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Abstract

Background and Aims: Preliminary evidence indicates that the gene expression profile of circulating
white blood cells is significantly affected by the exposure to cardiovascular (CV) risk factors. However
the few available studies have several limitations, including small sample size and narrow range of genes
tested. The aim of the present thesis is to provide a review of the current literature on this relationship
and the presentation of the results of a clinical research program aimed at investigating the gene
expression profile at whole-genome level in peripheral blood mononuclear cells (PBMC) of healthy

volunteers in presence of CV risk factors and associated biomarkers.

Materials and Methods: In the clinical study, PBMC’s expression profile was evaluated using Agilent
whole genome oligonucleotide mRNA microarrays in 167 apparently healthy young-adults, all
volunteers in a CV risk assessment study. Enrolled subjects were free of diabetes, CV and inflammatory
diseases, and did not take pharmacological medications. Data analysis was performed using methods
developed to address differential expression for quantitative phenotypes and enrichment of gene sets in

ranked lists of genes.

Results. Differential expression profiles were identified in presence of cigarette smoking, high LDL-
cholesterol concentrations, increased biomakers associated with CV risk (like IL-6 and TNF-alpha) and
in presence of increased carotid intima-media thickness (IMT), a surrogate marker of atherosclerosis. In
all these conditions, gene expression profile was characterized by a pro-inflammatory signature. More in
detail, cigarette smoking was characterized by an over-expression of groups of genes and molecular
pathways involved in the innate immunity, whereas smoking was associated with the over-expression of
genes involved in the cell-mediated immunitary response and high IMT was characterized by an over-
expression of genes of the mitochondrial respiratory chain. Interestingly, in subjects who smoked and
had high LDL-c compared to low LDL-c non-smokers, the transcriptomic profile was characterized by
the co-presence of the two bio-signatures and the enrichment of both innate and cell-mediated
immunity. The gene expression profile associated with gender, age, and different proportions of

leukocyte sub-populations are also presented as collateral results.

Conclusions: In conclusion, in apparently healthy young adults, the presence of several CV risk factors
such as cigarette smoking, high LDIL-cholesterol and thickened IMT are associated with the over-
expression of genes related to the inflammatory response. However, different risk factors are
characterized by different transcriptomic “signatures”. Presented data and supportive literature suggest
that gene expression profile in PBMCs reflects the biological processes involved in the chronic sub-

clinical inflammation that is a key patho-physiological element of CV disease.
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1Background and rationale

1.1 Introduction

Atherosclerotic cardiovascular disease (CVD) is the primary cause of morbidity and mortality in the
developed world [1,2] and in many countries of the so-called 2™ world, a group of nations in which
economic status is improving above the threshold of poverty. CVD comprises several pathologies of
the vessels wall, including acute events (such as myocardial infarction, other acute coronary syndromes,
and stroke) and chronic disease (myocardial angina, peripheral artery disease / claudicatio, cerebro-
vascular insufficiency). The pathophysiological basis of CVD is atherosclerosis, whose basic lesion is
the “atherosclerotic plaque”, also called “atheroma”. The atherosclerotic plaque results from the focal

deposit of lipids, especially LDL-cholesterol, in the sub-endothelial space, within the vessel wall.

Despite the chronic nature of the disease, CVD is often undiagnosed in its clinical stages, before the
onset of symptoms or complications. The first clinical presentation of CVD in more than half of

patients with coronary artery disease is either myocardial infarction or sudden death [3].

The early identification of subjects that are going to experience an acute CVD event has remained a
challenge, despite decades of extensive research and that many risk factors for CVD have now been

clearly established and are target of specific therapeutic interventions.

Indeed, approximately 40% of deaths from CAD occur in patients with total cholesterol levels lower
than average for the general population. These data are confirmed by observations coming from the
Framingham population (the first longitudinal observational study on CVD risk factors in the general
population) in which 35% of newly diagnosed CVD events occurred in subjects with total serum

cholesterol lower than 200 mg/dL [4], a level for long time considered as optimal.

This fact clearly indicates that identification of individuals at high risk for CVD development goes
beyond identification of risk based solely on elevated cholesterol levels. Thus, over the past 10 years,
the emphasis in CAD prevention has broadened from primary prevention based on single risk factors,
such as hyperlipidemia, diabetes or hypertension, to the identification of higher-risk individuals on the
basis of global risk assessment. Because many CVD events continue to occur in individuals considered
at intermediate risk on the basis of current risk assessment, there is growing interest in the use of novel

risk factors and other diagnostic techniques to detect levels of higher risk among this broad population.



However, traditional risk factors and new risk factors, such as hs-CRP or homocysteine, are able to

predict the development of cardiovascular disease in no more than 50% of cases.

