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modeling. We introduced a systematic method 
for building an Event-B model corresponding to 
a given chemical reaction network, in such a way 
that mass-conservation relations in the reaction 
network become invariant properties that can 
be automatically checked in Event-B. The proof-
of-concept demonstration of our method was 
done on the heat shock response model, a pro-
totype of biological adaptation and response to 
external stimuli. We demonstrated the scalability 
of the approach on a model for the ErbB sign-
aling pathway, a key regulatory mechanism in 
many types of cancer. We built for it an Event-
B model with almost two hundred fifty events 
and more than one hundred variables, one of 
the largest Event-B models ever built. We also 
analyzed a healthcare system prototype using 
Event-B, to study the modeling of complexity in 
a different setting. We investigated its service ac-
cessibility through an Event-B model comprised 
of health service providers of different types and 
patients having various needs for diverse medi-
cal services.
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Abstract

There is a big interest in building large biological models and various ap-
proaches are being used for constructing such systems. Larger models are
needed in system-level approaches (such as systems biology, systems medicine,
systems immunology, etc.) to describe the global behavior of a complex sys-
tem as a result of the interactions between myriads of local processes. Mostly
it is done by assembling present submodels and then adding more details to
these models. Such models are rarely successful in the biological domain, as
opposed to software systems engineering where the technique is widely used.
The main reason for this is that the interaction between the submodels is
not included through their composition and so the resulting model remains
to a large extent a heterogeneous collection of separate modules. This also
leads to the new model exhibiting poor experimental �t to laboratory data,
even if the separate modules were carefully �tted to the relevant local data.
Consequently, model �tting has to be (re)done, a process whose computa-
tional complexity increases quickly with the size of the model, also one that
requires more and more new data to be done successfully. The approach we
took in this thesis is to develop a complex model step by step by adding
details starting from a �blueprint-like� basic model, making sure that quan-
titative model properties such as its data �t, are preserved in each extension
step. We used Event-B modeling for this purpose. Event-B o�ers a great
feature of re�nement which is vital for building large models. In Event-B,
a large model is constructed through stepwise re�nement. We start with a
basic model which has con�ned details and present further information of
the model by adding new events in di�erent re�nement steps. The models we
get with Event-B re�nement are formally connected to each other through
the re�nement relation and can be employed at any level of details. Event-B
comes with the tool support of Rodin which also serves the purpose of formal
veri�cation at each step of the model building. To the best of our knowledge,
this was the �rst time Event-B was being used for the modeling of biological
systems.

We introduce in this thesis a systematic method for building an Event-B
model corresponding to a given chemical reaction network, in such a way
that mass-conservation relations in the reaction network become invariant
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properties that can be checked in Event-B. The proof-of-concept demonstra-
tion of our method is done on the heat shock response model, a prototype of
biological adaptation and response to external stimuli. We demonstrate the
scalability of the approach on a model for the ErbB signaling pathway, a key
regulatory mechanism in many types of cancer, leading to an Event-B model
with almost one thousand events and more than four hundred variables, one
of the largest Event-B models ever built. We discuss the scalability of our
method and its applicability in systems biology. We also discuss the feasibil-
ity of Event-B to capture intricacies of complex systems in a slightly di�erent
setup, describing the access of patients in a health care system. This study
is also an investigation into the potential of formal methods in decision sup-
port, with a focus on system designs that ensure global robustness properties
and guaranteed service access.
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Sammanfattning

