microarray hybridiza-
tion

5.2.1 Experimental design

Careful planning of the experimental design of a microarray experiment represents the
most crucial step in identifying true and biologically relevant di�erences in the output
data. No statistical algorithm is able to rectify shortcomings in the experimental setup.
Therefore it is extremely important to carefully choose a design, which is able to control
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systemic factors, and which is minimally influenced by external sources (YANG et al.
2003, ZAKHARKIN et al. 2005, AHMED 2006a, ROSA et al. 2006, LIN et al. 2010,
DRAGHICI 2011). Textbox 1 summarizes the di�erent types of experimental designs.

Textbox 1:
Types of experimental design: Microarray experiments are designed to pursue di�erent
objectives (BRAUN 2014).

• Class comparisons are aimed to identify genes with di�erent behavior between to
di�erent classes of samples (e.g. disease vs. control)

• Time series investigate the dynamic gene expression profile during a specific time
frame (e.g. di�erent developmental stages).

• Class predictions intent to develop statistical models, which are able to categorize
samples in di�erent classes (e.g. biomarker selection).

• Class discovery are directed to the identification of novel subgroups of specimen
on the basis of their gene expression.

• Network analysis seek to detect interactions and relationships between genes in
an biomechanistical sense.

Microarray experiments produce data on the expression level of thousands of genes.
The downside, however, is that the data may be noisy and therefore not as sensitive as
other methods, especially for genes with low transcription levels, such as for example
transcription factors (HOLLAND 2002, DRAGHICI et al. 2006, TARCA et al. 2006).
Thus, the first question a researcher should ask is, if microarray technique is indeed ap-
propriate for achieving the research objective. Microarray experiments generate relative
gene expression data (CAUSTON et al. 2003). In case, absolute quantitative data and a
defined threshold are needed to make the research statement, RT-qPCR using a quanti-
tative standard for calibration, is the more appropriate method of choice (ULRICH et al.
2005).

Principles of experimental design: Biological variability represents the greatest
source of variation in microarray experiments and therefore the decision to determine the
number of biological replicates is one of the most di�cult decisions of any experimental
design to achieve adequate power and validity for statistical tests (YANG et al. 2003,
LIN et al. 2010, DRAGHICI 2011). In general, the required sample size depends on
the magnitude of the population’s variability, the magnitude of meaningful, biological
expression changes, the chosen power, and the acceptable error rate of the experiment
(AHMED 2006a). The necessary parameters should be estimated from real data, ide-
ally from a pilot study and the su�cient sample size thereafter should be calculated
using a power analysis adjusted for microarray analysis (http://bioinformatics. mdan-
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derson.org/MicroarraySampleSize/, http://sph.umd.edu/ department/epib/sample-size-
and-power-calculations -microarray-studies; HWANG et al. 2002, LEE and WHITMORE
2002, PAN et al. 2002, PAVLIDIS et al. 2003, YANG et al. 2003, LIN et al. 2010, JUNG
and YOUNG 2012). In this regard it should be considered, that companion or farm
animals not kept under experimental conditions exhibit a considerably larger biological
variability than laboratory animals or cell cultures (AHMED 2006a). Therefore, more
replicates might be needed for studies carried out in any outbred population (AHMED
2006a). However, in practice, the number of replicates will often be determined by the
availability of samples (e.g. from rare disease entities) and the budget. However, as
experience shows, good results can be obtained even by very small sample sizes such
as 4 replicates for cell culture experiments, 6 replicates for inbred experimental animals
experiments and 3-12 replicates for outbred animals.

5.2.2 RNA isolation and quality control

The key to a successful microarray experiment is by far the quality of the initial samples.
RNA is a considerably unstable molecule and has a very short half-life after being ex-
tracted from tissue or cells (TAN and YIAP 2009). More information on RNA extraction
methods is summarized in various excellent reviews (FLORELL et al. 2001, CHOWDARY
et al. 2006, MEDEIROS et al. 2007, TAN and YIAP 2009, ULRICH et al. 2014a, UL-
RICH et al. 2014b, RADDATZ et al. 2015). Several studies have also reported novel
techniques to extract RNA from formalin-fixed tissue (COUDRY et al. 2007, PENLAND
et al. 2007, THOMAS et al. 2013). However, formalin-fixation is paralleled with serious
mRNA degradation and a subsequent loss of sensitivity and accuracy (MEDEIROS et al.
2007). The assessment of RNA quality can be performed by spectrophotometry, fluorom-
etry or PCR. Classical denaturating agarose gel electrophoresis assays can be used as well
as innovative lab-on-chip technologies. However, di�erent analyzers have become stan-
dard for quality assessment, since they dramatically decrease the amount of RNA needed
for the evaluation to the sub-microgram scale. The Agilent Bioanalyzer (Agilent Tech-
nologies, Santa Clara, USA) represents one example to assess the RNA quality (Figure
5.1; ULRICH et al. 2014b). Total RNA quality is assessed on the basis of 28S/18S ratio.
Because degradation shifts the ratio towards smaller fragments, a decreased ratio is in-
dicative of degradation. An electropherogram of good RNA quality shows two clear peaks
for 28S and 18s ribosomal subunits. A 28S/18S ratio of 1.8 and 2.2 is regarded as perfect
quality, but in practice these values are hardly to obtain (AGILENT, 2004b) Based on the
shape of the electropherogram Agilent Technologies developed a RNA quality assessment
method called RNA Integrity Number (RIN) ranging from 0 (bad quality)-10 (excellent
quality; AGILENT, 2004b). RNA of good quality displays a RIN close to 10. However,
to accomplish a 28S/18S ratio of the above mentioned quality is especially di�cult in
clinical samples (FLEIGE and PFAFFL 2006). In general tissue with a high content of
connective tissue and digestive enzymes underlie higher degradation; single cells are not
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Figure 5.1: Total RNA quality assessment using Bioanalyzer
Results of the RNA quality assessment performed with the micro-fluid capillary elec-
trophoresis system Agilent Bioanalyzer (Agilent Technologies, Santa Clara, USA). The
results of two samples from a previously published microarray analysis performed on
brain samples from dogs with distemper are shown (ULRICH et al. 2014b). Left side:
microcapillary electopherograms of the isolated total RNA in Fluorescence Units (FU)
per second (s); middle: sample results; right: electrophoresis; A: intact total RNA with
two clear peaks for 18s and 28s ribosomal subunits B: degraded total RNA. Due to the
highly degraded total RNA example B was subsequently discarded from the microarray
experiment.

as susceptible to degradation (FLEIGE and PFAFFL 2006). As experience shows a RIN
greater than seven is regarded as RNA with su�cient quality for microarray analysis.

5.2.3 RNA amplification, labeling, hybridization and microar-
ray washing, staining and scanning

The amount of total RNA necessary for a single labeling reaction is generally about 10-
40µg (PEANO et al. 2006). However, di�erent methods were introduced to amplify small
quantities of RNA in order to study the molecular biology with very limited amounts of
RNA, for instance derived from biopsies, fine-needle aspirations or laser capture micro
dissection. However, it should be emphasized that all amplification procedures introduce
a certain bias, as RNA products may be over- or underrepresented in the amplified RNA
(DUFTNER et al. 2008). For a detailed overview about RNA amplification methods and
commercially available amplification kits see Peano et al. (2006; PEANO et al. 2006).
Another key decision prior to hybridization deals with the proper array design and ar-
ray platform selection, respectively. The commercially available platforms di�er in probe
content, design, deposition technology, labeling and hybridization protocols (YAUK et
al. 2004) and exhaustive comparisons between di�erent platforms have been performed
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Figure 5.2: A�ymetrix GeneChip design
11-20 Probe Pairs are distributed on the Probe Array and represent a ProbeSet. Each
Probe Pair is composed of a Perfect Match (PM) Probe Cell with the exact comple-
mentary sequence of the target gene near the 3’ end and a Mismatch (MM) Probe Cell
created by changing the 13th base of the PM sequence. The mismatch probes are sup-
posed to distinguish between specific and unspecific hybridization.(SUAREZ et al. 2009)
Fragmented, labelled cDNA, called Probe (green shaded) is hybridizided the immobilized
oligonucleotide sequences on the array, called Target (blue shaded).

in various studies (YAUK et al. 2004, BAMMLER et al. 2005, IRIZARRY et al. 2005,
CANALES et al. 2006, CONSORTIUM et al. 2006). The most commonly used, commer-
cially available platforms are supplied by A�ymetrix, Agilent and Illumina. In general,
microarray technology is based on the immobilization of cDNA or oligonucleotide probes
on a solid surface (AHMED 2006a). A�ymetrix utilizes a technique called in-situ pho-
tolithography, were oligonucleotides, usually 25 nucleotides in length are directly synthe-
sized onto a glass slide, called probes (SUAREZ et al. 2009). Figure 5.2 2 shows a typical
A�ymetrix GeneChip design. After the RNA samples pass the initial quality control, the
labeling process is initiated. However, di�erent labeling protocols have been optimized for
specific samples and technologies (DUFTNER et al. 2008). Therefore it is recommended
to consult the technical documentation of the respective microarray supplier. Finally, no
matter which protocol has been used 50-200 base-long, biotin-labeled cRNA-fragments
are hybridized to the GeneChip array. The hybridization is followed by a series of wash-
ing and staining steps and subsequently the microarray chip is scanned with a confocal
laser scanner (AFFYMETRIX, 2005-2009).

5.3 Low level analysis

5.3.1 Quality control of microarray data

Data quality assessment is a compelling step to retrieve valuable information from the
enormous amount of data generated. The inclusion of arrays with insu�cient quality
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leads to di�culties in the subsequent analysis and introduces a high error rate (HEBER
and SICK 2006, KAUFFMANN and HUBER 2010, MCCALL et al. 2011). Thus, any
array, which does not meet the quality standards should be discarded (DRAGHICI 2011).
The image obtained from fluorescent scanning is stored in .DAT files, which are utilized to
generate .CEL files with intensity values for each probe on the chip employing A�ymetrix
GeneChip Operating Software (GCOS). Pre-processing begins with .CEL files and is ei-
ther subsequently performed in the A�ymetrix software suit GCOS or .CEL files are used
to proceed with external software solutions. Illumina BeadChip scanning produces In-
tensity Data files (.idat), Agilent technology typically stores raw data in .txt format. In
general, quality control measures have to be evaluated on a case by case basis and may
be more stringent in homogeneous cell-line experiments as in heterogeneous animal ex-
periments (HEBER and SICK 2006). In any case, the consistency between the samples
in an experiment is more important than the absolute values (HEBER and SICK 2006).
Raw data quality control includes the assessment of image quality, sample quality, hy-
bridization quality and signal comparability, the most important measures are presented
in Textbox 2. Table 5.1 summarizes widely used freely available tools for quality con-
trol and low level analysis with their respective analysis options. All quality assessment
software tools provide di�erent exploratory graphics or measures, which facilitate the de-
tection of individual arrays that di�er to the other arrays in the experiment (Figure 5.3;
Figure 5.4; Textbox 2). All of these measures are based on the assumption that most
genes are unchanged. By comparing these measures before and after low-level analysis
the e�ect of low-level analysis can be studied. Accordingly, the scale of these measures or
the course of the plots should be comparable between the arrays (AFFYMETRIX, 2002-
2004, HEBER and SICK 2006). Small divergences are usually su�ciently compensated by
low-level analysis. If low-level analysis cannot remove discrepancies, it is recommended to
discard the respective outlier from the analysis (HEBER and SICK 2006). As a general
rule it is recommended to perform the analysis with and without the suspicious sample
and compare the results if one array looks suspicious in terms of its quality. Often it is
possible to evaluate the impact of the outlier based on these results (HEBER and SICK
2006).
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Textbox 2: Raw data quality control measures
Assessing quality of .dat image

• B2 Oligo Performance: B2 Oligo, which is spiked into each hybridization cocktail is
a positive hybridization control. It is used by GCOS software to place a grid over the
image. B2 Oligo is hybridized in an alternating pattern on the borders, in a checkerboard
at each corner and the array name in the upper left or upper middle of the array.
Alignment should be confirmed by checking these areas. If an automated alignment is
not possible manual alignment is necessary (AFFYMETRIX 2002-2004).

Assessing sample quality: GeneChips contain multiple control ProbeSets, annotated with
the prefix AFFX.

• Poly-A Controls (lys, phe, thr, dap):Several ProbeSets from Bacillus subtilis genes
are included to determine the quality of the target preparation steps. These spiked-in
controls are intended to demonstrate a possible bias between high and low expressed
genes during the transcription. These ProbeSets should be present in decreasing inten-
sities (in the order of dap, thr, phe, lys; AFFYMETRIX 2002-2004).

• 3’/5’ ratio of housekeeping genes: Beta-actin and GAPDH are comparably long
genes ubiquitously expressed in most cell types. RNA degradation starts from the 5’ end
of the molecule. Thus, the ratio of the 3’ intensity to the mid or 5’ intensity are used as
a measure of the RNA quality. A high ratio is indicative for degraded RNA or ine�cient
transcription of complementary DNA (cDNA) or biotinylated cRNA (AFFYMETRIX
2002-2004, WILSON and MILLER 2005). A�ymetrix recommends a 3’/5’ ratio higher
than 3 for beta-actin and 1.25 for GAPDH.

• RNA degradation plot: RNA degradation plots visualize the average intensity of each
probe ordered from the 5’ to the 3’ end. A sharp increase indicates a high degradation
(GAUTIER et al. 2004, HEBER and SICK 2006). Figure 5.5 shows an example of a
RNA degradation plot (ULRICH et al. 2014a).

Assessing hybridization quality

• Spike-in controls: BioB, bioC, bioD genes from the biotin synthesis pathway of Es-
cherichia coli, and creX the recombinase gene from P1 bacteriophage are hybridized in
a final concentration of 1.5pM, 5pM, 25pM and 100pM, respectively (AFFYMETRIX
2002-2004) Thus, a steady increase in target concentration indicates su�cient quality.

• Background intensity: The background intensity is calculated individually for each
array from all mismatch-probes and should be comparable between all arrays. A signif-
icant di�erence is a sign for bad quality.

• Percent present: A�ymetrix MAS5 algorithm defines a present gene by significant
perfect match values in comparison to mismatch values. The percentage of present calls
should be similar for replicate arrays. Moreover, an extremely low percentage of present
ProbeSets may indicate poor quality (AFFYMETRIX 2002-2004).
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Textbox 2: Raw data quality control measures: continued
Assessing signal comparability

• Intensity distribution histogram: The histogram helps to identify outlier arrays with
a deviant curve in comparison with all arrays of the data set. The intensity distribution
histogram of raw data should have comparable curves, after low-level analysis, however
the density distribution should be almost identically. An often-encountered problem is
an elaborated background signal, which results in a right shift of the curve.

• Log-intensity box plots: Box plots show similar information as displayed in the
intensity histograms, but additionally demonstrate the variation in signal intensity. The
distribution of raw log-intensities should be in a comparable level, after low-level analysis
almost identically.

• Probe-level model (PLM) weights and residual images: Artifacts are often
hardly visible in the scanned images, but can be better recognized in pseudo-images
generated from weight and residual values (EIJSSEN et al. 2013). Weights are used to
down-weight outlier probes, thus outliers are associated with small weights (DRAGHICI
2011). After compensating probe e�ects the residuals should be randomly distributed
on the generated image of the chip (DRAGHICI 2011).