1.2 Critical appraisal of clinical approach to cardiovascular risk

1.2.1 Definition of CVD risk factor

A cardiovascular risk factor is a condition that is associated with an increased risk of developing
cardiovascular disease. The association is statistical, and increases the probability of developing a certain
type of cardiovascular event over a determined period of time. However the simple association between

exposure and event is not enough to define a risk factor.
A “candidate” cardiovascular risk factor must meet several criteria:

1) The statistical association between the factor and cardiovascular disease must be strong.

Generally, the presence of the factor should at least double the risk of disease.

2) In addition, the association should be consistent. The risk factor should produce disease
regardless of gender, age, or race, and the association should be present in all or most of the

studies in which it has been evaluated.

3) The association must make biological sense. A factor may appear to be related statistically to a
disease, but unless such a relationship is biologically plausible, the statistical association may

have little meaning.

A positive answer to all these points defines the presence of a marker of risk: a factor that is
significantly associated to the events and defines the presence of a higher probability of disease

independently whether or not the factor is causally related to the disease.
A fourth criterion is mandatory to define a risk factor:
4) A treatment that favorably changes the risk factor should reduce the incidence of disease.

The factor must make an independent contribution to increasing an individual’s risk of developing
disease and its correction must improve outcome incidence. Therefore, a risk factor is not merely an

odds indicator, but usually is a target for pharmacological treatment in prevention strategies.



In fact, clinical risk assessment has two major goals: to identify persons who are at risk for accelerated
atherogenesis and acute coronary syndrome development, and to define a set of goals for intervention.
Identification of risk factors has both risk assessment and prevention purposes, since, at least so far, all

the prevention strategies have been focusing on risk factors reduction.

Longitudinal studies on cardiovascular diseases consistently consider some risk factors as crucial for the
identification of reliable and significant risk function for cardiovascular disease: metabolic factors (i.e.,
total and HDL cholesterol, fasting blood glucose), biological factors (i.e., blood pressure), or others

linked to life style (i.e., smoking habit), evaluated together with age and gender.

Other factors, less frequently used in risk functions, have been considered important in the definition
of cardiovascular risk: i.e., family history for premature cardiovascular events, body mass index, physical

inactivity, genetic features.

Table 1: Traditional and novel CVD risk factors

Non-modifiable risk

Classical risk factors Emerging risk factors
factors

*  Triglycerides

* HDL cholesterol
*  Hypertension
*  Small LDL particles
*  Smoking
*  Age * HDL sub-fractions
* Diabetes
. * Lipoprotein (a)
Male gender * LDL cholesterol . .
Family history of . . . *  Apolipoproteins
premature CAD Overweight/obesity .

Homocysteine
*  Sedentary lifestyle
* ADMA
*  Atherogenic diet
* IFG/IGT

*  Metabolic syndrome

Subclinical markers of atherosclerosis Inflammatory markers
*  Ankle-brachial pressure index (ABI) * High-sensitivity C-reactive protein (hs-CRP)
*  Tests for myocardial ischemia » Fibrinogen
*  Flow-mediated dilation (FMD) e Serum amiid A (SAA)
* Carotid intimal-media thickening (IMT) *  Adhesion molecules
*  Coronary calcium *  Cytokines




1.2.2 Clinical effectiveness of assessment of and intervention on CVD risk

factors

Current guidelines for the management of individual risk factors are provided by the third Adult
Treatment Panel report (ATP III) of the National Cholesterol Education Program (NCEP) (5), the
seventh report of the Joint National Committee (JNC VII) of the National High Blood Pressure
Education Program (6), and the American Diabetes Association (ADA) (7,8). All of these guidelines are
currently endorsed or supported by the American Hearth Association (AHA) and the America College
of Cardiology (ACC), two of the most important scientific societies implementing guidelines on

cardiovascular diseases.

All these guideline reports have a similar approach on cardiovascular risk that is a modified use of the
global absolute risk concept: the principle is the adjustment of the intensity of risk factor management
to the global risk of the patient. Risk stratification for a single patient starts from the single risk factor
which the guideline is addressed to (i.e. plasma cholesterol concentration or blood pressure levels): the
risk factor is measured and based on the registered value the patient is classified in a risk rank system.
Lower risk usually requires only clinical follow-up and higher risk grades require immediate
pharmacological intervention. Only in case of intermediate levels of the risk factor, where no clear
strategy has been identify between non-pharmacological and pharmacological interventions, the use of
a global risk approach is used to further stratify the patient into sub-groups with different prevention

strategies.

In ATP II and JNC VI (the latest version of NCEP and JNC guidelines before the current ones),
overall risk was estimated by a simple system of risk assessment that employed counting of categorical
risk factors. Treatment goals for LDL cholesterol were set according to the number of risk factors. This
system represented a blending of the concepts of relative and absolute risk in an effort to effectively

institute prevention and limiting pharmacological intervention only to high risk individuals.

