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Summary

Type 2 diabetes (T2D) is a metabolic disorder characterized by high levels of
blood glucose resulting from defects in insulin secretion and insulin action. Of
all the diagnosed cases of diabetes, T2D accounts for approximately 90% of the
cases. The pathogenesis of T2D involves both biological factors as well as social
factors. These factors have intricate interactions with each other, and to study
the behaviour of such complex systems computational models are required. Com-
putational models provide a framework to summarize existing knowledge, enable
competing hypotheses to be compared qualitatively and quantitatively, and facil-
itate the interpretation of complex data. Moreover, computational models allow
questions to be investigated that are difficult to approach experimentally. Theories
can be tested in context, identifying the gaps in our understanding and potentially

leading to new hypotheses.

In this thesis, three computational models are proposed: a system dynamics model
of the system of social norms regarding body weight perception and obesity preva-
lence, a Boolean network model of the insulin resistance pathway and pancreatic
beta-cell apoptosis pathway, and an ordinary differential equation model of the
system of signalling components involved in insulin gene expression and beta-cell
identity. In addition, this thesis also includes two methods for inferring computa-

tional models from cross-sectional data.

Group-level obesity can be seen as an emergent property of a complex system,
consisting of feedback loops between individual body weight perception, individual
weight-related behaviour and group-level social norms (a product of group-level
‘normal” body mass index (BMI) and socio-cultural ‘ideal’ BMI). As overweight
becomes normal, the norm might be counteracting health awareness in shaping
individual weight-related behaviour. System dynamics modelling facilitates under-
standing and simulating this system’s emergent behaviour. Six system dynamics
models (SDMs) were constructed based on an expert-informed causal loop dia-

gram and data from six socio-cultural groups (Dutch, Moroccan and South-Asian
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Surinamese men and women). The SDMs served to explore the effect of three
scenarios on group-level BMI: ‘what if’ weight-related behaviour were driven by
(1) health awareness, (2) norms or (3) a combination of the two. Median BMI
decreased approximately 50% and 30% less in scenarios 2 and 3, respectively, than
in 1. In men, the drop in BMI was approximately two times larger in scenario 1
versus 3, whereas in women, the drop was approximately equal in these scenar-
ios. This study indicates that the overweight norm in men holds group-level BMI
close to overweight despite health awareness. Since norms are counteracting health

awareness less strongly in women, other drivers of obesity must be more relevant.

The SDMs were calibrated using a multi-ethnic cohort data, which is a cross-
sectional data; however, to study how the system evolves over time, longitudinal
data is required. A method was developed to generate pseudo-time series data from
the available cross-sectional data by generating a set of qualitative ‘data-generating
assumptions’. These assumptions are based on the system’s temporal behaviour
that is expected to exist across all groups. An example of such an assumption is
that, on average, an individual can lose 2 kg/month. Here, linear dynamics was
assumed for the system’s short-term behaviour. The time steps in the SDMs were
assumed as months to identify an approximate timescale of the system’s behaviour.
However, this timescale is not exact, and therefore, the relative trends are more

important to interpret than the exact timescale they occur on.

Another method was developed for inferring computational models from cross-
sectional data using Langevin dynamics. This method can be applied to any system
that can be described as effectively following a free energy landscape which is stable
and independent of any external force. A crucial assumption in this method is that
the data-points are gathered from a system in (local) equilibrium. The result is
a set of stochastic differential equations which capture the temporal dynamics, by
assuming that groups of data-points are subject to the same free energy landscape
and amount of noise. This is a ‘baseline’ method which initiates the development
of computational models which can be iteratively enhanced through the inclusion
of expert knowledge. The proposed method can only estimate directions of pro-
gression, not velocities. Hence, the timescale of the predicted dynamics remains
unknown. This timescale can be estimated from the data or from known statistical
properties of the rates of change in reality; for instance, the fact that the maxi-

mum sustainable rate of weight loss observed in a population is about 2 kg per
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month. This method showed significant predictive power when compared against
two population-based longitudinal datasets. The proposed method can facilitate
the use of cross-sectional datasets to obtain an estimate of the underlying dynamics

of the respective processes.

The metabolic disorder of T2D is characterized by insulin resistance, beta-cell
dysfunction, and apoptosis. Chronic hyperglycemia causes deterioration of beta-
cell function through oxidative stress, endoplasmic reticulum (ER) stress, and cy-
tokines. In this thesis, two computational models are proposed to study beta-cell
dysfunction in T2D. The first computational model is a Boolean network model in-
tegrating the insulin resistance pathway with the beta-cell apoptosis pathway. This
model has five input signals, namely, ER stress, oxidative stress, tumor necrosis
factor a (TNFa), Fas ligand (FasL), and interleukin-6 (IL-6). Simulations were per-
formed using random order asynchronous update and with different combinations
of the input signals. The model simulations were able to reproduce the expression
levels of genes in T2D as reported in the literature. This model can be useful in
studying the qualitative behaviour of important genes in the presence of oxidative

stress, ER stress, and pro-inflammatory cytokines.

Compromised beta-cell identity is emerging as an important contributor of beta-
cell dysfunction in T2D. Most evidence suggests that this identity loss results
from hyperglycemia-induced inactivation of transcription factors involved in ma-
ture beta-cell identity. Beta-cells with compromised identity gradually become
dysfunctional with defective insulin secretion in response to glucose. An integrated
mathematical model was developed to study the underlying mechanisms that regu-
late two important beta-cell identity transcription factors and regulators of insulin
promoter activity, PDX1 and MAFA, and lead to their downregulation in the pres-
ence of chronic hyperglycemia. The aim of this work was to investigate the loss
of beta-cell function through loss of beta-cell identity in the presence of chronic
hyperglycemia. This model was used to study the changes in PDX1, MAFA and
insulin mRNA levels under the effect of different glucose concentrations. In addi-
tion, this model was used to analyse the effect of different inhibitors of PDX1 and
MAFA on these transcription factors and insulin mRNA levels. This integrated
model can be a useful tool to further extend our understanding of the mechanisms
leading to compromised beta-cell identity and beta-cell dysfunction in the presence

of chronic hyperglycemia and identify potential intervention targets.
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Overall, the three studies of the social and biological factors of T2D demonstrate
the importance of computational models in understanding the complex systems
involved in the pathogenesis of T2D and designing effective intervention strategies.
These computational models facilitate the evaluation of hypothetical scenarios in
silico and simulation of the effect of interventions. This is especially advantageous
for systems for which comparing counterfactual scenarios would not be possible or

would be difficult in vivo.



Chapter 1

Introduction

1.1 Motivation and Objectives

Diabetes is a chronic condition that can have serious implications on the quality
of life of the affected individuals, their families, and societies. According to the
International Diabetes Federation (IDF), in 2019, the global prevalence of diabetes
among adults aged 20-79 years was estimated to be 9.3% (463 million people),
which is projected to rise to 10.2% (578 million) by 2030 and 10.9% (700 million)
by 2045 [1]. The prevalence is higher in urban (10.8%) than rural (7.2%) areas, and
in high-income (10.4%) than low-income countries (4.0%) [1]. One in two adults
with diabetes (232 million people) are not aware of this fact. 10% of global health

expenditure is spent on diabetes [1].

There are two main types of diabetes: type 1 diabetes (T1D), and type 2 diabetes
(T2D). Other types of diabetes include gestational diabetes mellitus (GDM) and
monogenic diabetes [1]. T2D is the most common type of diabetes, accounting for
approximately 90% of total global cases of diabetes [1]. T2D occurs mostly in older
adults, but due to an increase in the prevalence of obesity as a result of physical
inactivity and unhealthy diet, it is increasingly diagnosed in children, adolescents
and younger adults. T2D is a chronic metabolic disorder that results from defects
in both insulin secretion and insulin action, which causes glucose levels to increase
above physiological levels. In T2D, chronic hyperglycemia results in a state of
insulin resistance, where insulin fails to facilitate glucose uptake by the body’s

peripheral cells, such as skeletal muscle, adipose tissue and liver. This leads to an

1



2 1.2. Computational models of the social factors of T2D

increased workload on the pancreatic beta-cells to produce more insulin. When this

workload persists for longer periods, it leads to beta-cell dysfunction and failure.

T2D results from interaction between biological and social factors. To gain a com-
prehensive understanding of the pathogenesis of T2D, it is essential to study both
the complex system of the biological factors as well as the complex system of the so-
cial factors, such as diet, physical activity, and ethnicity. Computational modelling
can serve as a powerful tool to study complex systems, as it provides quantitative
descriptions of the interactions between individual components as well as the con-
trol they exert over the whole system. Computational models allow the replication
of the behaviour of the system based on known properties of the system compo-
nents. These models can serve a wide variety of roles, including hypothesis testing,
generating new insights, deepening understanding, tracing chains of causation, do-
ing sensitivity analyses, integrating knowledge, and inspiring new approaches. In
this thesis, three computational models have been developed to study the complex

systems of the biological factors and the social factors of T2D.

1.2 Computational models of the social factors

of T2D

A growing argument is that individuals are more likely to underestimate their
own body weight as obesity prevalence increases [2]. This is because body weight
perception, a determinant of overweight and obesity [3], is partly determined via
social comparison [4]. Body weight perception is thus affected by what is normal.
It however also affects what is normal via its impact on obesity prevalence, in-
ducing feedback loops that may over time result in complex behaviour, possibly
inducing group-level obesity [5] as an emergent property. Previous research have
indicated that norms affect individual physical activity and dietary habits. The
group-level weight strongly influences an individual’s intention to change his/her
weight-related behaviour [6]. It has been shown that weight loss achieved through
interventions on weight-related behaviour is not long-lasting in most cases [7]. One
possible explanation is that norms may counteract health awareness in shaping indi-

vidual health-related behaviour. In that regard, the relevance of addressing norms
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to change individual health-related behaviour as a policy strategy has received at-
tention with respect to smoking [8]. Understanding the effect of the feedback loops
between individual characteristics and group-level processes over time can guide
similar policy strategies aiming to lower obesity prevalence, in which justice can

be done to influences at both levels.

In the first study, a computational model of the system of social norms regard-
ing body weight perception and obesity prevalence was developed using system
dynamics models (SDMs). SDMs can reveal how variables interact by expressing
the causal links between them using difference equations and hence can aid in un-
derstanding and simulating a complex system’s non-linear behaviour in different
scenarios [9]. This is valuable when evaluating the effect of ‘what if’ scenarios
which is infeasible using conventional empirical methods, as holds for comparing
the effect of health awareness versus norms on group-level body mass index (BMI).
The SDMs for this study were designed to test the hypothesis that as overweight
becomes normal, the norm might be counteracting health awareness in shaping in-
dividual weight-related behaviour. An expert-informed causal loop diagram (CLD)
was first designed to conceptualize this system, which was subsequently used as a
template for functioning SDMs. This system consists of feedback loops between
individual body weight perception, individual weight-related behaviour and group-
level norms towards body weight. These norms can be conceptualized as a product
of social comparison and cultural preferences [4]: what is considered normal, i.e.
group-level BMI, and ideal, i.e. socio-cultural ideal BMI. The SDMs simulated
this system’s behaviour for a multi-ethnic cohort in Amsterdam (registered in the
HELIUS study) [10]—for whom body weight perception was measured. This data
was used to calibrate the SDMs. These SDMs served to explore the effect of three
scenarios on group-level BMI: ‘what if’ weight-related behaviour were driven (1)
only by health awareness, (2) only by norms and (3) by their interaction, i.e. health

awareness and norms.

The HELIUS [10] data is cross-sectional; however, to study how the system evolves
over time, longitudinal data is required. Two different methods have been proposed
in this work to generate pseudo-time series data from available cross-sectional data.
The first method which was developed as part of the first study involved generating
a set of qualitative ‘data-generating assumptions’. These assumptions were based

on the system’s temporal behaviour that was expected to exist across all groups.
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An example of such an assumption is that, on average, an individual can lose 2
kg/month [11, 12]. Here, linear dynamics was assumed for the system’s short-term
behaviour. In this study, the time steps in the SDMs were assumed as months
to identify an approximate timescale of the system’s behaviour. However, this
timescale is not exact, and therefore, the relative trends are more important to

interpret than the exact timescale they occur on.

The second method for inferring computational models from cross-sectional data
was inspired from Langevin dynamics. This method would be applicable to systems
where the data-points follow a free energy landscape which does not change with
time and is not influenced by external force. The free energy landscape, which is a
mapping of all possible states of the data-points in the system, was reconstructed
from the cross-sectional data by assuming that groups of data-points having similar
features follow similar trajectories. A free energy landscape can be considered
analogous to an uneven hillside and the data-points in the landscape as balls rolling
down the hillside. The balls will eventually come to rest in a stable state in the
valleys. These valleys are the attractors in the free energy landscape. Trajectories
across a landscape correspond to the progression of the data-points. This method
estimates the free energy landscape based on the probability distribution of the
data-points. Roughly speaking, the free energy landscape is approximately the
inverse of the probability distribution of the data-points. Thus, the attractors in
this estimated energy landscape will approximately correspond to the peaks in the
probability distribution. For instance, following this assumption, a free energy
landscape estimated from a probability distribution of the BMI values of a group
of individuals will have attractors that will correspond approximately to the most

probable BMI values in that group of individuals.

The proposed method is based on three assumptions. The first assumption is that
the distribution depends only on the variable of interest. The second assumption
is that the distribution of the data-points has converged to a stable distribution
at the time of observation. The third assumption is that each data-point tends
to follow the same free energy landscape in a ‘downslope’ manner. The temporal
dynamics of the data-points were modelled using stochastic differential equations
based on Langevin dynamics and the above-stated assumptions. The proposed
method initiates the process of development of computational models from cross-

sectional data and these ‘baseline’ models can be iteratively enhanced through the
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inclusion of expert knowledge.

1.3 Computational models of the biological fac-

tors of T2D

To understand the pathogenesis of T2D, it is also necessary to study the underlying
molecular mechanisms leading to this disorder. T2D results from defects in both
insulin secretion and insulin action, which causes glucose levels to increase above
physiological levels. The pancreas plays an important role in maintaining glucose
homeostasis (Figure 1.1). When blood glucose levels are high, the pancreas secretes
insulin which promotes glucose uptake into insulin-dependent muscle and adipose
tissues and glycogenesis in the liver. When blood glucose levels are low, the pan-
creas secretes glucagon, which increases blood glucose levels through glycogenoly-
sis. The pancreas consists of both exocrine and endocrine cells [13]. The endocrine
cells account for only 1-2% of the pancreas and are clustered together forming
the islets of Langerhans. These islets consist of five different cell types releasing
various hormones [13]. Of these cell types two play an important role in main-
taining glucose homeostasis; these are the glucagon producing alpha-cells which
constitute 15-20% of the islets and the insulin-producing beta-cells which account
for 65-80% of the islets [13]. The other cell types are the pancreatic-polypeptide
producing gamma-cells, somatostatin-producing delta-cells, and ghrelin-producing
epsilon cells [13]. When blood glucose level rises, the beta-cells secrete insulin. The
insulin then binds to the insulin receptors on the peripheral cells, such as skeletal
muscle, adipose tissue and liver, and facilitate glucose uptake by these cells. In
the presence of chronic hyperglycemia, these peripheral cells stop responding to
insulin and as a result lose their ability to absorb glucose. This state is termed as
insulin resistance. Insulin resistance, in turn, increases the workload on beta-cells
to produce more insulin. If this persists for a long time then it leads to beta-cell

dysfunction and apoptosis.

The endoplasmic reticulum (ER) in the beta-cells is responsible for protein syn-
thesis. Hyperglycemia places a high demand for insulin synthesis on the ER. A
high inward flux of polypeptide molecules into the ER can overwhelm the protein-

folding machinery, leading to an imbalance and the accumulation of unfolded and
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FIGURE 1.1: Regulation of glucose homeostasis by the pancreas. Figure is taken
from [13].

misfolded proteins, which is toxic for the cell. This imbalance is known as “ER
stress”. To counteract this stress, the ER activates the unfolded protein response
(UPR) [14]. The UPR initially attempts to mitigate ER stress by degrading mis-
folded proteins and preventing their further accumulation. However, when ER
stress is not mitigated, the UPR activates the apoptosis signals [15, 16]. Hy-
perglycemia also causes oxidative stress by increasing the generation of reactive
oxygen species (ROS) [17, 18]. Beta-cells are vulnerable to oxidative stress due
to the low expression of anti-oxidant enzymes such as catalase and glutathione
peroxidase [19, 20]. The increased level of ROS in the presence of hyperglycemia
triggers the activation of oxidative stress-sensitive signaling pathways [21, 22]. Hy-

perglycemia also induces pro-inflammatory cytokines [23], such as, FasL, TNFa,
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and IL-6, which activate signalling pathways for beta-cell apoptosis [24-28] as well

as insulin resistance [29, 30].

There are several well-established computational modelling approaches for biolog-
ical networks, such as, ordinary differential equations (ODEs) [31], Boolean net-
works [32], Petri nets [33], and agent-based modelling [34].

(1) ODE-based modelling approaches [31]: ODE based approaches are continu-
ous dynamical modelling strategies. ODE-based methods reflect the time-varying
effects of biological processes by representing interactions between different biolog-
ical molecules, such as proteins and metabolites, using differential equations.These
ODE-based methods are of 3 types: law of mass action, Hill function, and Michaelis-
Menten kinetics. The choice of a specific method depends on the biological ques-
tions or the experimental data. ODE-based models are suitable for modelling the
continuous dynamical changes in biological networks.

(2) Boolean network modelling approaches [32]: A Boolean network is a directed
graph, where each node is represented by binary states, 1 and 0, denoting activa-
tion and inhibition of a protein respectively. Thus, Boolean network models can
be used to simulate only the qualitative behaviour of a system. In these models,
time is considered as discrete and at each time step, a new state of the network is
determined by applying the defined Boolean functions. Boolean networks are use-
ful for modelling large complex biological networks, where continuous ODE-based
modelling is difficult due to unknown kinetic parameters.

(3) Petri net (PN)-based modelling approaches [33]: PN based approaches are
graphical modelling approaches. A PN is a directed, weighted bipartite graph con-
necting places (proteins) and transitions (activation or inhibition events) through
arcs. Places may store tokens but transitions cannot store tokens. The state of a
net is its assignment of tokens to places. A transition is enabled when the number
of tokens in each of its input places is at least equal to the arc weight going from
the place to the transition. An enabled transition may fire at any time. When
fired, the tokens in the input places are moved to output places, according to arc
weights and place capacities. This results in a new state of the net. PN is a dis-
crete dynamical modelling strategy. A disadvantage of PNs is that the graphical
representation may become too complex for analysis.

(4) Agent-based modelling (ABM) approaches [34]: In ABM, a system is modeled
as a collection of autonomous decision-making entities called agents. Each agent

individually assesses its situation and makes decisions on the basis of a set of rules.
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Thus, an ABM consists of a system of agents and the relationships between them.
The cornerstone of ABM is its ability to understand macro phenomena by studying
the behaviour at micro-scale level.

In this thesis, two computational models have been developed using ODE-based

modelling approach and Boolean network modelling approach.

To study how chronic hyperglycemia causes insulin resistance and beta-cell apop-
tosis, a Boolean network model was developed in this work, which consists of the
pathways involved in insulin resistance and beta-cell apoptosis. The aim of this
model was to simulate how the different components evolve towards the state of
beta-cell apoptosis in the presence of ER stress, oxidative stress, and the cytokines:
TNFa, FasL, and IL-6.

The paradigm of beta-cell apoptosis being the primary inducer of beta-cell failure
in T2D has been recently challenged. Beta-cells obtained from T2D cadaveric
organ donors were found to have only a small number of apoptotic cells despite
showing marked decrease in insulin immunostaining [35], suggesting that apoptosis
may not be the predominant cause behind the decrease in beta-cell mass. Talchai
et al. [36], in a landmark study, demonstrated that apoptosis is not the main
contributor to loss of beta-cell function in T2D, rather loss of beta-cell function
occurs due to a perturbation to the beta-cell identity. The loss of beta-cell identity
involves impaired expression of specific beta-cell transcription factors [37] which
leads to de-differentiation of beta-cells into progenitor cells or trans-differentiation

into other pancreatic islet cells, such as alpha-cells [38-44] (Figure 1.2).

Compromised beta-cell identity is emerging as an important contributor of beta-
cell dysfunction in T2D. Most evidence suggests that this identity loss results
from hyperglycemia-induced inactivation of transcription factors involved in ma-
ture beta-cell identity. Beta-cells with compromised identity gradually become
dysfunctional with defective insulin secretion in response to glucose. An integrated
mathematical model was developed in this work to study the underlying mech-
anisms that regulate two important beta-cell identity transcription factors and
regulators of insulin promoter activity, PDX1 and MAFA, and lead to their down-
regulation in the presence of chronic hyperglycemia. The aim of this work was to
investigate the loss of beta-cell function through loss of beta-cell identity in the

presence of chronic hyperglycemia.
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FIGURE 1.2: Possible mechanisms leading to beta-cell failure. Figure is taken
from [42].

1.4 Guide through the thesis

This section provides a brief outline of the different chapters enclosed in this thesis.

Chapter 2 presents a detailed description of the development and validation of the
system dynamics models (SDMs) of the system of social norms regarding body
weight perception and obesity prevalence. The outcomes of the simulations and

their interpretations are also discussed.

In chapter 3, the details of the method for inferring computational model from
cross-sectional data and the comparison of the method with longitudinal datasets
are provided. The outcomes of the method against different theoretical tests are

also discussed.

Chapter 4 presents a detailed description of the development and validation of the
Boolean network model of the pathways involved in insulin resistance and beta-cell

apoptosis, and a discussion of the simulation results obtained with this model.
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In chapter 5, a detailed description of the model development process and rate
equations for the compromised beta-cell identity model are provided. The outcomes
of parameter estimation, validation against experimental data and insights gained

from different scenario tests are also discussed.

Finally, the thesis is concluded with relevant discussions and future outlook in
Chapter 6.



Chapter 2

Social norms and obesity
prevalence: From cohort to

system dynamics models

2.1 Introduction

It has been argued that individuals are more likely to underestimate their own
body weight as obesity prevalence increases [2]. That is because body weight
perception, a determinant of overweight and obesity [3], is partly determined via
social comparison [4]. That is, the typical weight at the group level influences
how individuals evaluate their own weight [2]. Body weight perception is thus
affected by what is normal. It however also affects what is normal via its impact
on obesity prevalence, inducing feedback loops that may over time contribute to
group-level obesity. These feedback loops result in complex behaviour, possibly
inducing group-level obesity as an emergent property. An emergent property of a
complex system cannot plainly be derived from its parts and is more than a direct
outcome of their aggregation [45]. In addition, a complex system shows non-linear
behaviour, with a large disproportionality between its inputs and outputs [46],

which often results from the presence of feedback loops.

Previous research has indicated that norms affect individual dietary intake and
physical activity and it is difficult for individuals to change their weight-related

behaviour if others in their environment do not [6]. In fact, it has consistently been
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shown that weight loss resulting from interventions targeting individual weight-
related behaviour is likely to not be maintained [7]. One possible explanation is
that norms may counteract health awareness in shaping individual health-related
behaviour. In that regard, the relevance of addressing norms to change individual
health-related behaviour as a policy strategy has received attention with respect
to smoking [8]. That is, ‘the shifts in social norms (...) that occur as a result
of major tobacco control interventions and campaigns can strengthen smokers’
motivation to quit and commitment to staying quit’ [47]. Understanding the effect
of the feedback loops between individual characteristics and group-level processes
over time can guide similar policy strategies aiming to lower obesity prevalence, in

which justice can be done to influences at both levels.

System dynamics models (SDMs) can aid in understanding and simulating this
system’s emergent behaviour [9]. SDMs can reveal how variables interact by ex-
pressing the causal links between them using difference equations. Specifically,
system dynamics modelling is used to understand and simulate a complex system’s
non-linear behaviour in different scenarios [9]. This is valuable when evaluating
the effect of health awareness versus norms on group-level body mass index (BMI)

which is unfeasible using conventional empirical methods.

In this study, the system of social norms regarding body weight perception and
obesity prevalence was modelled using SDMs. These SDMs were designed to test
the hypothesis that as overweight becomes normal, the norm might be counteract-
ing health awareness in shaping individual weight-related behaviour. Hereto, an
expert-informed causal loop diagram (CLD) was designed to conceptualize this sys-
tem, which was subsequently used as a template for functioning SDMs. This system
consists of feedback loops between individual body weight perception, individual
weight-related behaviour and group-level norms towards body weight. These norms
can be conceptualized as a product of social comparison and cultural preferences
[4]: what is considered normal, i.e. group-level BMI, and ideal, i.e. socio-cultural
ideal BMI. The SDMs simulated this system’s behaviour for a multi-ethnic cohort
in Amsterdam (registered in the HELIUS study) [10], whose body weight percep-

tion was measured. This data was used to calibrate the SDMs.

This study was a proof-of-concept of studying feedback loops between individual
characteristics and group-level processes using computational modelling, with the

aim to simulate the effect of three scenarios on group-level BMI. These reflect
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the question ‘what if’ weight-related behaviour were driven (1) only by health
awareness, (2) only by norms and (3) by their interaction, i.e. health awareness

and norms.

2.2 Methods

This section contains details of (1) the formulation of the expert-informed CLD, (2)
the study population that was selected from the Amsterdam-based cohort whose
data was used to quantify this CLD, (3) body weight perception as it was measured
for this study population, (4) the conversion of the CLD to six SDMs using stocks,
flows, auxiliaries and constants, (5) the variables and equations that were used
in these SDMs, (6) the use of cross-sectional data for the quantification of the
SDMs, (7) the use of validation statements to validate this quantification and (8)
the scenarios that were tested using the validated SDMs.

2.2.1 Causal loop diagram

The expert-informed CLD of the system was formulated through iterative inter-
views, facilitating the integration of expert knowledge concerning public health,
healthy inequalities, dietary behaviour, sociology and anthropology. The resulting
diagram (Figure 2.1) shows these experts’ understanding of the system, depicting
its variables and causal links. Subsequently, the literature was used to confirm and

support each individual causal link proposed by the experts.

The CLD shows that an increase in individual BMI increases group-level BMI (CL1)
[4], which in turn drives up the norm (CL2) [4]. Socio-cultural ideal BMI also affects
the norm (CL3) [4] and represents the relatively stable socio-cultural perception
an individual has of the ideal BMI in their group, which induces an individual
variation in how the norm is regarded. Individual ideal BMI, representing the
BMI an individual strives for, is then driven both by the norm (CL4) [48] and
by knowledge of what a healthy BMI is (CL5) [48], creating a possible conflict
between these two influences. This sequence leading to individual ideal BMI drives
two feedback loops in parallel (R1 and R2). In R1, an increase in individual ideal
BMI increases food intake (total daily energy intake (TDEI)) (CL6) [49-52], which
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FIGURE 2.1: Causal loop diagram (CLD) of the system of social norms regarding
body weight perception and obesity prevalence. Variables are connected by
arrows indicating causal links, where a plus indicates that an increase in the
variable at the tail of the arrow constitutes an increase in the variable at the
head of the arrow whereas a minus indicates that an increase in the variable at
the tail constitutes a decrease in the variable at the head. Reinforcing feedback
loops R1 and R2 and balancing feedback loop B1 are indicated with loop symbols.

then increases BMI (CL7) [53]. In R2, this increase in individual ideal BMI causes
a decrease in physical activity level (PAL) (CL8) [50, 54, 55] and consequently in
total daily energy expenditure (TDEE) (CL9) [56], which similarly increases BMI
(CL10) [53]. TDEE is also influenced by basal metabolic rate (BMR) (CL12) [57],
which increases as BMI increases (CL11) [57], causing a balancing feedback loop
(B1).

2.2.2 Study population

The CLD was then converted to SDMs, which required data that can quantitatively
represent the CLD’s variables. Therefore, the multi-ethnic HELIUS study [10] was

used, in which data on characteristics reflecting these variables were collected.

The data include characteristics concerning sex, age, ethnicity, education, BMI and

body weight perception for each individual. These data were collected through
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questionnaires/interviews, except for BMI which was obtained using a standard-
ised methodology during a physical examination [10, 58]. Individuals with missing
values for any of these characteristics were excluded. Ethnicity was based on an in-
dividual’s country of birth and those of his/her parents [10, 58], where an individual
was regarded of non-Dutch ethnic origin when they were born abroad with one or

two parent(s) born abroad or born in the Netherlands with two parents born abroad

[10, 58]. BMI was calculated as g;‘;ﬁé [57], averaged over two measurements taken
while individuals were barefoot and lightly clothed [10, 58]. Body weight perception
was self-reported [58]. In each of the groups, only those individuals were selected
who have ‘lower vocational schooling or lower secondary schooling’ or ‘intermediate
vocational schooling or intermediate/higher secondary schooling’ [10] as the highest
educational level obtained. By selecting only certain education segments, educa-
tional differences could be disregarded when analysing the results. This resulted
in 5,299 participants (Dutch men: n = 753; Moroccan men: n = 774; South-Asian
Surinamese men: n = 839; Dutch women: n = 848; Moroccan women: n = 1,086;
South-Asian Surinamese women: n = 999). Education, classified into four groups:
“no schooling or elementary schooling only”, “lower vocational schooling or lower
secondary schooling”, “intermediate vocational schooling or intermediate/higher
secondary schooling”, and “higher vocational schooling or university”, was self-
reported and determined according to the highest qualification that was gained

either in the Netherlands or the country of origin [10, 58].

Six SDMs were constructed for three ethnic groups from this cohort, based on
the hypothesis that norms influence individuals to a different extent in cultures
that contrast concerning the degree of individualism/collectivism. The positions
of these cultures were defined on the dimension of individualism/collectivism as
previously identified based on the Hofstede model, a well-established paradigm
for comparing cultures [59]. Here, collectivism, versus its opposite individualism,
is ‘the degree to which people in a society are integrated into groups’ [59]. Ac-
cordingly, SDMs were constructed for three groups that differ in the degree of
individualism /collectivism. These were then stratified by gender, as the influence
of norms on women is expected to be greater [60], resulting in six groups. These
are Dutch (‘individualistic’) [61], Moroccan (‘collectivistic’) [61] and South-Asian
Surinamese (Suriname—'slightly collectivistic’ [61]; South-Asian ancestry from In-
dia [62]—'both collectivistic and individualistic traits’) [61] men and women. Con-

structing an SDM for each of these groups implies the assumption that, specifically



16 2.2. Methods

for social comparisons of body weight, a member of one group is unaffected by the
individuals in other groups. This assumption was based on the similarity hypothe-
sis that ‘comparison with targets that are close on a variety of dimensions, such as
age, gender, or family ties, have a greater affective impact’ [4]. Thus, it is expected
that individuals are most likely to compare themselves to others from their own

socio-cultural group.

Differences in body weight perception between these socio-cultural groups were ver-
ified with statistical analyses using Kruskal Wallis H tests (an analysis of variance
(ANOVA) test could not be used as parametric assumptions were violated), fol-
lowed by Dunn’s post-hoc tests, as well as two-sample Kolmogorov-Smirnov tests.
Distributions between ethnic groups of the same gender and between male and
female groups of the same ethnicity were compared, as it does not make sense
to compare groups of both different ethnicity and different gender with respect to
body weight perception. The idea was to test for any differences among the groups’
distributions, not only those based on their mean ranks (as can be detected with
the Kruskal Wallis H tests). This was because the distributions were considered
as energy landscapes, and hence it was tested to see whether the landscapes differ
among the groups. For this purpose, the two-sample Kolmogorov-Smirnov test
was used. However, this test can only be used for comparing two groups, whereas
distributions between ethnic groups of the same gender (three groups) also needed
to be compared. Therefore, the Kruskal Wallis H tests were used to compare
ethnic groups of the same gender (Table 2.1 and Table 2.2) and the two-sample
Kolmogorov-Smirnov tests were used to compare male and female groups of the
same ethnicity (Table 2.3) (both p<0.05). After the Kruskal Wallis H tests, Dunn’s
post-hoc tests (p<0.05) were performed to investigate the pairwise differences be-
tween ethnic groups of the same gender. This was done to pinpoint which specific
mean ranks differ significantly from the others. These tests showed that the mean
ranks and distributions of the characteristics regarding body weight perception:
perceived BMI, individual ideal BMI (IIB), and socio-cultural ideal BMI (SCIB)
at t = 0, were significantly different among the six groups. At least one pairwise
difference was found in each Kruskal Wallis H test. Dunn’s post hoc tests showed
that for perceived BMI, IIB, and SCIB, all pairwise comparisons were significant
among both male and female groups. Based on these statistical analyses it was con-
cluded that there is significant diversity in body weight perception among Dutch,

Moroccan, and South-Asian Surinamese men and women.
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TABLE 2.1: Results of Kruskal Wallis H tests to compare mean ranks between
ethnic groups of the same gender (male groups).

Dutch | Moroccan Sou’fh-Asw\n
Surinamese
men men men
(n=753) | (n=774) (n=839)
median median median af 9
kg/m? kg/m? kg/m’ X Y
Perceived
BMI 25.37 25.95 25.32 2 | 84.028 <0.01
Individual
ideal BMI 25.37 25.95 25.32 2 | 468.476 | <0.01
(IIB)
Socio-cultural
ideal BMI 25.37 25.95 25.32 2 | 414.918 | <0.01
(SCIB)
TABLE 2.2: Results of Kruskal Wallis H tests to compare mean ranks between
ethnic groups of the same gender (female groups).
Dutch | Moroccan Sou’?h-As1an
Surinamese
women women women
(n=848) | (n=1086) (n:999)
median median median af 9
kg/m? kg/m? kg/m’ X Y
Perceived
BMI 25.02 25.73 25.06 2 | 111.707 | <0.01
Individual
ideal BMI 22.18 22.75 22.47 2 1 312.060 | <0.01
(IIB)
Socio-cultural
ideal BMI 22.18 22.75 22.47 2 1 322.390 | <0.01
(SCIB)

2.2.3 Body weight perception

For the HELIUS study cohort, perceived BMI was determined via questionnaires,

asking each individual to indicate which image they most looked like on a ran-

domly ordered version of the body image scale developed by Pulvers et al. [63]

(Figure 2.2).

For all groups, each image was mapped to a corresponding measured BMI, where

each image was represented by the average BMI for all individuals that selected
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TABLE 2.3: Results of two-sample Kolmogorov-Smirnov tests to compare dis-

tributions between male and female groups of the same ethnicity.

