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ABSTRACT

Various factors come into play in the onset and progression of Type 1
Diabetes (T1D) and for this reason it is defined as a multifactorial disease.
This feature is evident since the early disease stages, during which the
intervention of various factors (both genetic and environmental) is necessary
for the onset of the disease. Moreover, during the progression of the disease, a
number of inter and intra cellular phenomena interact, resulting in the

complete loss of pancreatic beta-cell capacity to produce and release insulin.

One can easily realize that a multilevel approach, taking into account the

network of interacting factors, is necessary for better understanding of T1D.

This thesis aims at approaching the multifactorial nature of T1D in two

different aspects:

1) Etiology: interactions between T1D susceptibility genes were examined
separately and the joint risk of their interaction was estimated, using the

Bayesian probabilistic approach.

2) Progression of the beta-cell damage: this was implemented in a virtual
portion of diabetic pancreas, by evaluating the effects of apoptotic events
induced by autoimmune responses on communication between beta-cells, and
hence on the ability of the pancreas to produce insulin. The damage was
studied by implementing a stochastic mathematical model that simulates the
complex relationships that exist within a virtual cluster made up of pancreatic

beta-cell.

As concerns the first aim, our results confirmed that HLA-DR is the most
relevant susceptibility gene compared to INS and PTPN22 and proved that the

INS and PTPN22 genotypes marginally influence T1D risk in all HLA genotype

8
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risk categories. The absolute risk conferred by genes simultaneously carrying
high, moderate or low risk HLA and risk genotypes at the other two loci,
compared with non-risk-associated genotypes at all three loci, was 19.8%, 6.6%
and 2.2%, in the family cohort and 11.5%, 1.7% and 0.1% in the case-control
sample, respectively. The present work represents, to the best of our knowledge,
the first study based on both case-control and familiar data sets, showing the joint
effect of HLA, INS and PTPN22 in T1D in a Caucasian population with a
heterogeneous age of T1D onset, generalizing previous findings regarding data
sets consisting of patients and controls < 15 years published in literature. Finally,
this study shows that a feasible and accurate risk assessment can be

performed by applying the BN method.

Whit regard to the second aim, at 31% (normoglycaemia) and 69%
(hyperglycaemia) of dead beta-cells the system appeared to be sufficiently
robust biologically to maintain regular Ca2+ ions oscillations guaranteeing an
effective insulin release. Simulations at 84%, 94% and 98% grades (severe
hyperglycemia) showed that intracellular Calcium oscillations were absent. In
such conditions insulin pulsatility is not expected to occur. Our results
suggest that the islet tissue is biophysically robust enough to compensate high
rates of beta-cell loss. These predictions can be experimentally tested “in vitro’
quantifying space and time electrophysiological dynamics of animal islets
kept at different glucose gradients. The model indicates the necessity of
maintaining glycaemia within physiological levels as soon as possible after
diabetes onset in order to avoid a drastic interruption of Ca2+ pulsatility with

the subsequent reduction of insulin release.
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I PART. INTRODUCTION TO TYPE 1 DIABETES

CHAPTER 1. DIABETES MELLITUS

1.1 Definition of Diabetes

The term diabetes mellitus represents a set of disease conditions sharing
certain characteristics. Foremost among these is the presence of elevated
plasma glucose levels. The presence of hyperglycemia in a patient is used
both to diagnose diabetes and to guide management therapeutic decisions,
which are largely directed toward avoiding hyperglycemia. An important
characteristic of the various disease states that are labeled as diabetes is the
development of “end-organ damage” in vital organs of the body. The so-
called microvascular complications include damage of the retina, the renal
glomerulus and peripheral nerves. The damage results, at least in part, from
the chronic effects of hyperglycemia and is mediated through glycation of
tissue proteins, increased activity of the polyol pathway, or other, still
unknown, mechanisms. Moreover, people with diabetes have a considerably
greater risk of developing atherosclerotic disease affecting the coronary,
cerebrovascular, peripheral arterial, or other parts of the circulatory system. A
cause-and-effect relationship between chronic hyperglycemia and these so-
called macrovascular complications of diabetes has not been clearly established,

although evidence linking the two is accumulating (Stern M, 1996).

13
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1.2 Classification

As reported in the last Standards of Medical Care in Diabetes—2012, the

classification of diabetes includes four clinical classes (Standards ADA, 2012):

1) type 1 diabetes (results from beta-cell destruction, usually leading to

absolute insulin deficiency)

2) type 2 diabetes (results from a progressive insulin secretory defect on the

background of insulin resistance)

3) gestational diabetes mellitus (GDM) (diabetes diagnosed during

pregnancy)

4) other specific types of diabetes due to other causes, e.g., genetic defects in
beta-cell function, genetic defects in insulin action, diseases of the
exocrine pancreas (such as cystic fibrosis), and drug or chemical-
induced diabetes (such as in the treatment of AIDS or after an organ

transplant).

1.2.1 Type 1, type 2 and gestational diabetes mellitus
Type 1 and type 2 diabetes are the most common clinical forms of the disease.

Type 1 diabetes (T1D) (10% of diabetes cases): It is a multifactorial and
polygenic disease characterized by the development of a state of complete
insulin deficiency due to the autoimmune destruction of pancreatic insulin
producing beta-cell. In its fully developed form, patients will, if deprived of
insulin, develop ketoacidosis, coma, and death. Biochemical testing reveals

the absence of circulating C peptide (a marker of insulin secretion) despite

14
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hyperglycemia. Although the peak incidence occurs in childhood and early
adolescence, this form of diabetes can occur at any age. Recent
epidemiological and immunological research has led to recognition of two
major forms of TID based on the presence or absence of certain

immunological markers.

Type 2 diabetes: represents the most common form of diabetes seen in most
parts of the developed world. The condition is characterized by
hyperglycemia that results from a combination of defects in insulin secretion
and insulin action. In any given individual, the degree to which these defects
contribute to the hyperglycemia may vary. The disease usually has its onset
after the age of 40, although increasingly, type 2 diabetes is being seen among
the youth (Mokdad AH, 2001). While progressive beta-cell failure is believed
by many to be an important part of the natural history of this form of diabetes
(Rudensky, 1988), the beta-cell destruction is not autoimmune-mediated and
does not progress to a point at which the patient becomes dependent on
insulin for survival (Leahy J, 1990). Ketoacidosis is unusual in this form of
diabetes, and when it occurs, it is usually in the setting of a major intercurrent
illness such as myocardial infraction, stroke, or treatment with glucocorticoid.
Individuals with type 2 diabetes are not at increased risk for autoimmune
diseases but have a higher prevalence of metabolic abnormalities, including
obesity, hypertension, and a typical dyslipidemia that is characterized by
hypertriglyceridemia and low levels of HDL (Cowie C, 1995). The causes of
type 2 diabetes remain to be determined. Evidence to support a genetic
component of the disease comes from the strong concordance for the disease
that is seen among monozygotic twins (Barnett A, 1981). On the other hand,

the dramatic increase in incidence and prevalence of this form of diabetes that

15
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accompanies the change to a so-called westernized lifestyle strongly supports

an environmental component as well (Knowler W, 1993).

Gestational diabetes: is defined as diabetes whose onset or first recognition
occurs during pregnancy. The prevalence of gestational diabetes increases
concurrently with the prevalence of type 2 diabetes in a population. Risk
factors include age (it is more common among older women), ethnicity
(higher rates are seen among women from ethnic groups with a high
incidence of type 2 diabetes), pre-pregnancy body mass index (the risk
increases with degree of obesity), parity (the risk increases with the number of
previous pregnancies), and family history of diabetes. The diagnosis of
gestational diabetes is important, since, if left untreated, adverse fetal
outcomes can occur. The main adverse fetal or maternal outcomes are
macrosomia and neonatal hypoglycemia. Maternal complications include a
higher rate of dystocia and caesarian section as well as a greater risk of future

type 2 diabetes.

1.3 Diagnostic Criteria

In their 1997 report, the Expert Committee of the ADA, recommended
changes in the previous diagnosis criteria for the disease published in 1979
report. The main differences between the new and the old criteria were a
reduction in the fasting plasma glucose cut point used to diagnose the disease
and an emphasis on the use of fasting plasma glucose as opposed to the oral
glucose tolerance test (OGTT) to screen for and diagnose the disease. The
fasting plasma glucose level required for a diagnosis of diabetes was reduced
from 140 mg/dL to 126 mg/dL. The diagnostic threshold for the 2-hours post-

glucose challenge plasma glucose level was left unchanged at 200 mg/dL. Two

16
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other important features of the diagnostic criteria that were retained include
the ability to use casual plasma glucose levels in patients with hyperglycemic
symptoms and the requirement that a firm diagnosis be based on testing
carried out on more than one occasion in asymptomatic patients. ADA has not
previously recommended the use of A1C for diagnosing diabetes, in part due
to lack of standardization of the assay. However, in the last recommendations
A1C 2 6.5% appears among the others diagnostic criteria as shown in table 1

below.

A diagnostic test of diabetes should be repeated to rule out laboratory error,
unless the diagnosis is clear on clinical grounds, such as a patient with classic

symptoms of hyperglycemia or hyperglycemic crisis.

1.4 Epidemiology of diabetes mellitus

Diabetes mellitus is one of the most common and widespread
diseases throughout the world and for that reason it is one of the most

challenging health problems in the 21st century.

It is the fifth leading cause of death in most high-income countries and there
is substantial evidence that it is widespread in many economically developing

and newly industrialized nations.

The number of studies describing the epidemiology of diabetes over the last
20 years has been enormous. From 1997 ADA report recommending new
diagnostic criteria for diabetes, many studies have assessed the impact of the
change on the prevalence of diabetes in different populations. It has been a

consistent finding of population-based diabetes studies that a substantial

17
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proportion of all people found to have diabetes had not been previously

diagnosed.

Table 1. Criteria for the diagnosis of diabetes (Standard of Medical Care in Diabetes-2012). *In
the absence of unequivocal hyperglycemia, results should be confirmed by repeat testing.

A1C =6.5%. The test should be performed
in a laboratory using a method that is NGSP
certified and standardized to the DCCT
assay.*

OR
FPG =126 mg/dL (7.0 mmol/L). Fasting is
defined as no caloric intake for at least 8 h.*
OR
2-hplasma glucose =200 mg/dL (11.1 mmol/L)
during an OGTT. The test should be
performed as described by the WHO, using
a glucose load containing the equivalent of
75 g anhydrous glucose dissolved in water.*
OR
In a patient with classic symptoms of
hyperglycemia or hyperglycemic crisis,
arandom plasma glucose =200 mg/dL
(11.1 mmol/L)

Significant data on this topic come from the last edition of the IDF Diabetes
Atlas: the prevalence of diabetes mellitus has been estimated for different

countries for the years 2010 and 2030 (Fig 1-4).

It is estimated that approximately 285 million people worldwide, or 6.6%, in
the age group 20-79, will have diabetes in 2010, some 70% of whom live
in low and middle-income countries. This number is expected to increase by
more than 50% in the next 20 years. By 2030, 7.8% of the adult population is
projected to have diabetes. The largest increase will take place in the regions
dominated by developing economies (see Fig 1). The 40-59 age group

currently has the greatest number of people with diabetes with some 132
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million in 2010, more than 75% of whom live in low and middle-income

countries (see Fig 2).

Figure 1. Prevalence (%) estimates of diabetes by region, 2010 and 2030. The data presented for
adults are for both types 1 and 2 diabetes combined in the age range 20-79. Africa (AFR), Europe
(EUR), Middle East and North Africa (MENA), North America and Caribbean (NAC), South
and Central America (SACA), South-East Asia (SEA), and the Western Pacific (WP).
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IDF Diabetes Atlas, 4" ed. © International Diabetes Federation, 2009
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Figure 2. Number of people with diabetes by age group, 2010 and 2030. The figure shows the
absolute number, ranging by age, of people affected by diabetes mellitus worldwide. The data
presented for adults are for both types 1 and 2 diabetes combined in the age range 20-79.
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Figure 3. Prevalence (%) estimates of diabetes (20-79 years), 2010.
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Figure 4. Pevalence (%) estimates of diabetes (20-79 years), 2030.

1.5 Incidence and risk factors for Type 1 Diabetes

There is a significant geographical variation in the incidence of T1D. It is more
common in Europe and less common in Asia. The incidence of T1D is highest
in Scandinavia (30-50/100,000), intermediate in the United States (15—
25/100,000) and somewhat lower in Central and Eastern Europe (5-
15/100,000). Thus, the absolute risk changes according to the incidence, so that
in Finland a child is 40 times more likely to develop T1D than a Japanese
child and almost 100 times more likely to get the disease than a child in of
China. The incidence of T1D is increasing worldwide by 3% every year
(EURODIAB ACE Study Group, 2000; Onkamo P, 1999). Several studies
confirmed that these values are increasing worldwide, as shown in fig 5 (Gale

EA, 2002; The DIAMOND Project Group, 2006).
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Much of the aetiology of T1D is accounted for by genetic predisposition as
demonstrated in several studies, by comparing concordance rates in
monozygotic and dizygotic twins (Redondo M]J, 2001; Hyttinen V, 2003). The
lifetime risk for a member of the general population is often quoted as 0.4%.
This increases to 1% if the mother has diabetes, to 3% if the father has T1D
(Warram JH, 1988) and 6% in first degree relatives of T1D subjects (15 times

greater than in a member of the general population) (Risch N, 1987).

Fig 5. New cases of T1D in children, 0-14 years (cases per 100,000 aged 0-14 years per year),
2010.
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1.5.1 Susceptibility genes.

The study of candidate genes identified the two major susceptibility genes for
T1D: IDDM1 (Insulin-Dependent Diabetes Mellitus-1) encoded in the HLA
region of the Major Histocompatibility Complex (MHC) on chromosome 6p21
and IDDM2 (Insulin-Dependent Diabetes Mellitus-2) encoded by the insulin
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gene region on chromosome 11p15. This approach also revealed the
association of other two loci, all with smaller contributions to T1D
susceptibility: the CTLA4 (Cytotoxic T Lymphocyte Associated Antigen 4)
gene on chromosome 2q33, and the PTPN22 (Lymphoid Tyrosine
Phosphatase 22) gene.

Human Leucocyte Antigen (HLA). The HLA are a family of homologous
proteins that present antigens to T cells. They are all encoded within the
Major Histocompatibility Complex (MHC) region on chromosome 6p21 All
HLA proteins are highly polymorphic as they have hundreds of protein-
coding alleles (Hughes A, 2008) (fig 6). The class II loci HLA-DRB1 and HLA-
DQB1 are known to be strongly associated with T1D risk, explaining = 50% of
the genetic susceptibility to T1D, based on functional, structural and genetic
evidence (She J-X, 1996; Ounissi-Benkalha H, 2008). It is generally considered
that HLA class II DQB1*0302 on the DR4 haplotype and DQB1*0201 on the
DR3 haplotype are the principal susceptibility markers for T1D. We know that
90-95% of the young children with T1D carry either or both susceptibility
haplotypes, whereas the protective DR2-DQB1*0602 is present in 0.1%. HLA-
DPB1, another HLA class II gene, has been shown to modulate HLA class II-
mediated risk independent of HLA DRB1 and DQB1 (Cruz TD et al, 2004).
The T1D susceptibility or protection associated with HLA may be related to
their ability to present peptides of relevance to diabetogenic T cells.
Individuals with HLA molecules that are not able to effectively present
specific peptides to naive T cells in the thymus might fail to generate
tolerance. Alternatively, specific HLA alleles may selectively present an islet
peptide to mature T lymphocytes that have escaped negative selection. These

two mechanisms are both possible and they could coexist.
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Fig 6. MHC genes on chromosome 6 confer almost 50% of genetic susceptibility to T1D
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INS (Insulin gene). Its role in disease susceptibility was demonstrated by
association studies and was replicated by linkage analysis. Susceptibility in
the INS region, in the IDDM2 locus, has been primarily mapped to a variable
number of tandem repeats (VNTR) located ~0.5 kb upstream of INS. The
VNTR region, located in the promoter of the INS gene, plays an important
role for regulating how much INS is produced. Alleles in this region are
divided into three classes distinguished by the number of DNA base pair
repeats (Fig 7). Class I alleles have a mean of 570 base pairs, class II alleles
1200 base pairs and class III alleles have 2200 base pairs (Bennett ST, 1995).
The VNTR may not explain all of the susceptibility in this region and at least
two other polymorphisms (-23Hphl and +1140A/C) may contribute to the
etiological effect (189). Class 1 alleles are associated to T1D, whereas

protection from T1D is conferred by the alleles of class III

In studies of INS gene expression, it has been shown that class I alleles are

associated with higher INS expression in the pancreas when compared with
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class III alleles, but the opposite is true in the thymus where class I alleles are
expressed at 2-3-fold lower levels. This is likely to alter the selection of T cells
in the thymus and may therefore influence tolerance to INS (Vafiadis P, 1997;
Pugliese A, 1997).

Figure 7. Insulin VNTR variants and classification
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PTPN22, a gene found on chromosome 1p13 that encodes lymphocyte-
specific tyrosine phosphatase (negative regulator of T cell kinase signaling
that is crucial to the balance between host defense and self-tolerance), was
found to be associated with susceptibility to T1D in a case—control study. An
SNP in the PTPN22 gene potentially contributes to susceptibility to T1D, as
well as many other autoimmune diseases, because of increased negative

regulation of T cell activation (Bottini N, 2004; Criswell L, 2005).

CTLA4, is a surface molecule found on activated T cells that produces a
negative signal for T cell activation. It is thought that inherited changes in the
CTLA-4 gene expression can increase T cell self-reactivity and therefore play
an important role in autoimmune diseases such as T1D. The role of this gene
in T cell development and in the pathogenesis of autoimmunity is so far

incompletely understood.
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1.5.2 Environmental risk factors

Despite the clear contribution of genetic factors, it should be noted that the
maximum concordance rate for T1D in identical twins does not exceed 50%.
Studies in monozygotic twins indicate that only 13-33% are pairwise
concordant for T1D (Barnett AH, 1981; Kaprio J, 1992). Moreover, only 1 out
of 15 people in the general population with the highest risk HLA genotypes
develops T1D. The conspicuous geographic variation in the incidence of T1D
in children even among Caucasians and the substantial increase of the
incidence worldwide, cannot be the consequence only of genetic factors but
must mostly be due to changes in environment and lifestyle. This implies that
additional factors are needed to trigger and drive beta-cell destruction in
genetically predisposed subjects. Environmental factors have been implicated
in the pathogenesis of T1D both as triggers of beta-cell destruction (Dahlquist
G, 1995; Akerblom HK, 1998; Akerblom HK, 2002).

Among the environmental risk factors, the most prominent example is
exposure to rubella during pregnancy. About 20% of children born with

congenital rubella develop T1D (Menser MA, 1978; Ginsberg-Fellner F, 1985).

More recent studies have shown an increased risk for childhood T1D if the
mother has had an infection with enteroviruses during pregnancy (Dahlquist

G, 1995; Hyoty H, 1995).

Other events during pregnancy or at delivery such as pre-eclampsia also
confer T1D risk (Dahlquist G, 1989; Jones M, 1998; Dahlquist G, 1999). High
birth weight and children born large for gestational age have a higher risk of

T1D than controls (Dahlquist G, 1996; Stene Lc, 2001).
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Different studies have been designed to investigate the role of environmental

risk factors for T1D. Among them:

- BABYDIAB study, the first prospective cohort study that examines the
natural history of islet autoimmunity in children of patients with T1D. The
aim of this study was to determine when islet autoantibodies first appear,
which genetic and environmental factors influence their development, and
what islet auto-antibody characteristics were most associated with

progression in T1D (Ziegler AG, 1993);

- TEDDY study (the Environmental Determinants of Diabetes in Youth), a
large, international cohort project, was explicitly designed to explore
environmental factors with respect to their impact on the development of islet
cell autoimmunity and the incidence of T1D among high-risk newborns with
specific human leukocyte antigen (HLA) genotypes (TEDDY Study Group,
2008);

- TRIGR study, an international, randomized, double-blinded trial. The
hypothesis to be tested was whether hydrolyzed infant formula compared to
cow's milk-based formula decreases the risk of developing T1D in children

with increased genetic susceptibility.

To date environmental causes and mechanism underlying T1D pathogenesis
are unknown and results from different cohort studies are not definitive.
New studies are therefore needed to identify which risk factors will lead to a
better understanding of disease pathogenesis and result in new strategies to

prevent, delay or reverse T1D.
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1.6 Pathogenesis of Type 1 Diabetes

In T1D, a genetically susceptible host develops autoimmunity against the own
beta-cells. What trigger this autoimmune response remain unclear at this time.
This autoimmune process results in progressive destruction of beta-cells until
a critical mass of beta-cells is lost and insulin deficiency develops. Insulin
deficiency in turn leads to the onset of clinical sign and symptoms of T1D. It
develops slowly and progressive abnormalities in beta-cell function herald
what appears to be a sudden development of hyperglycemia. Rising HbAlc in
the normal range, impaired fasting or glucose tolerance, as well as loss of
first-phase insulin secretion usually precede overt diabetes. At the time of
diagnosis, some viable beta-cells are still present and these may produce
enough insulin to leads a partial remission of the disease (honeymoon period)
but over time, almost all beta-cells are destroyed and the patients becomes
totally dependent on exogenous insulin for survival. The exact beta-cell mass
remaining at diagnosis is poorly defined, and there are almost no studies of
insulitis before diabetes onset. For patients with long-term T1D, there is
evidence of some beta-cell function remaining (C-peptide secretion), although
beta-cell mass is usually decreased to less than 1% of normal (Meier JJ, 2005).
A large body of evidence indicates that the development of T1D is determined
by a balance between pathogenic and regulatory T lymphocytes (Mordes JP,
2004; Chatenoud L, 2005). Several timeline models have been put forward to
depict the outcome of the interplay between the genetic and environmental
factors. The linear beta-cell decline hypothesis postulated by Eisenbarth in
1986 remains the most widely referenced benchmark model for T1D
(Eisenbarth GS, 1986). According to this model (Fig. 8), genetically susceptible
individuals at some point encounter certain environmental agents that initiate

islet autoimmunity leading to a linear decay in beta-cell mass, development of
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autoantibodies, hyperglycemia, and eventually complete loss of C-peptide.
There are two characteristics of T1D present in most patients, namely at least
one susceptible HLA class II haplotype and islet autoantibodies. Thus,
regardless of the etiological factor(s) that may favor the development of islet
autoimmunity in a child, it remains highly probable that the initiation of the
disease process is the effector immune response to islet beta-cell antigens and
that the appearance of islet autoantibodies is the first detectable sign of this
process. Islet autoantibodies rarely appear prior to approximately age 6
months, and among children with a family history of T1D there is a peak
incidence at approximately 1 to 2 years of age (Naserke, 1999; Hummel, 2004;
Bonifacio, 2008). This is a relatively important observation because, in terms
of the disease process, it suggests that the events leading to islet
autoimmunity are encountered after 6 months of age and potentially at
increased frequency in early infancy and/or that neonatal immune
mechanisms are relatively protective from disease during the first six months

of life.
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Figure 8. Timelines of T1D. Model for linear beta-cell mass decay, as originally proposed by
Eisenbarth (Eisenbarth GS, 1986). In the context of genetic predisposition, an environmental
trigger induces islet autoimmunity and beta-cell death leading to a sequence of “pre-diabetic”
stages and eventually clinical onset.
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1.7 Morbidity and mortality

Complications are very common, with at least one complication present in a
large proportion of people at the time of diagnosis. Diabetes can affect many
major organs in the body, including the heart, blood vessels, nerves, eyes and
kidneys. Cardiovascular disease, resulting from damage to large blood
vessels, causes the death of 50% or more of people with diabetes depending
on the population. Long-term complications of T1D develop gradually, over

the years.

Accurate estimates of mortality attributable to diabetes are difficult to obtain
because more than a third of countries of the world do not have data on

mortality caused by diabetes (Roglic, 2005). For that reason an estimation of
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diabetes-related mortality was modeled to estimate the number of deaths in

the year 2010, based on the world trend.

The number of deaths attributable to diabetes in 2010 shows a 5.5% increase
over the estimates for the year 2007 (IDF, 2006). This increase is largely due to
a 29% increase in the number of deaths due to diabetes in the North America
and Caribbean Region, a 12% increase in the South-Fast Asia Region and an
11% increase in the Western Pacific Region. This increase can be explained by
a rise in diabetes prevalence in some highly populated countries in each

region, particularly in women.

It is well known that a substantial proportion of premature deaths are
potentially preventable through public health action directed at primary
prevention of diabetes in the population and improvement of care for all
people with diabetes (WHO, 2005). However, to date no such decline in the
morbidity and mortality has been reported for diabetes. Although some high-
income countries have documented an improved survival of persons with
diabetes, the increased prevalence is most likely due to a rise in incidence

rather than improved survival (Colagiuri S, 2005).

31



Tesi di dottorato internazionale in Endocrinologia e Malattie Metaboliche, di Rosalba Portuesi, discussa presso
I'Universita Campus Bio-Medico di Roma in data 01/02/2013. La disseminazione e la riproduzione di questo
documento sono consentite per scopi di didattica e ricerca, a condizione che ne venga citata la fonte

Figure 9. Number of deaths attributable to diabetes (20-79 years), 2010
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IDF Diabetes Atlas, 4" ed. © International Diabetes Federation, 2009
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II PART. COMPUTATIONAL BIOMEDICINE: NEW MULTILEVEL
APPROACH TO THE MULTIFACTORIALITY AND COMPLEXITY OF
TYPE 1 DIABETES

“Networks pervade all aspects of human health”

(Albert-Laszl6 Barabasi, N Engl ] Med
2007; 357:404-407)
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Introduction to the experimental section
A multilevel approach to the complexity of type 1 diabetes:

the dual purpose of this research project

The thesis has a clear bipartite structure: a first part regarding the use of a
Bayesian Network approach to the estimation of the burden of genetic
causative component in the T1D and a second part in which is demonstrated
that a cluster of beta-cells, modeled by a Network of elementary excitable and
interacting units,  exhibits an emergent collective behavior resembling

biologically relevant properties of islets of Langerhans.

The trait d'union between these two parts is clearly the “Network paradigm”
that we can summarize with the sentence "The knowledge of the relations between
the parts of a system is much more important than the knowledge of the fine structure
of the constituting elements". The use of the term “network” is more and more
widespread in all fields of Biology and Medicine. It evokes a systemic
approach to biological and clinical problems able to overcome the evident

limitations of the strict reductionism of the past twenty years.

Major consequences follow when not only the single elements, but also the
intermingled links connecting different parts of biological entities, are taken
into consideration. The network paradigm is nowadays the prevailing
methodological approach in Biology. We can read about gene networks,
protein networks, metabolic as well as signaling networks. The network
paradigm is a horizontal construct, essentially different from the classical top-

down perspective of Molecular Biology, dominant until a few years ago. This
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approach comprised of a privileged flux of information from DNA down to

RNA and proteins.

This kind of strategy is set to enable scientific thought to overcome the current
impasse and is a promising solution to the sterile debate occurring due to the

‘bottom-up” and ‘top-down’ approaches.

In general, many diseases are associated with the breakdown of functional
modules that are best described as “sub-networks” of a more complex
network connecting many components. Therefore, an understanding of the
functionally relevant genetic, environmental, metabolic and protein—protein
interactions in a disease network will play an important role in increasing of

the understanding the pathophysiology of human diseases.

As described earlier, unlike monogenic diseases, there are various factors that
come into play in the onset and progression of T1D. For this reason it is defined
as a multifactorial disease. This feature can be highlighted since the early
disease stages, during which the intervention of various factors (both genetic
and environmental) is necessary for the onset of the disease. Moreover,
during the progression of the disease, multiple inter and intra cellular phenomena
interact, resulting in the complete loss of pancreatic beta-cell capacity to

produce and release insulin.

One can easily see that a multilevel approach, taking into account the network

of interacting factors, is necessary for a better understanding of T1D.

Finally, a network-based approach to human disease has multiple potential
applications from biological and clinical points of view. A better
understanding of the etiopathogenesis and disease progression in T1D may

offer more focused targets for preventive strategies and development of

43



Tesi di dottorato internazionale in Endocrinologia e Malattie Metaboliche, di Rosalba Portuesi, discussa presso
I'Universita Campus Bio-Medico di Roma in data 01/02/2013. La disseminazione e la riproduzione di questo
documento sono consentite per scopi di didattica e ricerca, a condizione che ne venga citata la fonte

drugs. These advances may also lead to the use of more accurate biomarkers
to monitor the functional integrity of pancreatic islets that are perturbed by
the autoimmune process, as well as the development of specific disease

guidelines for classification and therapy.

This thesis aims at approaching the multifactorial nature of T1D in two

different aspects:

1) Etiology: interactions between T1D susceptibility genes and environmental
risk factors were examined separately and the joint risk of their interaction

was estimated, using the Bayesian probabilistic approach.

2) Progression of the beta-cell damage: this was implemented in a virtual
portion of diabetic pancreas, by evaluating the effects of apoptotic events
induced by autoimmune responses on communication between beta-cells, and
hence on the ability of the pancreas to produce insulin. The damage was
studied by implementing a stochastic mathematical model that simulates the
complex relationships that exist within a virtual cluster made up of pancreatic

beta-cell.

These two different approaches will be introduced in the next chapters, in the
context of the multilevel analysis and the new challenge of modern

technology.
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CHAPTER 2. “A NETWORK-BASED APPROACH”

2.1 The reasons for using a network-based approach

The Human Genome Project has revolutionized gene hunting, leading to an
explosion in the number of detected associations between genes and disease
phenotypes. However, many of the new disease-associated genetic mutations

account for only a small fraction of disease occurrences.

Genetic susceptibility is crucial in the development of T1D. The lifetime risk
for a member of the general population is often quoted as 0.4%. This increases
to >1% if the mother has diabetes and, intriguingly, to >3% if the father has
T1D (Warram JH, 1988). The sibling risk is 6% (15 times greater than in a

member of the general population) (Risch N, 1987).

The classic indicator of the role of genes in any disease is found by comparing
concordance rates in monozygotic (MZ) and dizygotic (DZ) twins. In a
Finnish study authors showed that early age of onset in one twin increased
the risk in the co-twin (Hyttinen V, 2003). Concordance rates of 27% in MZ
and 3.8% in DZ, respectively, were reported. In particular, the evaluation of
the role of genetic and environmental factors in this study showed that 88% of
the phenotypic variance was due to genetic factors, and the remaining
variance was due to unshared environmental factors. In the prospective study
performed by Redondo et al, the analysis of pairs of monozygotic twins from
the UK and from USA, discordant for diabetes, underlined the importance of
age of onset in one twin for risk of future diabetes in the co-twin: twins of

individuals with T1D onset diagnosed at < 24 years of age had a 38%
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probability of diabetes against 6% in those diagnosed after the age of 24 years
(Redondo MJ, 2001).

These results emphasize the importance of genetics in T1D, but also clearly
demonstrate again that having certain combinations of genes is not sufficient
to cause T1D. The hypothesis is that other hidden causes in more genes or in

more environmental risk factors can be involved.