The use of categorical risk factors has undoubtedly the advantage of simplicity but may be lacking in
some of the accuracy provided by graded risk factors. In fact, the summation of graded risk factors
provides a great advantage over the addition of categorical risk factors and it was already being
recommended in risk management guidelines developed by joint European societies in cardiovascular
and related fields. Advocates of this approach contend that the increased accuracy provided by the

grading of risk factors outweighs the increased complexity of the scoring procedures.

However, the choice of avoiding the use of a total risk estimate based on summation of risk factors that
have been graded according to severity was determined mostly on a political basis: the major

intervention in NCEP recommendations has been lifestyle changes; LDL-lowering drugs were reserved



for persons with categorical elevations of LDL cholesterol who were projected to be at highest risk.
After release of ATP II, several major clinical trials reported results showing the efficacy and safety of
LDL-lowering drugs for primary prevention. These reports opened the door to wider use of LDL-
lowering drugs. In addition, after ATP II there has been a growing view that a more quantitative
assessment of short-term risk is required for the selection of persons who will benefit most from

intensive risk-reduction intervention.

The ATP III panel was faced the choice between these two approaches and once again the choice was
to cope with the need to reconcile the previous method of counting risk factors with the developing
field of integrated, “global” risk assessment. There were advantages and disadvantages to each
approach: risk factor counting would have provided continuity with previous ATP guidelines; allowed
for a history of detected risk factors to be included in risk assessment; included family history of
premature CHD; and provided a focus on the individual risk factors, each of which requires clinical
intervention. However, risk factor counting alone also has disadvantages: it does not provide a
quantitative estimate of absolute risk in the short term; it does not allow for variability in risk factor
level or intensity (i.e., it uses only categorical risk factors); and it may underestimate the progressive

impact of advancing age on absolute risk in older persons.

The final method chosen was an attempt to capitalize on the advantages of both approaches. Risk
factor counting is retained for initial assessment, but Framingham risk scoring, updated for ATP 111, is
layered over risk factor counting to improve risk estimation for refining decisions about goals, intensity,

and types of LDL-lowering therapy in persons with multiple risk factors.

1.2.3 Limitations of the “risk-based” approach

The early identification of subjects that are going to experience an acute CVD event has remained a
challenge, despite decades of extensive research and that many risk factors for CVD have now been

clearly established. In addition, many of these risk factors can be adequately modulated.

By definition, a risk factor is a clinically relevant parameter that shows an independent association with
the future development of the disease in the exposed subjects and whose pharmacological correction

decreases the incidence of future events.

High LDI.-cholesterol concentrations and hypertensions are two of the best established CVD risk
factors. Nonetheless, in the Framingham Heart Study, as many as one third of all coronary heart disease
events occurred in individuals with total cholesterol <200 mg/dL [4]. Considering that the average U.S.

cholesterol level is approximately 210 to 220 mg/dL, almost half of all cardiac events occur among



individuals with below-average lipid levels. In addition, the distribution curves of total serum
cholesterol concentrations for subjects that will develop an acute CVD event and subjects free of
events at the end of the 26 year follow-up of the Framingham cohort greatly overlap and there is no
single value that can discriminate the two groups. The same phenomenon can be observed for
hypertension: the curve of subjects with CVD and without CVD are almost completely overlapping
and the sensitivity and specificity of using systolic or diastolic blood pressure values to identify subjects

at higher risk is extremely poor [9], as shown in the next figure.

Figure 1: Predictive power of blood pressure for the presence of cardiovascular disease
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Footnote to figure. Panel A shows the prevalence distribution for systolic and diastolic blood pressure in “Affected” and
“Unaffected patients”. Panel B shows the detection rate and the corresponding risk of false positives stratified by blood

pressure tentiles.

From a certain point of view, it is the same concept of risk factor and its connection to the progression
of atherosclerosis that comes with several major limitations. First, the risk factors predicts the course of
a process in a group of patients and not of an individual. Furthermore, a low level of a particular risk
factor does not necessarily exclude the development of an event. As illustrated for the case of
hypercholesterolemia, quite a number of patients with rather low cholesterol levels develop

cardiovascular events. This is mainly explained by the fact that although patients with the highest



cholesterol have the highest risk, patients with marginally elevated cholesterol comprise the largest

proportion of the population and therefore of the patients suffering a cardiovascular event.

This limit appears to be partially overcome by the use of composite weighted risk scores such as
Framingham’s that start from a population-based assessment of event rate over time and model the

relative weight of each risk factor combining them in one single equation model.