Det �nns ett stort intresse för att konstruera omfattande biologiska modeller.
Olika metoder används för att bygga upp dessa modeller. Mera omfattande
modeller behövs för att kunna beskriva ett systems globala beteende, som
är ett resultat av en mängd interaktioner mellan lokala processer. Speciellt
inom områden där man ser på helheter för olika system, till exempel inom:
systembiologin, systemmedicinen, systemimmunologin, etc. Vanligtvis har
mera omfattande modeller skapats genom en sammanslagning av �era exis-
terande delmodeller och mera detalj har sedan lagts till i den slutliga mod-
ellen. Sådana modeller är sällan lyckade inom biologin, medan inom utveck-
lingen av mjukvarusystem är denna metod ett vanligt tillvägagångssätt. Hu-
vudorsaken till detta är att interaktionerna mellan delmodellerna inte tas i
beaktande i sammanslagningen så den slutliga modellen förblir i stora drag
endast en samling separata modeller. Följaktligen uppvisar den nya mod-
ellen undermålig passning till laboratoriedata då den används, detta även
om modellerna separat för sig var passade till deras data. Som en följd
av detta måste modellpassningen göras om antingen helt eller delvis, en
process vars svårighet med avseende på komplexiteten ökar snabbt relativt
till modellens storlek. För att detta ska lyckas krävs det även mer och
mer data. Det tillvägagångssätt vi valde i denna avhandling var att stegvis
utveckla en komplex modell, utgående från en basmodell. Vid varje tillägg
till basmodellen försäkrade vi oss om att de kvantitativa egenskaperna för
modellen bibehölls, såsom modellens anpassningsförmåga till data. Vi an-
vände oss av Event-B modellering för att åstadkomma detta. Event-B har
många �na egenskaper för modellför�ning, vilket är viktigt vid omfattande
modellutveckling. I Event-B byggs omfattande modeller upp genom stegvis
för�ning. Vi börjar med en basmodell vilken endast har begränsade de-
taljer och utökar modellen med ny information genom olika för�ningssteg.
Modellerna vi får av för�ningen genom Event-B är formellt relaterade till
varandra genom en för�ningsrelation och kan användas på vilken detaljnivå
som helst. Event-B stöder verktyget Rodin, vilket används som verktyg för
formell veri�ering vid varje steg av modellutvecklingen. Så vitt vi vet är
detta första gången som Event-B har använts för att modellera biologiska
system.
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I denna avhandling introducerar vi en systematisk metod för att utveckla
en Event-B modell som motsvarar ett kemiskt reaktionsnätverk där rela-
tioner rörande massans bevarande blir invarianta egenskaper som kan kon-
trolleras i Event-B. Koncepttestet för vår metod görs på stressreaktions-
modellen (eng. heat shock response model), vilken är en prototyp för bi-
ologisk användning och respons på extern stimulans. Vi visar skalbarheten
för vår metod på en modell av ErbB-signalvägen, vilken är en viktig regler-
ingsmekanism i många olika cancerformer. Detta ger upphov till en Event-B
modell bestående av över 400 variabler vilket är en av de största Event-B
modellerna som någonsin skapats. Vi behandlar modellens skalbarhet samt
hur den kan tillämpas inom systembiologin. Vi behandlar även Event-Bs
möjligheter för att bli tillämpad på andra komplexa system, här beskriver
vi hur Event-B kan tillämpas för åtkomst av patienter i ett hälsovårdssys-
tem. Denna avhandling är även en undersökning i hur formella metoder kan
används för beslutsfattande med en fokus på systemdesign som garanterar
tillgång till en viss service samt ser till att servicen har robusta egenskaper.
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Chapter 1

Introduction

There is a great interest in complex systems [13] in science, in particular in
mathematics, chemistry, physics, biology and engineering. The complexity
typically comes from the fact that in the majority of systems there are many
variables and numerous connections between those variables. This makes the
dynamics of each variable highly dependent on many of the other variables.
This also makes the global properties of the system di�cult to predict from
local information. The complexity barrier between elements and systems
does not allow to predict the system's behavior and as a result it prevents
us from repairing them accurately. The key feature of complex systems [91]
is that the cooperative interactions of the individual variables determine the
emergent functionalities, which individually do not happen. Many di�erent
things stay behind the notation of complexity such as number of elements or
the connections between those elements, many intrinsic degrees of freedom
and non-linearity of mathematical equations [20, 89].

Biological systems appear to be rather di�erent from engineered systems,
both in their use of modular organization and in their misuse of it [88]. They
are typically more distributed, providing more alternative paths towards the
goal. Their self-regulation and reactivity to the environment also tends to be
better, as they evolve with the dynamics in the environment. Their robust-
ness is often high in a wider context, as a result of having been evolved rather
than designed for a narrow set of objectives. Understanding such (biological)
systems requires a new set of computational methods and the extension of
some of the current ones from systems and software engineering. A combi-
nation of �mechanistic� modeling and �phenomenological� observations will
likely be helpful in many situations [95]. However, it is now evident that even
when we are able to fully characterize a model from a mechanistic point of
view, the model itself can express �emergent� phenomenological behavior
that is not evident from the parts list. Conversely, given a known behavior
and a long parts list, it is often di�cult to identify the subset of the parts list
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that is responsible for the behavior. These systems complexity problems [40]
are actually well known in computing: they are typical of information pro-
cessing systems, where even small programs can be extremely subtle (and
where in general predicting the behavior of a program may be undecidable).
Biology is increasingly dealing with information processing mechanisms at
the subcellular and intracellular level, in genomes and signalling pathways,
and the same problems are becoming evident there too [22]. The typical
reaction to systems complexity in computing has been to make sure the sys-
tems are �well engineered� in the �rst place, so the problems do not arise as
much [96]. Unfortunately, this approach is not directly applicable to biology,
where reverse engineering is more the issue.