Considering the recent rapid increase in T1D incidence, and that the gene
pool cannot change quickly enough to account for that, environmental factors
have been implicated. Three independent studies (Hermann R, 2003; Gillespie
KM, 2004; Fourlanos S, 2008), compared genetic susceptibility in individuals
developing TID currently with those developing diabetes at least one
generation before and showed that more people with less genetic
susceptibility are now developing autoimmune diabetes. It might therefore be
argued that genetic susceptibility is now less important than in previous
generations. Nevertheless the susceptibility genes have not altered, rather the
environment is more ‘permissive’ for the clinical onset than before.
Identification of these environmental triggers is proving more complex than
the susceptibility genes. Several studies are ongoing to try to identify the
environmental determinants of T1D, e.g. the study performed by an
international consortium, the Environmental Determinants of Diabetes in the
Young (TEDDY). It was established in order to study genetic—environmental
interactions, including gestational events, childhood infections or other
environmental factors after birth, in relation to the development of pre-

diabetic autoimmunity and T1D (The TEDDY Study Group, 2007).

In some studies, authors have evaluated the relationship between a single

environmental risk factor and T1D by comparing patients and controls (Chris
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R Cardwell, 2010; Cardwell C R 2010, Cardwell C. R. 2010). Moreover, several
studies investigated the relationship between environmental triggers
individually considered and the genetic susceptibility of subjects (in terms of
HLA, INS, PTPN22 and CTLA-4) in case-control groups (Stene L. C., 2006,
Soltesz G, 2007).

All these published findings represent a valuable source of information
thanks to which we can have a better orientation when we ask “what causes
diabetes?”, but to date the approaches used have not led to an agreement
between different findings. Why is that? Here we will try to find a likely

answer to this question.

2.2 An interactive multilevel network organization for a complex disease: a

new approach for the “Etiology question”

In the last 10 years the idea that an integrated approach is required to
understand what comes into play in the development of a multifactorial
disease has been steadily consolidating. For this reason, Barabasi et al have
introduced a very promising approach that consists of identifying the disease
as a complex network, composed of several interacting factors that

communicate at multiple levels (Barabasi A-L, 2003).

This new concept is illustrated in the figure below (Fig. 3.1). Most of the
realities that surround us, (technological, social and biological systems) are
characterized by an interactive multilevel network organization and are

governed by quantifiable organizing principles.
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The growing interest in interconnectedness has brought into focus an recently
ignored issue: “networks pervade all aspects of human health” (Barabasi A-L,

2004).

The existence of intricate molecular links between sub-cellular components
and disease genes raises the probability that risk factors may not be as
independent of each other as medical practitioners currently consider them to
be. The third network level, shown in Fig 1, represents the social network,
which encompasses all human-to-human interactions (environmental aspects
e.g. family, friendship and proximity-based contacts) that play a role in the
spread of pathogens (top layer). To this effect, networks may affect all aspects
of medical research and practice, from disease mechanisms to drug discovery

(Barabasi A-L, 2003).
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Fig. 1 Interactions between the cellular, disease, and social levels as part of network disease.
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So far, progress towards a reliable network-based approach to disease has
been limited by the incompleteness of the experimental data and the
limitations of the existing tools to explore the role of network interactions in
disease. For example, researchers were forced to apply traditional statistical
tools to network data, assuming that the quantities applicable had a normal
distribution and often, they did not take into account the fact that
measurements and proxies are strongly related to each other. Another
assumption of current statistical tools is that quantities characterizing various
activity patterns are independent variables. But far a long time we have
known since a long time, that most activity patterns at all levels of biological
organization, are correlated. Thus, there is a real need to develop statistical

tools that are reliable in the context of the interconnected risk factors.
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Furthermore, we know that a certain degree of uncertainty considering the
complex network of interaction between all the different causes of diabetes

known to date, is also involved. Some questions hereby arise:

1) How should we approach the complexity and the multifactoriality of

the disease?

2) How should we study the multilevel interaction between different

factors involved in the same disease?

3) Which method should be used for an approach that at the same time
takes into account all the variables that we want to study as well as

their interaction?

4) How do we introduce the information from literature into our
evaluation and besides, how can we update our thinking on T1D

etiology with new experimental observations or data collected?
5) How can we quantify the uncertainty?

The approach based on “Network paradigm” seeks to offer the answers to
these questions. For the first aim of this thesis (assessment of risk of T1D onset
based on susceptibility genes) a special kind of Bayesian Network was chosen;
whereas for the second aim (mathematical model of progression of beta-cell
damage) a network of elementary excitable and interacting units modeling a

beta-cell cluster was implemented.
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2.3 Bayes’ Theorem and Bayesian Networks

Thomas Bayes (1702 — 1761) was an English mathematician and Presbyterian
minister, known for having formulated a specific case of the theorem that
bears his name: Bayes' theorem, which was published after his death. Since
that time the theorem has had a great impact on statistical inference because it
enables us to calculate the probability of a cause when its effect is observed.
From the philosophy of Thomas Bayes emerges Bayesian statistics and the
simple but powerful Bayes theorem. Although it was established two and a
half centuries ago, the Bayesian view of the scientific method and its role in
prediction has been recognized only recently as a great unifying framework
that elegantly ties all the foreseeable components together. In the 1980s, the
method was extended to model the probabilistic relationships among many
causally related variables. The graphical structures that describe these

relationships have come to be known as Bayesian networks.
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2.3.1 Bayes’ Theorem

Bayesian probability is the name given to several related interpretations of
probability, which have in common the notion of probability as something
like a partial belief, rather than a frequency. Bayes defines probability as

follows:

“The probability of any event is the ratio between the value at which an expectation
depending on the happening of the event ought to be computed, and the value of the

thing expected upon its happening.”

In other words, following the Bayes” Theorem, we can compute conditional

probabilities of events of interest from known probabilities as follows.

Definition of Bayes’ Theorem: Given two events E and F such that P(E)#0 and

P(F)# 0, we have
PiFIEVP(E)
pefF) = 2B PE)
PF)

In Bayes' theorem, each probability has a conventional name:

* P(E) is the prior probability (or "unconditional” or "marginal" probability) of
E. It is "prior" in the sense that it does not take into account any information

about F;

* P(EIF) is the conditional probability of E, given F. It is also called the
posterior probability because it is derived from or depends upon the specified

value of F.

* P(FIE) is the conditional probability of F given E. It is also called the
likelihood.
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* P(F) is the prior or marginal probability of F, and acts as a normalizing

constant.

Furthermore, given mutually exclusive and exhaustive events E1, E2,...En

such that P (Ei) # 0 for all i, we have for 1<i<n,

The first formula enables us to compute (EIF) if we know (FIE), (E), and
(F); the second one enables us to compute (EilF) if we know (F|Ej) and (Ej)

for 1<j<n.

The following example illustrates the use of Bayes” Theorem.

Example 1:

Suppose Jack must take the “Enzyme-Linked Immuno-Sorbent Assay”
(ELISA) blood test which tests for the presence of human immunodeficiency
virus (HIV). Jack takes the test and it comes back positive for HIV. How likely
is it that Jack is infected with HIV? Without knowing the accuracy of the test,
Jack really has no way of knowing how probable it is that he is infected with
HIV.

The data we ordinarily have when carrying out tests is the true positive rate

(sensitivity) and the true negative rate (specificity). The true positive rate is
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the number of people who both have the infection and test positive divided
by the total number of people who have the infection. For example, to obtain
this number for ELISA, 10,000 people who were known to be infected with
HIV were identified. This was done using the Western Blot, which is the gold
standard test for HIV. These people were then tested with ELISA, and 9990
tested positive. Therefore, the true positive rate is 0.999. The true negative rate
is the number of people who both do not have the infection and test negative
divided by the total number of people who do not have the infection. To
obtain this number for ELISA 10,000 nuns who denied risk factors for HIV
infection were tested. Of these, 9980 tested negative using the ELISA test.
Furthermore, the 20 positive-testing nuns tested negative using the Western
Blot test. So, the true negative rate is 0.998, which means that the false positive
rate is 0.002. We therefore formulate the following random variables and

subjective probabilities:

P (ELISA = positive | HIV = present) = 0.999 (1)

P (ELISA = positive | HIV = absent) = 0.002 (2)

One might wonder why we called these subjective probabilities when we
obtained them from data. Recall that the frequentist approach says that we
can never know the actual relative frequencies (objective probabilities); we
can only estimate them from data. However, within the subjective approach,
we can make our beliefs (subjective probabilities) equal to the fractions

obtained from the data.
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It might seem that Jack almost certainly is infected with HIV, since the test is

SO accurate.

However notice that neither the probability in Equality (1) nor the one in
Equality (2) is the probability of Jack being infected with HIV. Since we know
that Jack tested positive on ELISA, that probability is

P (HIV =present | ELISA = positive )

We can compute this probability using Bayes” Theorem if we know PHIV =

present).

Recall that Jack took the blood test simply because the State required it. He
did not take it because he thought for any reason he was infected with HIV.
So, the only other information we have about Jack is that he is male and the
state in which he resides. Therefore, if 1 in 100,000 men in State is infected

with HIV, we assign the following subjective probability:

P(HIV = present) =0,00001

We now apply Bayes” Theorem to compute the
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P(present|positive)

P(positive|present ) P(present)

Plpositive|present ) P(present) + P(positive|absent) Plabsent)
(.999)(.00001)

= .00497.

Surprisingly, we are fairly confident that Jack is not infected with HIV.

A probability such as (HIV=present) is called a prior probability because, in a
particular model, it is the probability of some event prior to updating the
probability of that event, within the framework of that model, using new
information. A probability such as P (HIV = present| ELISA = positive) is
called posterior probability because it is the probability of an event after its
prior probability has been updated, within the framework of some model,

based on new information.

In the previous example we obtained our beliefs (subjective probabilities)
directly from the observed fractions in the data. Although this is often done, it
is not necessary. In general, we obtain our beliefs from our information about
the past, which means that these beliefs are a composite of all our experience

rather than merely observed relative frequencies.

2.3.2 From Bayes’ Theorem to Bayesian Networks

Since Bayes’ time the theorem has had a great impact on statistical inference
because it enables us to calculate the probability of a cause when its effect is

observed. In the 1980s, the method was extended to model the probabilistic
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relationships among many related variables. The graphical structures that

describe these relationships have come to be known as Bayesian networks.

Bayesian networks (BNs), also known as belief networks, belong to the family
of probabilistic graphical models (GMs). These graphical structures are used
to represent knowledge about an uncertain domain. In particular, each node
in the graph represents a random variable, while the edges between the nodes
represent probabilistic dependencies among the corresponding random
variables. These conditional dependencies in the graph are often estimated by
using known statistical and computational methods. Hence, BNs combine
principles from graph theory, probability theory, computer science and

statistics.

BNs correspond to another graphical model structure known as a directed
acyclic graph (DAG) that is popular in the statistics, the machine learning, and
the artificial intelligence societies. BNs are both mathematically rigorous and
intuitively understandable. They enable an effective representation and
computation of the joint probability distribution (JPD) over a set of random

variables (Pearl J. 1988).

The structure of a DAG is defined by two sets: the set of nodes (vertices) and
the set of directed edges. The nodes represent random variables and are
drawn as circles labeled by the variable names. The edges represent direct
statistical dependence among the variables and are represented by an arrow
between nodes. In particular, an edge from node X i to node X jrepresents a
statistical dependence between the corresponding variables. Thus, the arrow
indicates that a value taken by variable X j depends on the value taken by
variable X 1. Node X ris then referred to as a parent of X jand, similarly, X ; is

referred to as the child of X i. An extension of these genealogical terms is often
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used to define the sets of “descendants” — the set of nodes that can be
reached on a direct path from the node, or ancestor nodes — the set of nodes
from which the node can be reached on a direct path (Grifths TL, 2006). The
structure of the acyclic graph guarantees that there is no node that can be its
own ancestor or its own descendent. Such a condition is crucial for the
factorization of the joint probability of a collection of nodes as seen below.
Note that although the arrows represent direct relationship connection
between the variables, the reasoning process can operate on BNs by
propagating information in any direction (Pearl J, 2001). This process is called
inference. Inference in a Bayesian network means computing the conditional
probability for some variables given information (evidence) on other

variables.

This is easy when all available evidence is on variables that are ancestors of
the variable(s) of interest. But when evidence is available on a descendant of
the variable(s) of interest, we have to perform inference opposite the direction
of the edges. For this purpose, we employ Bayes' Theorem:

P{B|A)P(A)

j_-;( A | B ) = P( 3 ]

Inference is essentially a clever application of Bayes' Theorem; details can be

found in the paper by Jensen 1990 (F. Jensen, 1990)

A BN rejects a simple conditional independence statement. Namely that each
variable is independent of its non-descendent in the graph, given the state of
its parents. This property is used to reduce, sometimes significantly, the
number of parameters that are required to characterize the JPD of the
variables. This reduction provides an efficient way to compute the posterior

probabilities, given the evidence.( Pearl, ]. 1988; Friedman N et al1997).
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In addition to the DAG structure, which is often considered as the qualitative
part of the model, one needs to specify the quantitative parameters of the
model. The parameters are described in a manner which is consistent with a
Markovian property, where the conditional probability distribution (CPD) at
each node depends only on its parents. For discrete random variables, this
conditional probability is often represented by a table, listing the local
probability that a child node takes on each of the feasible values — for each
combination of values of its parents. The joint distribution of a collection of
variables can be determined uniquely by these local conditional probability

tables (CPTs).

Following the above discussion, a more formal definition of a BN can be
given. A Bayesian network is an annotated acyclic graph that represents a JPD
over a set of random variables V. The network is defined by a pair B =(G,0)
,where G is the DAG whose nodes Xi, Xz, ... Xn represents random variables,
and whose edges represent the direct dependencies between these variables.
The graph G encodes independence assumptions, by which each variable Xiis
independent of its nondescendents given its parents in G. The second
component © denotes the set of parameters of the network. This set contains
the parameter Oxiini = P (xil 7ti) for each realization xi of Xi conditioned on i,

the set of parents of Xiin G. Accordingly, P(B) is equal to:

Pl Xy X ocis Xg) = ﬁ Pp(X;|m;) = lilg.k', nd

=] i=1

(1)

If xi has no parents, its local probability distribution is said to be unconditional,

otherwise it is conditional. If the variable represented by a node is observed,
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then the node is said to be an evidence node, otherwise the node is said to be

hidden or latent.

The following is a simple example of BN structure.

Example 3. The Apple Tree Example:

The problem domain of this example is a small orchard belonging to Jack
Fletcher (let's call him Apple Jack). One day Apple Jack discovers that his
finest apple tree is losing its leaves. Now, he wants to know why this is
happening. He knows that if the tree is dry (caused by a drought) there is no
mystery - it is very common for trees to lose their leaves during a drought. On

the other hand, the loss of leaves can be an indication of disease.

The situation can be modeled by the BN in Fig 2. The BN consists of three
nodes: Sick, Dry, and Loses which can all be in one of two states: Sick can be
either "sick" or "not" - Dry can be either "dry" or "not" - and Loses can be either
"yes" or "no". The node Sick tells us that the apple tree is sick by being in
"sick" state. Otherwise, it will be in state "not" . The nodes Dry and Loses tell
us in the same way if the tree is dry and if the tree is losing its leaves,

respectively.
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Figure 2. BN representing the domain of the Apple Jack problem.

The BN in Fig. 2 models one of the possible kind of interaction between
nodes: the causal dependence from Sick to Loses and from Dry to Loses. This is

represented by the two links.

When there is a causal dependence from a node A to another node B, we
expect that when A is in a certain state this has an impact on the state of B.
One should be careful when modeling the causal dependencies in a BN.
Sometimes it is not quite obvious in which direction a link should point. In
our example, for instance, we say that there is a causal link from Sick to Loses
because when a tree is sick this might cause the tree to lose its leaves. But
couldn't one say that when the tree loses its leaves it might be sick and then
turn the link in the other direction? No, we cannot! It is the sickness that
causes the lost leaves and not the lost leaves that cause the sickness. In Figure
1, we have the graphical representation of the BN. However, this is only what
we call the qualitative representation of the BN. Before we can call it a BN, we

need to specify the quantitative representation. The quantitative representation
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of a BN is the set of CPTs of the nodes. Tables 1, 2 and 3 show the CPTs of the

three nodes in the BN of Figure 3.2

Sick="sick" | Sick="not"

0.1 0.9

Table 1: P(Sick).

Dry="dryll Dry="n0t”

0.1 0.9

Table 2: P(Dry).

Dry=l’dryl’ Dl‘y="n0t”

Sick="sick" | Sick="not"  Sick="sick" | Sick="not"

Loses="yes" 0.95 0.85 0.90 0.02

Loses="no" 0.05 0.15 0.10 0.98

Table 3: P(Loses | Sick, Dry).

Note that all three tables show the probability of a node being in a specific

state depending on the state of its parent nodes but since Sick and Dry do not
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have any parent nodes, the distributions in Tables 1 and 2 are not conditioned

by anything.

2.4 "How should we approach complexity and multifactoriality? ”: the role

of Conditional Independence

One objection to the use of probability theory is that the complete
specification of a probability distribution requires absurdly numerous
numbers. For example, if there are n binary random variables, the complete
distribution is specified by 2™ joint probabilities. Thus, the complete
distribution for a BN with 3 nodes would require 7 values, yet we only
specified 6. This savings might not seem great, but if we increase the size of
the network to 8 nodes (as we have shown in the next fig 4), 2! would be 128,
but we would only need to give 16 (as shown on the left side column by the

green windows in the fig 4). Where does this come from?

The answer is that Bayesian networks have built-in independence

assumptions.

Definition of independence assumptions. Two sets of variables, A and B, are
said to be (conditionally) independent, given a third set C of variables. If the
values of the variables C are known, knowledge about the values of the

variables B provides no further information about the values of the variables

A:

Therefore if two variables are independent given the state of a third variable,

then they are said to be conditionally independent. This does not mean that B

63



Tesi di dottorato internazionale in Endocrinologia e Malattie Metaboliche, di Rosalba Portuesi, discussa presso
I'Universita Campus Bio-Medico di Roma in data 01/02/2013. La disseminazione e la riproduzione di questo
documento sono consentite per scopi di didattica e ricerca, a condizione che ne venga citata la fonte

and C are independent in any possible occasion, it only means that the

knowledge of B is useless when C is already known.

Conditional independence can be read directly from the graph as follows: Let

A, B, and C be disjoint sets of variables, then

+ identify the smallest sub-graph that contains AUBUC and their

ancestors;
+ add undirected edges between nodes having a common child;
+ drop directions on all directed edges.

Now, if every path from a variable in A to a variable in B contains a variable

in C, then A is conditionally independent of B given C ( Lauritzen S. L, 1990)

Due to the assumption of independence, the Bayesian network algorithm can
estimate in “essentially” the probabilistic relationships that govern the
variables of interest thereby making the contemporary analysis of many

variables easier and faster.

2.5 Updating our beliefs by introducing new knowledge

"How can information from literature be introduced in our data analysis?
How can we update our beliefs on T1D etiology with new experimental
observations or collected new data?” Fundamentally, the Bayesian theorem
provides us with the answers. The Bayesian formalism allows us to update
that confidence (probability) when new information becomes available.
Instead of a list of parameters BN begin with the prior joint probability

density function (pdf) describing what we know about the parameters before
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we begin to build the model. These parameter distributions are gleaned from
literature, previous experiments or archival databases. Calibration via
Bayesian inference (see paragraph 2.3.2) is used to update the distributions to

make the theory (model) consistent with particular observations (data).

To illustrate this concept, let us consider the following hypothetical piece of

medical reasoning:

"Shortness-of-breath (dyspnea) [d] may be due to tuberculosis [t], lung
cancer [1] or bronchitis [b], or none of them, or more than one of them. A
recent visit to Asia [a] increases the risk of tuberculosis, while smoking [s] is
known to be a risk factor for both Iung cancer and bronchitis. The result of a
single chest X-ray [x] does not discriminate between lung cancer and
tuberculosis, neither does the presence or absence of dyspnea". (Lauritzen

S.L, 1988).

On the left side probabilities of different events-variables present in the data
set imported are shown (in green), whereas on the right side all variables are

codified in nodes and are linked by edge of relationship.
The Following are some examples to explain the concept.

If, during the patients interview, we learn that a patient is a smoker, we will
adjust our beliefs (increased risks) regarding lung cancer and bronchitis.
However, our beliefs regarding tuberculosis are unchanged (i.e., t is

conditionally independent of s given the empty set of variables).

Now, suppose we get a positive X-ray result for the patient. This will affect
our beliefs regarding tuberculosis and lung cancer, but not our beliefs
regarding bronchitis (i.e,, b is conditionally independent of x given s).

However, had we also known that the patient suffers from shortness-of-
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breath, the X-ray result would also have affected our beliefs regarding

bronchitis (i.e., b is not conditionally independent of x given s and d).

Figure 3: Graph representing structural aspects of medical knowledge concerning lung
disease.

Visitto Asia?

Has tuberculosis Has bronchitis

Has lung cancer

Tuberculosis or cancer

Positive X-ray? Dyspnoea?

Figure 4: Bayesian Network of lung diseases and conditional probability tables.

= @0 eronchitis?
| —

45,0000 yes
55,0000 no

]
= @O Dysproea?

| | 43,5971 yes

= 56,4029 no Visitto Asia?
= @0 Lung cancer?

— 55000 yes

94,5000 no

=
= @Orosttive x-ray?
—

11,0290 yes
] 88,9710 no
= @O smoker?
| — 50,0000 yes
50,0000 no
= @O Tuberculosis or cancer?
— 6.4828 yes
93.5172 no

Tuberculosis?

I
= @O Tuberculosis?
— 1.0400 yes
96,9600 no
= @O visit to Asia?
— 1.0000 yes
m—] 99,0000 no

Tuberculosis or cancer?
Positive X-ray?
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Figure 5: The update of the information status regarding the two variables
“Positive X-ray” and “Dyspnoea” (in pink), determines a resulting change in
the probability of “Bronchitis” and “Tuberculosis or cancer” than the
probabilities shown in the previous figure, when we did not know anything

about signs and symptoms of the patient.

= Domain
= @O Bronchitis?
- 68.1869 yes
31.8131 no

| —
= @O Dyspnoea?

I 100.0000 yes

—— -no Visitto Asia?
= @O Lung cancer?

= 62.1253 yes

37.8747 o

]
= @0 Positive X-ray?
— 100.0000 yes
-no

—
= @O smoker?
. 78.5610 yes
| — 21,4390 no
= @O Tuberculosis or cancer?
) 72.8725 yes
271275 no

Tuberculosis?

| —
= @0 Tuberculosis?
— 11,3933 yes
) 88,6067 no
= @O visit to Asia?
—/ 1.3984 yes
I 98,6016 no

Tuberculosis or cancer?
Positive X-ray?
Le]

Le]

2.6 “How can we quantify the uncertainty? “: the relevance of information

status

Our goal is to use scientifically based predictions of physical reality to make
informed decisions. Probabilistic Bayesian approach gives us the
opportunity to make predictions about diseases. As we are talking about
complex disease, we need to take into account that the prediction includes
concrete, quantifiable measures of uncertainty, that is we must know how
good the predictions are. Furthermore, we are aware that from the theories
to the experimental data and from instruments used for measuring to
computer used for modeling prediction, an abundance of errors and

uncertainties affect every aspect of scientifically based predictions.
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Figure 6. Imperfect computational modelling: imperfection in the mathematical models,
incomplete observational data, observations delivered by imperfect instruments, and corruption
of the model itself in the discretization needed for computation all lead to imperfect paths to
knowledge. Reproduced from JT Oden, “A brief view of V & V & UQ” a presentation to the
Board on Mathematical Sciences and their applications, National Research Council, October
2009.”

How can we deal with these imperfections? It is here that old ideas re-emerge
to help us with Probability theory of Thomas Bayes. Theories and their
consistency with experiments must be judged in terms of probabilities in light
of the evidence. In treating uncertainty we should decide how to represent it
mathematically. The Bayesian philosophy suggests that uncertainty can be
represented probabilistically. In this direction, probability represents our

confidence in some proposition, given all currently available information.

If the state of information changes, the evaluation of the probability also has

to be modified. More in general, in Schrodinger’s words:
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“Since the knowledge may be different with different person or with the same person
at different times, they may anticipate the same event with more or less confidence,
and thus different numerical probabilities may be attached to the same event... Thus
whenever we speak loosely of the probability of an event, it is always to be

understood: probability with regard to a certain given state of knowledge.”

2.7 Strengths and limitations of Bayesian Networks.

The Bayesian approach provides a framework for making inferences about
the parameters of interest, taking into account uncertainty in the nuisance
parameters. Owing to computational constraints, Bayesian analyses were not
widely used until about 15 years ago, when they became more prevalent in
many areas of science and field of research as genetics, oncology, biology,
artificial intelligence, management (Bodén M 2010; Yu J 2005; Burnside ES
2004; Chakraborty S 2005; Chen XW 2005), etc. This advance is now extending
to genetic association studies and also medicine as recent papers have shown
(Ungvari I 2012; Kang J, 2011; Schlosberg CE 2011; Hageman RS 2011).There
are some obvious advantages of working with BNs. BNs can facilitate
learning about causal relationships between variables (Uusitalo,2007) and can
easily be converted into decision support. The graphical nature of a BN
clearly displays the links between different system components. This can
facilitate discussion of the system structure with people from a wide variety
of backgrounds and can encourage interdisciplinary discussion and
stakeholder participation. The use of Bayesian inference means that a BN can
be readily updated, when new knowledge becomes available. There is often a
lack of information about one or more processes involved in natural systems.

Models that rely on data alone (e.g. traditional deterministic or process
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models) are not suitable to assess uncertain processes in the system. BNs
provide a way to overcome data limitations by incorporating input data from
different sources. BNs are therefore useful tools for addressing uncertainty in
data and combining observations, model simulation and expert knowledge
(Uusitalo, 2007). A convenient feature of BNs is the ability to learn about the
structure and parameters of a system based on observed data. Knowledge of
the structure of a system can reveal the dependence and independence of
variables and suggest a direction of causation. It evaluates the ‘optimal’” BN
structure, based on the highest probability score for possible candidate
structures, given the data provided and perhaps penalized for the level of
complexity. Different score metrics can be used to evaluate the BN structure,

varying from entropy methods to genetic algorithms.

Parameter learning entails estimating the CPT at each node, given the link

structures and

the data. Parameter learning is based on Bayesian learning algorithms that
aim to find the maximum likelihood for the CPTs in a given BN. Of course,
the fact that sufficient observations are needed to enable an estimation of
conditional probabilities and the availability of ‘enough’ observed data is
precisely a limitation in many natural resource management issues. If there
are lots of missing observations, BNs can use complex learning algorithms to
learn the tables. The distribution of the unavailable data needs to be defined
and may be dependent on the states of other variables or they can be
randomly distributed. Kontkanen et al (Kontkanen P, 1998) demonstrate that
BNs can yield good prediction accuracy using learning algorithms, even if

sample sizes are small.
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There are also some clear limitations to BN models. While Bayesian models
are a useful way to model expert knowledge, it may be difficult to get experts
to agree on the structure of the model and the nodes that ought to be
included. Furthermore, experts may be hard put to express their knowledge
in the form of probability distributions (Uusitalo, 2007). Elicitation of expert
knowledge requires an iterative process, to ensure that experts are
comfortable with the nodes, their states and interrelationship in the BN,
before they can make statements about distributions and confidence intervals
of variables (Pollino, 2008). Furthermore, some BN software packages may
have limited ability to deal with continuous data. Such data generally needs
to be ‘discretized” (broken up into discrete states). The states need to comprise
interval values that define the total range of values the continuous variables

can assume.

Although discretizing is a convenient way to control the size of the network,
discrete states may not capture the original distribution of the variable
completely and can lead to lower precision of variable values. Barton et al
(Barton M, 2008) show how discretization assumptions can significantly affect
the outcome estimates. Another limitation that has been defined in the
literature stems from the acyclic nature of BNs. The acyclic property is
required to carry out probability calculus, but implies that feedback effects
cannot be included in the network (Barton et al, 2008). There is also a limit to
the spatial and temporal scales that can be modeled within one BN. The usual
approach to account for different scales is to develop a network for each
geographical site or time period, and running these separately, thus inevitably

increasing the size of the model.
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CHAPTER 3. BAYESIAN NETWORK IN GENETIC ANALYSIS FOR RISK
ASSESSMENT IN T1D

3.1 Introduction

Type 1 Diabetes is one of the most common multifactorial and polygenic
diseases in which genetic and environmental risk factors interact with each
other to determine the onset of disease. It represents a challenge for
researchers that have so far tried answer to many questions raised regarding
the different causes underlying the etiopathogenesis of the disease. However,
there are still many open questions: what is the risk of T1D onset conferred by
the three main susceptibility genes HLA, INS and PTPN22? How are these
genes associated in order to confer a global genetic risk? Do they have some

role in influencing the age at disease onset?

The coexistence of multiple causes underlying the etiopatogenesis of the
disease, the complex way in which they can interact with each other, the
variability with which the genetic and environmental risk factors exert their
protective or predisposing function to the disease and lastly, but not least, the
difficulty of managing and evaluating all the available data, make the

challenge even bigger.

In the following chapter we will explain the experimental work carried out,
using the probabilistic method introduced in the previous chapter, to evaluate
the risk for T1D onset conferred by an individual susceptibility gene and the
joint action of different association between risk classes of HLA-DR, INS-
VNTR and PTPN22 using Bayesian networks and the probabilistic rule

theorized by Reverend T. Bayes. The interaction between genes and the role of
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the single gene in influencing the age at disease onset were also studied by

applying the same probabilistic approach.

3.2 Data sets used for the study

Four independent data sets collecting genetic data (HLA-DR, INS-VNTR and
PTPN22) were analysed. All samples were from Caucasian populations from

three different countries (see table 1).

The case-control French cohort (data set A) consisted of 868 T1D patients (M/F
0.84, mean age at T1D onset 19.63 +14.40 yearsyears) and 73 French control
subjects (0.63 M/F ratio). It was a subset of a cohort consisting of French

Caucasian T1D patients and controls, recruited in three hospitals in Paris and

Lille (Ghandil P, 2005).

The case Italian sample (data set B) collected in Lazio region consisting of 391
T1D patients (M/F 1.06 , mean age at T1D onset 14.31 * 8.84); T1D patients
were diagnosed by participating centres of the IMDIAB group in continental

Italy and the diagnosis of T1D was based on the ADA classification criteria.

The U.S. and Canada data set (data set C) consisted of 705 T1D patients (M/F
0.84 , mean age at T1D onset 12.38 + 7.03 years). The American data set
consisted of only information in HLA and INS genes from T1D patients
recruited by the Genetics of Kidneys in Diabetes (GoKind) study Group.
Diabetes was diagnosed before age 31 and all patients were characterized by

several other eligibility criteria specified in related references (Mueller PW,

2006).
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French nuclear families data set (data set D) with 1694 patients (M/F 1.2, mean
age of T1D onset 14.5%10.3 ) and 2340 controls (M/F 0.88). Only two
phenotypes, with or without the disease, and no intermediate phenotypes
such as antibody positives with normal glucose were considered. Data sets
used in our analysis consisted of less data than the originals because we

excluded individuals with some missing genotypes.