Men and Moroccan Sou’?h-Asmn
Dutch men Surinamese
women men and
and women men and
(pooled) women
women
D- D- D- D-
statis- | p statis- | p statis- | p statis- | p
tic tic tic tic
Eizclelved 0.194 | <0.01 | 0.348 | <0.01 | 0.273 | <0.01 | 0.207 | <0.01
Individual
ideal BMI | 0.589 | <0.01 | 0.612 | <0.01 | 0.615 | <0.01 | 0.542 | <0.01
(IIB)
Socio-
cultural
ideal BMI 0.621 | <0.01 | 0.664 | <0.01 | 0.616 | <0.01 | 0.590 | <0.01
(SCIB)

MEN

WOMEN

FI1GURE 2.2: Body image scale.

that image as their perceived BMI (Table 2.4). In addition, each individual was
asked which image they would prefer to look like and which image they thought
others in their environment would find most attractive. The answers to these two
questions were used to quantitatively represent individual ideal BMI and socio-
cultural ideal BMI, respectively, based on the above-mentioned calibration. A
visual representation of the calibration between perceived BMI as indicated by the

body image scale and average measured BMI for each group is given in Figure 2.3.
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TABLE 2.4: Perceived body mass index (BMI) (body image scale) in kg/m?
corresponding to average measured BMI per group.

South- South-
Dutch Moroc- Asia.m Dutch Moroc- Asiz.an
can Surina- can Surina-
Image | men men mese women | women mese
(n=753) (n=774) | men (n=848) (n=1086) | women
(n=839) (n=999)
1 20.1 19.3 20.8 18.5 18.6 20.4
(n=10) (n=14) (n=22) (n=9) (n=25) (n=18)
5 22.0 21.8 20.9 20.2 20.3 21.1
(n=70) (n=61) (n=T74) (n=76) (n=89) (n=75)
3 23.0 23.6 23.2 22.2 22.8 22.5
(n=146) | (n=157) | (n=151) | (n=202) | (n=215) (n=172)
4 25.4 26.0 25.3 25.0 25.7 25.1
(n=234) | (n=254) | (n=230) | (n=263) | (n=293) (n=236)
5 28.4 29.1 27.8 28.1 28.4 27.8
(n=243) | (n=227) | (n=299) | (n=168) | (n=242) (n=240)
6 32.2 31.8 31.2 31.5 31.6 30.9
(n=36) (n=38) (n=38) (n=71) (n=114) (n=132)
7 33.0 34.1 31.7 34.2 34.0 32.0
(n=10) (n=15) (n=16) (n=40) (n=67) (n=69)
3 38.0 33.3 34.8 38.0 37.7 34.2
(n=2) (n=6) (n="7) (n=14) (n=33) (n=44)
9 40.2 36.3 41.9 41.7 39.8 40.0
(n=2) (n=2) (n=2) (n=5) (n=8) (n=13)

2.2.4 Stocks, flows, auxiliaries and constants

Using these data, the CLD was then converted into six SDMs. The structure of the

SDMs was considered representative for each of the groups, but quantification of

the strengths of the causal links for each SDM was dependent on each group’s data.

From here onward, the conceptual variables in the CLD are defined as quantifiable

variables based on the cohort data (see Section 2.2.5).

The SDMs’ structure (Figure 2.4) was designed to mirror the CLD but contains a

number of additional variables (e.g. ‘Age’ and ‘Height’) that were necessary to meet

the mathematical and structural SDM requirements. These requirements have been
described in detail elsewhere [64-68]. To facilitate the conversion of the CLD into

six SDMs, the CLD’s variables were classified into stocks, flows, auxiliaries and

constants. A stock represents a ‘concrete aspect [...] of the system that can be
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FIGURE 2.3: Visual representation of the calibration between perceived BMI as
indicated by the body image scale and mean measured BMI for each group. The
solid line represents the linear regression line between the dependent variable y
= perceived BMI as indicated by the body image scale, and the independent
variable x = mean measured BMI. Accordingly, the dots represent the mean
measured BMI corresponding to each of the nine images from the body image
scale.

seen and measured’ (‘Weight’ in Figure 2.4), whereas a flow is connected to a stock
and determines how it changes over time; it can be perceived as a rate (e.g. “Weight
loss rate’) [68]. An auxiliary is ‘any dynamic variable that is computed from other
variables at a given time’ (e.g. ‘BMI’), whereas a constant is a variable that does

not change during the simulation (e.g., ‘Height’) [69].

2.2.5 Variables and equations

The variables are formulated based on the cohort data (Table 2.5) and are displayed
in italics. The SDMs’ structure is represented by a list of equations (Table 2.6),
that take the values corresponding to all variables in Table 2.5 for a given individ-

ual as inputs and generates their values for the next time point as outputs. These



Chapter 2. Social norms 21

Individual Group
Individual ideal
Intent to change By BMI
physical activity Norm
behaviour * Physical activity / Healthy BMI
level Discrepancy
) bgt\.l:een BMI and Socio-cultural
Intent to change individual ideal BMI ideal BMI 7
eating behaviour * Median BMI
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FIGURE 2.4: System dynamics model (SDM) mirroring the expert-informed
causal loop diagram (CLD) of the system of social norms regarding body weight
perception and obesity prevalence. Variables are connected by arrows indicating
causal links. The stock is shown as a box (variable name displayed in bold,
i.e. ‘Weight’), whereas flows are displayed as thick arrows (regulated by valves,
variable names are underlined). Auxiliaries and constants are indicated in regu-
lar font and italics, respectively. Optimized parameters and constants based on
initial values from the cohort data are marked with * and f, respectively.

equations should be solved in the order as defined in Figure 2.4 (starting from //B
(individual ideal BMI) and following the causal links). These equations ensure that
dimensional consistency is preserved within the SDMs, that is, the units between
the left- and the right-hand side of all equations are consistent [64-68]. The de-
scriptions of the different variables, and their updating procedures are described

below.

Anthropometric and demographic variables

These variables are directly derived from the cohort data, where H (height) and

Age are constants. BMI is calculated at each time step as

(2.1)



TABLE 2.5: Description of variables used in the system dynamics models (SDMs).

Variable Abbreviation Units Type
Gender - - -
Anthropometric and | Ethnicity - - -
demographic Weight W kg Stock
variables Height H m Constant (initial value)
BMI BMI kg /m? Auxiliary
Median BMI MedBMI kg/m? Auxiliary
Age Age years Constant (initial value)
Individual ideal BMI 1B kg/m? Auxiliary
Body weight Socio-cultural ideal BMI SCIB kg/m? Constant (initial value)
perception Norm Norm kg/m? Auxiliary
variables Eﬁf\fie(szﬁci}(]i:zitgi?{? BMTI and Discrepancypmianans | kg/m? Auxiliary
Healthy BMI HB kg/m? Constant
Physical activity level PAL - Auxiliary
Total daily energy intake TDEI keal /day Auxiliary
Energy Total monthly energy intake TMEI kcal /month Auxiliary
balamee Basal metabolic rate BMR kcal /day Auxiliary
variables Total daily energy expenditure TDEFE kcal /day Auxiliary
Total monthly energy expenditure | TMEFE kcal /month Auxiliary
Weight gain rate Rateweightgain kg/month Flow
Weight loss rate Rateweightioss kg/month Flow
Optimised g}lf;srizatlo a((:zl’ziai%; behaviour Intentppp 1/kg/m? Constant
parameters Intent to change eating behaviour | Intentgp (kcal/day)/kg/m? | Constant
Fitted Impact of healthy BMI on
parameter individual ideal BMI Impactuponns ) Constant

GG

SPOYIBIN "¢’
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(Equation (7) in Table 2.6) [57], where W (weight) is updated according to Equa-
tion (6) in Table 2.6. MedBMI is the median BMI of the group (Equation (9) in
Table 2.6) and is also updated at every time step.

Body weight perception variables

The updating procedure for /1B takes HB (healthy BMI), Norm and Impactyponns
(impact healthy BMI on individual ideal BMI) into account (Equation (1) in Ta-
ble 2.6). HB is defined as a constant that equals 22.5 kg/m? for all groups, repre-
senting a conservative estimate of a healthy BMI and corresponding to the cut-off
point for an elevated type 2 diabetes risk [70, 71]. The updating procedure for
Discrepancypmianans (discrepancy between BMI and individual ideal BMI) is then
defined by the difference between BMI and IIB at a particular time step, which
describes the gap between the BMI an individual has and the BMI they would like
to attain (Equation (2) in Table 2.6).

Norm is defined as the average between a group’s MedBMI (median BMI), rep-
resenting group-level BMI, and the respective individual’s initial value for SCIB
(socio-cultural ideal BMI) (Equation (10) in Table 2.6). The median is selected
here, as opposed to the average, because it is hypothesized that an individual might
be inclined to alter their BMI based on the frequency of individuals in their group
with a different BMI. The average is considered unsuitable as it would also be af-
fected by a relatively small fraction of the group with a different BMI, which is not
expected to change the behaviour of most individuals. The initial value for SCIB
is used as a constant, which via the calibration explained in Section 2.2.3 could
be derived from the cohort data. This initial value for SCIB is used as a constant
to introduce individual variation to the norm, as it represents the socio-cultural
perception an individual has of the ideal BMI in their group, which is considered
to be relatively stable. Note that both MedBMI and SCIB are allowed to exert an
equal influence on Norm, that is, the most conservative ratio of 50/50, as research

that has specifically addressed this issue is not known.

Equation (1) in Table 2.6 is formed by rewriting the output of regression through

the origin between distance Norm and HB, represented by

= Norm — HB
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TABLE 2.6: The list of equations that represents the system dynamics models

(SDMs).
Cau-
Equation sal
link
(2)  Discrepancygypanaus, = BM I — 11B,
(3)  PALyy = PALi—o + Intentpap X Discrepancypyiandris, CLS8
(4) TDEIyy =TDEIi—y+ Intentgp X Discrepancygyiandiisy CL6
CL9,
(5) TDEEt+1 - BMRt X PALt+1 CL12
Wt-‘rl = Wt + (RateVVeightgain - Rat@Weightloss)
© =W (g - Dz i
L10
TDEI 11 TDEEy 11
=W+ < 7700 X %_ 700 X %)
73xTDEI, 73xTDEE;
=W+ ( T X18480 +1>
(7)  BMIy, = 5%
Age,_y 18-30 | BM Ry 1 = 15.057 x W41 +692.2
Men | Age,_, 30-60 | BM Ry 1 = 11.472 x Wy, + 873.1
t=0
Aget:o Z 60 BMRt+1 =11.711 x Wt+1 + B&T.7
(8)  BMPRu Age,_, 1830 | BM R, = 14.818 x W, + 486.6 CL1
Wo- t=0 + +
Age,_y 30-60 | BM Ry = 8.126 x W1 + 845.6
men 0
Age,_y > 60 | BM R =9.082 x W1 +658.5
(9) MedBMI1 = Median(BMIy) CL1
edian t = CLQ,
(10) Normy., = Med BMI;H—SCIB -0 s

and distance Norm and IIB, i.e.

y= Norm — IIB,

which is conducted for each group. This provides the value for Impactypennp for

each group, given by

Norm — I1B = Impactyg,,up X (Norm — HB),

which can be rewritten to get Equation (1) given in Table 2.6. The value for

Impactygonnp is thus determined directly from the cohort data, where the inter-

pretation of Equation (1) in Table 2.6 is that IIB is a weighted average of HB
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TABLE 2.7: Values for Impactuponis for each group.

Socio-cultural group Impactyponiis
Dutch men 0.21
Moroccan men 0.18
South-Asian Surinamese men 0.27
Dutch women 0.37
Moroccan women 0.47
South-Asian Surinamese women | 0.51

and Norm, where Impactygonis determines the relative weight of each. A larger
Impactyponnis implies a larger effect of HB on IIB and, as a consequence, a lower
effect of Norm on IIB. This is based on the assumptions that 1) if Norm equals
HB, then IIB equals HB; implying that individuals prefer to be healthy and 2) HB
and Norm work against each other. The values for Impactyponis for each group

are given in Table 2.7.

Impactyponni can also be regarded as uniquely determining an individual’s be-
haviour with respect to HB and Norm , as is shown using Figure 2.5. Here each
blue dot represents 1-370 individuals that have that particular combination of dis-
tance Norm and HB and distance Norm and IIB. If Impactygonns is close to 0, an
individual does not let their IIB deviate from their perception of the norm, even
if that perception of the norm is far from healthy. Conversely, if Impactygonnis
is close to 1, the more equal IIB and HB are for an individual, i.e. the more
that individual adapts what they strive for based on what is healthy, regardless of
their perception of the norm. Accordingly, when the regression is plotted through
the origin line in Equation (1) in Table 2.6, the line for Impactygonrrp = 1, and
the line for Impactygonirp = 0, the separate regions of the plane can be divided
defined by distance Norm and HB and distance Norm and IIB created by these
lines according to different behaviours with respect to HB and Norm. As shown
in Figure 2.5, the values for Impactgpons fall between 0 and 1 for each group.
This implies that the assumptions are representative of the average behaviour of
all individuals in a particular group, as depicted in the region shaded in green in
Figure 2.5. The behaviour for Moroccan men and Dutch women are shown as they
represent the groups that on an individual level behave the most and the least,
respectively, according to the assumptions. For Moroccan men, it is shown that for
most individuals their //B is indeed lower than the norm, but higher than healthy.

For Dutch women, even though the regression through the origin line falls in the
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region shaded in green, many individuals in fact strive to be thinner than both the
norm and healthy, i.e. in the region shaded in red. Conversely, individuals that
strive to be heavier than both the norm and healthy fall in the region shaded in
blue.

Descriptive characteristics of the study population at t = 0 corresponding to the

SDMs’ variables are presented in Table 2.8.

Energy balance variables

PAL (physical activity level) at ¢ = 0 is estimated based on the SQUASH (Short
QUestionnaire to ASsess Health-enhancing physical activity) validation study, where
PAL was determined for a sub-sample of the HELIUS study cohort (n=500) us-
ing a combined accelerometer and heart rate measurement device (Actiheart) [72].
This study shows that the mean PAL of individuals adhering to the Dutch physi-
cal activity norm is 1.65 (no units: expressed as TDEE/BMR, where TDEE and
BMR refer to total daily energy intake and basal metabolic rate, respectively)
[57], whereas the mean PAL of individuals not adhering is 1.6 [72]. This cut-off
point is extrapolated to all individuals in the study population, based on an avail-
able binary variable indicating whether an individual adheres to the norm. The
PAL of adhering individuals is rounded up to 1.7 to correspond to accepted cut-off
points [57] of 1.40-1.69 for a sedentary/light activity lifestyle and 1.70-1.99 for an
active/moderately active lifestyle. Accordingly, a value of 1.7 is assigned to adher-
ing individuals and 1.6 to those that do not. PAL is updated at each time step
according to Equation (3) in Table 2.6. This equation also takes PAL at t = 0
into account as a constant so that an individual’s value for PAL does not deviate

significantly from their initial value to ensure that PAL evolves smoothly over time.

BMR is estimated at each time step based on the Schofield equation (Equation (8)
in Table 2.6), which takes sex, Age, and W into account [57].

For TDEI (total daily energy intake) and TDEFE it is assumed that individuals
are weight stable at ¢ = 0, thus the initial value of TDFEI is set equal to the value
of TDEE. After this, TDFEI varies at each time step according to Equation (4) in
Table 2.6, taking TDFEI at t = 0 into account as a constant to ensure that TDEI

evolves smoothly over time.
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FI1GURE 2.5: Regions corresponding to different behaviours with respect to HB
and Norm. Each blue dot represents 1-370 individuals that have that particular
combination of distance Norm and HB and distance Norm and IIB. The distance
between Norm and HB (x-axis) can only have a limited amount of values. This
is because Norm depends on MedBMI and SCIB, where SCIB only has nine
possible values (as it is estimated based on the body image scale), and because
HB is the same for all individuals (22.5 kg/m2). The distance between Norm
and IIB (y-axis) can only have a fairly limited amount of values because there
are also only nine possible values for IIB (as it is estimated based on the body
image scale).



TABLE 2.8: Descriptive characteristics of the study population at t = 0, where median values for all descriptives are provided in

accordance with the use of BMI.

South-Asian

South-Asian

Dutch Moroccan . Dutch Moroccan .
Surinamese Surinamese

men men men women women women

(n=753) | (n=774) (n=839) (n=848) | (n=1086) (n=999)
Age (years), median (IQR) 52 (24) 39 (18) 46 (23) 51 (20) 33 (18) 48 (18)
BMI (kg/m?), median (IQR) 25.6 (5.0) |26.2 (5.2) 25.4 (4.5) 24.8 (6.3) | 26.1 (6.9) 26.0 (6.6)
BMI > 25.0 kg/m?* (%) 57.2 62.7 55.5 48.2 59.4 57.6
IIB (kg/m?), median (IQR); 25.4 (2.4); | 26.0 (2.3) 25.3 (2.1) 22.2 (2.8) |22.8(3.0) 22.5 (2.6)
mean + SD * 246 £ 1.8 | 2563 +£1.6 | 245+ 1.6 23.0 £ 23 | 23.7+24 |23.6+23
SCIB (kg/m?), median (IQR); 25.4 (2.4); | 26.0 (2.3) 25.3 (2.1) 22.2 (2.8) |22.8(3.0) 22.5 (2.6)
mean + SD * 247+ 1.8 | 254 £2.0 | 24.7 £ 2.2 2294+ 23 | 23.8 £29 |23.6+27
Norm (kg/m?), median (IQR) 25.5 (1.2) |26.1(1.2) 25.4 (1.0) 23.5 (1.4) | 24.4 (1.5) 24.2 (1.3)
Discrepancy between <0 (%) | 12.2 18.7 14.1 3.1 9.5 4.0
perceived BMI and IIB | = 0 (%) | 38.8 34.6 34.2 31.6 25.0 24.9
(kg/m?) 1 >0 (%) | 49.0 46.6 51.7 65.3 65.6 71.1
PAL 1.6 (%) | 27.5 45.0 41.1 24 .4 58.5 49.3

1.7 (%) | 72.5 55.0 58.9 75.6 41.6 50.8

TDEI (kcal), median (IQR) 3002 (448) | 2981 (379) | 2854 (398) 2354 (297) | 2332 (308) | 2251 (273)
BMR (kcal), median (IQR) 1797 (267) | 1800 (216) | 1727 (229) 1402 (176) | 1422 (174) | 1370 (162)

8¢

SPOYIBIN "¢’



Chapter 2. Social norms 29

TDEF is calculated at each time step as

TDEE; ;1 = BMR, x PAL,1. (2.2)

TDFEFE is defined based on PAL and BMR, so that it can be estimated independent
of self-reported energy intake, which is often unreliable [73]. TMEI (total monthly
energy intake) and TMEE (total monthly energy expenditure) can be derived from
their daily counterparts by multiplying them by 365/12 (average number of days/
month) (Equation (6) in Table 2.6).

Rateweightgain (Weight gain rate) and Rateweightioss (Weight loss rate) are calculated
by converting TMEI and TMEE from kcal/month to kg/month (Equation (6) in
Table 2.6). Here, it is assumed that a surplus of 7,700 kilocalories accounts for a

one kilogram increase in weight [74, 75].

2.2.6 Cross-sectional data

The HELIUS data are cross-sectional; however, to construct operational SDMs,
data from multiple time points are required. There are several techniques in the
literature for estimating pseudo-longitudinal data from cross-sectional data, which
include employing distance metrics and graph theoretical operations [76-83]. They
aim to construct realistic trajectories through the feature space by using techniques
such as ordering of the data-points and selecting start-points and end-points based
on known class labels. For instance, one way to order data-points is by assuming
that the label ‘healthy’ precedes the label ‘diseased’. Another way to order biolog-
ical samples or RNA-seq data is by using their gene expression levels. Of course,
these methods rely on the presence of suitable variables in the dataset, as well as

the assumptions about how these labels induce an ordering.

In contrast, the method proposed in this work generated pseudo-time series data
from the available cross-sectional data by generating a set of qualitative ‘data-
generating assumptions’. These assumptions are based on the system’s temporal
behaviour that is expected to exist across all groups. An example of such assump-
tions is that, on average, an individual can lose 2 kg/month [11, 12]. Here, linear

dynamics was assumed for the system’s short-term behaviour. The time steps in the
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SDMs were assumed as months in this study to identify an approximate timescale
of the system’s behaviour. However, this timescale is not exact, and therefore, the
relative trends are more important to interpret than the exact timescale they occur

on.

The values for the parameters Intentpap and Intentgg were optimized such that
the SDMs reproduced the data-generating assumptions and fit the cohort data.
Intentpap and Intentgg represent the change that individuals make in physical
activity behaviour (changing their PAL) and eating behaviour (changing their
TDEI), respectively, based on how much their BMI differs from their IIB (cap-
tured in Discrepancypmianans)- LThe basin-hopping optimization method was used
to find the optimal values for these parameters [84]. The basin-hopping algorithm
[84] was selected because this algorithm is generally efficient in finding the global
optimum in the presence of large number of local optima. This algorithm is essen-
tially a stochastic gradient-descent algorithm, where the height of the landscape
represents the model fit error (cost). This strategy allows the algorithm to avoid
getting stuck in a local optimum (minimum cost). If a randomly proposed move
improves the solution (reduces cost) then it is always accepted. Otherwise, the
algorithm accepts the move with some probability less than 1, which decreases
exponentially with the increased cost of the move. Over time the probability of
accepting such a ‘bad” move decreases to zero to ensure convergence. The SciPy
basin-hopping function (scipy.optimize.basinhopping) was used to perform the op-
timisation. The default values for all parameters were used in this function except
the take_step and niter_success parameters. Since Intentgp (intent to change eat-
ing behaviour) and Intentpap (intent to change physical activity behaviour) are of
different scales, their step sizes should be different: Intentgg should have a larger
step size compared to Intentppg. To take this difference into account a custom
step taking function was defined and called through the take_step parameter. The

parameter niter_success was set to 50.

Six sets of two optimized parameter values were generated: one set for each group.
The parameter values were optimized using a cost function that was designed
to include a mathematical representation of each of the data-generating assump-
tions. This cost function enables the introduction of a temporal aspect to the
available cross-sectional data by constraining the parameter space for Intentpag

and Intentgp to include only SDMs which satisfy the data-generating assumptions.
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FIGURE 2.6: Energy landscape and behaviour of attractor for stock s. The green
dot represents the attractor point (Septimal) Which is at stock value s=0 and the
red dots represent the individuals, whose motion is towards the attractor point
as indicated by the red arrows.

That is, the cost function can be thought of as implicitly placing a next time point
in the data for each individual (resulting in a so-called pseudo-time series) and then
evaluating how far off a given SDM is from reproducing this second data point.
These optimized parameter values thus correspond to the SDM that best fits the

cohort data for that group in conjunction with the data-generating assumptions.

2.2.7 Data-generating assumptions

In the field of computational modelling, the underlying dynamics of certain com-
plex systems can be operationalised in terms of an energy (or attractor) landscape,
inspired by statistical mechanics and Hamiltonian dynamics [85]. In short, an en-
ergy landscape assigns an energy value to a particular sequence of values for the

variables (configuration). The energy value of a configuration is inversely related
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to its likelihood: a configuration with a lower energy value has a higher likeli-
hood. The intuition is that the system configuration will explore slightly different
configurations around its current state, and statistically is more likely to ‘choose’
a new configuration with lower energy (downhill as shown by the red arrows in
Figure 2.6). The stocks within an SDM represent the dimensions of the energy
landscape, so in the present case the energy landscape has only one dimension (of
the stock W). The configurations with the lowest energy value in the energy land-
scape are called the attractor points and they “correspond to stable equilibrium
states” for the stocks [86].

In the present study, the following assumptions were made about the energy land-
scape shown in Figure 2.6 and the updating procedure of the stock value s for each

individual:

Assumption 1: Over iterations ¢ the stock value s; — Soptimal @8 ¢ — 00. In
Figure 2.6, this is represented by soptimal = 0 (the green dot) as the attractor point.
This means that the expected value of individuals are modelled, i.e. no noise effects
(random fluctuations) are modelled. As a consequence, the population variance

should decrease monotonically over time.

Assumption 2: The energy landscape is convex and shallow. The latter is intended
to make the instantaneous change per time unit small enough to warrant a linear
approximation of causal effects (linear response theory), and to exclude patholog-
ical cases such as a delta function. Note that this linear approximation describes
individual causal links; the response of the system over time may still be non-linear.
This implies that each individual, 7, is slowly moving towards the attractor point

Soptimal, and their displacement sf; 1= s,ﬁ per time step is very small.

Assumption 3: All individuals (red dots in Figure 2.6) are symmetrically dis-
tributed in the neighbourhood of sgptima. This allows identifying the position of
Soptimal @S the center point of the point cloud of the individuals. Also, as a con-
sequence, the displacements s! 1 st of all individuals are expected to add up to

Zero.

Assumption 4: Following from assumptions 1 and 2, for all individuals near sqptimal,

E
lim — — 0, (2.3)
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(a, fla))

Y= f'(a)(x—a)+ f(a)

FIGURE 2.7: Illustration of local linearity [87]

which leads to the approximation of local linearity as explained in the following

paragraph.

The updating procedure of each variable value for each individual at each time
step is assumed to be a linear function of other variables in the system. The
rationale is that non-linear behaviour cannot be inferred from data at a single
time point. This approximation of local linearity is convenient for modelling short
time spans and/or small changes of variables, as locally the slope of every smooth
curve is approximately linear (Figure 2.7). This implies a limited range of validity
(variables may not vary strongly) and therefore this work is only concerned with

short-term dynamics in these proof-of-concept SDMs.

In the present study, only the deterministic (conforming) tendency of individuals as
driven by norms was modelled, i.e. the next downhill state in the energy landscape
was always selected. Non-conforming events can be modelled as noise (occasional
uphill movements) and can be used to explain the current variation around the
attractor point (not everyone in the cohort is driven purely by norms), but here
the focus was only on the deterministic tendency to the attractor point. The
consequence of this is that the variation of values for W was under-estimated in
the predictions (i.e. it was assumed that the weight of all individuals tends to the
attractor point as driven by norms). This is acceptable in this case because the
variation is not part of the research question, but it can easily be added in the

future.
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For each group, the ‘small’ average displacement in assumption 2 was represented
in the form of a parameter a. This parameter was defined as the average absolute

displacement (for standardised data) expected in each time step.

The dataset was first standardized to have zero mean and unit standard deviation
(SD) because under the restriction of linear causal relations the only possible loca-
tion for a single attractor is the zero vector s = 0. Standardisation occurs through

applying the formula:

Toriginal — M
Lstandardised = f (24)

The state vector at t = 0 was standardised as:
sppdardised 220~ Porzo (2.5)

So, the state vector at t = 0 has zero mean and unit SD. When standardising the
state vector at ¢t = 1, its SD was assumed to be less than 1 since the state vectors
are moving towards the zero vector, thereby decreasing their variance. So, the
state vector at t = 1 was standardized by dividing by the SD of the state vector at
t = 0 and not by the SD of the state vector at t = 1.

: St=1 — Hss—
Sit:a{ldardISOd — —tl‘ (26)

The value of o can be calibrated to match the amount of change that individuals
on average experience in a certain time span, defining the time scale of the SDMs,
which was selected to correspond to one month. The timescale of the model was
determined by the choice of a but cannot be determined exactly without tem-
poral data. Accordingly, a represents the average displacement, meaning that %
represents the number of time steps it takes for an individual to reach a close ap-
proximate of the attractor point. That is, if &« = 0.2, then an individual reaches a
close approximate of the stable value for W as driven by norms in five time steps.
As it cannot be determined exactly what the attractor point s, of W is, for the
purpose of approximating the value of « for each group, the attractor point was

assumed to be the average weight for that group. The value of a was estimated
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TABLE 2.9: The fitted « value for each group.

South- South-
Dutch | Moroccan | Asian Dutch | Moroccan | Asian
men men Surinamese | women | women Surinamese
men women
ao | 0.159 0.169 0.172 0.150 0.157 0.162

such that an individual can on average lose 2 kg of weight per month (i.e. the
amount of change that individuals on average experience in a certain time span),
which is in line with the literature addressing healthy weight loss [11, 12]. The role
of a is to scale the curves along the x-axis, implying that the relative ordering of
the curves remains the same for any value of a and accordingly making the exact

value of « of secondary importance. The fitted « values are given in Table 2.9.

The optimised parameters are constrained as Intentpag > 0 and Intentgg < 0,
which are based on Equation (3) and (4) for the SDMs in Table 2.6.

PAL; 1 = PALi—g + Intentpap X Discrepancygmiandiis, (2.7)

TDEIy =TDFEIi—g+ Intentgp X DiSCTGpCLTlCZ/BMIandHBt (28)

This constraint is a sanity check: Intentpap and Intentgp represent the change
that individuals make in physical activity behaviour (by changing their PAL) and
in eating behaviour (by changing their TDET) based on how much their BMT differs
from their IIB (which is captured in Discrepancypmianans (discrepancy between
BMI and individual ideal BMI). Accordingly:

o If Discrepancygmiananis < 0, individuals think they should gain weight;

e if Discrepancysgmrananie = 0, individuals are satisfied with their weight;

o if Discrepancysmianans > 0, individuals think they should lose weight.
Based on Discrepancygmianans, the new values for PAL and TDEI were calculated
based on the hypothesis that individuals want to change their eating behaviour and

their physical activity behaviour depending on their (dis)satisfaction with their

weight. This was done by multiplying Discrepancygyranans With Intentpag to
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calculate the change in PAL to determine PAL at the next time step and by mul-
tiplying Discrepancygmianaiis With Intentgg to calculate the change in TDEI to

determine TDEI at the next time step.

Therefore, Intentpap should always be positive:

o If Discrepancypmiananie < 0, this results in a negative change in PAL at the

next time step (reduce physical activity and gain weight);

o if Discrepancypyianans = 0, the multiplication becomes zero (same physical

activity and same weight);

e if Discrepancygmianaiis > 0, this results in a positive change in PAL at the

next time step (increase physical activity and lose weight).

Similarly, it can be said that Intentgg should always be negative:

o If Discrepancygmiananis < 0, this results in a positive change in TDEI at the

next time step (eat more and gain weight);

e if Discrepancypmianans = 0, the multiplication becomes zero (eat the same

and keep the same weight);

e if Discrepancygniananis > 0, this results in a negative change in TDEI at the

next time step (eat less and lose weight).

Using these assumptions, a cost function was designed that enables the introduction
of a temporal aspect to the available cross-sectional data. That is, a cost function
was used to constrain the parameter space to include only SDMs which satisfy these
assumptions. The function implicitly placed a next time point in the data for each
individual (pseudo time-series) and evaluated how far off a given set of SDMs was
from reproducing this second data point. Thus, even though a second data point
was not explicitly added to the cohort data — as the aim was to elucidate the
direction an individual takes and not the exact value for each variable — it was still
evaluated whether a set of SDMs satisfies the assumptions. Namely, whether the
dynamics that the SDMs exhibit were according to the assumptions. The definition

of the cost function based on the aforementioned assumptions is described below.
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2.2.8 Cost function

Recall that the data were standardised to have zero mean and unit SD to conform

with the assumption that the attractor point is the zero vector (s, = 0).

According to assumption 2, the displacement of each individual towards the at-
tractor point s, = 0 is small. Accordingly, it was assumed that the short-term
behaviour of each individual, 7, can be approximated by a linear equation for dis-
placement defined as:

Si =8+ MXs,+c. (2.9)

Here si,, and s} are column vectors, M is a square matrix of dimension (size of

vector s) and ¢ is a constant column vector of dimension (size of vector s).

Now, a parameter a was defined as the average absolute displacement expected in
each time step. Since the data were standardised, it must be true that 0 < o < 1.
So,

< |8ty = si|| >i=<||M x s} + || >i=a. (2.10)

If an SDM is allowed to run for unit time step, the displacement of each individual,

7, can be defined as:
i i
As  spq— 8

E = f = SiJrl — Si. (211)

Now, according to assumption 2, the sum of the displacements of individuals at
each time step equals zero since they are symmetrically distributed around the

attractor point. So,

Z (st41 —51) =0,

i

> (M xsi+c) =0,

i

M x Y si+Nxec=0. (2.12)
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Here, N is the number of individuals. Also, the sum of the vectors representing

the individuals, Y, s!, equals the zero vector. Thus,

M x0+4N xc=0,
c=0. (2.13)

Therefore, having derived that ¢ = 0 as a consequence of the assumptions, equa-
tion 2.9 and equation 2.21 can be written as

iy =8+ M x s, (2.14)

(st =il = {llar < ]Iy, = o 215)

The displacements of individuals should not only match an absolute value («)
but also ‘point’ towards the origin (zero vector). So, it was assumed that each
individual, ¢, will simply reduce their norm, i.e. is multiplied by a constant 0 <
fi < 1 for all 4:

\/Z@;‘(x)xfi)?—\/Z<sz‘<x>>2><ff—fi>< Y (s (216)

xT

Here, z denotes the elements of the vector s¢. Each individual ¢ will have their own
constant f; which controls the individual’s speed with which he/she moves towards
the zero vector and which is also the constant with which the individual’s norm is
multiplied. The average over that should match with o. That is, in case of perfect

movement to the origin,

<|lsill = fi x [[s}]] >i= e,

< ||| >i — < fi x ||8t]| >i= a. (2.17)
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Now, we assume that the covariance between f; and ||s|| is zero, following which

we can rewrite equation 2.17 as

<|Isil] > = < fi > x <||s}]| >i= «,

(1— < fi >i) x < ||s]]| >i= a,
e}

S — (2.18)
<|[st]] >

1— < fi >i=

To illustrate, if the model would rotate the individuals around the zero vector, i.e.
along the circumference of a circle with the zero vector as the centre, then a may
be matched but < f; >;= 1, since the norm of the individuals does not change.

From now on < f; >; will be denoted as f.

The first sub-cost function C7, controls the contraction of the individuals, i.e. the
ratio of the observed norm at the time step t+1 and the observed norm at the time

step t should be close to f.

; 2
H3§+1H . f

O = | < |

H52+1H>
o -
( IEH]

where o(.) denotes the standard deviation and is used to standardise C}.

>4, (2.19)

The second sub-cost function Cy is based on the ratio of the contribution of TDEI
and PAL on W, which is 75/25 according to expert knowledge (where 75% and
25% of the weight change are due to TDEI and PAL respectively). TDEI and PAL
contribute to W through the weight gain rate (wgr in the equations below) and
weight loss rate (wlr in the equations below), respectively. So, Cy ensures that the
ratio of the change in wgr and wir given in equation 2.20 is close to the ideal ratio
of 75/25. Also, Awgr and Awlr should have opposite signs. If an individual loses
weight then Awgr should be negative and Awlr should be positive; the opposite
will happen if an individual gains weight. When calculating wir,y1, BM R, (i.e.
the same BMR is considered for calculating wir; and wlr,, ;) and PAL; ; are

considered to take into account only the effect of PAL in wlr.