Despite the accuracy of these scores in predicting CVD events appears to be greater than what
provided by the assessment of a single risk factor, age and gender still explain most of the variability of

these scores and therefore of their accuracy.

So taken together, risk factor-based assessment of cardiovascular risk (and therefore risk factor-based
treatment) is currently the best and most viable option for prevention at the level of the population and
the single individual despite the fact that people are treated that do not need treatment, that people are
not recognized as being at risk for cardiovascular disease, and that people are treated without

adequately depressing the activity of the disease process.

In fact, the problem is how to define who we should treat and how to verify whether the treatment

adequately dampens the systemic disturbance that drives atherosclerosis.

1.3 Therole of biomarkers in preventive cardiovascular medicine

1.3.1 From risk factor to biomarker

Since it is clear that risk factors atre not connected to disease states on a one-to-one basis, the search for
systemic biomarkers of the atherosclerotic process has been progressively increasing over the last
decade. The term “biomarker” has been defined in 2001 by the NIH Working Group as “a
characteristic that is objectively measured and evaluated as an indicator of normal biological processes,
pathogenic processes, or pharmacologic responses to a therapeutic intervention” [10]. Applications of
biomarkers as stated by the NIH Working Group include the use as a diagnostic tool for the
identification of those patients with a disease or abnormal condition, the use as a tool for staging of
disease or classification of the extent of disease, the use as an indicator of disease prognosis and the use
for prediction and monitoring of clinical response to an intervention. As such, the concept of a
biomarker greatly extends the use of risk factor in cardiovascular disease. With the use of a biomarker

comes the application of surrogate end-points, that is a substitute for clinical endpoints [10]. From the



description, it is clear that the application of a biomarker to diagnose and follow atherosclerotic disease

is preferable to the use of a risk factor or the response of a risk factor to risk factor modulation.

In this view, the lack of representation of the stage and activity of the atherosclerotic disease before
clinical manifestations is at least in part due to the lack of biomarkers that accurately identify active
atherosclerotic disease before complications occur. Inflammation has been implicated in all stages of
CVD and is considered to contribute to the pathophysiological basis of atherogenesis [11,12,13].
Inflammation may therefore serve as a potential source for markers of the disease process itself. In
large epidemiological studies, various serum markers of systemic inflammation such as hs-CRP,
fibrinogen, and interleukin-6 (IL-6) have been shown to predict cardiovascular events and to correlate

with response to therapy [14,15].

More specifically, hs-CRP appeared to be a good marker to predict the development of peripheral
artery disease in initially healthy physicians [16]. The reduced rate of progression of atherosclerosis after
statin treatment has also been described to be significantly related to the reduction in hs-CRP [17].
Evaluations of hs-CRP have been performed in a variety of other conditions; this has led to an
evaluation of markers of inflammation in cardiovascular disease by a Center of Disease Control and
American Heart Association workgroup [ 18 ]. The report recommends the use of hs-CRP
measurements as independent risk, however, identifies several issues that need further research. One of
these is that further research is needed to assure optimal measurement of the presence, level, and type
of inflammation in an individual patient. The workgroup also identified that the combination of

inflammatory factors in the classification of cardiovascular disease risk was not well-explored.

Although potentially useful in risk stratification, the current systemic markers of inflammation lack

sufficient disease specificity to be used satisfactory as a screening tool in the diagnosis of CAD [19].

The inaccuracy of current markers may reflect the fact that they are neither derived primarily from the
vascular wall nor produced primarily by cells involved in the vascular inflammatory process.
Furthermore, they may signal inflammation in a number of different organs and tissues, which may or

may not have direct implications for the vasculature.

Recently, a number of studies have examined several other biomarkers on an individual basis as
potential novel risk factors for CVD [20,21]. Although these studies demonstrate that some of these
inflammatory markers (those known to be expressed in the diseased blood vessel) can predict the onset
of clinically significant CVD, none of the markers provide clinically meaningful incremental value over

traditional risk factors in predicting CVD complications.



Taken together, these data point at an interesting weakness of the use of CRP (or any other single
biomarker) as a proxy indicator for cardiovascular disease: shortcoming in reflecting a complex disease
state in an individual. In other words, it is highly likely that, due to the heterogeneity of the disease
phenotype in the population at risk, a single marker may not provide sufficient biological information

for an accurate assessment of vascular damage in the coronary circulation.

This shortcoming has been approached by multimarker scores in which a composite of biomarkers are
measured in parallel to assess risk. There are several considerations attached to the use of the
multimarker approach, such as the potential interdependence of the markers. Another issue is that the
course of event that starts with the presence of a risk factor to the occurrence of a cardiovascular risk in
pathophysiological terms is a continuously changing complex condition. This is nicely illustrated by the
large number of biomarkers that have been described for the various stages of atherosclerosis, in
particular increased arterial vulnerability. It may well be overly optimistic to try to find one, or a small
set, of biomarkers that will form an adequate reflection of the entire disease process. In other words, #be
stage and activity of a very complex disease likely can not be captured in a single parameter or a small set of parameters

and thus a complex state may need a complex representation.