Systems biology studies complex interactions in biological systems, with
the aim to better understand the properties of individual parts within com-
plex living system as well as the dynamics of entire systems [98]. To achieve
this, given quantitative measurements of the behavior of groups of interact-
ing elements, mathematical and computational models are constructed to
reproduce and predict dynamical behaviors. For decades graphical models
have already been used to describe and learn the mechanism behind the ex-
perimental examination of biological systems [71]. Although these models
are simple to be built and understood, they can only o�er a rather static
picture of the corresponding biological systems, and their scalability is lim-
ited. Such approaches can be complemented with dynamic models focusing
on describing the behavior of the components and the interactions between
them. This is similar to formal modeling for distributed computing: sys-
tems consisting of many components, each functioning according to their
own speci�cation, competing for resources, in�uencing each other's dynam-
ics and even collaborating towards a shared objective. This similarity is one
of the reasons behind the increased interest from biology into the systems
science and engineering methods. Many mathematical techniques initially
developed for engineering large computer systems �nd a new exciting appli-
cability domain into biology.

Biological systems can often be modeled at di�erent levels of abstraction.
Here in this thesis we present a framework for this, based on the concept of
re�nement. We have used the model re�nement approach to systematically
add details to a biological model so that the model may be used at a di�erent
levels i.o. level of abstraction, depending on question to be addressed. We
�rst start from a small, abstract model. The model can then be formally
re�ned (to be discussed: higher level of abstraction means fewer details; re-
�nement means more details) by adding details to it in such a way that its
data �t is preserved. This approach provides the basis for creating and han-
dling hierarchical models, able to integrate data and processes across di�erent
levels. There has been work done in past on this problem using rule-based
modeling [32], guarded command languages [47], ODE based modeling [59]
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and Petri nets [48]. In this thesis our aim is to use Event-B for biomodeling
because it brings the advantage of having the concept of re�nement at its
core and thus simpli�es the concept of biomodel re�nement. Event-B [5] is a
formal method, i.e., a method for the mathematical modeling of systems, in
order to analyze them. Event-B puts forward a formal structure for discrete
systems in which the state of the system, modelled by variables, is updated
by discrete events (state transitions). This structure provides the �exibil-
ity to cover a broad range of system developments. In Event-B, a complex,
large system is modeled through stepwise re�nement. New speci�c details of
the model are introduced by adding new events and variables to the system
in each re�nement step. The tool support for Event-B is provided by the
Rodin platform which comes with its own automatic prover. The correct
building of the model is obtained by discharging proof obligations generated
by Rodin.

We have demonstrated our methods with three case studies in this thesis.
First, we applied Event-B modeling to the chemical reaction system of heat
shock response [82] and constructed the model through 5 di�erent re�nement
steps. As a result of this approach, we get a chain of models linked by the
re�nement relation and these models can be analyzed at any stage of their
re�nements. Our second case study is substantially more complex compared
to the �rst one. We took the model of the ErbB signalling pathway [57]. We
have showed the applicability of the re�nement based modelling approach
by building a large model of 421 species and 928 reactions, starting with
an initial model of 103 species and 148 reactions. The re�nement advan-
tage provided by Event-B has helped us to build such a big model. As a
result of this exercise, our �nal outcome is not only a consistent model, but
also a chain of models which are systematically connected by the re�nement
relation and each of which is reusable. Our third case study is a formal
prototype model for a healthcare system consisting of numerous health ser-
vice providers and patients with diverse types of medical requirements. The
model contains some of the essential elements of a healthcare system such
as interactions between users and providers, and between providers them-
selves, patients queues, mapping a user to a provider and navigation of a
user between di�erent providers.

The thesis is structured as follows. We have discussed our research goals
in Chapter 2. In Chapter 3, we describe the formal methods and its appli-
cation to the �eld of biology. We also discuss its merits and limitations for
biology in this chapter. In Chapter 4, we present the overview of Event-B
modeling and tool we used for Event-B modeling i.e., Rodin. In Chapter 5,
we introduce the three case-studies that are presented in our thesis. Chap-
ter 6 has the summary of the included articles in this thesis. Chapter 7
concludes the thesis and also presents the future work.
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Chapter 2

Research Goals

In this chapter, we will discuss the main goals of this thesis.
The �rst goal of our doctoral project was to propose a general method to

build a formal, mathematical model corresponding to a metabolic network
given as a list of chemical reactions. The objective was to make it feasible for
the model to be built through re�nement, adding details to it step-by-step
in a systematic manner, to support the development of large scale biological
models. We chose Event-B because of its re�nement feature. By choosing
Event-B re�nement, it not only helps the correct building of model but
also provides the chain of models that are interlinked and can be reused as
well. So we were aiming for building a model to be able to add details to
it systematically and use it at di�erent levels of abstraction depending on
question to be addressed. We introduced a systematic model construction
method such that (i) each species of the network becomes a variable in
the Event-B model, (ii) each reaction is captured through some events of
the model, and (iii) the mass conservation relations of the network become
invariants of the Event-B model.