• RLE plot: The Relative Log Expression (RLE) values are calculated by subtracting the
median gene expression estimate cross arrays from the PLM estimated gene expression
and displayed as a boxplot (DRAGHICI 2011). It is assumed that most ProbeSets
are not changed on the di�erent arrays, thus the distribution of the di�erences are
expected to center around zero (HEBER and SICK 2006). Deviating boxplots indicate
problematic array quality.

• NUSE plot: The Normalized Unscaled Standard Error (NUSE) is the individual probe
error fitting the PLM (HEBER and SICK 2006). The NUSE plot visualized the standard
error estimates obtained for each array in a boxplot (HEBER and SICK 2006). Median
values for each ProbeSet are set to 1. An array with a box-plot centered around 1.1
is considered of bad quality (MCCALL et al. 2011). NUSE plots are very sensitive,
thus NUSE and RLE plots should be evaluated together, to not overrate the results
(MCCALL et al. 2011).

• MA-plot: The plot shows the comparison of the log-intensity of each array to a
reference array. The log-ratio intensity of one array to the reference median array (M)
is displayed on the Y-axis; the average log-intensity of both arrays (A) is shown on the
X-axis. Because the average log-intensities are expected to be similar in all arrays, the
MA-plot is expected to be centered around 0. Raw signal distribution deviating from 0
indicates
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5.3.2 Low-level analysis

Microarray experiments are performed to investigate transcriptional changes under a spe-
cific condition by measuring fluorescent intensity signals, which correlate with the mRNA
levels of a sample. However, the raw fluorescent intensity signals are a�ected by a num-
ber of non-biological sources of variation (STEINHOFF and VINGRON 2006). Artifacts,
experimental bias or random fluctuation can be significantly larger as the biological sig-
nals of interest themselves(KREIL and RUSSELL 2005). Accordingly, the data have to
pass through numerous steps of computational pre-processing, including normalization to
infer meaningful biological data from the measured raw intensity signals (STEINHOFF
and VINGRON 2006). The goal of these preprocessing steps is to improve comparability
and signal/noise ratio, so that values corresponding to individual genes can be compared
directly on the di�erent arrays. Unfortunately, a definition of a gold standard for this step
is not possible; the most appropriate method is depending on various factors including the
biological problem and the nature of the data(BOES and NEUHAUSER 2005, KREIL
and RUSSELL 2005). Here it should be pointed out that the literature causes significant
confusion by an ambiguity in the terminology of this pre-processing step. The terms
“pre-processing”, “normalization” and “low-level analysis” are often used synonymously
for the process of calculating comparable expression values out of raw intensity values.
In general, the calculation of expression values for every ProbeSet of an array is defined
as low-level-analysis (BOES and NEUHAUSER 2005), Four di�erent steps are included:
background correction, normalization, PM-adjustment and summarization (Figure 5.5;
BOES and NEUHAUSER 2005, STEINHOFF and VINGRON 2006). These processes
are often combined into a single preprocessing algorithm (GYORFFY et al. 2009). Com-
mercial microarray suppliers usually provide their own proprietary pre-processing tech-
nology algorithms. A�ymetrix developed algorithms such as Microarray Suite (MAS)
5 and Probe Logarithmic Intensity Error (PLIER; 2004a, 2005). However, researcher
introduced various alternative methods to improve the output. The most popular and
commonly used algorithms for A�ymetrix datasets are RMA (IRIZARRY et al. 2003a,
IRIZARRY et al. 2003b), GC-RMA (WU et al. 2004), PLIER+16 (GYORFFY et al.
2009), and dChip (LI and WONG 2001; Table 5.2). All these methods can be performed
with various user-friendly and automated application tools (Table 5.1).

In general methods can be divided into methods using a baseline array and complete
methods, which merge the information of all arrays in the experiment, to observe patterns
in ProbeSet intensities(MILLENAAR et al. 2006, DRAGHICI 2011).

MAS5 is the traditional and still available predecessor of the currently operated low-
level-analysis algorithm from A�ymetrix. The algorithm uses a linear regression method
after selecting a baseline chip against whom all other arrays are compared (REIMERS
2005). The algorithm is based on the assumption that intensity di�erences between di�er-
ent arrays are linearly related (MILLENAAR et al. 2006). This assumption implements
the major disadvantage of this algorithm, since it does not adjust for non-linear rela-
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Figure 5.3: RNA degradation plot
The graph displays the average intensity of all probes on the GeneChip ordered from
the 5�to the 3�end from a previously published microarray analysis performed on brain
samples from dogs with distemper (ULRICH et al. 2014b). Since RNA degradation
starts from the 5�end of a transcript, degradation is indicated by a lower signal at the 5’
end. The results vary between di�erent array types and organisms; therefore no cut-o�
value can be defined. Arrays that clearly deviate from the other arrays in the experiment
apparently contain transcripts of questionable quality. In our data set array 25 and 27
(red) show a steep increase towards the 3’ end, which is indicative for degraded RNA of
these two samples. Consecutively, these samples were excluded from further analysis.
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Figure 5.4: RNA degradation plot
Quality control is exemplified with data obtained in a microarray analysis performed on
A�ymetrix GeneChip mouse genome 430 2.0 (A�ymetrix, Santa Clara, CA, USA). To-
tal RNA was obtained from the spinal cord of Theiler’s murine encephalomyelitis virus-
infected and mock infected mice (ULRICH et al. 2010). A Intensity distribution his-
togram before (left) and after (right) GC-RMA low-level-analysis. Array 8, 16, and 17
show a marked right shift of the curve, which indicated an elevated background signal.
After normalization the di�erence could not be fully compensated. B Log-intensity box
plots: Box plots before (left) and after (right) GC-RMA low-level analysis. Similar to
the graph shown in A, Array 8, 16, and 17 show increased raw log intensity with less
variation, which were not completely corrected after normalization. C Probe-level model
(PLM) residual images: pseudo-images generated from residual values from Array 17 and
Array 18. In general, blue color stands for negative residuals, red for positive. The inten-
sity of the color indicates the deviance from 0. Artifacts present themselves as distinct
areas of a single color (not shown). Array 17: Pseudo-image showing a spurious overall
intensity of residuals, indicating poor quality. Array 18: Pseudo-image showing no spatial
bias with homogenous color distribution. D Relative Log Expression (RLE) plot: Most
ProbeSets are not changed on the di�erent arrays, thus the distribution of their di�erences
are centered around zero. Array 8, 16 and 17 show a higher variability compared to the
other arrays, which indicates problematic array quality. E Normalized Unscaled Standard
Error (NUSE) plot: Array 8, 27 and 29 have a higher spread of NUSE distribution, which
again is a sign for low quality. F MA-plot: Upper Image: Raw signal distribution does
not show an intensity dependant bias. Lower Image: MA-plot of Array 17 showing a
disproportional deviation of 0 and indicates a problematic array in terms of its quality.
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Figure 5.5: Steps of the low-level analysis
The calculation of expression values for every ProbeSet of a microarray consists of 4 dif-
ferent steps, background correction, normalization, PM-adjustment and summarization.
Background correction intends to remove the unspecific background noise of raw signal
intensities using the information from only one chip. The normalization step aims to
reduce non-biological chip specific variation across the microarray chips. PM-adjustment
combines the two intensity measures from PM and MM to a unique value. Summariza-
tion combines background-corrected and normalized signals from individual probes to
calculate an expression value for the respective ProbeSet.
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Table 5.2: Most popular low-level analysis algorithms

Method background
correction normalization PM-adjustment summarization

MAS5
spartial e�ect
and MM
substraction

scale
normalization PM-MM robust average

dChip MM
substraction

spine fitting to
rank invariant
set

PM only model-based
expression index

RMA global correction quantile PM only median polish
GC-RMA global correction quantile PM only median polish

PLIER global correction quantile PM-MM; PM
only

multiplicative
model

tionships between the di�erent intensity measures (REIMERS 2005, MILLENAAR et al.
2006, DRAGHICI 2011). This drawback can be overcome by using a non-linear method
such as the dChip algorithm (LI and WONG 2001). The non-linear regression in dChip is
calculated from a special set of probes, called the invariant set. The invariant set is a set
of PM probes showing no di�erential expression between the arrays in their expression (LI
and WONG 2001, BOES and NEUHAUSER 2005). The principle of the quantile normal-
ization methods is to equalize the distribution of probe intensities across all arrays (BOL-
STAD et al. 2003, IRIZARRY et al. 2003a). The basic assumption, that the distribution
of gene abundances is nearly the same in all arrays reduces the noise amongst replicate
microarrays and is a good approximation for genes of low and moderate abundance, but
has its disadvantages in high-abundance genes (REIMERS 2005). Quantile normalization
is employed in the RMA normalization. A modified version of RMA is guanine-cytosine
(GC)-RMA, which adjusts the intensity of the probe level data by the GC-content of the
probe. G/C pairs presumably result in a higher intensity due to stronger binding (WU et
al. 2004). The next generation of normalization tools from A�ymetrix, called PLIER is
a multi-chip model and uses experimental data generated across multiple arrays. PLIER
calculates measures for the likelihood of a probe to bind the complementary target across
di�erent concentrations, called probe a�nity. It therefore accounts for di�erent thermo-
dynamic properties and binding e�ciencies (AFFYMETRIX, 2004a). To avoid unstable
values in expression measures close to 0, a variance stabilization step is often included in
this algorithm were a constant value, most often 16, is added to the values received after
applying the PLIER algorithm (IRIZARRY et al. 2006, THERNEAU and BALLMAN
2008). The algorithm is than referred to as PLIER+16.

Figure 5.6 exemplarily shows how di�erent low-level algorithms significantly change
the results of a microarray study and clearly depicts that the choice of which algorithm to
use is essential for the analysis. In fact, the influence of the used normalization method
is higher as the e�ect of di�erent subsequent statistical analysis (HOFFMANN et al.
2002). An overlap of 34-74% was found in di�erentially expressed ProbeSets between
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di�erent low-level algorithms (Figure 5.6). Similar results can be found in the literature
(BOLSTAD et al. 2003, WU and IRIZARRY 2004, BOES and NEUHAUSER 2005,
CHOE et al. 2005, REIMERS 2005, MILLENAAR et al. 2006, SEO et al. 2006, SEO and
HOFFMAN 2006). However, despite the relatively low overlap in the present exemplary
analysis as well as in the literature (BOLSTAD et al. 2003, WU and IRIZARRY 2004,
BOES and NEUHAUSER 2005, CHOE et al. 2005, REIMERS 2005, MILLENAAR et
al. 2006, SEO et al. 2006, SEO and HOFFMAN 2006), it should be emphasized that
all tested methods yielded comparable biological results. As a consequence, applying
di�erent algorithms can help to narrow the list of di�erentially expressed genes by almost
73%, if the purpose of the experiment is to find new candidate genes (MILLENAAR et
al. 2006).

The general consensus of prior studies comparing the performance of normalization
methods is that complete data methods should be preferred to algorithms based on a
baseline array (BOLSTAD et al. 2003, BOES and NEUHAUSER 2005, REIMERS 2005).
Quantile methods performed better with regard to variability across arrays and bias (BOL-
STAD et al. 2003, CHOE et al. 2005). RMA was found to perform best in projects with
low cofounding noise (SEO et al. 2006). However, dChip was found to be better suited
for projects with high cofounding noise (SEO et al. 2006).For further information about
this topic the reader is referred to other publications (WU and IRIZARRY 2004, MIL-
LENAAR et al. 2006, SEO and HOFFMAN 2006, KADOTA et al. 2009).

Following normalization it is recommended to transform the linear scale to a loga-
rithmic scale. Log-transformation generates an almost normal distribution and facilitates
the interpretation of the intensity values by eliminating misleading disproportion between
two relative changes (CUI et al. 2003, EHRENREICH 2006, STEINHOFF and VIN-
GRON 2006, DRAGHICI 2011). However, log-transformation has its limitations in the
representation of low expression values (GELLER et al. 2003). Traditionally, a log2

transformation is used.

5.3.3 Annotation of microarray data

Despite the fact that mRNA is detected in microarray experiments the results of a mi-
croarray study are generally reported on the gene level (YU et al. 2007). Annotation files
with di�erent identifiers can be downloaded from the microarray’s supplier webpages and
are up-dated regularly (for A�ymetrix arrays generally on a quarterly basis). Since the
sequence databases are developing very quickly it is always recommended to work with
the most recent annotation file. Therefore, it is good scientific practice to report the used
database version in presentations and manuscripts (MIECZKOWSKI et al. 2010).

However, a given gene may be represented by multiple ProbeSets, which may even
have conflicting expression measurements (ELBEZ et al. 2006, JAKSIK et al. 2009,
LI et al. 2011). This may be a result of cross-hybridization or di�erent splice variants
of a specific gene (JAKSIK et al. 2009). There is still great ambiguity about how to
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Figure 5.6: Comparison of low-level algorithms
Venn-diagram showing the comparison of 4 di�erent normalization methods, namely
Probe Logarithmic Intensity Error (PLIER), Robust Multi-array Average (RMA),
GCRMA, and Microarray Suite 5.0 (MAS5). Shown are the numbers of di�erentially
expressed ProbeSets as received by applying the di�erent normalization algorithms with
identical subsequent statistical analysis using Linear Models for Microarray Data (Limma)
with a Fold change cut-o� of -2 Æ FC Ø 2 and p-value, adjusted according to Benjamini
and Hochberg (BENJAMINI and HOCHBERG 1995) of p (adjusted) Æ 0.01 employing
arrayanalysis.org (http://arrayanalysis.org/). The data sets are obtained from a previ-
ously published microarray experiment examining postnatal developmental changes in
murine spinal cord performed on A�ymetrix GeneChip Mouse Genome 430 2.0 Array
(RADDATZ et al. 2015). Lists of di�erentially expressed ProbeSets were compared using
InteractiVenn (http://www.interactivenn.net/index2.html; HEBERLE et al. 2015).
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Figure 5.7: Ensembl web display
A view from the Ensembl genome browser showing a part of the mouse Myelin basic
protein (Mbp) gene locus on chromosome 18 (82,553,000-82,588,000; Ensembl Database
version 82.38, release september 2015) with the ProbeSets of the A�ymetrix Gene Chip
Mouse Genome 430 2.0 microarray aligned to the 5 classical Mbp mRNA splice variants
expressed in oligodendrocytes and Schwann cells in red, and further transcripts containing
additional upstream exons (not visible within this figure) expressed also in bone marrow
and immune system ("Golli-Mbp") in yellow. The ProbeSets 1425263aat and 1425264sat
specifically target the 3’ untranslated region (UTR) of the Golli-Mbp isoform 2 and are
located within the first intron of the classical Mbp.

collapse ProbeSets to genes (ELBEZ et al. 2006). The position of the target regions of
the various ProbeSets for each gene can be retrieved and compared using the Ensembl
genome browser, as exemplified using theMyelin basic protein (Mbp) gene locus in Figure
5.9 and Table 5.3 (ULRICH et al. 2010). The exact position of the target regions of
the ProbeSets is probably the best way concerning the selection of a single ProbeSet
per gene. For technical reasons it is typical for 3’IVT-microarrays that the ProbeSets
are concentrated at the 3’ end of the mRNAs and commonly do not cover all possible
splice variants. Therefore, if detailed splice variant specific information is obligate for
the scientific hypothesis, whole transcriptome or exon-tiling microarrays or specifically
designed RT-qPCRs are the method of choice (ULRICH et al. 2008).