In addition, there are also statistical considerations that need to be put into the discussion. Even in
presence of apparently independent risk factors or markers that serve as variables of a multi-variate
model, part of the biological variability of the modeled phenomenon (in this case CVD occurrence) is
shared among the independent variables. For this reason, each variable that enters the model after the
first carries less and less information since part of its variability is already explained by the rest of the
model. For this reason, one single parameter explain a certain quote of the outcome variability, whereas
a few parameters account for significantly more variability explained but much less than the sum of
they can explain singly. This is the case of the composite risk scores that show a better predictive power
that a single risk factor, but this increase in accuracy is not tremendous. Adding one single or a few
further parameters at this point does not change the overall accuracy of the model, almost
independently from the predictive power of the parameter itself. This is what happens adding hs-CRP

or a composite score of few biomarkers to the risk score.

The concept is clearly illustrated in the following figure.



Figure 2: Risk prediction as a function of the variables put into the model
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In this context, the only possibility to significantly improve risk prediction is to add hundreds or

thousands of biomarkers to the model in order to overcome the issue of the co-information.

The identification of tens or hundreds of biomarkers need a discovery search among thousands or tens
of thousands. Currently only high-throughput —omic technologies can provide such a tremendous

amount of data of a single biological phenomenon in parallel.

1.3.2 Biomarker discovery from circulating cells

Much of the focus in finding new biomarkers for atherosclerosis has been on circulating proteins and
mediators related to the inflammatory response. Very little attention has focused on the cellular
component of the blood, which is remarkable, at least in view of the role of the monocyte population
and other cell types in the initiation and progression of atherosclerosis. Interestingly, all cells in the
blood stream are subjected to the same stresses as the endothelial cell layer, and will translate these

stresses into responses such as inflammation and oxidative excess.

From this standpoint it is important to underline that white blood cells, especially monocytes and

lymphocytes, are indeed exposed to several and variate stimuli known to be related to the



atherosclerotic process (see figure below): these cells are known to re-circulate into the vessel wall and
the atherosclerotic plaques, where they are exposed to the local pro-inflaimmatory mediators. In
addition, circulating into the bloodstream, they are also exposed to systemic inflaimmatory mediators
such as CRP and other acute phase proteins. Finally, these cells are also directly exposed to several
cardiovascular risk factors that are present into the blood or condition the blood environment such as

high cholesterol or blood glucose concentrations, or arterial hypertension.

Figure 3: Circulating WBCs are exposed to local and systemic inflammation
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In addition, it must be noted that leukocytes are not only exposed to CVD risk factors and involved in
the pathogenesis and progression of atherosclerosis, but also that these basically are inflammatory cells,
programmed to respond in a pro- or anti-inflammatory way to any environmental stimulus to which

they are sensitive.

We propose that the presence of one or more risk factors, together with normal physiological stimul,
induce changes in leukocyte gene transcriptions with patho-physiological responses. It should also be
remarked that obtaining circulating cells is very easy compared to any biopsy technique currently

available and, in fact, all widely applied diagnostic tests are derived from blood.



A large amount of data has been collected in circulating leukocytes to test in-vitro or in-vivo the
relationship between single biomarkers and CVD traits. However, the analysis of single candidate

biomarkers can be as much deceiving in circulating cells than it is for circulating biomarkers.

We therefore focused our attention on the massive screening of thousands of biomarkers from

circulating white blood cells in order to accurately represent their physiology and pahto-physiology.

Among the different, available “omics” that can be used to represent cellular phenotype, transcriptomic
and proteomic appear to be the most suitable to be applied in this context. Transcriptomic is the
investigation at high-throughput level of the transcribed RNA with a quantitative estimation of the
concentrations of all the known cellular transcripts. Proteomic is a molecule-discrimination technique
that allows separating hundreds of molecules mixed in a biological matrix. Although the molecular
complex that has the highest correlation with the cellular phenotype is the protein, the proteomic
approach still has several technical limitations. First, the amount of proteic molecules (including
peptides) is enormous and therefore the proteomic assay should be preceded by purification steps to
exclude all the proteins outside of a narrow molecular weight range. Therefore it is usually not the
entire proteome to be tested but just a part of it. In addition, once separated the molecules and
identified spot that are differentially represented between different groups, there is no automatic
information describing which proteins are represented by the identified spots. Therefore a subsequent
effort should be put in characterizing the molecules and their function. Finally, we are very far form

having a comprehensive representation of the proteome.