Gene typing

All individuals taking part in these studies gave their informed consent for
genetic studies. DNA was extracted from blood using standard techniques and
genotyping of genes was performed on specific methods for each data set

(Buzzetti R, 2004; Ghandil P 2005; Muller PW 2006).

Gene risk classification

All genetic information was classified based on the T1D susceptibility or not

susceptibility as follows:

HLA. Subjects were grouped from highest (DR3/DR4) to intermediate
(DR3/DR3 or DR4/DR4; DR3/DRx or DR4/DRx) to the lowest (DRx/DRx,
where x is other than DR3 or DR4 allele) HLA genotypes for T1D risk
(Fourlanos S, 2008).

“HLA-DR” node represented in the BN graph consisted of all these three risk

classes.

INS gene. A/T and T/T were considered as the non-susceptibility alleles and
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AA as the susceptibility allele (Bennett ST, 1995).”INS” node represented in

the BN graph, consisted of both risk classes.

PTPN22 gene. C/C was considered as the non-susceptibility allele T/T and C/T

as the susceptibility alleles (Bottini N 2004; Lee YH 2007).

“PTPN22” node represented in BN graph, consisted of both risk classes.

For a clearer exposition of the experimental work carried out, below are three different
paragraphs (first, second and third aim) each consisting of focused rationale, methods,

results and conclusion sections.
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3.3 First aim: Assessment of the risk conferred by HLA-DR, INS-VNTR and
PTPN22 genes on the onset of T1D and evaluation of the joint risk
conferred by the three susceptibility loci using the Bayesian network

approach.
Rationale

Determining extreme genetic risk is a fundamental prerequisite for the

implementation of primary prevention trials.

About T1D disease, it is well known that the major T1D susceptibility locus
maps to the HLA class II genes at 6p21 and accounts for up to 30%-50% of
genetic T1D risk (Noble JA, 1996). Other non-HLA T1D loci as the insulin gene
(INS) on chromosome 11p15 (Bell GI, 1984), the polymorphic, cytotoxic T-
lymphocyte associated protein 4 (CTLA4) gene on chromosome 2q33 (Nistico
L, 1996), the protein tyrosine phosphatase, non-receptor type 22 (lymphoid)
(PTPN22) gene on chromosome 1p13 (Bottini N , 2004) and other recently
discovered loci from genome wide association (GWA) studies, that, compared

to HLA alleles, have smaller effects on disease risk. (Todd JA, 2007) (Fig.1).

0Odds Ratio

Fig. 1. ORs for confirmed "genes/genetic loci” associated with T1D.
Adapted by permission from Macmillan Publishers, © 2007; Todd et al. (5) and reprinted with permission from Elsevier, © 2008;
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The risk for T1D in siblings of patients is 15-fold higher than the risk for T1D
in the general population, which suggests that genetic factors play an
important role in disease susceptibility. The pattern of inheritance is complex,
and the development of disease is thought to be determined by an interaction
between genetic predisposition and environmental triggers. There is high
familial clustering with a mean prevalence of 6% in siblings compared to 0.4%
in Caucasian populations, although more than 85% of patients with T1D lack

a positive family history for the disease.

The two primary approaches used to identify risk loci for T1D have been
linkage studies and association studies. Linkage studies, typically using
affected sibling pairs, can identify regions of the genome that are shared more

frequently among affected relatives.

In contrast to linkage studies, association studies can detect alleles with much
more modest effects on risk as long as those alleles are relatively common. All
of the four well-established risk loci, including HLA, INS, CTLA4, and

PTPN22, were identified in candidate gene association studies.

The risk can be further stratified by recruitment of subjects with susceptible
genotypes in a case-control study and by selection of children with a multiple

family history of diabetes by collecting genetic data of a family cluster.

The aim of this work was to assess the risk conferred by HLA-DR, INS-VNTR
and PTPN22 single genes in the onset of T1D and the joint risk conferred by all
these three susceptibility loci, using the Bayesian network approach in both

population-based case-control and family clustering data sets.
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3.3.1 Methods

Data sets A (case-control sample) and D (patients and controls from family
clusters) were analysed. Only the data sets consisting of both patients and
controls having full genetic information for all three genes of interest, HLA-
DR, INS-VNTR and PTPN22 were considered (namely, “A” case-control data
sets and “D” family data set). We excluded from this analysis “B” and “C”
data sets because they consist of patients data only. We analysed both

samples separately using the BNs approach (Pearl 1988).

BN model: Bayesian Networks provide a powerful and flexible tool for
reasoning under uncertain conditions (Shafer G, 1997 - Cowell R.G et al, 1999 -
Jensen F.V, 2001 - Pearl J, 1998). As explained in more detail in chapter two
BN is a graphical model that encodes probabilistic relationships among
variables of interest. Each variable is represented graphically by a node and
the links (edges) between nodes correspond to the probabilistic dependence
between variables. Furthermore, each node has a conditional probability table,
quantifying the relationship between connected variables. Users can set the
values of any combination of nodes in the network that they have observed.
This evidence propagates through the network, producing a new probability
distribution over all the variables in the network. (for more details see also

chapter two).

An important reason for choosing BN as a valid representation of such
problem solving is that the system is designed to support qualitative
reasoning. A physician engaged in medical diagnosis proceeds in a highly
selective manner (Elstein AL, 1978). This progressive selectivity can

correspond to the kind of links representing independencies/dependencies
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between variables, modelled in BN. More generally, there is empirical
evidence that qualitative reasoning by relationship between variables, as
supported by BN, corresponds closely to human reasoning patterns (Henrion

M, 1987 - Heckerman D, 1991 - Pearl ], 1993 - Waldmann MR, 1992).

Two different modes of information flow can be observed in the BN: By
entering causes into the network the effects can be observed. This would
correspond to a causal flow of information. On the other hand a diagnostic
approach would be to enter symptoms into the network and assess which
diseases could be responsible for them. In our case, we can enter genetic data

and ask BN what is the risk of having the disease.

Variables as nodes: In our graph, HLA-DR, INS-VNTR and PTPN22 genes
variables are denoted as nodes. Each node can have a set of states
corresponding to risk classes (high, moderate and low risk for HLA,
susceptibility/non-susceptibility for INS-VNTR and PTPN22). T1D node

consisted of 2 states: control and diabetic subjects (see Fig. 2).
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Figure 2. Bayesian Network implemented to assess risk to have T1D.

STATUS:

- Control

- T1D Patient

STATUS

STATUS
\__/ - Susceptibility alleles

- Highrisk - No Susceptibility
alleles

- Moderate risk

- Lowrisk

STATUS

- Susceptibility alleles

- No Suscentihilitv alleles

The meaning of the direction of the arrows:

Associated with the arrow that links two nodes, is a conditional probability
table that estimates the value of the likelihood of the state of the second gene
given the state of the first gene. It is possible to guide BN learning process by

introducing prior knowledge algorithm in the structure.

In the first phase of the study, our primary information was about the healthy
and the diabetic status of the subjects recruited and this information was

represented in the BN model by the node “T1D”. Based on this information ,
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the genotyping analysis was carried out for each of the patients and controls.
The genetic data was thus obtained based on the “status” of the subject. For
this reason the direction of the arrow directed from the node "T1D (healthy /
sick)" to the genes nodes has been imposed. By choosing edge direction we can
guide the learning process of the BN, following collected data direction, from

healthy/diabetic status to the genotype.

Data analysis
Prior knowledge and learning process

Bayesian approach makes it possible to systematically integrate experimental
data with multiple sources of “prior” knowledge (called “prior” value), as the
existing large body of published literature. In our case the prior was the
prevalence value of T1D in French and Italian populations, that is 0.4% (Steck
A, 2011). When the family data was analysed a prevalence value of 6% was
considered as reported in literature for risk for T1D in siblings (Steck A, 2011) .
Prevalence value changes between different populations around the world
and with it also the risk conferred by risk factors based on that. For this reason
introducing the right prior information is crucial in the evaluation of the risk

factors.

After introducing prevalence value, BN algorithm updated automatically
population composition and with it also the percentage of three gene risk
classes were adjusted accordingly (e.g. percentage of High, Moderate and Low
risk classes for HLA were 32%, 55%, 12% before entering the prevalence value

and 2.8%, 34.3% and 62.7% after that respectively).
BN was ready to be questioned about the genetic absolute risk values.
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After the process of learning from data, implemented with the R program, BN
was questioned on the T1D genetic risk conferred by all single susceptibility

genes, each one separately, in both allelic risk status.

Moreover, for all possible status combinations of the three genes, a risk value
was calculated and the best network fitting data was selected using AIC score

and P-value.

This work was done for A and D familiar clustering data set.

Significance parameters: P-Value and AIC score

The measure of the quality of a BN can be computed using several scores. The
goal of the score is to figure out how accurately models will predict new data
when fitted to the old. Here AIC score (Akaike Information Criterion) (Akaike
1974) was chosen. AIC score, as an estimator of predictive accuracy, figures
out how accurately BN models define the relationship between nodes.
According to this criterion the network with the highest AIC score was

selected as the best network.

The validity of the edges can be measured by testing the mutual information
between a parent node and the corresponding child. The mutual information
can then be compared to a chi-square distribution. The corresponding p-value
can be seen as the strength of the edge and so of the relationship between the

nodes.
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3.3.2 Results: Case-control study (Data set: A)

Genes — T1D correlation. When the relationship between HLA, INS and PTPN
alleles was evaluated separately, a significant association between genes and
T1D was found (p=0.003 for HLA, p=0.9 *10% for INS gene and p= 1.5*10" for
PTPN22).

HLA-DR alleles. When HLA-DR alleles were considered, the risk values of
having T1D were 4.8%, 0.6% and 0.05% for high, moderate and low risk HLA
alleles, respectively. The following figures show the conditional probability ()
to develop T1D if an individual carries high, moderate and low risk HLA

alleles. In red is shown the genetic condition based on which the absolute risk

(T1D) was calculated.
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INS gene. When INS alleles were considered, the risk values of having T1D

were 0.6% and 0.19% for INS risk and no risk alleles, respectively.

The following figures show the conditional probability (P) to develop T1D if
an individual carries susceptibility or non-susceptibility INS genotypes. In red
is shown the genetic condition based on which the absolute risk (T1D) was

calculated.

Risk conferred by INS alleles :
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PTPN22 alleles. When PTPN22 alleles were considered, the risk values of
having TID were 0.6% and 0.35% for PTPN22 risk and non-risk alleles,

respectively.

The following figures show the conditional probability (P) of developing T1D
if an individual carrying susceptibility or non-susceptibility PTPN22
genotypes. In red is shown the genetic condition based on which the absolute

risk (T1D) was calculated.
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Table 1. Risk analysis using OR parameter and BN algorithm to evaluate single-locus main

effects.

Genes Cases (N) Controls (N) OR 95% CI BN risk
(%)

HLA

High risk 300 2 18.7 4.5-76.9 4.8

Moderate risk 494 25 2.51 1.5-4.1 0.6

Low risk 74 46 0.05 0.03-0.09 | 0.05

Total 868 73

INS

Risk 640 33 3.4 2.09-552 | 0.65

No risk 228 40 1 0.19

Total 868 73

PTPN22

Risk 260 12 2.1 1.1-4.1 0.6

No risk 608 61 1 0.35

Total 868 73
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Joint effect of HLA and INS: We found significant heterogeneity in the
distribution of the INS genotypes (susceptibility/non-susceptibility) in the
three HLA risk classes when the patients’ group was considered (Tab. 2), in

agreement with previous literature results (Motzo C, Diabetes 2004).

Table 2. Distribution of the INS genotype in the three HLA risk classes in case subjects.

INS susceptibility INS non-
susceptibility
HLA high risk 68.3% 31.4%
HLA moderate risk 77.3% 22.7%
HLA low risk 71.6% 28.4%

Analysis of this heterogeneity showed that the INS predisposing genotype
was more common in both moderate and low-risk HLA genotype patients
(77.3%and 71.6%, respectively), than in patients carrying HLA high risk

genotypes (68.3%) (chi-square =7.98, degrees of freedom =2, p =0.01).

Moreover, no evidence of heterogeneity was observed in the distribution of
the INS genotypes in the control subject group in which the INS genotype was
similarly distributed in control subjects within different HLA risk classes (p=

0.2).

The joint risk of having T1D in a subject with high or moderate or low risk
alleles at HLA-DR gene, in association with risk or non-risk INS alleles, was
calculated using the BN algorithm. Our results showed that the relative impact
of variation at INS within each genotype category at the HLA-DRB genotype

were detectable in all of the HLA genotype categories. The absolute risk was
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of 7.6% and 2.3% if INS risk or non-risk respectively were present in
individuals with high-risk HLA, 1.07% and 0.3% in individuals with
intermediate-risk HLA, and 0.08% and 0.02% in individuals with low-risk
HLA genotypes (Table 3). The following figures show the conditional
probability (P) to develop T1D if an individual carrying either high, moderate
or low risk HLA and susceptibility or non-susceptibility INS genotypes. In red
is shown the genetic condition based on which the absolute risk (T1D) was

calculated.
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P(DIHLA low, INS no risk)
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Table 3. Interaction between HLA-INS in the case-control data set using OR and BN algorithm

HLA INS Case Controls (%) OR 95%CI |BN risk
°

category alleles N (o Yo
High risk Risk 205 (23.6) 2(2.7) 0.43 0.02-9.05 | 7.6

No risk 95 (11) 0 (0.0) 2.3
Moderate Risk 382 (44) 11 (15) 429 1.92-9.56 | 1.07
risk

Norisk  112(13)  14(19,2) 0.31
Low risk Risk 53 (6.1) 20 (27.4) 3.22  0.66-3.79 | 0.08

Norisk  21(23)  26(35.7) 0.02

868 73
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Joint effect of HLA and PTPN22. The joint effect of PTPN22 and HLA varied
across the HLA risk categories (as shown in Table 4). The absolute risk was
7% and 4.2% if PTPN22 risk or non-risk respectively were present in
individuals with high-risk HLA, 1% and 0.7% in individuals with
intermediate-risk HLA and 0.08% and 0.05% in individuals with low-risk

HLA genotypes (Table 4).

The following figures show the conditional probability (P) of developing T1D
if an individual carrying both high, moderate or low risk HLA and
susceptibility or non-susceptibility PTPN22 genotypes. In red is shown the

genetic condition based on which the absolute risk (T1D) was calculated.
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Table 4. Interaction between HLA-PTPN22 in the case-control data set using OR and BN

algorithm
HLA PTPN22 Case Controls (%) OR 95% CI | BN risk %
category alleles
N (%) N (%)

High risk Risk 83 (9.5) 0 (0) 191  0.09-404|7

Norisk  217(25)  2(28) 1 42
Moderate Risk 156 (18) 3 (4.2) 338  0.99-11.4|0.98
risk

Norisk  338(39)  22(30) 1 0.7
ET7iElS IRELS 21 (2.4) 9 (12) 158 %7 loos

3.95
Norisk 53 (6.1) 37 (50) 1 0.05

868 73

Joint effect of INS and PTPN22. When INS and PTPN22 risk alleles were
evaluated in order to establish the risk of T1D onset, the risk values were equal
to 1% for subjects with both INS & PTPN22 risk alleles. The risk decreased to
0.15% when both these genes were present with non-risk alleles. The following
figures show the conditional probability (P) to develop T1D in an individual
carrying both susceptibility and non-susceptibility INS and PTPN22
genotypes. In red is shown the genetic condition based on which the absolute

risk (T1D) was calculated.
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Joint effect of HLA, INS and PTPN22

We also tested models with all three-way interactions involving the three
susceptibility loci. The results showed that the more risk loci an individual
carries, the higher the absolute risk, but the presence or absence of HLA risk
loci influences the absolute risk much more than the other loci, as expected.
For instance, carrying risk genotypes as the two non-HLA loci but not at HLA
(as shown on page 29, P(DIHLA low, INS risk, PTPN22 risk)) is associated
with a much lower risk than HLA risk genotypes together with low-risk

genotypes at the other two. The absolute risk (BN risk shown in table 5)
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conferred by simultaneously carrying high, moderate or low-risk HLA and
risk genotypes to all the other two loci, compared with non-risk-associated

genotypes at all three loci, was 11.5%, 1.7% and 0.1%, respectively.

The following figures show the conditional probability (P) to develop T1D in
an individual carrying risk or protective genotypes of HLA, INS and PTPN22

genes. In red is shown the genetic condition based on which the absolute risk

(T1D) was calculated.
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P(D|Low Risk, INS no Risk, PTPN22 no risk)
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Table 5. Distribution of risk genotypes at all three susceptibility loci among cases and controls

HLA classes INS1 |[PTPN1 [Cases [Controls |OR (95%CI)? | BN risk
High R R 51 0 108(6.2-189) |11.5
High R NR 154 2 81(17-377) 7
High NR R 32 0 68(4-1201) 3
High NR NR 319 0 673(39-11597) 1.8
Moderate R R 118 1 124(15-988) |1.7
Moderate R NR 264 10 27(11.3-68) |1
Moderate NR R 38 2 20(4.2-95) 0.4
Moderate NR NR 74 12 6.5(2.6-15) 0.24
Low R R 18 2 9.5(1.9-46) 0.1
Low R NR 35 18 2.05(0.8-4.8) ]0.08
Low NR R 3 7 0.4(0.1-2) 0.03
Low (reference) | NR NR 18 19 1 0.02

)t “R”genotype at given locus associated with risk; “NR”, genotype at given locus not associated
with risk; > Odds ratio vs single reference group without risk genotype at any of the four loci.
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3.3.3 Conclusions

The present study is a comprehensive evaluation of the joint effects of the
three most well established T1D susceptibility genes in a case-control data set,
from Caucasian French population, to assess the joint genetic risk to develop

T1D, based on the genotype variation at these loci.

When the joint risk conferred by susceptibility loci was compared to the joint
risk conferred by non-susceptibility genotypes for all three genes, the absolute

risk values were 11.5% and 0.02%, respectively.

Our results, in agreement with some of the previous studies, confirmed that
HLA-DR is the most relevant susceptibility gene compared to INS and
PTPN22 and proved that the INS and PTPN22 genotypes marginally
influence T1D risk in all HLA genotype risk categories (Table 5) (Bain SC,
1992; Walter M, 2003; Motzo C, Diabetes 2004).

Confirming earlier observations about the heterogeneity in the relative effects
of INS (van der Auwera B, 1995; Metcalfe KA, 2004), we also found evidence
that the INS predisposing genotype is significantly less frequent in high-risk
HLA genotype—positive patients than in those with HLA intermediate and
low-risk categories. As regards the composition of the French data set, where
we do not have control subjects characterized by the following genotypes
HLA high risk + INS risk + PTPN risk, HLA high risk + INS no risk + PTPN
risk, HLA high risk + INS no risk + PTPN no risk, the statistically significant
relation between HLA and INS genes, needs to be verified against further data
sets. For this reason, such a relation has not been taken into account in the
construction of the Bayesian Network because of the estimation of the risk of

T1D onset.
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Moreover, also PTPN22 susceptibility alleles conferred, albeit less than INS
gene, a higher risk for T1D, both when compared with absolute risk in the
general population and when associated with HLA gene. The relative risk
conferred by PTPN22 was stronger in the lower-risk HLA categories than in
the high risk HLA category. On the other hand, the protective effect of non-
susceptibility genotypes was stronger if INS rather than PTPN22 gene was
considered, for all of the HLA risk classes. The joint risks assessed in this
study were consistent with findings in literature (Motzo C, 2004; Bjornvold M,
2008). Motzo et al studied the joint effect on T1D onset of HLA and INS genes,
in a case-control Sardinian cohort, whereas Bjornvold et al analyzed a sample
of case-control subjects under the age of 15 years, with the aim of assessing the
joint effect of the four main T1D susceptibility genes. Both studies used a T1D
prevalence value of 0.4% and classified HLA and INS alleles in risk categories

as we did in our study.

This study showed that a feasible and accurate risk assessment can be
performed by applying the BN method. Here the effects of only three genes
were evaluated and compared, but the BN method is able to analyze a huge
amount of variables with different risk categories for each variable, at the
same time. This feature could be crucial in the study of multifactorial diseases,
in which the triggers involved in the complex mechanisms underlying disease
pathophysiology are multiple. Studies in different populations and ethnic
groups have indicated some heterogeneity in HLA-associated risk of T1D and
it is also possible that gene-gene interactions may vary across populations.
Therefore, genes could play a different role depending on the population in
which data are collected (Thomson G, 2007). In fact a geographical
stratification of T1D risk is essential because of potentially different

mechanisms of gene-environment and gene-gene interaction in triggering
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disease in the different countries. Furthermore, increasing the number of
susceptibility loci considered simultaneously, generally increases the
predictive value for disease. The downside is that the proportion of the
population simultaneously carrying multiple risk alleles becomes minute and
that even with relatively large data sets, as in our study, the absolute risk
estimate becomes imprecise. The high-risk HLA genotype is carried by 2-3% of
population controls and confers a very high risk of disease. Moreover, in our
data set, as confirmed in literature (Bjornvold M, 2008), only a small
proportion of the population (and cases with T1D) simultaneously carry HLA

and multiple non-HLA susceptibility genotypes.

By introducing “prior” knowledge from literature, we can also analyze small
data sets while maintaining accuracy. In this study, thanks to the BN
approach, a small sample consisting of 73 control subjects was analyzed and
the training results matched with literature findings. Prevalence value was
used here as prior and, based on that, the network was able to learn the correct
rate of genotype combinations characterizing both the general population and
patients group and to elaborate data, giving coherent results discussed before.
Despite to the odds ratio parameter, shown in Table 5, BN analysis was not
affected by lack of data about control subjects subgroups with specific genetic
combinations (high risk HLA, INS and PTPN22 risk alleles; high risk HLA,
INS and PTPN22 non-susceptibility alleles and high risk HLA, INS non-
susceptibility alleles and PTPN22 susceptibility genotypes). In conclusion, the
present work represents, to the best of our knowledge, the first study based on
both case-control and familiar data sets, showing the joint effect of HLA, INS
and PTPN22 in T1D in a Caucasian population with a heterogeneous age of
T1D onset, generalizing previous findings regarding data sets consisting of

patients and controls < 15 years by Bjernvold M. et al. (Bjernvold M, 2008) .
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Our results showed that BN represents an alternative way to assess the joint
risk to develop T1D, by considering different disease markers at one time. This
method allows us to estimate the risk for each individual carrying a specific
genes combination, even if a small data set is available. By collecting data
regarding more genes and environmental risk factors, the BN approach gives
us the opportunity to elaborate data sets with many variables, to create a
population-based risk network and to also establish the relationship between
risk markers, with the aim of assessing the global risk for such diseases and to
define a personalized risk. On this basis, new predictive trials on the general
population could be assessed. Although no preventive intervention is
available for TID today, prediction of disease is an important part of
prevention strategies, both for recruitment of participants for research studies
and for identification of target populations for future preventive interventions.
Understanding the joint effect of the established T1D susceptibility genes will

enhance this possibility.

3.3.4 Results: Family study (Data sets D)

In this second part of this first aim, data set D consisting of 1964 patients and
2340 controls was analyzed. For each of the subjects HLA, INS and PTPN22

genotypes was considered.

Genes — T1D correlation. When the relationship between HLA, INS and PTPN
alleles was evaluated separately, a significant association between genes and
T1D was found (p=0.01 for HLA, p= 1*10° for INS gene and p= 3*10* for
PTPN22).
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The figure below shows the conditional probability (P) to develop T1D in the
general population without any specific gene combination. This network was
calibrated against prevalence value of 6% (as a “prior”), as specified in

Methods section (Steck A, 2011).
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Single-locus analysis

HLA-DR alleles. Compared with the T1D absolute risk of 6% in Caucasian
siblings, the HLA high risk alleles conferred a risk of 15.9%. For moderate
and low risk categories the risk was 5.1% and 1.68% of having T1D,

respectively.

The following figures show the conditional probability (P) to develop T1D if
an individual carries selectively high, moderate or low risk HLA. In red is
shown the genetic condition based on which the absolute risk (T1D) was

calculated.
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INS gene. When INS alleles were considered, the risk values of having T1D
were 6.6% and 4.7% for INS risk with no risk alleles, respectively.

The following figures show the conditional probability (P) to develop T1D if
an individual carries susceptibility or non-susceptibility INS genotypes. In red
is shown the genetic condition based on which the absolute risk (T1D) was

calculated.
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PTPN22 alleles. When PTPN22 alleles were considered, the risk values of
having T1ID were 6.9% and 5.6% for PTPN22 risk and no risk alleles,

respectively.

The following figures show the conditional probability (P) to develop T1D if
an individual carries susceptibility or non-susceptibility PTPN22 genotypes. In
red is shown the genetic condition which was used to calculate the absolute

risk (T1D).
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Table 6. Risk analysis using OR parameter and BN algorithm to evaluate single-locus main

effects.

Genes Cases (N) Controls (N) OR 95% CI BN risk
(%)

HLA

High risk 620 289 4.1 3.4-4.7 15.9

Moderate risk 987 1604 0.6 0.5-0.7 5.1

Low risk 87 447 0.04 0.03-0.05 | 1.68

Total 1694 2340

INS

Risk 1267 1577 14 1.2-1.6 6.6

No risk 427 763 1 4.7

Total 1694 2340

PTPN22

Risk 550 645 1.2 1.1-14 6.9

No risk 1144 1695 1 5.6

Total 1694 2340

Joint effect of HLA and INS: We did not find a significant heterogeneity in
the distribution of the INS genotype (susceptibility/non-susceptibility) in HLA
risk classes when patients and controls were considered (Patients group: chi-
square= 3.80, degrees of freedom = 2, p = 0.149; Controls group: chi-square=
0.9, degrees of freedom =2, p = 0.64, NS).

The joint risk values to have T1D in a subject with HLA high or moderate or

low risk categories, in association respectively with INS risk or INS no risk
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alleles, were calculated using BN algorithm. Our results showed that the
relative impact of variation at INS within each genotype category at the HLA-
DRB genotype were detectable in all of the HLA genotype categories. The
absolute risk was of 17.3% and 12.7% if INS risk or non-risk alleles were
respectively present in individuals with high-risk HLA, 5.7% and 4% in
individuals with intermediate-risk HLA, and 1.8% and 1.3% in individuals

with low-risk HLA genotypes (Table 7).

The following figures show the conditional probability (P) to develop T1D if
an individual carries either high, moderate or low risk HLA and susceptibility
or non-susceptibility INS genotypes. In red is shown the genetic condition

based on which the absolute risk (T1D) was calculated.

P(DIHLA high, INS risk)

= Pz___controll_pedinall

= @OHLA

= - mod risk

= - low risk

| 100.0000 high risk

=-@Oms

1 i00.0000visk |

o I - no risk
=-@OrTPH22

| 71,5851 no risk
-] 28.4149 risk

=-@0OTio

. L] 82,6497 sano

o I— 17.3503 diab

116



Tesi di dottorato internazionale in Endocrinologia e Malattie Metaboliche, di Rosalba Portuesi, discussa presso
I'Universita Campus Bio-Medico di Roma in data 01/02/2013. La disseminazione e la riproduzione di questo
documento sono consentite per scopi di didattica e ricerca, a condizione che ne venga citata la fonte

P(DIHLA high, INS no risk)

=-{%] Pz__contralli_pedinaLL

= @0OHA
o I - mod risk
[ - low risk
- 100.0000 high risk
= @Oms
o I - risk
... R
=-@OrTeN22

| 71.8104 no risk
-] 28,1896 risk

=-@0OT1D

oo [ ] 37.2428 sano

O I 12,7572 diab

P(DIHLA Moderate, INS risk)

=-{%7]  Pz___controlli_pedinALL

=-@OHLA
- [ 100.0000 mod risk
e I - low risk
o I - high risk
=-@Oms
ook |
o I - no risk
=-@OeTPN22
e | 72,1574 no risk
(e 27.8426 risk
= @0
- [ 94,3207 sano
] 5.6793 diab

P(DIHLA Moderate, INS no risk)

= Pz___controlli_pedinALL

=-@OHLA
- [ 100,0000 mod risk
e I - low risk
o I | - high risk
=-@0Oms
o I - risk
... I
=-@OPTPH22
- ] 72.2385 no risk
I — 27.7615 risk

=-@0OT1iD
... 95,9747 sano
o I | 4,0253 diab

117



Tesi di dottorato internazionale in Endocrinologia e Malattie Metaboliche, di Rosalba Portuesi, discussa presso
I'Universita Campus Bio-Medico di Roma in data 01/02/2013. La disseminazione e la riproduzione di questo
documento sono consentite per scopi di didattica e ricerca, a condizione che ne venga citata la fonte

P(DIHLA low, INS risk)

E) Pz___controli_pedinALL

=-@OHA
o - mod risk
- [ 100,0000 low risk
o I - high risk
=-@Oms
g ook |
o I - no risk
=-@0OpTeNz2
= I 72,3443 no risk
] 27,6557 risk
=-@0OTo
. 98,1311 sano
o I 1.8689 diab

P(DIHLA low, INS no risk)

= Pz___controlli_pedinALL
=-@OHLA
o I - mod risk
- [ 100,0000 low risk
] - high risk
=-@Oms
o I - risk
t.... N
=-@0OrTeN22
= 72,3717 no tisk
] 27,6283 risk
=-@0OTID
... [ 98,6908 sano
e 1.3092 diab

ALY

118



Tesi di dottorato internazionale in Endocrinologia e Malattie Metaboliche, di Rosalba Portuesi, discussa presso
I'Universita Campus Bio-Medico di Roma in data 01/02/2013. La disseminazione e la riproduzione di questo
documento sono consentite per scopi di didattica e ricerca, a condizione che ne venga citata la fonte

Table 7. Interaction between HLA-INS in the case-control data set using OR and BN algorithm

HLA INS Case Controls (%) OR 95% CI | BN risk
category  alleles %
N (%) N (%
High risk  Risk 448 (26.5) 188 (8) 1.3 1.03-1.8 17.3
Norisk 172(10.2)  101(4.5) 1 12.7
Moderate Risk 750 (44.3) 1084 (46.5) 1.5 1.2-1.8 5.7
risk
Norisk 237 (14) 520 (22) 1 4
Lowrisk  Risk 69 (4) 305 (13) 1.8 1.02-3.1 1.9
Norisk 18 (1) 142 (6) 1 1.3
Total
1694 2340

Joint effect of HLA and PTPN22.