Awgr _ jwgrei| — [wgry|
Awlr  |wlryg | — |wlry]

ratio = (2.20)
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2
tio — (=22
Cy=,|< [M] >, (2.21)

o (ratio)

where o(.) denotes the standard deviation and is used to standardise Cs.

The final cost function, C, is a combination of the two sub-cost functions given in

equations Equations 2.19 and 2.21.

C =0+ Ch. (2.22)

2.2.9 Validation statements

The SDMs were validated using a number of validation statements. Formal model
validation for SDMs can be divided into two stages: structural validation and be-
haviour validation [88]. Structural validity refers to whether the internal structure
of the SDMs accurately describes the components of the system that are relevant
to the phenomenon, whereas behaviour validity refers to whether the behaviour
of the SDMs adequately reproduces real behaviour [88]. Behaviour validation re-
quires longitudinal data, that is, data that enables the validation of the behaviour
patterns over time. Here, only structural validation was addressed, which con-
sists of two components: tests addressing direct structure and structure-oriented
behaviour. Direct structure tests ‘assess the validity of the model structure, by di-
rect comparison with knowledge about real system structure’, without simulation,
which ‘involves taking each relationship (mathematical equation or any form of
logical relationship) individually and comparing it with available knowledge about
the real system’ [88]. The direct structure was addressed by basing the CLD on
literature, using equations that were previously defined and validated elsewhere

where possible and maintaining dimensional consistency in the SDMs.

As structure-oriented behaviour tests, which ‘assess the validity of the structure
indirectly, by applying certain behaviour tests on model-generated behavior pat-
terns’ using simulation [88], 32 qualitative validation statements derived from ex-
pert knowledge and literature were generated. The majority of the literature behind
the statements is based on previous empirical research that addresses the Dutch
population in particular, which adds to the internal validity of the statements.

These statements contain comparisons concerning how the SDMs’ behaviours are
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expected to differ among the groups. It is hypothesized, for instance, that norms
tend to have a larger effect in the Moroccan than the Dutch, as Moroccan culture
is regarded as being more collectivistic than Dutch culture [61]. It is expected
that a representative set of SDMs will reproduce a considerable number of these
validation statements. A set can obtain a validation score out of 32 points (one for

each statement), representing its quality.

The validation statements (Table 2.10) should be distinct from the expert knowl-
edge used to construct the CLD and SDMs. In general this is difficult to ensure.
Since the expert knowledge used for the CLD is of a ‘local’ nature (pertaining to a
direct cause-and-effect), therefore for the validation statements, ‘long-range’ state-
ments which span multiple causal links in the SDMs as well as statements which

compare different ethnic and gender groups were used.

Validation statements 1-9 tested whether the effect of PAL on BMI is of the
same order of magnitude for different pairs of SDMs. To calculate the effect of
PAL on BMI, PAL was increased by 10% and the stable MedBMI (denoted as
MedBM Io%increaseapal (Stable) in the following equation) was determined. Then,
the effect of PAL on BMI was calculated as the percentage difference between
MedBM I1g%increasearal. (stable) and the stable Med BMI corresponding to the orig-
inal PAL (MedBM I yigina1 (stable)) divided by MedBMI yiginai(stable). This is

represented by the following equation:

MedBM I1¢%increaseapar(stable) — Med BM I gigina (Stable)
MedBM I yiginal (stable)

x 100.
(2.23)

Effect PALonBMI =

Then, to determine the order of magnitude of the Ef fectparonpmi, the logarithm
(base 10) of this value was taken for each group. Validation statements 1-9 state
that the E'f fectparonpmr is of the same order of magnitude in the respective groups
mentioned in each of the statements. To verify this, the rounded ratio of the
logarithmic values of the F f fectparongyvt Was taken for the respective groups and
a rounded ratio equalling 1 validated that the values of Ef fectparonsnr for the

respective groups are of the same order.

For validation statements 10-18, the effect of Norm on IIB was compared among

different pairs of SDMs. I[IB is a weighted average of HB and Norm, where
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the parameter Impactygons determines the relative weight of each. A larger
Impactyponng implies a larger effect of HB on IIB and as a consequence a lower
effect of Norm on IIB. Hence, to estimate the effect of Norm on IIB, the impact
of Norm on IIB, as represented by (1 — Impactyponnp), was directly compared

between the respective pair of SDMs.

For validation statements 19-25, the absolute values of Intentpap were compared

for the different pairs of SDMs specified in the statements.

Similarly, for validation statements 26-29, the absolute values of Intentgg were
compared for the different pairs of SDMs specified in the statements. For validation
statements 30-32, before comparing their absolute values, the Intentgg values for
the male and female groups were scaled based on the fact that when adhering to a
healthy, balanced diet, a man needs around 2,500 kcal per day whereas a woman
needs around 2,000 kcal per day to maintain his/her weight [89-91]. To account for
this discrepancy in required calorie intake to maintain weight, the Intentgg values
for the male and female groups were made comparable, as the aim was to determine
the relative change in eating behaviour in a particular group. Accordingly, the
Intentgp values of the male groups were multiplied with the factor 2,000/2,500, to
obtain an estimate of the Intentgg values of the male groups if they were to need
2,000 kcal per day to maintain weight, to make them comparable with the values

of the female groups.

2.2.9.1 Weighting cohort data of the HELIUS study

To verify that the study population is representative of the population of the
Netherlands (with its different ethnic groups), as most of the supporting litera-
ture refers to the population of the Netherlands, it was also checked how many
validation statements were correct after the cohort data was weighted according

to the age distribution of the population of the Netherlands corresponding to each
group.

Hence, to make the comparisons between groups as described in the statements
more reliable, the age distribution of the cohort data was adjusted to reflect the age
distribution of the population of the Netherlands, based on a dataset that reflects
the population of the Netherlands as stratified by age, migration background, sex,
and region [92].
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For this purpose, the cohort data was divided into five age groups: 18-29, 30-39, 40-
49, 50-59, and 604+. In the weight adjustment technique, if a particular age group
was under-represented then individuals were added to that age group in the cohort
data based on the fraction of individuals in that age group in the population of the
Netherlands. For instance, the fraction of South-Asian Surinamese men in the age
group of 18-29 in the population of the Netherlands is 0.28. Now, the number of
South-Asian Surinamese men in the cohort data is 839. So, to make this age group
in the cohort data representative of the population of the Netherlands, 0.28 fraction
of the of South-Asian Surinamese men should belong to the age group of 18-29, i.e.
0.28 x 839 = 235 South-Asian Surinamese men. Now, the cohort data contains 179
South-Asian Surinamese men in the age group of 18-29, i.e. it is under-represented
based on the fraction of individuals in that age group in the population of the
Netherlands. In this case, in the weighting technique, 235-179 = 56 individuals
were randomly selected from the age group of 18-29 and then added to the cohort
sample. Similarly, if a particular age group was over-represented then individuals
were removed from that age group in the cohort data based on the fraction of
individuals in that age group in the population of the Netherlands. The same

weighting technique was repeated with respect to the population of Amsterdam.



TABLE 2.10: Validation statements

Validation Statement Literature Operationalisation
o ] ) ) For the male groups, the effect of PAL on BMI
There are no significant physiological differences _ ]
) . should be of the same order of magnitude in the
between Dutch and South-Asian Surinamese men [93] ‘ .
_ . o . Dutch as the South-Asian Surinamese
regarding the effect of physical activity on weight loss.
group.
There are no significant physiological differences For the male groups, the effect of PAL on BMI
between Dutch and Moroccan men regarding the [93, 94] should be of the same order of magnitude in the
effect of physical activity on weight loss. Dutch as the Moroccan group.
There are no significant physiological differences
) ) For the male groups, the effect of PAL on BMI
between South-Asian Surinamese and Moroccan . '
‘ . o [93, 94] should be of the same order of magnitude in the
men regarding the effect of physical activity on ‘ _
) South-Asian Surinamese as the Moroccan group.
weight loss.
There are no significant physiological differences For the female groups, the effect of PAL on BMI
between Dutch and South-Asian Surinamese women [93, 94] should be of the same order of magnitude in the
regarding the effect of physical activity on weight loss. Dutch as the South-Asian Surinamese group.
There are no significant physiological differences For the female groups, the effect of PAL on BMI
between Dutch and Moroccan women regarding [93, 94] should be of the same order of magnitude in the

the effect of physical activity on weight loss.

Dutch as the Moroccan group.
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Table 2.10 (continued): Validation statements

There are no significant physiological differences

between South-Asian Surinamese and Moroccan

For the female groups, the effect of PAL on BMI

6. _ ‘ o 193, 94] should be of the same order of magnitude in the
women regarding the effect of physical activity ) )

_ South-Asian Surinamese as the Moroccan group.
on weight loss.
There are no significant physiological differences For the Dutch group, the effect of PAL on BMI

7. | between Dutch men and women regarding the [93, 94] should be of the same order of magnitude in the
effect of physical activity on weight loss. male as in the female group.

There are no significant physiological differences For the South-Asian Surinamese group, the effect

8. | between South-Asian Surinamese men and women [93, 94] of PAL on BMI should be of the same order of
regarding the effect of physical activity on weight loss. magnitude in the male as in the female group.
There are no significant physiological differences For the Moroccan group, the effect of PAL on

9. | between Moroccan men and women regarding the [93, 94] BMTI should be of the same order of magnitude
effect of physical activity on weight loss. in the male as in the female group.

Norms tend to have a larger effect on Moroccan For the male groups, (1 — Impactygons),

10. | than on Dutch men, as Moroccan culture is regarded | [60, 95-98| which is the impact of Norm on IIB, should be
as being more collectivistic than Dutch culture. higher in the Moroccan than in the Dutch group.
Norms tend to have a larger effect on South-Asian For the male groups, (1 — Impactuponns),

1 Surinamese than on Dutch men, as South-Asian 160, 96-95] representing the impact of Norm on IIB, should

Surinamese culture is regarded as being more

collectivistic than Dutch culture.

be higher in the South-Asian Surinamese than

in the Dutch group.
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Table 2.10 (continued): Validation statements

Norms tend to have a larger effect on Moroccan

than on South-Asian Surinamese men, as Moroccan

For the male groups, (1 — Impactugons),

representing the impact of Norm on 1B,

12. [60, 95-100]
culture is regarded as being more collectivistic than should be higher in the Moroccan than in the
South-Asian Surinamese culture. South-Asian Surinamese group.
For the female groups, (1 — Impactyuponiis),
Norms tend to have a larger effect on Moroccan than ] g. s, ( PactiiBontis)
] representing the impact of Norm on IIB, should
13. | on Dutch women, as Moroccan culture is regarded as | [60, 95-98] . . .
) L be higher in the Moroccan than in the
being more collectivistic than Dutch culture.
Dutch group.
Norms tend to have a larger effect on South-Asian For the female groups, (1 — Impactypons),
14 Surinamese than on Dutch women, as South-Asian 160, 96-95] representing the impact of Norm on IIB,
" | Surinamese culture is regarded as being more ’ should be higher in the South-Asian Surinamese
collectivistic than Dutch culture. than in the Dutch group.
Norms tend to have a larger effect on Moroccan For the female groups, (1 — Impactypons),
15 than on South-Asian Surinamese women, as 160, 95-100] representing the impact of Norm on 1B,
" | Moroccan culture is regarded as being more ’ should be higher in the Moroccan than in the
collectivistic than South-Asian Surinamese culture. South-Asian Surinamese group.
For the Dutch group, (1 — Impactyponns),
Dutch women tend to be more prone to be ) & . . ( pactiponlis)
16. [60] representing the impact of Norm on IIB, should

influenced by norms than Dutch men.

be higher in the female than in the male group.

9%
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Table 2.10 (continued): Validation statements

South-Asian Surinamese women tend to be

For the South-Asian Surinamese group,

(1 — Impactypontis), which is the impact of

17. | more prone to be influenced by norms than [60] . '
) ) Norm on [IB, should be higher in the
South-Asian Surinamese men. )
female than in male group.
For the Moroccan group, (1 — Impactyponns),
Moroccan women tend to be more prone ) _
18. _ [60] representing the impact of Norm on IIB, should
to be influenced by norms than Moroccan men. ' ' .
be higher in the female than in the male group.
The intent to change physical activity behaviour
] _ For the male groups, Intentpag should
tends to be greater in Dutch than in Moroccan ) } ]
19. ' o . [101-104] be higher in the Dutch than in the
men, as physical activity is more embedded in
Moroccan group.
Dutch than in Moroccan culture.
The intent to change physical activity behaviour
tends to be greater in Dutch than in South-Asian For the male groups, Intentpap should be
20. | Surinamese men, as physical activity is more [101-107] higher in the Dutch than in the
embedded in Dutch than in South-Asian South-Asian Surinamese group.
Surinamese culture.
The intent to change physical activity behaviour
] . For the female groups, Intentpag should
tends to be greater in Dutch than in Moroccan ) ) ]
21. [101-104, 108] | be higher in the Dutch than in the

women, as physical activity is more embedded in

Dutch than in Moroccan culture.

Moroccan group.
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Table 2.10 (continued): Validation statements

The intent to change physical activity behaviour

tends to be greater in Dutch than in South-Asian

For the female groups, Intentpap should be

101, 102

22. | Surinamese women, as physical activity is more {105 107]] higher in the Dutch than in the South-Asian

embedded in Dutch than in South-Asian Surinamese group

Surinamese culture.

The intent to change physical activity behaviour

] ] For the Dutch group, Intentpag should be
23. | tends to be greater in Dutch women than in [109, 110] ‘ ‘ '
higher in the female than in the male group.

Dutch men.

The intent to change physical activity behaviour For the South-Asian Surinamese group,
24. | tends to be greater in South-Asian Surinamese [111-117] Intentpap should be higher in the male

men than in South-Asian Surinamese women. than in the female group.

The intent to change physical activity behaviour

] For the Moroccan group, Intentpag should be

25. | tends to be greater in Moroccan men than (111, 118, 119] | . ‘

. higher in the male than in the female group.

in Moroccan women.

The intent to change eating behaviour tends to be

] ) ) For the male groups, Intentgg should

greater in Dutch than in Moroccan men, as eating ) ) )

26. [120-123] be higher in the Dutch than in the

behaviour is more important in Moroccan than in

Dutch culture.

Moroccan group.

8
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Table 2.10 (continued): Validation statements

The intent to change eating behaviour tends to be

greater in Dutch than in South-Asian Surinamese

For the male groups, Intentgg should be

27. ‘ o ' ' [107] higher in the Dutch than in the South-Asian
men, as eating behaviour is more important in )
) ) ) Surinamese group.
South-Asian Surinamese than in Dutch culture.
The intent to change eating behaviour tends to be
] ) For the female groups, Intentgg should be
greater in Dutch than in Moroccan women, as ] ] )
28. ' o ' ‘ [108, 120-123] | higher in the Dutch than in the Moroccan
eating behaviour is more important in Moroccan
roup.
than in Dutch culture. sronp
The intent to change eating behaviour tends to be
] ) ) ) For the female groups, Intentgg should be
greater in Dutch than in South-Asian Surinamese ] ) ) _
29. _ o _ _ [107] higher in the Dutch than in the South-Asian
women, as eating behaviour is more important in ]
) ] ) Surinamese group.
South-Asian Surinamese than in Dutch culture.
30 The intent to change eating behaviour tends to be (124 For the Dutch group, Intentgg should be
' greater in Dutch women than in Dutch men. higher in the female than in the male group.
11 The intent to change eating behaviour tends to be 125 For the Moroccan group, Intentgg should
. greater in Moroccan women than in Moroccan men. be higher in the female than in the male group.
The intent to change eating behaviour tends to be For the South-Asian Surinamese group,
32. | greater in South-Asian Surinamese women than in [107] Intentgp should be higher in the female

South-Asian Surinamese men.

than in the male group.
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50 2.2. Methods

Dutch men Moroccan men South-Asian Surinamese men
0.4
03
0.2
i}
-Tg 0.1
B
E [
g 0.0
& Dutch women Moroccan women South-Asian Surinamese women
o
o 04
8
I3
S
— 0.3

0.

LS}

0.

—_

18-29 30-39 40-49 50-59 60+ 18-29 30-39 40-49 50-59 60+ 18-29 30-39 40-49 50-59 60+
ge

s HELIUS cohort data B Population of the Netherlands B Population of Amsterdam

0.

S

FIGURE 2.8: The age distributions of the cohort data of the HELIUS study, the
population of the Netherlands, and the population of Amsterdam.

To gain more insight into how weighting might adjust the validation score, this
weight adjustment technique was also performed to make the age distribution of
the cohort data reflect the age distribution of the population of Amsterdam, based
on a dataset that reflects the population of Amsterdam as stratified by age and mi-
gration background [126]. The age distributions of the cohort data, the population

of the Netherlands, and the population of Amsterdam are given in Figure 2.8.

The results of the number of validation statements satisfied by the SDMs (out of 32
validation statements in total) according to the different age distributions are given
in Table 2.11. The number of validation statements satisfied by the SDMs with
the weight adjusted cohort data are given in the form of mean 4+ SD because the
weight adjustment technique involves the addition or removal of random individuals
in a particular age group based on the fraction of individuals in that age group
in the population (of the Netherlands and Amsterdam). To take into account the
variance in the sampling distribution, the weight adjustment process was repeated
1,000 times for each population (of the Netherlands and Amsterdam), from which

a distribution of the number of validation statements satisfied was obtained.
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Secondly, the results of which particular validation statements are satisfied by the
SDMs under which age weighting adjustments are shown in Table 2.12. Here,
the majority vote (in terms of Yes/No) of the 1,000 repetitions of the adjustment
process for each population (of the Netherlands and Amsterdam) for each statement

are provided.

For the age distribution reflecting the population of the Netherlands, the same set
of validation statements was correct as for the original age distribution of the cohort
data. For the age distribution reflecting the population of Amsterdam, validation
statement 13 was correct (shown in bold in Table 2.12) whereas it was not for the
original age distribution of the cohort data. Taking these results together, it can be
concluded that weighting does not considerably alter the behaviour of the SDMs,
implying that the cohort data are representative for the functioning of this system.
TABLE 2.11: Number of validation statements (out of 32) satisfied by the SDMs
according to the original age distribution of the cohort data of the HELIUS

study, reflecting the age distribution of the population of the Netherlands, and
reflecting the age distribution of the population of Amsterdam.

Number of validation The original age distribution of the 20
cohort data of the HELIUS study

statements (out of 32) Reflecting the age distribution of the

satisfied by the SDMs population of the Netherlands, mean 4+ SD 20 & 0.65
Reflecting the age distribution of the 91 4 0.35
population of Amsterdam, mean £+ SD '

2.2.10 Scenarios

The validated SDMs were subsequently used to simulate the effect of health aware-
ness versus norms on group-level median BMI. The effect of three scenarios on
group-level BMI were simulated in all six groups: ‘what if’ weight-related be-
haviour were driven (1) only by health awareness, (2) only by norms and (3) by

health awareness and norms combined.
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For driven only by health awareness scenario, Impactggpons Was set to 1 in Equa-

tion 1 (given in Table 2.6), making IIB only dependent on (equal to) HB:

I1B; = Impactygonp X HB + (1 — Impactygonng) X Normg,
IIB;=1x HB+ (1 —1) x Normy,
IIB, = HB. (2.24)

For driven only by norms scenario, Impactyponnip Was set to 0 in Equation 1 (given

in Table 2.6), making /IB only dependent on (equal to) Norm:

[1B; = Impactypoaup X HB + (1 — Impactyggung) X Norm,
IIB; =0x HB+ (1 —0) x Norm,
IIB; = Normy. (2.25)

For driven by health awareness and norms combined scenario, Equation 1 (given in
Table 2.6) was kept unchanged, with Impactyponnis as estimated from the cohort
data using regression through the origin (Table 2.7), where [IB is dependent on
both HB and Norm:

I1B; = Impactypous X HB + (1 — Impactypeang) X Normg (2.26)

2.3 Results

The results of this work are divided into three sections corresponding to the results

of the (1) optimization, (2) validation and (3) scenarios.

2.3.1 Optimization

Table 2.13 shows the optimal values for Intentpap and Intentgg and the corre-
sponding minimum cost value for 20 optimisation runs (using the basin-hopping
algorithm) for each group, referring to the change that individuals make in eat-

ing behaviour and physical activity behaviour. These are expressed as a change in



Chapter 2. Social norms 53

PAL and in TDEI per unit of BMI that their BMI differs from their /B (their tar-
get weight loss/gain expressed by Discrepancygyandans). South-Asian Surinamese
women, for instance, decrease their energy intake by 234 kcal/day for each unit
of BMI that they consider to be excessive, according to the cohort data in con-
junction with the data-generating assumptions. Since each of the two sub-cost
functions were standardised, the minimum cost value can be 2. Also, the results

for all 20 optimisation runs were found to be similar.

2.3.1.1 Sensitivity analysis of Intentgg and Intentpap

Test 1: varying Intentgg and keeping Intentpap fixed at its optimal value

In this sensitivity analysis test, Intentgg was varied from -50 to -1,200, whilst
keeping Intentpap fixed at its optimal value. The sensitivity analysis results were
found to be similar for all groups and therefore only the results for South-Asian
Surinamese men and women are shown, as they are representative for all groups.
The results of this sensitivity analysis test (test 1) for South-Asian Surinamese
men and women are shown in Figure 2.9 and Figure 2.10, respectively. From
these figures it is observed that as the value for Intentgg increases, the decrease in
MedBMI gradually becomes sharp and that Med BMI reaches its stable value faster.
For Intentgg values smaller than -500, the system gradually becomes unstable and
tends towards oscillatory behaviour. From these results it can be concluded that

the SDMs are robust against small changes in Intentgg.
Test 2: varying Intentpap and keeping Intentgp fixed at the optimal value

In this sensitivity analysis test, Intentpap was varied from 0.01 to 0.5, whilst keep-
ing Intentgp fixed at its optimal value. The sensitivity analysis results were again
found to be similar for all groups and therefore only the results for South-Asian
Surinamese men and women are shown, as they are representative for all groups.
The results of this sensitivity analysis test (test 2) for South-Asian Surinamese
men and women are shown in Figure 2.11 and Figure 2.12, respectively. From
these figures it is observed that as the value for Intentpayp increases, the decrease
in MedBMI gradually becomes sharp and that MedBMI reaches its stable value
faster. For Intentpap values greater than 0.2, the system gradually becomes unsta-
ble and tends towards oscillatory behaviour. From these results it can be concluded

that the SDMs are robust against small changes in Intentpag.



TABLE 2.12: Behaviours exhibited by the SDMs according to the actual cohort data of the HELIUS study, reflecting the age

distribution of the population of the Netherlands, and reflecting the age distribution of the population of Amsterdam.

Behaviour exhibited by the SDMs (Yes/No)

order of magnitude in the Dutch as the South-Asian Surinamese group.

Operationalisation - -
Reflecting Reflecting
The original the age the age
age distribution distribution
distribution of the in the
of the cohort population population
data of the of the of
HELIUS Netherlands, | Amsterdam,
study majority vote | majority vote
out of 1,000 out of 1,000
For the male groups, the effect of PAL on BMI should be of the same
Yes Yes Yes
order of magnitude in the Dutch as the South-Asian Surinamese group.
For the male groups, the effect of PAL on BMI should be of the
Yes Yes Yes
same order of magnitude in the Dutch as the Moroccan group.
For the male groups, the effect of PAL on BMI should be of the same
order of magnitude in the South-Asian Surinamese as the Yes Yes Yes
Moroccan group.
For the female groups, the effect of PAL on BMI should be of the same
Yes Yes Yes

[
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Table 2.12 (continued): Behaviours exhibited by the SDMs according to the actual cohort data of the HELIUS study, reflecting the

age distribution of the population of the Netherlands, and reflecting the age distribution of the population of Amsterdam.

For the female groups, the effect of PAL on BMI should be of the

same order of magnitude in the Dutch as the Moroccan group.

Yes

Yes

Yes

order of magnitude in the South-Asian Surinamese as the

Moroccan group.

For the female groups, the effect of PAL on BMI should be of the same

Yes

Yes

Yes

For the Dutch group, the effect of PAL on BMI should be of the

same order of magnitude in the male as in the female group.

Yes

Yes

Yes

For the South-Asian Surinamese group, the effect of PAL on BMI
should be of the same order of magnitude in the male as in the

female group.

Yes

Yes

Yes

For the Moroccan group, the effect of PAL on BMI should be of the

same order of magnitude in the male as in the female group.

Yes

Yes

Yes

10.

For the male groups, (1 — Impactyponns), representing the impact
of Norm on IIB, should be higher in the Moroccan than in the
Dutch group.

Yes

Yes

Yes

11.

For the male groups, (1 — Impactuponns), representing the impact

of Norm on IIB, should be higher in the South-Asian Surinamese

than in the Dutch group.

No

No

No
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Table 2.12 (continued): Behaviours exhibited by the SDMs according to the actual cohort data of the HELIUS study, reflecting the
age distribution of the population of the Netherlands, and reflecting the age distribution of the population of Amsterdam.

9¢

For the male groups, (1 — Impactyponns), representing the impact

12. | of Norm on IIB, should be higher in the Moroccan than in the Yes Yes Yes
South-Asian Surinamese group.
For the female groups, (1 — Impactyponns), representing the

13. | impact of Norm on IIB, should be higher in the Moroccan than No No Yes
in the Dutch group.
For the female groups, (1 — Impactyponp), representing the

14. | impact of Norm on IIB, should be higher in the South-Asian No No No
Surinamese than in the Dutch group.
For the female groups, (1 — Impactyponns), representing the

15. | impact of Norm on IIB, should be higher in the Moroccan than Yes Yes Yes
in the South-Asian Surinamese group.
For the Dutch group, (1 — Impactyponns), representing the

16. | impact of Norm on IIB, should be higher in the female than No No No
in the male group.
For the South-Asian Surinamese group, (1 — Impactyponns),

17. | representing the impact of Norm on IIB, should be higher in the No No No
female than in male group.
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Table 2.12 (continued): Behaviours exhibited by the SDMs according to the actual cohort data of the HELIUS study, reflecting the
age distribution of the population of the Netherlands, and reflecting the age distribution of the population of Amsterdam.

For the Moroccan group, (1 — Impactyponp), representing

18. | the impact of Norm on IIB, should be higher in the female No No No
than in the male group.

0. For the male groups, Intentpag should be higher in the Dutch No No No
than in the Moroccan group.

%0, For the male groups, Intentpag should be higher in the Dutch Yes Yes Yes
than in the South-Asian Surinamese group.

97 For the female groups, Intentpag should be higher in the Dutch No No No
than in the Moroccan group.
For the femal Intent hould be higher in the Dutch

9o | For the female groups, Intentpap should be higher in the Dute Yes Yes Yes
than in the South-Asian Surinamese group.

53, For the Dutch group, Intentpap should be higher in the female Yes Yes Yes
than in the male group.
For the South-Asian Surinamese group, Intentpap should be

24. No No No
higher in the male than in the female group.

o5 For the Moroccan group, Intentpag should be higher in the No No No
male than in the female group.
For the male groups, Intentgg should be higher in the Dutch

26. No No No

than in the Moroccan group.

surIou [e100g g 193dey)

L9



Table 2.12 (continued): Behaviours exhibited by the SDMs according to the actual cohort data of the HELIUS study, reflecting the

age distribution of the population of the Netherlands, and reflecting the age distribution of the population of Amsterdam.

For the male groups, Intentgg should be higher in the Dutch

27. Yes Yes Yes
than in the South-Asian Surinamese group.
For the female groups, Intentgg should be higher in the Dutch

28. No No No
than in the Moroccan group.
For the female groups, Intentgg should be higher in the Dutch

29. Yes Yes Yes
than in the South-Asian Surinamese group.
For the Dutch group, Intentgg should be higher in the female

30. Yes Yes Yes
than in the male group.
For the Moroccan group, Intentgg should be higher in the

31. Yes Yes Yes
female than in the male group.
For the South-Asian Suri Intentgg should b

39, or the Sou sian Surinamese group, Intentgg should be Yes Yes Yes

higher in the female than in the male group.
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TABLE 2.13: Optimisation results including value for the cost function corre-
sponding to the set of optimised parameters.

. Intentgp Intentpap
Socio-cultural group (keal /day) /(kg/m?) | 1/(kg/m?) Cost
Dutch men -295.46 0.056 2.00
Moroccan men -301.31 0.056 2.00
South-Asian Surinamese men -283.19 0.055 2.00
Dutch women -251.46 0.060 2.00
Moroccan women -258.81 0.061 2.00
South-Asian Surinamese women | -233.65 0.057 2.00

South-Asian Surinamese men

Intentgg=-50 Intentgg=-200 Intentgg=-400
25
24
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21

Intentgg=-550 Intentgg=-800 Intentgg=-1000
25
24
23
22
1 0 6 12

Median BMI (kg/m2)

21

0 6 12

2 0, 6
Time step (month)
—#— only health awareness —4#— only norms —®— health awareness and norms

FIGURE 2.9: Test 1 of sensitivity analysis of Intentgg and Intentpap on
MedBMI for South-Asian Surinamese men. Intentgpg is varied whilst keeping
Intentpap fixed at its optimal value.

From Figures 2.9-2.12, it is also observed that the red line, representing ‘what if’
group-level BMI were driven only by health awareness, becomes oscillatory quickly
and that the oscillatory peaks are high. The reason behind this behaviour is that
the value for /1B is constant in this scenario (as Norm does not play a role any-
more). However, if Intentgp or Intentpap has a very high value, then the Med BMI
change is large, and this makes Discrepancypyiananis become alternatively highly
positive and negative. So, this oscillating behaviour appears instantly with high
oscillatory peaks in the scenario representing driven only by health awareness (red
line). In the scenario representing driven only by norms (blue line), and in the

scenario representing driven by health awareness and norms combined (green line),
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South-Asian Surinamese women
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FIGURE 2.10: Test 1 of sensitivity analysis of Intentgg and Intentpap on
MedBMI for South-Asian Surinamese women. Intentgp is varied whilst keeping
Intentpap fixed at its optimal value.

South-Asian Surinamese men
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FIGURE 2.11: Test 2 of sensitivity analysis of Intentgg and Intentpap on
MedBMI for South-Asian Surinamese men. Intentpap is varied whilst keep-
ing Intentgp fixed at its optimal value.

the oscillations start later, and the oscillatory peaks are small because the value
for IIB also changes based on the change in MedBMI (which adjusts Norm).
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South-Asian Surinamese women
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FIGURE 2.12: Test 2 of sensitivity analysis of Intentgg and Intentpap on
MedBMI for South-Asian Surinamese women. Intentpapg is varied whilst keep-
ing Intentgp fixed at its optimal value.

2.3.1.2 Sensitivity analysis of Impactyponis

To test the sensitivity of the change in MedBMI to Impactggonns, the value
of Impactuponz Was increased and decreased by 50% and the change in stable

MedBMI at convergence was analyzed as follows:

MedBM Iyjered(stable) — MedBM Iyiginai (stable)
MedBMloriginal(stable)

AMedBMI = x 100, (2.27)

where MedBM I jerea(Stable) is the stable Med BMI with the 50% altered I'mpactyponns
and MedBM I ,yiginai (stable) is the stable Med BMI with the original Impactuponis-
From the results given in Table 2.14, it is observed that the percentage change in
stable MedBMI for a 50% change in I'mpactypenns is very small (<2%). Thus, it

can be concluded that MedBMI is not sensitive to changes in Impactygonns-

2.3.2 Validation

A validation score of 20/32 points (62.5% correct) was obtained for the set of
SDMs. This implies that the set of equations that were used in the model was
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TABLE 2.14: Sensitivity analysis of Impactuponiiz, showing the percentage
change in stable MedBMI for a 50% increase and decrease in the value for

Impactyponiis-
AMedBMI AMedBMI
Socio-cultural group (50% increase in (50% decrease in
ImpactuBonnB), % | Impactygonns), %
Dutch men -1.13 0.16
Moroccan men -1.19 1.37
South-Asian Surinamese men -1.30 1.62
Dutch women -0.18 0.16
Moroccan women -0.85 1.09
South-Asian Surinamese women | -0.75 0.79

capable of capturing the expected behaviour to a large extent. Table 2.15 shows

for each behaviour whether it is exhibited by the respective SDMs.

2.3.3 Scenarios

For all groups (Figure 2.13), it is observed that if weight-related behaviour were
driven by a combination of health awareness and norms (green), then group-level
median BMI would be lower than if driven only by norms (blue) and higher than
if driven only by health awareness (red). If driven only by health awareness (red),
there would only be minor differences between the male and female groups: median
BMI would drop 11% (3 BMI points) among groups of both genders, which is trivial

given the definition of this scenario.

If driven by only health awareness, median BMI decreases by 10% (3 BMI points)
among Dutch, 12% (3 points) among Moroccan, and 10% (3 points) among South-
Asian Surinamese men. It drops 8% (2 points) among Dutch, 12% (3 points) among

Moroccan, and 12% (3 points) among South-Asian Surinamese women.

If driven by only norms, there is a reduction in median BMI of 2% (1 point)
among Dutch, 3% (1 point) among Moroccan, and 2% (1 point) among South-
Asian Surinamese men. The drop is 7% (2 points) among Dutch, 8% (2 points)

among Moroccan, and 9% (2 points) among South-Asian Surinamese women.
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If driven by health awareness and norms, median BMI drops 5% (1 points) among
Dutch, 5% (1 point) among Moroccan, and 5% (1 point) among South-Asian Suri-
namese men. It decreases by 8% (2 points) among Dutch, 11% (3 points) among

Moroccan, and 11% (3 points) among South-Asian Surinamese women.

For the other scenarios, that is, if driven only by norms (blue) and by health aware-
ness and norms combined (green), different emergent behaviours are observed be-
tween the male versus female groups, while they demonstrate only slight differences
between groups of the same gender. These small quantitative differences are not
as reliable as the large qualitative differences that the simulations show, given the
cross-sectional data that is used. Therefore, mostly the qualitative differences are

considered, that is, those between genders.

If driven only by norms (blue), there would be an average reduction in median BMI
of 5% (1 point). However, it is observed that among the male groups, median BMI
would only decrease by 2% (1 point), whereas among the female groups, it would

reduce by 8% (2 points). This pattern is observed in all three ethnic groups.

If driven by health awareness and norms combined (green), median BMI would
drop 7% (2 points) on average. Again, it would decrease less in the male groups,
with only 5% (1 point). In the female groups, the decrease would be larger: 10%
(2 points).