Instead, high-throughput gene expression analysis is currently essentially based upon the use of
synthetic probes of already known genes or sequences. After the completion of the genome project, the
almost complete totality of genes has been identified and a large quote of them has also been classified
in functional ontology groups. Therefore, at the end of a gene expression analysis, it is clear which
genes or transcripts are up- or down-regulated and what is the inter-relation among them. Since the
totality of the known genes (and therefore the almost totality of the existing human genes) can be
tested in parallel, gene expression provide a comprehensive holographic representation of the cellular
phenotype. In presence of chronic exposure to environmental stimuli (like in the case of CVD risk
factors) gene expression is significantly affected and reflects the long-term changes induced on the

cellular metabolism.

The rational for using high-throughput techniques (and especially gene expression profiling) is further

explained in details in the next chapter.



1.4 Rationale and use for high-throughput technologies for

biomarker discovery

1.4.1 The concept of phenotype from a cellular st  andpoint

A phenotype can be generically defined as “The observable physical or biochemical characteristics of an
organism, as determined by both genetic makeup and environmental influences” [American Heritage
Dictionary; Houghton Mifflin Company, USA]. From biological or medical perspective, the phenotype
of an individual organism is either its total physical appearance, constitution, and macroscopic clinical
state or a specific manifestation of a trait (such as size, eye color), cellular response or behavior that

varies between individuals or populations.

More strictly pertinent to cellular biology, the phenotype can be defined as the expression of a specific
trait or molecular pattern. In a simplified view we can define as phenotype, all the changes in
morphology and function that occurs in any single cell as consequence of its internal predetermined

program (genotype) and the external environment.

Phenotype is therefore determined to some extent by genotype, or by the identity of the alleles that an
individual carries at one or more positions on the chromosomes. In case of some purely genetic traits,
such as classic monogenic diseases (hemophilia, sickle cells anemia, etc.), gene mutations are entirely
responsible for the final phenotype, whereas in many other, phenotypes are determined by multiple
genes and influenced by environmental factors. Thus, the identity of one or a few known alleles does

not always enable prediction of the phenotype.

The interaction between genotype and phenotype has often been described using a simple equation:

genotype + environment — phenotype

However, the current scientific view is that neither genetics nor environment are solely responsible for

producing individual variation, and that virtually all traits show a gene-environment interaction.

genotype + environment + gene-environment interaction — phenotype



Gene-environment interaction is a term used to describe any phenotypic effects that are due to
interactions between the environment and genes. The difference between the two formulas is not of
marginal importance, since genes and environment can interact in several either additive or non-linear
ways, making any modeling assumption partially ineffective. Moreover, genes interact each other, as
well as environmental situations do, making the system extremely complex. Finally random variations in

gene expression occur in presence of a similar environment.

Therefore:

genothjpe + environment + gene-gene interaction +

gene-environment interaction + random-variation — phenotype

Other definitions of phenotype:

Definitions from http:/ | ghr.nlm.nih.gov/ ghr/ glossary/ phenotype

“The observable physical and/or biochemical characteristics of the expression of a gene; the clinical

presentation of an individual with a particular genotype”

Definition from: GeneTestsThis from the University of Washington and Children's Health System, Seattle

“The observable traits or characteristics of an organism, for example hair color, weight, or the presence

or absence of a disease. Phenotypic traits are not necessarily genetic.”

Definition from: National Human Genome Research Institute at the National Institutes of Health

“Observable characteristics of an organism produced by the organism's genotype interacting with the

environment”

In conclusion, phenotype can be defined as any detectable characteristic of an organism (i.e., structural,
biochemical, physiological and behavioral) determined by an interaction between its genotype and
environment. In other words “genotype” can be regarded as the genetic fingerprint of a particular cell,
whereas “phenotype” is the outward manifestation of the genotype, conditioned by environmental

stimula.




1.4.2 The use of gene expression microarrays for  cellular phenotypization

To maintain homeostasis and function robustly in the face of a changing environment, a cell must
sense changes in its surroundings and alter its physiology in a compensatory manner. To accomplish
this task, a number of receptors on the cell surface and within the cell act as sensors for different
environmental factors (eg, heat shock, hormonal stimulation, inflaimmation). When these sensors are
triggered by environmental changes, signals propagate (typically through a network of protein kinases
and release of second messengers) to the nucleus, initiating DNA transcription in RNA (the operative

code for protein synthesis).

This conditional response of the cell leads at the end to changes in its proteins either in terms of
function or synthesis/degradation. Therefore, changes in environment determine a differential post-
translational modification of proteins, as well as a differential gene expression and protein synthesis. If
investigating gene polymorphism and aplotypes means exploring the genotype, performing a gene or

protein expression profiling means ultimately investigating the cellular phenotype.