Our results showed that the relative impact of variation at PTPN22 within
each genotype category at the HLA-DRB genotype were detectable in all of the
HLA genotype categories. The absolute risk of 18.2% and 14.9% if PTPN22 risk
or non-risk respectively were present in individuals with high-risk HLA, 6%
and 4.8% in individuals with intermediate-risk HLA and 1.9% and 1.5% in
individuals with low-risk HLA genotypes (Table 8). The following figures
show the conditional probability (P) to develop T1D if an individual carrying
either high, moderate or low risk HLA and susceptibility or non-susceptibility
PTPN22 genotypes. In red is shown the genetic condition based on which the

absolute risk (T1D) was calculated
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Table 8. Interaction between HLA-PTPN22 in the case-control data set using OR and BN

algorithm
HLA PTPN22  Case Controls (%) OR 95% CI BN risk
category alleles %
N (%) N (%)
High risk Risk 197 (11.7) 79 (3.3) 1.2 0.9-1.7 18.2
Norisk 423 (25) 210 (9) 1 - 149
Moderate Risk 335 (19.8) 442 (19) 1.35 1.1-1.6 6
risk
Norisk  652(385) 1162 (49.6) 1 - 4.8
Low risk Risk 18 (1) 124 (5.3) 0.7 0.3-1.1 1.9
Norisk 69 (4) 323 (138) 1 - 15
1694 2340

Joint effect of INS and PTPN22

When INS and PTPN22 risk alleles were evaluated in order to establish risk of
T1D onset, the risk values were equal to 7.7% for subjects with both INS &
PTPN22 risk alleles. The risk decreased to 4.3 % when both these genes were

present with non-risk alleles.

The following figures show the conditional probability (P) to develop T1D if
an individual carrying susceptibility or non-susceptibility PTPN22 and INS
genotypes. In red is shown the genetic condition based on which the absolute

risk (T1D) was calculated.
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Joint effect of HLA, INS and PTPN22

We also tested models with all three-way interactions involving the three
susceptibility loci. The results showed that the more risk loci an individual
carries, the higher the absolute risk (19.8%), but the presence or absence of
HLA risk loci influences the absolute risk much more than the other loci, as
expected. Carrying risk genotypes at both non-HLA loci but not at HLA (as
shown on page 50, P(DIHLA low, INS risk, PTPN22 risk)) is associated with a
much lower risk than HLA risk genotypes together with low-risk genotypes at
the other two loci. The absolute risk (BN risk shown in table 9) conferred by
simultaneously carrying high, moderate or low risk HLA and risk genotypes
at the other two loci, compared with non-risk-associated genotypes at all three

loci, was 19.8%, 6.6% and 2.2%, respectively.

The following figures show the conditional probability (P) to develop T1D if
an individual carries risk or protective genotypes of HLA, INS and PTPN22
genes. In red is shown the genetic condition based on which the absolute risk

(T1D) was calculated.
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Table 9. Distribution of risk genotypes at all four susceptibility loci among cases and controls
HLA classes| INS1 PTPN1 Cases Controls OR (95%CI)? | BN risk
High R R 145 50 23.4(12-45) 19.8
High R NR 303 138 17.7(9.6-32) 16.3
High NR R 52 29 14.5(6.9-30) 14.7
High NR NR 192 72 21.5(11.4-40) |12
Moderate R R 263 285 7.4(4-13) 6.6
Moderate R NR 487 799 4.9(2.7-8.8) 5.3
Moderate NR R 72 157 3.7(1.9-7) 4.7
Moderate NR NR 165 363 3.6(2-6.7) 3.7
Low R R 13 87 1.2(0.5-2.7) 2.2
Low R NR 56 218 2.07(1.08-3.9) 1.7
Low NR R 5 37 1.09(0.3-3.3) 1.5
Low NR NR 13 105 1 (ref) 1.2

1 “R”genotype at given locus associated with risk; “NR”, genotype at given locus not
associated with risk; 2 Odds ratio vs single reference group without risk genotype at any of the

four loci.
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3.3.5 Conclusion

This study classified T1D risk on the basis of HLA, INS and PTPN22 genes
combinations in a large group of French Caucasian families. When the
Bayesian network was implemented the prevalence value of 6% was
considered for its training, as confirmed from literature for the T1D risk in
siblings (Steck A, 2011). When the relationship between HLA, INS and PTPN
alleles was evaluated separately, a significant association between genes and
T1D was found (p=0.01 for HLA, p= 1*10° for INS gene and p= 3*10* for
PTPN22). Considering the specific genetic compositions in patients and
controls from families group, the marked risk in the offspring with DR3/4 was
consistent with the high prevalence of this genotype found in our data set
(37% and 12% in patients and controls, respectively). When proportions of
high risk HLA genotype of family data set were compared with the values
present in case-control data set analyzed before (30% and 2.7% for patients
and controls, respectively; see 4.3.3 for details), a significant difference was
found (p-value<0.0001). Moreover, analysis of INS and PTPN22 alleles was
done in order to determine whether their addition to HLA genotypes might
improve prediction of individuals who will develop T1D. This study stratified
individual HLA-DR genotypes conferring different risks for T1D. It also
confirmed the main contribution of the HLA-DR locus to T1D risk and
demonstrated that the INS and PTPN22 genes provided only marginally an
additional risk for T1D in subjects carrying the high, moderate and low risk
HLA alleles. Furthermore, our results showed that, when HLA and INS genes
were considered in patients and controls, any significant heterogeneity in the
distribution of the INS genotype (susceptibility/nonsusceptibility), according

to the HLA risk classes, was found.
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This study remarked that, especially in genetic studies on families, HLA
susceptibility genotypes confer the major part of risk for T1D onset. The
presence of additional predisposing factors at non-HLA loci seemed to have

only a moderate effect on the genetic predisposition for developing disease.
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3.4 Second aim. Do susceptibility genes have any influence on age of T1D

onset?

Rationale

There is a steady increase worldwide of the incidence of autoimmune T1D
especially in the age group <20 years (ADA, 2005; Karvonen M, 2000). This
disease often manifests itself during childhood with a peak between the ages
of 10 and 14 years (Hyttinen V, 2003). Previous research indicates that
progression to disease and age at onset are directly linked to the HLA
genotype (Erlich H, 2008). In the case of PTPN22 no convincing support for
interaction between PTPN22 and age of TID onset was found for
rs2476601/Arg620Trp SNP (Smyth DJ, 2008), whereas rs2542151*G allele seems
to confer risk to an earlier onset of T1D (L. Espino-Paisan, 2011). In order to
examine the effects of HLA-DR, INS and PTPN22 genotypes on the age of T1D
onset three different samples of T1D patients from French, American and
Italian Caucasian population were investigated, using the BN probabilistic

approach.

3.4.1 Materials and Methods

At first, a case-only interaction was performed for age at diagnosis. For this
purpose, three different samples consisting of HLA, INS and PTPN22 alleles
on T1D patients from French (called data set A, consisting of 741 patients),
American (called data set C, consisting of 1739 patients) and Italian (called

data set B, consisting of 391 patients) Caucasian populations, were considered
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separately (for details on the data sets, see section 4.2). Age of disease onset

was classified into two groups, (<=15—- and >15 years).

Chi-squared statistics. Chi-squared statistics were used to analyse the three
different samples with the aim of comparing genotype frequency in relation to

the age category of disease onset.

BN analysis. Three different BNs, one for each data set were implemented, to
assess the influence of each gene on the age of T1D onset. Genes, which were
represented in the network by nodes, were considered in relation to their risk
classes: high, moderate and low HLA risk genotypes, susceptibility and non-
susceptibility INS and PTPN22 alleles. The variable “age of onset” was

classified into two different classes: <=15 and >15 years.

The same approach was used in order to assess the absolute risk of having
T1D before or after the age of 15 years, based on all different combinations of
HLA-DR, INS and PTPN22 genes. For this reason, two different samples were
used: the case-control data set A and the family clusters of the data set (for

details on data sets used see paragraph 4.2).

Timeline analysis. A comparison between data sets was carried out using a
timeline analysis, to investigate the impact of the single gene on the age of
disease onset. Only HLA-DR and INS genes were considered in this last

analysis.

For each data sets all combinations of HLA and INS-VNTR genes risk classes
were selected (namely “HLA-high vs. HLA-low”, “HLA-high/INS-
susceptibility Vs. HLA-high/INS-protection”, “HLA-moderate/INS-
susceptibility Vs. HLA-moderate/INS-protection” “HLA-low/INS-
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susceptibility vs. HLA-low/INS-protection”) and the effects on the age at T1D

onset of each genetic combination were evaluated.

A two-sided Wilcoxon-rank test (alpha < 0.01) was used to evaluate the

significance of this effect.
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3.4.2 Results

Data set A. Frequency of genotypes and age of T1D onset.

In the French sample, the moderate-risk genotypes (HLA-DR4/X, HLA-DR4/4,
HLADR3/X and HLA-DR3/3) constituted the most abundant category,
together accounting for 61% of all genotypes. The second most abundant
category was the high-risk genotype, HLA-DR3/4, at 30%. The lowest risk
classmade up 9% of the sample. The high-risk HLA group comprised 61%of
the subjects <=15 years and 39% of patients >15 years. In the low-risk group,
35% subjects were <=15 years and 65%of subjects were >15 years. The

frequency of genotypes analyzed is presented in Table 1 and Figs. 1-4.

Moreover, INS risk and no risk alleles were represented in 75% and 25% of the
cases, respectively. PTPN22 susceptibility and non-susceptibility genotypes
characterized 30% and 70%, respectively. The age of disease onset was
significantly related to HLA-DR genotype (p-value=0.01). A closer look at
age/genotype associations within the two categories, <= 15 years and >15 years
age classes, revealed that both high and low risk HLA genotypes were
significantly associated with age at disease manifestation. In total, 36% of
subjects in the age category <=15 years and 23% in the age category >15 years
carried the high risk HLA genotype. The low risk HLA genotype was carried
by 6% of the subjects in the age category <=15 years and by 11% among
patients with the age of >15 years (Fig. 5). Chi-squared analysis showed a
significant difference in the age of disease onset for subjects with high and low
risk HLA genotypes (Fig. 5). Moreover, INS and PTPN22 genes did not have
any significant influence on the age of T1D onset (p-value=0.7) (Figs. 6-7). The
same analysis was performed using BN approach and similar results were

obtained (Fig. 8).
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Figure 1. Distribution of age of T1D onset in the French patients data set (x axis = age of onset
and y axis = number of patients).
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Figure 2. Distribution of HLA risk classes based on the age of T1D onset in the French patients
data set (x axis = age of onset and y axis = number of patients).
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Figure 3. Distribution of INS risk classes based on the age of T1D onset in the French patients
data set (x axis = age of onset and y axis = number of patients).
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Figure 4. Distribution of PTPN22 risk classes based on the age of T1D onset in the French
patients data set (x axis = age of onset and y axis = number of patients).
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Figure 5. Age at disease onset. Frequency of HLA-DR risk classes in two age categories, <=15
and >15 years (x axis = age of onset categories and y axis = number of patients).
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Figure 6. Age at disease onset. Frequency of INS risk genotypes in two age categories, <=15 and
>15 years (x axis = age of onset categories and y axis = number of patients).
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Figure 7. Age at disease onset. Frequency of PTPN22 risk genotypes in two age categories, <=15
and >15 years (x axis = age of onset categories and y axis = number of patients).
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Table 1. Age at disease onset. Frequency of HLA-DR, INS and PTPN22 genotypes in two age
categories (<=15 and >15 years)
Age of onset

HLA-DR <=15 >15 Total

High risk 135 36% 86 23% 221 30%
Mod risk 216 58% 239 65% 455 61%
Low risk 23 6% 42 11% 65 9%
Total 374 367 741

Age of onset

INS <=15 >15 Total

Risk 281 75% 272 74% 553 75%
No Risk 93 25% 95 26% 188 25%
Total 374 367 741

Age of onset

PTPN22 <=15 >15 Total

Risk 116 31% 110 30% 226 30%
No Risk 258 69% 257 70% 515 70%
Total 374 367 741

Figure 8. BN showing the relationship between HLA-DR gene and age of T1D onset in French
atients’ sample
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Frequency of genotypes and age of T1D onset.

In the American sample, high, moderate and low-risk HLA genotypes were
carried by 32 %, 59% and 8% of the patients. The frequency of genotypes
analyzed is presented in Table 2 and Figs. 9-12

Moreover, the risk and no risk INS alleles were represented in 28% and 72% of
the cases respectively. In this sample genetic data on PTPN22 was missing.
When the relationship between the age of T1D onset and HLA risk classes was
considered, both high and low risk HLA genotypes were significantly related
to the age of onset (p-value=6*107°). In total, 77% of subjects in the age category
<=15 years and 33% in the age category >15 years carried the high risk HLA
genotype. The low risk HLA genotype was carried by 58% of the subjects in
the age category <=15 years and by 42% from patients aged >15 years. (Fig. 13
and Tab. 2). The chi-squared test showed a significant difference in the age of
disease onset between subjects with high and low HLA genotypes (p<0.0001),
as illustrated in Fig. 13. The results were also confirmed when BN approach
was used (Fig. 16).Our results showed that INS and PTPN22 genes did not
have any significant influence on the age of T1D onset (p-value=0.1)(Figs. 14-

15).
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Figure 9. Distribution of age of T1D onset in the American patients data set (x axis = age of onset
and y axis = number of patients).
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Figure 10. Distribution of HLA risk classes based on the age of T1D onset in the American
patients data set (x axis = age of onset and y axis = number of patients).
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Figure 11. Distribution of INS alleles based on the age of T1D onset in the American patients data
set (x axis = age of onset and y axis = number of patients).
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Figure 12. Distribution of INS risk classes based on the age of T1D onset in the American patients
data set (x axis = age of onset and y axis = number of patients).
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Figure 13. Age at disease onset. Frequency of HLA-DR risk classes in two age categories, <=15
and >15 years (x axis = age of onset categories and y axis = number of patients).
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Figure 14. Age at disease onset. Frequency of INS genotypes in two age categories, <=15 and >15
years (x axis = age of onset categories and y axis = number of patients).
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Figure 15. Age at disease onset. Frequency of INS risk genotypes in two age categories, <=15 and
>15 years (x axis = age of onset categories and y axis = number of patients).
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Table 2. Age at disease onset. Frequency of HLA-DR and INS genotypes in two age categories
(<=15 and >15 years)
Age of onset

HLA-DR [ <=15(N) % [>15(N) % Total %

High risk 436 35% 128 25% 564 32%
Mod risk 710 58% 323 63% 1033 59%
Low risk 83 7% 59 12% 142 8%
Total 1229 510 1739

Age of onset

INS [ <=15(N) % [>15(N) % Total %

Risk 329 27% 155 30% 484 28%
No risk 900 73% 355 70% 1255 72%
Total 1229 510 1739
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Figure 16. BN showing the relationshig) between HLA-DR gene and age of T1D onset in
American patients sample (p-value=6*10").
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Data set B. Frequency of genotypes and age of T1D onset.

In the Italian sample, high, moderate and low risk HLA genotypes were
carried by 20%, 66% and 13% of the patients. The frequency of genotypes
analyzed is presented in Table 3 and Figs. 17-20.

Moreover, INS risk and no risk alleles were represented in 76% and 24%,
respectively. PTPN22 susceptibility and non-susceptibility genotypes
characterized 18% and the 82%, respectively. The age of disease onset was
significantly co-related to HLA-DR genotype (p-value=6*10°). Moderate and
low risk HLA- genotypes were significantly associated with the age at disease
manifestation. In total, 66% of the subjects in the age category <=15 years and
52% in the age category >15 years carried the moderate risk HLA-DR
genotype. Analogously, the low risk HLA-DR genotype was carried by 13% of

subjects in the age category <=15 years and by 25% from patients with age of
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Number of patients

>15 years. (Fig. 21). When chi-squared test was used, a significant statistical
difference in age of disease onset between subjects carrying moderate and low
risk HLA-DR genotypes, occurred, as illustrated in Figs. 16 and 24. INS and
PTPN22 genes did not have any significant influence on the age of T1D onset

(p-value>0.8 and 0.9, respectively) (Figs. 22-23).

Figure 17. Distribution of age of T1D onset in the Italian patients data set (x axis = age of onset
and y axis = number of patients).
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Number of patients

Number of patients

Figure 18. Distribution of HLA risk classes based on the age of T1D onset in the Italian patients

data set (x axis = age of onset and y axis = number of patients).
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Figure 19. Distribution of INS risk classes based on the age of T1D onset in the Italian patients

data set (x axis = age of onset and y axis = number of patients).
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Figure 20. Distribution of PTPN22 risk classes based on the age of T1D onset in the Italian
atients data set (x axis = age of onset and y axis = number of patients).
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Figure 21. Age at disease onset. Frequency of HLA-DR risk classes in two age categories, <=15
and >15 years (x axis = age of onset categories and y axis = number of patients).
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Figure 22. Age at disease onset. Frequency of INS risk genotypes in two age categories, <=15 and
>15 years (x axis = age of onset categories and y axis = number of patients).
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Figure 23. Age at disease onset. Frequency of PTPN22 risk genotypes in two age categories, <=15
and >15 years (x axis = age of onset categories and y axis = number of patients).
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Table 3. Age at disease onset. Frequency of HLA-DR and INS genotypes in two age categories
(<=15 and >15 years)

Age of onset

HLA-DR <=15 >15 Total
High risk 48 20% 28 22% 76 21%
Mod risk 156 66% 66 52% 222 61%
Low risk 31 13% 32 25% 63 17%
Total 235 126 361

Age of onset

INS <=15 >15 Total

Risk 179 76% 95 75% 274 76%

No risk 56 24% 31 25% 87 24%
Total 235 126 361

Age of onset

PTPN22 <=15 >15 Total
Risk 43 18% 23 18% 66 18%
No risk 192 82% 103 82% 295 82%
Total 235 126 361

Figure 24. BN showing the relationship between HLA-DR gene and age of T1D onset in the
Roman patients’ sample (P-value: 6*10-5).
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Timeline analyses. Four different comparisons were made to estimate which
genes could have some role in influencing age at T1D onset: HLA high risk
patients vs. HLA low risk patients, HLA-high/INS-susceptibility vs. HLA-
high/INS-protection, HLA-moderate/INS-susceptibility Vs. HLA-
moderate/INS-protection and HLA-low/INS-susceptibility vs. HLA-low/INS-

protection.

The influence of the combination of genetic risk factors (HLA-DR and INS-
VNTR) on the age at onset is shown in Fig. 3 for the French data set, in Figure
4 for the Italian data set and in Fig. 5 for the American one. In all data sets the
curves describing patients with high risk HLA are lower than for patients with
low risk HLA. Thus, for all three populations our results, supporting previous
research, confirmed that high risk HLA-DR genes play a key role in the early

onset of diabetes.

In each sample analysed the curves describing “HLA-high/INS-susceptibility
vs. HLA-high/INS-protection”, “HLA-moderate/INS-susceptibility vs. HLA-
moderate/INS-protection” and “HLA-low/INS-susceptibility vs. HLA-
low/INS-protection” gene combinations, are more or less asymptotic to each
other. We can confirm that INS-VNTR gene cannot change the effects of HLA

high, moderate and low risk alleles on age at T1D onset.

Starting at the age of about 15 years, the curves for “HLA low risk-INS
susceptibility” are lower than the curve of “HLA low risk-INS protection” in
the Italian and French data sets, showing a tendency of the INS-VNTR
protection allele to delay the age at T1D onset (p-value=NS). This effect cannot

be seen in the American data set.
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Figure 21. Timeline Analysis. The curves are empirical evaluations of the data sets for genetic
risk factors combinations (patients only); a certain point of the curve shows the probability of
getting R1D after a certain age. A green line denotes that the two curves are significantly
different.
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Assessment of the absolute risk of having T1D before or after the age of 15 years. BN
analysis was used in order to assess the absolute risk of having T1D before or
after the age of 15 years, based on all possible combinations of the risk classes
of HLA-DR, INS and PTPN22 genes. For this purpose, two different samples
were used: the case-control sample of data set “A” and the family clusters of

data set “D” (for details on data sets, see paragraph 4.2).

Case-control study

Single-locus analysis. As shown in Fig. 25, considering the absolute risk of 0.4%
of having T1D in the general Caucasian population, the BN analysis showed
that the distribution of the risk was 0.2% and 0.19% in the age <=15 years and
>15 years, respectively. Our results showed that the HLA gene determined the
main change in the risk of having T1D in the two different classes of age <= or
>15 years. The absolute risk conferred by the high, moderate and low risk
HLA genotypes was 2.9%, 0.3% and 0.02% in the the age group <=15 years and

2%, 0.3% and 0.04% in the age group >15 years, respectively.

When the effects of non-HLA genes were considered individually, the
absolute risk of having T1D in the age of <= 15 years or >15 years did not

change.

Joint effect of INS and PTPN22 genes. INS and PTPN22 did not influence the risk
of having T1D before or after the age of 15 years. This result was consistent
with previous findings about the influence of non-HLA genes on the age of

T1D onset as explained earlier (for details, see 4.3.3)

Joint effect of HLA and non-HLA genes. Considering all of the three HLA risk

categories, INS and PTPN22 genotypes did not influence the age of the disease
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onset and the absolute risk was equally distributed in the two age groups. Our
results showed that absolute risk for T1D before the age of 15 years for an
individual carrying risk alleles at the three susceptibility genes was 7%. The

risk decreased to 4.5% for the age >15 years.

If the no risk genotypes for HLA, INS and PTPN22 were considered jointly,
the absolute risk of T1D onset was 0.009% and 0.01%, before and after the age

of 15 years, respectively.

Family study

Single-locus analysis. Age of disease onset was significantly related to HLA-DR
risk categories, conferring an absolute risk of 12%, 3.2% and 1.1% in the age
group <=15 years and 3.8%, 1.9% and 0.5% in the age group >15 years,
respectively, if high, moderate and low risk HLA genotypes were considered.
As showed in Fig. 26, considering the T1D absolute risk of 6% in siblings of
T1D patients, the distribution of the risk was 4% and 2% in the age <=15 years

and >15 years, respectively.

When the effects of non-HLA genes were considered individually, the
absolute risk of having T1D did not change in respect of the age of <= 15 years

or >15 years.

Joint effect of INS and PTPN22 genes. INS and PTPN22 genotypes, when jointly
considered, did not show any influence on the age of onset. Namely, the
absolute risk values were 0.6% and 0.07% for risk and non-risk INS and

PTPNZ22 alleles, independently of the age of onset considered.
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Joint effect of HLA and non-HLA genes. The absolute risk of having T1D before
or after the age of 15 years, for all of the three HLA risk categories, did not
change when the INS and PTPN22 genotypes were considered in the analysis.
The absolute risk of having T1D was therefore equally distributed in the two
age groups. Our results showed that a subject carrying risk alleles at HLA, INS
and PTPN22 susceptibility genes, had an absolute risk of 14.4% for the onset of
T1D before the age of 15 years. The risk decreased to 5.2% by the age >15.
However, for a subject carrying non-risk alleles, the probability of having

disease before and after the age of 15 years was 0.8% and 0.4%, respectively.

Figure 25. BN showing the distribution of the absolute risk by the two age classes, <=15 and >15
ears in the general population, based on the case-control sample.

= Case_control_pedin9_age_min_magg_15

= @O GRUPPI 100 ]
—/ 0.2019 <=15 0.4000 disb |
—/1 0.1981 >15 (NG00 control
(= 99,6000 control

] 44,2549 mod risk

—/] 2.4356 high risk

| 53,3095 low tisk GRUPPI X
= @O on 0.2019 <=15

—/1 0,4000 diab 0,1981 »15

o 99,6000
.| 99,6000 control control

=-@0ms

|| 41,9915 risk

] 58,0085 no risk X

AN PTPNZ2

m 16,5121 risk |

16,5121 risk | 2,4356  high risk, [ riski

= @OPTPnz B 44,2549 mod risk
| I
i 83,4879 no risk I3,3095  low risk

INS

I 41,9915 risk
INES, 0085 no risk!

163



Tesi di dottorato internazionale in Endocrinologia e Malattie Metaboliche, di Rosalba Portuesi, discussa presso
I'Universita Campus Bio-Medico di Roma in data 01/02/2013. La disseminazione e la riproduzione di questo

documento sono consentite per scopi di didattica e ricerca, a condizione che ne venga citata la fonte

Figure 26. BN showing the distribution of the absolute risk by the two age classes, <=15 and >15
ears based on the family sample.
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3.4.3 Conclusion

In this study the effects of HLA-DR, INS and PTPN22 genotypes on the age of
T1D onset were investigated in three different samples of T1D patients from
French, American and Italian Caucasian populations. The joint absolute risk of
having T1D before or after the age of 15 years was also examined using the BN

method.

We observed that the distribution of HLA genotypes within risk categories in
the case-only study, considering the three data sets analyzed, was as follows:
high risk genotype (30%), moderate risk genotypes (60%) and low risk
genotype (10%). This distribution was similar to that of other Caucasian

populations (Pozzilli P, 2009).

Previous studies on age-dependent HLA genetic heterogeneity of T1D,
indicate that HLA-DR3/DR4 strongly predisposes to T1D and is associated
with a low age at disease onset (Gillespie KM, 2004; Caillat-Zucman S,
1992;Tait BD, 1995).

In this study, disease in patients with the HLA-DR3/4 genotype manifested at
a significantly younger age with the high risk HLA-DR genotype manifested
at a significantly younger age (15.7+11 years) than in patients with the low
HLA-DR genotype, who had the highest mean age at disease onset in the
sample (28+19 years).Our results thus confirmed the findings of previous
studies, whereby T1D manifests at lower ages in individuals with the highly
predisposing HLA-DR3/4 genotype and significantly later in patients with the
low risk HLA genotype (Caillat-Zucman S, 1992). Association between age at
disease onset and the moderate-risk genotypes was only significant in the

Italian data set analysis.
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The fact that the relative risks associated with both risk and low-risk
genotypes seems to diminish with age above 15 years (Sabbah E, 2000), raises
the question whether gene—gene interactions may also differ in different age-

groups.

Moreover, in the light of the well-known influence that HLA plays on the age
at T1D onset (Awa W 2010) and confirmed by this study, we also investigated
whether INS and PTPN22 alone was associated with an effect on the age at
disease onset. In our study no association between non-HLA genotype and
age of T1D onset was observed in the three samples consisting of case-only (p-

value=NS).

In this study the gene-related risk of having T1D before or after the age of 15
was also analysed, using the BN method. Our results in case-control data set
analysis, showed that the absolute risk conferred by the high, moderate and
low risk HLA genotypes was 2.9%, 0.3% and 0.02% in the age group <=15
years and 2%, 0.3% and 0.04% in the age group >15 years, respectively.
Whereas, in the family study, HLA-DR risk categories, conferred an absolute
risk of 12%, 3.2% and 1.1% in the age class <=15 years and 3.8%, 1.9% and 0.5%
in the age group >15 years respectively, if high, moderate and low risk HLA
genotypes were considered. In both groups studied, when the effects of non-
HLA genes were considered both individually and jointly, the absolute risk
of having T1D in the age of <= 15 years or >15 years did not change. This work
represents, to the best of our knowledge, the first study aimed at assessing the
absolute risk of having T1D based on the effects of the three main
susceptibility genes for T1D on the age at disease onset. Moreover, the main
strength it has is that the data analysis has been performed in three different

samples, in a large and heterogeneous sample of patients characterized by an
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age of onset in youth and in adult years. Nonetheless, similar studies over

case-control data set are needed in order to back-up the results of this analysis.
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3.5 Third aim. Do HLA-DR, INS-VNTR and PTPN22 interact with each

other?

Rationale

In the last years the search for genetic factors influencing multifactorial
diseases has been revolutionised by genome-wide association studies. Most of
them have used a single-locus analysis approach, whereby each locus was
tested individually for association with a particular disease. However, the
existence of interactions between susceptibility loci (defined as epistasis) was
the reason for the lack of success in genetic studies of complex diseases.
Epistasis means that something different happens when a particular set of
alleles, from different loci, are found in combination than when they are apart.
So that the joint effect must be different from what we would expect if the
effects of the two loci were combined independently. From statistical
viewpoint, epistasis refers to an interaction between multiple genetic loci such
that the disease cannot be predicted by simply combining the effects of the
single susceptibility gene. Fisher defined epistasis as a deviation from the
additive model of allelic effects! (Fisher RA, 1918) and probably he chose this
definition because additive linear models are tractable from a statistica' point

of view. In the late 1960s, epistasis was defined as deviation from a

o

1 For a haploid model, this could be represented as Wxy = ax + ay + b, where “a” is
the individual effects of each allele at loci x and y, “b” is the deviation that is due to
epistasis and W is the observed phenotype. Relationships for diploids are more
complex because of the possibility of one locus interacting with the dominance state

of the other locus (Musani SK, 2007).
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multiplicative model of gene action, instead of deviation from the additive

model.2

Previous studies have tried to evaluate if and how T1D susceptibility genes
interact with each other. Different methods have been applied and
several studies have been performed (Julier C1991; Bain SC 1992;
van der Auwera BJ 1993; Dizier MH 1994; She JX 1994; Cordell H]J 1995;
Metcalfe KA 1995; Laine AP 2004; Motzo C 2004; Bojornvold, 2008).
Nonetheless, the true mnature of statistical and biological interaction
between HLA and the other T1D susceptibility genes still remains

unclear.

Our previous risk analysis, reported in “Results” section (paragraph 4.3)
showed that the joint risk conferred by HLA, INS and PTPN22 genes on T1D
was far from a simple combination of risks due to the effects of the single
susceptibility genes. Based on this finding, the aim of this work was to
investigate the possible statistical interaction between HLA-DR, INS and
PTPN22 genes to gain insight into the genetic basis of the disease, using BN

probabilistic approach.

3.5.1 Materials and methods

Two different data sets consisting of genetic data from T1D patients (HLA-DR,
INS-VNTR and PTPN22), were analyzed (namely, data set A and B; for details
on samples see paragraph 4.2). BN algorithm was implemented to test the

statistical interactions between genes, for each data set. The definition of

2 A multiplicative haploid model would be represented as Wxy = ax*ay +b.
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statistical interaction here used is a correlation where the effects of one factor
go in the same direction at different levels of the other, but differ in magnitude
(Duncan Thomas. 2010). To figure out how accurately BN models define the
gene interaction map, we used the Akaike Information Criterion (AIC)
(Akaike 1974), an estimator of predictive accuracy. According to this criterion

the network with the highest AIC score was selected as the best network.

The validity of the edges, indicating the statistical correlation (interaction),
was measured by testing the mutual information between the parent node and
the corresponding child and was compared to a chi-square distribution. The
corresponding p-value was used to assess the statistical significance of the

arrows and thus the strength of the interaction.

Moreover, the fact that the genetic relative risks diminish from the age of 15
years and above (Sabbah E, 2000), raises the question whether the gene—gene
interactions, eventually present, may also differ in different age-groups. To
highlight this concept, in the second part of this “Third aim”, the statistical
interactions between HLA, INS and PTPN22 genes, related to the age at

disease onset, were investigated using BN method.

3.5.2 Results

We used genetic data from the three genes, HLA-DR, INS an PTPN22
classified into three and two main risk categories: high, moderate and low risk
for HLA-DR genotypes and risk and non-risk for both INS and PTPN22 genes
(as described in detail in section 4.2). BN analysis was applied in French and

Italian case-only data sets (named data set A and B, respectively). In this
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analysis the AIC-scores for all possible BN were calculated and the best

network (characterized by the highest AIC-score) was selected.