The male groups thus demonstrated an over two times larger drop if driven by
health awareness than if driven by health awareness and norms combined. In con-
trast, their female counterparts showed a more equal drop in both these scenarios.
When driven only by norms, median BMI in all groups would decrease to a lesser
extent. In the female groups, however, being driven only by norms leads to a sim-
ilar decrease in median BMI as being driven only by health awareness and being
driven by health awareness and norms combined. In the male groups, the decrease

in median BMI is different for all scenarios.

The confidence interval (CI) of the group-level BMI at each time step were de-
termined for the three scenarios, shown in Figure 2.13 as the shaded area around
the group-level BMI at each time step. Since the group-level BMI at each time
step is the median of the individual values for BMI at that time step, the formula

of CI for medians was used to determine the Cls at each time step. The lower
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FIGURE 2.13: Change in group-level body mass index (BMI) over time for
three scenarios: ‘what if” weight-related behaviour were driven (1) only by health
awareness (red), (2) only by norms (blue) and (3) by health awareness and norms
combined (green). The 95% confidence interval corresponding to each of these
scenarios is shaded in red, blue and green, respectively.

95% confidence limit is given by the value at rank: § — %ﬁ. The upper 95%

confidence limit is given by the value at rank: 1+ 3 + 1'92‘/5.




TABLE 2.15: Behaviours exhibited by the SDMs.

Validation statement

Operationalisation: Behaviour exhibited by the SDMs?

There are no significant physiological differences between
Dutch and South-Asian Surinamese men regarding

the effect of physical activity on weight loss.

Yes: In the male groups, the effect of PAL on BMI
is of the same order of magnitude in the Dutch

as the South-Asian Surinamese group.

There are no significant physiological differences between
Dutch and Moroccan men regarding the effect of

physical activity on weight loss.

Yes: In the male groups, the effect of PAL on BMI
is of the same order of magnitude in the Dutch as

the Moroccan group.

There are no significant physiological differences between
South-Asian Surinamese and Moroccan men regarding

the effect of physical activity on weight loss.

Yes: In the male groups, the effect of PAL on BMI
is of the same order of magnitude in the

South-Asian Surinamese as the Moroccan group.

There are no significant physiological differences between
Dutch and South-Asian Surinamese women regarding

the effect of physical activity on weight loss.

Yes: In the female groups, the effect of PAL on BMI
is of the same order of magnitude in the Dutch

as the South-Asian Surinamese group.

There are no significant physiological differences between
Dutch and Moroccan women regarding the effect of

physical activity on weight loss.

Yes: In the female groups, the effect of PAL on BMI
is of the same order of magnitude in the Dutch as

the Moroccan group.

There are no significant physiological differences between
South-Asian Surinamese and Moroccan women regarding

the effect of physical activity on weight loss.

Yes: In the female groups, the effect of PAL on BMI
is of the same order of magnitude in the

South-Asian Surinamese as the Moroccan group.

There are no significant physiological differences between
Dutch men and women regarding the effect of physical

activity on weight loss.

Yes: In the Dutch group, the effect of PAL on BMI
is of the same order of magnitude in the male as

in the female group.
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Table 2.15 (continued): Behaviours exhibited by the SDMs.

There are no significant physiological differences between

Yes: In the South-Asian Surinamese group, the effect of

regarded as being more collectivistic than Dutch culture.

8. | South-Asian Surinamese men and women regarding PAL on BMI is of the same order of magnitude in
the effect of physical activity on weight loss. the male as in the female group.

There are no significant physiological differences between Yes: In the Moroccan group, the effect of PAL on BMI

9. | Moroccan men and women regarding the effect of physical is of the same order of magnitude in the male as
activity on weight loss. in the female group.

Norms tend to have a larger effect on Moroccan than on Yes: In the male groups, (1—ImpactuBonIs),

10. | Dutch men, as Moroccan culture is regarded as being more representing the impact of Norm on IIB, is higher in
collectivistic than Dutch culture. the Moroccan than in the Dutch group.
Norms tend to have a larger effect on South-Asian Surinamese | No: In the male groups, (1—Impactyponiin),

11. | than on Dutch men, as South-Asian Surinamese culture is representing the impact of Norm on IIB, is not higher in
regarded as being more collectivistic than Dutch culture. the South-Asian Surinamese than in the Dutch group.
Norms tend to have a larger effect on Moroccan than on

] ] ] Yes: In the male groups, (1—Impactuponnin),
South-Asian Surinamese men, as Moroccan culture is ) ) o )

12. ) o representing the impact of Norm on IIB, is higher in
regarded as being more collectivistic than i ) )

) ) the Moroccan than in the South-Asian Surinamese group.
South-Asian Surinamese culture.
Norms tend to have a larger effect on Moroccan than on No: In the female groups, (1—Impactyponiin),

13. | Dutch women, as Moroccan culture is regarded as being more | representing the impact of Norm on IIB, is not higher in

collectivistic than Dutch culture. the Moroccan than in the Dutch group.
Norms tend to have a larger effect on South-Asian Surinamese | No: In the female groups, (1—Impactypons),
14. | than on Dutch women, as South-Asian Surinamese culture is representing the impact of Norm on IIB, is not higher in

the South-Asian Surinamese than in the Dutch group.
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Table 2.15 (continued): Behaviours exhibited by the SDMs.

Norms tend to have a larger effect on Moroccan than on

South-Asian Surinamese women, as Moroccan culture is

Yes: In the female groups, (1—ImpactyBonin),

15. ) o representing the impact of Norm on IIB, is higher in
regarded as being more collectivistic than i ) )
i ) the Moroccan than in the South-Asian Surinamese group.
South-Asian Surinamese culture.
No: In the Dutch group, (1—Impactgponis),
Dutch women tend to be more prone to be influenced by ) ) ( On. ) ) )
16. representing the impact of Norm on IIB, is not higher in
norms than Dutch men. ]
the female than in the male group.
) ) No: In the south-Asian Surinamese group,
South-Asian Surinamese women tend to be more prone to ] )
17. ] ] ] (1—Impactyponnip), representing the impact of Norm on
be influenced by norms than South-Asian Surinamese men. . i i .
1IB, is not higher in the female than in male group.
No: In the Moroccan group, (1—Impactyponiin
Moroccan women tend to be more prone to be influenced ) ) ) o )’. ]
18. representing the impact of Norm on [IIB, is not higher in
by norms than Moroccan men. )
the female than in the male group.
The intent to change physical activity behaviour tends to be ) ) )
) ) ) o No: In the male groups, Intentpap is not higher in
19. | greater in Dutch than in Moroccan men, as physical activity ]
) ) ) the Dutch than in the Moroccan group.
is more embedded in Dutch than in Moroccan culture.
The intent to change physical activity behaviour tends to be
90 greater in Dutch than in South-Asian Surinamese men, as Yes: In the male groups, Intentpap is higher in

physical activity is more embedded in

Dutch than in South-Asian Surinamese culture.

the Dutch than in the South-Asian Surinamese group.
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Table 2.15 (continued): Behaviours exhibited by the SDMs.

The intent to change physical activity behaviour tends to be

No: In the female groups, Intentpap is not higher in

21. | greater in Dutch than in Moroccan women, as physical activity ]
. ' ) the Dutch than in the Moroccan group.
is more embedded in Dutch than in Moroccan culture.
The intent to change physical activity behaviour tends to be
99 greater in Dutch than in South-Asian Surinamese women, as Yes: In the female groups, Intentpap is higher in the
' physical activity is more embedded Dutch than in the South-Asian Surinamese group.
in Dutch than in South-Asian Surinamese culture.
93 The intent to change physical activity behaviour tends to be Yes: In the Dutch group, Intentpap is higher in
' greater in Dutch women than in Dutch men. the female than in the male group.
The intent to change physical activity behaviour tends to be ) )
) i . . ) No: In the South-Asian Surinamese group, Intentpap
24. | greater in South-Asian Surinamese men than in South-Asian ) ) . .
) is not higher in the male than in the female group.
Surinamese women.
o5 The intent to change physical activity behaviour tends to be No: In the Moroccan group, Intentpap is not higher in
' greater in Moroccan men than in Moroccan women. the male than in the female group.
The intent to change eating behaviour tends to be greater in ) ) )
_ ) ) _ No: In the male groups, Intentgp is not higher in
26. | Dutch than in Moroccan men, as eating behaviour is more ]
) . ) the Dutch than in the Moroccan group.
important in Moroccan than in Dutch culture.
The intent to change eating behaviour tends to be greater in
o7 Dutch than in South-Asian Surinamese men, as eating Yes: In the male groups, Intentgp is higher in the

behaviour is more important in South-Asian

Surinamese than in Dutch culture.

Dutch than in the South-Asian Surinamese group.

89

samssy ‘&g



Table 2.15 (continued): Behaviours exhibited by the SDMs.

The intent to change eating behaviour tends to be greater in

No: In the female groups, Intentgg is not higher in

28. | Dutch than in Moroccan men, as eating behaviour is more ]
. ) ) the Dutch than in the Moroccan group.
important in Moroccan than in Dutch culture.
The intent to change eating behaviour tends to be greater in
99 Dutch than in South-Asian Surinamese women, as eating Yes: In the female groups, Intentgp is higher in the
" | behaviour is more important in South-Asian Dutch than in the South-Asian Surinamese group.
Surinamese than in Dutch culture.
30 The intent to change eating behaviour tends to be greater in Yes: In the Dutch group, Intentgp is higher in the
" | Dutch women than in Dutch men. female than in the male group.
a1 The intent to change eating behaviour tends to be greater in Yes: In the Moroccan group, Intentgg is higher in the
" | Moroccan women than in Moroccan men. female than in the male group.
The intent to change eating behaviour tends to be greater in ) )
) ] ) ] Yes: In the South-Asian Surinamese group, Intentgg
32. | South-Asian Surinamese women than in South-Asian

Surinamese men.

is higher in the female than in the male group.
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70 2.4. Discussion

2.4 Discussion

In this work, SDMs of the system of social norms regarding body weight perception
and obesity prevalence were constructed, which were used to compare the effect of
health awareness versus norms on group-level BMI. These SDMs were developed
to explicitly describe the causal mechanism underlying this system and to get
insights into the long-term consequences of this mechanism at the group level.
The results show that group-level BMI shifts to a lesser extent in all groups if
norms have an influence on weight-related behaviour, confirming that norms are
counteracting health awareness in shaping this behaviour. Particularly, in groups
where overweight is the norm, that is, all male groups, the norm holds group-level

BMI close to overweight despite of health awareness.

These results should be seen in light of a number of methodological considerations.
SDMs were selected as they allow the assumption that within a group all individ-
uals compare themselves to that group equivalently, that is, their interactions are
homogeneous. The data necessary to model possible heterogeneity in behaviour or
in social connectivity were not available, as would be required to make, for exam-
ple, an agent-based modelling approach [127], with diverse interactions of unique
agents with others and with their environment, valuable. It was also assumed
that there is no interaction between the socio-cultural groups with respect to this
system, implying that individuals are most likely to compare themselves to others
from their own socio-cultural group. Although it cannot be ruled out that there is
interaction affecting this system, the similarity hypothesis on which the assumption
was based is well-established [4]. In the SDMs, individuals compare themselves to
their entire socio-cultural group, whereas this comparison group might actually be
more confined. Stratifying by other characteristics that also affect body weight
perception and the influence of norms in addition to gender and ethnicity, for ex-
ample, age [128], would result in smaller comparison groups. Zooming in on these
subgroups could reveal additional emergent behaviours, which were not detected

in this study as it was focused on the current groups’ average dynamics.

In addition, it was assumed that median BMI and socio-cultural ideal BMI ex-
ert an equal influence on the norm, as the most conservative ratio, which might
not be accurate. It was also assumed that individuals adjust their weight-related

behaviour to narrow the gap between their actual and ideal BMI and that their
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behaviour is driven by health awareness and norms. This assumption implies that
these are the only determinants of weight change, which is a simplification of real-
ity. The scope of the SDMs were deliberately kept limited, omitting other drivers
of weight-related behaviour. This is related to the proof-of-concept function of this
study, where the objective was to demonstrate the methods required to design func-
tioning SDMs with the aim to study feedback loops relevant to the field of public
health. The SDMs therefore include only those factors that were deemed necessary
and sufficient to describe this system, as the aim is to understand the implications
of its feedback loops on the long term, rather than to propose interventions or
make predictions. In reality, broader environmental variables as well as individual
characteristics such as education and income could affect whether individuals are
willing and able to adjust their behaviour. Given that the aim of these SDMs was
to unravel a specific causal mechanism and its long-term effects at the group level,
it was not considered essential to take individual physiological factors or genetic
predispositions into account. Nevertheless, it is acknowledged that these factors
have a role to play in weight loss and weight gain at the individual level. However,
norms and their impact on weight-related behaviour are crucial factors to study in
light of the obesity epidemic as changes in physiology or genetics at the group level
are unable to exclusively explain the trend in obesity rates. All other variables
and characteristics being equal, the SDMs show the impact of norms in groups
that differ regarding body weight perception, group-level norms and the strengths
of the causal links between them. The SDMs thus do not constitute a description
of reality but serve to explore ‘what if’ scenarios in a restricted, specific context.
These SDMs may serve as seed models for iterative extensions to include additional
variables, which would make weight-related behaviour dependent on more deter-
minants, possibly introducing more divergence in emergent behaviour. However,
it was considered important to understand the impact of norms in isolation before

compounding additional causal mechanisms into the same SDMs.

As the data were cross-sectional, expert-informed data-generating assumptions
were used to optimize the values for the parameters for intent to change physi-
cal activity and eating behaviour, respectively. This means that in each group,
the simulations were based on the same hypothesized fundamental behaviours, as
supported by literature, with respect to weight gain/loss, for example, concerning
physiological constraints (rate of weight change). These fundamental behaviours

however do not markedly influence the differences that were observed between the



72 2.4. Discussion

groups over time. These differences are primarily based on the initial character-
istics and the fitted parameters, which differ per group, in conjunction with the

equations.

Lastly, structural validation is ideally followed by behaviour validation. Behaviour
validation, however, requires the use of longitudinal data, that is, data that enable
the validation of the behaviour patterns over time. Still, the sequence of stages of
the formal model validation for SDMs implies that the SDMs in this study were
validated according to the gold standard in the case that longitudinal data are
unavailable. In practice, behaviour validation is often used without going through
structural validation. Given the inherent importance of the latter in system dynam-
ics modelling in particular, that is, ‘it is often said that a system dynamics model
must generate “the right output for the right reasons”’ [88], the efforts concerning
this type of validity shown in this study can be seen as an asset. The manner
in which the structural validation of the SDMs were addressed, for example, by
supporting the expert-informed CLD with literature, using established equations,
maintaining dimensional consistency and employing validation statements, serves
to establish that the assumptions made currently hold. Nevertheless, this does not
rule out the possibility that new empirical evidence might call for readjustments

of these assumptions.

The results of this study can be placed in the context of the current debate on
addressing group-level determinants in policy aiming to reduce obesity prevalence.
In public health, it seems widely accepted that solutions for the increasing rates
of overweight and obesity cannot solely be found in individual-level actions such
as health education. An additional focus on group-level determinants such as the
food environment or norms regarding body weight seems imperative. Although
policies often start with a commitment to deal with group-level determinants, they
frequently end up with the implementation of individualized interventions aimed at
changing individual weight-related behaviour [129, 130]. A failure to tackle group-
level determinants may be because, although there is a large body of knowledge
on the way these determinants shape public health problems, the knowledge base

regarding the impact of interventions addressing these determinants is limited.

Currently, the evaluation of interventions aimed at higher level determinants is
largely dependent on ‘natural experiments’, an approach that has proven to be

extremely complex and heavily dependent on the very few actual policies that
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lend themselves for impact evaluation [131]. The use of complexity science, more
specifically systems dynamic modelling, applied to relevant processes at the group
level, is likely to speed up knowledge production in this field. This study is an
attempt to explore the value of this approach, specifically for the issue of tackling
overweight and obesity. The results of this study should not be interpreted as
predictions that can directly be applied to policy but rather as ‘what if” scenarios
that attempt to clarify a causal mechanism. The SDMs enable this mechanism to
be unravelled by exhibiting patterns that could not have been predicted by only
considering group-level characteristics. For instance, this way of considering the
individual values for socio-cultural ideal BMI, which during the simulations remain
initialized by every individual’s own value for this variable as derived from the
cohort data, presents a group-level pattern that could not have been predicted
otherwise. This observed pattern at the group level can be interpreted as an

emergent behaviour of the system.

The following lessons can be drawn from this study regarding the underlying causal
mechanism that was modelled. Firstly, this study adds understanding to how
group-level processes, in this case in relation to norms, work. Specifically, previous
research has shown that obesity spreads through social ties [132]. This work ex-
plores a potential causal mechanism for this process by specifying that individual
body weight perception is affected by what is normal while also affecting what is
normal via its impact on obesity prevalence, inducing feedback loops that may over
time contribute to group-level obesity. This study investigated this hypothesized
causal mechanism by operationalising it using system dynamics modelling, where
all causal links are supported by literature and implemented mathematically in an
intuitive, explainable manner. This is contrary to the majority of other quantitative
epidemiological methods, which are based on statistical models attempting to dis-
cover correlations, without explicitly studying causal mechanisms. The approach
used in this study enables the simulation of each group’s emergent behaviour as a
function of the hypothesized causal mechanisms. The results of this study confirm
that the hypothesized feedback loops can be an explanation for group-level obesity,
where group-level BMI is reinforced by individual body weight perception via the

norm.

In this study, it was also shown that if norms were the only determinant of weight

change, men would not lose weight, whereas women would. This implies that norms
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are counteracting health awareness less strongly in women, suggesting that they
must be subject to additional drivers of obesity. The major driver of this divergence
in behaviour is the norm, which is closer to the healthy weight range in women.
This is in line with previous research showing that women are generally more
engaged in health and weight-related behaviour [133, 134]. Previous research has
also shown ‘that appearance norms encountered by women in daily life are more
rigid, homogeneous and pervasive than those for men, and that more messages
implying the attainability of the ideal appearance are directed at women’ [135].
For women, having this pressure to conform to the socio-cultural ideal BMI might
add to the discrepancy between the results of the scenarios and reality. That
is, despite of being aware of the socio-cultural ideal BMI and the socio-cultural
ideal BMI being healthy, which under the assumptions used in this study should
lead to weight loss in women, in reality it is seen that, at the group level, women
are not losing weight. In this regard, it has for instance been shown that weight
stigma increased the inclination to avoid exercise, independent of BMI and body

satisfaction, among college-aged females [136].

In addition, under the assumptions used in this study, the cohort data underlying
the SDMs suggest that the relative impact of norms on individual ideal BMI is
larger among men. This is of interest, as usually the effect of norms on weight
change is considered to be indicative of their strength. That is, norms towards
body weight are generally regarded as being stronger in women, as women more
likely to want to adjust their weight based on norms [137]. The results of this study
however show that norms are stronger in men. This suggests that even though for
men norms do not contribute to weight loss, they do establish the reinforcing
feedback loops of group-level obesity. As the cohort data also show that the norm
is approximately equal to group-level BMI in men, this might indicate that what is
normal may be more important than what is ideal in determining what body weight
men strive for. This is supported by findings from previous research showing that
men are less likely to recognize their own overweight status and are more satisfied
with their body weight than women [124, 138].

Secondly, this study adds evidence that efforts to address the obesity epidemic need
to consider norms, as an example of group-level processes. The results indicate that

in populations where overweight is the norm, the potential impact of policies is
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greater if they address these norms, as compared with policies that use individual-
level approaches only. Here, addressing the norm does not equal enforcing stricter
weight ideals, as the norm is dependent on both median BMI and socio-cultural
ideal BMI, where the latter refers to weight ideals. The norm is thus influenced
by median BMI, that is, what you see around you. From a policy perspective, this
might mean that making individuals aware of their obesity status is not the road
forward, but taking measures at the group level to reduce the obesity prevalence
is. A commitment to deal with the norm can thus be independent of socio-cultural
ideal BMI, by attending to median BMI at the group level.

Studying ‘what if’ scenarios using computational modelling approaches allow pol-
icy strategies to be tested under the exact same conditions. Although the SDMs
do not include potential solutions for influencing norms, they show that influences
on both the individual as well as the group level should be considered. The results
of this study suggest that norms limit the effectiveness of interventions targeting
individual weight-related behaviour, especially in men. A restricted focus on indi-
vidual weight-related behaviour, which places the responsibility for body weight on
the individual in a context where overweight is the norm, might even have adverse
effects [5]. The results indicate that shifting the focus to group-level interventions
aiming to change the norm can contribute to the prevention of group-level obesity.
A starting point for this can be considering how the effects of policy strategies
may diverge among groups based on the prevailing norm towards body weight.
Given that in this study population overweight prevalence is high in both men and
women, the results of the scenarios imply that failing to consider the norm and its
effect over time might result in a similar policy strategy for both genders, which
would be misguided. The SDMs constructed in this study can be instrumental
in considering the norms of groups that, besides gender and ethnicity, differ with
respect to characteristics such as socio-economic status. This can be explored in fu-
ture research using these SDMs and would allow the differentiation of policy based

on the group-level norm towards body weight, in addition to obesity prevalence.






Chapter 3

Temporal dynamics from
cross-sectional data using

Langevin dynamics

3.1 Introduction

Longitudinal studies require a huge investment in terms of time, money, and effort,
depending on the system studied. For instance, biological experiment techniques
such as sequencing-based assays destroy cells in order to measure certain concen-
trations; population-based cohort studies in public health, such as HELIUS [10],
involve asking each of the participants to visit the hospital, measuring various
physiological variables, and assessing psychological well-being through interviews
and questionnaires. This leads to a relative abundance of cross-sectional datasets
in these fields. However, the price to pay is that cross-sectional data lack the
temporal information needed to study the evolution of the underlying processes.
This hampers the development of models which can make predictions (predictive
models) or even simulate the effects of interventions (causal models) in these fields.
Therefore, in order to utilize the abundant cross-sectional data to study the dy-
namics of system behaviour it is important to design methods that aim to infer the

temporal dynamics from these data.

There are several techniques in the literature for estimating pseudo-longitudinal

data from cross-sectional data, which include employing distance metrics and graph

7
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theoretical operations [76-83]. They aim to construct realistic trajectories through
the feature space by using techniques such as ordering of the data-points and
selecting start-points and end-points based on known class labels. For instance,
one way to order data-points is by assuming that the label ‘healthy’ precedes the
label ‘diseased’. Another way to order biological samples or RNA-seq data is by
using their gene expression levels. Of course, these methods rely on the presence of
suitable variables in the dataset, as well as the assumptions about how these labels
induce an ordering. The proposed method, on the other hand, infers the temporal
dynamics from the distribution of the data-points, and hence, is not dependent on

the ordering of the data-points or the presence of order-inducing variables.

In this work, a method for inferring predictive computational models from cross-
sectional data using Langevin dynamics [139] was proposed. The free energy land-
scape, which is a mapping of all possible states of the data-points in the system, was
reconstructed from the cross-sectional data by assuming that groups of data-points
having similar features follow similar trajectories. A free energy landscape can be
considered analogous to an uneven hillside and the data-points in the landscape as
balls rolling down the hillside. The balls will eventually come to rest in a stable
state in the valleys. These valleys are the attractors in the free energy landscape.
Trajectories across a landscape correspond to the progression of the data-points.
This method estimates the free energy landscape based on the probability distri-
bution of the data-points. Roughly speaking, the free energy landscape is approx-
imately the inverse of the probability distribution of the data-points. Thus, the
attractors in this estimated energy landscape will approximately correspond to the
peaks in the probability distribution. For instance, following this assumption, a
free energy landscape estimated from a probability distribution of the BMI values
of a group of individuals will have attractors that will correspond approximately

to the most probable BMI values in that group of individuals.

The proposed method was based on the following assumptions. The first assump-
tion was that the distribution depends only on the variable of interest. For instance,
for a cross-sectional data of the BMI of a sub-population, it was assumed that the
distribution of these BMIs does not depend on other variables such as physiolog-
ical factors, physical activity, diet, stress, etc. The second assumption was that

the distribution of the data-points has converged to a stable distribution at the
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time of observation. For instance, for a cross-sectional data of the BMIs of a sub-
population, it was assumed that the sub-population is not currently subjected to
any intervention that will change the distribution of BMIs within a short time-
span. That is, even though, at the individual level, the BMIs might change, but at
the population level, the distribution of the BMIs remains stationary. The third
assumption was that each data-point tends to follow the same free energy land-
scape in a ‘downslope’ manner. This was based on the fact that systems have a
tendency to minimize their energy and hence, even though the changes over time
for two data-points may be different, they move in time in the same direction,
i.e., downslope of a convex free energy landscape. It is important to note that, in
a population of data-points that exhibits a stationary distribution, no state is a
permanent condition for any data-point, that is, the data-points undergo contin-
ual change. However, a force constrains the state space that can be explored by
the data-points and this force is proportional to the gradient of the free energy

landscape.

The temporal dynamics of the data-points were modelled using stochastic differ-
ential equations based on Langevin dynamics and the above-stated assumptions.
The heterogeneity of the data-points was modelled using a noise term which causes
random movement of the data-points within the landscape. With the help of ex-
pert knowledge, this noise term can be defined by considering the dependencies on
other variables and factors. It should be noted that since at the individual level the
data-points exhibit random movement, the assumption that the data-points have
a statistical tendency to move towards the stable attractor states is only valid at

the population level and cannot be applied to the individual level.

This method would be applicable to systems where the data-points follow a free
energy landscape which does not change with time and is not influenced by external
force. This stable landscape, however, does not enforce that the data-points do not
change their position with time. At the individual level, there may be continual
change in the position of the data-points, but at the population level the distribu-
tion of these data-points remains stable. That is, the movement of the data-points

is constrained by the force field of the landscape.

This method would not be applicable to systems which change frequently or are
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undergoing intervention. This is because, the landscapes representing these sys-
tems will tend to change within short time spans. For example, a particular sub-
population whose current norm is over-weight will follow a landscape where the
attractor represents overweight BMI. However, if that sub-population is undergo-
ing an intervention where regular exercise and diet control are made compulsory,
then the free energy landscape of that population will change within short time
spans with the attractor moving towards healthy BMI. In such a situation, this
method will not be applicable. However, the proposed method can be applied to
this system when the intervention has resulted in a stable distribution of BMI for
the sub-population after a considerable time has passed from the start of the inter-
vention, so that changes in BMI in the individual level does not result in changes

in the distribution of BMI in the population level.

The estimates of the temporal dynamics obtained by the proposed method were
compared against two population-based datasets from the public health domain.
As these datasets contain data reflective of the health-related behaviour of a group
of individuals, these data are at least in part representative of the outcomes of hu-
man interaction and social norms that determine behaviour. It was assumed that
the use of Langevin dynamics can provide an indication of the underlying mech-
anisms in scenarios where individuals in groups tend to follow norms and adhere
to social conventions [140, 141]. This is because these ‘forces’ are hypothesised to
lead individuals to move towards the same norm behaviour, making it possible to
identify the ‘force field’ that the individuals are following. There are many cross-
sectional studies of human behaviours influenced by social norms, such as physical
activity, dietary habits, smoking, and alcohol consumption [142-145]. However,
cross-sectional data cannot readily be used to develop predictive computational
models to study how these behaviours evolve over time. Predictive computational
models may however be valuable in this context since they enable the assessment
of competing hypotheses by allowing the evaluation of hypothetical scenarios in
silico and simulation of the effect of interventions. This is especially advantageous
for systems for which comparing counterfactual scenarios would not be possible in
vivo, as is the case for systems involving human interaction and social norms. It
would, for instance, never be possible to conduct an empirical study to assess the
effect of group-level social norms versus individual-level health-related behaviour
on body weight [146].
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The goal of this study was to formulate a method to infer a computational model
that predicts the temporal evolution of the data-points. The proposed method
should be viewed as the starting point for inferring temporal dynamics from cross-
sectional data. This method only presents a means to obtain an approximate idea
of the underlying dynamics from the cross-sectional data without considering any
other factors and dependencies. This method is not a causal inference technique
in itself, which is a term reserved for automated techniques that identify causes of
an effect by establishing that a cause-and-effect relationship exists purely based on
data [147]. The proposed method selects a stochastic differential equation model
which best fits the landscape dynamics derived from the data. Even though a
differential equation can always be interpreted as a causal model, since it specifies
how one variable changes as function of other variable values, the inferred predic-
tive model does not by itself encode valid causal relationships, i.e., the model is
not causally interpretable. In other words, it can be used to predict the system
behaviour, but not how this behaviour will change in response to interventions. To
illustrate this point, consider a dataset of BMIs of a group of individuals. It may
be reasonable to predict that on average this group of individuals will have a statis-
tical tendency to move towards the norm BMI. However, it is an entirely different
question what would happen to this group-level BMI after an intervention, for in-
stance, a sudden and large change in diet or physical activity level. The inferred
model does not address the question of ‘how’ mechanistically the group-level BMI

increases or decreases, only ‘that’ it will statistically tend to increase or decrease.

The model can be made causally interpretable by adding expert knowledge to the
presented ‘baseline’ method in the form of (constraints on the) causal relationships
between the different variables in the system. This should in turn increase the
out-of-sample predictive power (generalizability). For example, in a previous work
[146] discussed in Chapter 2, an expert-informed causal model was constructed
between individual body weight perception, individual weight-related behaviour,
and group-level norms towards body weight. Expert knowledge was incorporated to
gather statements of causal and non-causal relationships to infer a computational
model which can be causally interpreted. These statements of causal relations (e.g.,
‘physical exercise directly affects weight loss’) essentially constitute constraints on
the functional forms of the differential equations that are permitted (the differential
equation for ‘weight loss’ must at least include a variable ‘physical exercise’). The

remaining uncertainties (parameter values, functional forms) were then estimated
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from a cross-sectional dataset by using assumptions. The proposed method can
be considered as a starting point of this model-building process for systems that
can be described as effectively following a stable free energy landscape: in its naive
form it produces a predictive model, and the more expert-informed constraints on
functional forms are added based on causal or non-causal statements, the better

the causal interpretation of the resulting model.

3.2 Methods

3.2.1 Langevin dynamics

Each data-point, denoted as z, was considered as vector-valued and capable of
changing over time. A data-point represents a set of attributes (such as BMI) of
an individual. It was assumed that all data-points in a cross-sectional dataset of
size N have had sufficient time to mix and explore the state space by the time at
which they were observed. Thus, it was assumed that even if there was a major
perturbation, a system of data-points has converged to a stable distribution at
the time of observation. This implies that all the data-points follow a probability
distribution, p(x), which is stationary. Further, this implies that N is large enough

to effectively estimate p(z) from the dataset.

It was also assumed that the probability distribution depends only on the variable
of interest (such as BMI) and not on any other variables and factors. As it was
explained previously in the Introduction, this method only presents a means to
obtain an approximate idea of the underlying dynamics from the cross-sectional
data without considering any other factors and dependencies and is not a causal
inference technique. The ‘baseline’ model obtained with this method can be im-
proved by incorporating expert knowledge in the form of the correlation between

the variable of interest and other variables and factors.

In general, it is not possible to derive the temporal evolution, dz/dt, from the
stationary probability distribution p(x). This is because there are multiple dx/dt
which can lead to the same stationary distribution. For example, a data-point
rotating clock-wise and another data-point rotating anti-clockwise both have the

same circular stationary distribution, but their dx/dt are different. This problem
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FiGURE 3.1: The proposed procedure to infer a computational model from a
cross-sectional dataset. (A) The energy landscape F(x) = —az? + ba? is used
to generate a surrogate dataset, using the true probability density (solid red
line). The dashed black line is the estimated probability density. (B) From
the estimated probability density and the Boltzmann distribution, the free en-
ergy landscape F'(z) is estimated. The red ball represents a data-point moving
downslope towards the attractor as shown by the red arrow. (C) The force field
which is the derivative of the free energy landscape leads to the deterministic
dynamics of the Langevin equation. The red arrows show the direction in which
a data-point in any of the four partitions will be forced to move by the force field.
The regions around 1 and -1 correspond to the two attractors. (D) The resulting
predicted dynamics of a single data-point and the occasional transition from one
attractor to the other, across the tipping point at x = 0. The inset figure is the
histogram of the values of this data-point across time. The histogram almost
captures the shape of the histogram of the cross-sectional data shown in (A) and
is slightly different because a short time range is considered to improve visibility
of the predicted dynamics.

was solved by assuming that each data-point tends to follow the same free energy
landscape, F'(z), in a ‘downslope’ manner, i.e., moves in time in the direction of
—dF/dx. F(x) effectively assigns an energy value to each possible vector x. This
assumption is based on the fact that systems have a tendency to minimize their en-
ergy, although random fluctuations may sometimes have the opposite effect. The

minimum energy states correspond to the attractors in F(z). This assumption
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could be valid for social systems where individuals tend to follow norms, adhere
to social conventions, and identify themselves with groups [140, 141]. These influ-
ences could lead individuals to move towards the same attractors. Thus, in these
applications, the probability distribution of data-points could be used to make

predictions, whereas in other applications this may not be the case.

The energy landscape, F(x), can be derived from p(x) through the Boltzmann
distribution [148],

BF(x) = —logp(x). (3.1)

Here, the constant [ is interpreted as the inverse of temperature, or noise level:
the lower the value of 3, the larger is the effect of random fluctuations on z, and
thus the lower the influence of F' on the data-points. The assumption behind this
relation is that the data-points are in equilibrium, which is already met by the

assumption of p(z) having reached stationarity.

In addition to this deterministic tendency given by F', there is a random movement
(noise) which is irrespective of F' and is uncorrelated over time, defined by a Wiener
process W (t) [149]. Thus, the displacement of each data-point consists of the sum of
a deterministic component and a stochastic component which leads to the following

overdamped Langevin dynamics equation [139]:

dF
dx = —Bd—dt + adW (t). (3.2)
T

Here, 8 controls the relative strength of the deterministic force and o controls
the relative strength of the noisy movement. When § — 0, the deterministic
component becomes negligible, and thus the data-points diffuse randomly over the
state space in all directions. When o — 0, the stochastic component becomes
negligible , and all data-points converge to one or more local minima of F'(x), after
which no further change occurs. Clearly, a balance is needed between these two
opposing processes, which will control the degree of clustering and the amount of
variance observed in the predicted distribution, pg,(z), and match with the p(z)

from the data.

For determining the values of § and o, it is important to realize that only their ratio
changes the stationary data distribution. Thus, if the timescale of the deterministic

component is fixed by setting § = 1 without loss of generality, then the remaining
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free parameter o controls the ratio of the random and deterministic forces. This
timescale can be fixed because if both parameters in Eq. 3.2 are multiplied with a
constant 7, the velocity dz/dt is also multiplied by 7. This means that x changes
7 times faster. In principle, it is impossible to derive how fast x changes per unit
time from the data available at a single time-point. However, it is still possible to

predict the directions of the data-points, which is the main interest of this method.