As the second goal of the thesis, our aim was to combine the signal-
temporal logic with Event-B re�nement for biological systems. We wanted
to convert the Event-B model into such a form so that we can use signal-
temporal logic for its quantitative analysis. A temporal-logic is capable of
helping with reasoning about continuous functions. We started with a simple
example of a reaction network and built an Event-B model for it. Next,
we transformed those biological reactions into a model based on di�erential
equations. Then, we used Breach toolbox [37] for the quantitative analysis
of the model. In this goal, our strategy was to present a framework for
the quantitative analysis of a model in several steps so that the cost of
computational analysis can be reduced.

Next we took the goal of demonstrating the scalability of our method
through building a large model of ErbB signalling pathway model. Here, our
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aim was to combine Event-B modeling with the model re�nement. Building
a large biological model is never an easy task as re�tting a model at each
and every step of its construction is not only time consuming but also com-
putationally intensive. We used the approach based on data re�nement. In
data re�nement, a more generic/abstract model is transformed into a more
detailed one by adding details about some of its variables. This means that
some of the variables in the initial model are replaced by a set of sub- vari-
ables, each of them with a possibly speci�c behavior. The modeler has to
ensure that a number of properties (invariants) remain valid as a result of
this transformation. For our case study of the ErbB signalling pathway, we
re�ned the initial model to include four di�erent types of receptor tyrosine
kinases (ErbB1-4) and two types of ligands (EGF and HRG). To make sure
such a big model is built consistently, we have used the formal method based
approach of Event-B modeling.

The last goal of our thesis was to demonstrate the applicability of our
model building method through reaction-like speci�cations and re�nement
in a wider context. We built an Event-B model for a prototype model of
a healthcare system. We aimed to built an Event-B model for a healthcare
system which has various health service providers and has patients with
di�erent types of medical services needed. We focused on how the patients
navigates between di�erent healthcare providers. We also aimed to cover the
essential basic aspects of a healthcare system such as interactions between
users and providers, mapping a user to its primary provider, navigation of a
user between di�erent healthcare providers, and occupancy level of providers.
With this Event-B model, we aimed to capture some of the complexity of a
healthcare system.
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Chapter 3

Formal Methods and

Applications to Biology

In this chapter we explain the main building blocks of the thesis. We shortly
review formal methods, we discuss the re�nement concept, we compare for-
mal methods with other modeling approaches and we discuss the use of
formal methods in biology.

3.1 Formal methods (in brief)

Formal methods [29, 19] is a mathematical approach for modeling and analysing
complex systems [38]. They rely on mathematical proofs to capture the cor-
rect behavior of the model. These techniques are used to model complex
systems as mathematical entities [42, 3]. For the more complex and com-
plicated systems, ensuring their properties becomes of utmost importance:
formal methods o�ers the tools for this. By building a mathematical model
of a complex system, it is possible to analyze and verify the system's prop-
erties in a more accurate way than with empirical testing. We can model
any type of systems: chemical reactions, vehicles, biological cells, software,
etc. In this thesis we are interested in exploring the synergy between system
biology and formal methods, so that we can start building sensible formal
models of complex systems [15].

Formal veri�cation [38, 42] is used for precise system analysis. It uses
techniques with a strong background in mathematics and plays a signi�cant
part for the development of complex systems. This technique helps us to
detect errors in system building and system can be modi�ed to correct those
errors. The modi�ed system can then be modeled and examined further.
The result obtained from veri�cation serve as a feedback to the entire ap-
proach, by re-examining the requirements, by improving the model, and by
evaluating the quality of real system. Major examples of formal veri�cation
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techniques are theorem proving and model checking.
Theorem proving and model checking are two standard approaches to