One approach to collapse ProbeSets to genes would be to use the su�x system of the
ProbeSet ID by which A�ymetrix indicates the specificity of their ProbeSets. Probsets
ending with the su�x _at are supposed to recognize unique transcript variants, while
ProbeSets ending with the su�x a_at (ProbeSet recognize alternative transcripts for the
gene), s_at (two or more transcripts share a common sequence), or x_at (ProbeSets
containing probes that are identical or highly similar to unrelated sequences) recognize
di�erent transcripts (YU et al. 2007). Yet, authors questioned the correctness of these
name associations (HARBIG et al. 2005, ELBEZ et al. 2006). By aligning the ProbeSets’
sequence to the respective genome a discrepancy was found in up to 30-50% for the pre-
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Table 5.3: ProbSets representing Myelin basic protein (Mbp): Mbp is represented by 8
ProbeSets (A�ymetrix annotation version na35 April, 2015) on A�ymetrix Gene Chip
Mouse Genome 430 2.0 microarray. Shown are the mean expression values of all animals
after GC-RMA normalization, p-/q-values as obtained by a multigroup test employing
Extraction of Di�erential Gene Expression (EDGE; LEEK et al. 2006). The data set is
previously published (ULRICH et al. 2010), raw data are publically available (ArrayEx-
press accession number: E-MEXP-1717). Two, namely 1425263_a_at and 1425264_s_at
show comparable low mean expression values. As shown in Figure 5.8 these two tran-
scripts specifically target the 3’UTR of the Golli-Mbp isoform 2. Unlike Classical-Mbp,
Golli-Mbp is not only expressed during early development in neurons and oligodendro-
cytes (CAMPAGNONI et al. 1993) but also in the bone marrow and immune system
(MAGLOTT et al. 2011) This is a reasonable explanation for their low expression within
the spinal cord as compared to the other ProbeSets. 1436201_x_at is the ProbeSet with
the highest average expression and the lowest q-value. This ProbeSet was selected as a
representative for further analysis on the gene level.

Probe Set ID Gene
Sym-
bol

Gene
Title

Probes within
the probe set
unique for the
genomic sequence
of the MBP gene

Specific location of the target
Sequence relative to the Ref Seq
mRNA (NM_001025251.2) of the
classical Mbp

Global
MEAN
(all mice
within
the
experi-
ment)

p-value q-value

1419646_a_at Mbp
myelin
basic
protein

11 out of 11 Classical Mbp: Exon 7 3’UTR 16785.71 0.0870 0.2727

1425263_a_at Mbp
myelin
basic
protein

11 out of 11
Golli-Mbp, isoform 2: 3’UTR;
(Classical MBP: Intron between Exon
1 and 2)

188.76 0.0322 0.1685

1425264_s_at Mbp
myelin
basic
protein

11 out of 11
Golli-Mbp, isoform 2: 3’UTR;
(Classical MBP: Intron between Exon
1 and 2)

457.63 0.6429 0.5852

1433532_a_at Mbp
myelin
basic
protein

11 out of 11 Classical Mbp: Exon 7 3’UTR 20923.51 0.1634 0.3557

1436201_x_at Mbp
myelin
basic
protein

10 out of 10 Classical Mbp: Exon 7 3’UTR 23359.32 0.0000 0.0001

1451961_a_at Mbp
myelin
basic
protein

11 out of 11 Classical Mbp: Exons 3, 4, (small
part of 5), 6, 7 CDS and 3’UTR 12111.46 0.1386 0.3327

1454651_x_at Mbp
myelin
basic
protein

8 out of 8 Classical Mbp: Exon 7 3’UTR 19063.11 0.0002 0.0070

1456228_x_at Mbp
myelin
basic
protein

11 out of 11 Classical Mbp: Exon 7 3’UTR 22888.56 0.0207 0.1341
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viously identified di�erentially expressed genes (DAI et al. 2005). Consequently, multiple
di�erent methods of redefining the mapping of individual ProbeSets and selecting the most
representative ProbeSet for a specific gene were introduced and compared.(CHALIFA-
CASPI et al. 2004, HWANG et al. 2004, MECHAM et al. 2004, LU et al. 2007,
STALTERI and HARRISON 2007, YU et al. 2007, CUI and LORAINE 2009, RISUENO
et al. 2010, MILLER et al. 2011) In general, an interpretation at the ProbeSet level
is favoured. If a transfer from ProbeSet-level to gene-level is indispensable, robust and
feasible strategies to collapse ProbeSet data to gene level data include the selection of
the single “best performing” ProbeSet based on maximum fold change (ULRICH et al.
2014b) or minimum p- or q-values (ULRICH et al. 2010) or choosing the ProbeSet with
the highest average expression as a representative for a gene (MILLER et al. 2011).

The utilization of an simple average of expression values from multiple ProbeSets
for a gene is not advisable (ELBEZ et al. 2006, JAKSIK et al. 2009). Nonetheless,
when working with di�erent analysis suits a serious problem concerning microarray data
annotation is the name-space mapping from one source to another, since many analy-
sis solutions use di�erent input identifier a conversion is frequently required. For this
purpose, converter are implemented in most analysis suits. Additionally gene identifier
and orthologous conversion can be done by various web-based applications, examples
are http://biodbnet.abcc.ncifcrf.gov/ db/dbOrtho.php (MUDUNURI et al. 2009) and
http://biit.cs.ut.ee/ gprofiler/ welcome.cgi (REIMAND et al. 2007).

5.3.4 Principle components analysis

In microarray experiments each gene and each sample represents one dimension in the data
set. Thus, it is impossible to visualize the relationship between the expression values of all
thousands of genes measured in multiple samples. Several data decomposition/reduction
techniques have been introduced for this purpose and here, principle component analysis
(PCA) is the most commonly used method. PCA reduces the dimension of the data by
constructing a new coordinate system. The principle components of the reduced two-
or three-dimesional data space are the eigenvectors of a covariance matrix of the data
(AHMED 2006b, RINGNER 2008). Covariance is a measure of the degree to which two
di�erent variables are linked in a linear way. The first principle component is the direction,
on which the data have a maximum variance, the second coordinate is perpendicular to the
first and covers the second largest variance etc (DRAGHICI 2011). With this reduction
a more convenient view of the data with a focus on the key variables is generated.

Thus, it is valuable in obtaining a first visual characterization of the data and can be
helpful in detecting biological outliers as displayed in Figure 5.8. It helps to discriminate
between groups by showing whether and to which degree a separation between groups
into sub-clouds can be found, but also typical response curves or periodic behavior over
time among the first principal components may be detected (RAYCHAUDHURI et al.
2000).
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Table 5.4: Useful freely available analysis tools for cluster analysis and class discovery

Name Webpage Reference

Genesis http://genome.tugraz.at/
genesisclient/genesisclient_ description.shtml STURN et al. 2002

MeV http://www.tm4.org/ mev.html SAEED et al. 2003

BicAT http://www.tik.ee.ethz.ch/ sop/bicat/ BARKOW et al.
2006

ArrayMining http://www.arraymining.net/ R-php-1/ASAP/
microarrayinfobiotic.php GLAAB et al. 2009

CLUTO http://glaros.dtc.umn.edu/
gkhome/cluto/cluto/ download

RASMUSSEN et
al. 2003

HeatmapGenera-
tor

http://psychiatry.med.miami.edu/
research/resources/ heatmapgenerator

KHOMTCHOUK
et al. 2014

Babelomics http://babelomics.org/ ALONSO et al.
2015

CLIC http://gexp2.kaist.ac.kr/clic/ YUN et al. 2010

ExpressionView http://www2.unil.ch/cbg/ index.php?title=
ExpressionView

LUSCHER et al.
2010

VisHiC http://biit.cs.ut.ee/ vishic/app KRUSHEVSKAYA
et al. 2009

For a review on feature extraction methods, including PCA and available software
applications see KOSSENKOV and OCHS 2010, TAN et al. 2014 and Table 5.4.

5.3.5 Top-down analysis of gene expression

Following a first visual assessment the gene expression data are subsequently analyzed
using statistical methods (ARCHER and REESE 2010). A helpful web page to find freely
available programs for the intended analysis is http://omictools.com/.

The majority of the commercial microarray suppliers provide the user with a qualita-
tive detection call algorithm, whether a transcript is reliably measured, meaning “present”
in a given sample (ARCHER and REESE 2010). These algorithms were frequently used as
a filtering method, however, nowadays they are often replaced by more sophisticated meth-
ods. For sake of completeness, typically, genes called “absent” on all arrays or not called
“present” in at least 50% of the samples are discarded from further analysis (ARCHER
and REESE 2010). For an in depth description of the methodology and presentation
of the various potential applications please refer to the following references (2002-2004,
MCCLINTICK and EDENBERG 2006, ARCHER and REESE 2010).

5.3.6 Selection of di�erentially expressed genes

One main application of microarray analysis is a comparative analysis of gene expres-
sion profiles between two or more di�erent conditions or phenotypes. To understand the
biological e�ects the researchers seek to detect which genes are up-regulated (increased
in expression) or down-regulated (decreased in expression) in a certain physiological or
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Figure 5.8: Exploratory Principle component analysis (PCA)
Data obtained from a microarray experiment in Theiler�s murine encephalomyelitis-
virus (TMEV)-infected animals and Mock-infected animals from Figure 5.4 (UL-
RICH et al. 2010) serve as an example. PCA was performed on log2-
transformed, GC-RMA normalized expression values using MultiExperiment Viewer
(MeV; http://www.tm4.org/mev.html) with default settings. TMEV-infected animals
(blue) and MOCK-infected animals (violet) form two distinct clusters. Due to the biolog-
ical variability of the disease the TMEV-infected animals (blue) show a slightly greater
distance to each other in comparison to the MOCK-infected animals (violet). According
to the results of the quality control analysis shown in Figure 5.4 , Array 8, 16 and, 17
(arrows) show a clear segregation from the respective main cluster samples. Interestingly,
array 13 (arrowhead) is located within the cluster of Mock-infected animals, although
it represents a TMEV-infected animal. Technical problems during the sample prepara-
tion and hybridization could be excluded for Array 13 (Figure 5.4). Consequently, Array
13 was classified as a biological outlier. This was confirmed by histology and immuno-
histology, since no inflammatory reaction, no demyelination and no TMEV-antigen was
detectable in the spinal cord of this animal. Array 8, 16, 17, and 13 were consequently
excluded from further analysis.
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pathological condition as compared to a reference (control or baseline) condition. The
main problem in the identification of di�erentially expressed genes (DEGs) is to dis-
tinguish between true, biologically relevant DEGs and genes that are a�ected by noise
(DRAGHICI 2011). Various di�erent methods to detect DEGs have been introduced and
can generally be divided into fold change methods and statistical testing methods.

Fold change: The simplest method to detect DEGs is to calculate a fold change
between two conditions. A randomly chosen cut o� value defines a gene as di�erentially
expressed. Typically cut o� values between 2- and 3-fold are utilized (STEINHOFF and
VINGRON 2006, DRAGHICI 2011).The main disadvantage of the fold change method is
that due to the randomly chosen threshold, sensitivity and specificity cannot be controlled
or quantified (CHEN et al. 2007, DRAGHICI 2011). Furthermore, the choice of a specific
threshold has a high influence on the biological results (PAN et al. 2005). However, the
fold change method represents a frequently used and intuitive method.

Statistical testing: When the first microarray studies were conduced, traditional
statistical algorithms were utilized for the analysis of expression data. However, when
performing statistical tests on microarray data, the user is confronted with the problem
that generally thousands of hypotheses are tested simultaneously with a comparably low
number of replicates. In order to extract biological meaningful information from microar-
ray experiments tailored statistical methods are needed, therefore traditional statistical
testes are no longer be used. Many di�erent authors optimized conventional statistical
tests for the analysis of microarray gene expression data (TUSHER et al. 2001, EFRON
and TIBSHIRANI 2002, WRIGHT and SIMON 2003, CHIARETTI et al. 2004, SMYTH
2004). The most frequently used methods are introduced in the following.

Significance Analysis of Microarray (SAM) is a popular algorithm, which con-
siders the dependencies among genes introduced by Tusher et al. (2001; DRAGHICI
2011). SAM is a t-statistic in which a constant value is added to the standard devi-
ation that minimizes the dependence of t-static variance on standard deviation levels
(TUSHER et al. 2001, CORDERO et al. 2007). The algorithm calculates a gene-by-gene
variance and uses a False Discovery Rate (FDR) for multiple comparisons (DRAGHICI
2011). Two and multiple classes, as well as time-series can be analyzed (MURIE et al.
2009). However, SAM is reported to perform poorly on noisy datasets. In data with small
sample sizes it is comparable with classical fold change methods and therefore not rec-
ommended with data of these characteristics (JEFFERY et al. 2006). SAM is available
under http://statweb.stanford.edu/ tibs/SAM/. A moderate t-statistic, called Linear
Model for Microarray Data (LIMMA) uses an empirical Bayes method to moder-
ate the standard errors of the estimated log-fold changes, which results in stable results
with improved power, especially for experiments with a small sample size (SMYTH 2004,
MURIE et al. 2009, YANG et al. 2014). The LIMMA method is implemented in multi-
ple microarray-analysis applications, examples are Babelomics (http://babelomics.org/;
AL-SHAHROUR et al. 2005) and Arryanalysis.org (http://arrayanalysis.org/; EIJSSEN
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et al. 2013). Another Bayes method was introduced by the Biometric Research Branch
of the National Cancer Institute, and is called BRB t-statistic (WRIGHT and SIMON
2003, SIMON et al. 2007). It combines gene-specific error estimates with a common
error estimate calculated from the distribution of variance across all genes (MURIE et
al. 2009). BRB-Tools for microarray analysis are available as Microsoft Excel add-ins
at http://linus.nci.nih.gov/BRB-ArrayTools.html (SIMON et al. 2007). A third method
using an empirical Bayes approach by combining gene-specific error estimates with local
pooled error estimates based on genes with similar intensities is called Cyber-T (BALDI
and LONG 2001, MURIE et al. 2009, KAYALA and BALDI 2012). Cyber-T is pro-
vided as a web-based di�erential analysis tool for two and multiple condition data at
http://cybert.ics.uci.edu/ (KAYALA and BALDI 2012). LIMMA, BRB and Cyber-T
performed best in a study comparing di�erent algorithms for small sample sizes.(MURIE
et al. 2009) In comparision to LIMMA and BRB, Cyber-T maintained a stable false
positive rate with data showing high variance (CHOE et al. 2005, CORDERO et al.
2007, MURIE et al. 2009). A method particular for small sample sizes is the Ranked
Product Method (RP)(BREITLING et al. 2004, CORDERO et al. 2007). RP has
been shown to be robust with noisy and inhomogeneous data (HONG and BREITLING
2008; BREITLING et al. 2004). A web based software tool is available at http:// strep-
microarray.sbs.surrey.ac.uk/ RankProducts/ (LAING and SMITH 2010). The discussed
algorithms are especially designed to operate large data volumes form high-throughput
experiments. In multiple studies, these algorithms were shown to outperform the unstable
algorithm of a conventional t-test and should, therefore be preferred to conventional sta-
tistical tests (e.g. t-test or Analysis of Variance; CONSORTIUM et al. 2006, JEFFERY
et al. 2006, SHI et al. 2008, DRAGHICI 2011).