3.2.2 Numerical algorithm

To explain how the algorithm recovers the dynamics, a set of data-points moving
over a known free energy landscape was generated. Consider a true underlying free
energy landscape, F'(z) = —ax? + bz*, from Landau’s second order phase transi-
tion formalism, which contains two attractor states as long as a > 0,0 > 0. The
parameters a and b were set to 3 and 1 respectively, where a controls the height of
the energy barrier separating the two attractors. Assuming the Boltzmann distri-
bution (Eq. 3.1), a dataset consisting of 5000 i.i.d. data-points was generated from

az?—bat /Z, where Z is the normalizing

the probability density function, p(z) = e
constant. p(z) is shown in Fig. 3.1A as a solid red line. The sampling was done

through the inverse transform sampling method [150].

Now, this dataset was considered as given and the F'(x) used to generate it was
‘forgotten’. The true p(z) always has an exponential form due to the assump-
tion of a Boltzmann distribution. Therefore, a Gaussian kernel density estimation
algorithm was used to estimate the data distribution. A Gaussian kernel density es-

timate is defined as p(z) = (nhv2m)~ 1> e” (x;]fg)2, where x; are the data-points

and the parameter h was determined using Silverman’s optimization procedure
[151]. Even though the parameters h and ¢ represent similar concepts (both are
standard deviation controlling parameters), they implement different components.
The parameter h controls the standard deviation of the Gaussian kernel density
estimate obtained from the data, whereas, ¢ controls the the ratio of the random
and deterministic forces in Eq. 3.2. The estimated p(x) from the dataset is shown
in Fig. 3.1A as a dashed black line. This estimated p(z) was then used to esti-

mate the free energy landscape as F(x) = —logp(x). By fixing the timescale of
the deterministic dynamics through § = 1, the deterministic term, ia /dx, of the
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Langevin dynamics (Eq. 3.2) is given as,

dF  d
 — Z(—logh
= T (~logp(a))
d e (@)
= (= log((nhv2r) Zi:‘f oz )
(m—ay)? _(z—=y)?
x;e 2hn2 Te 2hn2
n h? - h?
AL 53
i=1 e 2n2

The stochastic part was then fully determined by an optimal choice for o. The
optimal o was determined by using the Hellinger distance, H (pg=1,(z), p(x)), as
the cost function. The Hellinger distance is defined as,

H(p,q) = 3 [, <\/dp(x) - \/dq(a:))2 dx. To evaluate the goodness of fit for each

2

choice of o during this optimization process, the stationary probability density
Dp=1, () has to be estimated numerically. Since integration techniques for stochas-
tic differential equations are computationally intensive, the domain of the data, x,
was divided into discrete points with distance Ax, which was calculated as Az =
\/Kt/f. The time-step At was selected such that v/ 1000A¢ = (Tmax — Tmin)/2.
This means that it would take a random Wiener diffusion process with diffusion
parameter o about 1000 time-steps to reach the entire range of x values. The
expected displacement of a random diffusion process after At time is v/At, which
was divided up into f discrete points. Thus, f controls the ‘fineness’ of this grid.
It was found that f = 10 produced accurate results at low memory cost. x;, and
Tmax Were calculated from the data by taking the floor of the minimum value and
ceiling of the maximum value from the standardized data respectively. In this case,
the generated dataset produced ..« = —Tmin = 3. This resulted in 601 discrete
values for x and a sparse, approximately band-diagonal transition matrix of di-
mension 601 x 601, denoted by W. To calculate the transition probabilities in W,
the possible positions that a data-point, starting at position z, can reach after At
time-steps were first determined. The displacement due to the deterministic force
is given by x+ (—%At). Taking this value as the mean, the 601 discrete values of x
were used to determine the values (y) that fall within 4 standard deviations of this
mean, i.c., within +40v/At of the mean. Then the probabilities of displacement
to these y values due to random diffusion were calculated, by assuming a normal
distribution with mean as = + (—%At) and standard deviation as ov/At. Thus,
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FIGURE 3.2: (A) Two-attractor pre-intervention landscape, (B) Two-attractor
post-intervention landscape, (C) Single-attractor pre-intervention landscape, (D)
Single-attractor post-intervention landscape.

W =P (y | N (a: —YENE o At)), where P(.) denotes probability density

function.

For discrete Markov processes, the stationary distribution vector 7 can be found
directly by solving the set of linear equations # = W, which is computation-
ally an efficient operation since it reduces to finding the (left) eigenvector of W,
having an eigenvalue of 1. Before performing this operation, the rows of W were
normalized. The initial distribution vector, my, was calculated from the data as,
mo(x) = f;fﬁs/jp(x). Finally, the Hellinger distance, H (ps—1.,(x),p(z)), was
computed for which 7 was converted to a continuous function, ps—;,(z), using
third-order spline interpolation. If changing ¢ no longer reduces the Hellinger dis-
tance, the procedure terminates and the Langevin dynamics (Eq. 3.2) is completely
specified. In Fig. 3.1D the resulting predicted dynamics of a data-point is shown,

where the optimal ¢ ~ 1.41.

This free energy landscape can be manipulated to favour a particular attractor or
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shift the attractor. Here, it is demonstrated that the landscape can be changed
by an intervention, and if it is changed then what possible comparisons can be
performed using the pre-intervention and post-intervention landscapes. It is to be
pointed out that how an intervention should be implemented is not known, which
requires expert knowledge such as, which are the causal relationships which should
be exploited in order to achieve such an intervention. This should be viewed as
only a theoretical test where a term (analogous to an intervention) was added
to the free energy function, and then potential comparison measures between the

pre-intervention and post-intervention cases were presented.

Suppose, F'(z) denotes the pre-intervention free energy landscape and G(z) =
F(z) + cx represents the post-intervention free energy landscape. Here, cx repre-
sents the intervention and ¢ controls the strength of the effect of the intervention.

Let, x1(t) be a stochastic process with respect to the landscape F'(z) defined as

dF
day = —B~—dt + odW (t). (3.4)
dl’l

Let, z2(t) be another stochastic process with respect to the landscape G(x) defined

as
dG
dry = —f——dt + adW (t). (3.5)
d[EQ

For a two-attractor landscape, suppose the pre-intervention free energy landscape is
defined as F'(z) = —az®+bx*. Adding a term cx makes the left attractor preferred.
The pre-intervention and post-intervention landscapes are shown in Fig. 3.2A and
B. The average rate of transition from the attractor at x, to the attractor at x_,
with zq as the local maximum (tipping point) can be approximated using Kramer’s

formula for energy barrier crossing as

Fzg)—F(zy)

r(+ — — :—\/F” VI (zo)|e 2 . (3.6)

Similarly, the average rate of transition in the opposite direction, r(— — +) can

be obtained by

Fzg)—F(z_)

r(—— \/F” ) |F"(z0)|e " & . (3.7)




Chapter 3. Langevin dynamics 89

Now, for the pre-intervention landscape, F'(z) = —ax?®+bz?, the average transition
rates in both direction will be equal since the landscape is symmetric. Using a=3,
b=1, the average transition rates are obtained as r(+ — —) = r(— — +) =
12.9867. For the post-intervention landscape, G(z), the average rate of transition
from the right attractor at z to the left attractor at z_ will be higher than that
in the opposite direction. Using a=3, b=1, and c¢=1, the average transition rates

are obtained as r(+ — —) = 0.448 and r(— — +) = 0.031.

For a single-attractor landscape, suppose the pre-intervention free energy landscape
is defined as F(r) = ax?®. Adding a term cx shifts the attractor to the left. The
pre-intervention and post-intervention landscapes are shown in Fig. 3.2C and D. In
this case, the pre-intervention and post-intervention landscapes can be compared by
using the first moments (means) of stochastic processes x1(t) and xo(t) respectively.
Let p7 and ps be the means of the stochastic processes z1(t) and x(t) respectively
and they are defined as

= e 2y, (3.8)

e 2% (c 4+ 2axq0) —

- , (3.9)

H2 =

where 19 and g are the initial states of x1(t) and z5(t) respectively.

3.2.3 Comparison with longitudinal dataset

The estimates of the temporal dynamics obtained by the proposed method were
compared against longitudinal datasets where the first time-point was used as the
cross-sectional data and the subsequent time-points were used for comparison with
the model predictions. For this purpose, the displacement of each individual which
is influenced by a force towards the attractor and a random movement was esti-
mated. This estimated displacement is not deterministic, but is random and hence
represented as a normal distribution, whose mean is the gradient of the free en-
ergy landscape and standard deviation is the noise parameter. Mathematically,
the displacement of an individual ¢ for a At time-increment is represented by a
normal distribution with the displacement due to the deterministic force, %At

as the mean and ov/ At as the standard deviation. Using this normal distribution,
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for each individual 7 the probability of positive displacement and the probability

of negative displacement, denoted as Piy and Py, respectively were determined

as
4 dF
Pip =Pz > 0,2 ~ N(—%At, oV At)), (3.10)
, dF
Pip=Plx <0,z ~ N(—%At,av At)). (3.11)

The prediction accuracy of the model for individual 4, denoted as A?, was quantified
as follows. If the observed displacement (Dgqy,) for individual 7 from the data was
positive, then Pip, was assigned as the prediction accuracy of the model, and if
the observed displacement was negative, the Piy was assigned as the prediction
accuracy of the model for individual 7. The average prediction accuracy of the
model, denoted as A**™*° was then determined as the average of the prediction

accuracy over all individuals. Mathematically, A* and A*'#° are defined as

[Py, if Dyara € Reo.
A= {TPP data = 720 (3.12)
PliIDa if Ddata € IR<O'

Amvernee — (A1), (3.13)

)
max)

In addition, the maximum prediction accuracy of the model for individual i, A
and the average maximum prediction accuracy of the model over all individuals,

Azverage were determined as

Al = maa(Bip, Pioy), (3.14)

max

Aemmee — (ALY, (3.15)
To determine the optimal value of At, the metric of Euclidean distance was used,
by varying its value from 1 to 100 with increments of 1, and selecting the value
that gives the minimum Euclidean distance between the displacement due to the
deterministic force (—%At) predicted by the model and the observed displacement

from data.
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FiGURE 3.3: Comparison of the prediction accuracy of the model to random
choice under the null hypothesis of random displacement. The blue shaded area
is the confidence interval of the distribution of 1000 mean prediction accura-
cies of random choice. The violet dashed line denotes the upper limit (Ucg) of
this confidence interval (Eq. 3.16). The red dashed line denotes average predic-

tion accuracy (A*V°'2&°) (Eq. 3.13) and the green solid line denotes the average

maximum prediction accuracy (Amax o) (Eq. 3.15) (refer to section 3.2.3).

In addition to the above tests, the prediction accuracy of the model was also
compared to random choice under the null hypothesis of random displacement.
A random selection between Pipy and Pgp for each individual i was performed
and then the average over all individuals was calculated to obtain the prediction
accuracy by random choice. This random choice step was repeated for 1000 times
to obtain a distribution of mean prediction accuracies of random choice whose 95%
confidence interval was then calculated. The upper limit of this confidence interval
is defined as

— s
Uy = X +1.96——— 3.16
“ 1000 (3.16)

where, X is the mean of the distribution of 1000 mean prediction accuracies of
random choice and s is the standard deviation of this distribution. If the aver-
age prediction accuracy of the model was greater than the upper limit (Ucp) of

this confidence interval, then the model prediction was concluded as significantly
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better than the prediction obtained by random choice. The average prediction ac-
curacy (A2'#8¢) was scaled to better compare with Ugr and the average maximum

B average
prediction accuracy (A2Vereee) ag

average
Aaverage A ¢ — UCI
scaled Aaverage _ UC]

mazximum

(3.17)

Aaverage
maximum

After the above scaling, Ucy will correspond to zero and will correspond

to 1. If A7 5 is above zero, it can be said that the model prediction is better than
random choice; if it is below zero, then the model prediction is indistinguishable
from random choice. This comparison process with random choice is explained in
Fig. 3.3. Thus, the predictions of the proposed model were compared against data

as well as a random choice method.

3.2.4 Data

The predictions of the proposed method were compared against two population-
based longitudinal datasets: the College study dataset [152] and the Hoorn study
dataset [153-155], where the first time-point was considered as the cross-sectional

data and the subsequent time-points were compared to the model predictions.

The College study dataset [152] is a longitudinal dataset with weights and heights
measured over 5 time-points: baseline, 6 weeks, 6 months, 12 months, and 24
months. This study was conducted with 294 female first-year students [age: 18.24+
0.44 years; all values are expressed as mean + SD unless otherwise specified] re-
cruited from two universities in Philadelphia. This dataset was preprocessed to
include only those participants who had their weights and heights measured for all
the 5 time-points and obtained 162 participants. The BMI (in kg/m?) of these 162
participants were calculated from their weights and heights and their baseline BMI
distribution was 23.59 £ 2.69 kg/m?.

The Hoorn study dataset [153-155] is a longitudinal dataset with BMIs measured
over 2 time-points: baseline, and 7 years. The baseline study [153, 155] was con-
ducted in 2006-2007 in the Dutch city of Hoorn and included 2,807 participants.
The follow-up study [154, 155] was conducted in 2013-2015 which included 1,734
participants out of the 2,807 participants in the baseline study. This dataset was
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FIGURE 3.4: (A) The scaled average prediction accuracies, A% ¢ (Eq. 3.17)
corresponding to the 4 time-points: 6 weeks, 6 months, 12 months, and 24
months of the College study dataset, and the single time-point of 7 years of the
Hoorn study dataset. The vertical bars at each point represent the error bar for
the respective model prediction accuracy calculated from 1000 bootstrap sam-
ples. The solid red line at 0 corresponds to the upper limit of the 95% confidence
interval of the distribution of mean prediction accuracies of random choice, Ucy
(Eq. 3.16), and the solid red line at 1 corresponds to the average maximum model
prediction accuracy, Amax o (Eq. 3.15). Model prediction accuracies above the
line at 0 are significantly better than the prediction accuracy of random choice.
(B) The ‘maximally achievable’ scaled average prediction accuracy of the model
obtained by comparing against the theoretical test that the statistical tendency
to move towards the attractor which is displayed at the population level was
also displayed at the individual level, that is, if all individuals have a tendency

to move towards the attractor (refer to section 3.3).

preprocessed to include only those participants who had their BMI measured for
both the time-points and obtained 1,727 participants with age 53.62 4 6.53 years
and baseline BMI 26.11 =+ 3.88 kg/m?.

3.3 Results

In this work, a baseline method for inferring predictive computational models
from cross-sectional data based on Langevin dynamics was presented. The model
predictions were compared against two longitudinal datasets: the College study
dataset [152] and the Hoorn study dataset [153-155], where the first time-point

was considered as the cross-sectional data and the subsequent time-points were
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compared to the model predictions. The College study dataset contains BMI val-
ues over 5 time-points: baseline, 6 weeks, 6 months, 12 months, and 24 months.
The Hoorn study dataset contains BMI values over 2 time-points: baseline, and 7
years. Fig. 3.4 shows the model prediction accuracies (A% % (Eq. 3.17)) using
these two datasets. The model showed significant predictive power (green circles
in Fig. 3.4(A)) compared to the prediction of a random choice algorithm (solid
red line 0 in Fig. 3.4). Additionally, the model prediction accuracy improved fur-
ther when expert knowledge was incorporated to the model, as shown by the blue

crosses, cyan left triangles, and magenta diamonds in Fig. 3.4(A).

To test if the predictive power of the model is enhanced with the incorporation
of domain expert knowledge, the empirical observation from epidemiology that
individuals from different BMI categories follow different landscapes [156, 157]
was applied. In accordance, the datasets were clustered based on the standard
BMI categories: underweight (BMI < 18.5), normal weight (18.5 < BMI < 25),
overweight (25 < BMI < 30), and obese (30 < BMI) [158]. Clusters of sizes 0,
119, 39, and 4 respectively were obtained from the College study dataset, and 12,
739, 729, and 247 respectively were obtained from the Hoorn study dataset. Since
the underweight and obese clusters from the College study dataset had only 0
and 4 individuals, respectively, and the underweight cluster from the Hoorn study
dataset had only 12 individuals, those clusters were disregarded. It was observed
that on considering separate attractor landscapes for these different clusters, the
model prediction accuracy increased significantly (Fig. 3.4A). The attractor in each
cluster approximately corresponded to the BMI that was most prevalent relative to
the group of individuals in that cluster. From the above results (Fig. 3.4A), it can
be concluded that the incorporation of domain expert knowledge to the baseline
method further enhances the predictive power of the model. Next, a theoretical test
was performed by further narrowing the BMI range to see if clustering individuals
having almost exact BMIs further improves the prediction accuracy. Accordingly,
all individuals having BMI in the narrow range of 21 < BMI < 22 were selected,
and 29 individuals from the College study dataset, and 96 individuals from the
Hoorn study dataset were obtained. It was observed that the model prediction

accuracy increased further (Fig. 3.4A).

Next, a theoretical test was performed to see the how the proposed method per-

forms if the statistical tendency to move towards the attractor that is displayed
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FIGURE 3.5: The relative number of positive and negative displacements
in each BMI bin at (A) 6 weeks, (B) 6 months, (C) 12 months, and (D)
24 months obtained from the College study dataset. The relative num-

ber of positive and negative displacements in each BMI bin is calculated as
number of pos.1§1ve dlsplacements - number of negatlye d1§placements . This relative number
number of positive displacements + number of negative displacements
will be 1 or -1 if all displacements at a particular BMI bin are in the same direc-

tion (either positive or negative). If a particular BMI bin has mixed displacement
directions then the relative number will be between -1 and 1. A positive rela-
tive number indicates that there are more positive displacements than negative
displacements and vice-versa (refer to section 3.3).

at the population level was also displayed at the individual level, that is, if all
individuals have a tendency to move towards the attractor. In that case, indi-
viduals with a BMI that is greater than the attractor BMI should decrease their
BMI and vice-versa. Assuming this ideal behaviour, the ‘maximally achievable’
prediction accuracy of the model was determined. As observed from Fig. 3.4B,
these ‘maximally achievable’ model prediction accuracies are significantly higher

than the actual prediction accuracies using the real data.

Another theoretical test was performed by analysing the data to see if individ-
uals having the same BMI have displacements in the same direction. Accord-
ingly, 15 BMI bins were selected based on the data (the bins are shown as x
axis labels in Fig. 3.5). An individual was placed in BMI bin z if the individ-
ual’s BMI was in the range of x < BMI < x+ 1. For example, an individual was
placed in BMI bin 25 if the individual’s BMI was in the range of 25 < BMI < 26.

Then, the displacements from baseline to 6 weeks, 6 months, 12 months, and 24
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months were calculated. Fig. 3.5 shows the relative number of individuals hav-

ing positive and negative displacements in each BMI bin, which was calculated as

number of positive displacements - number of negative displacements
number of positive displacements + number of negative displacements *

ular BMI bin have displacements in the same direction, then this relative number

If all individuals in a partic-

will be 1 or -1 as shown by the red solid lines in Fig. 3.5. If individuals in a partic-
ular BMI bin have mixed displacement directions then this relative number will be
between 1 and -1. The purpose of Fig. 3.5 was to show that individual behaviour
is inherently random and that individuals having almost same BMI may not have
displacements in the same direction. That is, two individuals having BMI of 28
may not both decrease their BMI: one may increase, and one may decrease. If
all individuals in a particular BMI bin had displacements in the same direction,
then the relative number of individuals having positive and negative displacements
in each BMI bin would be exactly 1 or -1. However, this is not the case that is
observed from Fig. 3.5. It should be noted that this analysis was based on the as-
sumption that the distribution does not depend on other variables, which in reality
is probably not true. And it is because of these other variables that the relative
number of individuals having positive and negative displacements in each BMI bin
was not exactly 1 or -1. However, the purpose of this analysis was to show that,
even without considering the other variables and factors, the proposed method was
already able to provide a good starting estimate of the underlying dynamics from
the cross-sectional data. This estimate can be further enhanced by adding domain
expert knowledge in the form of (constraints on the) causal relationships between

the different variables in the system.

Next, the performance of the proposed method was analyzed on a small cross-
sectional dataset. The free energy landscape, F'(z) = —az? + bx?, from Landau’s
second order phase transition formalism was used to generate data-points as shown
in section 3.2.2. A large dataset consisting of 5000 data-points and 1000 small
datasets consisting of 40 data-points were generated. Fig. 3.6 shows the estimated
probability densities from the large dataset (in red) and the 1000 small datasets (in
blue). In addition, the probability densities estimated from each of the 1000 small
datasets were compared against the probability density estimated from the large
dataset using the two-sample Kolmogorov—Smirnov test. With a significance level
of 0.01, only 7 out of the 1000 small datasets (0.7%) rejected the null hypothesis

that the large dataset and the small dataset were drawn from the same distribution.
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FIGURE 3.6: The estimated probability densities from the large dataset (in
red) consisting of 5000 data-points and the 1000 small datasets (in blue) each
consisting of 40 data-points. The datasets were generated from the probability
density function, p(z) = o’ —bat /Z, where Z is the normalizing constant based
on the free energy landscape, F(z) = —az? + bx*, from Landau’s second order
phase transition formalism (details given in section 3.2.2).

From these results, it can be concluded that even with a small dataset, the proposed

method is able to generate a close estimate of the true probability density.

3.4 Discussion

Cross-sectional studies are widely prevalent since they require less investment in
terms of time, money and effort compared to longitudinal studies. However, since
these data lack temporal information, they cannot be used directly to study the
evolution of the underlying processes. Nevertheless, this temporal information is
essential to develop predictive computational models which is the first step towards
causal modelling. In this work, a method to infer predictive computational models
from cross-sectional data using Langevin dynamics was presented. This method
can be applied to any system that can be described as effectively following a stable

free energy landscape which is not influenced by any external force. The proposed
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method should be viewed as the starting point for inferring temporal dynamics from
cross-sectional data. This method only presents a means to obtain an approximate
idea of the underlying dynamics from the cross-sectional data without considering
any other factors and dependencies. This method is not a causal inference technique
in itself. The inferred model can be made causally interpretable by adding expert
knowledge to the presented ‘baseline’ method in the form of (constraints on the)

causal relationships between the different variables in the system.

The proposed method is based on three assumptions. The first assumption is that
of well-mixedness or ergodicity, i.e., the data-points are sufficiently mixed at the
time of observation and are at (local) equilibrium. Thus, it is assumed that even if
there was a major perturbation, a system of data-points has converged to a stable
distribution at the time of observation. This means that the mean value of all data-
points at a particular time-point and the mean value of any one data-point across
time remain the same. This assumption would be valid for short-term where any
major perturbation to the system is not expected. The second assumption is that
the distribution depends only on the variable of interest and not on other variables
and factors. The third assumption is that each data-point tends to follow the same
free energy landscape in a ‘downslope’ manner, i.e., two data-points will not follow
each other even if they have the same stationary distribution. For instance, one
data-point rotating clock-wise and another data-point rotating anti-clockwise will
have the same circular stationary distribution, but the changes over time, dz/dt,
are different. The third assumption is based on the fact that systems have a
tendency to minimize their energy and hence, even though the changes over time
for the two data-points may be different, they move in time in the same direction,

i.e., downslope of a convex free energy landscape.

As opposed to black-box machine learning techniques, the presented technique is
based on interpretable assumptions such that domain expert knowledge can be
readily incorporated. That is, the resulting model can be made causally inter-
pretable by adding domain expert knowledge in the form of statements of causal
and non-causal relationships. This should lead to increased and more robust pre-
dictive power, as is indeed demonstrated by the clustering of different categories
of BMI.

It is important to realize that the proposed method can only estimate directions of

progression, not velocities. This is because, in principle, it is impossible to derive
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how fast a data-point changes per unit of time from a single time-point data. In
other words, the timescale of the predicted dynamics remains unknown. It can only
be estimated, for example, whether an individual will increase or decrease his/her
BMI, and whether another individual progresses slower or faster. In some cases
it is possible to estimate a timescale from the data, for instance by quantifying
the relative frequency of tipping point transitions in the model and comparing
it to knowledge or data about it. It can also be inferred from known statistical
properties of the rates of change in reality; for instance, the fact that the maximum
sustainable rate of weight loss observed in a population is about 2 kg per month

used in the previous work [146].

The usefulness of the proposed method lies in the fact that it provides an approxi-
mate estimate of the underlying dynamics from the cross-sectional data. This will
be useful when there is no knowledge of how other factors or variables are related
to the variable of interest. This method can be a useful tool to get an approxi-
mate idea of the underlying dynamics of the system when data is available only
for a single time-point. Later, this ‘baseline’ model can be developed into causal
model and the timescale of the model predictions can be estimated with the help
of expert knowledge. The proposed method is sufficiently simple to use as well as
interpretable to initiate the iterative development of computational models for any
system that can be described as effectively following a free energy landscape and

thus help in studying the progression of important processes.






Chapter 4

Boolean Network Modelling of
beta-cell Apoptosis and Insulin

Resistance in Type 2 Diabetes

4.1 Introduction

Type 2 diabetes (T2D) is characterized by insulin resistance at its onset. Persis-
tence of insulin resistance leads to pancreatic beta-cell dysfunction and in extreme
cases to beta-cell apoptosis [159-161]. Insulin resistance increases the load on beta-
cells to produce more insulin in order to maintain blood glucose at normal levels.
This homeostasis is maintained as long as beta-cells can meet the increased insulin
demand. However, persistence of excess nutrients could lead to hyperglycemia,
elevated free fatty acids (FFA), and inflammation, which severely impairs beta-cell

function, leading to insulin resistance and beta-cell apoptosis.

The endoplasmic reticulum (ER) in the beta-cell is responsible for the production
and secretion of insulin. The increased demand for insulin synthesis in the presence
of hyperglycemia triggers the accumulation of misfolded proteins in the ER, causing
ER stress and the consequent activation of the unfolded protein response (UPR).
UPR initially attempts to mitigate ER stress by degrading misfolded proteins and
preventing their further accumulation. However, when ER stress is not mitigated,

UPR activates the apoptosis signal [14-16]. 78 kDa glucose regulated protein
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(GRPT78) serves as a sensor of protein misfolding [162]. Under non-stressed condi-
tions, GRP78 binds to three UPR initiator proteins, inositol requiring 1 (IRE1),
PKR-like ER kinase (PERK), and activating transcription factor 6 (ATF6) and
maintains them in the inactive state [163]. Under stressed conditions, GRP78 dis-

sociates from these three proteins, causing their activation and initiation of UPR.

When ER stress can be resolved, the UPR assists beta-cell survival. However, when
ER stress cannot be resolved the UPR activates the pro-apoptotic signals [164].
Hyperglycemia causes oxidative stress through the generation of reactive oxygen
species (ROS) [165]. In the absence of an appropriate antioxidant response, the
system experiences redox imbalance, leading to the activation of oxidative stress-
sensitive signaling pathways. Hyperglycemia also activates cytokines, such as FasL,
TNF«, and IL-6, which are important inducers of beta-cell apoptosis [24-28] as well
as insulin resistance [29, 30]. Caspases serve as the final mediators of apoptosis.
The upstream apoptosis initiator caspases 8, and 9 are activated on receiving death
signal from death-inducing signaling complex (DISC) and apoptosome respectively,
which in turn activate the downstream apoptosis effector caspases 3, 6, and 7, which

ultimately execute apoptosis [166].

Computational modelling is necessary to consolidate information from various
sources, such as listed above, in order to obtain a comprehensive understanding of
the pathogenesis of T2D and investigate possible interventions by performing in
silico simulations. A few dynamic models of insulin resistance in T2D have been
proposed recently. For instance, Brannmark et al. [167] proposed an ordinary dif-
ferential equation (ODE) model of insulin signaling in T2D. Rajan et al. proposed
an ODE model to study the contribution of Forkhead box protein O1 (FOXO1) to
insulin resistance in T2D [168]. Another paper [169] presented an ODE model to
simulate the development of insulin resistance by hyperglycemia, FFA, ROS, and
inhibition of glucose transporter type 1 (GLUT1) and glucose transporter type
4 (GLUT4). However, there exists no model of beta-cell apoptosis occurring in
the T2D condition. Also, there is no existing work that attempts to integrate the
insulin resistance and beta-cell apoptosis pathways in order to obtain a compre-
hensive understanding of the molecular mechanisms underlying T2D. To discover
potential therapeutic interventions for T2D, it is essential to have a more compre-

hensive model for the mechanisms causing T2D pathogenesis.
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In this work, a Boolean network model integrating the insulin resistance path-
way and beta-cell apoptosis pathway was proposed for the purpose of obtaining
deeper insights into the mechanisms of development and progression of T2D. The
aforementioned existing models are ODE models, whereas in this work a Boolean
network model was constructed. The reason behind this selection was that, ODE
models require detailed kinetic knowledge and time-series data for accurate pa-
rameter estimation. However, the size of the proposed network is relatively big
(consisting of 72 nodes) and hence obtaining time-series expression data for all the
genes would be expensive as well as time-consuming. Further, in a Boolean net-
work model, gene expression is represented by either TRUE (1) or FALSE (0). By
simplifying the gene regulatory network into binary states, Boolean networks are
feasible for simulating the behaviour of large regulatory networks in a qualitative

way.

In a Boolean network model the state of each gene is represented by either 1
(TRUE), indicating the gene is highly expressed, or 0 (FALSE) when the gene
is lowly expressed. An edge in a Boolean network can be either activating or
inhibiting [170]. In this work, the random asynchronous Boolean simulation [171,
172] was used, which updates genes in a random order in each iteration. This
random asynchronous update method is inspired from the stochastic nature of
gene regulatory networks, where gene expression alteration occurs in a random

order rather than simultaneously [172].

Due to the lack of experimental gene expression data, the simulation results were
validated by comparing predicted patterns of gene expression levels with exper-
imental observations reported in the literature. The dynamical behaviors of the
model were also analysed by visualizing the state transition graphs under different
combinations of input signals. The results show that the simple Boolean network
model can capture some qualitative trends of the genetic circuits regulating the
cell fate decision of beta-cells, and shed light on the causes and processes of dys-

functional insulin metabolism and loss of beta-cell homeostasis that occur in T2D.
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4.2. Methods

TABLE 4.1: The gene interactions incorporated into the model with reference

to the existing literature.

Gene interactions Reference
IRE1 1t — XBP1 1 — beta-cell dysfunction [173]
(IRE1 + TRAF2 + ASKI) 1 — JNK 1 174176
— BCL2 (anti-apoptotic gene)]

BCL2 | — (BAX 4 BAK) (pro-apoptotic) 1 (177, 178]
PERK 1 — EIF2S1 | — ATF4 1 — CHOP (pro-apoptotic) 1 | [179]
ATF6 1 — CHOP (pro‘—apoptotic) 0 1178, 180]
— BCL2 (anti-apoptotic gene)]

Oxidative stress T — ASK1 1, JNK 1, p38 1 [21, 181, 182]
p38 T — CHOP (pro-apoptotic) 1 [183]
FasL T — (FasR + FADD + pro-caspase-8) 1 184

— caspase-8 1 — caspase-3 T — apoptosis

TNFa 1 — (INFR1 + TRADD) 4 — RIPK1 1, 185
FADD 1, TRAF2 ¢

FADD 1 — caspase-8 1 [185]
RIPK1 1+ — RAIDD 1 — caspase-8 1 [185]
TNFa 1 — TNFR2 1 — TRAF2 1 —...— JNK 4, NF-kB + | [186-188]
(BAX + BAK) (pro-apoptotic) T — Cytochrome ¢ 1 114, 189
— (APAF1 + caspase-9) T — caspase-3 1 ’
XIAP 1 — caspase-3 |, caspase-7 |, caspase-9 | [190, 191]
DIABLO 1, HtrA2 t — XIAP | 192]
INSR 1 — IRS 1 — PI3K 1 — ...—» AKT 1 105-105]
— FOXO1 |, GSK3beta |, GLUT4 1

GSK3beta 1 — GS | — glycogen synthesis | (196, 197]
FOXO1 1 — PEPCK 1, G6PC 1 — glucose synthesis 1 [198, 198-200]
(mTORC1 + S6K) + — IRS | 201-203]
TKKbeta 1 — TSC1/2 | — mTORCI 1 [204]

ER stress T — ...~ IRE1 1T — ...— JNK 1T — IRS | [205-207]
ER stress t — ...— IRE1 1+ — XBP1 1t — FOXO1 | [208]
PERK 1 — FOXO1 1 [209]

ER stress T — ...— ATF4 + — CHOP 1 — TRB31 — AKT | | [210, 211]
IL-6 + — JAK + — STAT3 1 — SOCS3 1 — IRS | [212-214]
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F1GURE 4.1: Gene Regulatory Network. Insulin resistance and beta-cell apop-
tosis pathways involved in the pathogenesis of T2D. The red nodes denote the
five input signals and the purple node represents beta-cell apoptosis. A — B
indicates activation of gene B by gene A, and A —| B indicates inhibition of gene
B by gene A.

4.2 Methods

In this work, a Boolean network model of beta-cell fate in T2D was proposed. The
model was constructed by extracting information from KEGG pathways [215] and
literature. The gene interactions incorporated into the model with reference to the
existing literature are listed in Table 4.1. In this model, the beta-cell apoptosis
pathway was integrated with the insulin resistance pathway, as shown in Figure
4.1. The apoptosis pathway consists of the signaling pathways triggered by ER
stress (UPR pathway), oxidative stress, and cytokines, FasL, TNFa, and IL-6.
The insulin resistance pathways consist of phosphatidylinositide 3-kinase (PI3K)-
protein kinase B (PKB or AKT) (KEGG ID: hsa04151), mammalian target of
rapamycin (mTOR) (KEGG ID: hsa04150), janus kinase (JAK)- signal transducer
and activator of transcription (STAT) (KEGG ID: hsa04630), and insulin (KEGG
ID: hsa04910) signaling pathways. T2D first causes insulin resistance, i.e. insulin
fails to bind to insulin receptors in cells, thereby blocking the uptake of blood
glucose by cells. Sustained insulin resistance finally leads to beta-cell failure and

apoptosis.
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The Boolean update functions, listed in Table 4.2, for the target genes in the model
were defined by combining activating input genes using OR functions and inhibiting
input genes using AND functions. The reason behind this combination strategy
is that a target gene will be expressed when at least one of its activating genes is

expressed and all of its inhibiting genes are absent.

The proposed Boolean network consists of seventy two nodes, of which five are
input signals, one node represents Apoptosis, and the remaining sixty six nodes
represent genes. The random asynchronous Boolean update [171, 172] method
was used to perform the simulations. The random asynchronous Boolean method
first generates a random permutation of the nodes at each time step and updates
the nodes in the order specified by the permutation. This allows to capture the

stochastic change in gene expressions that occur in real gene regulatory networks.