formal veri�cation [50, 44, 12]. The proof-based approach represents the
knowledge base of a system (or an agent) as formulas in a suitable formal
logic. A property being analyzed is then represented in the same logic. The
system is said to satisfy (or the agent to know) that property if its asso-
ciated logical formulation is provable from its knowledge base. Depending
on the application, more expressive logics may be needed to allow for more
sophisticated knowledge representation, leading to more di�cult problems in
proving theorems in that logic. The model-based approach represents a sys-
tem's knowledge base through a data structure representing some �nite state
machine model. A property is then analyzed in terms of checking whether its
suitable logical formulation is true in that �nite state machine model. A ba-
sic technique for doing so is by brute force verifying every possible input and
every possible execution of the state machine. Both approaches have their
advantages and limitations. Model checking naturally allows for automation
but pays a price in being able to analyze only systems with relatively small
number of states, and properties in relatively simple logics [45]. Theorem
proving can address more detailed representations of a system and any prop-
erties, but many proofs require highly specialized human intervention [81].

Re�nement in formal methods: The concept of model re�nement has
originated from the �eld of software engineering. Re�nement calculus focuses
on two major questions: the correctness of programs with respect to their
formal speci�cations and re�ning a program while preserving its correctness,
see [11, 73]. Re�nement can in fact be used in a more general setting for
system level development. There is a long tradition of work in this direction,
for example with Action Systems and Event-B. We recall here brie�y some
of the key ideas in the original framework of Re�nement Calculus [11, 73],
that we adapt later to the case of biology.

The main idea of re�nement calculus is very similar to the algebra of con-
tracts [41]. Computer programs and their speci�cations can be considered
as contracts between independent agents. Agents are such entities which are
free to make their decisions; so, their behaviour is considered as nondeter-
ministic. Agents can be users or programmers or even could be processes in
computer systems and therefore, nondeterminism emerges from information
hiding. The idea is to hide the information about the agent's behaviour,
so that changes and extensions can be made to agent's behaviour at later
stages. An agent can change the environment its behavior through di�erent
actions. The contract keeps a check on the agent's behavior and can also
demand for the actions to be achieved by agent [11, 73].

According to Back et al. [11], programming constructs, such as condi-
tional statements, iteration and recursion can be illustrated as contracts.
Two main ingredients for this are the concept of assertion and assumption.
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An assertion is a logical condition which needs to be satis�ed in a particu-
lar state of the contract. If it is, then the agent proceeds to complete the
contract. In contrast to that, the contract is breached if the assertion is not
satis�ed. An assumption is also a logical condition, which states what needs
to hold for the contract to continue its execution. For instance when making
a contract between two parties, each party makes assumptions about the
other party in the contract.

Stepwise re�nement is one of the central methods for deriving correct
sequential programs, guaranteing that the derivation of a program satis�es
its original speci�cation. The speci�cation of the program requirements lies
at the core of stepwise re�nement and guides the implementation of the
program. During the development process, the implementation consists of
various implementation statements: these may correspond to just part of the
speci�cation. The speci�cation elements not covered by an implementation
statement can be implemented by other program statements. This proce-
dure carries on until the entire set of speci�cations elements is covered by the
implementation and as a result, an executable program has been obtained.
Therefore, this classic stepwise re�nement approach advances in a top down
style and this top down approach is associated with idea of program trans-
formation. A program will change by undergoing a certain transformation
and these changes will be applied to the program in such a way that they
preserve the correctness of the original program. For more details about
stepwise re�nement, one can read [11, 73].

3.2 Formal methods for biological systems

When modelling a biological phenomenon, di�erent teams [15] make use of
di�erent semantics and formalisms at di�erent abstraction levels. From a
technological point of view, they use very di�erent software/hardware so-
lutions and protocols. High diversity in methods and approaches usually
hinders inter-team collaboration, while building comprehensive models and
their software implementations. Moreover, the development and implemen-
tation of a computational model is error-prone especially in the case of bio-
logical systems, mainly due to their complexity. To ensure the correctness of
the implementations in computational biomodelling, researchers often em-
ploy formal veri�cation. Formal methods are an excellent way to store and
share knowledge on biological systems, and to reason about them [21]. Tra-
ditionally biological systems were examined by the biologists in the form of
wet-lab experiments [80, 69]. These experiments take very long time and
are quite laborious tasks. In addition, these experiments do not ensure ac-
curate results as they cannot accurately characterize the complex biological
processes in the experimental setting. In comparison, in silico experiments
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(computer-based experiments) are much faster and typically take very little
time. Also, computer-based experiments have shown very promising results
in the systems biology domain [97, 21]. Recent research has shown that the
methods borrowed from computer science have great success in biology and
can further help to study various problems of biology [15]. For example,
computational models and techniques which were previously available only
in computer science to evaluate the accuracy and security of a program are
now playing an ever increasing role in the area of systems biology [15, 87].
From this perspective the biological model is designed in such a way that it
corresponds to a computer program. Formalisms such as process algebras
and Petri nets o�er alternative methods of building computational systems
biology models [86, 25].