Figure 5.9 shows a comparison of four di�erent methods to test for di�erential expres-
sion in a previously published data set (RADDATZ et al. 2015), nicely illustrating the
di�erent levels of sensitivity of the di�erent methods. Empirical evidence advocates for
a combination of a fold-change ranking with a non-stringent adjusted p-value cut-o�, as
method of choice to generate highly reproducible lists of DEGs (Figure 5.10; CONSOR-
TIUM et al. 2006). The fold change enhances the reproducibility of the data and the
p-value balances sensitivity and specificity and minimizes the impact of di�erent normal-
ization algorithms (Figure 5.10; CONSORTIUM et al. 2006, SHI et al. 2008).

Multiple testing procedures: Regardless of the algorithm chosen, a very impor-
tant topic in microarray analysis is how to deal with the multiple comparisons problem.
Statistical testing of microarray data performs thousands of comparisons in parallel. The
probability of drawing a correct conclusion from all genes in an experiment is calculated
by multiplication of the probabilities of every single gene (DRAGHICI 2011). Hence, if
conventional statistics with a p-value threshold of 0.05 would be applied, parallel testing of
40,000 genes would falsely detect 2000 genes as being di�erentially regulated. This means
that statistical methods have to be adjusted in a way, that the false positive rate (Type
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Figure 5.9: Comparison of selection methods for di�erential expression
Venn-diagram comparing 4 di�erent methods for the detection of di�erential expression,
namely Fold change (FC), Significance Analysis of Microarray (SAM), Ranked Product
Method (RP), and Linear Model for Microarray Data (LIMMA) on the same pre-processed
data set from a microarray experiment examining postnatal developmental changes in
murine spinal cord as shown in Figure 5.6 (RADDATZ et al. 2015). A cut-o� of -2
Æ FC Ø 2 was used for the FC method. For the three statistical tests, p-values were
adjusted for multiple testing employing the false discovery rate method introduced by
Benjamini and Hochberg (BENJAMINI and HOCHBERG 1995). Significant di�erential
expression was accepted as q-value Æ 0.01. Shown are the numbers of di�erentially ex-
pressed ProbeSets received by applying the di�erent algorithms. Lists of di�erentially
expressed ProbeSets were compared using InteractiVenn (http:// www.interactivenn.net/
index2.html; HEBERLE et al. 2015).
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Figure 5.10: Volcano plot
A volcano plot is the graphical representation of the joint filtering gene selection criterion
as recommended in Chapter 4.1. The fold changes displayed on the x-axis indicate the
biological impact of the change; the adjusted p-values displayed on the y-axis indicate
statistical evidence. Genes with marked di�erent expression between the conditions are
found remote from zero further to the left and right side of the x-axis. Highly significant
changes, in terms of statistical testing appear higher on the y-axis. The doted red lines
indicate the respective cut-o� values (-2 Æ FC Ø 2; p(adjusted) Æ 0.05). Displayed are
the folds changes and adjusted p-values of all ProbeSets from a microarray experiment
examining postnatal developmental changes in murine spinal cord as shown in Figure 5.6
and Figure 5.9 (RADDATZ et al. 2015). Di�erentially expressed ProbeSets representing
transcripts of the previous introduced Myelin basic protein (Mbp) gene (Figure 5.7; Table
5.3) are highlighted.
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I error) remains in a tolerable limit. It is done by calculating an adjusted p-value. The
family-wise error and the false discovery rate are two common error measures for choos-
ing a significance threshold in multiple testing (CHEN et al. 2007). Classical family-wise
error approaches like Bonferroni correction or äidák correction is however regarded as
being too conservative and unnecessarily stringent for gene expression analysis (CHEN
et al. 2007, DRAGHICI 2011). These methods would induce a huge loss of information
by increasing the Type II error and thus exhibit a very low power (VERDUCCI et al.
2006, SUAREZ et al. 2009, DRAGHICI 2011). Therefore other algorithms were intro-
duced (POUNDS 2006). The most commonly used method is the false discovery rate
(FDR), initially introduced by Benjamini and Hochberg (BENJAMINI and HOCHBERG
1995). FDR is defined as the proportion of false positives among all significant results
(POUNDS 2006). Multiple modifications have been made (STOREY and TIBSHIRANI
2003, MCLACHLAN et al. 2006). The most widely used method is a Bayesian approach
called pFDR, which estimates a quality called q-value for a particular gene introduced
by Storey and Tibshirani (STOREY and TIBSHIRANI 2003, SUAREZ et al. 2009). All
methods are considered to relatively reliably estimate the error rate since they apply a
similar set of operations to the p-values (POUNDS 2006). It is suggested that in doubt
the FDR introduced by Benjamini and Hochberg should be used and the adjusted p-values
should be reported (POUNDS 2006).

Venn Diagram: A simple and e�ective method to visualize di�erentially expressed
genes under di�erent conditions or from di�erent time points is by drawing a Venn dia-
gram (CAI et al. 2013). Various freely available programs were engineered for this pur-
pose, including applications with area-proportional Venn diagrams (VennMaster; http://
sysbio.uni-ulm.de/ Software:VennMaster; KESTLER et al. 2008)), direct transfer of
the overlapping groups to related information (BioVenn; http:// www.cmbi.ru.nl/ cdd/
biovenn/; HULSEN et al. 2008) or dividing genes by the their expression (VennPlex;
http:// www.irp.nia.nih.gov/ bioinformatics/ vennplex.html; CAI et al. 2013) are avail-
able. The di�erent intersections can subsequently be used for further analysis (RADDATZ
et al. 2015).

5.3.7 Cluster analysis

Clustering analysis is the most frequently used exploratory technique, when there is no
presumptive knowledge about the data (DATTA and DATTA 2006, DRAGHICI 2011,
BRAUN 2014). It is based on the idea that genes interact with each other and build groups
according to similar expression profiles (DATTA and DATTA 2006, BRAUN 2014). In
general, clustering genes is used to identify groups of co-regulated genes or typical spatial
and temporal expression patterns (Figure 5.11). Clustering samples is moreover suit-
able to identify distinct phenotypes, classes or stages of the disease as shown in Figure
5.11. Clustering methods are referred to as unsupervised machine learning algorithms
(DRAGHICI 2011). Expression profiles are grouped according to their similarity, where
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the measure of similarity is called the distance (DRAGHICI 2011). Multiple ways of cal-
culating the distance exist. Euclidean distance is the most commonly applied distance
measure. A variation of the aforementioned, the Squared Euclidean distance and the
Manhattan distance tend to give slightly more weight to the outlier (DRAGHICI 2011).
Pearson correlation distance focuses on whether the coordinates of two points change in
the same way. Problematic are outliers, which lower the overall correlation. Jackknife cor-
relation is more robust to one or few erroneous measurements (DRAGHICI 2011). What
distance measure to use depends on the structure of the data, and di�erent opinions in
the literature lead to no final consensus. Important to mention is that the clustering
algorithms are not necessarily deterministic, meaning, that the same clustering algorithm
applied to the same dataset may produce di�erent results because of their nondetermin-
istic components (DRAGHICI 2011). The most widely used methods are hierarchical
clustering, k-means and self-organizing maps (QUACKENBUSH 2006, BRAUN 2014).

Hierarchical clustering was the first clustering algorithm utilized in microarray
technology (EISEN et al. 1998) and is still the most popular clustering algorithm used
(DATTA and DATTA 2006). Hierarchical clustering is a deterministic method and can
be applied to all data, genes, samples, and time points. Hierarchical clustering produces
a cluster tree, also known as dendrogram ending with the single gene or samples (Figure
5.11). It is often intuitively displayed graphically as a heat map (Figure 5.11; EISEN
et al. 1998). The distance between the clusters can be the distance between nearest
neighbors (single linkage), between furthest neighbors (complete linkage), between the
center of the clusters (centroid linkage) or between the average between all pairs (aver-
age linkage). Although computationally more elaborate, centroid linkage represents the
structure of the data often more accurately than single linkage tends to (KERR et al.
2008, DRAGHICI 2011). Thus, it is generally not recommended to use single-linkages
clustering (D’HAESELEER 2005, JASKOWIAK et al. 2014). To divide the data in
meaningful clusters the dendrogram has to be cut on a certain point (Figure 5.11).

K-mean clustering is a simple and fast method and therefore the most widely used
nondeterministic algorithm (DRAGHICI 2011). The number of clusters has to be chosen
in advance by the user. To determine the number of clusters is a great issue (ZHAO and
KARYPIS 2005). If several classes are used, it is suggested to use the known number
of classes (DRAGHICI 2011). If the cluster analysis has an exploratory function, it is
recommended to repeat the analysis with di�erent clusters and compare the results (ZHAO
and KARYPIS 2005, DRAGHICI 2011). Some authors recommend to track the decrease
in intra-cluster distance after adding another cluster and using the number of clusters
where the decrease begins to stagnate (ZHAO and KARYPIS 2005), others recommend
to use PCA analysis to specify the number of clusters (QUACKENBUSH 2006). To assess
the trustworthiness of a cluster the size of the cluster can be compared to the distance
to the nearest cluster. If the distance between the clusters is larger than the size of the
cluster, the cluster can be considered as reliable (DRAGHICI 2011).
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Figure 5.11: Hierarchical cluster analysis
Heatmap displaying the expression profile of 780 di�erentially expressed ProbeSets from
the distemper data set (Figure 5.5; ULRICH et al. 2014b) . Each row represents a
ProbeSet; each column represents a sample, whitch was histologically categorized into
controls, acute, subacute and chronic canine distemper virus leukoencephalitis. For
a better graphical representation (color scale ranging from 4-fold down-regulation in
green to 4-fold up-regulation in red) of the expression values, the log2-transformed in-
dividual fold changes were utilized. Hierarchical cluster analysis was performed em-
ploying Euclidean distance and complete linkage using MultiExperiment Viewer (MeV;
http://www.tm4.org/mev.html). The tree map was cut according to the graphical repre-
sentation of the data, where 4 distinct expression profiles were identifiable (Cluster 1-4)
and following the recommendations as described in Chapter 4.4 (DRAGHICI 2011).
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Self-organizing maps (SOM) is a nondeterministic neuronal network technique. In
di�erence to the two previously mentioned algorithms SOM provides information about
the relationship of the patterns (TAMAYO et al. 1999, ZHAO and KARYPIS 2005,
QUACKENBUSH 2006). Depending on the distance metric, SOM is robust to noise and
outliers (KERR et al. 2008). Self-Organizing Tree Algorithm (SOTA) is a more
flexible combination of SOM and a top-down hierarchical clustering algorithm (YIN et al.
2006, KERR et al. 2008). Biclustering simultaneously clusters both rows and columns
to find local patterns (DRAGHICI 2011).

Nonetheless, not only the choice of a specific clustering algorithm is essential, but also
if all genes or a subset of genes should be used and whether to use original scaled data or
log scaled data (REIMERS 2005). Log scale is amplifying noise especially in genes with
low expression values, therefore if low abundance genes are included in the analysis, it is
recommended, that the original scale data are utilized (REIMERS 2005). Genes with an
expression value within the background noise should be discarded (KERR et al. 2008).
Table 5.4 provides a list of useful freely available clustering tools.

5.4 Functional annotation and pathway analysis

Identifying individual genes that show expression changes between di�erent conditions is
an important first step; however, from a pathologist’s point of view most experiments are
performed to transfer the results into mechanistic knowledge, which helps to understand
the biological or pathological processes involved. Thus, functional annotation of the DEGs
or subsets of genes obtained by cluster analysis or class discovery algorithms is a crucial
step when the analyst wants to gain insight into the pathogenesis of a respective disease.
In biology, expression changes do not occur independent from each other as the list of
di�erentially expressed genes suggests, but are part of complex pathways and networks.
One way of understanding these interdependencies is to categorize set of genes on the
basis of known functionally related groups.

5.4.1 Gene Ontology

In the beginning of microarray technology the main problem in the functional annotation
step was that di�erent formats and vocabularies were used in the existing databases (ASH-
BURNER et al. 2000). Therefore a uniformly structured, continuously updated, expert-
curated Gene Ontology (GO) was developed (http:// geneontology.org/; ASHBURNER
et al. 2000). This ontology provides associations between gene products and GO terms in
order to annotate genes based on existing biological knowledge (DRAGHICI 2011). Three
independent biological categories are di�erentiated, molecular function (MF), biological
process (BP), and cellular component (CC).

The GO annotation is structured in a tree-like system (Figure 5.12). Di�erent databases
provide GO-browsers, were queries for GO-terms and genes are operable. Frequently used
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Figure 5.12: Gene Ontology (GO) Term “B-cell mediated immunity”
The GO structure is exemplified by the GO Term “GO:0019724 B cell mediated immunity”
as represented in AmiGO 2 (ASHBURNER et al. 2000). Shown is the Term Information
with accession number, definition and comments about the Term (upper box), the Inferred
Tree View with the related subcategories (lower box) and a graphical representation of
the GO Graph containing the input GO term.

examples amongst others are AmiGO 2 (http:// amigo.geneontology.org/amigo; ASH-
BURNER et al. 2000) from the GO-Consortium and QuickGO (https:// www.ebi.ac.uk/
QuickGO/; BINNS et al. 2009) from The European Bioinformatics Institute of the Eu-
ropean Molecular Biology Laboratory (EMBL-EBI).

Additionally, the genes associated with GO-terms can be used as a gene signature to
compare the functional relevance of selected biological processes in the condition of interest
based on the frequency of DEGs (Figure 5.13; RADDATZ et al. 2014). For a review about
the GO term database and cross-hybridization techniques for non-model organisms as well
as potential pitfalls please see PRIMMER et al. 2013. Other comprehensive sources for
biological knowledge are PFAM for protein domains (FINN et al. 2014), TRANScription
FACtor database (TRANSFAC) for gene regulations (MATYS et al. 2006), and Online
Mendelian Inheritance in Man (OMIM) for disease associations (MCKUSICK 2007).

5.4.2 Enrichment analysis

Many tools are using GO as a background for enrichment analysis. These tools systemat-
ically map genes to associated functional terms (HUANG DA et al. 2009). The rationale
behind the di�erent enrichment analysis is that if a biological process is abnormal or
di�erent between the conditions, more genes than just by random chance associated to
this specific process can be found in the list of genes selected as relevant in the data set.
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Figure 5.13: Categorization of datasets using Gene Ontology
The data used here are obtained from a cross-platform, cross-species transcriptomic meta-
analysis of multiples sclerosis and its experimental models (RADDATZ et al. 2014). The
GO terms T-cell mediated immunity, immunoglobulin mediated immune response, posi-
tive regulation of apoptotic process, and myelination were selected as gene signatures for
specific pathomechanisms using AmiGO (LUCCHINETTI et al. 2000). Statistical anal-
ysis comparing the percentage of DEGs within each gene signature across experimental
autoimmune encephalomyelitis (EAE), Theiler�s murine encephalomyelitis (TME) and
a transgenic tumor necrosis factor-overexpressing mouse model (TNFtg) was performed
using Cochrans-Q and post-hoc McNemar tests (ú Æ 0.05).

Di�erent approaches have been developed for this purpose:
Over-representation Analysis: This algorithm compares the proportion of genes

within a list of DEGs which is associated with a particular GO term with the proportion
derived by chance (DRAGHICI 2011). Tests implemented in these over-representation
analyses are chi-square tests, Fisher�s exact test or a binomial probability and hyperge-
ometric distribution (DRAGHICI 2011, KHATRI et al. 2012). Commonly used, freely
available and established tools used for such enrichment analyses include Database for
Annotation, Visualization and Integrated Discovery (DAVID; HUANG et al. 2009) or
WebGestalt (WANG et al. 2013). However, numerous other tools with similar algorithms
have been introduced (HUANG DA et al. 2009).