Based on the data sets A and B, BNs resulting from learning process showed
differences in the gene interaction findings. BN representing data set A,
showed a statistically significant interaction between HLA-DR and INS-VNTR
genes (p-value = 0.01, AIC score = -1811). To highlight the meaning of the
interaction, the alleles combinations of HLA-DR and INS, expressed by risk
classes, were analysed, and statistically significant differences between the
genes associations were found. In particular, INS risk and non-risk genotypes
were associated in 32% and 41% of the cases with the high risk HLA. Whereas
in the 60% and 49% of the cases, risk and non-risk INS alleles were associated
with the moderate risk HLA (chi-squared= 7.98, degrees of freedom = 2, p =
0.01). The interaction was therefore risk allele dependent. No interaction was
found between PTPN22 and INS genes nor PTPN22 and HLA-DR genes (Fig.
1).

Figure 1. BN built from case-only data set A. The arrow represents the statistical interaction

between HLA-DR and INS genes.
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The BN representing data set B, did not show any interaction between the

genes.

To go deeper into the differences between the results, further analyses were
done on French and Italian data sets, after performing a prior data selection:
all data was divided, according to the age at T1D onset, into three age groups:
<10 years, from 10 to 20 years and >20 years. The aim of this approach was to
investigate if and how gene interactions could change depending on the age at
T1D onset. Patient sub-groups with a different age at T1D onset of both data
sets were analysed using BN. No interaction between genes was showed by
the age-related BNs for both data sets. Furthermore, we did not observe any
significant differences in the distribution of HLA-DR and INS genotypes
according to age at onset of T1D nor in the relative associations of INS
genotypes conditional on HLA genotypes when the patients were divided into
the three different groups according to the respective age of disease onset (0—

10 vs. 11-19 vs. >20 years).
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3.5.3 Conclusion

The aim of this work was to investigate the possible statistical interaction
between HLA-DR, INS and PTPN22 genes to gain insight into the genetic basis
of the disease, using BN probabilistic approach. For this purpose two different
samples consisting of genetic data from T1D Caucasian patients were analysed
(data set A and B). BN representing data set A showed a statistically
significant interaction between HLA-DR and INS-VNTR genes (p-value = 0.01,
AIC score =-1811) (Fig. 1), whereas the BN representing the data set B, did not
show any genes interaction. When these results were checked using the chi-
squared statistics, in data set A, a significant statistical correlation between the
HLA-DR and INS alleles was found (p = 0.01). Namely, INS predisposing
genotype was significantly less frequent in high-risk HLA genotype—positive
patients than in those with HLA intermediate-and low-risk categories,
confirming previous findings in literature (Motzo C, 2004; Laine AP, 2004).
Taking into account the evidence that the genetic relative risks could diminish
from the age of 15 years and above (Sabbah E, 2000), we hypothesize that the
gene—gene interactions, eventually present, may also differ in different age-
groups. We then investigated the statistical interactions between HLA, INS
and PTPN22 genes, based on the age at disease onset. Our results showed that
for both data sets no interaction between genes was found by the age-related

BNs .

The use of BN for detecting gene interaction has its advantages when
compared with the traditional methods. The advent of high-throughput
technologies has enabled genome-wide association studies (GWAS). GWAS
involves sampling in a population of individuals about 500,000 representative
SNPs. A significant challenge in the analysis of genome-wide data sets is the

identification of interacting loci that interact in their association with disease.
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Many existing methods for epistasis learning such as combinatorial methods
cannot handle a high-dimensional GWAS data set. For example, if we only
investigated all 0, 1, 2, 3 and 4-SNP combinations when there are 500,000
SNPs, we would need to investigate 2.604 x 1021 combinations. In this
scenario, BN approach represents a valid and alternative method to manage
this huge amount of genetic information with the aim of detecting the
interaction between them. Moreover, BN provide a graphical representation of
the independence between the modelled variables, which allows for
transparency and ease of interpretation of the models and their parameters.
The presence of interaction between susceptibility genes can explain why the
study of a single susceptibility gene in polygenic disorders, such as T1D,

produced fewer results than expected.

The weakness of our study was the rather low number of patients and the
absence of a representative sample consisting of control subjects. The
comparison between patients and controls could be useful for achieving this
purpose. Further studies are needed to verify our results and to better
understand the genetic interaction between the main susceptibility genes for
T1D. However, in this study we had two different cohorts of patients, so that
one of them was used as a replication data set. Thanks to this, the interaction
hypothesis was tested in two samples consisting of T1D patients from Italian
and French populations. The reason for the diverging results obtained in this
study, could be based on the heterogeneity in HLA-associated risk of T1D
Although no preventive intervention is available for T1D today, prediction of
disease is an important part of prevention strategies, both for recruitment of
participants for research studies and for identification of target populations for
future preventive interventions. Understanding the interaction between the

established T1D susceptibility genes will favour this possibility. Further
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substantiation is needed for the identification of the statistically significant

conditional dependency of INS on HLA.
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CHAPTER 4. INTRODUCTION TO SYSTEM BIOLOGY

(“The aim of System Biology is to understand biological processes

as integrated systems instead of as isolated parts’)

(http://is.gd/tQKO)

4.1 The Systems Biology: an answer to the complexity of biological systems

The panorama of new challenges and research opportunities has to do with
predictions of physical reality by computer models. Today the phenomena and
processes we ask computer models to predict are of enormous importance to
critical decisions that affect our welfare concerning for example the biology of

diseases and the outcome of medical procedures.

In recent years the interdisciplinary efforts, developed so far, aimed at
elucidating structures and functions of living systems. The main challenges in
computational modeling and analysis were to understand, analyze and
predict the complex mechanisms of biological systems. Research
investigations in computational biology and physiology have addressed
important issues across many applications from, biological signaling
pathways, cellular biology and communication, organ function and
performance, all the way up to lifestyle and environmental influences and
behavioral responses. Over the last few years, this kind of research work is
being extended to explore translational biomedical research, to better
understanding the mechanisms of disease and its treatment, thus helping to
establish diagnostic biomarkers, physiology-based patient selection criteria,

and strategies for choosing, personalizing and optimizing therapeutic options.
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Computational modeling promises to become a fundamental contributor to
future biomedical sciences and technologies, and personalized predictive

healthcare.

In this scenario, Systems Biology represents one of the most fashionable and

modern approaches to complexity of biological systems.

Starting from “system” definition, as an entity that maintains its existence
through the mutual interaction of its parts (von Bertalanfty, 1968), we can say
that Systems Biology may represent an approach (as detailed below), rather
than a discipline (such as Biology). However, classic physiology largely
lacked the ability to pursue the quantitative integration of observed behaviors
with a few notable exceptions, such as the Hodgkin—-Huxley equations for the
nerve impulse (Hodgkin and Huxley 1952), their application to the heart
(Noble, 1962), or to the pancreatic beta-cell (Chay and Keizer, 1983) or the early
ideas of Guyton for a quantitative model of the circulation (Guyton et al, 1972).
Systems biology, on the other hand, thrives on the revolutionary
improvement of experimental techniques to investigate system components
and their interactions and it is based on significant advances in computational

power, tools, and techniques, which allow quantitative modeling.

The essence of Systems Biology lies in providing a framework for the re-
unification of biological studies with “the other” sciences, it represents the
approach on which quantitative descriptions of parts and their interactions
give rise to an understanding of the maintenance of biological entities across

all relevant levels of structural and functional integration (Fig. 1).

The best results are often obtained when theoretical work is pursued in close
and continuous iteration with experimental and/or clinical investigations.

From the point of view of experimentalists, ignoring computations often
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seems justified, since computations tend to be highly idealized, with respect
to the “real things” we suppose to obtain in laboratory. Furthermore, ignoring
experiments often seems justified from the point of view of theorists, since
experiments also do not often replicate well or they pertain to such
unrepresentative special cases that one hardly knows what general lesson to

draw from their outcomes.

The utility of both seems greatly enhanced when the same individual or
laboratory does both computations and experiments, taking both seriously to
refine the other in the next iteration and when the prominence of artifacts in

both methods is given due attention.

The second purpose of this PhD project is based on Systems Biology approach
and its aim is to evaluate the effect of progressive lymphocytic islet
infiltration (insulitis) on beta-cells signalling. Before presenting the results
obtained, we explain the following concepts: a) the structure of pancreatic
islet of Langerhans, b) the beta-cell electrophysiology and c) the mathematical

models of bursting electrical activity of beta-cells.
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Figure 1. Our understanding of ‘real world systems’ (top left) usually is translated in a simplified
representation (top right) of that reality. The progressive development of this understanding is
based on the application and analysis of experimental and theoretical models. For biological
systems research, these models allow the exploration of relevant structural levels between body
and molecule. M Like their experimental counterparts, computational models are - by the very
definition of the term ‘model’- simplified representations of reality. Like items in a toolbox,
models for biomedical research, have a range of applications for which they are suited.

‘Real world’ ‘Insight’
System

ORGANELLE
NETWORK
TRANSCRIPT
GENE
MOLECULE

FUNCTION

Before dealing with the simulated autoimmune damage process of beta-cells,
the following is a brief description of the anatomic structure of islet of
Langerhans in the endocrine pancreas and the physiological process involved

in the production and release insulin.
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4.2.1 Structure of Pancreas and the Islet of Langerhans

The pancreas is a mixed exocrine and endocrine gland. It is an elongated
conical organ about 12-15 cm in length, lying laterally to the rear of the upper
right hand side of the abdominal cavity. The exocrine and endocrine functions
of the gland are carried out by two histologically distinct subunits. The
exocrine portion is organized as a tubuloalveolar gland, acini empty into
centroacinar ducts which conduct to progressively larger intralobular ducts,
interlobular ducts and eventually to the main pancreatic duct. Both acini and
the ductal epithelium contribute to pancreatic secretion. The ductal cells are
stimulated by the hormone secretin from the gastro intestinal tract to secrete
bicarbonate ions and water. This alkaline secretion neutralizes the acidic
chime from the stomach, bringing the pH into the optimal range for the action
of the pancreatic enzymes within the duodenum. The acinar cells secrete an
extensive range of digestive enzymes which break down specific components

of the chyme as part of the digestive process.

The endocrine function is performed by clusters of cells called islets of
Langerhans, which are separated from the tubuloalveolar components by a
loose reticular capsule. The islet are richly vascularized by a network of
fenestrated capillaries. The course of capillaries allows a degree of
autoregulation of the pancreas in that small intralobular arteries first supply
the capillary network of the islet, then subsequently invest the nearby acini,
allowing the autocrine control of pancreatic function. The part of pancreas
with endocrine function is made up of a million cell clusters called islets of
Langerhans. They consist of four main cell types that can be classified by their
secretion: alpha cells (secreting glucagone), beta-cells (secreting insulin), delta

cells (secreting somatostatin and gastrin) and PP cells (secreting pancreatic

polypeptide).
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There is a regional heterogeneity in the pattern of endocrine cells in islet, for
example, the glucagon-secreting cells are more abundant in the body and tail
of the pancreas in contrast to the more frequent PP-secreting cells present in
the head of the pancreas (Fig. 2). There have been extensive studies about
these different cells, particularly beta-cells, which constitute the major
represented cell type (occupying 70-80%) in an islet (Brissova M, 2005). Beta-
cells are located adjacent to blood vessels and can easily respond to changes
in blood glucose concentration by adjusting insulin production. Insulin
facilitates uptake of glucose, the main fuel source, into cells of tissues such as
muscle. So, the islets of Langerhans play a key role in maintaining the
appropriate level of glucose in the blood; their malfunction is closely related
to diabetes. In human being there are approximately 1 million of islets of
Langerhans scattered in the pancreas. Quantitative studies assessing the cell
composition of human islets are sparse (Stefan Y, 1982; Rahier J, 1983; Clark
A, 1988) and these studies have reported that islets are composed of ~ 70%
beta-cells, alpha 20% cells, delta <10% cells, and <5% PP cells. More recent
studies, however, have provided lower numbers of beta-cells and higher
numbers of alpha-cells (60% and 30%, respectively) (Street CN, 2004; Brissova
M, 2005). Contrary to the pancreatic islet structure in mouse human islets do
not show anatomical subdivisions. Human cells are not clustered and most
part (71%) shows associations with other endocrine cells, suggesting unique
paracrine interactions. In fact, as the last findings have shown (Cabrera O,
2006), alpha, delta and beta-cells were found scattered throughout the human
islet. Most of beta, alpha and delta cells were aligned along blood vessels with
no particular order or arrangement, indicating that islet micro-circulation
most likely does not determine the order of paracrine interactions. Moreover,

studies performed by Cabrera et al. have shown striking species differences
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with regard to both cyto-architecture and function and emphasized that

human islet structure and function need to be re-evaluated.

4.2.2 Islet structure in NOD mouse

In NOD (Non-Obese Diabetic) mice, the development of clinical diabetes is
preceded by an inflammation of the pancreatic islets. It is generally thought
that an initial event in triggering the development of insulitis and cell
destruction is the processing of cell antigens by macrophages and dendritic
cells residing in the pancreatic islets (Jun HS, 1999). The antigen-presenting
cells are then drained to the pancreatic lymph nodes where they will present
the antigen to auto reactive T-cells. In the absence of proper peripheral
tolerance mechanisms, this leads to activation and insufficiently controlled
expansion of these T-cell clones and eventually to their migration back to the
pancreatic islets, where they mediate beta-cell destruction (Hoglund P, 1999).
It has been suggested in experimental models that infiltration of lymphocytes
(insulitis) of the islet begins at 3-5 weeks of age, and becomes evident in
diabetic mice at around 8 weeks of age, which leads to an active destruction of
beta-cells and consequently to the progressive decrease in beta-cell volume
(Alanentalo T, 2010; Jansen A, 1994). Alanentalo T. et al (Alanentalo T, 2010)
demonstrated that in NOD mice 20% of islets between 8-12 weeks and 50% of
islets between 8-16 weeks are severely damaged. The smallest islets are the
first to be destroyed during insulitis, whereas a reduction of large and
intermediate size islets appear after 12 weeks of age. The authors also showed
that when approximately 85% of beta-cells volume is destroyed, mice

developed clinical diabetes.
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Figure 2.Interspecies variability in cell composition in the islet structure. Pancreatic islet
interspecies differences are shown in 4-D. Confocal micrographs show representative immune-
stained pancreatic sections containing islets of Langerhans from human being 4, monkey B,
mouse C, and pig D. Insulin-immuno-reactive (red), glucagon-immuno-reactive (green), and
somatostatin-immuno-reactive (blue) cells were all found randomly distributed in human and
monkey islets. By contrast, insulin-containing cells were located in the core and glucagon and
somatostatin-containing cells in the mantle of mouse islets. Pig islets seemed to be formed of
smaller units (three, in this case) showing a core-mantle organization (scale bar, 50 m). E
Quantitative enumeration of the contribution of insulin, glucagon and somatostatin-immuno-
reactive cells to the composition of islets in four different regions of the human pancreas. (F)
Comparison of the cell composition of human islets with that of mouse islets. Human islets had
more glucagon-immuno-reactive cells and fewer insulin-immuno-reactive cells.

mouse

o o
B (]
: :

# of cells/# of total cells [T]
=}
N

Tail Neck Head Head
(dorsal) (ventral)

mouse human

°© o o
& [+ o«

o
N
1

# of cells/# of total cells “T1

@ insulin+ cells
@  glucagon+ celis
B somatostatin+ cells

188



Tesi di dottorato internazionale in Endocrinologia e Malattie Metaboliche, di Rosalba Portuesi, discussa presso
I'Universita Campus Bio-Medico di Roma in data 01/02/2013. La disseminazione e la riproduzione di questo
documento sono consentite per scopi di didattica e ricerca, a condizione che ne venga citata la fonte

4.3 Molecular mechanisms underlying insulin secretion

There are three main features of cytosolic glucose metabolism in the beta-cell.
First, glucose can equilibrate rapidly across the beta-cell membrane due to the
expression of the high capacity, low affinity glucose transporter-2 (Newgard
CB, 1995). Second, after glucose has entered the beta-cell, it is phosphorylated
to glucose-6-phospate by the high K*. Glucokinase, which constitutes the flux
determining step for glycolysis (Iynedjian 1993; De Vos, 1995; Newgard CB,
1995; Matschinsky 1996) and is considered as the ‘glucose sensor” in the
pancreatic beta-cell (Matschinsky 1996). Third, once phosphorylated, glucose

is metabolized by glycolysis to produce pyruvate, NADH and ATP.

Glucose depolarizes the pancreatic beta-cell membrane potential and initiates

firing of action potentials (Dean PM, 1968).

In the absence of stimulatory glucose (generally less than 5 mM), rodent beta-
cells are electrically silent, with a resting membrane potential of
approximately - 70 mV due to a high resting K* conductance in these cells.
Reduction of the resting K* conductance by stimulatory glucose leads to
membrane depolarization and initiation of electrical activity characterized by
slow wave depolarization with superimposed bursts of action potentials. As
outlined in fig. 4, ATP-sensitive K* channels set the beta-cell membrane
potential and closure of these leads to depolarization. Membrane
depolarization triggers action potential firing and opening of voltage-
dependent Ca™ channels (VDCCs), leading to Ca™ influx which triggers
exocytosis. Action potentials are terminated by the opening of voltage-

dependent K* channels which limit Ca*™ entry and thus insulin release.

The ability of pancreatic beta-cells to respond to glucose has long been known

to depend on extracellular Ca* (Curry C, 1968; Hales CN, 1968). Release of
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intracellular Ca* stores is also thought to be involved in regulating insulin
secretion. Intracellular Ca* stores may be released by the influx of
extracellular Ca*, called Ca* -induced Ca* release (Graves TK, 2003), or by
other external signals in order to enhance or prolong insulin secretion rather
than trigger it directly. Glucose-stimulated electrical activity in pancreatic
beta-cells serves the general purpose of activating VDCCs and delivering the
Ca*stimulus to sites of insulin granule exocytosis. While the membrane
potential is exquisitely controlled by glucose, the distribution and exocytotic
competence of the insulin granules themselves must be equally well
controlled to ensure an appropriate physiological response to glucose. Insulin
granules, similar to secretory vesicles in numerous other cell types, exist
within the cell in various functional pools (Rorsman P, 2003). As shown in
figure 3, these include an intracellular reserve pool (90%), a morphologically
docked pool (ca 10%), and a readily releasable pool (RRP) that is chemically
‘primed’ for release (0.3-2.2%)(Bratanova-Tochkova M, 2002; Olofsson O,
2002).
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Figure 3. Chain of events in pancreatic beta-cell glucose-sensing
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Figure 4. Stimulus—secretion coupling in the pancreatic beta-cell. Glucose entry and
mitochondrial metabolism increases the intracellular ATP-to-ADP ratio which leads to closure of
K+ channels and membrane depolarization. This activates VDCCs, allowing influx of Ca++
which triggers exocytosis of insulin granules. Kv channels also activate upon depolarization to
mediate action potential repolarization, limiting Ca++ entry and insulin secretion. Established
and putative metabolic signalling molecules may regulate insulin secretion at a number of sites.
These include the activity of ion channels, release of intracellular Ca++ stores, mobilization and
priming of secretory vesicles, and exocytosis. Here, we have shown the established (green), likely
(yellow) and putative (red) regulatory interactions.
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4.4 Role of beta-cells coupling

The primary task of the beta-cell is to secrete insulin in response to glucose,
and it is desirable for the output to increase in a graded way with the
stimulus. This is achieved mainly by raising Ca* concentration. Empirically,
insulin secretion increases linearly with the bulk [Ca*]i and the rise in [Ca™] is
in turn controlled by the extracellular glucose concentration. When [Glucose]
is less than the threshold level of about 5 mM, corresponding to fasting
conditions in vivo, [Ca™] is low (<100 nM) and there is almost no secretion.
After a meal, [Glucose] exceeds the threshold, and, in vitro, [Ca*]: rises
hyperbolically with [Glucose], saturating at about 200 nM when [Glucose]
reaches about 10 mM (Heart E, 2006; Henquin JC, 2006).

Many cell types exhibit complex electrophysiological behaviour, characterized
by brief bursts of oscillatory activity interspersed with quiescent periods
during which the membrane potential changes only slowly. This behaviour is

called bursting.

Bursting in pancreatic beta-cells does not usually occur in isolated cells, but

only in intact islets or in groups of beta-cells coupled by gap junctions.

In vitro, beta-cell electrical and Ca™ activity is generally oscillatory when
[Glucose] is in the range of 5-15 mM; above that range, a constant high [Ca*]
is seen, corresponding to continuous spike activity. These oscillations occur on
a variety of time scales, spiking (<1 s), bursting (10-60 s), and slow oscillations
(1-6 min). Similar to the neuronal cell, secretion is driven by Ca"entry
through voltage-dependent Ca™ channels. This is unlike non-electrically
excitable cells, such as the pancreatic acinar cell, in which secretion is
governed by release of Ca™ from internal stores (endoplasmic reticulum or

ER) (Fig. 4).
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Several studies have revealed that the electrophysiological properties of beta-
cells within the intact islet differ from those of isolated cells in several respects
such as channel density and voltage dependence of their activation and

inactivation, etc. (Gopel et al. 1999).

To better understand these findings we need to consider the natural
environment in which the beta-cell is immersed: it naturally exists in an

electrically-coupled network, the islet of Langerhans.

The first electrophysiological studies on the insulin-secreting islet cells with
intracellular microelectrodes were first reported by Dean and Matthews in
1968, whereas the first papers by Dean and Matthews (Dean PM, 1972) as well
as Petersen and Matthews (Petersen OH, 1972), describing membrane
potential measurements from the acinar cells during rest and activation
appeared in 1972. Thus electrophysiological studies on the pancreas started
late considering that the first intracellular microelectrode studies on the
salivary glands were published in 1955 and 1957 by Lundberg (Lundberg A,
1955; Lundberg A, 1957). A few years later the first single-channel current
recording studies on the beta-cells from the pancreatic islets were published

(Cook DL, 1984; Ashcroft FM , 1984).

The application of the patch-clamp technique to pancreatic islet cells has
revolutionized our concepts about the stimulus—secretion coupling of the

insulin-producing beta-cells.

Resulting various oscillatory behaviors of beta-cells, together with the insulin
secretion and glucose regulation, have been examined (Kang H,2005). In
particular, it has been reported that calcium oscillations appear more regular

in cell clusters, compared with those in isolated cells (Jonkers FC, 1999).
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As a consequence, it was demonstrated that single cells do not burst, but rather
exhibit only irregular, apparently random, spiking (Bangham , 1986) (Figs. 5-
0).

Figure 5. Spiking activity of an isolated beta-cell. If an isolated beta-cell is exposed to an

adequate [glucose], a spontaneous spiking activity will occurred. (Taken from Rorsman and
Trube, 1986)

L &w\hﬁy

]
4 s

Figure 6. Bursting activity of an intact islet in 11 mM glucose. If a pancreatic beta-cell in an
intact islet is exposed to an adequate [glucose], a spontaneous bursting activity will be registered
(Taken from Atwater and Rinzel, 1986).

SRy

The bulk of experimental evidence indicates that a cell-bursting electrical

activity depends on beta-cell coupling (Rorsman P, 1986; Falke LC, 1989)

The intra-islet coordination of beta-cells involves a variety of mechanisms of

direct and indirect beta-cell -to beta-cell communication Recent experiments
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indicate that, in this complex setting, the beta-cell -to beta-cell communication
is mediated by gap junctions consisting of a family of proteins called
connexins (Willecke K, 2002). In particular, the most recent evidence has

suggested that islet cells express connexin-36 (Calabrese A, 2003).

Evidence for electrical coupling via gap junctions between islet cells has
previously been provided by electron microscopy (Orci L, 1975), recordings of
membrane potential and currents using sharp intracellular electrodes
(Meissner 1976; Eddlestone et al. 1984; Mears et al. 1995), patch-clamp
experiments on isolated islet cell pairs (Perez-Armendariz et al. 1991) and dye

coupling (Michaels & Sheridan 1981; Charollais et al. 2000).

The gap junctions probably serve to synchronize electrical activity and
secretion in beta-cells in different parts of pancreatic islets (Eddlestone et al.
1984; Santos et al. 1991). Then it has been proposed that the beta-cells function

as a ‘secretory syncytium’ (Santos et al. 1991).

The functional significance of intercellular signalling is suggested by the fact
that isolated beta-cells exhibit a much poorer secretory capacity than beta-

cells in the intact islet (Pipeleers et al. 1982; Luther et al. 2006).

Coupled beta-cells, in fact, secrete insulin more effectively than single beta-
cells do, as reflected by the observation that coupled cells can produce
bursting action potentials, in contrast with single cells generating spiking
action potentials (Sherman, A., J. Rinzel, and J. Keizer. 1988. Emergence of
organized bursting in clusters of pancreatic beta-cells by channel sharing.
Biophys. J. 54:411-425). Experimental evidence suggests that the integrity of
the intercellular communication via gap junctions and the 3D architecture of
beta-cells in islets are critical aspects for insulin production (Rocheleau JV,

Walker GM, Head WS, McGuinness OP, Piston DW. Microfluidic glucose
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stimulation reveals limited coordination of intracellular Ca2+ activity
oscillations in pancreatic islets. Proc Natl Acad Sci U S A 2004;101: 12899-
12903). In fact, during the beta-cell disruption process, and by losing
connections between beta-cells, the development of hyperglycaemia occurred
and an impaired insulin level is associated (Dombrowski F et al, 2006).
However, it is less clear whether beta-cells are also in electrical contact with
neighbouring non-beta-cells. Evidence for heterologous coupling was
originally provided by dye-injection experiments (Michaels & Sheridan 1981;
Meda et al. 1986), but functional studies (Gopel et al. 1999a; Nadal et al. 1999)

suggest that coupling between beta-cells and non-beta-cells is weak.

Gap junctional coupling profoundly shapes and modifies that electrical
activity. This is seen in the emergence of bursting through mix in beta-cells
with disparate properties, in the modification of spike patterns to increase
burst period, and in the cooperation of differentially glucose-sensitive cells to
produce a well-defined threshold for the glucose response. Thus, the
dynamic repertoire of cells is enriched and rendered more robust and,

perhaps, better suited to the biological role of regulating insulin secretion.

Taking in consideration all of these recent results, it is raising the possibility
that abnormal Cx36-dependent communications between islet cells are
involved in the pathophysiology of the early islet changes that contribute to

the pancreatic damage.
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4.5 From experimental data to mathematical models to explain the

pancreatic beta-cell electrical behavior

The central role of the electrophysiology of the beta-cells has led also
mathematicians to study this particular part of the triggering pathway. Due to
the complex bursting patterns exhibited by the membrane potential (Fig. 7),
electrical activity in the beta-cells has provided interesting mathematical
problems to be analyzed in addition to understanding its role in glucose-

stimulated insulin secretion.

Figure 7. Typical patterns of (A—C) bursting electrical activity and (D-F) calcium oscillations
observed in beta-cells located in islets. These patterns were simulated using the model by
Bertram et al., which can produce (from left to right) either intermediate bursting (fast Ca++
oscillations), compound bursting (mixed Ca++ oscillations), or slow, glycolytic bursting (slow
Ca++ oscillations).
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4.6 From a Deterministic to a Stochastic model

The release of insulin is pulsatile and it is correlated with rhythmic
oscillations in membrane potential. In fact, if a beta-cells is impaled in an
isolated islet and it is exposed to a glucose concentration with a
microelectrode, a slow oscillation from a low voltage to a rapid spiking
occurred (bursting). Calcium flows into the cell during spiking and increase is
believed to cause insulin release (Rubin 1982). In order to explain the electrical
aspects to this behaviour, Atwater et al. (1980) proposed a mechanism for
bursting based on voltage-gated potassium and calcium channels and a
calcium-activated potassium (K-Ca) channel. This mechanism was based on
extensive experimental data, incorporating the important cellular mechanisms
that were thought to underlie bursting and, based on this idea, a quantitative
and dynamic mathematical model was later developed by Chay and Keizer
(1983). In absence of voltage clump data for the beta-cell, this model was
based on modifications of Hodgkin-Huxley kinetics for the squid giant axon.
Chay and Keizer model was a deterministic model, representing both single-cell and
cluster behaviour. Although the mathematical model included only those
processes believed to be essential to the bursting process and thus omits many
features of the cell, it is able to reproduce many of the basic properties of
bursting. Few years later, in 1983, Atwater et al. performed further studies
and proposed a qualitative mechanism to account for the difference between
the single-cell behaviour and the behaviour of the cell in a cluster (Figs 8-9).
They noted that the conductance of a single K-Ca channel is large compared
with the total K* conductance of the beta-cell and that the K-Ca channels are
open very rarely under physiological voltages and intracellular calcium
concentration (Findlay et al 1985). They hypnotized that the resting potential

would be unstable unless the cells shared channels by electrical coupling
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through gap junctions. If few of these channels are open at any given time,
then random channel events may perturb the membrane potential of an
isolated cell enough to disrupt the burst pattern and produce the observed
irregular behaviour of single cells. Instead, in coupled beta-cells cluster,
regular bursting may occurred thanks to the contribution of each channel to
the current density in the shared membrane. Each K—-Ca channel, in fact, has
a much smaller effect on the potential of each individual cell, as the channel
current is spread over the network of cells. Each cell integrates the effects of a

large number of K-Ca channels, each of which has only a small influence.
Figure 8 - Recording from an isolated beta-cell (Rorsman and Trube, 1986)
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Figure 9. Recording from a beta-cell in an intact cluster (Atwater and Rinzel, 1986)
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It is worth noting how the need for a specific layer of organization arises from
the presence of “biological material”, with its constitutive and unavoidable
“noise”. Consequently it is necessary to introduce explanations that overcome
the purely reductionist style that considers the most microscopic layer as the
ultimate point of causation from where the reasoning chain can, at least

theoretically, follow “all-the-way-down”.

In fact thermal agitation (noise) imposes the organization of a coherent
structure in which the combined action of averaging and coupling stabilizes
the system. Otherwise, any small event initiated on the molecular scale would

rapidly expand and dominate the entire system (deterministic approach).

On a more general level, the maintenance of a delicate balance between
uncoupling due to noise and coupling due to self-organization was found to
be at the origin of any “pathology” of systems. On a more qualitative level,
physicians are well aware that diseases arise from a too strict coupling
between elements or from decoupling (i.e. atrial fibrillation, T1D, etc). From
the above considerations, the need to consider a stochastic approach in

modeling appears to be a necessary step.

Two different researcher groups, Sherman et al — 1988 and Chay and Kang —
1988, used theoretical models having a finite number of stochastic channels to
explore if this “channel sharing” hypothesis could reconcile the regular
bursting of islet with the irregular spiking of isolated cells. Both considered
the entire cluster of cells as a single giant cell with an enlarge channel

population and they called it the “supercell” (Fig 6.3).
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Figure 10. Numerical simulations of the “supercell” model for a cluster of cells ranging in size

from 5 to 167 cells. As the size of the cluster increases, more organized bursting appears.
(Sherman et al., 1988).