For example, suppose a gene regulatory network consists of 3 genes, {g1, g2, 93}

The Boolean update function for each gene is as follows:

g1 = g3
g2 =091V g3
gs = g2

Suppose an iteration generates the permutation of nodes as {3,1,2}. Then the

asynchronous Boolean updates will be carried out as follows:

g3(t +1) = ga(?t)

gi(t+1) =gs(t+1)

Gt+1)=gt+1)Vg(t+1)

From the above equations, it can be seen that the nodes are updated in a randomly

generated order, rather than simultaneously.



TABLE 4.2: Boolean functions for the Boolean model

Node Boolean Function Node Boolean Function

ER ER 0OS 0OS

FasL FasL TNF« TNFa or NFxB

IL-6 IL-6 or NFxB

GRP78 ATF6 or XBP1 or ATF4 and (not ER) ATF6 ER and (not GRP78)

PERK ER and (not GRP78) and (not DNAJC3) IRE1 ER or BAX or BAK and (not GRP78)
EIF2S1 GADD34 and (not PERK) DNAJC3 ATF6 or XBP1

ATF4 EIF2S1 CHOP ATF6 or ATF4

XBP1 IRE1 GADD34 CHOP

TNFR1 TNF« TNFR2 TNFa

TRAF2 IRE1 or TNFR2 or TRADD ASK1 OS or TRAF2 or DAXX

JNK OS or ASK1 p38 OS or ASK1

BCL2 (not JNK) and (not CHOP) and (not BAD) BID CASP8 and (not BCL2)

BAX JNK and (not BCL2) BAK BAX and (not BCL2)

DIABLO | BAX or BAK or BID HtrA2 BAX or BAK or BID

FasR FasL, TRADD TNFR1

DAXX FasR RIPK1 FasR or TRADD

RAIDD RIPK1 FADD FasR or TRADD

CASPS | RAIDD or FADD or CASP3 or CASP6 CASP9 RAIDD or CASPS or CASPS or APAF

and (not XIAP) and (not AKT)
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Table 4.2 (continued): Boolean functions for the Boolean model

CASP9 or CASPS or CASP3 or CASP6

CASP3 | CASPY or CASPS and (not XIAP) CASP7
and (not XIAP)

CASP6 CASP7 or CASP3
XIAP (not DIABLO) and (not HtrA2) and (not CASP3) | CytochromeC | BAX or BAK or BID
APAF1 CytochromeC Apoptosis CASP3 or CASP6 or CASP7
INS INS INSR INS
RS INSR and (not SOCS3) and (not JNK) PISK IRS or JAK

and (not IKKj) and (not S6K)
PIP3 PI3K PDK1 PIP3
AKT PDK1 or mTORC2 and (not TRB3) AS160 AKT
PKCa PDK1 GLUT4 AKT or AS160 or PKCa
GSK3p not AKT GS not GSK3p
FOXO1 | PERK and (not AKT) and (not XBP1) PGCla FOXO1
PEPCK | FOXO1 G6PC FOXO1
PPAR« PGCla TRB3 PPAR« or CHOP
TSC1/2 (not AKT) and (not IKKp) Rheb not TSC1/2
mTORC1 | Rheb S6K mTORC1
mTORC2 | AKT and (not S6K) BAD JNK and (not AKT)
JAK IL-6 and (not SOCS3) STAT3 JAK
SOCS3 STAT3 IKKg TRAF2
NFxB not IKBa IKBa not IKKpj
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FIGURE 4.2: Strongly Connected Component. An example of a strongly con-
nected component (SCC). Suppose the network consists of five genes. Then each
node is a state which contains the expression levels of the five genes. An arrow
from state Sj to state Sy indicates an update step. In a SCC all states can be
reached from every other state.

After performing the simulations for a fixed number of iterations, a directed graph
of states was obtained, where each state was a vector representing the expression
levels of all genes at a particular time step. The strategy of strongly connected
components (SCCs) was employed on this directed graph to capture the dynamic
nature of the states [171]. An SCC of a directed graph is a sub-graph that is
strongly connected, i.e., each node is reachable from every other node in the sub-
graph. An illustration of SCC is given in Figure 4.2. Each node is a state with the
expression levels of all the genes in the network (the example considers a network
with five genes) and there is a path between each pair of nodes in both directions.
Suppose, an SCC consists of a set of N states {57, S, ..., Sy }. The probability of
state S; € SCC' is given by

number of occurrences of S;

P(S;) = =& .
Zj number of occurrences of S;

The gene expression level for any gene in a particular SCC was calculated by

multiplying the sum of probabilities of states where the gene is in the ON state by
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the sum of probabilities of all states in the SCC. Therefore, the expression level of

a gene, g;, with respect to an SCC is determined as follows:

N
Exp(g:)= Y., P(S) x> P(S)),
SjEOnSt(gi) J
where
OnSt(g;) = {S; € SCC'| gi(S;) = 1},
and

> P(S;) =1.

J

ER stress, oxidative stress, TNF«, FasL, and IL-6 were used as input signals. Also,
based on the literature, some of the nodes were assigned specific values (Table 4.3)
and the rest were set to random values as initial conditions. Simulations were
performed using different combinations of the input signals, as shown in Table 4.4.
1000 simulation runs and 1000 Boolean update steps per simulation were carried
out for each input signal. The results of the simulations are presented and discussed

in the following section.

TABLE 4.3: Initial conditions

Node Initial value | Reason

Apoptosis was set to False to see whether
the input signals can cause apoptosis.
Caspases serve as the final mediators of
False apoptosis. So, they were set to False to see
whether the input signals can activate them.

Apoptosis False

Caspases 3, 6,
7,8,9

Due to the lack of experimental data, the proposed Boolean network model was
validated using relevant literature (see Table 4.1). The literature was quantified as

follows. For each gene g;,

1 if g; is reported as expressed in the literature,
9i =
0 if g; is reported as not expressed in the literature.

In this model, the expression level of each gene was determined with respect to

a particular SCC. Thus the gene expression levels are in the range [0, 1]. It was
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assumed that if the expression value of a gene was greater than 0.50, then the gene

was expressed, otherwise, it was not expressed.

TABLE 4.4: Different combinations for the input signal nodes

ER stress Oxidative stress TNFa FasL IL-6
Case 1 | True False False False False
Case 2 | False True False False False
Case 3 | True True False False False
Case 4 | False False True False False
Case 5 | False False False True False
Case 6 | False False False False True
Case 7 | False False True True True
Case 8 | True True True True True

For the purpose of validating the proposed model, the performance metrics of
precision, recall (sensitivity), specificity, and F1 score were used. The simulation

result of the proposed model was verified against the literature as follows. For each

gene g,

(
True positive,  if g; = 1 (simulation result) and ¢g; = 1 (literature),

True negative, if g;
gi €
1 (simulation result) and g; = 0 (literature),

False positive,  if g;

( ) ( )
0 (simulation result) and g; = 0 (literature),
( ) ( )
| False negative, if g; = 0 (simulation result) and g; = 1 (literature).

The four evaluation metrics were calculated using the following formulae:

True positive

Precision = True positive + False positive’
Recallorsensitivity = True poszj';zzz i();ztlz;ee negative’
Specificity = True negj;?zfefg;;g: positive’
= 2 X precision X recall

precision + recall
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4.3 Results

4.3.1 Comparison with the literature

The expression levels of genes in the SCCs obtained by performing simulations
with the proposed Boolean model are listed in Tables 4.5 and 4.6. Simulations
performed using input signal cases 1, 2, 3, 4, 5, 7, and 8 (Table 4.4) resulted in
two attractors (SCCs). Apoptosis was ON in both the attractors. Simulations
performed using input signal case 6 (Table 4.4) resulted in six attractors (SCCs).
Apoptosis was ON in four attractors and OFF in the remaining two attractors.
These observations are consistent with the literature where ER stress, oxidative
stress, and cytokines have been shown to cause apoptosis of beta-cells individually
as well as together [14-16].

From the model simulation results, it was observed that Caspases 3, 6, 7, 8, and 9,
which serve as the final mediators of apoptosis [166] were TRUE in the attractors,
even though in the initial condition they were set to FALSE. The ER stress sensor
IRE1 and its downstream gene X-box protein binding 1 (XBP1) were TRUE in
some attractors, and FALSE in others [173]. Another ER stress sensor, PERK
was observed to be FALSE in all the attractors. Also, eukaryotic translation ini-
tiation factor 2 subunit 1 (EIF2S1), activating transcription factor 4 (ATF4), and
C/EBP homologous protein (CHOP) were TRUE in some attractors and FALSE
in the others. PERK phosphorylates and inactivates EIF2S1, which inhibits pro-
tein synthesis. Phosphorylated EIF2S1 increases the translation of ATF4 [163],
which in turn activates pro-apoptotic CHOP, causing beta-cell dysfunction and
death [179]. The attractors where IRE1, XBP1, EIF2S1, ATF4, and CHOP had
expression levels of 0 may have denoted the transition states when these genes are

not contributing to apoptosis.

IRE1 associates with TNF-receptor-associated factor 2 (TRAF2) and apoptosis
signal-regulating kinase 1 (ASK1) and activates jun N-terminal kinase (JNK) [174,
175], which in turn inhibits the anti-apoptotic protein B-cell lymphoma 2 (BCL2)
[176]. Oxidative stress activates ASK1 [181, 182], JNK and p38 [21]. Activated p38
phosphorylates and elevates the expression of pro-apoptotic CHOP [183]. From the
simulation results, it was observed that the pro-apoptotic genes, TRAF2, ASK1,
JNK, p38, BAX, and BAK were TRUE and the anti-apoptotic gene BCL2 was
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FALSE in one attractor, while the reverse states were observed in the other. X-
linked inhibitor of apoptosis protein (XIAP), which inhibits caspases 3, 7, and
9 [190, 191], had an expression level of 0, whereas, DIABLO and HtrA2, which
inhibit XIAP [192], had expression levels of 1.

JNK phosphorylates and inhibits insulin receptor substrate (IRS) [206, 207]. IRS
gene was FALSE in both the attractors. PI3K had an expression level of around
0.50 in all the attractors. Tribbles homolog 3 (TRB3) is induced by ER stress
through the ATF4-CHOP pathway [210]. Over-expression of TRB3 inhibits AKT
and decreases glucose uptake [211]. TRB3 was TRUE in one attractor and FALSE
in the other. AKT had an expression level of 0.50 in both the attractors. Thus,
from the results, it is observed that ER stress inhibits the PI3SK-AKT signaling

pathway and promotes insulin resistance.

Insulin promotes conversion of glucose to glycogen by inhibiting glycogen synthase
kinase-3beta (GSK3beta) through the PI3K-AKT signaling pathway, which leads
to the activation of glycogen synthase (GS) [197]. From the simulation results,
it was observed that the expression level of GSK3beta, which inhibits glycogen
synthesis through inhibition of GS [196, 197] was approximately 0.49 and that of
GS was approximately 0.50. From these simulation results, it can be inferred that

glycogen synthesis is reduced which contributes to insulin resistance.

In T2D, the mammalian target of rapamycin complex 1 (mTORC1)/ S6 kinase
(S6K) signaling is activated [201] leading to the inhibition of IRS [202, 203]. It
was observed from the simulation results that mTORC1 and S6K had expression
levels of 1 thus inhibiting IRS which had an expression of 0. These events caused
PI3K and AKT to have low expression levels of approximately 0.50, which in turn

reduced glucose uptake through GLUT4 whose expression level was around 0.65.

FOXOL1 increases the expression of phosphoenolpyruvate carboxykinase (PEPCK)
and glucose-6-phosphatase (G6PC) and thus promotes glucose synthesis [198]. In-
sulin inhibits the expression of FOXO1 through the activation of the PI3K/AKT
signalling pathway, which in turn suppresses PEPCK and G6PC and reduces glu-
cose synthesis [198-200]. From the simulation results, it was observed that FOXO1,
PEPCK, and G6PC were FALSE. This could be due to the fact that PI3K and
AKT are not completely inactive, though they may have low expression levels, and
hence is still able to inhibit the expressions of FOXO1, PEPCK, and G6PC.
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Table 4.5 (continued): Gene expressions of the significant genes in the model for input signal cases 1-5 and 7-8. Here Al and A2

denote SCC1 and SCC2 respectively.
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0
0
0.50 | 0.49 | 0.49 | 0.49 | 0.50 | 0.50 | 0.50 | 0.50 | 0.50 | 0.49 | 0.49 | 0.50 | 0.50 | 0.49
1
1
1

0.50 1 0.49 | 0.49 | 0.49 | 0.49 | 0.50 | 0.49 | 0.49 | 0.50 | 0.50 | 0.49 | 0.49 | 0.50 | 0.50
1
1
1
1
1
0
1
0
1
1

0.49 1 0.49 | 0.50 | 0.49 | 0.50 | 0.50 | 0.49 | 0.49 | 0.50 | 0.50 | 0.49 | 0.49 | 0.49 | 0.50

PEPCK
PERK
PI3K
RAIDD
RIPK1
S6K
SOCS3
STAT3
TNFR1
TNFR2
TRADD
TRAF2
TRB3
TSC2
XBP1
XIAP
mTORC1
p38

Table 4.5 (continued): Gene expressions of the significant genes in the model for input signal cases 1-5 and 7-8. Here Al and A2
0
0

denote SCC1 and SCC2 respectively.



TABLE 4.6: Gene expressions of the significant genes in the model for input signal case 6. Here A1-A6 denote SCC1-SCC6 respectively

Node Case 6 Node Caseb

Al A2 A3 A4 A5 A6 A1 A2 A3 A4 A5 Aeé
Apoptosis | 1 1 1 1 0 0 AKT 0.49 0.49 0.63 0.55 0.65 0.56
APAF-1 1 1 0 1 0 0 ASK1 1 0 0 0 0
ATF4 1 0 0 1 0 1 ATF6 0 0 0 0 0 0
BAK 1 1 0 0 0 0 BAX 1 1 0 0 0 0
BCL2 0 0 1 0 1 0 Caspase-3 | 1 1 1 1 0 0
Caspase-6 | 1 1 1 1 0 0 Caspase-7 | 1 1 1 1 0 0
Caspase-8 | 1 1 1 1 0 0 Caspase-9 | 1 1 1 1 0 0
CHOP 1 0 0 1 0 1 DIABLO |1 1 0 1 0 0
EIF2S1 1 0 0 1 0 1 FADD 1 1 0 0 0 0
FASR 0 0 0 0 0 0 FOXO1 0 0 0 0 0 0
G6PC 0 0 0 0 0 0 GADD34 |1 0 0 1 0 1
GLUT4 0.65 0.65 0.75 0.70 0.78 0.71 GRPT78 1 1 0 1 0 1
GS 049 0.49 0.62 054 0.65 0.55 GSK3p 0.50 0.50 0.38 0.45 0.36 0.45
HtrA2 1 1 0 1 0 0 IKBa 0 0 1 1 1 1
IKKp 1 1 0 0 0 0 INS 1 1 1 1 1 1
INSR 1 1 1 1 1 1 IRE1 1 1 0 0 0 0
IRS 0 0 0.19 0.22 0.18 0.22 JAK 049 0.49 049 049 0.49 0.50
JNK 1 1 0 0 0 0 NFKB 1 1 0 0 0 0
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Table 4.6 (continued): Gene expressions of the significant genes in the model for input signal case 6. Here A1-A6 denote SCC1-SCC6
respectively.

PEPCK 0 0 0 0 0 0 PERK 0 0 0 0 0 0
PI3K 049 0.49 0.54 0.55 0.54 0.56 RAIDD 1 1 0 0 0 0
RIPK1 1 1 0 0 0 0 S6K 1 1 0.62 0.55 0.62 0.56
SOCS3 049 050 0.50 0.49 049 049 STAT3 049 049 049 049 0.49 0.50
TNFR1 1 1 0 0 0 0 TNFR2 1 1 0 0 0 0
TRADD |1 1 0 0 0 0 TRAF2 1 1 0 0 0 0
TRB3 1 0 0 1 0 1 TSC2 0 0 0.37 045 0.36 0.44
XBP1 1 1 0 0 0 0 XIAP 0 0 0 0 1 1
mTORCI | 1 1 0.63 0.55 0.63 0.57 p38 1 1 0 0 0 0

8T
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In Case 6 where only signal IL6 was active, six attractors were obtained (Table
4.6), of which four indicated apoptosis and two did not. For the attractors where
apoptosis was observed, the expression of genes were similar to those mentioned
above for the other input signal cases. When apoptosis was not observed, i.e. in
the two remaining attractors, the caspases, JNK, BAX, and BAK were FALSE. In
one of these two attractors, BCL2 was FALSE and CHOP was TRUE. In the other
attractor the reverse expressions were observed. Thus, in the presence of only IL-6,

apoptosis may or may not be activated.

The performance of the proposed Boolean network model was further assessed by
comparing model predictions of gene expressions against the literature. Consider-
ing the simulation results obtained using the 8 input signals listed in Table 4.4,
the average precision, recall (sensitivity), specificity, and F1 score obtained for the
model are 0.9524, 0.8, 0.875, and 0.8696, respectively. It is observed that the val-
idation scores for the model are not very high. This may be due to the fact that

the model is sensitive to some missing interactions.

4.3.2 State transition graphs

Figure 4.3 shows the state transition graph of the state space generated by simu-
lations conducted using input signal combination given in case 8 (Table 4.4). The
two dense red regions represent the two SCCs where apoptosis is ON. The blue
nodes represent states where apoptosis is OFF. Thus, in the presence of all input
signals, apoptosis is eventually activated, even though in the initial condition it is
set to FALSE.

Figure 4.4 shows the state transition graph of the state space generated by simu-
lations conducted using input signal combination given in case 6 (Table 4.4). The
four dense red regions represent the four SCCs where apoptosis is ON. The two
dense blue regions represent the two SCCs where apoptosis is OFF. Thus, in the

presence of only IL-6, apoptosis may or may not be activated.



120 4.3. Results

FIGURE 4.3: State Transition Graph 1. State transition graph obtained by
simulating the proposed Boolean network model using input signal condition
given in Case 8 of Table 4.4. Simulations generate 2 attractors, having the
Apoptosis node activated. Apoptosis is ON in the red coloured states and OFF
in the blue colored states.

4.3.3 Comparison with random Boolean networks

The proposed Boolean network model was also compared with random Boolean
network models using the 8 input signal combinations given in Table 4.4. For
cases 1, 2, 3, 4, 5, 7, and 8 it was found that the number of attractors obtained
by simulating the random Boolean networks ranged from 28 to 177, whereas for
the proposed Boolean network model the number of attractors was 2. Similarly,
for case 6, the number of attractors obtained by simulating the random Boolean
networks ranged from 25 to 180, whereas for the proposed Boolean network model
the number of attractors was 6. Thus, from the results it was observed that the

random Boolean networks typically have large number of attractors.
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FIGURE 4.4: State Transition Graph 2. State transition graph obtained by
simulating the proposed Boolean network model using input signal condition
given in Case 6 of Table 4.4. Simulations generate 6 attractors. In four of the
attractors Apoptosis is ON, denoted by red colour, and in the remaining two
attractors Apoptosis is OFF, denoted by blue colour.

4.4 Discussion

In this paper, a Boolean network model of the integrated insulin resistance and
beta-cell apoptosis pathways was proposed. The model was used to simulate dif-
ferent combinations of the five input signals, i.e. ER stress, oxidative stress, and
cytokines (TNFa, FasL, IL-6), which serve as triggers for insulin resistance and

beta-cell apoptosis.

The random order asynchronous update method was implemented to perform the
simulations, i.e. all nodes were updated in a random order at each update step.

The performance of the model was assessed using the metrics of precision, recall
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(sensitivity), specificity, and F1 score, when testing the model predictions against
the literature. The precision score obtained was high, but sensitivity, specificity,
and F1 scores were low. One possible reason behind the low scores may be that
some missing interactions affected the predictions of the model. The proposed
Boolean network model was also compared with random Boolean network models
and it was observed that random Boolean networks typically have a large number
of attractors ranging from around 25 to 180, whereas this model resulted in small

number of attractors ranging from 2 to 6.

Such Boolean network models can help in the identification of potential interven-
tion targets. The strongly connected components (SCCs) represent the long-term
behaviour of Boolean networks and their analysis can provide crucial biological
insights. For instance, we want to analyse the effect of a set of inhibitors which
are known to have the potential to prevent beta-cell apoptosis. These inhibitors
could be used individually or in different combinations to perturb the model and
the resulting SCCs could be compared to identify the most effective inhibitor or
combination of inhibitors. The sequences of the successor states could also be
compared to get a better understanding of how the inhibitors are affecting the
dynamics of the system. Boolean networks have been successfully used before in

the identification of potential intervention targets [216-219].



Chapter 5

An integrative approach to
modelling compromised beta-cell

identity in Type 2 Diabetes

5.1 Introduction

Type 2 diabetes (T2D) is a chronic metabolic disorder that is characterized by
defects in both insulin secretion and insulin action, which causes glucose levels
to increase above physiological levels. The beta-cells of the pancreatic islets play
an important role in maintaining glucose homeostasis by secreting the hormone,
insulin, which is capable of lowering plasma glucose by facilitating glucose uptake

by skeletal muscle, liver and adipose tissue.

Progressive deterioration in beta-cell function, reduction of glucose-stimulated in-
sulin secretion (GSIS) and decreased beta-cell mass has been observed in diabetic
human islets. Post-mortem histological analysis of beta-cell mass of people with
T2D has shown up to 50% reduction in beta-cell mass compared with healthy in-
dividuals of the same BMI [160, 220]. Previously, this loss in beta-cell mass was
entirely attributed to beta-cell apoptosis. However, it has been demonstrated in
multiple studies in both animal models [36, 38] and humans [37, 40, 41, 221], that
apoptosis is not the primary inducer of loss of beta-cell mass; rather loss in func-

tional beta-cell mass results from compromised beta-cell identity. Maintenance of

123
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beta-cell identity requires active regulation of gene expression. Post-mortem stud-
ies of pancreatic islets from type 2 diabetic patients have demonstrated a marked
and selective loss of transcription factors involved in mature beta-cell identity in-
cluding MAFA and PDX1 [37, 40, 221]. Since PDX1 and MAFA are also critical
regulators of insulin promoter activity [222-224], their reduced expressions in re-
sponse to chronic hyperglycemia is accompanied by a reduction in insulin gene

expression and insulin levels [37, 40].

Loss of transcription factors PDX1 and MAFA is caused by a multitude of factors
of which a leading factor is glucotoxicity caused by chronic hyperglycemia [43].
Glucotoxicity is defined in terms of the detrimental effects of hyperglycemia on the
phenotype and function of beta-cells. Glucotoxicity in the presence of chronic hy-
perglycemia has been shown to lead to decreased insulin gene expression together
with depleted insulin stores as well as downregulation of beta-cell identity tran-
scription factors such as PDX1 and MAFA. Along with other causes, it has been
found that two main processes contribute to glucotoxicity: oxidative stress and

endoplasmic reticulum (ER) stress.

Chronic hyperglycemia increases the formation of reactive oxygen species (ROS)
that, in excess and over time, can lead to chronic oxidative stress. Oxidative
stress reflects an imbalance between the production of ROS (free radicals) and the
antioxidant defense. Beta-cells are particularly vulnerable to oxidative stress due
to the low expression of anti-oxidant enzymes such as catalase and glutathione
peroxidase [19, 20]. In addition, chronic hyperglycemia places a high demand for
insulin synthesis on the ER, which is responsible for synthesizing polypeptides
from mRNA and converting them into mature proteins. A high inward flux of
polypeptide molecules into the ER can overwhelm the protein-folding machinery,
leading to an imbalance and the accumulation of unfolded and misfolded proteins,

which is toxic for the cell. This imbalance is known as ER stress.

The processes involved in the regulation of the transcription factors PDX1 and
MAFA and insulin gene expression include glucose transport, glucose metabolism,
calcium dynamics, insulin signalling, and protein folding among others. These
processes are complex and non-linear since they involve multiple interactions and
feedback processes. Computational models and simulations could be useful tools to
gain a comprehensive understanding of these intricate interactions by replicating

the behaviour of the system based on known properties of the system components.
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In addition, these models could be used to test hypotheses and scenarios to gain

new insights.

The goal of the proposed computational model was to gain a better understanding
of the underlying mechanisms that regulate the beta-cell identity transcription fac-
tors, PDX1 and MAFA, and lead to their downregulation in the presence of chronic
hyperglycemia. The aim was to investigate the loss of beta-cell function through
loss of beta-cell identity in the presence of chronic hyperglycemia induced oxida-
tive stress and ER stress. Beta-cell function involves multiple processes including
glucose metabolism, calcium dynamics, electrical activity, protein folding among
others. There are many computational models of these processes in the literature.
These models focus on particular processes involved in beta-cell function. However,
in order to understand the mechanisms leading to compromised beta-cell identity
and beta-cell dysfunction in the presence of chronic hyperglycemia, it is important
to integrate these models of the different processes to obtain a complete picture of
beta-cell function. This is because all these different processes are interlinked and
a perturbation to any one of these processes can affect another process. Hence, in
this work, these different processes were integrated as well as new equations were
developed for the insulin transcription process and its regulation by stress-activated
kinases and insulin signalling pathway. In-silico experiments performed with this
integrated mathematical model can help to further extend our understanding of the
mechanisms leading to compromised beta-cell identity and beta-cell dysfunction in

the presence of chronic hyperglycemia.

Various computational models have been established to address different functions
of the beta-cell. Chay and Keizer [225] proposed the first model of the electrical
activity in the beta-cells. Their model included a potassium channel activated
by intracellular calcium ions, a voltage-gated K channel, a voltage-gated cal-
cium channel, and glucose-dependent cytoplasmic changes of intracellular calcium
concentration. Keizer and Magnus [226-228] and Smolen and Keizer [229, 230] in-
troduced K-ATP channels to the models of beta-cells in order to analyze the role of
the cyclical changes in the ATP/ADP ratio in beta-cell electrical activity. Magnus
and Keizer [227, 228, 231] proposed models which included glucose metabolism and
Ca?* handling in the cytoplasm and mitochondria and the electrical activity in the
plasma and inner mitochondrial membranes of the beta-cell. Bertram et al. [232]
and Chay et al. [233] included the ER as a second Ca?* compartment in beta-cell
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models. The literature contains many other models of glucose transport, glucose
metabolism, Ca?* handling, electrical activity, and glucose-stimulated insulin se-
cretion [234-239, 239-247].

From these above-mentioned models in literature, the models of of Luni et al.
[245], Fridlyand et al. [241], Wacquier et al. [242], Chay et al. [225], Smolen et al.
[229], and Graham [248] were used to model the processes of glucose metabolism,
calcium dynamics, electrical activity and protein folding in the beta-cell. These
models were integrated with the proposed model of insulin gene transcription. The
model was parameterized using values from the literature as well as estimating
from experimental data. This model was used to simulate the changes in the levels
of PDX1, MAFA and insulin mRNA in the presence of different glucose concen-
trations. In addition, the influence of different inhibitors of PDX1 and MAFA on

these transcription factors and insulin mRNA levels were analyzed.

5.2 Method

5.2.1 Model development

Insulin biosynthesis and secretion are stimulated by elevated glucose levels. There
are multiple processes involved from the uptake of glucose by beta-cells and se-
cretion of insulin from beta-cells. These processes occur in different organelles. A
schematic diagram of the model is given in Figure 5.1. Four compartments are con-
sidered in this model: cytosol, mitochondria, ER, and nucleus. From Figure 5.1
it is seen that glucose enters the beta-cell through GLUT1 and then undergoes
metabolism through the processes of glycolysis, tricarboxylic acid (TCA) cycle and
electron transport chain (ETC) to produce ATP and reactive oxygen species (ROS).
The rise in ATP/ADP ratio causes closure of the K-ATP channel and influx of Ca®"
into the beta-cell through the voltage-gated calcium channel (VGCC). Ca*" leaves
the beta-cell through the plasma membrane Ca*"-ATPase (PMCA). Ca?" enters
the mitochondria through the mitochondrial Ca?* uniporter (MCU) complex and
leaves through the mitochondrial Na™/Ca?" exchanger (NCX). Ca?" enters the
ER through the sarco/endoplasmic reticulum Ca*"-ATPases (SERCA) and leaves
through the inositol trisphosphate receptor (IP3R). Extra-cellular insulin activates
AKT which in turn phosphorylates glycogen synthase kinase (GSK3) and FOXO1
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FIGURE 5.1: Schematic diagram of the model.

and prevents their translocation to the nucleus. On the other hand, ROS and the
unfolded protein response (UPR) activate the kinases, JNK and p38MAPK, which
in turn inhibit AKT and also promote nuclear translocation of FOXO1. PDX1 and
MAFA are the activator transcription factors of insulin as well as of each other.
FOXOL1 is a repressor transcription factor of PDX1 and an activator transcription
factor of MAFA. FOXO1 also causes nuclear expulsion of PDX1. GSK3 causes
proteasomal degradation of both PDX1 and MAFA. Insulin mRNA then under-
goes translation and enters the ER for folding. A high flux of insulin mRNA into
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the protein folding machinery activates the UPR. After folding, insulin is secreted

from the beta-cell depending on the Ca?* concentration in the cytosol.

The following sections provide detailed descriptions of all these important pro-
cesses involved in beta-cell function, namely, glucose transport, glucose metabolism,
calcium dynamics, electrical activity, insulin signalling, ROS generation and sig-
nalling, insulin transcription, translation and folding, UPR and insulin secretion.
The rate equations used to describe these processes are also explained. The rate
equations describing the processes of glucose transport, glucose metabolism, cal-
cium dynamics, and protein folding were derived from the previous models of Luni
et al. [245], Fridlyand et al. [241], Wacquier et al. [242], Chay et al. [225],
Smolen et al. [229], and Graham [248]. In this model, new rate equations were
defined to describe the processes of insulin signalling, ROS signalling, UPR sig-
nalling, and insulin transcription. The details of these are given in the following
sections. The equations taken from the literature are cited and the equations with-
out any citations have been developed in this work. The resulting system consists
of 31 differential equations given in Table 5.1, and 9 constraints summarized in
Table 5.2.



TABLE 5.1: The system of differential equations used in the model.

Differential equations Reference
G 245]
Adie = Jou — Jars — Jox [245]
A2 — Jex — Jeom [241]
% = Jepu — Jo [242]
% = Jriro — JANT [242]
d[AZl;P]C = Jok + “?—1\(/}[ X Jant — Juyp 242

ddltp _ _(ICa+Ig:nIK—ATP) [229, 230]
o = —ax Po+ B x Py [229, 230]
L0 = Kneg X (1= Po = Po) = Ksar X gk X Po +a x Po = x Po 229, 230]
%’ — J%;J [229, 230]
?T? = Zinf—n (229, 230]
d\CIll;v[ _a ><Jo—JFIFO—JACNPT—JNCX—QXJMCU [242]
% = fe X (JPM + R X Jipgr — = X Jsproa — 1t X Jvou + 1 X JNCX> [242]
% = fu X (Jmcu — JInex) [242]
% = fer X (Jserca — Jip3r) [242]
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Table 5.1 (continued): The system of differential equations used in the model.

dR; __ 2-4-qui (1-Ry)
== X [Ca*t]q X —Far—~mm — kneg X R [242]
pos C 2+ neg 1
dt = ( [CaK i ]Q)
d[C’a2+] .
— e = —Vo X Jpu this work
d[AKT] .
—— ~ = —UAKT—insulin T VAKTp T VAKT—JNK this work
d[GSK3 .
4GSk i l = —UGSK3—AKT T UGSK3p this work
d[JNK] _ hi K
—a — VINKp — UJNK-ROS — VJNK-UPR this wor
d[p38M APK] ]
% = Up3sp — Up3s—ROS — Up3s—UPR this work
d[FOXO01] .
——4g— = —UFOXO1C-AKT 1 UFOXO1C—MAPK this work
d[PDX1] __ hi K
~ai — UPDXl-prod — UPDXl-efllux—FOXO1 — UPDX1-pdeg—GSK3 this wor
dMAFA] hi K
——3 = UMAFA-prod — UMAFA—efllux—ROS — UMAFA—pdeg—GSK3 this wor
d[INSmRNA] - .
dt = VINS—prod — VINS—deg — Uproinsulin—prod this work
d[INSur] _
dt = Uproinsulin—prod — Vfolding—deg—chap [248]
d[CP]
2t — Uchap—act — Uchap—deg [248]
d[Ins];
di = Uinsulin—folding — Vinsulin—secretion [248]
dRs __
at T Usuperoxide—prod — Usuperoxide—to—H202 [248]

dRy __ :

dt Usuperoxide—to—H202 + VUH202—prod—ER — UH202—clearance 248| and this work (UH202—pr0d—ER>
d[Ins] .
Te'c' = Vinsulin—secretion — Vinsulin—clearance this work
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TABLE 5.2: Constraints used in the model.

Constraints Reference
INADH] + [NAD*] = 250uM [242]
[ATP],, + [ADP],, = 15000uM [242]
[ATP). + [ADP], = 2500uM [242]
Ca?t Ca?t

W X [Ca®], . + % + % X [ fM]M [242] and

VER [Ca2+]ER : 1 2+
+98 x B = Totc, this work (5 % [Ca*"]c)
[AKT)| + [AKT,| = Totakr this work
[GSK3] + [GSK3,] = Totasks this work
[JNK] + [JNK,] = Totyxk this work

p p

[FOXO1] + [FOXO01,] = Totroxo1 this work

5.2.1.1 Rate equations for glucose transport

Glucose is transported into beta-cell by facilitated diffusion through plasma membrane-
resident glucose transporter, GLUT1. This glucose uptake through GLUT1 is

modelled using Michaelis-Menten equations from Luni et al. [245].

Influx of extra-cellular glucose ([Gluc], ) through GLUT1 [245]:

e.c

Ve [Gluc],
KmGl + [Gluc]e.& ’

Jair =

Efflux of intra-cellular glucose ([Gluc]; ) through GLUT1 [245]:

i.c

Vina1 [Gluc}i.c.
Kunc1 + [Gluc]; .

Jaig =

where, Vi 1 is the maximum reaction rate for GLUT1 that is observed at saturating
glucose concentrations, and K, is the glucose concentration at which the reaction

rate is half of Vq1.
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5.2.1.2 Rate equations for glucose metabolism

Glucose is metabolized to produce energy in the form of adenosine triphosphate
(ATP). Glucose metabolism consists of three main processes: glycolysis, TCA cycle
and ETC [249].