Recent complementary advances in genomics knowledge and technology miniaturization are beginning
to overcome the intricacies of exploring complex diseases and allow to perform a genome-wide

exploration of the cellular phenotype.

Advances in robotics, miniaturization, and the development of robust reagents of molecular biology
have allowed the development of microarrays, which are platforms that allow massively parallel
screening of RNA or protein abundance with sufficient sensitivity and specificity for each single gene
transcript. Microarray quantifies the transcriptome or the proteome of a sample of cells as compared to

a reference sample, and therefore provides a functional measurement of gene expression.

Microarrays are small, solid supports onto which thousands of different elements (oligonucleotides,
proteins, cells, cell extracts, and tissues) are immobilized, at fixed locations. The support surfaces are
usually glass microscope slides. The power of microarray analysis lies in its miniature platform features,

which facilitates relatively rapid global exploration of the systems studied

By now gene-expression microarrays can measure around 40.000 different RNA molecules at the same
time covering the whole genome in a single assay. This technology relies on the 1-to-1 correspondence
of the Watson-Crick base pair (adenosine always pairs with thymine and cytosine with guanine). Single-
stranded DNA or oligo-fragments of RNA bases (oligomers) of a unique sequence within each gene are
used as a probe for the presence of that gene within a sample. Direct hybridization of a marked sample
(or concurrent, competitive hybridization of a marked sample and a reference) with the cDNA or oligo-
mer probe determine a relative proportion between abundance of sample RNA bound to the surface of

the array and the absolute concentration of the transcript in the sample. Quantitative fluorescent



labeling of samples from control and experimental groups allows the determination of the relative

abundance of any gene in a genome.

Gene expression profiling by microarrays is an especially powerful analytical tool for complex diseases
because of the multi etiology characterized by a combination of genes involved in development of
complex diseases. By profiling the global RNA content of any cell, it is possible to monitor in parallel

all expressed genes to explore any phenotypical abnormalities in diseases.

Using this technique, researchers have been uncovering rapidly new genes and pathways involved in
complex diseases and discovering novel treatment targets. Moreover, the microarray technique has
been shown to be useful for patient management as a precise molecular device for diagnosis, prognosis

and, personalized treatment, especially in oncology.

1.5 Methodological principles of gene expression profiling by

microarrays

A microarray ‘chip’ consists of thousands of nucleic acid sequences considered to be highly specific for
target transcripts and working as “probes”, spotted in discrete quantities (each resulting spot is called

“feature”) on the surface of a microscope glass slide, thus forming an array of spots.
The basic principles of microarray experiments are the following:

1) The hybridization of complementary nucleic acids

2) The spatial discrimination as the way for multiplexing

3) A probe selection procedure representative of target transcripts

4) The selective fluorescent hybridization for relative abundance quantization

1.5.1 Hybridization principle

Hybridization reactions are based on the property of nucleic acid chains to reconstruct a double-strand
structure when single-stranded: at the right temperature and pH, a strand of nucleic acid will base-pair
(hybridize) with a strand made of the complementary (or anti-parallel) sequence. This is due to

hydrogen bonds that form between specific pairs of nucleotides from the opposing strands (adenine



with thymine and cytosine with guanine). The hydrogen bonds can be disrupted, causing the two
strands to separate, by heating (a DNA double-strand separates at 95°C). If the double-strand is
exposed to a temperature sufficient to break hydrogen bonds without disrupting the covalent
phosphodiester bonds that link adjacent nucleotides together, the DNA sequence is not altered and two
single-strand complimentary molecules are formed. This process is called “denaturation”. If one were
to denature a large number of specific DNA segments and then carefully lower the temperature,
because of the tendency of bases to pair specifically (AT and GC), each strand would hybridize only
with its complementary partner, perfectly reforming all of the original duplex structures. Thus nucleic

acid hybridization is sequence-specific and exhibits near-perfect fidelity.

1.5.2 Spatial discrimination

The physical location of each spot on the array is pre-determined during the design phase and gives the
correspondence between the measured local fluorescence and the annotation data of the probe-
sequence spotted. Using a laser scan at the proper wavelength it is therefore possible to excite the
fluorescent labeled sample hybridized to the surface of the array for each individual spot and
photograph the fluorescent emission. A computer software, called feature extractor, identifies each spot
because of the discrete intensity of fluorescence compared to local background, measures the
distribution of the intensity based on a grey-scale (proportional to mRNA abundance in the sample),

and match the abundance data with the array annotation information.

1.5.3 Probe selection

Two major techniques for gene-expression microarray probe selection and identification are now on

the market:
* cDNA arrays
= oligo-arrays
Both of them can now be used for two-color gene-expression arrays.