In recent years there has been an increasing interest in the application of
process algebras for the modeling and the analysis of biological systems [86,
36, 27]. Process algebras have some features that make them particularly
bene�cial in describing biological systems. The expressive power of process
algebras allows formal representation of the system avoiding ambiguity. They
also provide the facility of describing the whole system starting from the
description of its subcomponents. Another signi�cant quality of process
algebras for systems biology is that biological systems can be reasoned as
concurrent reactive systems. Biological species may be seen as processes
interacting with each other and reactions may be modeled using actions.
Moreover, process algebras usually allow formal reasoning about equivalences
among processes. Important examples of process algebras in computational
systems biology are Bio-PEPA [27], κ-calculus [35], Beta-Binders\BlenX [36],
π-calculus [72] and BioShape [14].

Petri nets are useful to model and analyse the biological systems [25].
In Petri nets, the basic idea is to describe state changes in a system with
transitions. The four main components of a general Petri nets are places,
transitions, arcs and token. Places are passive nodes which refers to the
conditions or states for a reaction to occur. In a biological context, places
may refer to species, organisms, proteins or molecules. Transitions are active
nodes which symbolise actions via activities in a network, system events and
state changes. In a biological context, transitions represent: molecular inter-
actions, or chemical reactions. A place may contain an arbitrary number of
tokens, represented as a natural number. Tokens are consumed and produced
by transitions. In biological systems tokens represent a discrete number of
species such as proteins, icons and molecules. Arcs specify the causal re-
lationships between transitions and places and indicate how the marking is
changed by �ring of a transition. This modeling framework was introduced
in 1962 [84] to describe chemical processes. Since then it has been used in the
�eld of computer science to specify and analyze concurrent and distributed
systems. This graphical modeling style is quite popular among computa-
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tional system biologists [18, 30, 66]. The tokens are used to represent the
number of individual molecules of the species involved. Important Petri net
tools available for computational biomodelling are GreatSPN [7, 76], MAR-
CIE [52], Snoopy [51] and Pathway Logic Assistant [94].

In the past, rule-based modeling has also gained a lot of attention among
biologists as it uses the notation of chemical reaction equations, which rep-
resent a natural choice of syntax to model biological systems [70]. A key
feature of this approach is the use of rules to represent interactions. Rules
are natural unit of model building and modi�cation and they are used to
represent biochemical reactions. One individual rule can encode numerous
reactions. Moreover, the simple syntax of rule-based model can be stored as
a readable text and then one can edit it or visualize it with the help of graph-
ical illustration. Rule-based models can also be translated to other compu-
tational models with the purpose of qualitative understanding or providing
a quantitative prediction of the system's emergent dynamics. Rule-based
modeling languages and tools such as BIOCHAM [24], BioNetGen [33] and
Kappa [28, 39] are intensively used by systems biologists.

3.3 Modeling and re�nement of biological systems

Model re�nement is very critical for the growth of model cycle. It is not
straightforward to make changes to an already �t model by integrating new
components within the model, adding reactions and/or species to the model
while keeping the alteration of it to remain �t. It is very common that the
newly attained model will have more components as compared to the model
it was re�ned from. Parameter estimation is computationally intensive even
for small models so it is not practical resource-wise to restart it with every
new model extension. An alternative to the re-assessment of the entire set
of parameters of the newly obtained model is an iterative approach based
on re�nement. This is the main focus of this thesis. This kind of method
guarantees the quantitative model �t preservation at every single phase of
the model development and it is called quantitative model re�nement. For
more detail about quantitative model re�nement, we refer to [34, 77, 74].

Modeling of naturally complex biological systems can often be done at
di�erent levels of detail [99]. More precisely, a system event in a models
may correspond to a more complex network of events in the lower levels of
the model. The choice for re�nement levels depends on the nature of the
system itself and also, on the capability of the tool used for the analysis
of the system. A biological system could be a collection of various cellular
compartments. Therefore, in the last decade or so, formal analysis of the
biological systems has become remarkably signi�cant and as a result design-
ing biological systems has taken the shape of a computer program. Formal
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analysis techniques which were developed for distributed systems now are
being used in systems biology, see [15, 97, 21]. Formal analysis reduces the
number of costly experiments and also proves very signi�cant for the vali-
dation of experimental results. Such is their growth that has presented new
directions for the analysis of biological systems and has changed the future
directions of research in this �eld.