Functional class scoring approaches: These methods do not requiring preselected
gene sets, but take all genes with expression values as input for the analysis (KHATRI
et al. 2012). Thus, they also consider genes with small, but coordinate changes, which
would otherwise not pass the preselection thresholds. Most of the applications rank genes
in a given functional term according to their expression, which makes the analysis more
robust to outliers. Despite these enhancements in comparison to over-representation anal-
ysis, functional class scoring approaches do not yet take interdependencies of genes and
di�erent biological processes into account (KHATRI et al. 2012). A frequently used
tool for functional class scoring approaches is Gene Set Enrichment Analysis (GSEA)-
algorithm, available as a platform independent execution in the java virtual machine
(http://software.broadinstitute.org/gsea/index.jsp), but also implemented in various mi-
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croarray analysis suites as web tool (SUBRAMANIAN et al. 2005). Further functional
class scoring enrichment tools amongst others are ermineJ (GILLIS et al. 2010) or FatiS-
can implemented in Babelomics (AL-SHAHROUR et al. 2005, HUANG DA et al. 2009).
For a comprehensive list of pathway tools, please see KHATRI et al. 2012.

Although over-representation Analysis algorithms are relatively simple, it is a very
e�cient way to extract considerable biological information from the large lists of genes
(HUANG DA et al. 2009). However, the tests do not consider expression values associ-
ated with the genes (KHATRI et al. 2012). By statistically examining only the number
of genes, all genes are treated equally without any weight assessment to them (KHA-
TRI et al. 2012). Therefore, the quality of the preselected genes highly impacts the
outcome of the analysis (HUANG DA et al. 2009). Furthermore, over-representation
analysis ignores correlations between the di�erent biological processes (KHATRI et al.
2012). Functional class scoring approaches methods overcome some of the limitations of
over-representation analysis by not requiring preselected gene sets and additionally uti-
lizing the expression values of the genes for the analysis (KHATRI et al. 2012). The
results of over-representation analysis and functional class scoring algorithms are quite
similar, although functional class scoring is thought to create more consistent results
than over-representation analysis (PAVLIDIS et al. 2004, HUANG et al. 2007). Over-
representation analysis is reported to detect commonly known and already anticipated
biological processes, whereas functional class scoring algorithms identify substantially
more and previously unknown functional relations to biological processes (RADDATZ et
al. 2014).

5.4.3 Pathway analysis:

However, biological processes are regulated by a complex system of interactions, unlike
GO, pathway databases try to address this challenge by o�ering networks of gene or pro-
tein interactions or metabolic reactions and signaling pathways. Interacting proteins for
the synthesis of di�erent metabolites in a cell are grouped into metabolic pathways, pro-
teins involved in signal transduction are grouped into signaling pathways. Freely available,
commonly used and most comprehensive pathway databases are KEGG (KANEHISA and
GOTO 2000), Reactome pathway knowledgebase (CROFT et al. 2014), PANTHER path-
way (MI and THOMAS 2009), National Cancer Institute-Pathway Interaction Database
(SCHAEFER et al. 2009) and WikiPathways (PICO et al. 2008). Most frequently used
commercial pathway analysis solutions are Metacore (GeneGO, St. Joseph, USA; Figure
5.14) and Ingenuity® Pathway Analysis (IPA; QIAGEN Redwood City, USA). These cu-
rated databases are more reliable than protein interaction networks, but do by far not
include all known genes or interactions (MITREA et al. 2013). However, a major problem
concerning pathway analysis is that the structure and information content of pathways,
even the definition of a pathway is lacking a corporate structure (MITREA et al. 2013).

Various tools use pathway databases additionally to GO as a backend database in
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Figure 5.14: Canonical Cholesterol metabolism pathway
Transcriptional changes associated with cholesterol metabolism pathway in a data set
from an experiment in Theiler�s murine encephalomyelitis virus (TMEV)-infected mice
as already introduced in Figure 5.4 and Figure 5.8 (ULRICH et al. 2010) illustrated in the
canonical cholesterol biosynthesis pathway map from MetacoreTM database (GeneGO, St.
Joseph, USA). The bars labeled from one to four display the magnitude of the fold changes
of significantly di�erentially regulated genes on 4 di�erent time-points. The blue indicator
scale indicates a down-regulation, the red indicator scale indicates an up-regulation.
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their enrichment analysis. Examples are Onto-Express (KHATRI et al. 2007), DAVID
(HUANG et al. 2009), WebGestalt (ZHANG et al. 2005) and Fatigo+ (AL-SHAHROUR
et al. 2007) amongst many others. Both over-representation analysis and functional
class scoring were adjusted for pathway analysis. In these algorithms the genes in the
di�erent pathways or networks are treated as a simple list of genes with the limitations
stated above. Pathway Topology-based approaches address these problems by using
similar algorithm as functional class scoring approaches, but including pathway topology
to compute gene-level statistics (KHATRI et al. 2012). The analysis is enhanced by in-
cluding interaction networks instead of considering pathways of simple collections of genes
(BRAUN 2014). For an extensive compilation and explanation of the di�erent algorithms,
please see MITREA et al. 2013 Although pathway topology-based approaches overcome
many drawbacks of the other functional annotation methods, a few limitations still re-
main. First, pathway topology is dependent on the specific type of the cell; furthermore,
these methods are not able to model the dynamic states of the network (KHATRI et al.
2012).

However, the currently available enrichment data-mining environment is very challeng-
ing for every data analyst, because of the incompleteness and unbalanced distribution of
annotations, the dependency between the genes, and the di�erent algorithms (HUANG
DA et al. 2009). Eventually it is the responsibility of the analyst to make the final deci-
sion based on biological knowledge (HUANG DA et al. 2009). No real guidelines can be
given concerning specific analytical strategies or even less precise instructions for specific
settings or configurations using the di�erent tools. The interpretation is therefore often
based on the collection of information from di�erent sources to draw final conclusions.

5.5 Bottom-up analysis of gene expression

Transcriptional data obtained by microarrays are not per se hypothesis-free, humble mass
data but can also be highly useful in hypothesis-driven studies. In the context of mech-
anistic studies researchers are often interested in the expression of only one or just a
few predetermined genes. The hypothesis-driven analysis of the expression data of a
priori selected genes systematically di�ers from the previously described approach and
therefore is named “bottom-up” analysis. Bottom-up analysis of microarray gene ex-
pression data starts at the level of normalized gene expression data and generally uses
conventional statistical methods and tests. The first step is the selection of interesting
candidate genes from previous experiments, scientific literature, pathways etc. During
this step a frequently encountered pitfall is the numerous synonyms and orthologs of
gene names in the di�erent repositories and the literature. Multiple synonyms for one
and the same input gene regularly prevent the second step, the correct assignment of
genes of interest to ProbeSets. However, the internet-database Ihop (http://www.ihop-
net.org/) is one out of a multitude of tools, which helps to identify the species-specific,
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o�cial gene name and gene symbol (FERNANDEZ et al. 2007). To remain with the
Mbp-example given in Figure 5.7 and Table 5.3, the synonymously used gene names for
myelin basic protein in mus musculus are C76307, golli-mbp, Hmbpr, MBP, mld, Myelin
A1 protein, Myelin basic protein, R75289, shi, Shi. Once the o�cial gene name is known,
the Ensembl genome browser can be configurated to display the ProbeSets of many com-
mercial microarrays from A�ymetrix, Agilent and Illumina aligned to the genomic DNA
and mRNA sequences (http://www.ensembl.org/; BALLESTER et al. 2010). Another
complementary strategy is the retrieval of matching ProbeSets and associated sequence
details from the online resources of the microarray manufacturers, for example NetA�yx
(http://www.a�ymetrix.com; LIU et al. 2003). However, as stated above a gene is rep-
resented by multiple gene specific target sequences (ProbeSets) on the microarray. Our
example from the mouse Mbp gene shows that there are 8 ProbeSets of the A�ymetrix
Gene Chip Mouse Genome 430 2.0 array targeting the respective genomic region Table
5.3.

Once the ProbeSet IDs specific for the gene of interest are known, the associated ex-
pression data can be easily retrieved from the preprocessed and normalized gene expression
data matrix. Notably, as stated in the introduction the gene expression data matrixes from
thousands of previously performed microarray experiments are commonly stored together
with all additional information about the experimental conditions in publically accessi-
ble genomic data repositories like ArrayExpress (https://www.ebi.ac.uk/arrayexpress/) or
GEO (http://www.ncbi.nlm.nih.gov/geo/). Preprocessed and normalized data are down-
loadable as .txt files from this repositories and easily processed with conventional spread-
sheet applications like Microsoft® Excel. Further implementations in this repositories
like GEO2R (http://www.ncbi.nlm.nih.gov/geo/geo2r/) even allow a direct comparison
and analysis of di�erential expression of two or more groups. This enables researchers
to extract and analyze the gene expression data concerning their genes of interest from
microarray experiments deposited by others.

The next steps after the extraction of the gene expression data are descriptive and
inferential data analysis using classical methods similar to the analysis of RT-qPCR or
other biological data (HAIST et al. 2012, HANSMANN et al. 2012, KREUTZER et
al. 2012, KEGLER et al. 2014, HERDER et al. 2015, SUN et al. 2015). The details
concerning the selection and implementation of possible statistical methods like ANOVA,
t-tests, Kruskal-Wallis tests, Mann-Whitney U-tests, Pearson’s and Spearman’s correla-
tion analyses are far beyond the focus of this manuscript and can be found in standard
textbooks. The pitfalls described in the Chapter “Annotation of microarray data”, when
working with genes instead of ProbeSets are particularly important, when using small sets
of genes. They highlight the necessity for manual inspection of each and every ProbeSet
under investigation and votes against a strategy of automatically calculating the mean of
ProbeSets with the same gene identifier.

One major shortcoming of microarray-derived gene expression data is the inherent

71



CHAPTER 5. MICROARRAY-BASED GENE EXPRESSION

lack of ProbeSet-specific quantitative standardization. This precludes estimation of the
absolute amount of mRNA molecules within a specimen as well as determination of the
threshold of detection. Like mentioned previously the spiked-in hybridization controls,
however, can be utilized to get the information if the expression is within the range or at
the lower or upper border of the assays sensitivity. Many comparisons of microarrays with
RT-qPCR have revealed a good correlation of both methods, although RT-qPCR clearly
has a higher sensitivity, confirming its role as the gold standard for mRNA quantification
(WANG et al. 2006, HANSMANN et al. 2012). Despite the good correlation, a systematic
underestimation of high absolute fold changes was observed for microarray data compared
with RT-qPCR in multiple studies (YUEN et al. 2002, DALLAS et al. 2005, WANG et
al. 2006, HANSMANN et al. 2012). This compression phenomenon is possibly related to
the smaller dynamic range of microarrays as compared to qPCR (DALLAS et al. 2005,
CANALES et al. 2006).

Conclusively, if publically available microarray data exist from a previously published
experiment with a design allowing to address the actual scientific hypothesis, it is worth-
while to manually analyze potential genes of interest in-silico. This enables the researcher
to obtain reliable results at no costs and no time in the wet lab. As a rule of thumb, rep-
etition of significant di�erential expression of a gene of interest revealed in a microarray
experiment by RT-qPCR is of low priority, whereas a result of no significant di�erence
in the microarray data set despite scientifically reasonable suspicion imposes the need for
confirmatory RT-qPCR.

5.6 Advanced methods of microarray analysis:
Biomarker discovery

Class discovery, also referred to as supervised machine learning techniques are algorithms,
which in contrast to the machine learning techniques used for unsupervised cluster analy-
sis, need additional explanatory data (for example qualitative descriptors such as disease
or control or quantitative immunohistochemistry or survival data). The goal of these
methods is to extract key-features, called classifiers, between the predefinded classes to
enable the categorization of further unclassified data (DRAGHICI 2011). Momentarily,
these methods are extensively used in the context of cancer research to extract biomark-
ers for classification and prognostic evaluation. Class discovery tools might be used in
veterinary medicine to discover biomarkers to predict the subtype, stage, prognosis or
appropriate therapeutic options for a disease based on the expression values (TEFFERI
et al. 2002, SU et al. 2013).

Classically, the dataset is split into training and test set. The training data set with
a priory known class a�liation, for example a specific histological pattern or clinical
outcome is used to detect general classifiers, which are able to di�erentiate between the
groups. These potential biomarkers are subsequently validated on the test set (SOMOR-
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JAI et al. 2003, DRAGHICI 2011). One main issue is, as frequently faced when working
with microarrays, the small number of samples per class in comparison with the very
large number of features (genes; SOMORJAI et al. 2003). This generates a problem
called “overfitting”, which produces classifiers too specific for a meaningful classification
(ANCONA et al. 2006). Thus a major part of consideration, when using these classifica-
tion methods is the selection of a relevant subset of genes, which are most promising to
detect relevant classifiers. Therefore redundant and noisy features have to be eliminated
in the feature selection step (SOMORJAI et al. 2003). For a robust classification a sample
per feature ratio of 5-10 is required, which is rarely achieved in microarray experiments
(SOMORJAI et al. 2003). If the sample-size is too small cross-validation methods can be
used(SOMORJAI et al. 2003, SAEYS et al. 2007, DRAGHICI 2011).

The most frequently used classification algorithms for biomarker detection are k-
nearest neighbors (THEILHABER et al. 2002), classification and regression trees (BOULE-
STEIX et al. 2003) artificial neuronal networks (BLOOM et al. 2004), and support vector
machines (BROWN et al. 2000, QUACKENBUSH 2006, MA and HUANG 2008, RES-
SOM et al. 2008).

5.7 RNAseq based gene expression analysis

In contrast to hybridization based microarray methods RNA sequencing (RNAseq) uses
next-generation sequencing (NGS) technologies for transcriptome profiling. Thereby it
reveals a complete snapshot of all the transcripts being available at that precise moment
in the cell. NGS allows sequencing of any piece of DNA or cDNA in terms of millions of
short reads. It is a powerful tool for quantification of gene expression, detection of splicing
variants and single nucleotide variations, and discovering of novel coding and noncoding
transcripts or fusion genes. Figure 5.15 illustrates the di�erence between the workflow of
a microarray experiment and an RNAseq experiment.

5.7.1 RNA sequencing

All currently available sequencing platforms require the generation of a DNA library
suitable for high throughput sequencing. Di�erent protocols have been developed for
strand-specific RNA-seq library preparation. A major representative method for this is
the Illumina RNA ligation method, which relies on attaching di�erent adapters in a known
orientation relative to the 5�and 3�ends of the RNA transcript (Figure 5.16; VAN DIJK
et al. 2014). For a technical presentation of the methods see MACHIDA and LIN 2014.

Each cDNA molecule from the prepared RNAseq library is then sequenced in a high-
throughput manner to obtain short sequences from one end (single-end sequencing) or
from both ends (pair-end sequencing). Depending on the DNA-sequencing technology
used, reads are typically 30-400 bp (WANG et al. 2009).