The basis of probe selection is to identify relatively small sequences which could be considered as
uniquely representative of the target transcript. This aim can be achieved using a single-strand cDNA of

the target mRNA or by synthesizing directly on the array a short (usually 60 bases) sequence known to



be specific of the target mRNA. The first approach requests the creation of cDNA clone libraries,

whereas the second needs the identification of unambiguous sequences.

cDNA clones are prepared individually by amplifying genes of interest from an organism's genome.
The genes are maintained in a bacterial vector system until the chip is ready to be fabricated. To
assemble the microarray, the gene inserts are isolated from the bacterial clones and set at designated
coordinates on the slide, which serves a solid support platform for the hybridization reaction. The
many probes included in an array can be chosen individually from a database used to store sequenced
genes and expressed sequence tags, or from commercially available cDNA clone sets. A robotic arrayer,
designed to manipulate small volumes of solution along three axes with extreme speed and precision, is
used to assemble each chip. The arrayer places a nanoliter quantity of each probe onto the
predetermined grid coordinate on the slide (spotting). The probes are immobilized onto the slide after

each sample has been spotted onto its coordinate.

Oligo-arrays are prepared by in-situ synthesis, via photolithography, of a short (usually 50-70 bases)
sequence. Unlike cDNA clones, oligonucleotide probes can be synthesized from sequence data alone,
so bacterial clone sets do not need to be maintained. Therefore, the major advantages are: the freedom
of changing sequence as wanted to improve accuracy of hybridization, and the possibility of including
into the array also genes for what the cDNA is not available in the reference library. Sequences for

oligos are selected on the basis of public repositories of gene sequences.

Oligonucleotide arrays are the ‘highest density’ platform of microarrays; an incredibly large number of
genes can be represented on a single chip using oligos instead of the full length cDNAs. The high
density of oligo-based arrays allows for the representations of the whole genome and the inclusion of

redundant probes on the slide, as well as a large number of positive and negative control features.

1.5.4 Concurrent selective fluorescent hybridizat  ion

Microarray measures gene expression as compared to a control sample of reference RNA.

Total RNA is extracted from a sample of cells of interest, and from the appropriate control sample.
Then sample and reference RNA can be processed directly or after one or more cycles of linear
amplification. A cDNA library is constructed from each sample using the RT-PCR reaction with
random primers to obtain a complete cDNA representation of the original RNA. During reverse
transcription each cDNA library is separately labelled with a fluorescent molecule. Usually, reference
cDNA is tagged with the green fluorescent molecule cyanine 3 (Cy3), while sample library is labeled

fluor-red with cyanine 5 (Cy5). An equal amount of each solution of targets (both experimental and



control cDNA) are pooled together, denatured, and hybridized to a single chip. Because both libraries
are incubated together with a single chip, identical targets which are present in both libraries must

compete for binding sites to their corresponding probe. This is known as competitive hybridization.

The sample that expresses greater amounts of a given gene (and thus contains a greater number of
fluorescent targets in the reaction mixture) will competitively inhibit the hybridization of the other
target. Thus at each coordinate on the slide, red or green fluorescence intensity is directly proportional
to the amount of target present in one sample compared to the other. The slide, after being washed

clean of unhybridized reaction substrates, is analyzed with a confocal laser scanner.

The scanner resolves fluorescent feedback from each coordinate, segregating it into red and green
channels. The expression of individual genes is then quantified as a relative value, measured as the ratio

of red-to-green ratio.

Following picture depicts the main steps of a typical dual-color microarray experiment.



Figure 4: Typical experiment workflow for dual-color gene-expression microarray
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After hybridization, microarray slides are washed, dried, and then scanned. Arrays are scanned with a
confocal laser scanner that generates beams at the two wavelengths specific for Cy5 and Cy3. The
fluorescent emission of the slide is converted into two matched digital pictures (one for each
fluorescent dye) whose degree of grey for each pixel on a 256 levels grey-scale is proportional to the
fluorescent emission from the area of the array covered by that pixel. Thus at each coordinate, red or
green fluorescence intensity is directly proportional to the amount of target present in one sample
compared to the other. After scanning, a typical microarray slide picture is typically represented with
false colors, with a three-color scale from bright green (the gene represented in the spot is highly over-

expressed in the reference compared to sample) to yellow (the gene is approximately equally expressed



in sample and reference) to bright red (the gene is highly over-expressed in the sample than in the

reference). [See following figure]

Figure 5: Dual-color microarray slide represented by false colors

The average value of intensity within the same feature, compared to local background signal, is used as
measure of relative RNA concentration for the transcript represented in that feature. The expression
level for each gene in the array is described in comparison