Building a large system through a systematic, step-by-step re�nement of
an initial abstract speci�cation is a well-established technique in software en-
gineering, not yet much explored in the area of computational biomodelling.
In the case of computational biomodelling, one starts from an abstract, high-
level model of a biological system and aims to add more and more details
about its reactants and/or reactions, through a number of consecutive re-
�nement steps. The re�nement should be done in a quantitatively correct
way, so that (some of) the numerical properties of the model (such as its
experimental �t) are preserved.

In this thesis we use Event-B for modeling biological systems. Event-
B [5] is a formal method that provides a framework for the stepwise building
of a model. The key feature of Event-B is having re�nement as the central
part of the modeling. Re�nement in Event-B allows to have an explicit rela-
tion between the abstract and the re�ned models through gluing invariants.
With the help of gluing invariants, one can easily trace how the changes
in one re�nement level have e�ect on other re�nement levels of the model,
see [5]. Other classical approaches such as Petri nets, guarded command
languages, continuous time Markov chain or re�ning models based on or-
dinary di�erential equations demands the building of independent models
and independent relation between them [47]. As a result, these approaches
o�er a heterogeneous collection of models instead of hierarchy of models as
in Event-B.

3.4 Discussion

In this section we shortly review bene�ts and limitations of formal methods.
In general, the main bene�t of using formal methods is that the concepts

from logic and discrete mathematics provide e�ective mental tools for or-
ganising our thinking about computer systems and for communicating our
thoughts to others [49, 85]. Formal methods can mathematically prove cer-
tain properties of models and provide a measure of correctness of a system.
The most e�ective use of formal methods is that they should be applied at
an early stage to detect and eliminate design defects. It is advantageous
to write a speci�cation formally instead of writing an informal speci�cation
and then translating it. The use of formal methods provides a measure of
the correctness of a system, guarantees the correct building of models and
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reduces the errors that occur during or after coding, see [49, 43].
We note here that, despite clear bene�ts, it is still rather challenging

to apply formal methods to highly complex systems. The major di�culty
consists in the size of the system, i.e., it becomes excessively demanding to
deal with all the states of the system. Formal methods have been applied
in various �elds, including software engineering, computational biology, se-
curity, mechanical designing and a lot others. However, given a problem
from an arbitrary �eld, it is a tough challenge to �nd a modelling technique
and a property speci�cation suitable for the given problem, see [43, 65].
This thesis is an example of the conceptual and technical problems one has
to clarify when adapting a formal method technique (in our case Event-B-
based re�nement) to a new application domain, and of the proof-of-concept
and scalability demonstrations that must accompany such proposals.
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Chapter 4

Event-B

Event-B [5] is a formal method used for the stepwise development of models.
It combines the concept from the Action Systems [8] and the B-Method [4].
As tool support, the Rodin platform [6] provides for automated modeling
and veri�cation.

Event-B is a system-level modeling language based on �rst-order logic
and set theory. Event-B models a system as a chain of re�nements, which
allow to build the system in a gradual manner. Event-B modeling starts
with an abstract model which is continuously re�ned to add more details
until the system speci�cation is completed. Event-B models consists of two
parts: contexts and machines. Contexts store the static part of the model
and machines model the dynamic part of the model. In the context part
of the model we de�ne carrier sets, axioms, constants and theorems. In
machines, we specify behavioural properties of the system, via variables,
invariants and events. Machines can be re�ned and may see one or more
contexts, while contexts can also be extended. These techniques enable a
user to model a system and then add more details subsequently. A general
representation of an Event-B machine and context is shown in Fig. 4.1.

Machine M
Variables v
Invariants I
Events

Initialization
event1
event2
...
eventN

Sees−−→
Context C
Constants c
Sets d
Axioms A

Figure 4.1: General representation of machine M and context C in Event-B
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4.1 The Event-B language

Event-B is a state-based formal method, where the state of the system is
de�ned using variables. The types of variables and other relevant properties
that should be preserved during system execution are de�ned as invariants.
The dynamic behaviour of the system is de�ned by events. The initial system
state is de�ned with the help of a dedicated event called initialisation event.
An event can have a guard which is a conjunction of predicates over the model
variables and it speci�es the enabling condition of the event. When the guard
is true, the event is enabled. If more than one events are enabled at the same
time then any of them can be chosen for execution non-deterministically. A
deadlock state happens if none of the events are enabled. An event can also
have an action which is a composition of assignments executed simultane-
ously. The action describes how the state variables evolve when the event
happens.