Various sequencing platforms are available on the market, among them SOLiD/Ion
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Figure 5.15: Workflow Microarray analysis vs. RNA sequencing analysis
The Figure illustrates the di�erence between the workflow of a microarray experiment
(green) and an RNAseq experiment (blue).
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Figure 5.16: RNA sequencing with Illumina technology
A: RNAseq library is prepared by fragmentation and ligation of two unique adapters. Sub-
sequently RNA is hybridized to generate cDNA and amplified using PCA. B: Forward
and reverse oligos for amplification are fixed to the entire flow cell lanes. The adapter se-
quences ligated during the library preparation are complementary to these oligos. Loading
the library on the flow cell the dsDNA is denatured in ssDNA molecules which hybridize
to the oligonucleotides on the surface. The oligos work as primers and an initial copy of
the original template DNA library molecule is generated. After removal of the original
molecule the copied library molecules can form a bridge structure by hybridization of its
generated 3�-adapter to the reverse oligos on the flow cell lanes. The following bridge
amplification is done through cyclic alternations of denaturation, annealing and exten-
sion steps. During this step about 800.000-1.000.000 clusters per mm2 are formed within
the flow cell lanes each containing about 1000 copies of the initial library molecule on a
unique spot (called “clonal cluster”; BUERMANS and DEN DUNNEN 2014). C: The
DNA in each cluster is made single-stranded and a universal sequencing primer is added.
During the sequencing reaction only a single base can be added by a polymerase enzyme
to each growing DNA copy strand. This is ensured with modified dNTPs containing a
reversible terminator which blocks further polymerization within one reaction cycle. Each
of the four di�erent dNTPs contains terminators with di�erent removable fluorophores.
This enables the addition of all four nucleotides (A, C, G and T) simultaneously. The
identity of the incorporated base can be determined by laser-induced excitation of the
fluorophores after each sequencing cycle. After imaging all clusters in the flow cell the
next sequencing cycle starts by removal of the terminator and incorporation of the next
nucleotide.
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Torrent PGM from Life Sciences, Genome Analyzer/HiSeq 2000/NextSeq/MiSeq from
Illumina, and GS FLX Titanium/GS Junior from Roche. For detailed comparisons of the
available platforms see (GLENN 2011, LIU et al. 2012). All of these platforms generate
a variety of file formats that can all be converted to the FASTQ format. The FASTQ
format has become a standard interchange file format for NGS data. It combines the
sequence and an associated per base quality score (COCK et al. 2010).

As an example the following detailed sequencing and analysis description relies on
RNAseq with the Illumina system. Among various sequencing systems Illumina provides
long enough, low-error reads that are suitable for mapping to reference genomes and
transcriptome assembly and is currently most frequently used platform for RNA-seq.

Using the Illumina sequencer the sequencing reaction including all enzymatic and
imaging steps as well as the preceding amplification of fragmented cDNA takes place in
a reaction chamber (flow cell; Figure 5.16). Fixed oligos on the flow cell lanes serve as
primers for the generation of clusters with identical copies of the initial cDNA molecule
(Figure 5.16). Illumina has optimized the so-called “sequencing by synthesis” technique
for the sequencing reaction which follows the cluster generation within the flow cell (Fig-
ure 5.16; BENTLEY et al. 2008). Primers are hybridized to the free fragment ends
and reversible terminated, fluorescence-labeled nucleotides are added. Accordingly, the
fluorescence emission of the incorporated nucleotide is detected in the respective cluster
(Figure 5.16). Subsequently the terminator is removed and a new fluorescence-labeled
nucleotide is added. This step is repeated till the fragments are read. A subsequent
read quality control analysis of sequence data is extremely important for a meaningful
downstream analysis.

5.7.2 Raw data processing

As in microarray analysis, many data analysis methods are available for RNAseq but
no standard protocol are defined. For a review see GARBER et al. 2011. Nevertheless
protocols for typical steps have been proposed and are widely used. Several publications
from the Food and Drug Administration (FDA) launched Sequencing Quality Control
(SEQC) project demonstrated a comprehensive assessment of RNAseq accuracy, repro-
ducibility and information content (CONSORTIUM 2014). Results from this consortium
might help to develop a standard for the analysis pipeline.

Frequently the raw imaging data per RNAseq cluster are converted directly into a
FASTQ file containing sequence and quality scores for each base of one read. The follow-
ing data analysis workflow comprises three main steps: the alignment of these reads to
an annotated genome, assembling into transcripts and quantification of gene expression
(Figure 5.17).

For RNAseq and the required transcriptome alignment a number of splicing-aware
mapping tools have been developed (KUKURBA and MONTGOMERY 2015). These
include Genomic Short-read Nucleotide Alignment Program (GSNAP; WU and NACU
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2010), MapSplice http://www.netlab.uky.edu/p/bioinfo/MapSplice (WANG et al. 2010),
RNA Seq Unified Mapper (RUM; http:// cbil.upenn.edu/RUM/; GRANT et al. 2011),
Spliced Transcripts Alignment to a Reference (STAR; https:// code.google.com/p/rna-
star/; DOBIN et al. 2013), and TopHat https:// ccb.jhu.edu/software/tophat/ index.shtml
(TRAPNELL et al. 2009). Each of them has specificities e.g. with respect to speed and
performance.

Transcript quantification read sequences are then counted and assembled into full
length transcripts (Figure 5.17). For gene expression estimation read counts must be nor-
malized to correct for systematic variability, such as library fragment size and read depth.
Therefore a widely used algorithm is used: the reads per kilobase of transcripts per million
mapped reads (RPKM). It normalizes the read count by both the gene length and the
total number of mapped reads. For paired-end reads the “paired fragments per kilobase
of transcript per million mapped reads (FPKM) metric” is used (TRAPNELL et al. 2010,
KUKURBA and MONTGOMERY 2015). Several publications claim, that for the mea-
surement of RNA abundance with RNAseq a slight modification of the FPKM/RPKM
metric would be required as it does not correctly measure the relative molar RNA concen-
tration (LI and DEWEY 2011, WAGNER et al. 2012). The metric proposed by Wagner
et al. (2012) is called transcripts per million (TPM). TPM respects the property that
there is an average invariance of the number of mapped reads between di�erent sets of
transcripts. RPKM or FPKM do not respect this invariance.

Some of the available software tools for transcript assembling and quantification rely
on the assembling by comparison to a reference genome, some others also provide a de
novo read assembling (e.g. Cu�inks, FluxCapacitor, iReckon,). Examples for algorithms
available for analysis of di�erential gene expression are Cu�di�2, DESeq, edger, and
BaySeq. For a comprehensive overview about some of these tools see KUKURBA and
MONTGOMERY 2015.

Currently a huge number of open source interfaces were developed in order to make
RNA-seq analysis steps accessible to life scientists without deep bioinformatics skills. An
overview about these interfaces as well as an evaluation of six of the more widely used
tools is provided in POPLAWSKI et al. 2015.

The sequencing depth (number of sequenced reads) between studies varies depending
on the scientific question behind the RNAseq experiment. For the detection of rare splice
events or new, lowly expressed transcripts (e.g. non-coding RNAs) a very deep sequenc-
ing (>80 million reads per sample) is required. However, for the expression analysis of
abundant transcripts (more than 10 FPKM) across di�erent conditions (e.g. time points,
chemical treatment) a sequencing depth of 36 million reads per sample may be su�cient
(SIMS et al. 2014).
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Figure 5.17: Workflow of RNA sequencing raw data analysis processing
After sequencing, the obtained short reads are aligned to a reference genome and assem-
bled into transcripts. After that, the expression level is quantified by counting the number
of reads.
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5.7.3 Di�erences between microarray and RNAseq data

RNAseq data are fundamentally di�erent from microarray data. In the case of microarrays
the scanner returns signal intensities for each probe on the array after hybridization
(Figure 5.15). In contrast RNAseq provides the quantification signal in terms of number
of reads mapped to a specific region (MARGUERAT and BAHLER 2010). Recently
it has been shown that RNAseq is more accurate over a larger dynamic range of gene
expression than expression microarrays (MARIONI et al. 2008, WAGNER et al. 2012).
Furthermore it is clearly superior to microarrays for its ability for de novo discovery and
detection of genes with low expression (KRATZ and CARNINCI 2014, WANG et al.
2014). An advantage of RNAseq is also its ability to quantify the whole transcriptome,
which is not possible with microarray analysis (JIANG et al. 2015).

Similar performance for both methods was observed with respect to classifiers to char-
acterize multiple modes of actions (MOAs; WANG et al. 2014). The workflow for biolog-
ical interpretation of mRNA expression data from RNAseq is very similar to the workflow
used for microarray data analysis. Instead of ProbeSets identifiers like A�ymetrix IDs
Ensemble Gene ID or RefSeq are used for the analysis employing the above described
applications (Figure 5.15). Therefore many methods presented in this review can easily
be applied in the same way to data obtained by RNAseq.

5.8 Conclusion

The veterinary pathologist works at the interface of multiple biomedical disciplines and
plays a key role in the integration and interpretation of information obtained by various
sources to meaningful pathogenetic knowledge. High-throughput, genome-wide analytical
technologies have conquered various fields of application including screening for diagnos-
tic and prognostic expression profiles or identifying key genes correlated with biological
processes or disease states. The increasing utilization of these technologies in veterinary
medicine will gradually revolutionize veterinary research and diagnostics and will shift
the focus to a global systems biology approach, where the morphologic and pathogenetic
expertise of pathologist will be needed to translate the in silico generated data into sen-
sible biological knowledge. As the tremendous amount of freely accessible data in public
repositories show, the challenge of future research will no longer be the production of
data, but rather the analysis and interpretation of the huge amount of data generated.
However, pathologists will not have to be computer scientists or statisticians to take full
advantage of these technologies. Numerous user-friendly applications are available for
users without programming skills. The presented methodical background on microarray
analysis assists the reader in using this technology as a supplemental tool to fill gaps in
the understanding of the pathogenesis of various diseases, develop new diagnostic and
prognostic biomarkers and identify potential targets for future therapeutic approaches.
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Chapter 6

Discussion

6.1 Cholesterol metabolism in Theiler’s Murine En-
cephalomyelitis

Previous studies reported inconsistent results concerning the role of cholesterol and high
fat diet as a pathomechanistic factor (WESTLUND and KURLAND 1953, SWANK 1954,
CUMINGS 1955, GERSTL et al. 1961, ALTER et al. 1974, WENDER et al. 1974,
WARREN et al. 1982, HEWSON et al. 1984, CONFALONI et al. 1988, ESPARZA
et al. 1995, LAUER 1997, GHADIRIAN et al. 1998, ZHANG et al. 2000, COO and
ARONSON 2004, SCHWARZ and LEWELING 2005, MARRIE and HORWITZ 2010).
Therefore, the first part of this study addressed this controversially discussed imbalances
of the lipid and cholesterol metabolism as a predisposing factor for the development and
progression of demyelinating disease by (i) detailed analysis of the transcriptional changes
along the cholesterol biosynthetic and metabolic pathway, (ii) quantitative analysis of the
lipid composition of spinal cord, blood serum, and liver, and (iii) determination of the
e�ect of experimentally-induced, systemic hypercholesterolemia during TMEV-infection.

6.1.1 Transcriptional profiling of cholesterol biosynthesis

Cholesterol synthesis is a key pathway and one of the rate-limiting steps during myeli-
nation (SAHER et al. 2011). Under physiological conditions cholesterol is synthesized
locally de novo in the central nervous system (CNS) and the blood brain barrier shields
the brain cholesterol metabolism from the circulatory cholesterol pool (SAHER et al.
2005). In order do gain insight into cholesterol biosynthesis and metabolism during the
pathological condition; a detailed transcriptional analysis of these pathways was per-
formed in the spinal cord of TMEV-infected animals in comparison to mock-infected
animals. The transcriptional analysis observed a down-regulation of virtually all genes
associated with cholesterol biosynthesis. The majority of the examined genes showed pro-
gressive decrease of expression values from day 14 to day 196 post infection, indicating
a continuous decline in cholesterol synthesis. This transcriptional observations correlate
with the chronic progressive clinical course of TME. Similar results were found in myelin
oligodendrocyte glycoprotein (MOG)-induced experimental autoimmune encephalomyeli-
tis (EAE) in rats (MUELLER et al. 2008). Furthermore, in more than 75% of all
MS patients a down-regulation of 3-hydroxy-3-methylglutaryl-CoA (HMG-CoA) reduc-
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tase and squalene monooxidase, two important enzymes in the cholesterol biosynthesis
process were described (LOCK et al. 2002). In these studies, the authors suggested
the down-regulation being the result of a negative feedback on the cholesterol synthesis,
which could possibly represent a transcriptional representation of a reduced capacity for
myelin regeneration (LOCK et al. 2002, MUELLER et al. 2008). Seven genes, namely
Idi1, Hmgcs1, Lss, Sc4mol, Tm7sf2, 24-dehydrocholesterol reductase (Dhcr24), and sterol-
C5-desaturase (Sc5d), of the cholesterol biosynthesis pathway were down-regulated at all
examined time-points. The rather early decrease in their expression, already at 14dpi,
could indicate an regulatory importance or special vulnerability of the expressing cells to
the viral infection and inflammatory changes in the environment. Amongst these genes,
Idi1 was identified as the gene with the lowest expression values in TMEV-infected ani-
mals. It encodes an enzyme that catalyzes the conversion of isopentenyl diphosphate to
dimethylallyl diphosphate, a substrate for farnesyl synthesis (MAGLOTT et al. 2011).
Reduced activity of Idi1 is known to be involved in the development of Zellweger syn-
drome and neonatal adrenoleukodystrophy, two neurological disorders characterized by
inflammatory demyelination, non-inflammatory dysmyelination and non-specific reduc-
tion of the myelin volume caused by lipid disturbances (POWERS and MOSER 1998).
Additionally, a down-regulation in all studied time points was detected for Hmgcs1, a
gene important for the conversion of (S)-3-hydroxy-3-methylglutaryl-CoA and CoA to
acetyl-CoA. A mutation in Hmgcs1 seems to be responsible for a misdirected migration
of OPCs causing a lack of interaction between glial cells and axons resulting in a failure
to express myelin genes (MATHEWS et al. 2014). The protein encoded by Lss catalyzes
the first step in the biosynthesis of cholesterol by the conversion of (S)-2,3 oxidosqualene
to lanosterol (MAGLOTT et al. 2011). A decrease in lanosterol levels was observed
to in Alzheimer�s disease and Parkinson’s disease (LIM et al. 2012). There is limited
knowledge about Sc4mol, encoding for sterol-C4- methyl-oxidase in the brain, but it was
observed to be involved in the aging of the periphery nervous system (VERDIER et al.
2012). Tm7sf2 encodes 3 beta-hydroxysterol delta(14)-reductase, which operates during
the conversion of lanosterol to cholesterol. However, a deficiency of Tm7sf2 in mice did
not lead to alterations in the cholesterol synthesis (BENNATI et al. 2006). Furthermore,
Dhcr24 and Sc5d were down-regulated at all time points. Dhcr24 encodes a flavin ade-
nine dinucleotide (FAD)-dependent oxidoreductase, which catalyzes the reduction of the
delta-24 double bond of sterol intermediates during cholesterol biosynthesis (MAGLOTT
et al. 2011). Desmosterolosis, caused by a mutation in this genes results in low cholesterol
and elevated levels of desmosterol, an intermediate precursor in cholesterol biosynthesis
(WATERHAM et al. 2001). CNS cholesterol synthesis via desmosterol pathway seems
to be preferred in neurons (WECHSLER et al. 2003). The transformation of lanos-
terol into 7-dehydrocholesterol is diminished by a mutation in Sc5d (KANUNGO et al.
2013). Mutations in both genes, Dhcr24 and Sc5d, result in a phenotype similar to the
human Smith–Lemli–Opitz syndrome (SLOS) (SAHER et al. 2005). SLOS is caused
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by an inherited mutation in 7-dehydrocholesterol reductase (DHCR7), a gene responsible
for the conversion of 7-dehydrocholesterol to cholesterol. The disorder is characterized
by dysmyelinogenesis (ELIAS et al. 1997, IRONS et al. 1997, CARUSO et al. 2004).
Interestingly, dietary cholesterol supplementation is suggested as a possible therapy in
this disease (ELIAS et al. 1997, IRONS et al. 1997, CARUSO et al. 2004). DHCR7
down-regulation was also described in MS lesions and normal appearing white matter of
a�ected patients. The authors suggested a down-regulation of cholesterol biosynthesis
prior to demyelination (LINDBERG et al. 2004). In the present study down-regulation of
Dhcr7 was observed beginning with day 42 post infection, where first demyelinating lesions
where found. Moreover, the detected down-regulation of Cyp46a1, encoding an important
cholesterol-removing enzyme, and the increased gene expression of Apoe and Abca1, both
involved in the e�ux and transport of cholesterol, lead in all likelihood to changes in
CNS cholesterol homeostasis (MARTIN et al. 2010). Under normal conditions, Cyp46a1
is expressed in neurons and responsible for the synthesis of 24S-hydroxycholesterol. 24S-
hydroxycholesterol has the ability to cross the blood brain barrier and enter the circulation
and thus allows the elimination of cholesterol from the brain (LEONI and CACCIA 2013).
Non-neuronal expression was found in astrocytes in Alzheimer�s disease or in macrophages
in EAE (TEUNISSEN et al. 2007, LEONI and CACCIA 2013). Furthermore, plasma lev-
els of 24S-hydroxycholesterol were significantly reduced in relapsing remitting and primary
progressive MS patients. Young patients with early stages of the disease showed normal,
in some cases elevated plasma levels (LEONI and CACCIA 2013). The majority of choles-
terol transport in the brain is mediated via ApoE (LINTON et al. 1991, LAHIRI 2004,
ZHANG and LIU 2015). Glial cells, predominantly astrocytes produce ApoE-containing
lipoproteins, which are taken up by neurons (MAHLEY et al. 2006). ABC transporters
mediate lipid transport in the CNS and are a fundamental part in the formation of the
ApoE-containing lipoproteins (TACHIKAWA et al. 2005). ABCA1 mediates the transfer
of lipids onto lipid-free apolipoproteins (ZHANG and LIU 2015). Up-regulation of ApoE
expression was also found during the recovery phase of EAE (MUELLER et al. 2008).
Based on these investigations on the transcriptional level an involvement of imbalances
in cholesterol biosynthesis und metabolism in the progression of demyelinating diseases
is to be expected. Observations during developmental myelination suggested the pres-
ence of specific checkpoints to ensure su�cient production of cholesterol to precede brain
myelination (HERZ and FARESE 1999, FÜNFSCHILLING et al. 2012). Studies showed,
that deficient cholesterol biosynthesis delays myelination in oligodendrocytes (SAHER
et al. 2005). Considering the concepts derived from this results during developmental
myelination, insu�cient cholesterol biosynthesis seems to a plausible explanation for the
impaired remyelination found in TMEV (ULRICH et al. 2008) and about 80% of MS
patients (PATRIKIOS et al. 2006). However, a down-regulation of the genes associated
with cholesterol biosynthesis secondary to demyelination or loss of oligodendrocytes can-
not be excluded. These results are further substantiated by the observed down-regulation
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of the cholesterol biosynthesis pathway during physiological aging of the nervous system,
which might be a possible explanation for the reduced remyelination-capacity in the ag-
ing brain (MARTIN et al. 2010, VERDIER et al. 2012, CRAWFORD et al. 2013). To
further elucidate the underlying processes, the lipid composition of the main cholesterol
repositories in the body was subsequently analyzed.