3,000 Channsis — 5 Calls

L) m

- m.thm-h = iﬂﬂlll.l-

=

= MW'U«" l’i- h' "v" I'V" EI--“I
-70 1
e 30,000 Channsls - 50 Cells

=

Iy

% M !'-r“""""-ll.“.""'J :w-“""” M
- : .
_a0- 100,000 Channels — 187 Cella d

=

I

- E il | M_Ji ;L..,n.u—ﬂ*-"_'J !"._
B 15 30

Time (s)

As expected, synchronized bursting appears as the number of cells in the
cluster increases and the coupling strength increases. Both strong enough

coupling and a large enough cluster size are required to achieve regular

bursting due to the beta-cells self-organization.
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This is illustrated in Fig. 11, where we show numerical simulations for two

different cluster sizes and two different coupling strengths.

Figure 11. Numerical simulations of the multicell model, in which the cells in the cluster are
coupled by gap junctions with finite conductance. Results are shown for two cells (upper and
lower traces in each pair) from two different cluster sizes (2 X 2 X 2 cells and 5 x 5 x 5 cells) and
two different junctional conductances. (Sherman and Rinzel, 1991).
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A basic ingredient of this self-organization dynamics is the role played by
material noise caused by physical laws. It is precisely thermal agitation that,
contrary to the naive thinking, is necessary for the stability of structures
defending the systems from the otherwise catastrophic effects of any

microscopic perturbation in a totally deterministic setting.
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Mathematical modeling has significantly contributed to the understanding of
the mechanisms underlying the various patterns of bursting electrical activity
in response to different glucose stimuli. Beta-cell modeling will likely move
closer to clinical applications, where it can be expected to continue play an
important role, as it has up to now, in the understanding of the complex
oscillatory phenomena observed in pancreatic beta-cells and islets. The next
chapter deals with the mathematical models developed to better understand
the effects of progressive lymphocytic islet infiltration (insulitis) on beta-cells

signaling.
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CHAPTER 5. A STOCHASTIC MATHEMATICAL MODEL TO
STUDY THE AUTOIMMUNE PROGRESSION TOWARDS TYPE 1
DIABETES

5.1 Introduction

Islets of Langerhans are small highly vascularised endocrine structures
playing a key role in glucose homeostasis. Having their own complex
anatomy including a core consisting mainly of insulin producing beta-cells,
which are tightly interconnected by gap junctions and surrounded by a
mantle of other endocrine cells secreting different hormones, such as
glucagon, somatostatin and pancreatic polypeptide (Orci L, 1973; Eddlestone
GT, 1984; Michaels RL, 1981).

While large (>5-10° um®) and intermediate (1-10°- 5-10° um?®) islets can be
located centrally, near the large blood vessels and pancreatic duct, whereas
small (<1-10° um®) islets can be observed in the periphery of pancreatic

endocrine tissue (Alanentalo T, 2010).

Beta-cells act as glucose-sensors regulating the release of insulin according to
blood glucose levels. Increased levels of extracellular glucose cause a cascade
of events inside the beta-cells that, by membrane depolarization and
consequent influx of Ca* ions through voltage-dependent membrane
channels, lead to pulsatile insulin release (Rocheleau JV, 2004; Bertram R,
2010). Moreover glucose-stimulated islets exhibit a pattern of bursting
electrical activity coupled with Ca? oscillations. This complex behaviour is
synchronized throughout the islet so that the latter works as a functional

syncytium (Santos RM, 1991). Studies on pancreatic islets revealed that
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communication between beta-cells via gap junctions is crucial for proper
biosynthesis, storage and release of insulin, whereas uncoupling leads to
altered beta-cell function (Dombrowski F, 2006; Meda P, 1990; Nittala A,
2008). Moreover normal blood glucose levels are maintained if the beta-cell

critical number is guaranteed (Jansen A, 1994; Jonkers FC, 1999).

Type 1 diabetes is an autoimmune disease characterized by the progressive
destruction of beta-cells in the islets of Langerhans, associated with insulin

deficiency and hyperglycaemia.

Experimental models of diabetic mice suggested that lymphocytic infiltration
of the islets (insulitis) begins at 3-5 weeks of age, and becomes evident at
around 8 weeks. This scenario leads to an active destruction of beta-cells and
consequently to a progressive decrease in beta-cells population (Alanentalo T,
et al, 2010; Jansen A et al, 1994). Alanentalo et al demonstrated that in the
pancreas of NOD mice between 8-12 weeks of age a severe damage occurred,
namely the disruption of 20% of islets, while between 8-16weeksof age the
50% of islets was destroyed. The smallest islets are the first to be destroyed
during insulitis, whereas a reduction of large and intermediate sized islets
appears after 12 weeks of age. These authors also showed that when
approximately 85% of beta-cell volume is destroyed, mice developed overt
diabetes. During beta-cell disruption, the development of hyperglycaemia is

associated with impaired insulin levels (Dombrowski F, 2006).

By losing connections between beta-cells, insulin production is dramatically
decreased. Experimental evidence suggests that the integrity of intercellular
communication via gap junctions and 3D architecture of beta-cells inside the
islets are critical aspects for insulin production (Rocheleau JV, 2006).

Electrophysiological studies have shown that the number of beta-cells
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influences the synchrony and amplitude of Ca* oscillations in clusters

(Rocheleau JV, 2006; Santos RM, 1991).

The autoimmune process associated with beta-cell loss in type 1 diabetes can
be considered a typical scenario where the complex oscillatory phenomenon
usually observed in single beta-cell and in the whole intact islet, appears

compromised.

The role of gap junctions in the connection among beta-cells and the effect of a
reduced number of beta-cells in a damaged cluster on the associated
electrophysiology can be quantitatively analyzed by using mathematical

models.

The first computational model by Chay and Keizer (Fall CP, 2002; Chay TR,
1983), simulating the electrical behaviour of a single beta-cell in an intact islet,
was able to describe the electrical bursting activity and the Ca® oscillatory
dynamics. This theoretical model of beta-cell behaviour was implemented on
the lines of the classical Hodgkin-Huxley’s work (Hodgkin A, 1952). Inspired
by its purely theoretical predictions, these important oscillations in Ca** were

eventually recorded for the first time in vitro eight years later.

In the same period, (Atwater I, 1983) suggested that the stochastic opening
and closing of ion channels represented the key mechanism to take into
account for the difference between the single beta-cell and the bursting
behavior of coupled beta-cells in a cluster. In the latter case, in fact, through
an effective coupling due to a channel sharing dynamics, the noise intensity is

reduced by gap junction electrical connections.
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Further studies, performed by Sherman et al (Sherman A, 1988; Sherman A,
1991), clarified the irregular spiking behavior of isolated beta-cells as well as

the collective ordered bursting dynamics of coupled cells.

In the light of these results, the aim of the present study was to evaluate the
effect of progressive lymphocytic islet infiltration (insulitis) on beta-cells
signalling. The destruction of cluster architecture consisting of pancreatic
beta-cells population, as consequence of insulitis, was modelled in terms of
apoptotic events. For a quantitative comprehension of such a complex
phenomenon, mainly involving cellular synchronization, we have
investigated the activity of beta-cells in a 3D cells’ lattice with defined
neighbourhood relations and altered glucose concentrations. We numerically
simulated a small cluster of mouse beta-cells via an extended stochastic
electrophysiological model (Sherman A, 1988; Sherman A, 1991). This
formulation was originally developed in order to deal with an intact and
regular cluster configuration only. Here we have induced, however, a
gradually break of the cluster’s spatial symmetry by decreasing the number of
communicating beta-cells in the cluster, creating a pathological environment
inspired by experimental histological sections of diseased diabetic mice. We
point out that a minimal physiologically inspired stochastic model can be an
efficient tool to obtain original and quantitative insights into the complex
dynamics of beta-cell destruction. This work was specifically focused on the
clinical implications of the simulation results together with possible future
tests in vitro performed through recently developed bioengineering devices
built to experimentally study the spatio-temporal electrophysiological

dynamics of mice islets.
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5.2 Material and Methods

The stochastic model for beta-cell electrical excitability developed by Sherman
et al. (Sherman, 1988; Sherman A, 1991), was adopted to simulate (XPP-Aut
and C++) a virtual portion of a pancreatic islet (cluster) with progressive
apoptotic events (death of beta-cells). The performed system consisted of
identical beta-cells coupled through gap junctions, with morphological and
physiological characteristics following experimental data of murine beta-cells

(Atwater I, 1983; Rorsman, 1986).

The pancreatic autoimmune progressive damage occurring in type 1 diabetes
was modeled at different stages of lymphocytic infiltration in the
experimental model of the non-obese diabetic (NOD) mouse model. One aim
was to investigate the main electrophysiological changes in beta-cell
membrane potential and free intracellular Ca? ions concentration [Ca*].
Furthermore, many experimental studies have shown that both the slow and
fast Ca?" oscillations correspond to synchronized pulsatile insulin secretion of
beta-cells (Bergsten P, 1995; Gilon P, 1993), also proposing that glucose
stimulation of a prompt and sustained insulin release is mediated by increase

of the cytoplasmic Ca? concentration (Wollheim CB, 1978).

Based on such a correspondence, our analysis aimed to investigate this

dynamics (Wollheim CB, 1978).

In type 1 diabetes the death of beta-cells is induced by an autoimmune
response underlying the disease process. In our model, we assumed that beta-
cells apoptosis corresponded to its disappearance from the cluster. This was
achieved by setting to zero both the electrical dynamics of the dead beta-cell
and the gap junctions conductance g, (representing the connection between

beta-cells). This process simulates, in a first approximation, the progressive
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lymphocytic infiltration which, by substituting the dead beta-cells, destroys

their gap junction coupling.

Previous electrophysiological studies have shown that a single ion channel
can have two conductance states only (i.e. open and closed). Fluctuations
between closed and open states appear to occur randomly. Consequently, in
pursuing our goal of understanding bursting in the single beta-cell and the
synchronized activity of the beta-cells in a cluster, we considered such a

stochastic (probabilistic) mechanism (Atwater I, 1983;Rorsman P, 1986).

In this model a stochastic dynamics of calcium-activated potassium (K-Ca)
channels occurs. It is well known that a 50 beta-cells cluster exhibits organized
bursting (Sherman A, 1988; Sherman A, 1991). Therefore, we performed
numerical simulations, starting for simplicity from an intact cubic shaped
cluster of identical 4x4x4 cells, each of them having 600 of these stochastic

channels.

For a system of N interacting beta-cells, the differential equations for the j-th

cell are:
dv,
==L (V,n ) =10, (V) = By, (V; = Vi) — g, > (V, = V)
dr kEQ;
dan,; -2 n.(V,)—n,
dr 7, (V)

dCa.

— L= flalo, (V) —k.Ca,

Ca,
SV S ery

(Eqs. 1-4)
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where
V, is the membrane potential,

n, is the open fraction of voltage gated K" channels,

2
Ca,is the free intracellular Ca™" .

€2, in Eq.(1) indicates the interactions of the j-th cell through gap-junctions

(Von Neumann neighbourhood).

Iyand lca represent the currents through the voltage-gated K™ and Ca**

channels respectively.

xj is a random variable indicating the fraction of open K-Ca stochastic
channels of the j-th cell, whose transition probabilities are described
extensively in ref (Pérez-Armendariz M, 1991; Smolen P, 1993) while its mean

value is given by equation 4.
Explicit expressions and parameters of Eqs (1-4) are reported in Appendix.

The parameter k, plays a central role in the system dynamics. We assumed
specifically the simplest linear monotonic relation which links £, with the

external glucose concentration [Glu] measured in mmol:
k, =710 mmol "'[Glu]- 0.019

This relationship shows that our modelling considers bursting dynamics as
being directly dependent on glucose concentration. Other more accurate
choices could be proposed, but for the aims of our analysis this form allows a
model calibration in accordance with experimental data on clusters

stimulated by different glucose concentrations.
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We then considered the specific values of k, inducing different behaviours in

the bursting dynamics in agreement with experiments on clusters discussed

later in more detail.

In this study, the value of gap junction conductance g, =215pS was chosen

corresponding to the mean value taken from experimental data, as discussed

elsewhere (Pérez-Armendariz M, 1991; Smolen P, 1993).

The increase of the percentage of beta-cell damage in the cluster was

considered at corresponding levels of glycaemia as follows:

- 0% and 31% of dead cells at 7mmol of glucose concentration (k,=0.03),

normal value for a physiological state.

- 69% of dead cells at 11.6 mmol (k,=0.062), typical value for a mild

hyperglycaemic state [Dombrowski F, 2006].

- 84%, 94% and 98% of dead cells at 17 mmol (k,=0.1), typical value of a

severe hyperglycaemic state.

The cell loss is not random. It starts in fact at one corner of the cubic cluster
configuration and spreads symmetrically towards the opposite corner of the

system.

Regarding performed simulations, X-PPAUT software was adopted to

integrate the model equations (Ermentrout B, 2002).
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5.3 Results

In Figure 1, the experimental evidence in mice islet of the autoimmune beta-
cells” destruction leading to type 1 diabetes at different stages of insulitis is
presented. In panel (a) we have shown specifically a grade I insulitis with
large portion of beta-cells surrounded a modest infiltration of lymphocytes. In
panel (b) we presented a grade II infiltratum with a very large portion of the
islet surrounded by the lymphocytes. Only a small region of the insula is still
recognizable by beta-cells. Finally in panel (c) a grade III case is presented;

here the islet has practically almost disappeared.

This pathological scenario has been implemented in the mathematical model
of  Dbeta-cells electro-physiology previously introduced. The numerical
simulations performed for an intact cubic cluster of 4x4x4 cells showed that

for k,>0.02 (corresponding to a threshold of [Glu]= 5.5 mmol) a regular

bursting occurred.

The bursting becomes continuous for a value of k, =0.97 (corresponding to
[Glu]= 16.6 mmol). These values are in agreement with experimental data in

which at [Glu]= 5.5 mmol bursting is not observed, while at 16.6 mmol a

continuous bursting starts (Meissner H P et al, 1974).

The numerical results allowed us to understand the relationship between the
progressive beta-cell disruption in the pancreatic cluster and the system's

electrophysiological response to the damage.
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In figure 2 we showed:

a) the cluster (initially consisting of 64 beta-cells) characterized by a

progressive degree of beta-cells damage (left panel);
b) the respective membrane potential versus time (central panel);

c) the associated intracellular Ca* concentration (right panel), for a

generic beta-cell in the cluster.

Starting from the intact cluster (0% damage), we considered a

normoglycaemic state (k,=0.03 equivalent to a glucose concentration of 7

mmol) [30].

The model exhibited bursts of action potential and Ca? oscillations with a
qualitative trend similar to those experimentally observed [Rorsman P, 1986],
namely, the bursts occurred during the peak of the Ca?" oscillations (figure
2a). This was due to the gap junctions coupling effect underlying the beta-cell
activity that determined electrical bursting and oscillatory metabolic rhythms.
In particular, the intracellular calcium concentration oscillates approximately
around the average value of 0.5xM, with a frequency of 3-4/min. These
values are comparable with experimental results on intact clusters [Jonkers

FC, 1999].

As reported by Atwater et al. [31], in a murine intact islet immersed in
11mmol of glucose, 6/min oscillations can be observed; whereas in the case of
a 70 micron diameter cluster of murine cultured beta-cells exposed to 10

mmol of glucose, 3/min oscillations are detectable (Rorsman P, 1986).

Other simulations performed in this study, aimed at calibrating the model,

showed that in an intact beta-cell cluster a progressive increase of [Glu] led to
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Ca? oscillations, characterized by an increased duration without changes in

amplitude, as reported in ref. (Barbosa RM, 1998).

We then introduced the damage simulation protocol (31% dead cells) (fig. 2b)
for a normoglycaemic state (7 mmol). Even if a portion of the cluster has
disappeared, the system is biologically robust enough to maintain regular Ca*
oscillations (insulin is expected to be released effectively) as reported

elsewhere (Rocheleau JV, 2006; Barbosa RM, 1998).

In particular, the frequency of oscillations slightly increases although the

amplitude of action potential and Ca* remains unaffected.

When the damage progression further increased (69% of damage) (tig 2c), we

imposed a glucose concentration typical of mild hyperglycaemia (k,=0.062

equivalent to 11.6 mmol of glucose) (Dombrowski F, 2006). In this case, Ca*"
oscillations occurred, however they were characterized by an increased
frequency (~ 8/min) and a smaller amplitude (a reduction of 33%), with an
associate effective insulin pulsatility (Bergsten P, 1994). The Ca?* mean value
around 0.52 umol, is in agreement with experimental data in the case of an

intact cluster condition.

The final steps of the simulation protocol assumed an advanced regime of
cellular disruption (84%, 94% and 98% of dead cells) in the beta-cell cluster

(tig. 2d, 2e and 2f). They were characterized by severe hyperglycemia (k.= 0.1

equivalent to 17 mmol of glucose) (Meissner HP, 1974; Visser ], 2009).

Simulations showed that the complex periodic bursting pattern disappeared
and that Ca? oscillations were absent. The mean level of intracellular Ca** was
lower than in the previous cases (0.45 pmol, 0.4 pmol and 0.3 pmol,

respectively). In these conditions insulin pulsatility is not expected to occur.
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Following experimental data, the results obtained in the last three simulations

set a framework characterized by a greatly reduced insulin release.

In Figure 3 we focused instead on the effects of different values of glycaemia
on the electrophysiology of beta-cells for the specific case of a cluster

damaged up to 84 %.

The simulations showed that in case of normoglycaemia (7mmol) (fig 3a), an
extremely damaged pancreatic tissue could leads to Ca* oscillations via
cluster synchronization, although characterized by small amplitude and large
frequency. Moreover, unlike the situation described in fig. 2d, for the same
cluster damage (84%) in hyperglycaemic state, a normoglycaemic state is
robust enough to support quasi-regular bursting phenomenology. On the
other hand, a mild hyperglycaemic state (11.6 mmol of glucose) (fig. 3b) seems
to permit oscillations, while marked hyperglycaemia (17 mmol of glucose)
(tfig. 3c) shows a dramatic drop of Ca* pulsatility and no organized bursting
behavior with consequent compromised beta-cell secretive pattern. This result
theoretically confirms the importance of maintaining normal value of blood
glucose when hyperglicaemia is diagnosed in order to protect residual beta-

cells. Descriptive characteristics of our analysis are reported in Table 1.
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5.4 Conclusion

In this study, we implemented a mathematical model to describe the
relationship between lymphocytic infiltration, beta-cell death and the
insurgence of hyperglycaemia. We aimed to prove the robustness of
pancreatic islets even in conditions of severe damage giving a quantitative

view of the alterations in the electrochemical rhythms.

Due to the key role of the gating probabilistic phenomenon of experimentally
observed ion-channel, the stochastic model of beta-cell electrical excitability
developed by Sherman et al. (Sherman A, 1988, Sherman A, 1991) was here
adopted to simulate the electrochemical behaviour of a virtual cluster of beta-

cells under the typical autoimmune process occurring in type 1 diabetes.

We considered an heterogeneity of beta-cell dysfunction by requiring that a
beta-cell can communicate with the surrounding alive cells but not with the
cluster of dead ones. A simulation of progressive non-symmetric damage,
which mimics an autoimmune progression towards type 1 diabetes, was
performed. We monitored the loss of electrophysiological integrity of the
cluster during reduction of beta-cell number for altered glucose levels. We
found that the cluster is robust enough because its bursting activity was

present even when 69% of contiguous cells were dead.

Furthermore, our simulations have shown that in a cluster with 84% of dead
beta-cells, a normoglycaemic state guarantees Ca?* oscillation patterns and
action potential bursting activity near the physiological condition, due to
cellular network synchronization. For the same degree of damage, but in an
hyperglycaemic state, the Ca* pulsatility was absent and no organized

bursting behavior occurred.
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We should emphasize that insulitis is a complex phenomenon in which the
immune attack plays a key role than the simple destruction of contiguous
beta-cells with consequent interruption of cell communication. Focusing on
the purely electrophysiological problem, we are aware in fact that the entire
ionic dynamics of the pancreatic cells should be altered in the pathological
state leading to strong heterogeneity for each cellular component of the
cluster. Our analysis in this sense is a starting point for future investigations
in which the electrical parameters of each cell could be different. To this aim,
more complicated electrophysiological models should be adopted in order to
include the missing information of the existing models; moreover the
inclusion of insulin secretion feedback on larger sized clusters is mandatory
for more detailed representation of the complex phenomenon here addressed.
Previous studies performed in animal models have shown that gap junction
channels coupling beta-cells are made of the Connexin36 protein and that the
loss of this protein desynchronizes beta-cells, leading to secretory defects in
terms of recruitment of cells into insulin biosynthesis and release (Serre-
Beinier V, 2000). It has been recently demonstrated that Connexin36 is also a
protein of human pancreatic islets, which mediates the coupling of the
insulin—producing beta-cells. Previous studies in rodents have demonstrated
that the loss of the Connexin36 results in an alteration of insulin secretion
resembling the pre-diabetic state (Ravier MA, 2005; Speier S, 2007). Serre-
Beiner et al (Serre-Beinier V, 2000) hypothesized that if the effects observed in
rodents are to be extended to humans, diabetes subjects could express lower
levels of Connexin36 protein and/or decreased beta-cell coupling than

normoglycaemic individuals.

In this study we have implemented a revised version of the Chay-Keizer

model (Sherman A, 1988; Sherman A, 1991) in order to study the behavior of a
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murine pancreatic islet in physiological and pathological conditions and to
investigate further the beta-cells' synchronized pacemaker activity. The
significant information emerging from this modelling study is that good
glucose control allows a better functionality of beta-cell communication and
therefore a more efficient insulin secretion. This remains true even in a cluster
containing residual amount of beta-cells following the autoimmune process
occurring in type 1 diabetes. When blood glucose concentrations tend to rise,
the communication within beta-cells becomes altered and insulin release is
gradually impaired. With persistent increase of glucose levels, a severe
impairment of insulin secretion takes place and diagnosis of type 1 diabetes is
made. The animal models, in which single beta-cell cannot longer establish
intercellular communication via Connexin36 channels, show alterations in
secretion and insulin gene expression that can be corrected after restoration of
beta-cell contacts (Speier S, 2007; Serre-Beinier V, 2009). These findings
applied to humans underline that the implementation of insulin therapy and
a restoration of normoglycaemia as soon as possible after diagnosis is of great
relevance potentially allowing to re-establish an endogenous insulin secretion,
leaving the patient moving into the well-known phase of clinical remission,

taking off exogenous insulin for some time.

Our results suggest that at the diagnosis of type 1 diabetes a very strict
normalization of blood glucose levels should be a key action to be achieved in
order to obtain a better preservation of beta-cells. In this respect, the use of a
continuous insulin infusion pump and a strict glucose monitoring should be
implemented as soon as a patient is diagnosed with type 1 diabetes to control
hyperglycaemia. In the absence of glucotoxicity any adjuvant therapy to cure
this disease including immunomodulation or the regeneration of beta-cells

(Porat S, 2011; Cernea S, 2010) can be more beneficial and, hopefully,

226



Tesi di dottorato internazionale in Endocrinologia e Malattie Metaboliche, di Rosalba Portuesi, discussa presso
I'Universita Campus Bio-Medico di Roma in data 01/02/2013. La disseminazione e la riproduzione di questo
documento sono consentite per scopi di didattica e ricerca, a condizione che ne venga citata la fonte

contribute to prevent the destruction of any residual beta-cell still functioning

(Michon L, 2005).

Moreover the predictions obtained through the proposed mathematical model
can be directly tested through the experimental setup described elsewhere
(Rocheleau JV, 2004). By means of a specifically built biomedical device
controlling an islet microfluidics, the insulin secretion produced by
extracellular glucose stimuli was measured by NAD(P)H autofluorescence.
Future studies are aimed to specifically insert in such a device islets of
animals at different infiltratum, quantified ex vivo or in vivo following the
magnetofluorescent nanoparticles techniques (Denis MC, 2004). Moreover,
similar fluorescence techniques, based on voltage or Calcium sensitive dyes,
could be adopted to monitor the underlying electrophysiology of the islets
(Benninger RKP, 2008).

Eventually, because of the importance of the right timing in shutting down
insulin secretion during type 1 diabetes, beta-cells regeneration could be
implemented into the in silico model in order to further highlight how this is

affected by hyperglicemia and inflammation.
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Table 1. Numerical details of the progressive damage in the modelled pancreatic cluster. The
percentage of cluster damage, glucose concentration associated with an approximate mean value
of [Caz+] during oscillations is here illustrated. Sustained oscillations in [Caz+] and a discrete
number of isolated bursting complexes, even in highly damaged systems, are present with a mean
values of [Ca®"] over 0.5 pmol. When the damage is > 84 % and hyperglycaemia occurred, such
oscillations and bursting patterns disappear and [Ca®] mean values decrease. In this scenario
insulin secretion is severely compromised.

% Cluster damage 0% |31% | 69% |84% |94% | 98%

Glucose 7 7 11.6 |17 17 17

concentration (mmol)

[Ca™] mean value ( pmol) 055 [0.55 | 0.52 [046 |0.39 |0.29
Number of [Ca*] | 4 5 9 - - -
approximated  oscillations

during 80 s

Number of action potential | 5 5 8 - - -
approximated bursting

events during 80 s
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Figure 1. (Color online)

Experimental evidence of autoimmune progression towards type-I Diabetes on mice islets at
different stages of insulitis. In panel (a) we have a grade I insulitis with large portion of beta-cells
(rosed cells on the centre of the picture) attached by a modest infiltration of lymphocytes (whose
nuclei have very compact structure in comparison with the pancreatic tissue). In panel (b) we
have instead a grade II situation with a very large portion of the islet invaded by the
lymphocytes. Only a small region of the insula is still formed by beta-cells with a falcate shape.
Finally in panel (c) we have a grade III case; here the islet has practically almost disappeared,
invaded totally by lymphocytes.
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Figure 2.

Effect of autoimmune progression on action potential (central panel) and intracellular Ca™ (right
panel) assuming a progressive percentage of dead beta-cells (0%, 31%, 69%, 84%, 94% and
98%) in the modelled pancreatic cluster, on the lines of the experimental situation presented in
Figure 1. Signals from the 64™ cell are shown, although the other cells manifest a similar
behavior. Images of simulated progressive damage in a pancreatic cluster are shown on the left
panel. In central and right panels the action potential and its associated intracellular calcium
dynamics are represented, respectively. Action potential is measured in mV versus seconds while
Ca’" concentration is measured in pM versus seconds. At different degree of tissue damage a
gradual increase of glucose concentration is associated: a) and b) represent 0% and 31% of dead
beta-cells, respectively, in normoglycaemia (7 mmol, £,=0.03). This scenario demonstrates an
intrinsic biological robustness of the pancreatic cluster. c) 69% of dead beta-cells, at value of
mild hyperglycaemia (11.6 mmol, 4£.=0.062). The action potential and calcium dynamics related
pictures still show oscillations typical of a severely damaged system. In fig. 1d), 1e) and 1f) an
increasing damage of 84%, 94% and 98% respectively is simulated for a severe hyperglycaemia
(17 mmol of glucose equivalent to k=0.1). In these three simulations the action potential and
intracellular calcium plots show that the periodic bursting complex pattern has disappeared. In
particular Ca’" oscillations are absent so that insulin pulsations are not expected to occur.
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Figure 3. Effect on action potential (left panel) and intracellular Ca2+ (right panel) of an
increasing level of glycaemia in a cluster of 64 pancreatic beta-cells with 84% of dead beta-cells.

Figure 3a shows that if a state of normoglycaemia is guaranteed (7 mmol), it is possible to detect
Ca2+ oscillations due to synchronization of the remaining beta-cell intact, even in a damaged
pancreatic tissue. Figures 3b) and 3c) show the effects on action potential and on intracellular
Ca2+ oscillations of a mild and severe hyperglycaemic states (11.6 mmol and 17 mmol,
respectively): fluctuations occur in a mild hyperglycaemic state (Fig.3 b) but no in severe
hyperglycaemia condition (Fig.3 c). In this last case a dramatic decrease of Ca2+ pulsatility and a
consequently severe impaired function should occur.
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Appendix

In this Appendix we report the expressions used in the stochastic
mathematical model and the parameters’ choice fine-tuned on murine
experiments [Sherman A et al, 1988]. We applied this model to a cubic cluster
of 64 cells. The coupling term in the membrane potential equation (1) couples
the j-th cell with the adjacent one through a Von Neumann neighborhood
type. The dynamics of the deterministic equations are coupled to a stochastic
process governing the K-Ca channels kinetics. Specifically the total
conductance gk-Ca is multiplied by the factor pj which represents the number
of open channel for the j-cell. Here each channel transition is the result of a
Markovian process where the opening mean time is a function of Cai

concentration with a fixed channel closing mean time.

av; _
Cm—, = ~Tion(Vi1;) = Gr—caPy(V; = Vic) — g Eea,(V; — Vi) (1)

1 s[] g
=8 = fl-aleo(V)) — keaCay] 3)
Le(Viony) = gy (V; = Vi) (4)
Iea(V}) = Geameoo (V;)R(V)) (V) = Vea) )
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We have considered N= 600 k-Ca channels per cell and adopted a Monte

Carlo simulation to evolve such a stochastic dynamics.
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Model Parameters

Parameter Model Value Parameter Model Value
f 0.001 Tx—ca 30000 pS
2 1.7 Dra 110 mV
2% —-75mV Ik 2500 pS

Jea 1400 pS Con 5310 fF

Vi —75mV V —15mV

Vin 4mV Sm 14 mV

v, —10 mV Sy 10 mV

Sa 65 mV Sp 20mV

S, 60 mV S, 5.6 mV

K, 100 umol a 1/2V e F)
Veeul 1.150 um3 F 96487 C /mmol
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CHAPTER 6. FINAL REMARKS

In the last 10 years, the idea that an integrated approach is required to
understand what comes into play in the development of a multifactorial
disease has been steadily consolidating. For this reason, Barabasi et al have
introduced a very promising approach that consists of identifying the disease
as a complex network, composed of several interacting factors that
communicate at multiple levels. Most of the realities that surround us
(technological, social and biological systems) are characterized by an
interactive multilevel network organization and they are governed by

quantifiable organizing principles.

The growing interest in interconnectedness has brought into focus an often
ignored issue: “networks pervade all aspects of human health” (Barabasi A-L.
Linked. New York: Plume, 2003), consequently networks may affect all
aspects of medical research and practice, from disease mechanisms to drug

discovery.

The existence of intricate molecular links between sub-cellular components
and disease genes raises the probability that risk factors may not be as
independent of each other as medical practitioners currently consider them to
be. It is well known that genetic interactions and environmental pressure play
a key role in the pathogenesis of multifactorial diseases. In this scenario
Bayesian Network and Mathematical models represent an interactive

multilevel approach for a complex disease such as T1D.