Glycolysis is modelled by the activity of glucokinase which is described by the rate
equation [241]:

T Gluc,S¥ [AT P
O T IR\ K + GludS® ) \ Karp + [ATP) )

where, [AT P], denotes the concentration of cytosolic ATP, V gk is the maximum
rate of glucose consumption, K atp is the Michaelis-Menten constant, Kqk is the
glucose concentration at which the reaction rate is half of V,qk, and ngk is the
Hill coefficient.

Pyruvate is the main end-product of glycolysis and it enters the mitochondria for
supply to the TCA cycle [249]. The TCA cycle generates reducing equivalent,
NADH, which is transferred to the ETC for ATP synthesis [249]. TCA cycle is
modelled by the activity of pyruvate dehydrogenase (PDH) which is described by
the rate equation [241, 242]:

Jepn = Vipon <Kmp£rp—:|y-T[]Py7"]) (Q1 + [N ADlH] /N AD]) (Q2 [f F;Z]”]M) ’

where, [Pyr] denotes the concentration of pyruvate, [Ca?*],; denotes the concen-
tration of mitochondrial calcium, Vyppy is the maximum rate of PDH reaction,
Kupyr is the Michaelis-Menten constant, ¢; is the Michaelis-Menten-like constant
for NAD" consumption by the TCA cycle, and ¢o is the Sy 5 value for activation
of the TCA cycle by [Ca®*],;. The TCA cycle reduces NAD* into NADH, hence
the dependency on the adenine nicotinamide ratio. The calcium-dependent factor
reflects the activation of both the PDH and the TCA cycle by Ca?".

NADH is then oxidized in the ETC to extrude protons from mitochondria. The
flux, Jo [242], thus represents both the rate at which NADH is oxidized and the
rate at which H™ are extruded. The exponential factor takes into account the

change of this flux with variation in the proton concentration gradient. That is,
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protons extrusion leads to an increase in the mitochondrial membrane potential
(Wpy). This flux is defined as

B [INADH] ‘I’I\/LII*‘M -1
Jo=Vo <q3+[NADH] (He ) ’

where, [NADH| denotes the concentration of mitochondrial NADH, V4 is the
maximum rate of NADH oxidation by ETC, g3 is the Michaelis-Menten constant
for NADH consumption by the ETC, g4 is the voltage dependence coefficient 1 of
ETC activity, and g5 is the voltage dependence coefficient 2 of ETC activity.

The rate of ATP synthesis by the mitochondrial F1FyATPase is described by the
rate equation [242; 250]

Jewo = Vo ( ——o——) (1+ qMJM)_l
FIFO FIFO %+ [ AT P]M € )

where, [AT P},; denotes the concentration of mitochondrial ATP, Virpo is the max-
imum rate of F;FgATPase, ¢q is the inhibition constant of ATPase activity by ATP,
g7 is the voltage dependence coefficient 1 of ATPase activity, and gg is the voltage
dependence coefficient 2 of ATPase activity. ATP synthesis is driven by the proton
flux from the cytosol into the mitochondria, which depolarizes the mitochondrial
membrane. Thus, Jrro has a steep sigmoidal dependency on mitochondrial mem-

brane potential (Wy).

The exchange flux of [ADP] and [AT P],, across mitochondrial membrane through
adenine nucleotide translocator (ANT) is defined as [242]

am [ADP] [ATPly

[ATPl; o 5xp 1 [ADP]
<1 +acpppge " qu) (1 t o [ATP]11::>

ac [ATP]¢ [ADP}Me—F/\I/M

Jant = VanT

where, [ADP], and [ADP],,; denote the concentrations of cytosolic and mitochon-
drial ADP respectively, VanT is the maximum rate of the ANT, ac and ay are

factors taking cytosolic ADP and ATP buffering, and mitochondrial ADP and

F
RXT?

constant, R is the perfect gas constant and T is the temperature.

ATP buffering respectively into account, and F’' = where F is the Faraday
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The rate equation for ATP hydrolysis is given by

JSERCA

Juyp = + kpyp X [ATP]C7

where, kyyp is the maximum rate of ATP hydrolysis. The first term of the equation
taken from [242] denotes the hydrolysis of ATP required to provide energy to the
ER SERCA pumps to transport C'a®>* into the ER. Jsgrca is the flux of Ca?*
from cytosol into ER through SERCA and is described in the section 5.2.1.4. The

second term represents all other ATP-consuming processes in the cytosol.

5.2.1.3 Rate equations for electrical activity

When stimulated with glucose, beta-cells exhibit repetitive, bursting electrical ac-
tivity. These oscillations in the beta-cell are caused by voltage-gated K+ channels,
voltage-gated calcium channels, K-ATP channels modulated by cytoplasmic AT-
P/ADP ratio, and glucose-dependent cytoplasmic changes of intracellular calcium

concentration.

The conductance, gk, and current, Ik, through the voltage-gated KT channels is
described as [229, 230]

— 4
gK = gx X N,

Ix = gk x (Vk = V),

where, gk is the maximum conductance per cell and n is the fraction of activated
K™ channel. The conductance, gc., and current, Ic,, through the voltage-gated

calcium channels is described as [229, 230]

gca = gca ¥ (Po X X¢ + mings X J x (1 — Xp)),

[Ca = gca X Gk,

_ 2+ Vi
where, gn = [Ca™"], . X T Fmrar-

In the above equations, gc, is the maximum conductance per cell and X; is a frac-

tion of the maximum conductance. Py denotes the fraction of open fast channels
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and is defined as [229, 230]

dP,
d_to:k;negx(1—PO—PC)—/€starXgthPO‘i‘OéXPC_BXPO’

where, P is the fraction of closed fast channels defined as [229, 230]

dPc
— = —a x P x P
dt a c+ 5 0>
where, a = % and = %. ming denotes the voltage-dependent activation of
the fast channels and is defined as [229, 230]

1
1 —|— e(me_Vp)/Smf ’

Minfr =

J is the fraction of activated slow channels defined as [229, 230]

d] T~
a

where, Ji¢ is the steady-state value of J and is determined by the following equation
229, 230]
J.

inf= 1

14e(Vp=V1)/8;5

mings denotes the voltage-dependent activation of the slow channels and is defined

as [229, 230]
1

1 + eVers—Ve)/Soms

Minfs =

ATP produced from glucose metabolism in the mitochondria is released into the

cytosol which increases the ATP/ADP ratio and closes the Karp-channel on the

plasma membrane causing depolarization [249]. This facilitates the entry of Ca**

into the cytosol [249]. The conductance, gx_atp, and current, Ix_arp, through the

K-ATP channels modulated by cytosolic ATP/ADP ratio is described as [229]
[ADP],

— T s X 1+ KADP—bind
JK—ATP = JK—ATP ) [ADP], [ATP],

KADP—bind KATP—bind

Ix—arp = gx—atp X (Vk = V}),
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where, gx_a7p is the maximum conductance per cell, Kapp_ping is the ADP binding

constant, and Ka1p_ping 1S the ATP binding constant.

5.2.1.4 Calcium dynamics

The cytosolic Ca?T concentration regulates a vast number of processes, includ-
ing metabolism, transcription, and secretion. The cytosolic Ca?t concentration
is maintained by the bi-directional movement of Ca?" between cytosol and extra-

cellular, mitochondria and ER.
Calcium handling by mitochondria

Mitochondrial Ca?* is important for stimulation of Ca?*-dependent dehydroge-
nases of the TCA cycle such as pyruvate dehydrogenase and hence increases ATP
production. The flux of Ca?' from cytosol into mitochondria mediated by the

mitochondrial Ca®" uniporter (MCU) is defined as [242)]

[Ca2+]é v
Jyvcu = Vmcu X ePr> i
Koy + [CCLH]?j

where, Vyrcu is the maximum Ca?* flux through MCU, Kycy is the half-maximal
activation constant for MCU, and p; is the voltage dependence coefficient of MCU
activity. This flux is cooperatively stimulated by cytosolic Ca?* through the
MICU1 subunit and increases exponentially with the potential difference across

the mitochondrial membrane.

The flux of Ca®" from mitochondria to cytosol through the mitochondrial Na™/Ca?* ex-
changer (NCX) is defined as [242]

[Ca2+]M o x U
JInex = Viex X (m el M

where, Vxcx is the maximum Ca?* flux through NCX and p, is the voltage depen-
dence coefficient of NCX activity. This channel exchanges 1 Ca?* for 3 Na™. It is
assumed that the cytosolic Na™ concentration remains constant and that channel
activity is favoured by a large ratio of Ca?* concentrations between the cytosol

and mitochondria.
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Calcium handling by ER

The flux of Ca?* from cytosol into ER through the unidirectional sarco/endoplas-
mic reticulum Ca?*"™ ATPase (SERCA) is defined as [242]

P L y [Ca?t]?, < [AT P, )
SERCA = VSERCA K2+ [Ca2+]% | \K.+[ATP|.)’

where, Vggrea is the maximum Ca®™ flux through SERCA, K, is the dissociation
constant of Ca?* from SERCA, and K, is the dissociation constant of ATP from
SERCA. The SERCA transports Ca*" from the cytosol into the ER, against the

concentration gradient, using the energy provided by the hydrolysis of ATP.

The flux of Ca?* from ER to cytosol through inositol trisphosphate receptor (IP3R)
is defined as [242]

Jipsr = Vipsr X IR, x ([Ca®*] . — [Ca“]c) ,

ER

where, [Ca2+]ER denotes the concentration of calcium in the ER, Vipsg is the maxi-
mum Ca?* flux through IP3R, and IR, is the fraction of active (open) IP3 receptors

given by
P33
IR, =05%x(1—-R;) X ———557.
X (L= Bo) X e g

where, R; is the fraction of inactive receptors which changes with Ca?" as [242]

dR;
dt

— s x [Ca?*]" x — 01— 1)

na kne X Ri-
© g (—[Cf]c) )

a

The Ca2* flux across the plasma membrane, where Ca?* enters the cytosol through
the voltage-gated calcium channels (VGCC) and is removed from the cytosol through
the plasma membrane Ca?>"-ATPase (PMCA) is defined as [225, 229]

Jem = =7 X Ica — kpuca X [Ca®t]

where, v converts fA to uM.s™!, and kpyica is the rate constant for the removal of
[Ca?*]¢ through PMCA.
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5.2.1.5 Insulin signalling pathway, stress-activated kinases, and tran-

scription factors

The transcription factors, PDX1 and MAFA, are important transcription factors
for insulin gene transcription [251, 252]. In normal conditions, MAFA is localized
in the nucleus and PDX1 is shuttled between the cytoplasm and nucleus [251, 252].
However, prolonged hyperglycemia impairs insulin gene expression by diminish-
ing the expression and binding activity of PDX1 and MAFA to the insulin gene
promoter [252]. The signalling pathways mediating inhibition of insulin gene ex-

pression by oxidative stress and ER stress appear to involve, at least in part, the
stress-activated kinases, JNK and p38MAPK [252].

Glucose stimulates insulin secretion which results in the autocrine stimulation of
the insulin receptors in the beta-cell and the insulin signalling pathway is activated.
This activates AKT which phosphorylates FOXO1 and keeps it in the cytosol [253,
254]. If FOXOL1 translocates to the nucleus it exerts its repressive action on PDX1
by two ways: downregulating PDX1 transcription, and causing nuclear expulsion of
PDX1 [255-257]. AKT also inhibits GSK3 [258] which phosphorylates PDX1 and
MAFA and causes their proteasomal degradation [259-261]. Nuclear translocation
of FOXOL1 increases transcription of MAFA [262]. Thus, FOXO1 has opposing

effects on the two transcription factors responsible for insulin transcription.

Oxidative stress and ER stress activate the downstream proteins JNK and p38MAPK
[263, 264] which are responsible for downregulating insulin gene expression. JNK
causes serine phosphorylation of the insulin signalling protein, IRS1, which in-
hibits its ability to phosphorylate AKT [265]. As a result, AKT cannot have its
inhibitory actions on FOXO1 and GSK3. JNK and p38MAPK also directly phos-
phorylate FOXO1 and increase its nuclear translocation [257]. Oxidative stress
causes translocation of MAFA from the nucleus to the cytoplasm through covalent
dimer formation by the C-terminal cysteines [266]. Thus, in the presence of pro-
longed hyperglycemia, oxidative stress and ER stress mediate the nuclear expulsion
and degradation of the insulin gene transcription factors, PDX1 and MAFA, mainly
through the stress-activated kinases, JNK and p38MAPK, and hence inhibit insulin

gene expression.

Since AKT is responsible for controlling the activation of the important repressors

of the insulin transcription factors, and the aim is to reduce the number of complex
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terms in the model and only consider the important proteins, the direct effect of

insulin on AKT is considered without considering the intermediate proteins.

All the regulating actions among the proteins described in the previous paragraphs
are modelled using simple mass action kinetics. AKT is phosphorylated and acti-
vated by insulin and inhibited by JNK. The rate equations for the phosphorylation
of AKT by insulin, vAkT_insulin, and dephosphorylation of AKT, vakry, are given
by

[Ins]

VAKT—insulin = kAKT X [AKT] X [Ins] e.c.

€.C.t—0

VAKTp = kAKTp X [AKTp] )

where, [AKT] and [AKT,] denote the concentrations of unphosphorylated and
phosphorylated AKT respectively, [Ins],. denotes the concentration of extra-
cellular insulin, kagr is the phosphorylation rate of AKT by insulin and kaxrp
is the dephosphorylation rate of AKT. The rate equation for the inactivation of
AKT by JNK is defined as

UAKT—JNK = KAKT—JNK X [AKTp] X [JNKp] )

where, [JN K] denotes the concentration of phosphorylated JNK, kaxr—jnk is the
rate of inactivation of AKT by JNK.

AKT phosphorylates GSK3 and keeps it inactive. The rate equations for the
phosphorylation of GSK3 by AKT, vgsks_axT, and dephosphorylation of GSK3,

UGsK3p, are given by

Vasks—AKT = kasks X [GSK3| x [AKT}],

vasksp = kasksp X [GSK3)),

where, [GSK3] and [GSK3,] denote the concentrations of unphosphorylated and
phosphorylated GSK3 respectively, kgsks is the phosphorylation rate of GSK3 by
AKT and kggksp is the dephosphorylation rate of GSK3.

The stress-activated kinases, JNK and p38MAPK, are activated by ROS ([Ry]) and
UPR (Upr). The rates of phosphorylation of JNK by ROS, vynk_ros, and UPR,
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vyNK—UPR, and dephosphorylation of JNK, vjnkp, are given by

(1]
[Rh]t:O 7

UJNK—UPR = KJNK—UPR X [JNK] X UUPR,

UINK—ROS = KjNk-ros X [JNK] X

UJNKp = kMAPKp X [JNKp] )

where, [JN K] denotes the concentration of unphosphorylated JNK, kjnk_ros is
the phosphorylation rate of JNK by ROS (HyO3), kjnk_upr is the phosphorylation
rate of JNK by UPR, and kmapxkp is the dephosphorylation rate of JNK.

The rates of phosphorylation of p38MAPK by ROS, vps3s_ros, and UPR, vp3s_upr,
and dephosphorylation of p38MAPK, vp3s,, are given by

Up3s—ROS = Kp3s—ros X [P38MAPK] x

Up3s—UPR = Kp3s—UPR X [P38M APK ] X UUPR,

Up3gp = kMAPKp X [p38MAPKp] ,

where, where [p38M APK] and [p38 M APK ] denote the concentrations of unphos-
phorylated and phosphorylated p38MAPK respectively, kpss—ros is the phospho-
rylation rate of p38MAPK by ROS (HyOs), kpss—upr is the phosphorylation rate
of p38MAPK by UPR, and kyapkp is the dephosphorylation rate of p38MAPK.

AKT phosphorylates FOXO1 and keeps it in the cytosol. JNK and p38MAPK
phosphorylate FOXO1 and facilitate its nuclear translocation. The rate of phos-
phorylation of FOXO1 by AKT, vpoxo1-akT, IS given by

VFOXO01-AKT = Kkroxo1-axTp X [FOXO1] x [AKT,],

where, [FFOXO1] denotes the concentration of unphosphorylated FOXO1, and
kroxo1 is the phosphorylation rate of FOXO1 by AKT. The rate of phosphory-
lation of FOXO1 by JNK and p38MAPK, vroxo1-maPK, 18 given by

UFOX01-MAPK = KFoxO1p—MAPKp X [FOXOL,] x ([JNK,] + [p38MAPK)) ,
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where, [FOX O1,] denotes the concentration of phosphorylated FOXO1, kroxo1p—MAPKp
is the phosphorylation rate of FOXO1 by JNK and p38MAPK.

PDX1 production is increased by transcription factor MAFA and decreased by
transcription factor FOXO1. FOXO1 also causes nuclear exclusion of PDX1. GSK3
causes proteasomal degradation of PDX1. The rate of production of PDX1 due to
the binding of the activator transcription factor, MAFA, and repressor transcription
factor, FOXOL1, is given by

[MAF A " Kroxoi-ppx1
Kyara—ppx1 + [MAFA] © Kroxoi-ppxi + [FOXO1]

UPDX1-prod = VinPDxX1 X

where, [M AF A] is the concentration of MAFA, V,ppx; is the maximum rate of
PDX1 mRNA production, Kyara—ppxi is the dissociation constant of MAFA from
the binding site of PDX1 promoter, and Kroxo1_ppx1 is the dissociation constant
of FOXO1 from the binding site of PDX1 promoter. The rate of efflux of PDX1
from the nucleus by FOXO1 is given by

UPDX1—efllux—FOXO1 — kPDXl—FOXOl—eﬂ'lux X [PDXl] X [FOXOl] )

and the rate of proteasomal degradation of PDX1 by GSK3 is defined as

UPDX1-pdeg—GSK3 = kGSKS—PDXl—pdeg X [PDXl] X [GSK?)] )

where, [PDX1] is the concentration of PDX1, kppxi_roxo1—_effiux 1S the efflux rate
of PDX1 from nucleus by FOXO1 and kgsks—ppxi-pdeg 15 the rate of PDX1 protein
degradation by GSKS3.

MAFA production is increased by transcription factors PDX1 and FOXO1. ROS
causes nuclear exclusion of MAFA and GSK3 causes proteasomal degradation of
MAFA. The rate of production of MAFA due to the binding of the activator tran-
scription factors, PDX1 and FOXO1, is defined as

[PDX1] ) [FOXO1]
Kppxi-mara + [PDX1]  Kroxoi-mara + [FOXO1]

UMAFA—prod = VmMAFA X
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where, Vimara is the maximum rate of MAFA mRNA production, Kppxi_mara
is the dissociation constant of PDX1 from the binding site of MAFA promoter,
and Kroxo1-mara is the dissociation constant of FOXO1 from the binding site of

MAFA promoter. The rate of efflux of MAFA from the nucleus by HoO4 (ROS) is

given by
[ 2]

h]t:O

)

UMAFA —efllux—ROS = Kros—mara X [MAFA] x [

and the rate of proteasomal degradation of MAFA by GSK3 is defined as

UMAFA —pdeg—GSK3 = KGSK3—MAFA—pdeg X [MAFA] x [GSK3],

where, kros_mara is the efflux rate of MAFA from the nucleus by ROS and
kasks—MAFA—pdeg 18 the rate of MAFA protein degradation by GSK3.

Insulin mRNA production is increased by its two major transcription factors, PDX1
and MAFA. The rate of production of insulin mRNA due to the binding of the
activator transcription factors, PDX1 and MAFA, is given by

[PDX1] y [MAFA]
Kppxi-ins + [PDX1] © Kyapa-ins + [MAFA]

VINS—prod = VmINS X

and the rate of degradation of insulin mRNA is defined as

VINS—deg = Kdm—ns X [/ N Smrnal,

where, [INSyrna) is the concentration of insulin mRNA, Vins is the maximum
rate of insulin mRNA production, Kppxi_ing i8 the dissociation constant of PDX1
from the binding site of insulin promoter, Kyara_ins is the dissociation constant of
MAFA from the binding site of insulin promoter, and kg, 15 is the rate of insulin
mRNA degradation.

5.2.1.6 Unfolded protein response (UPR) and ER stress

In order to restore the protein folding capacity, the UPR is initiated. The UPR
acts by decreasing translation, restoring protein folding, and causing ER-associated
degradation (ERAD) of misfolded proteins [267]. This model considers (i) the
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attenuation of protein translation by UPR, (ii) the activation of ER chaperons by
UPR, and (iii) protein folding and degradation mediated by the ER chaperons.

The rate of translation of insulin mRNA to proinsulin is defined as

1
Uproinsulin—prod = k r— X [NSm X —,
b lin—prod tr—INS X [ RNA] 1+ vurn
where, ki,_ins is the rate of translation of insulin mRNA and vypr represents the
UPR. This equation takes into account the attenuation of the translation process
by the UPR. The rate of protein folding and degradation processes mediated by
the ER chaperons are described by the rate equation taken from Graham [248]:

[IN Sug]
INSyp] + Ky

Ufolding—deg—chap — duu X [CP] X [

where, [/ N Sur] denotes the concentration of proinsulin (unfolded insulin), [C'P] is
the concentration of ER chaperons, d,, is the rate of proinsulin folding/degradation
and K, is the proinsulin-chaperon Michaelis-Menten constant (folding/degrada-

tion).

The rates of activation of ER chaperons by the UPR, vchap—act, and the degradation

of ER chaperons, tUchap—deg, are described as [248]:

VUPR

Uchap—act = >
14+ vupr

Uchap—deg — dCP X [CP] )

where, dcp is the rate of chaperon decay.

The rates of folding of proinsulin molecules by ER chaperons, vinsulin—folding, insulin

secretion, Vinsulin—secretion, and clearance of extra-cellular insulin, vingulin—clearance; are

defined as

Vinsulin—folding = 4f X Ufolding—deg—chap

max (O, ([0a2+]0 - [Ca2+]c,min>>
[Ca?] ’

C,min

Vinsulin—secretion — k:IS X []ns]i.c. X

VUinsulin—clearance — kIC X [Ins]e,c‘ )
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where, [Ins];.. is the concentration of folded insulin, ¢¢ is the proinsulin folding

fraction, kig is the rate of insulin secretion, [Ca*"] is the minimal Ca*" con-

C,min
centration necessary for insulin secretion, and ki is the rate of insulin clearance.
After uptake of glucose via GLUT1, the glucose is metabolized to produce ATP.
The rise in ATP leads to closing of plasma membrane located ATP-sensitive K
(K-ATP) channels causing depolarization [249]. This facilitates the entry of Ca?*
into the cytosol [249] which ultimately leads to exocytosis of insulin-containing
granules. Thus, Ca?t concentration has to be above a certain level to stimulate

insulin secretion from beta-cells.

The UPR is activated by the accumulation of unfolded proteins and is inhibited
by the ER chaperons and it is represented as [248]:

[INSyr]
VUPR = s
1+ UNKslUF] + [CP]

o (12

where, K7 is the PERK-proinsulin dissociation constant, K5 is the PERK-chaperon
dissociation constant, and K3 is the proinsulin-chaperon dissociation constant

(chaperon sequestration).

5.2.1.7 Reactive oxygen species (ROS)

The mitochondrial ETC [268, 269], and the ER protein-folding machinery [270] are
two major sources of ROS. Under physiological conditions, 0.2-2% of the electrons
in the ETC do not follow the normal transfer order but instead directly leak out of
the ETC and interact with oxygen to produce superoxide [271, 272]. The superoxide

undergoes dismutation by the superoxide dismutase, MnSOD, to form hydrogen
peroxide (HyO9) [271, 272].

Superoxide (Ry) is generated by mitochondrial ETC and is converted to HyOq (Ry)
by MnSOD (Ag). The rate of production of superoxide is described by

Usuperoxide—prod — {r X J07
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and the rate of conversion of superoxide to HoOo by MnSOD is described by [248]:

Usuperoxide—to—H202 = krs X Rs X As7

where, ¢, is the fractional superoxide production and k. is the superoxide dismu-

tation rate. The rate of clearance of HyOq by catalase (Ay,) is defined as [248]:

UH202—clearance — Orh X Rh X Aha

where, 6,1, is the rate HyO5 removal by catalase.

The protein folding process also contributes to the production of HyO,. The proin-
sulin molecule contains three disulphide bonds and the formation of each disulphide
bond involves the disposal via oxidative pathways of two electrons giving rise to a
molecule of HyOy [270]. The rate of HyOy generation by ER is defined as

VUH202—prod—ER = 3 X Vfolding—deg—chap -

5.2.2 Parameter estimation

The unknown parameter values and initial values of state variables were estimated
using the particle swarm optimization (PSO) algorithm [273]. The PSO algorithm
was implemented using the PySwarms toolkit [274]. PSO is a metaheuristic al-
gorithm that can search very large spaces of candidate solutions, called particles.
The algorithm first generates an arbitrary population of particles, and then moves
these particles around in the search-space according to the particles’ position and
velocity. Each particle’s movement is influenced by its local best-known position,
as well as a global best-known position in the search-space, which is updated as
better positions are found by other particles. This is expected to move the swarm

towards the best solution.

The PSO algorithm was selected for parameter estimation because PSO can search
very large spaces of candidate solutions. This is useful for the proposed model
since it contains a large number of free parameters (around 37). The PSO has a
high probability of finding the global optimum and it can converge fast since the

particles (denoting different candidate solutions) can be run in parallel. This is



146 5.2. Method

particularly advantageous for estimating the values of the large free parameter set

of the model.

In this work, the parameter estimation was done in two stages. The first stage of pa-
rameter estimation involved the processes of glucose transport, glucose metabolism,
electrical activity, and calcium dynamics. This part was selected because it does
not have any feedback from the rest of the model. The number of unknown param-
eters in this part was 8. These estimated parameters from the first stage were then
used as inputs to the second stage of the parameter estimation which included
the whole model. The number of unknown parameters for the second stage of

estimation was 37.

The cost functions for the optimization were defined as the root mean squared
error between the experimental data and the simulated data. The details of the
experimental data and the corresponding cost functions for the first and second
stages of optimization are given in Table 5.3 and Table 5.4 respectively. The cost
functions for the first stage of the optimization process were normalized by the
mean of the experimental data and the cost functions for the second stage were

normalized by the range of the experimental data.



TABLE 5.3: Details of the experimental data and the corresponding cost functions used for stage 1 of the parameter estimation.

Experiment details

Reference

Cost function

Steady state values of NADH,

mitochondrial membrane potential, cytosolic,

3 2
n Xslln
2 im0 (ﬁ—l)

[275-282] i
mitochondrial, ER and extra-cellular calcium
at sub-stimulatory glucose level of 3mM. X5m: simulated value of state variable X at time step t,
X't: steady state value of X obtained from the literature.

Ratio of NADH concentration
at stimulatory glucose levels (8mM, 10mM, n [ (NADH]SM—CB data_Gs )’

‘ o (W—ratwt )
20mM) to NADH concentration at sub- Cnapn = P
stimulatory glucose level of 3mM. Z?ZO([N?]?;E:&S” 7mtiogatafc1o)2
Mouse pancreatic islets were used. + |

sim— 2

Islet NADH responses to step glucose Z?:o([N?ijI]];H]GSQO _Tatw;iaca—(}m)
elevations from a baseline concentration of [283] + n+1

3 mM to 8 mM, 10 mM and 20 mM were
recorded. 15, 28 and 17 islet recordings were
used respectively for the 3 cases. The data
was recorded for a duration of 10 mins

and the relative auto-fluorescence

was recorded.

[INADH?™ % [NADH]?™ “'° [NADH]™ % simulated
concentrations of NADH at time step ¢ in the presence of SmM,
10mM and 20mM glucose,

[NADH ]G3: steady-state concentration of NADH at 3mM glucose,

ratiod® =68 ratiolata=CG10 pqppdata=G20. yatio of NADH

[opou [[o9-e39q "G I103der)

Lyl



Table 5.3 (continued): Details of the experimental data and the corresponding cost functions used for stage 1 of the parameter

estimation.

concentration at stimulatory glucose levels (8mM, 10mM, 20mM)
to NADH concentration at sub-stimulatory glucose level of 3mM

obtained from the experimental data.

Ratio of cytosolic ATP concentrations
at stimulatory glucose levels of 8.3mM,
16.7mM and 25mM to cytosolic

ATP concentration at sub-stimulatory
glucose level of 2.8mM.

Mouse pancreatic islets were used.
Relative fluorescence was recorded

by increasing glucose concentration
from a baseline concentration

of 2.8mM to 8.3mM, 16.7mM and 25mM.
The duration of the recording

is 100 seconds andS® islets were used.

[284]

. 2
ATP, sim—G8.3
Z?:O [ C]t - 7Tati0(tiatafG8.3
C . [ATPg]
ATPC —

n+1
\/Z?o ( [AT;CT}im];C;lﬁj _mtw?ata—cm) ’
C
+ n—+1
[ e
+ n+1

[AT P 983 [AT Po]?™ 197 [AT Po)™ 9. simulated
concentrations of cytosolic ATP at time step t in the presence
of 8.3mM, 16.7mM and 25mM glucose,

[ATPC]GS: steady-state concentration of cytosolic ATP at 3mM

glucose,
ratiod®a=G83 patjolatamGLO.T Ly gpipdata=G25. atio of ATP

concentration at stimulatory glucose levels (8mM, 10mM, 20mM)
to ATP concentration at sub-stimulatory glucose level

of 3mM obtained from the experimental data.
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TABLE 5.4: Details of the experimental data and the corresponding cost functions used for stage 2 of the parameter estimation.

Experiment details Reference | Cost function
Ratio of phosphorylated and - -
NKp]?"™ . —

unphosphorylated stress-activated Crinn — \/ Z?:o([i, ~ Kp]]'sﬁm J:atwfm JNK)
kinases, JNK and p38MAPK, at 50 uM " s

.. n (([P38plg™ . data—p3s
H,0,. Rat pancreatic islets were used. +\/ Zt:‘)( [p381§‘"“n+:atw° )
Islets were treated with HyOq
for 120 min. Then the [285) [JNEJ™, [p38,]7™: simulated concentrations of phosphorylated JNK
phosphorylated and unphosphorylated and p38MAPK at time step ¢ in the presence of 50 M HyOs,
expression levels of JNIK and [JN K™, [p38]°™: simulated concentrations of un-phosphorylated JNK
p3BMAPK were measured using and p38MAPK at time step ¢ in the presence of 50 uM HyOg,
Western blot analysis. Values were ratiod=INK pqtiod27P38: ratio of phosphorylated and unphosphorylated
presented as mean & SEM (n = 3). JNK and p38MAPK at 50 uM H50, obtained from the experimental data.
Ratio of insulin mRNA levels at 50 pM
H505 to insulin mRNA levels at basal \/ ZLo( [[;:Sn]]:g:‘o _mtw?ata_mma)z
conditions. Rat pancreatic islets were CinsulinMRNA = P
used. Islets were treated with HyO, for | [285]

48h. Then insulin mRNA levels were
examined by RT-PCR. Values were
presented as mean £ SEM (n = 3).

(I nsm]fim

in the presence of 50 uM H5Os,

: simulated concentration of insulin mRNA at time step ¢

[Insm],_o: basal insulin mRNA concentration,
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Table 5.4 (continued): Details of the experimental data and the corresponding cost functions used for stage 2 of the parameter

estimation.

ratiot™ MMa: patio of insulin mRNA at time step ¢ in the presence of

50 uM H50, and at basal state obtained from the experimental data.

Ratio of phosphorylated AKT at
insulin level of 0.12 M to phosphory-
lated AKT at basal insulin levels and
ratio of unphosphorylated GSK3 at
insulin level of 0.12 uM to un-
phosphorylated GSK3 at basal
insulin levels. Skeletal muscle cells
from 4-7 rats were used. AKT and
GSK3 activity was recorded at 5, 10
and 30 min after insulin stimulation

as percentages of basal activity.

[286]

i 2
AKT, stm
ZLO([A b —mm‘o?“‘"“m")
O _ [ KTP]t:O
AKTp—GSK3 = el

i 2
n [GSKB]ilm . data—GSK3
n >0 ( [GSK3],—g "atior
n+1

[AKT, 5™, [GSK3J;™: simulated concentrations of phosphorylated AKT
and un-phosphorylated GSK3 at time step t in the presence of 0.12 uM
insulin,

[AKT,),_,, [GSK3|,_,: basal concentrations of phosphorylated AKT
and un-phosphorylated GSK3,

ratiod AP L apidata=GSKS. patio of phosphorylated AKT and un-
phosphorylated GSK3 at 0.12 uM insulin obtained from the

experimental data.
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Table 5.4 (continued): Details of the
estimation.

experimental data and the corresponding cost functions used for stage 2 of the parameter

Ratio of phosphorylated and un-
phosphorylated AKT at 5.5mM
glucose. Human islets isolated from 19
organ donors were used. Islets were
treated with 5.5 mM glucose and

the levels of AKT phosphorylation
was measured for 24 h using

densitometric analysis.

1287]

n [AKTP}Sim . data— AKTp—AKT 2

t:O( [AKT]stim —ratwt )
CAKTp—AKT = S———
[AKT, "™, [AKT];™: simulated concentrations of phosphorylated AKT
and un-phosphorylated AKT at time step t in the presence of 5.5mM
glucose,
ratiol AKIPAKT patio of phosphorylated and un-phosphorylated

AKT at 5.5mM glucose obtained from the experimental data.
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TABLE 5.5: Model parameters and their values taken from the literature.