6.1.2 Changes in the lipid composition of blood serum, liver,
and spinal cord

Recent studies indicate that serum dyslipidemia could be a comorbidity of MS (MAR-
RIE and HORWITZ 2010). Di�erent MRI studies in MS patients showed an association
of an adverse lipid profile with a progression of patients’ disability (GIUBILEI et al.
2002, WEINSTOCK-GUTTMAN et al. 2011, WEINSTOCK-GUTTMAN et al. 2013,
TETTEY et al. 2014a, TETTEY et al. 2014b). Adverse lipid profiles, especially low high
density lipoproteins (HDL) and high LDL levels, are known to act as pro-inflammatory
mediators either initiating or exacerbating inflammatory diseases (ESTEVE et al. 2005).
In the present study no significant influence of TMEV-infection on serum and liver lipid
composition could be determined. However, under physiological conditions the mouse
shows comparably high HDL and low LDL levels (GETZ and REARDON 2006), which
could be one of the reasons for the observed discrepancies of the present study and the
observations described in MS patients. Additionally, in humans possible contributing
factors as changes in lifestyle due to physical and mental impairment, which could lead
to the observed dyslipidemia (MARRIE and HORWITZ 2010) are of subordinate signifi-
cance in an animal model. Yet, likewise inconsistent results are described in the human
diseases. One study reported increased plasma levels triglycerides and decreased LDL
levels of MS patients in comparison to healthy controls (PALAVRA et al. 2013). Another
study recorded increased total cholesterol, HDL, LDL, and triglyceride serum levels in
MS patients (STERNBERG et al. 2013). In the spinal cord, GalC and sphingomyelin
levels were significantly decreased in TMEV-infected animals at 196dpi. GalC is the most
typical myelin lipid and is used as a marker for mature oligodendrocytes (BAUMANN
and PHAM-DINH 2001). Sphingomyelin is involved in cell adhesion and forms lipid rafts
with cholesterol for signal transduction (LINDNER and NAIM 2009, PODBIELSKA et
al. 2012). Interestingly, although decreased cholesterol levels are described in lesions
and normal appearing white matter in MS patients (CUMINGS 1955, GERSTL et al.
1961, WENDER et al. 1974), in the present study no di�erences were observable between
TMEV- and mock-infected animals. A possible explanation are the di�erent degradation
capacities for the various lipid components in the myelin sheath and the sustained du-
ration of the disease in human patients. Under physiological circumstances, cholesterol
has a half-life of about 300 days. In contrast, cerebrosides have a half-life of about 20
days (ANDO et al. 2003). Furthermore, hyperactivities of degradation enzymes as de-
scribed for the hydrolysis of sphingomyelin may play a central role (WHEELER et al.
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2008). However, an impaired response or clearing activity of macrophages might repre-
sent a possible cause for the poor clearance of myelin debris leading to dysregulation of
OPC di�erentiation (ROBINSON and MILLER 1999, KOTTER et al. 2006). In a third
step, since lipid balanced diet did not lead to detectable serum dyslipidemia the e�ect of
dietary induced hypercholesterolemia in TME was studied.

6.1.3 Influence of hypercholesterolemia on TMEV-infection

The impact of nutritional habits, in particular the influence of dietary lipids is still con-
troversial discussed in MS aetiology. Half a century ago a positive correlation between
high dietary fat intake and the risk for developing multiple sclerosis (MS) was described
(SWANK 1950). Since then numerous studies have been conducted investigating high fat
diets, obesity and hypercholesterolemia as possible risk factors for MS (WESTLUND and
KURLAND 1953, SWANK 1954, ALTER et al. 1974, WARREN et al. 1982, ESPARZA
et al. 1995, LAUER 1997, GHADIRIAN et al. 1998, ZHANG et al. 2000). Etiological
assumptions of the observed negative impact of high fat diets and/or hypercholesterolemia
included changes of the fatty acid composition of myelin sheath, increased platelet ag-
gregation resulting in ischemic damage of the blood-brain barrier and alteration of the
immune response (ALTER et al. 1974), (SWANK 1954) (LAUER 1997) (OZAY et al.
2014). However, conflicting findings of various studies allowed no final conclusion (AL-
TER et al. 1974, HEWSON et al. 1984, ZHANG et al. 2000, COO and ARONSON 2004,
SCHWARZ and LEWELING 2005). On the contrary dietary cholesterol biosynthesis is
a key pathway during the physiologic myelination process (SAHER et al. 2005), and
transcriptional down-regulation of cholesterol biosynthesis is the most important biolog-
ical function associated with demyelination in TME (ULRICH et al. 2010). Cholesterol
supplementation is one of the standard therapies leading to an improvement of clinical
symptoms and lipid abnormalities in Smith-Lemli-Opitz-Syndrome (ELIAS et al. 1997,
IRONS et al. 1997, CARUSO et al. 2004). Furthermore, administration of dietary
lipids during pregnancy and lactation had an accelerating e�ect on the myelination in
rats (SALVATI et al. 1996). Moreover, feeding high levels of cholesterol resulted in in-
creased brain cholesterol level in rabbits (SPARKS et al. 1994) and temporarily in rats
(DUFOUR et al. 2006). To address the controversial relationship of high fat/cholesterol
diet and hypercholesterolemia on initiation or progression of de- and remyelination the ef-
fects of dietary-induced, systemic hypercholesterolemia on TMEV-infection were studied
in SJL/J mice. In the present study, we could neither detect a beneficial nor disadvan-
tageous impact of a high cholesterol diet on the development of TMEV-infection. No
e�ect between the two feeding groups was detected on the motoric performance and on
the amount, onset or duration of meningitis, leukomyelitis, demyelination or remyelina-
tion in TMEV-infected animals. A profound meningitis and leukomyelitis was observed
as early as 7 dpi in all TMEV-infected animals. Inflammatory infiltrates were first pre-
dominately compost of CD3-positive T-lymphocytes. At 42 dpi additional IgG-producing
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B-lymphocytes and macrophages support the inflammatory response. Explicit demyeli-
nated areas were observed in all TMEV-infected areas at 42 dpi, were as single spots
of demyelinated axons were already detectable in few animals at 21 dpi. Remyelination
followed with single remyelinated axons at 42 dpi with a subsequent increase in the size
of the remyelinated areal at 98 and 196dpi. These e�ects of TMEV infections were re-
peatedly described and discussed in the literature (ULRICH et al. 2005, HANSMANN
et al. 2012). As described in previous studies a progressive significant increase of OPCs
without di�erentiation to myelinating oligodendrocytes was present in TMEV-infeced an-
imals in both feeding groups. Interestingly, a similar di�erentiation arrest was observed
in a cuprizone experiment in simvastatin-treated animals (MIRON et al. 2009). The
reason for the significantly decreased density of NG2-positive cells in the TMEV-infected,
Paigen diet fed mice compared with TMEV-infected, control diet fed animals of 35.4% at
196dpi remains elusive. Since no consecutive changes were found in the myelin content
of the spinal cord, the observation cannot be explained by an increased di�erentiation of
OPCs to myelinating oligodendrocytes. Evaluation of demyelination and remyelination
detected no di�erence between the feeding groups, therefore it can be conclude, that a
solely dietary cholesterol supplementation is not su�cient to overcome the di�erentiation
arrest of OPCs in TME. Nevertheless, the results of the present study are in contrast to
a recently published feeding experiment using a Western-type lipid-rich diet conducted in
a MOG-induced EAE study in C57BL/6J OlaHSD mice (TIMMERMANS et al. 2014).
Their data showed, that high fat diet increased the immune cell infiltration, inflamma-
tory mediator production and exacerbated neurological symptoms (TIMMERMANS et
al. 2014). The di�erence may be due to the di�erent mouse strains used or the mode in
which myelin loss is induced. The C57BL/6J mice used by Timmermans et al. (2014)
are known to be one of the most atherosclerosis sensitive strains (GETZ and REARDON
2006), whereas the SJL/J mouse strain develops a significant hypercholesterolemia, de-
spite a relative resistance to atherosclerosis, when fed with Paigen diet (PAIGEN et al.
1990, NISHINA et al. 1993). In contrast to Paigen diet, Western-type diet is known
to have a higher atherogenic potential (GETZ and REARDON 2006). Thus, the in-
creased inflammatory reaction in Timmermans et al. (2014) could be a secondary e�ect
of atherosclerotic changes or caused by the C57BL/6-specific inflammatory response to
high fat diets (ISHII et al. 1995, FRIEDMAN et al. 2000). Clinical chemistry showed
significantly elevated total cholesterol, HDL, LDL and free fatty acids in the blood serum
of all Paigen diet fed animals. The observed down-regulation of triglycerides as an ef-
fect of the Paigen diet is well known in atherosclerosis research (PAIGEN et al. 1990,
NISHINA et al. 1993, GETZ and REARDON 2006). An interesting finding, however,
was the increase of sphingomyelin levels in the spinal cord at 98dpi in TMEV-infected
Paigen diet fed mice compared to TMEV-infected control diet fed mice. Sphingomyelin
accounts for about 20% of the phospholipid in plasma lipoproteins and is increased in
response to high cholesterol diet and metabolic abnormalities (NILSSON and DUAN
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2006). Previous studies showed that brain capillaries are able to take-up sphingomyelin
from the circulatory (BENTEJAC et al. 1989, HOMAYOUN et al. 1989). The up-take
in myelinating brains was higher than in mature brains (BENTEJAC et al. 1989). In-
creased sphingomyelin levels have been described to be beneficial in brain vulnerability
to oxidative stress (HALMER et al. 2014). On the other hand sphingomyelin is thought
to be involved in multiple neurological disorders (ADIBHATLA and HATCHER 2008,
HAUGHEY 2010). However, the results of the present study showed no secondary ef-
fect of the increased sphingomyelin levels, therefore, the biological relevance is remains
unclear.

6.1.4 Conclusion

Based on the insights gained in this study it can be concluded that down-regulation of
cholesterol biosynthesis is a robust transcriptional marker for demyelination in TME.
Serum hypercholesterolemia and dyslipidemia exhibit no negative e�ect on virus-induced,
inflammatory demyelination in the CNS in an atherosclerosis-resistant mouse strain. The
reported findings could indicate that the inconclusive reports regarding dyslipidemia and
MS are influenced by rather indirect pathomechanistic factors and/or the confounding
influence of the respective genetic predisposition towards atherosclerosis. Furthermore,
de- and remyelination represent two processes that develop and precede independently
from serum cholesterol levels, most likely because of an inability of circulatory cholesterol
to enter the CNS due to a impermeable blood brain barrier.

6.2 Application-oriented introduction to microarray
analysis

Over the last decade, enormous advances in high-throughput technologies revolutionized
life science research. Traditional approaches were specific mechanisms were often over-
simplified in order to gain information about a specific individual function, are not able to
describe the complex interrelationship of biological pathways and mechanisms in biomed-
ical research. The introduction of high-throughput technologies made it possible to study
the genome, transcriptome, proteome or metabolome of a specific tissue or cell in a single
automated experiment. One widely used tool in life science is microarray technology. The
method allows the investigation of the whole transcriptome, the set of all RNA molecules,
in a cell or tissue at a certain point in time in a single experiment, generating thousand of
expression values. However, the massive increase in the amount of data generated lead to
new challenges and strategic demands for the scientist to process, analyze and store these
enormous data quantity. Powerful mathematical and statistical techniques are required to
deal with this issue and traditional methods can not merely be transferred. Bioinformat-
ics is an emerging discipline dealing with this problem. This scientific field closes the gap
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between analytical and biological science by transferring data into biological knowledge.
(DRAGHICI 2011). Yet, microarray technology and analytical approaches have matured
for almost two decades and turned into a sensitive, reliable and robust method during
the last years and became adapted to many situations. This method has conquered vari-
ous fields of application including clinical applications such as screening for diagnostic or
prognostic expression profiles or identifying key genes correlated with biological processes
or disease states. The processing software for microarray analysis has become extremely
user-friendly and a majority is available free of charge for various applications.