The analyses performed in this research project showed that a feasible and
accurate risk assessment can be performed by applying the BN method. Here
the effects of only three genes were evaluated and compared, but the BN

method is able to analyze a huge amount of variables with different risk
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categories for each variable, at the same time. This feature could be crucial in
the study of multifactorial diseases, in which the triggers involved in the
complex mechanisms underlying disease pathophysiology are multiple. By
introducing “prior” knowledge from literature, we can also analyze small
data sets while maintaining accuracy. Prevalence value was used here as
“prior” and, based on that, the network was able to learn the correct rate of
genotype combinations characterizing both the general population and
patients” group and to elaborate data, giving coherent results as discussed
before. The present work represents, to the best of our knowledge, the first
study based on both case-control and familiar data sets, showing the joint
effect of HLA, INS and PTPN22 in T1D in a Caucasian population with a
heterogeneous age of T1D onset, generalizing previous findings regarding
data sets consisting of patients and controls < 15 years as demonstrated by

Bjernvold M. et al.

Our results showed that BN represents an alternative way to assess the joint
risk of developing T1D, by considering different disease markers at the same
time. This method allows us to estimate the risk for each individual carrying a
specific gene combination, even if a small data set is available. By collecting
data regarding more genes and environmental risk factors, the BN approach
gives us the opportunity to elaborate data sets with many variables, to create
a population-based risk network and also to establish the relationship
between risk markers, with the aim of assessing the global risk for such
diseases and to define a personalized risk. On this basis, new predictive trials
on the general population could be assessed. Although no preventive
intervention is available for T1D today, prediction of disease is an important
part of prevention strategies, both for recruitment of participants for research

studies and for identification of target populations for future preventive
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interventions. Understanding the joint effect of the established T1D

susceptibility genes and environmental factors will enhance this possibility.

Moreover, new challenges and research opportunities have to do with
predictions of physical reality by computer models. Today the phenomena
and processes we ask computer models to predict are of enormous
importance to critical decisions that affect our welfare concerning, for

example, the biology of diseases and the outcome of medical procedures.

The second part of the experimental work was carried out in the context of a
Systems Biology approach, by considering the disease as a complex system,
composed of interacting elements at multiple levels with quantifiable

organizing principles.

The interdisciplinary efforts developed in this work, aimed at elucidating
structures and functions beta-cells in Islets of Langherans. The main
challenges in this computational modeling and analysis were to understand,
analyze and predict the complex mechanisms of T1D disease progression. In
fact, investigations in computational biology and physiology have addressed
important issues across many applications from biological signalling
pathways, cellular biology and communication, organ function and
performance, all the way up to lifestyle and environmental influences and

behavioral responses.

In the second part of this research project we have implemented a revised
version of the Chay-Keizer model in order to study the behavior of a murine
pancreatic islet in physiological and pathological conditions and to investigate
further the beta-cells' synchronized pacemaker activity. The significant
information emerging from this modelling study is that good glucose control

allows a better functionality of beta-cell communication and therefore a more
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efficient insulin secretion. This remains true even in a cluster containing
residual amount of beta-cells following the autoimmune process occurring in
T1D. When blood glucose concentrations tend to rise, the communication
within beta-cells becomes altered and insulin release is gradually impaired.
With persistent increase of glucose levels, a severe impairment of insulin
secretion takes place and diagnosis of T1D is made. These findings underline
that  the implementation of insulin therapy and a restoration of
normoglycaemia as soon as possible after diagnosis is of great relevance. It
potentially allows the re-establishment of an endogenous insulin secretion,
leaving the patient moving into the well-known phase of clinical remission,

taking off exogenous insulin for some time.

Our results suggest that at the diagnosis of T1D a very strict normalization of
blood glucose levels should be a key action to be achieved in order to obtain a
better preservation of beta-cells. In this respect, the use of a continuous
insulin infusion pump and a strict glucose monitoring should be
implemented as soon as a patient is diagnosed with T1D to control
hyperglycaemia even of modest in nature. In the absence of glucotoxicity any
adjuvant therapy to cure this disease including immunomodulation or the
regeneration of beta-cells can be more beneficial and, hopefully, contribute to

prevent the destruction of any residual beta-cell that is still functioning.

Moreover the predictions obtained through the proposed mathematical model
can be directly easily tested through the experimental setup described
elsewhere. By means of a specifically built biomedical device controlling an
islet microfluidics, the insulin secretion produced by extracellular glucose
stimuli was measured by NAD(P)H autofluorescence. Future degree studies
are aimed at specifically inserting in such a device, islets of animals at

different infiltratum, quantified ex vivo or in vivo following the magneto-
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fluorescent nanoparticles techniques. Moreover, similar fluorescence
techniques, based on voltage or Calcium sensitive dyes, could be adopted to

monitor the underlying electrophysiology of the islets.

Finally, because of the importance of the right timing in shutting down
insulin secretion during T1D, beta-cell regeneration could be implemented
into the in silico model in order to further highlight how this is affected by

hyperglycaemia and inflammation.

Over the last few years, this kind of research work could be extended to
explore translational biomedical research, to better understanding the
mechanisms of disease and its treatment, thus helping to establish diagnostic
biomarkers, physiology-based patient selection criteria, and strategies for
choosing, personalizing and optimizing therapeutic options. Computational
modeling promises to become a fundamental contributor to future biomedical

sciences and technologies, as well as personalized predictive healthcare.
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CHAPTER 7. METHODOLOGICAL APPENDIX

7.1 Predictive methods for multifactorial diseases: the different statistical

approaches

Statistical approaches, which use models or computer algorithms to generate
predictive probabilities of clinical events, can be used prospectively as clinical
decision aids or retrospectively to assist in the evaluation of health care
systems. Some models are prognostic, making predictions concerning future
outcomes in patients. Other models are diagnostic. Generalization is of crucial
importance for predictive models designed on a sample data set of correctly
classified cases (training data) (Bishop CM, 1995; Vapnik VN, 1999). It is
defined as the capacity of the model to maintain the same predictive
performance on data not used for training, but belonging to the same
population. It is therefore estimated by testing model performance on a
different data set of correctly classified cases (testing data). The model
generalizes well when predictive errors in testing and training data sets do
not differ significantly. Models have to be designed with efficient control of
the training process to improve generalization power. Theoretically, the
optimal model is the simplest possible model designed on training data which
shows the highest possible performance on any other equally representative
set of testing data. Excessively complex models tend to overfit, which means
they show an error on the training data significantly lower than on the testing
data. Overfit is a sort of data storage precluding the learning of prediction

rules. It must be avoided since it causes loss of generalization.

Moreover, the utility of predictive models depends on their generalizability,

in terms of reproducibility (internal validity) and transportability (external

247



Tesi di dottorato internazionale in Endocrinologia e Malattie Metaboliche, di Rosalba Portuesi, discussa presso
I'Universita Campus Bio-Medico di Roma in data 01/02/2013. La disseminazione e la riproduzione di questo
documento sono consentite per scopi di didattica e ricerca, a condizione che ne venga citata la fonte

validity). A model is reproducible if it maintains its accuracy when applied to
patients from the same underlying population as those in the sample used for
the model development. It has an external validity if it maintains its accuracy
when applied to patients from populations intrinsically different from the
development sample, with respect to location, time period or methods used
for data collection. Thus, generalization is defined as the capacity of the

model to maintain the same predictive performance on data not used for

build the model.

Various pattern recognition approaches can be used to implement models to
separate and classify patients into different prognostic classes. Many
applications, however, require more than simple classification. In particular,
probability estimates are central in medical decision-making, allowing

decision makers to incorporate costs/benefits for evaluating alternatives.

7.2 Updating

The capacity of a predictive model to learn from new correctly-classified
cases, day by day, is an important index of quality, especially in clinical
practice where data is usually scarce and training on new data becomes of
crucial importance. For any model, the whole model design should

theoretically be repeated when adding a new case to a training set.

7.3 Tolerance to missing data and supplementary clinical information

In clinical practice, data can be missing for many reasons. In certain types of
models, missing data can be replaced by suitable procedures, with negligible

or tolerable loss of predictive performance.
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Additional information of clinical interest can also be obtained. For example,
some models allow newly classified clinical cases to be simply associated with
previous similar cases, providing a useful tool for interpretative and
comparative diagnosis. Other models are particularly convenient for
simulation purposes, such as for evaluating changes in prognostic probability
due, for example, to contemplated therapy which may modify the values of

certain predictive variables.

7.4 Models Description

Different popular approaches can be used to build predictive models for
multifactorial diseases. Bayes rule, K-nearest neighbor methods, Tree models,
Logistic regression, score systems and Artificial neural networks. Although
these models are not the only ones which can be used to estimate the
probability of a multifactorial disease onset, they are certainly the most
popular in medicine. Currently, logistic regression and artificial neural
networks are the most widely used models in biomedicine, as measured by
the number of publications indexed in Medline: 28500 for logistic regression,
8500 for neural networks, 1300 for k-nearest neighbors, 1100 for decision tree,
2608 for Bayesian Networks and 100 for support vector machines (Dreiseitl S,

2002).

7.4.1 Decision Trees

The decision tree is one of the most popular classification algorithms in
current use in Data Mining and Machine Learning. Decision tree is a tool that

is used in a variety of different settings to organize and break down clusters
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of data. Using a decision tree helps you to move from a hypothesis to a
reasonable conclusion. This algorithm repeatedly splits the data set according
to a criterion that maximizes the separation of the data, resulting in a tree-like

structure.

Generally, decision trees are suitable if the following requirements are

satisfied:

The alternative pathways represented by the different decision trees are
independent (in the sense that they do not rely on some common test or

action that has not been modeled).

There are no more than a small number of variables, since even if each
variable had only two outcomes there are 2n different paths for n variables.

As a rule of thumb 6 is a reasonable limit.

Each variable has only a small number of outcomes (as a rule of thumb, less
than 5). But if the outcome is on a continuous scale, say 0-1000 in millimeters,

then it would not be possible to use a decision tree.

There are no additional causes, effects and dependencies between the

variables.

If these requirements are not satisfied the use of decision trees can become

impractical or impossible.

Compared with the other machine learning methods, decision trees have the
advantage that they are not black-box models, but can easily expressed as
rules. Black box is defined as a system which can be viewed solely in terms of
its input, output and transfer characteristics without any knowledge of its

internal workings, that is, its implementation is "black". The opposite of a
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black box is a system where the inner components or logic are available for
inspection, which is sometimes known as a white box, a glass box, or a clear

box.

7.4.2 The k-nearest neighbour model

The k-nearest neighbour (kNN) allocation rule is a method for classifying
patients based on non-parametric estimation of class-conditional probability
density functions (Fukunaga K, 1990). Briefly, the training phase of the
algorithm consists of storing the predictor vectors and class labels of the
training samples and mapping the class labels of training cases into
multidimensional predictor space. In the classification phase, the same
predictors as before are acquired for the test case (the class of which is
unknown). Distances from the new vector to all stored vectors are computed
and k closest cases are selected. The new case is predicted to belong to the
most numerous class in the neighbourhood of k closest cases. Euclidean
distance is usually used. Thus multidimensional predictor space can be
simply partitioned into regions by assigning each point in the space to the
class which is the most popular among the k nearest training cases.
Neighbourhood size is essential in building the kNN classifier because it can
strongly influence the quality of predictions; larger values of k can reduce the
effect of noise on the classification but make boundaries between classes less

distinct.

The performance of k-nearest neighbors is generally worse on high-
dimensional data because, when the relative importance of dimensions is not
weighted, the data from spurious and irrelevant dimensions may negatively

influence the distance calculation (Mitchell T, 1997).
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A key advantage of this non-parametric approach is that it does not make any
statistical assumption about the data, thus enabling an arbitrary decision
boundary. kNN models are also very easy to update with new data: each new
correctly classified patient can be added to the training database and used to
classify subsequent cases. Another strength of kNN algorithms over other
approaches is that any new test case can be analyzed and interpreted by
comparing it with its k neighbours. This provides useful insights for clinical
interpretation of the classification results, helping in comparative diagnosis.
Finally, kNN is also sensitive to the presence of variables that are irrelevant
for classification purposes. All non-parametric techniques have a tendency to

overfit the model when the number of variables used is too large.

7.4.3 Logistic Regression

Logistic regression is used extensively in numerous disciplines, including the
medical and social science fields. Logistic regression is a statistical method
based on an algorithm used to assess the effect of certain explanatory
variables on a dependent variable. The user, based on own experience with
the data and data analysis, must choose the right inputs and specify their
functional relationship to the dependent variables. Logistic regression can be
binomial or multinomial. Binomial or binary logistic regression refers to the
instance in which the observed outcome can have only two possible types.
Multinomial logistic regression refers to cases where the outcome can have

three or more possible types (e.g., "better' vs. "no change" vs. "worse").

Logistic regression is used to predict the odds of being a case based on the
predictor(s). Like other forms of regression analysis, logistic regression makes

use of one or more predictor variables that may be either continuous or
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categorical data. Unlike ordinary linear regression, however, logistic
regression is used for predicting binary outcomes rather than continuous
outcomes. All the effects modeled are additive; logistic regression does not
account for interaction effects except when interaction terms are created as

additional variables in the analysis.

A main weakness of logistic regression is that outliers affect the results
significantly. The researcher should analyse standardized residuals for outliers
and consider removing them or modeling them separately. A final remark is
that the logistic regression is not simple to update with new training data

although periodic full retraining may not cause excessive problems.

7.4.4 Artificial Neural Networks

The starting point of artificial neural networks is quite different from that of
statistical models. Neural networks are generic learning systems. An Artificial
Neural Network, often just called a neural network, is a mathematical model
inspired by biological neural networks. A neural network consists of an
interconnected group of artificial neurons, and it processes information using
a “connectionist” approach to computation. In most cases a neural network is
an adaptive system that changes its structure during a learning phase. Neural
networks are used to model complex relationships between inputs and
outputs or to find patterns in data. Artificial neural networks have recently
had many successful applications in medicine (den Boer S et al, 2005; Dreiseitl
S et al, 2002; Jaimes F et al, 2005; Shahian DM et al, 2004). Key advantages
with respect to common statistical models are: no statistical assumption about
data distribution is required; no mathematical model has to be defined; not

too much complex network architecture has to be designed to suitably
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approximate any unknown nonlinear relationships between predictor input
variables and output probabilities; the distributed structure of the network
may account for correlations among input variables; ANNs can be trained
with examples like human brains to use acquired knowledge in decision
making; the training process can be controlled to avoid overfitting and loss of

generalization capacity.

Considerable difficulties may arise when designing and using ANNs. The
training process is difficult and not univocal: the problem of initialization is
all but trivial; as in all nonlinear procedures, many different solutions, which
are difficult to compare and interpret, may be obtained; the complexity of
ANN architecture is only roughly definable in terms of number of neurons,

layers and connections.

The high flexibility and sophisticated training procedures of ANN models
allow very good customization to data of local institutions, but continuous
updating is practically impossible. Periodic retraining is inadvisable, because
of the complexity of the training process. ANNs should therefore be trained
once and for all, using a sufficiently large number of cases representative of

the study population.

7.4.5 Bayesian Networks

A Bayesian network is a graphical model that encodes probabilistic
relationships among variables of interest. Over the last decade, the Bayesian
network has become a popular representation for encoding uncertain expert
knowledge in expert systems. More recently, researchers have developed

methods for learning Bayesian networks from data. The techniques that have
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been developed are new and still evolving, but they have been shown to be

remarkably effective for some data-analysis problems.

In a predictive problem with a categorical outcome variable, Bayesian
Networks identify predictors qualitatively through a graphical diagram with
nodes (representing variables) and edge (arrows representing relationships
between variables of interest), and quantitatively, the degree of dependency is
expressed with probabilistic terms. Bayesian Networks produce predictive
values through a complex application of the well-developed Bayesian

probability theory (Bayes’ rule) between predictors and outcome variables.
So what do Bayesian networks and Bayesian methods have to offer?
There are at least four answers.

Bayesian networks can readily handle incomplete data sets. For example,
consider a classification or regression problem where two of the explanatory
or input variables are strongly anti-correlated. This correlation is not a
problem for standard supervised learning techniques, provided all inputs are
measured in every case. When one of the inputs is not observed, however,
most models will produce an inaccurate prediction, because they do not
encode the correlation between the input variables. Bayesian networks offer a

natural way to encode such dependencies.

Bayesian networks allow one to learn about causal relationships. Learning
about causal relationships are important for at least two reasons. The process
is useful when we are trying to gain understanding about a problem domain,
for example, during exploratory data analysis. In addition, knowledge of
causal relationships allows us to make predictions in the presence of

interventions. For example, a marketing analyst may want to know whether
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or not it is worthwhile to increase exposure of a particular advertisement in
order to increase the sales of a product. To answer this question, the analyst
can determine whether or not the advertisement is a cause for increased sales,
and to what degree. The use of Bayesian networks helps to answer such
questions even when no experiment about the effects of increased exposure is

available.

Bayesian networks in conjunction with Bayesian statistical techniques
facilitate the combination of domain knowledge and data. Anyone who has
performed a real-world analysis knows the importance of prior or domain
knowledge, especially when data is scarce or expensive. The fact that some
commercial systems (i.e., expert systems) can be built from prior knowledge
alone is a testament to the power of prior knowledge. Bayesian networks have
a causal semantics that makes the encoding of causal prior knowledge
particularly straightforward. In addition, Bayesian networks encode the
strength of causal relationships with probabilities. Consequently, prior
knowledge and data can be combined with well-studied techniques from

Bayesian statistics.

Bayesian methods in conjunction with Bayesian networks and other types of
models represent an efficient and principled approach for avoiding the over
fitting of data. As we shall see, there is no need to hold out some of the
available data for testing. Using the Bayesian approach, models can be

“smoothed" in such a way that all available data can be used for training.

Bayesian models seem a good compromise between complexity and

predictive performance.
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7.5 Logistic Regression Versus Bayesian Networks

An increasingly large number of data items are collected routinely, and often
automatically, in many areas of medicine. It is a challenge for the field of
machine learning and statistics to extract useful information and knowledge
from this wealth of data. In any application, the choice of an optimal model is
rarely univocal and cannot be made a priori. For clinical decisions, users
should prefer simple intuitive models to complex ones, but this preference
should be evaluated in the light of model fit to the experimental data. So far,
there is no single algorithm that performs better than all other algorithms on

any given data set and application area.

For logistic regression (LR), the popularity may be attributed to the
interpretability of model parameters and ease of use. LR has less restricted
statistical assumptions than those of other conventional statistical methods
with normal distributions, linear relationships, or equal variances with each
group of predictors (Tabachnick & Fidell, 2001.). However, two assumptions,
linearity in the logit and additivity, need to be made (Harrell Lee et al, 1985;
Menard S, 1995), which may limit the use of LR in large data sets (Table 1).
Although nonlinear relationships can be modeled using LR, complex
transformations of independent variables are needed in order to meet the
assumption of linearity in the logit. This process is difficult and requires that
investigators explicitly search for these relationships, thus requiring that they
are either known or suspected a priori. In addition, LR does not operate well
in environments where input variables can number in the hundreds, and the
relationships concealed within are complex, which are major sources of
violation of the additivity assumption. As the number of predictor variables
in any LR model increases, the number of possible interactions increases

exponentially, resulting in the complex process of specification of interaction
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and confounding variables. LR imposes several theoretical and practical
limitations when using variable selection processes in situations where a large
number of variables are available, as is often the case with very large
databases. Traditional LR techniques are somewhat rigid and are unable to
assist investigators in uncovering unknown or unexpected relationships in
large sets. Often, the valuable “nuggets” of information that exist in large sets
of data are nonlinear and unknown. In contrast, Bayesian Networks (BNs) can
allow patterns and trends in data to emerge without hypothesizing a priori or
constraining input variables, which enables BN techniques to transform
overwhelming volumes of data through the discovery of the creation of
predictive (or classification) models (Heckerman, 1997.). Although using BNs
may incur limitations such as complex computations that may be expensive
(Heckerman, 1994), they offer the distinct advantages of operating where LR
modeling techniques cannot. Bayesian networks may (a) be used without
conventional statistical assumptions such as linearity or additivity; (b) handle
a larger number of predictors when the identification of interactions among
predictors is less complex; (c) detect important variables and relationships
that could be missed by investigators; and (d) produce accurate predictions
even in situations where complete data are not available. Finally, BNs are
easily understood, because they represent knowledge through a graphical
diagram via nodes and arrows, making BNs prominent even among data
mining techniques. Although it is expected that a researcher analyzing large
amounts of data has a general idea of what patterns may emerge, the
complexity of high-volume data makes it impossible to have a truly
comprehensive knowledge of all patterns that may be present. Overall, LR is
recommended for well-designed research projects, where investigators can
expect the potential predictors and possible interactions, based on literature

and experience.
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Table 1. The comparison between Logistic Regression and Bayesian Networks

Logistic Regression

Bayesian Network

Approach
Types of studies

Terms used

Assumptions

Efficiency

Variable selection

Error
Missing

Interpretation

Verification-based (Hypothesized)

Experimental/observational with less number
of variables

Theory testing

Variable

Independent (predictor) variable

Dependent (response) variable

Linearity in the logit and additivity

Requires an investigator to specify interactions
and confounding variables

Need to specify the variables that create the
risk of infroducing biases in the selection of
relevant variables

Can be influenced by investigators errors
because of lack of domain knowledge

Not able fo predict with incomplete data

Coefficient
Qdds ratio

Nonverification-based

Observational study with a larger number of
variables

Node
Random node or information node
Target node

No specific assumption in using BN with
databases

Has the ability to assist fo find interactions
and confounding variables among
variables through the graphical method

lteratively learned rules can assist to select
important variables

Can be reduced by assistance using
databases and learning algorithms

Relatively accurate prediction with
incomplete data

Relationships via a diagram

Probabilities

Information gain (mutual information)

Posterior probabilities

7.6 Used Software Packages

The open source software, R (www.r-project.org) and Weka (formally called

Waikato

Environment

for Knowledge

Learning,

www.cs.waikato.ac.nz/~ml/WEKA) were adopted to establish the models. R

and Weka support many different standard data mining tasks such as data

preprocessing, classification, clustering, regression, visualization and feature

selection. These programs are open source software issued under the GNU

general Public License.
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Bayesian network to investigate the dependency and interaction between
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Background and atms: Type 1 diabetes (T1D) is a multifactorial and poly-
genic disease with four major susceptibility genes (HELA (DR/DQ), CTLA4,
INS, PTPN22) that by interacting with each other and with environmental
factors, determine disease onset. These genes are known to be involved in
immune regulation whereas INS modulates insulin expression in human thy-
mus. The incidence rate of T1D is increasing uniformly in Ttaly with an an-
rual average increase of 3.6%. The genetic profile of individuals who develop
diabetes appear to change in countries with a high T1D incidence shifting
from predominantly high-risk HILA genotypes towards higher percentage of
median and low-risk HLA genotypes. The aim of this study was to investigate
L inT2D.
Materials and methods: Genetic data (HLA, PTPN22, INS, CTLA4) were
analysed from a group of 391 T1D patients and 100 controls (M/F 1,06, age
1-41} diagnosed by participating cenires of the IMDIAB group in continen-
tal Italy, Diagnosis of T1D was based on the ADA classification criteria. The
contrel group was recruited from the Blood Transfusion Service in Rome.
‘We divided HLA alleles in high, moderate and low risk for T1D, CTLA4 and
PTPNZ2 alleles in susceptibility/non susceptibility alleles, and INS gene al-
leles in susceptibility/protection. We estimated a Bayesian network to study
dependencies and interactions between the different alieles in relationship to
group status. Bayesian networks, also called belief networks, are probabilistic
graphical models that represent a set of variables and their probabilistic de-
pendencies, In the present study the model was trained on genetic variables
and group status (T1D / control), A hill climbing algorithm was used for fit-
ting the fodel. s
Results: The frequency of the FILA genotypes with high, moderate and low
risk was 18.9%, 55.2% and 25.8% in T1D patients (29, 5%, 93% in controls).
The model shows that group status is directly influenced by HLA (p = 1.4*10%)
and INS (p=3.010""), and that there is a dependericy of INS on HLA {p =
3.0710"%). For high, mederate and low risk HLA corresponding conditional
frequencies of 0.74, 0.76 and 0.55 for INS susceptibility alleles were found,
Separating the data group wise, leads to correspending conditional probabili-
ties of 1, 0.4, 0.34 for the control group and ¢.73, 0.76, 0.75 for the patient
group for high, moderate and low risk respectively. No significant connection
between HLA and PTPN22 (p = 0.07) and CTLA4 and INS {p = 0.1) could
be found.
Conclusion: This study confirms that HLA (DR/DQ) and INS susceptibility
alleles are the major determinants of the disease. By analysing all 491 subjects
a higher probability for INS susceptibility alleles was found in the presence of
high and moderate risk HLA alleles. However, if we consider INS susceptibil-
ity alleles only in the T1D group, these are less frequent in high risk HLA al-
leles. Purther substantiation is needed for the identification of the statisticaily
significant conditional dependency of INS on HLA,
RP supported by the Italian Minisiry for Education, University and Research
{MIUR)

262



Tesi di dottorato internazionale in Endocrinologia e Malattie Metaboliche, di Rosalba P.ortuesi,-discu.ssa presso
I'Universita Campus Bio-Medico di Roma in data 01/02/2013. La disseminazione € la rlprodu2|one di questo
documento sono consentite per scopi di didattica e ricerca, a condizione che ne venga citata la fonte

2) R. Portuesi, L. Lausser, M. L. Spoletini, S. Zampetti, B. Boehm, H. Kestler,
P. Pozzilli IMDIAB Group, R. Buzzetti. Applicazione del metodo
probabilistico di Bayes per I'analisi dell’interazione tra geni di suscettibilita al

diabete di tipo 1. Congresso nazionale SID, Padova 2010.

3) R. Portuesi, C. Cherubini, A. Gizzi, G. Valorani, R. Buzzetti, P. Pozzilli, S.
Filippi. A mathematical model to study the autoimmune progression towards

type 1 diabetes. American Diabetes Association (2011).

IMMUNOLOGY
2533-P0

A Mathematical Model To Study the Autoimmune Pregression towards
Type 1 Diahetes
ROSALBA PORTUESI, CHRISTIAN CHERUBINI, ALESSIO GIZZ], GIUDITTA VALOR-
AN!, RAFFAELLA BUZZETTI, SIMGNETTA FILIPPL, PAOLO POZZILLI, Aome, ltaly,
iondon, Unitad Kingdom .
- lslets of Langerhans are small endocrine organs characterized by an
complex anatomy ingluding a cere of nsulin producing beta-célls, tightly
interconnected by gap junctions and a mantle of other endocrina cells. The
| integrity of the interactions and the 3D architacture among beta-cels fs
* critical for proper biosynthesis, starage and the release of Insulin, The aim of
this study was ta evaluate the sffect on beta-cslls signalling of progressive
lymphocytic Islet cell infiltration (insulitis), by modelling the disruption of
pancreatic islet anatomy as a consequence of insulitis in terms of apoptotic
. gvents of heta-ells and altered glucose concentration. We numerically
simulated a 3D small cluster of mouse beta-ceils via an extended stochastic
Sherman-Rinzel-Kelzer elactrophysiological model, Prograssive damage
was maodelfed (0%, 31%, 69%, 84%, 94% and 98% of dead beta-cells) at |
different glucose concentrations, representing the different glycaemic |
states In the autolmmune progression towards type 1 diabstas (T1D). At 31%
{normaglycasmia) and 63% (hyperglycaamiz) of dead bata-cells, the system [
appeared to be hiclogically rohust to maintain regular [Ca + ascillations
guaranteeing an effactive insulin release. Simulztions at 84%, 94% and
88% of death beta-cells (severe hypergiycemia) showed that the complex
periodic bursting pattern disappeared and [Ca +] ascillations were absent.
In such conditions insulin pulsatility is not expected to accur. Qur results
suggest that the islet tissue of beta-cells is biophysically robust encugh to
compensate high rates of ceilular loss, & fact which is in agreement with in
vitro animal experiments, The model indicates the necessity of maintaining
glycaemia within physiological levels as soon as possible after diabetes
onset in order to avoid a dramatic 'dmp_cf [Ca #] puisatility and consequent
fisulin relzase. In the absance of glucotoxicity, any adjuvant therapy to cure
this disease including immunomodulation or the regeneration of beta-calls
can be mere heneficial and hopafully contribute to impeding the destruction
of any residual heta-call still functioning.
Supportad by: University Campus Blo-Medico, ICBANet & Gentio intemazionale
Stud/ Diabete
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HLA and insulin genes: Bayesian networks confirm interaction between

the two most important susceptibility genes in type 1 diabetesina

French caucasian population

R. Portuesil, B.O. Bohm? C. Tulier®, P. Pozzilli'

Wniversity Campus Bio-Medico, Rome, Italy, *University Hospital Ulm,

Internal Medicine I, Ulm, Germany, *Centre National de Genotypage, Evry,
" Prance.

Background and aims: Type 1 diabetes (T1D) is an autoimmune fhronic
disease resulting from the interaction between more or less favouring en-
vironmental factors with multiple susceptibility genes. HLA, Insulin (INS),
CTLA4 and PTPN22 are considered the main T1D susceptibility genes. As
many epidemiological studies have demonstrated, T1D incidence is ncreas-
ing worldwide by 3.9% per year, particularly in Caucasian population of

I. / @ Springer

Northern Europe, Unlike in single gene disorders, in multifactorial diseases, r
such as T1D, identifying the combination of causative genes is still difficult,
Genetic profiles of individuals who are affected by T1D appear to change
among different countries shifting from mainty high-risk genotypes towards
higher percentages of median and low-risk genotypes. In a previous study
we demonstrated the interaction between HLA and INS genes in an Italian
population from Lazio region using the Bayesian Network approach. To con-
firm our previous findings, the aim of the present study was to investigate and
verify in T1D the dependency and interaction between HLA and INS genes
by investigating another Caucasian population.

Materials and methods: We have analyzed a database of genetic data from
a French Caucasian population, the case-conirol cohort consisted of 868
French T1D patients (M/F 1.13, 19.63 %14.40 yrs mean age of T1D onset)
and 93 French contro! subjects (M/F 0.7). Diagnosis of T1D was based on
the ADA classification criteria. We divided HLA alleles in high, moderate
and low risk for T1D, PTPN22 alleles in susceptibility/non susceptibility al-
leles and INS gene alleles in susceptibility/protection. We created a Bayesian
Network model trained on genetic variables and group status {T1D/control).
Bayesian networks, also called belief networks, are probabilistic graphical
models that represent a set of variables and their probabilistic dependencies.
To gain insights into the dependency/interaction between susceptibility genes
involved in T1D, we have assessed more than one gene at the time (namely
HLA, INS and PTPN22 genes).

Results: We implemented a Bayesian Networks model learning the structure
of the specified database, with a fixed level of significance equal to 0.05 to find
out the interaction. The model showed that group status was directly influ-
enced by HLA (p = 1.0¥10/(-26)) and that there was a dependency of INS on
HLA (p = 4*10/(-4)). In addition to our previous data, having separated the
data group wise, the analysis of T1D patients group also highlighted the gene
interaction between HLA and INS (p = 3.7*10/(-4)). No significant relation
between HLA and PTPN22 (p = NS) and PTPN22 and “status group” (p =
NS) was found.