Parameter | Description Value Reference
Ve Relative volume of cytosol w.r.t whole beta-cell volume 0.882 [288]
%N Relative volume of nucleus w.r.t whole beta-cell volume 0.117 [288]
VER Relative volume of ER w.r.t whole beta-cell volume 0.195 [288]
VM Relative volume of mitochondria w.r.t whole beta-cell volume 0.039 [288]
Ko Glucose concentration at which the reaction rate is half of Vg1 3000 puM [245]
KoaTp Michaelis-Menten constant 500 puM [289]
Kok Glucose concentration at which the reaction rate is half of VK 7000 M [289]
naK Hill coefficient 1.7 [289]
Q1 Michaelis-Menten-like constant for NAD™ consumption by the Krebs cycle 1 [242]
Qo So.5 value for activation the Krebs cycle by Ca* 0.1 uM [242]
a3 Michaelis-Menten constant for NADH consumption by the ETC 100 uM [242]
Q4 Voltage dependence coeflicient 1 of ETC activity 143 mV [242]
s Voltage dependence coeflicient 2 of ETC activity 5mV [242]
VrIFo Rate constant of the F1IFO-ATPase 35000 pM.s~1 [242]
s Inhibition constant of ATPase activity by ATP 10000 M [242]
qr Voltage dependence coefficient of ATPase activity 150 mV [242]
qs Voltage dependence coefficient of ATPase activity 8.5 mV [242]
VANT Rate constant of the adenine nucleotide translocator 5000 pM.s™1 [242]
Qg Factor taking cytosolic ADP and ATP buffering into account 0.111 [242]
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Table 5.5 (continued): Model parameters and their values taken from the literature.

aMm Factor taking mitochondrial ADP and ATP buffering into account 0.139 [242]
o F/RT; F: Faraday constant (96480 C.mol™!), R: Perfect gas 0.037 mV-1 249
constant (8315 mJ.mol"". K1), T: Temperature (310.16 K)
Virsr Maximum Ca?* flux through IP3R 0.1986 s—* [242]
Kips Dissociation constant of IP3 binding from its receptor 1 uM [242]
K, Dissociation constant of Ca?* from the activating site of the IP3 receptor 0.3 uM [242]
Na Hill coefficient of Ca?" binding to the activating site of the IP3 receptor 3 [242]
VSERCA Maximum Ca?* flux through SERCA 120 uM.s~! [242]
K, Dissociation constant of Ca?* from SERCA 0.35 uM [242]
K. Dissociation constant of ATP from SERCA 0.05 uM [242]
Vamcu Maximum Ca*" flux through MCU 0.0006 pM.s™ | [242]
Kyeu Half-maximal activation constant for MCU 0.9682 M [242]
D1 Voltage dependence coefficient of MCU activity 0.1 mV~! [242]
VNex Maximum Ca?* flux through NCX 0.35 uM.s™* [242]
Do Voltage dependence coefficient of NCX activity 0.016 mV~! [242]
) Mitochondrial inner membrane capacitance divided by F 1.8 uM.mV~! [242]
fc calcium buffering factor in cytosol 0.01 [242]
S calcium buffering factor in mitochondria 0.0003 [242]
Jer calcium buffering factor in ER 0.01 [242)]
K pos Rate constant of Ca?" binding to the inhibiting site of the IP3 receptor 20 pM~4.s71 [242]
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Table 5.5 (continued): Model parameters and their values taken from the literature.

Freg Rate constant of Ca?* dissociation from the inactivating site of the IP3 receptor | 0.02 s~*

n; Hill coefficient of Ca?* binding to the inhibiting site of the IP3 receptor 4

Com Cell membrane capacitance 5310 (uF /cm?)
kdmINS Rate of insulin mRNA degradation 0.000006637 s~ !
kir—INS Rate of translation of insulin mRNA 0.03558 s~ !

duu Rate of proinsulin folding/degradation 0.067 s71

K Proinsulin-chaperone Michaelis-Menten constant (folding/degradation) 5.93 x 1072 uM
dcp Rate of chaperone decay 1/120 min~!

qr Proinsulin folding fraction 0.8

kis Rate of insulin secretion 0.0002041 s~*
kic Rate of insulin clearance 351.115 s~ !

Ky PERK-proinsulin dissociation constant 5.93 uM

K, PERK-chaperone dissociation constant 3.56 x 1072 uM
K Proinsulin-chaperone dissociation constant 1.19 uM

qr Fractional superoxide production 9.766

ks Superoxide dismutation rate 2400 pM~ st
A MnSOD concentration 5 uM

Orh Rate of HyO5 removal by catalase 17 pM~1s7!

Ay Catalase concentration 3 uM

2!
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TABLE 5.6: Initial values of model state variables taken from the literature.

Variable | Description Initial value Reference

[Pyr] Pyruvate 9 uM [241]

INADH] | NADH 60 M 275]

[ATP]. | Cytosolic ATP 1400 zM 242]

[ATP],, | Mitochondrial ATP 11250 poM 242]

U Mitochondrial membrane potential 130 mV [276]

[Ca?t], Cytosolic calcium 0.1 uM [277, 278]

[Ca*T]y, Mitochondrial calcium 0.1 uM [278, 279

[Ca®*]zr | ER calcium 200 uM [280, 281]

[Ca®*]_. | ER calcium 2000 pM [282]

R; Fraction of inactive IP3 receptors 0.088 [242]

|78 Plasma membrane potential -64 mV [229]

Pc Fraction of closed fast channels 1 [229]

Po Fraction of open fast channels 0 [229]

J Fraction of activated slow channels 0.86 [229]

n Fraction of activated K* channel 0 [229]

[INSurnal] | Insulin mRNA concentration 1.3424 M [248]

[IN Sug] Unfolded insulin protein concentration | 5.93 uM [248]

[Chap) ER chaperons 1.85 x 1075 puM | [248]

[Insli.c Folded insulin protein concentration 0.03 uM [248]

[Ry] Superoxide 0.01 uM [248]

[Ry) Hydrogen peroxide (H202) 0.1 uM [248]

[Ins]e.c Extra-cellular insulin 0.00009 pM [248]

5.3 Results

5.3.1 Parameter estimation

The values of the parameters used in the rate equations were extracted both from

the literature as well as estimated from experimental data. The parameters and

the initial values of the state variables extracted from the literature are given in

Table 5.5 and Table 5.6 respectively.
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FIGURE 5.2: Stage 1 parameter estimation results: comparison of simulated
data with experimental data. The simulated data are presented as mean 4+ SD
(n = 50).

The estimation of the unknown parameter values was done in two stages. The pa-
rameter estimation for the first stage was repeated for 50 times and the estimated
parameters are presented in Table 5.7 as mean + standard deviation (SD) (n =
50). Figure 5.2 shows the comparison of the simulated data with the experimental
data. The simulated data was generated for each of the 50 estimated parameter
sets and is presented in Figure 5.2 as mean + SD (n = 50). The experimental data
in Figures 5.2(a)-(c) have oscillations, whereas the simulated data do not. This
is because the equations of the model do not include any oscillatory mechanisms
themselves. Oscillations in glucose metabolism, membrane potential, and Ca** in
the beta-cell due to increased glucose concentrations have been observed in many
studies [283, 291, 292]. The source of these oscillations is not clearly understood
and may reflect multiple processes. These oscillations are responsible for triggering
insulin secretion [240, 293-295]. The aim of this model is to study the processes
of insulin transcription and folding which are not regulated by these oscillations.
Hence, oscillatory mechanisms were not included in the model equations. The
simulations performed with this model result in steady-states that are dependent

on the glucose concentration. These simulation results could be considered as
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FIGURE 5.3: Stage 2 parameter estimation results: comparison of simulated
data with experimental data. The simulated data are presented as mean + SD
(n = 50).

time averaged in comparison with experimental data if the data have oscillatory
behaviour. Another observed difference between the experimental data and sim-
ulated data from Figures 5.2(a)-(c) is that the experimental data have an initial
fast increase, whereas the simulated data have a slower initial increase. However,
this difference in the initial rate of increase is not significant for this model since it
is only concerned with the steady state values. In this regard, it is observed that
the levels reached by the simulated data are consistent with the experimental data.
For Figures 5.2(d)-(e), it is observed that the experimental data have slower initial
increases, whereas the simulated data have faster initial increases. However, this
discrepancy is not significant with respect to this model since it is only concerned
with the steady state levels. Thus, the trends of the model simulation data are in

general consistent with the experimental data.

The second stage of the parameter estimation was repeated for 50 times and the
estimated parameters are presented in Table 5.8 as mean 4+ SD (n = 50). Figure 5.3
shows the comparison of the simulated data with the experimental data. The

simulated data was generated for each of the 50 estimated parameter sets and is
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presented in Figure 5.3 as mean + SD. It is observed from Figures 5.3(a), (b)
and (e) that the simulated data reach equilibrium, whereas the experimental data
keep on decreasing. The possible reasons behind this have been explained in the

following paragraph.

In this model, JNK is phosphorylated by H,O, and UPR and is dephosphory-
lated at a constant rate. Now, JNK and p38MAPK regulate insulin mRNA
through FOXO1, PDX1 and MAFA. The simulated response for insulin mRNA
(Figure 5.3(c)) is observed to be consistent with the experimental data. However,
the parameters that reproduced the correct behaviour for insulin mRNA could
not reproduce the behaviour for JNK and p38MAPK as seen in the experimental
data. In reality, JNK and p38MAPK have other positive and negative regula-
tors and these other regulators could be responsible for the behaviour of JNK
and p38MAPK observed from the experimental data. This is a limitation of this
model. For similar reasons, the model simulations could not reproduce the exact
behaviour of AKTp from the experimental data (Figure 5.3(d)). Another possible
reason could be that the experimental data are based on different cell lines and
conditions. Also, the cells are cultured in different mediums before start of the
experiment which are not possible to replicate in the simulations. Using these
different experimental data together for the parameter estimation results in the
observed differences between the simulated behaviour and experimental behaviour.
However, this model could reproduce the trends, that is in the presence of high
H50,, the phosphorylation of JNK and p38MAPK increased, and in the presence

of insulin stimulation the phosphorylation of AKT increased.



TABLE 5.7: Details of the estimated parameters from stage 1 of the parameter estimation. The values are presented as mean + SD

(n = 50).
Parameter | Description Mean + SD

Maximum reaction rate for GLUT1 that is observed at saturating .

1| Vinca 50.86 = 0.93 pMs
glucose concentrations

2 | Viak Maximum rate of glucose consumption 375.55 £ 15.51 uMs™*

3 | Vwrpu Maximum rate of PDH reaction 30.36 £ 0.15 uMs~!

41 Vo Maximum rate of NADH oxidation by ETC 32.88 £ 0.38 uMs™!

5 | Kmpyr Michaelis-Menten constant 0.055 4+ 0.008 M

6 | kryd Rate of ATP hydrolysis 0.056 £ 0.0005 s~1

7 | kpmca Rate constant for the removal of [C'a*t]¢ through PMCA 37.99 + 0.14 s~
Scaling factor between NADH consumption and change in

8| ay 249.96 £ 0.1
membrane voltage
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TABLE 5.8: Details of the estimated parameters from stage 2 of the parameter estimation. The values are presented as mean + SD

(n = 50).
Parameter Description Mean + SD

1 | [AKT)i—o initial concentration of unphosphorylated AKT 3.58 + 0.24 uM
2 | [AKT,)i—o initial concentration of phosphorylated AKT 2.96 + 0.43 uM
3 | [GSK3|i=o initial concentration of unphosphorylated GSK3 3.26 + 0.51 uM
4 | [GSK3,)i—o initial concentration of phosphorylated GSK3 3.37 £ 0.54 uM
5 | [JNKli=o initial concentration of unphosphorylated JNK 4.59 + 0.27 uM
6 | [JNK, =0 initial concentration of phosphorylated JNK 1.63 £ 0.22 pM
7 | [p38MAPK]i— initial concentration of unphosphorylated p38SMAPK 4.64 + 0.25 uM
8 | [P38MAPK,]i—o | initial concentration of phosphorylated p38MAPK 3.24 + 0.56 uM
9 | [FOXO1li— initial concentration of unphosphorylated FOXO1 3.67 £ 0.22 uM
10 | [FOXO1,)i=o initial concentration of phosphorylated FOXO1 3.65 £ 0.25 uM
11 | [PDX 1] initial concentration of PDX1 3.33 £ 0.55 uM
12 | [MAF Ali—o initial concentration of MAFA 3.53 + 0.25 uM
13 | kakr phosphorylation rate of AKT by insulin 4.68 +0.19 s7!
14 | kaxrp AKT dephosphorylation rate 0.43 £ 0.035 s 1
15 | kaxT—INK rate of inactivation of AKT by JNK 0.21 £ 0.032 uM st
16 | kagsks phosphorylation rate of GSK3 by AKT 0.32 £ 0.05 uM st
17 | kasksp GSK3 dephosphorylation rate 0.87 + 0.07 s7!
18 | kjNK_ROS phosphorylation rate of JNK by HyO, 4.66 £ 0.25 s7¢

091

samsoy '£°¢



Table 5.8 (continued): Details of the estimated parameters from stage 2 of the parameter estimation. The values are presented as
mean + SD (n = 50).

19 | kjnk_upPr phosphorylation rate of JNK by UPR 4.25 + 0.57 s7!

20 | kp3s—Rros phosphorylation rate of p3SMAPK by HyO9 3.56 + 0.52 s7!

21 | kp3s—upr phosphorylation rate of p38MAPK by UPR 4.48 +0.26 s7!

22 | kmapkp dephosphorylation rate of JNK and p38MPK 1.59 + 0.14 s~*

23 | kroxo1-AKTp phosphorylation rate of FOXO1 by AKT 1.56 4 0.28 pM~ts7!
24 | kroxoip-MAPKp phosphorylation rate of FOXO1 by JNK and p38MAPK 0.73 £ 0.14 uM st
25 | Vappxa maximum rate of PDX1 mRNA production 1.32 4 0.26 pMs™!

26 | KMAFA_PDXI dissociation constant of MAFA from the binding site of PDX1 promoter 1.9 £ 0.09 uM

27 | Kroxo1-pDX1 dissociation constant of FOXO1 from the binding site of PDX1 promoter | 2.67 + 0.61 uM

28 | kppx1-Foxo1—efiux | rate of expulsion of PDX1 from nucleus by FOXO1 0.14 £ 0.025 uM~1s~!
29 | kGsK3—PDX1—pdeg rate of PDX1 protein degradation by GSK3 0.093 £ 0.007 uM s~ !
30 | VaaMAFA maximum rate of MAFA mRNA production 2.27 £+ 0.27 uMs!

31 | Kppxi—MAFA dissociation constant of PDX1 from the binding site of MAFA promoter 2.48 + 0.18 uM

32 | Kroxo1—MAFA dissociation constant of FOXO1 from the binding site of MAFA promoter | 0.31 4+ 0.11 xM

33 | kROS_MATFA rate of expulsion of MAFA from the nucleus by ROS 0.086 4 0.009 s~*

34 | kasks—MAFA_pdeg | Tate of MAFA protein degradation by GSK3 0.0075 £ 0.0013 uM st
35 | Viins maximum rate of insulin mRNA production 1.17 4 0.24 pMs™t

36 | Kppx1_1INS dissociation constant of PDX1 from the binding site of insulin promoter 1.82 £+ 0.59 uM

37 | KMAFA—INS dissociation constant of MAFA from the binding site of insulin promoter | 2.15 + 0.5 uM
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162 5.3. Results

(a) Mitochondrial membrane potential (b) Mitochondrial and cytosolic ATP/ADP ratio
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FIGURE 5.4: Qualitative validation: steady-state concentrations of (a) mito-
chondrial membrane potential, (b) mitochondrial and cytosolic ATP/ADP ratio,
(¢) mitochondrial and cytosolic calcium, and (d) HoO2 at glucose concentrations
of 3, 6, 8, 10, 15, 20, and 25 mM. All simulated values are steady-state concen-
trations. All values are presented as mean £+ SD (n = 50).

5.3.2 Validation

The proposed model was validated both qualitatively and quantitatively against
experimental observations. Figure 5.4 shows the steady-state responses of model
simulation to glucose concentrations of 3, 6, 8, 10, 15, 20, and 25 mM. The model
simulations are generally consistent with the experimental observations. Several
studies have shown a rise in mitochondrial membrane potential [291, 296, 297],
ATP/ADP ratio [298, 299], cytosolic and mitochondrial Ca®*", and ROS generation
[300, 301] with increasing glucose concentration. The simulation results shown in
Figure 5.4 are consistent with these experimental observations. It was observed
from the results that the steady state values of mitochondrial membrane potential,
ATP/ADP ratio, and cytosolic and mitochondrial C'a®" increased with increasing

glucose concentrations.

The model was also validated quantitatively against experimental data that are

different from the data that were used for parameter estimation. The details of



Chapter 5. Beta-cell model 163
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FIGURE 5.5: Quantitative validation: comparison between experimental data
and simulated values of (a) relative PDX1 expressions after 48h and 72h of
exposure to high glucose concentration of 25mM, (b) relative insulin mRNA
expressions after 48h and 72h of exposure to high glucose concentration of 25mM,
(c) relative PDX1 expression after 48h exposure to 50 M Ho0Os2, and (d) relative
PDX1 expression in the presence of AKT inhibitor, GSK3 inhibitor, and both.
All simulated values are steady-state concentrations. The simulated values are
presented as mean + SD (n = 50).

the experimental data used for validation are given in Table 5.9. The validations
results are given in Figure 5.5. All simulated values shown in Figure 5.5 are steady-
state concentrations. The validation was repeated for all 50 estimated parameter
sets and the simulated values are presented as mean + SD (n = 50). Figure 5.5(a)
and Figure 5.5(b) show the comparison between experimental data and simulated
values of the relative PDX1 and insulin mRNA expressions after 48h and 72h of
exposure to high glucose concentration of 25mM. Figure 5.5(c) shows the relative
PDX1 expression after 48h exposure to 50 M HyO4. Figure 5.5(d) shows the rela-
tive PDX1 expression in the presence of AKT inhibitor, GSK3 inhibitor, and both.
It is observed from the results that the model simulations closely reproduce the
experimental data. The observed differences between the experimental and simu-
lated values could be because the experimental data used for parameter estimation

and validation are based on different cell lines. But overall, the model simulations
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TABLE 5.9: Experimental data used for validation.

Details of experimental data Reference
Relative PDX1 protein expression in 1.1B4 cells after 48h
and 72h exposure to high glucose (25 mM). Values are [302]

mean £ SEM (n = 3).

Relative insulin mRNA expression in 1.1B4 cells after 48h
and 72h exposure to high glucose (25 mM). Values are [302]
mean + SEM (n = 3).

Oxidative stress—induced nucleo-cytoplasmic translocation of
PDX-1. HIT-T15 cells were used. Cells were exposed for 48h
to vehicle alone (control) and 50 uM HsO,. Values are

mean + SD (n = 3).

Densitometric analysis of PDX1 expression in human islets in
the presence of vehicle (control), AKT inhibitor, GSK3 [261]
inhibitor, and both. Values are mean + SD (n = 3).

[255]

are successful in reproducing the trends that are observed from the experimental
data.

5.3.3 Scenarios

The proposed mathematical model was used to explore the changes in steady-
state levels of insulin mRNA, PDX1, MAFA, FOXO1, GSK3, JNKp, p38MAPKp
and ROS (H20) at glucose concentrations of 3mM, 10mM, 20mM and 30mM
(Figure 5.6). All simulations were conducted for a duration of 48h and all values
are steady-state values. From Figure 5.6 it is observed that with increasing glucose
concentrations the steady-state levels of the transcription factors PDX1 and MAFA,
as well as insulin mRNA decrease. At the very high glucose concentration of 30mM,
their levels become almost negligible [300, 303-306]. On the other hand, the steady-
state levels of FOXO1, GSK3, JNKp, p38MAPKp and ROS (H205) increase with
increasing glucose concentrations. The high levels of FOXO1 and GSK3 in the
nucleus in the presence of high glucose concentration leads to the decrease in the
levels of PDX1 and MAFA and consequently insulin mRNA.

In addition, this mathematical model was used to explore the effect of seven sce-
narios on the steady state concentration of PDX1, MAFA, and insulin mRNA
(Figure 5.7): (1) glucose concentration was increased to 25mM, (2) glucose con-

centration was decreased to 3mM, (3) glucose concentration was decreased to 3mM
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FIGURE 5.6: Simulated steady-state concentrations at glucose concentrations
of 3mM, 10mM, 20mM and 30mM normalized by the steady state concentra-
tions at 3mM glucose of insulin mRNA, PDX1, MAFA, FOXO1, GSK3, JNKp,
p38MAPKp and ROS (H203). All simulations were conducted for a duration of
48 h and the values are presented as mean + SD (n = 50).

and PDX1 level was doubled, (4) glucose concentration was decreased to 3mM and
MAFA level was doubled, (5) glucose concentration was decreased to 3mM and
FOXOL1 concentration was decreased by two times (6) glucose concentration was
decreased to 3mM and HyO, concentration was decreased by two times, and (7) glu-
cose concentration was decreased to 3mM and JNKp concentration was decreased
by two times. These scenario tests were performed to analyze the influence of dif-
ferent variables on the steady-state levels of PDX1, MAFA and insulin mRNA. All
reported steady state concentrations in Figure 5.7 are normalized by the steady
state concentration of the respective variables at 25mM glucose. All scenario test

simulations were conducted for a duration of 48 h.

From Figure 5.7 it is observed that when glucose concentration is decreased from
25mM to 3mM, the steady-state levels of PDX1, MAFA and insulin mRNA increase
by approximately 50%, 50% and 100% respectively. Next, the effect of decreasing
the glucose concentration together with increasing the PDX1 and MAFA levels
was tested. It is observed that increasing the PDX1 and MAFA levels do not
result in any significant increase when compared with scenario case (2). A reason
behind this could be that the steady-state concentration of FOXO1 and GSK3 in
the nucleus do not change when PDX1 and MAFA levels are increased. So, the
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FIGURE 5.7: Effect of seven scenarios on the steady state concentration of PDX1,
MAFA, and insulin mRNA: (1) glucose concentration was increased to 25mM,
(2) glucose concentration was decreased to 3mM, (3) glucose concentration was
decreased to 3mM and PDX1 level was doubled, (4) glucose concentration was
decreased to 3mM and MAFA level was doubled, (5) glucose concentration was
decreased to 3mM and FOXO1 concentration was decreased by two times (6)
glucose concentration was decreased to 3mM and HyOo concentration was de-
creased by two times, and (7) glucose concentration was decreased to 3mM and
JNKp concentration was decreased by two times. All simulations were conducted
for a duration of 48 h and the values are presented as mean + SD (n = 50).

steady-state levels of PDX1, MAFA and insulin mRNA remain the same as when

only glucose concentration is decreased.

In the following scenarios, the effect of decreasing the concentrations of the in-
hibitors of PDX1 and MAFA was tested. When FOXO1 concentration is decreased
by two times together with decreasing the glucose concentration, it is observed
that the steady-state levels of PDX1, MAFA and insulin mRNA increase by 250%,
200% and 380% respectively. Decreasing the HyO4 concentration by two times also
results in an increase in steady-state levels of PDX1, MAFA and insulin mRNA
by 50%, 50% and 100% respectively. Similarly, decreasing the concentration of
JNKp results in an increase in steady-state levels of PDX1, MAFA and insulin
mRNA by 130%, 110% and 220% respectively. This is because decreasing JNKp
causes decreased translocation of FOXO1 to the nucleus and increased phosphory-
lation of AKT which in turn inhibits the nuclear translocation of FOXO1 as well
as activation of GSK3.
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Thus, from the scenario test results it is observed that regulating the concentration
of FOXO1 has the highest effect on the steady-state levels of PDX1, MAFA and
insulin mRNA. It has been shown in many studies that FOXO1 is an important
transcription factor in the regulation of beta-cell identity transcription factors.
Also, controlling the concentration of the stress-activated kinase JNKp also helps to
increase the levels of PDX1 and MAFA, since JNKp is a critical regulator of FOXO1
translocation to the nucleus. FOXO1 and JNKp could be potential intervention

targets for ameliorating beta-cell function in the presence of chronic hyperglycemia.

5.4 Discussion

Loss of fully differentiated beta-cell phenotype has been recently recognized as
a potential mechanism underlying beta-cell dysfunction in T2D. Oxidative stress
and ER stress induced by chronic hyperglycemia can lead to reduced expression of
key beta-cell transcription factors including PDX1 and MAFA. This results in the
loss of insulin gene expression which gradually leads to defective insulin secretion.
In this work, an integrated mathematical model of the pathways and processes
involved in the regulation of the transcription factors associated with mature beta-
cell identity as well as insulin gene expression was developed. The aim of this model
was to investigate the loss of beta-cell function through loss of beta-cell identity
in the presence of chronic hyperglycemia induced oxidative stress and ER stress.
The model consists of 31 coupled ODEs, which reflect the complex and coupled
interactions among different proteins, metabolites, and pathways within a single
beta-cell. In this model, the important processes of glucose metabolism, calcium
dynamics, insulin signalling, and insulin transcription and folding were considered
in order to understand the mechanisms that lead to the downregulation of beta-cell
identity transcription factors, PDX1 and MAFA, and insulin gene expression in the

presence of chronic hyperglycemia.

In this model, new rate equations were developed to describe the regulation of the
beta-cell identity transcription factors, PDX1 and MAFA, by the insulin signalling
pathway, stress-activated kinases (JNK and p38MAPK) and ROS (H203). New
rate equations were also developed to describe the transcription of insulin gene by
PDX1 and MAFA. This model is useful as it integrates different models describing

different aspects of beta-cell function and links them with the pathways that control
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the beta-cell identity transcription factors. The literature contains many models
of glucose transport, glucose metabolism, calcium dynamics, and protein folding
among others. However, these models focus on a particular beta-cell function,
which cannot give a complete picture of how these different processes interact to
maintain beta-cell function. In this model, an attempt was made to bridge this
gap by integrating these models from the literature as well as proposing a new
model for the regulation of beta-cell identity factors. This model is thus useful for
understanding how the different processes involved in beta-cell function interact to

regulate beta-cell identity transcription factors and insulin gene expression.

This model is an initial step towards integrating different beta-cell functions to ob-
tain a more holistic model in order to understand the mechanisms regulating beta-
cell identity transcription factors. It is very important to understand the pathways
involved in this regulation since compromised beta-cell identity is a characteristic
of T2D. This model considered two of these beta-cell identity transcription fac-
tors, PDX1 and MAFA, since these are also promoters of insulin gene expression.
Decrease in the levels of PDX1 and MAFA leads to decreased insulin gene ex-
pression, which ultimately depletes the insulin stores of the beta-cell and leads to
decreased insulin secretion. Thus, this model could be useful to understand beta-
cell dysfunction through compromised beta-cell identity in the presence of chronic
hyperglycemia. This seed model can be further enhanced by including the other
transcription factors associated with mature beta-cell identity such as NKX6.1 and
NEURODL1.

Another important reason for modelling these beta-cell identity transcription fac-
tors is to understand if the compromised beta-cell identity observed in T2D is
reversible. Experiments in animal models have shown that this loss of beta-cell
identity is reversible upon normalization of glucose levels [307, 308]. However, this
reversibility still remains to be established for humans. Such computational models
are useful tools to extend this understanding and identify the potential intervention
targets that can lead to this reversibility, which could be a therapeutic revolution
in the treatment of T2D. This model could also be used to identify intervention
targets that can ameliorate insulin gene expression in the presence of chronic hy-
perglycemia. As shown in the scenario tests, targeting and downregulating FOXO1
increases insulin gene expression. The proposed mathematical model was used to
explore the changes in steady-state levels of PDX1, MAFA and insulin mRNA at
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different glucose concentrations. It was observed that PDX1, MAFA and insulin
mRNA levels decreased with increasing glucose concentration, becoming almost
zero at the very high glucose concentration of 30mM. In addition, the model was
used to explore the effect of seven scenario tests to analyze the influence of differ-
ent variables on the steady-state levels of PDX1, MAFA and insulin mRNA. It was
found that transcription factor FOXO1 has the highest effect on PDX1, MAFA
and insulin mRNA; followed by the stress-activated kinase JNK. Thus, FOXO1
and phosphorylated JNK could be potential intervention targets for ameliorating

insulin gene expression in the presence of chronic hyperglycemia.

The values of the parameters used in the rate equations were extracted both from
the literature as well as estimated from experimental data. The data used for pa-
rameter estimation are from in vitro experiments conducted on different cell lines
and conditions. Also, the cells were cultured in different mediums before start
of the experiment which was not possible to replicate in the simulations. These
could be the possible reasons for the differences observed between experimental
and simulated behaviour. In addition, this model is not exhaustive and may miss
some relevant processes involved in the regulation of the proteins and metabolites
included in this model. This could also lead to the observed deviation from the
experimental data and inclusion of these other processes may be able to reproduce
the exact behaviour as observed in the experiments. Despite these limitations, the
model simulations could reproduce the trends that are observed from the experi-
mental data. In addition, on validating against a different set of experimental data,
the model simulations were successful in reproducing the trends observed from the

experimental data.

The aim of the proposed model was to investigate the loss of beta-cell function
through loss of beta-cell identity in the presence of chronic hyperglycemia. In this
regard, the steady state change in state variables at different glucose concentra-
tions were examined and the behaviour of the important metabolites and proteins
carrying out different aspects of beta-cell function were qualitatively studied. In
reality, beta-cell dysfunction and compromised beta-cell identity result after years
of chronic hyperglycemia. This long-term simulation is not possible with the pro-
posed model. However, the model can be useful in simulating the trends that are
observed in reality when glucose concentration is increased above physiological lev-

els. In other words, the model simulations facilitate the study of the short-term
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mechanisms whose build-up leads to long-term beta-cell dysfunction and compro-
mised beta-cell identity. Also, this model was developed to understand the path-
ways in a single beta-cell. This model can be scaled up to see the effect in insulin
content and secretion in the islet level by considering the total number of beta-cells

present in human islets.

This model only focuses on how oxidative stress and ER stress induced by chronic
hyperglycemia can cause compromised beta-cell identity. It has been shown in
different studies that chronic hyperglycemia also causes inflammation. In fact,
cytokines and inflammation are also important mediators of beta-cell dysfunction.
These factors could be incorporated to this seed model to study the combined
effect of the different mediators of beta-cell dysfunction and compromised beta-cell

identity.

This integrated mathematical model can help in considering multiple aspects re-
lated to beta-cell identity and function enabling a more holistic model which can
further extend our understanding of the underlying non-linear biological mecha-
nisms leading to compromised beta-cell identity and beta-cell dysfunction in the
presence of chronic hyperglycemia. The model illustrates how multiple pathways
interact to regulate the beta-cell identity transcription factors and insulin gene ex-
pression. Such integrated computational models could help to identify the most
important pathways and feedback loops given specific inputs and drivers, further
understand the interaction between different pathways and processes, generate hy-
potheses and test possible intervention strategies. This model is a seed model which
can be gradually enhanced by integrating other important pathways and processes
involved in regulating beta-cell identity transcription factors and beta-cell func-

tion.



Chapter 6

Conclusions and future work

6.1 Conclusions

Four research works have been presented in this thesis. Three of these research
works have explored biological and social factors responsible for the pathogenesis
of T2D. Three computational models have been developed in this thesis: system
dynamics models (SDMs) of the system of social norms regarding body weight per-
ception and obesity prevalence, a Boolean network model of the insulin resistance
pathway and pancreatic beta-cell apoptosis pathway, and an ordinary differential
equation (ODE) model of the system of signalling components involved in insulin
gene expression and glucose-stimulated insulin secretion. In addition, two of the
four works presented in this thesis have proposed methods for inferring computa-

tional models from cross-sectional data.

Chapter 2 details the development of six SDMs of the system of social norms regard-
ing body weight perception and obesity prevalence based on an expert-informed
causal loop diagram and data from six socio-cultural groups (Dutch, Moroccan and
South-Asian Surinamese men and women). The SDMs served to explore the ef-
fect of three scenarios on group-level BMI: ‘what if’” weight-related behaviour were
driven by (1) health awareness, (2) norms or (3) a combination of the two. The
model simulations showed that norms regarding body weight perception withhold
individuals from losing as much weight as they could if driven by health awareness
alone. When overweight is the norm, that is, in all male groups, the norm holds

group-level BMI close to overweight despite of health awareness. These results
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thus suggest that norms limit the effectiveness of interventions targeting individual
weight-related behaviour, especially in men. Since norms are counteracting health
awareness less strongly in the female groups, there must be additional drivers of
obesity in women. By studying ‘what if’ scenarios using computational modelling
approaches, it is possible to test policy strategies under the exact same conditions.
Although the SDMs do not include potential solutions for influencing norms, they
show that justice should be done to influences on both the individual as well as the
group level. The results suggest that norms limit the effectiveness of interventions

targeting individual weight-related behaviour, especially in men.

Chapter 3 presents a method for inferring computational models from cross-sectional
data using Langevin dynamics. This method can be applied to any system that can
be described as effectively following a free energy landscape which is stable and not
influenced by any external force. The usefulness of the proposed method lies in the
fact that it provides an approximate estimate of the underlying dynamics from the
cross-sectional data. This will be useful when there is no knowledge of how other
factors or variables are related to the variable of interest. This method can be a
useful tool to get an approximate idea of the underlying dynamics of the system
when data is available only for a single time-point. Later, this ‘baseline’ model
can be developed into causal model and the timescale of the model predictions can
be estimated with the help of expert knowledge. The proposed method is suffi-
ciently simple to use as well as interpretable to initiate the iterative development of
computational models for any system that can be described as effectively following
a free energy landscape and thus help in studying the progression of important

processes.

Chapter 4 details the development of a Boolean network model of the insulin resis-
tance pathway and pancreatic beta-cell apoptosis pathway which are responsible
for the pathogenesis of T2D. The proposed model made predictions that closely
resembled the expression levels of genes in T2D as reported in the literature. The
results show that when the input signals ER stress, oxidative stress, and cytokines
are activated, then the output apoptosis is also activated, and some of the im-
portant genes that are known mediators of apoptosis from the literature are also
activated in these states. Thus, this Boolean network model can be used to analyse
the behaviour of different proteins in a qualitative manner in the presence of ER

stress, oxidative stress, and pro-inflammatory cytokines.
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Chapter 5 details the development of an integrated mathematical model of the
pathways and processes involved in the regulation of the transcription factors asso-
ciated with mature beta-cell identity as well as insulin gene expression. The aim of
this model was to investigate the loss of beta-cell function through loss of beta-cell
identity in the presence of chronic hyperglycemia induced oxidative stress and ER
stress. This model is an initial step towards integrating different beta-cell functions
to obtain a more holistic model in order to understand the mechanisms regulating
beta-cell identity transcription factors. The model illustrates how multiple path-
ways interact to regulate the beta-cell identity transcription factors and insulin gene
expression. This model could also be used to identify intervention targets that can
ameliorate insulin gene expression in the presence of chronic hyperglycemia. As
shown through the model simulations, targeting and downregulating FOXO1 in-
creased insulin gene expression. The proposed model is a seed model which can
be gradually enhanced by integrating other important pathways and processes in-

volved in regulating beta-cell identity transcription factors and beta-cell function.

6.2 Future work

It has been shown in many studies that social determinants, such as, income, em-
ployment insecurity, education, housing, living conditions, and access to nutritious
food are central to the development and progression of obesity and T2D. Moreover,
the incidence and prevalence of T2D appear to be socially graded, as individuals
with lower income and less education are more likely to develop T2D than more
advantaged individuals. It would be interesting to couple these social determinants
with the system dynamics model of social norms to understand the combined effect

of these factors in the development of obesity and T2D.

Chronic inflammation has been found to be an important factor of beta-cell dys-
function in T2D. It has been observed in various studies that pro-inflammatory
cytokines, such as IL-18, TNF-a, IFN-v, induce beta-cell dysfunction. In future,
it would be interesting to integrate the signalling pathways involving these pro-
inflammatory cytokines to the beta-cell dysfunction model to study the combined

effect of hyperglycemia and inflammation on beta-cell dysfunction in T2D.
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