Most importantly, due to the enormous e�orts to standardize the presentation and
exchanging of microarray data (good scientific practice requires a deposition of raw and
processed data in accordance to minimum information about microarray experiment (MI-
AME) standards defined by Brazma et al., 2001 (BRAZMA et al. 2001) in public archives)
a vast amount of microarray gene expression data sets are available through public repos-
itories, foremost National Center for Biotechnology Information (NCBI) Gene Expression
Omnibus (GEO; BARRETT et al. 2011, BARRETT et al. 2013) and ArrayExpress
(RUSTICI et al. 2013). New possibilities lay in the re-analysis or combination of this
tremendous amount of freely and easily accessible information (RADDATZ et al. 2014).
To explore the potential of this data, a basic knowledge of possible methods and applica-
tions is crucial.

However, the available literature usually focuses on excruciating details designed for
mathematicians or computer scientists as the target audience. The review about microar-
ray analysis gives a clear and systematic basis about basic microarray analysis from the
point of view of a veterinary pathologist. In particular, the present thesis the questions,
which data analysis techniques are available for users without detailed programming skills
and what are the most appropriate methods for a specific research purpose were answered.
Furthermore the transformation of the huge amount of information obtained by a single
experiment into biological knowledge were displayed. Important challenges and pitfalls
in data analysis were presented on representative original data sets. Furthermore the
technology of the next generation sequencing platform RNAseq, which is considered to
be the successor platform for gene expression studies, was introduced. Most researchers
agree that the challenge of future research is no longer data production but rather the
analysis and interpretation of the hugh amount of data generated (DRAGHICI 2011). A
major part in the new era of biomedical research will be the in silico mining of data and
the integration of various knowledge from di�erent sources in a global approach.

6.3 Concluding remarks

Previously performed, data-driven, global transcriptional analysis in TME indicated, that
there is high association of down-regulated cholesterol biosynthesis with the increasing loss
of myelin and a deterioration of the clinical score. Thus an altered cholesterol biosynthesis
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was suggested to be involved in the chronic demyelinating disease by inhibiting remyeli-
nation (ULRICH et al. 2010). To study the gene expression associated with cholesterol
biosynthesis and metabolism in more detail, a bottom-up analysis approach was used to
re-analyze the previously described data-set in the first part of this thesis. As described in
the second part of this thesis, in contrast to the traditional data-driven approaches tran-
scriptional data obtained by microarray analysis can also be advantageous for hypothesis-
driven studies. Accordingly to the recommendations presented in the second part of
the thesis a preselected gene-set of transcripts associated to cholesterol metabolism and
transport was curated and further analyzed. This approach demonstrated, that down-
regulation of cholesterol biosynthesis is a robust transcriptional marker for demyelination
in TME, which is in agreement with other studies in animal models and MS patients
(LOCK et al. 2002, MUELLER et al. 2008). However, our subsequent in vivo study could
not determine the primary cause or the consequences of the observed down-regulation.
The reason for this is unknown, however, a down-regulation of the genes associated with
cholesterol biosynthesis secondary to demyelination or loss of oligodendrocytes cannot be
excluded.

Yet, the results on the transcriptional level demonstrate, that bottom-up analysis
of microarray data could be highly useful in hypothesis-driven studies. Conclusively, if
publicly available microarray data exist from a previously published experiment with a
design allowing to address the actual scientific hypothesis, it is worthwhile to manually
analyze potential genes of interest in silico. This enables the researcher to obtain reliable
results at no costs. In the past few years, great e�orts were made from the bioinformatic
community to enable exchange of data-sets in a standardized way (BRAZMA et al. 2001,
BARRETT et al. 2011, BARRETT et al. 2013, RUSTICI et al. 2013). Furthermore,
the processing software for microarray analysis has become extremely user-friendly and
is available free of charge for various applications. In order to make this great source of
knowledge available for a wide range of biomedical researchers the second part of the thesis
focused on an application-centric introduction to microarray analysis for users without
detailed programming skills. For the bottom-up analysis genes associated with cholesterol
biosynthesis and metabolism were extracted from the canonical cholesterol biosynthesis
pathway of Metacore™ database (version 6.5, GeneGo, St. Joseph, MO, USA) or manually
curated from previous published literature. However, other methods or databases, as
described in the second part of the thesis can also be useful for collecting a representative
gene set. Data collection can be very challenging, because of the incompleteness and
unbalanced distribution of annotations (HUANG DA et al. 2009). The platforms are still
very inconsistent in the representation of the di�erent pathways and a serious problem
concerning this approach is the name-space mapping from one source to another. Di�erent
platforms use di�erent identifier as an input. The introduction to microanalysis of this
thesis proposes several solutions for this problem.
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In summary the present thesis demonstrates that new possibilities lay in the re-analysis
of publicly available microarray data and proves that microarray data are a usefull tool for
hypothesis driven approaches. The down-regulation of genes associated with cholesterol
biosynthesis was identified as a robust transcriptional marker for demyelination. Based on
this result the lipid composition of the body’s major lipid repositories and dietary-induced
hypercholesterolemia was studied in vivo, which could not lead to a final conclusion about
the impact of this observation in demyelinating diseases and further studies are needed
to elucidate this complex role.
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Chapter 8

Summary

Influence of a dietary-induced hypercholesterolemia on the patho-
genesis of Theiler�s murine encephalomyelitis with special empha-
sis on transcriptional changes
Barbara Beate Rosa Raddatz

In multiples sclerosis (MS), an immune-mediated disease of the central nervous system
(CNS), inflammation, demyelination and axonal degeneration are responsible for the va-
riety of neurological disabilities. The basis for the disease progression is ongoing myelin
destruction and a failure of remyelination resulting in progressive axonal damage with
limited capacity to regenerate. Therefore, one of the main objectives in multiples sclero-
sis research is to identify the molecular mechanisms leading to a failure of remyelination
and to identify potential targets for future therapeutic approaches.
Transcriptional profiling has become a powerful tool in exploratory research and led to
essential insights in the complex pathomechanisms of demyelinating diseases. Tran-
scriptional analysis in demyelinating diseases suggested an involvement of cholesterol
metabolism as a possible cause for inadequate remyelination in progressive demyelinat-
ing diseases. Therefore, the first part of this study addresses the possible interaction
of dyslipidemia or disturbances of the cholesterol metabolism in Theiler’s murine en-
cephalomyelitis (TME), an experimentally, virus-induced, inflammatory, demyelinating
disease of the spinal cord in susceptible mouse strains. Consequently, expression of genes
associated to cholesterol biosynthesis and metabolism, composition of the body’s major
lipid repositories and diet-induced, systemic hypercholesterolemia were examined in TME
using histology, immunohistochemistry, serum clinical chemistry, microarray analysis and
high-performance thin layer chromatography. TME-virus (TMEV)-infected mice showed
progressive loss of motor performance and demyelinating leukomyelitis. Gene expression
associated with cholesterol biosynthesis was overall down-regulated in the spinal cord
of TMEV-infected animals. Spinal cord levels of galactocerebroside and sphingomyelin
were reduced on day 196 post TMEV infection. Paigen diet induced serum hypercholes-
terolemia and hepatic lipidosis. However, high dietary fat and cholesterol intake led to
no significant di�erences in clinical course, inflammatory response, astrocytosis, and the
amount of demyelination and remyelination in the spinal cord of TMEV-infected animals.
The results suggest that down-regulation of cholesterol biosynthesis is a transcriptional
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marker for demyelination, quantitative loss of myelin-specific lipids, but not cholesterol
occurs late in chronic demyelination, and serum hypercholesterolemia exhibited no signif-
icant e�ect on TMEV infection.
As the results of the first part of this thesis have shown, gene expression profiling using
microarray technology represents a potent method to discover novel relationships and in-
teractions in complex diseases. The large-scale data sets generated by microarrays help
to understand complex signaling pathways and pathomechanistic processes in di�erent
somatic cell types and tissues, under various extrinsic and intrinsic conditions. Because
microarray analysis became a sensitive, reliable and robust method during the last few
years a vast amount of microarray gene expression data sets were produced and are avail-
able through public repositories. New possibilities lay in the re-analysis or combination
of the freely and easily accessible information. To explore the potential of this data, a
basic knowledge of possible methods and applications is crucial. Therefore, the second
part of the study presents an application-oriented introduction to microarray data anal-
ysis techniques for users without detailed bioinformatic knowledge from the point of few
of a veterinary pathologist. In particular, the present report aims to clarify, which data
analysis techniques are available and what are the most appropriate methods for a specific
research purpose. A main goal of the second part of the study is to assist the reader in
the transformation of the huge amount of information obtained by a single experiment
into biological knowledge and to point out important challenges and pitfalls by presenting
real representative data that illustrate common problems in data analysis.
Both parts of this thesis highlight the great potential of novel high-throughput technolo-
gies in both, data-driven analysis for the generation of new hypothesis, and hypothesis-
driven approaches to study particular signaling pathways and regulatory interactions. By
means of these methodologies an interesting novel association of cholesterol metabolism
and demyelination was found.
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Chapter 9

Zusammenfassung

Einfluss einer Diät-induzierten Hypercholesterolämie auf die Patho-
genese der chronisch-demyelinisierenden Theilervirus-Enzephalo-
myelitis unter Berücksichtigung der Transkriptom-Analyse
Barbara Beate Rosa Raddatz

Die multiple Sklerose (MS) stellt eine demyelinisierende Erkrankung des zentralen Ner-
vensystems (CNS) dar. Der Krankheitsverlauf ist gekennzeichnet durch eine immunver-
mittelte Entzündungsreaktionen mit progressiver Zerstörung von Myelinscheiden und
Axonen. Inadäquate Regenerationsprozesse, insbesondere das Versagen von Remyelin-
isierungsvorgängen führen zur progressiven Schädigung von Axonen mit fortschreitender
Verschlechterung der neurologischen Symptome des Patienten. Aus diesem Grund ist
die Untersuchung der molekularen Mechanismen, die zum Versagen der Remyelinisierung
führen und einer damit verbundenen Identifizierung möglicher, zukünftiger, therapeutis-
cher Ansätze zur Stimulation der Remyelinisierung eines der Hauptziele der derzeitigen
Forschung auf dem Gebiet der multiplen Sklerose.
Die microarraybasierte Transkriptionsanalyse hat sich zu einer der wichtigsten Methoden
in der orientierenden, hypothesengenerierenden Forschung etabliert und ermöglichte viele
wichtige Erkenntnisse in der Erforschung der komplexen Pathomechanismen von demyelin-
isierenden Erkrankungen. Die Ergebnisse verschiedener Transkriptionsanalysen deuten
auf eine mögliche Beteilung des Cholesterolsto�wechsels an den unzureichenden Remyelin-
isierungsvorgängen in progressiv-demyelinisierenden Erkrankungen hin. Daher richtet
sich der erste Teil dieser Studie an die Untersuchung einer möglichen Wechselwirkung
zwischen der murinen Theiler-Enzephalomyelitis (TME) und einer Veränderungen des
Cholesterolsto�wechsels. TME stellt eine experimentelle, virusinduzierte, entzündlich-
demyelinisierende Erkrankung des Rückenmarks von empfänglichen Mäusestämmen dar.
Mittels histologischen, immunhistologischen, klinisch-chemischen, gaschromatographis-
chen und transkriptionellen Methoden wurde der klinische und pathomorphologische Ver-
lauf der Erkrankung, die Genexpression von am Cholesterolsto�wechsel beteiligter Genen,
die Lipidzusammensetzung der wichtigsten am Cholesterolsto�wechsel mitwirkender Or-
gane sowie die Auswirkung einer durch Paigen-Diät induzierten Hypercholesterolämie auf
den Krankheitsverlauf der TME-Virus (TMEV) Infektion untersucht. TMEV infizierte
Mäuse zeigten einen fortschreitenden Verlust ihrer Motorleistung aufgrund einer progres-
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siven demyelinisierenden Leukomyelitis. Die Genexpression aller am Cholesterolsto�wech-
sel beteiligter Gene war im Rückenmark von TMEV-infizierten Tieren herabreguliert. Am
Tag 196 nach TMEV-Infektion konnte eine Reduktion von Galaktocerebrosid und Sph-
ingomyelin im Rückenmark festgestellt werden. Paigen-Diät Fütterung führte zu einer
Hypercholesterinämie und hepatischen Lipidose der Tiere. Dennoch war kein signifikan-
ter Einfluss auf den klinischen Verlauf, die Entzündungsreaktion, die Astrozytose oder die
Ausprägung der Demyelinisierung und Remyelinisierung in TMEV-infizierten Tieren zu
erkennen. Die Ergebnisse deuten darauf hin, dass eine Herabregulierung der Cholesterol-
biosynthese als transkriptioneller Marker für eine Demyelinisierung herangezogen werden
kann. Darüber hinaus ist anzunehmen, dass quantitative Verluste von myelinspezifischen
Lipiden, nicht aber von Cholesterol erst im späten Krankheitsstadium auftreten. Ein
signifikanter Einfluss einer Hypercholesterolämie auf die TMEV-Infektion konnte nicht
nachgewiesen werden.
Wie die Ergebnisse des ersten Teils dieser Arbeit zeigen, ermöglichen es Gen-Expressions-
analysen neue Beziehungen und Interaktionen in komplexen Krankheiten zu entdecken.
Die großen Datenmengen, die durch diese Technologie generiert werden, helfen Signal-
wege und pathomechanistische Prozesse in verschiedenen Zelltypen und Geweben unter
verschiedenen äußeren und inneren Bedingungen zu verstehen. Da sich die Microar-
raytechnologie in den letzen Jahren zu einer sensitiven, zuverlässigen und robusten Meth-
ode entwickelt hat, wurde eine große Menge an Datensätzen produziert, die den Wis-
senschaftlern in ö�entlichen Datenbanken zur Verfügung stehen. Daraus ergeben sich
neue Möglichkeiten der Re-Analyse oder Kombination der frei zugänglichen Information.
Um das Potential dieser ö�entlich zugänglichen Daten voll ausschöpfen zu können, sind
Grundkenntnisse über die Verfahren und Anwendungsmöglichkeiten der Datenanalyse eine
entscheidende Voraussetzung. Daher ist der zweite Teil dieser These einer anwendung-
sorientierten Einführung in microarraybasierte Datenanalysetechniken für Anwender ohne
detailliertes bioinformatisches Wissen aus der Sichtweise eines Veterinärpathologen gewid-
met. Die hier dargestellte Übersicht soll Hilfestellung bezüglich der Auswahl der, für eine
bestimmte Fragestellung geeigneten Analysemethoden bieten. Darüber hinaus liegt ein
Fokus dieser Übersicht auf der Darstellung der verschiedenen Transformationsalgorith-
men, die helfen, große Datenmengen in biologisch relevantes Wissen zu überführen. Die
häufigsten Probleme der Datenanalyse werden an eigenen, repräsentativen Originaldaten
illustriert.
Beide Teile dieser Arbeit unterstreichen das große Potenzial der neuartigen Hochdurch-
satztechnologien sowohl für die datengesteuerte Analyse zur Generierung neuer Hypothe-
sen als auch für hypothesengeleitete Ansätze zur Untersuchung spezifischer Signalwege
und regulatorischer Interaktionen. Mit Hilfe dieser Methoden wurde eine interessante
Wechselwirkung von Cholesterolsto�wechsel und Demyelinisierung erkannt.
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