Conclusion: The presence of interactions between susceptibility genes can  §
explain why the study of a single susceptibility gene in a polygenic disease | 264
such as T1D offers limited information. Bayesian network type of analysis |

represents a step forward in understanding gene interactions and may offer
novel clues for T1D pathogenesis. Further studies are needed to clarify the
true nature of the biological interaction between HLA and INS gene alleles.
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Abstract

Background The integrity of the interactions and the 3D architecture among
beta cell populations in pancreatic islets is critical for proper biosynthesis,
storage and release of insulin. The aim of this study was to evaluate the effect
on beta cells electrophysiological signalling of progressive lymphocytic islet
cell infiltration (insulitis), by modelling the disruption of pancreatic islet’s
anatomy as consequence of insulitis and altered glucose concentration.

Methods On the basis of histopathological images of murine islets from non-
obese diabetic mice, we simulated the electrophysiological dynamics of a 3D
cluster of mouse beta cells via a stochastic model. Progressive damage was
modelled at different glucose concentrations, representing the different
glycaemic states in the autoimmune progression towards type 1 diabetes.

Results At 31% of dead beta cells (normoglycaemia) and 69% (hyperglycae-
mia), the system appeared to be biologically robust to maintain regular Ca**
ion oscillations guaranteeing an effective insulin release. Simulations at 84%,
94% and 98% grades (severe hyperglycemia) showed that intracellular calcium
oscillations were absent. In such conditions, insulin pulsatility is not expected to
occur.

Conclusions Our results suggest that the islet tissue is biophysically robust
enough to compensate high rates of beta cell loss. These predictions can be
experimentally tested in vitro quantifying space and time electrophysiological
dynamics of animal islets kept at different glucose gradients. The model
indicates the necessity of maintaining glycaemia within physiological levels
as soon as possible after diabetes onset to avoid a dramatic interruption of
Ca?* pulsatility and consequent drop of insulin release. Copyright © 2012
John Wiley & Sons, Ltd.

Keywords type 1 diabetes; autoimmunity; islet cells; beta cells; hyperglycaemia;
mathematical modelling; calcium oscillations; insulitis

Introduction

Islets of Langerhans are small highly vascularised endocrine structures playing
a key role in glucose homeostasis, having their own complex anatomy including
a core consisting mainly of insulin-producing beta cells, which are tightly
interconnected by gap junctions and surrounded by a mantle of other endocrine
cells secreting different hormones, such as glucagon, somatostatin and
pancreatic polypeptide [1-3].

Large (>5- 10° pum®) and intermediate (1 -10° to 5-10° pm?) islets can be
located centrally, near the large blood vessels and pancreatic duct, whereas small
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(<1-10° pm?®) islets can be observed in the periphery of
pancreatic endocrine tissue [4].

Beta cells act as glucose sensors regulating the release
of insulin according to blood glucose levels. Increased
levels of extracellular glucose cause a cascade of events
inside the beta cells that, by membrane depolarization
and consequent influx of Ca®>" ions through voltage-
dependent membrane channels, lead to pulsatile insulin
release [5,6]. Moreover, glucose-stimulated islets exhibit
a pattern of bursting electrical activity coupled with Ca**
oscillations. This complex behaviour is synchronized
throughout the islet so that the latter works as a functional
syncytium [7]. Studies on pancreatic islets revealed that
communication between beta cells via gap junctions is
crucial for proper biosynthesis, storage and release of
insulin, whereas uncoupling leads to altered beta cell
function [8-10]. Moreover, normal blood glucose levels
are maintained if the beta cell critical number is guaranteed
[11,12].

Type 1 diabetes is an autoimmune disease characterized
by the progressive destruction of damaging of beta cells in
the islets of Langerhans, associated with insulin deficiency
and hyperglycaemia.

Experimental models of diabetic mice suggested that
lymphocytic infiltration of the islets (insulitis) begins at
3-5 weeks of age and becomes evident at around 8 weeks.
This scenario leads to an active destruction of beta cells
and consequently to a progressive decrease in beta cell
population [4,11]. Alanentalo et al. [4] demonstrated
that in the pancreas of non-obese diabetic mice between
8-12 weeks of age, a severe damage occurred, namely the
disruption of 20% of islets, whereas between 8-16 weeks
of age, 50% of islets was destroyed. The smallest islets
are the first to be destroyed during insulitis, whereas a
reduction of large-sized and intermediate-sized islets
appears after 12 weeks of age. These authors also showed
that when approximately 85% of beta cell volume is
destroyed, mice developed overt diabetes. During beta cell
disruption, the development of hyperglycaemia is associated
with impaired insulin levels [8].

By losing connections between beta cells, insulin pro-
duction is dramatically decreased. Experimental evidence
suggests that the integrity of intercellular communication
via gap junctions and 3D architecture of beta cells inside
the islets are critical aspects for insulin production [5].
Electrophysiological studies have shown that the number
of beta cells influences the synchrony and amplitude of
Ca2* oscillations in clusters [5,7].

The autoimmune process associated with beta cell loss in
type 1 diabetes can be considered a typical scenario where
the complex oscillatory phenomenon usually observed in
single beta cell and in the whole intact islet appears
compromised.

The role of gap junctions in the connection among beta
cells and the effect of a reduced number of beta cells in a
damaged cluster on the associated electrophysiology can
be quantitative analysed also by using mathematical models.

The first computational model by Chay and Keizer
[13,14], simulating the electrical behaviour of a single

Copyright © 2012 John Wiley & Sons, Ltd.

R. Portuesi et al.

beta cell in an intact islet, was able to describe the electrical
bursting activity and the Ca®* oscillatory dynamics. This
theoretical model of beta cell behaviour was implemented
on the lines of the classical Hodgkin-Huxley’s work [15].
Inspired by its purely theoretical predictions, these
important oscillations in Ca>* were eventually recorded
for the first time in vitro 8 years later.

In the same period, Atwater et al. [16] suggested that the
stochastic opening and closing of ion channels represented
the key mechanism to take into account for the difference
between the single beta cell and the bursting behaviour of
coupled beta cells in a cluster. In the latter case, in fact,
through an effective coupling due to a channel-sharing
dynamics, the noise intensity is reduced by gap junction
electrical connections.

Further studies, performed by Sherman et al. [17,18]
clarified the irregular spiking behaviour of isolated beta
cells as well as the collective bursting dynamics of coupled
cells.

In the light of these results, the aim of the present study
was to evaluate the effect of progressive lymphocytic islet
infiltration (insulitis) on beta cell signalling. The destruction
of cluster architecture consisting of pancreatic beta cells, as
consequence of insulitis, was modelled in terms of apoptotic
events. For a quantitative comprehension of such a complex
phenomenon, mainly involving cellular synchronization, we
have investigated the activity of beta cells in a 3D cells’
lattice with defined neighbourhood relations and altered
glucose concentrations. We have numerically simulated a
small cluster of mouse beta cells via an extended stochastic
electrophysiological model [17,18]. This formulation was
originally developed to deal with an intact and regular
cluster configuration only. Here, we have induced, however,
a gradually break of the cluster’s spatial symmetry by
decreasing the number of communicating beta cells in
the cluster, creating a pathological environment inspired
by experimental histological sections of diseased diabetic
mice. We point out that a minimal physiologically inspired
stochastic model can be an efficient tool to obtain original
and quantitative insights into the complex dynamics of
beta cell destruction. This work was specifically focused
on the clinical implications of the simulation results
together with possible future tests in vitro performed
through recently developed bioengineering devices built
to experimentally study the spatio-temporal electrophysio-
logical dynamics of mice islets.

Material and methods

The stochastic model for beta cell electrical excitability
developed by Sherman et al. [17,18]was adopted to
simulate (X-PPAUT and C++) a virtual portion of a
pancreatic islet (cluster) with progressive apoptotic events
(death of beta cells). It consisted of identical beta cells
coupled through gap junctions, with morphological and
physiological characteristics following experimental data
of murine beta cells [16,19].

Diabetes Metab Res Rev 2012.
DOI: 10.1002/dmrr
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A Stochastic Mathematical Model

The pancreatic autoimmune progressive damage occur-
ring in type 1 diabetes was modelled at different stages of
lymphocytic infiltration in the experimental model of
the non-obese diabetic mouse model. One aim was to
investigate the main electrophysiological changes in beta
cell membrane potential and free intracellular Ca®>* ion
concentration [Ca®"]. Furthermore, many experimental
studies have shown that both the slow and fast Ca**
oscillations correspond to practically synchronized pulsatile
insulin secretion of beta cells [20,21], also proposing that
glucose stimulation of a prompt and sustained insulin
release is mediated by increase of the cytoplasmic Ca®*
concentration [22].

With such a correspondence, our analysis aimed to
investigate this dynamics [22-24].

In type 1 diabetes, the death of beta cells is induced by
an autoimmune response underlying the disease process.
In our model, we assumed that beta cell apoptosis
corresponded to its disappearance from the cluster. This
was achieved by setting to zero both the electrical dynamics
of the dead beta cell and the gap junction conductance
(representing the connection between beta cells). This
process simulates, in the first approximation, the g.
progressive lymphocytic infiltration that, by substituting
the dead beta cells, destroys their gap junction coupling.

Previous electrophysiological studies have shown that a
single ion channel can have two conductance states only
(i.e. open and closed). Fluctuations between closed and
open states appear to occur randomly. Consequently, in
pursuing our goal of understanding bursting in the single
beta cell and the synchronized activity of the beta cells in
a cluster, we considered such a stochastic (probabilistic)
mechanism [16,19].

In this model, a stochastic dynamics of calcium-
activated potassium (K-Ca) channels occurs. It is well
known that a 50-beta cell cluster exhibits organized
bursting [17,18]. Therefore, we performed numerical
simulations, starting for simplicity from an intact cubic-
shaped cluster of identical 4 x 4 x 4 cells, each of them
having 600 of these stochastic channels.

For a system of N interacting beta cells, the differential
equations for the jth cell are

dv;
Cng =~k (Vi) =lca(V)) = &recaxi(V; = Vi) - (1)
—gey (Vi —Vi)
keQ;
dnj _|nw(Vj) —n;
@) @
dCa
= fladea (V) — keCay] 3)
__Ca
where

Vj is the membrane potential,

Copyright © 2012 John Wiley & Sons, Ltd.

n; is the open fraction of voltage-gated K* channels,

Ca; is the free intracellular Ca®".

Q; in Eq. (1) indicates the interactions of the jth cell
through gap junctions (Von Neumann neighbourhood).
Ix and Ic, represent the currents through the voltage-
gated K* and Ca®™* channels, respectively.

x; is a random variable indicating the fraction of open K-Ca
stochastic channels of the jth cell, whose transition
probabilities are described extensively in [25,26], whereas
its mean value is given by 4.

In words, the mathematical model describes, for each
cell, the time variation of the corresponding action
potential for the ith cell V;, here denoted with the standard
calculus symbol dV;/dt. The latter depends on the sum of
the ionic currents and on the gap junctional coupling
constant g.. A feedback is established with the potassium
channels variable n; and with the intracellular calcium
Ca;. Finally, the instantaneous value of the calcium
concentration Ca; promotes the closing or opening of the
corresponding ionic channels.

Explicit expressions and parameters of Eqs (1)-(4) are
reported in the Appendix.

The parameter k. plays a central role in the system
dynamics. We assumed specifically the simplest linear
monotonic relation that links k. with the external glucose
concentration [Glu] measured in mmol:

k. = 7-10~% mmol *[Glu] — 0.019

This relationship shows that our modelling considers
bursting dynamics as being directly dependent on glucose
concentration. Other more accurate choices could be
proposed, but for the aims of our analysis, this form allows
a model calibration in accord with experimental data on
clusters stimulated by different glucose concentrations.

We then considered the specific values of k. inducing
different behaviours in the bursting dynamics in agreement
with experiments on clusters discussed later in more detail.

In this study, the value of gap junction conductance
8. = 215 pS was chosen corresponding to the mean value
taken from experimental data, as discussed elsewhere
[25,26].

The increase of the percentage of beta cell damage in
the cluster was considered at corresponding levels of
glycaemia as follows:

* 0% and 31% of dead cells at 7 mmol of glucose concen-
tration (k.= 0.03), normal value for a physiological
state.

* 69% of dead cells at 11.6 mmol (k.= 0.062), typical
value for a mild hyperglycaemic state [8].

e 84%, 94% and 98% of dead cells at 17 mmol (k. = 0.1),
typical value of a severe hyperglycaemic state.

The cell loss is not random. It starts in fact at one corner
of the cubic cluster configuration and spreads symmetrically
towards the opposite corner of the system.

Diabetes Metab Res Rev 2012.
DOI: 10.1002/dmrr
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Regarding performed simulations, X-PPAUT software
was adopted to integrate the model equations [27].

Results

In Figure 1, the experimental evidence in mice islet of
the autoimmune beta cells’ destruction leading to type 1
diabetes at different stages of insulitis is presented. In
panel (a), we have shown specifically a grade I insulitis
with large portion of beta cells surrounded a modest
infiltration of lymphocytes. In panel (b), we presented a
grade II infiltratum with a very large portion of the islet
surrounded by the lymphocytes. Only a small region of
the insula is still recognizable by beta cells. Finally in
panel (c), a grade III case is presented; here, the islet
has practically almost disappeared.

This pathological scenario has been implemented in the
mathematical model of beta cell electrophysiology previ-
ously introduced. The numerical simulations performed
for an intact cubic cluster of 4 x 4 x 4 cells showed that for
k.>0.02 (corresponding to a threshold of [Glu] =5.5
mmol), a regular bursting occurred.

The bursting becomes continuous for a value of k.>
0.097 (corresponding to [Glu] = 16.6 mmol). These values
are in agreement with experimental data in which at
[GIu] = 5.5 mmol, bursting is not observed, whereas at
16.6 mmol, a continuous bursting starts [28].

The numerical results allowed us to understand the
relationship between the progressive beta cell disruption
in the pancreatic cluster and the system’s electrophysio-
logical response to the damage.

In Figure 2, we showed the following:

1. The cluster (initially consisting of 64 beta cells) char-
acterized by a progressive degree of beta cells damage
(left panel).

2. The respective membrane potential versus time (central
panel).

3. The associated intracellular Ca?" concentration (right
panel), for a generic beta cell in the cluster.

R. Portuesi et al.

Starting from the intact cluster (0% damage), we
considered a normoglycaemic state (k.= 0.03 equivalent
to a glucose concentration of 7 mmol) [29].

The model exhibited bursts of action potential and Ca®*
oscillations with a qualitative trend similar to those
experimentally observed [19], namely the bursts occurred
during the peak of the Ca?* oscillations (Figure 2a). This
was due to the gap junction coupling effect underlying the
beta cell activity that determined electrical bursting and
oscillatory metabolic rthythms. In particular, the intracellular
calcium concentration oscillates approximately around the
average value of 0.5 pM, with a frequency of 3-4/min.
These values are comparable with experimental results on
intact clusters [12].

As reported by Atwater et al. [30], in a murine intact
islet immersed in 11 mmol of glucose, 6/min oscillations
can be observed, whereas in the case of a 70-micron
diameter cluster of murine cultured beta cells exposed to
10 mmol of glucose, 3/min oscillations are detectable [19].

Other simulations performed in this study, aimed at
calibrating the model, showed that in an intact beta cell
cluster, a progressive increase of [Glu] led to Ca®* oscillations,
characterized by an increased duration without changes
in amplitude, as reported in [31].

We then introduced the damage simulation protocol
(31% dead cells) (Figure 2b) for a normoglycaemic state
(7 mmol). Even if a portion of the cluster has disappeared,
the system is biologically robust enough to maintain
regular Ca®" oscillations (insulin is expected to be released
effectively) as reported elsewhere [5,31].

In particular, the frequency of oscillations slightly
increases, although the amplitude of action potential
and Ca®" remains unaffected.

When the damage progression further increased (69% of
damage) (Figure 2c), we imposed a glucose concentration
typical of mild hyperglycaemia (k.= 0.062 equivalent to
11.6 mmol of glucose) [8]. In this case, Ca" oscillations
occurred; however, they were characterized by an increased
frequency (~8/min) and a smaller amplitude (a reduction
of 33%), with an associate effective insulin pulsatility
[23]. The Ca®* mean value around 0.52 pmol is in

(a)

(b)

(c)

Figure 1. Experimental evidence of autoimmune progression towards type 1 diabetes on mice islets at different stages of insulitis. In
panel (a), we have a grade I insulitis with large portion of beta cells (rosed cells on the centre of the picture) attached by a modest
infiltration of lymphocytes (whose nuclei have very compact structure in comparison with the pancreatic tissue). In panel (b), we
have instead a grade II situation with a very large portion of the islet invaded by the lymphocytes. Only a small region of the insula
is still formed by beta cells with a falcate shape. Finally in panel (c), we have a grade III case; here, the islet has practically almost
disappeared, invaded totally by lymphocytes

Copyright © 2012 John Wiley & Sons, Ltd. Diabetes Metab Res Rev 2012.
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Figure 2. Effect of autoimmune progression on action potential (central panel) and intracellular Ca>* (right panel) assuming a
progressive percentage of dead beta cells (0%, 31%, 69%, 84%, 94% and 98%) in the modelled pancreatic cluster, on the lines of
the experimental situation presented in Figure 1. Cells are represented as spheres just in contact with the neighbouring ones. This
is a simplified representation introduced for pure visualization purposes because in the model, there are no isolated cells. One could
equivalently represent each cell as a cube, instead of a sphere. Signals from the 64th cell are shown, although the other cells manifest
a similar behaviour. Images of simulated progressive damage in a pancreatic cluster are shown on the left panel. In central and right
panels, the action potential and its associated intracellular calcium dynamics are represented, respectively. Action potential is
measured in mV versus seconds, whereas Ca®>* concentration is measured in pM versus seconds. At different degree of tissue damage,
a gradual increase of glucose concentration is associated: (a) and (b) represent 0% and 31% of dead beta cells, respectively, in
normoglycaemia (7 mmol, ke =0.03). This scenario demonstrates an intrinsic biological robustness of the pancreatic cluster.
(c) 69% of dead beta cells, at value of mild hyperglycaemia (11.6 mmol, ke = 0.062). The action potential and calcium dynamics-related
pictures still show oscillations typical of a severely damaged system. In (d), (e) and (f), an increasing damage of 84%, 94% and 98%,
respectively, is simulated for a severe hyperglycaemia (17 mmol of glucose equivalent to ke = 0.1). In these three simulations, the action
potential and intracellular calcium plots show that the periodic bursting complex pattern has disappeared. In particular, Ca>* oscillations
are absent so that insulin pulsations are not expected to occur
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agreement with experimental data in the case of an intact
cluster condition.

The final steps of the simulation protocol assumed an
advanced regime of cellular disruption (84%, 94% and
98% of dead cells) in the beta cell cluster (Figure 2d-f).
They were characterized by severe hyperglycemia (k. = 0.1
equivalent to 17 mmol of glucose) [28,32].

Simulations showed that the complex periodic bursting
pattern disappeared and that Ca®* oscillations were
absent. The mean level of intracellular Ca*>" was lower than
in the previous cases (0.45 pmol, 0.4 pmol and 0.3 pmol,
respectively). In these conditions insulin pulsatility is not
expected to occur.

Following experimental data, the results obtained in
the last three simulations set a framework characterized
by a greatly reduced insulin release.

In Figure 3 we focused instead on the effects of
different values of glycaemia on the electrophysiology of
beta cells for the specific case of a cluster damaged up to
84%.

The simulations showed that in case of normoglycaemia
(7 mmol) (Figure 3a), an extremely damaged pancreatic
tissue could leads to Ca®* oscillations via cluster synchroni-
zation, although characterized by small amplitude and
large frequency. Moreover, unlike the situation described
in Figure 2d, for the same cluster damage (84%) in
hyperglycaemic state, a normoglycaemic state is robust
enough to support quasi-regular bursting phenomenology.
On the other hand, a mild hyperglycaemic state (11.6 mmol
of glucose) (Figure 3b) seems to permit oscillations,
whereas marked hyperglycaemia (17 mmol of glucose)
(Figure 3c) shows a dramatic drop of Ca®>* pulsatility and
no organized bursting behaviour with consequent compro-
mised beta cell secretive pattern. This result theoretically
confirms the importance of maintaining normal value of
blood glucose when hyperglycaemia is diagnosed to protect
residual beta cells. Descriptive characteristics of our
analysis are reported in Table 1.

Our modellized cluster percent damages and the
associate glucose concentrations, both related to different
grades of insulitis, have been chosen to be close to the
experimental data aforementioned, in the limits of the
model.

Discussion

In this study, we implemented a mathematical model to
describe the relationship between lymphocytic infiltration,
beta cell death and the insurgence of hyperglycaemia. We
aimed to prove the robustness of pancreatic islets even in
conditions of severe damage giving a quantitative view of
the alterations in the electrochemical rhythms.

Owing to the key role of the gating probabilistic
phenomenon of experimentally observed ion channel,
the stochastic model of beta cell electrical excitability
developed by Sherman et al. [17,18] was here adopted
to simulate the electrochemical behaviour of a virtual

Copyright © 2012 John Wiley & Sons, Ltd.
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cluster of beta cells under the typical autoimmune process
occurring in type 1 diabetes.

We considered a heterogeneity of beta cell dysfunction
by requiring that a beta cell can communicate with the
surrounding alive cells but not with the cluster of dead
ones. A simulation of progressive non-symmetric damage,
which mimics an autoimmune progression towards type 1
diabetes, was performed. We monitored the loss of
electrophysiological integrity of the cluster during reduction
of beta cell number for altered glucose levels. We found
that the cluster is robust enough because its bursting
activity was present even when 69% of contiguous cells
were dead.

Furthermore, our simulations have shown that in a
cluster with 84% of dead beta cells, a normoglycaemic
state guarantees Ca>" oscillation patterns and action
potential-bursting activity near the physiological condition,
because of cellular network synchronization. For the same
degree of damage, but in a hyperglycaemic state, the Ca®*
pulsatility was absent, and no organized bursting behaviour
occurred.

We should emphasize that insulitis is a complex
phenomenon in which the immune attack plays a key role
than the simple destruction of contiguous beta cells with
consequent interruption of cell communication. Focusing
on the purely electrophysiological problem, we are aware
in fact that the entire ionic dynamics of the pancreatic
cells should be altered in the pathological state leading
to strong heterogeneity for each cellular component of
the cluster. Our analysis in this sense is a starting point for
future investigations in which the electrical parameters of
each cell could be different, both for statistics reasons in
healthy cell population and for disease progression. To this
aim, more complicated electrophysiological models should
be adopted to include the missing information of the
existing models; moreover, the inclusion of insulin secretion
feedback on larger-sized clusters is mandatory for more
quantitative representation of the complex phenomenon
here addressed. Previous studies performed in animal
models have shown that gap junction channels coupling
beta cells are made of the Connexin36 protein and that
the loss of this protein desynchronizes beta cells, leading
to secretory defects in terms of recruitment of cells into
insulin biosynthesis and release [33]. It has been recently
demonstrated that Connexin36 is also a protein of human
pancreatic islets, which mediates the coupling of the
insulin-producing beta cells and therefore contributes to
controlling beta cell function by modulating gene expression.
Previous studies in rodents have demonstrated that the
loss of the Connexin36 results in an alteration of insulin
secretion resembling the pre-diabetic state [34,35].
Serre-Beiner et al. [33] hypothesized that if the effects
observed in rodents are to be extended to humans,
diabetes subjects could express lower levels of Connexin36
protein and/or decreased beta cell coupling than normo-
glycaemic individuals.

We cannot exclude the possibility that the same degree
of damage, still with different states of glucose levels, may
have different effects on the production of insulin in

Diabetes Metab Res Rev 2012.
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Figure 3. Effect on action potential (left panel) and intracellular Ca>* (right panel) of an increasing level of glycaemia in a cluster of
64 pancreatic beta cells with 84% of dead beta cells. (a) shows that if a state of normoglycaemia is guaranteed (7 mmol), it is possible

to detect Ca®*

(c) show the effects on action potential and on intracellular Ca®*

oscillations because of synchronization of the remaining beta cell intact, even in a damaged pancreatic tissue. (b) and
oscillations of a mild and severe hyperglycaemic states (11.6 and

17 mmol, respectively): fluctuations occur in a mild hyperglycaemic state (b) but not in severe hyperglycaemia condition (c). In this

last case, a dramatic decrease of Ca®*

humans and in rodents (as it has been demonstrated in this
article) because the levels of Connexin36 are genetically
determined [36].

In this study, we have implemented a revised version of
the Chay—Keizer model [17,18] to study the behaviour of a
murine pancreatic islet in physiological and pathological
conditions and to investigate further the beta cells’
synchronized pacemaker activity. The significant information

Copyright © 2012 John Wiley & Sons, Ltd.

pulsatility and a consequently severe impaired function should occur

emerging from this modelling study is that good glucose
control allows a better functionality of beta cell communi-
cation and therefore a more efficient insulin secretion.
This remains true even in a cluster containing residual
amount of beta cells following the autoimmune process
occurring in type 1 diabetes. When blood glucose concen-
trations tend to rise, the communication within beta cells
becomes altered, and insulin release is gradually impaired.

Diabetes Metab Res Rev 2012.
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Table 1. Numerical details of the progressive damage in the modelled pancreatic cluster

% cluster damage 0 31 69 84 94 98
Glucose concentration (mmol) 7 7 11.6 17 17 17
[Ca™*] mean value (umol) 0.55 0.55 0.52 0.46 0.39 0.29
Number of [Ca™*] approximated oscillations during 80 s 4 5 9 — — —
Number of action potential approximated bursting events during 80 s 5 5 8 — — —

The percentage of cluster damage, glucose concentration associated with an approximate mean value of [Ca®*] during oscillations, is here
illustrated. Sustained oscillations in [Ca®*] and a discrete number of isolated bursting complexes, even in highly damaged systems, are
present with a mean values of [Ca*] over 0.5 pmol. When the damage is >84% and hyperglycaemia occurred, such oscillations and

bursting patterns disappear and [Ca?*] mean values decrease. In this scenario, insulin secretion is severely compromised.

Table 2. Model parameters

Parameter Model value Parameter  Model value
f 0.001 OK-ca 30 000 pS

yi 17 Vea 110 mV
Vi -75 mV Jx 2500 pS
Jca 1400 pS Cp 5310 fF

(A —75 mV Vv, —15 mV
Vim 4 mV Sm 14 mVv
Vi -10 mvV Sh 10 mV
Sa 65 mV Sy 20 mV
Se 60 mV Sh 5.6 mV
Ky 100 umol o 1/(2VcanF)
Veell 1150 umol®  F 96 487 C/mmol

With persistent increase of glucose levels, a severe impair-
ment of insulin secretion takes place, and diagnosis of
type 1 diabetes is made. The animal models, in which
single beta cell cannot longer establish intercellular com-
munication via Connexin36 channels, show alterations in
secretion and insulin gene expression that can be corrected
after restoration of beta cell contacts [35,37]. These findings
applied to humans underline that the implementation of
insulin therapy and a restoration of normoglycaemia as
soon as possible after diagnosis are of great relevance
potentially allowing to re-establish an endogenous insulin
secretion, leaving the patient moving into the well-known
phase of clinical remission, taking off exogenous insulin
for some time.

Our results suggest that at the diagnosis of type 1
diabetes, a very strict normalization of blood glucose
levels should be a key action to be achieved to obtain a
better preservation of beta cells. In this respect, the use
of a continuous insulin infusion pump and a strict glucose
monitoring should be implemented as soon as a patient is
diagnosed with type 1 diabetes to control hyperglycaemia
even of modest in nature. In the absence of glucotoxicity,
any adjuvant therapy to cure this disease including
immunomodulation or the regeneration of beta cells

[38,39] can be more beneficial and, hopefully, contribute

to prevent the destruction of any residual beta cell still
functioning [40].

Moreover, the predictions obtained through the proposed
mathematical model can be directly easily tested through
the experimental setup described elsewhere [41]. By means
of a specifically built biomedical device controlling an
islet microfluidics, the insulin secretion produced by
extracellular glucose stimuli was measured by NAD(P)H
autofluorescence. Future degree studies are aimed to

Copyright © 2012 John Wiley & Sons, Ltd.

specifically insert in such a device islets of animals at
different infiltratum, quantified ex vivo or in vivo following
the magnetofluorescent nanoparticle techniques [42].
Moreover, similar fluorescence techniques, based on
voltage or calcium sensitive dyes, could be adopted to
monitor the underlying electrophysiology of the islets [43].

Finally, because of the importance of the right timing in
shutting down insulin secretion during type 1 diabetes,
beta cell regeneration could be implemented into the in
silico model to further highlight how this is affected by
hyperglycaemia and inflammation. Moreover, a further
generalization could be achieved by coupling the discrete
model here adopted to a continuous reaction—diffusion
formulation. This step would be useful to realistically
simulate glucose, insulin, glucagon and somatostatin
dynamics by possibly including other communication
pathways (i.e. direct internalization [44]) together with
the here adopted gap junctions, on the lines of previous
mathematical studies performed by some of the authors
in other different biomedical scenarios [45-52].
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Appendix

In this appendix, we report the expressions used in the
stochastic mathematical model and the parameters’
choice fine tuned on murine experiments [17]. We
applied this model to a cubic cluster of 64 cells. The
coupling term in membrane potential equation (1)
couples the jth cell with the adjacent one through a Von
Neumann neighbourhood type. The dynamics of the
deterministic equations are coupled to a stochastic process
governing the K-Ca channel kinetics. Specifically, the total
conductance gx.c, is multiplied by the factor p;, which
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represents the number of open channel for the j cell. Here, m (V) _ 1 ©)
each channel transition is the result of a Markovian process ! 1 +exp [ (Vm - ‘/]) / SmJ
where the opening mean time is a function of Ca; concentra-
tion with a fixed channel closing mean time. h(vj) = 1 @)
W 1+ exp| (Vj — Vi) /Sh)
Cn—2 = Tion(Vj,1j) — 8k — capj(Vj — Vi) €]
* ne (Vi) =13 [(V1 V))/5] ®
ex -V
_gCZker (VJ _ Vk) PL(Yn —Vj)/on
Se Se
w (V) = + )
dnj . noo(V;) — n - exp|(V; = V5)/Sa| exp|—(V; = V;)/Ss)
de Tn (VJ) 1/
cC =20 (10)
1/7,
dCa;j
— = f[-ca(V)) = kcaCay] 3 ,
dt Ca;
=1.—. (11
kq
Ix(Vi,nj) = gxni(V; — V; @
k(Viomy) = &y (¥ ) We have considered N =600 K-Ca channels per cell
and adopted a Monte Carlo simulation to evolve such a
Ica(V5) = &camoo (Vj)R(V;) (Vi — Vea) (5)  stochastic dynamics.
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