A key feature of Event-B is its support for formal re�nement, which
allows the modeler to start from abstract speci�cations of a system and
gradually add details such as adding new events and variables. In Event-
B, the re�nement is a procedure of transforming an abstract model into a
more comprehensive model via stepwise transformations, while preserving
its correctness along the way. There are two types of re�nement in Event-B
modeling: superposition re�nement and data re�nement. In superposition
re�nement [10, 62], we re�ne the model by adding new variables and events
to the existing model. To preserve a validity of a re�nement step, newly
added events must not contradict nor take over previous events in any of
the proceeding models. Re�nements in Event-B are thought of keeping the
state changes in previous models. Thus, if we have two models, M0 and
M1, so that M0vM1, M1 should follow the same state changes as M0, and
possibly add more state changes. Moreover, re�nements ensure that new
events terminate, thus not taking over the control over executing events. In
data re�nement [9], we replace some abstract variables with more concrete
ones. In such a re�nement, we need to add a special invariant called glu-
ing invariant which describe the relationship between abstract and concrete
variables.

Event-B has numerous applications in many �elds. For example re�ne-
ment in Event-B was used to model protocols for �le transfer and bounded
retransmission, to model control systems, concurrency, electronic circuits,
network synchronisation, leader election algorithms, etc [5]. Re�nement
models have also been developed for smart cash card systems [23], vehi-
cle platoons [67], topology discovery in graphs [53], self-recovery in sensor-
actor networks [60], spacecraft systems [90], coordination in peer-to-peer
networks [83], smart grid recoverability [58], proactive routing in wireless
networks [61], managing linear temporal logic properties [54] etc.
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Event-B has as tool support the Rodin platform [6]. The Rodin platform
is based on Eclipse and it allows to edit the model, proving properties of the
model, animating the model and even allows model checking. Both modeling
and proving with Event-B are using several proof engines to automatically
prove the di�erent properties of the model. If some properties cannot be
discharged automatically, then those properties can be discharged interac-
tively by the modeler. The fact that some properties are not discharged
automatically shows that there might be some problem with some modeling
aspect of the system. The modeler then has a chance to edit the model to
address the issue. Such interleaving between modeling and proving is an
important aspect of working with the Rodin platform and is quite similar to
the compilation of programs [6].

Event-B provides an excellent platform to build large biological mod-
els, due to the central feature of re�nement: this simpli�es the concept of
biomodel re�nement. In this thesis our aim is to build Event-B models for
metabolic networks. Metabolic networks can be seen as sets of biochemical
reactions, where each reaction speci�es its reactants, products, and possibly
inhibitors and catalyzers and reactions may be reversible or irreversible [16].

4.2 A general scheme to build an Event-B model
for a reaction network

Here we present a general scheme to build an Event-B model for a chemical
reaction network, based on [92], each reaction speci�es its reactants and
products, see [64]; reactions may be reversible or irreversible. Each reaction
has an associated �ux, describing the rate at which its products are produced
and its reactants consumed. The �ux may be speci�ed as a function of the
level of the reactants in many di�erent ways, e.g., by choosing an appropriate
chemical kinetic law, see, e.g., [64]. Following the notation of [46], we denote
by S = {X1, . . . ,Xn} the set of reactants in the metabolic network. A
reaction can be described as a rewriting rule of the form

r : m1X1 +m2X2 + ...+mnXn → m ′
1X1 +m ′

2X2 + ...+m ′
nXn , (R)

where m1, ...,mn ,m ′
1, ...,m

′
n ∈ N (the set of non-negative integers). For the

sake of generality, we consider here this abstract form of a reaction; in prac-
tice, chemical kinetics indicates that feasible non-enzymatic reactions are at
most binary, i.e., m1 + ...+mn ≤ 2, see [78].

To build an Event-B model for a given metabolic network, we choose as
the set of variables of the model the set of reactants of the reaction network:
{X1,X2, ...,Xn}. For each variable, we introduce an invariant specifying its
type being a non-negative integer; this re�ects our choice of working with a
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Table 4.1: The general form of an Event-B model for a chemical reaction
network.

VARIABLES

X1,X2, ...,Xn

INVARIANTS

@inv1 X1 ∈ N
@inv2 X2 ∈ N
. . .
@invn Xn ∈ N

AXIOMS

@axm1 init1 = ...
@axm2 init2 = ...
. . .
@axmn initn = ...

INITIALISATION

THEN

@act1 X1 = init1
@act2 X2 = init2
. . .
@actn Xn = initn

Event r

WHERE

@grd1 X1 ≥ m1

@grd2 X2 ≥ m2

. . .
@grdn Xn ≥ mn

THEN

@act1 X1 := X1+(m ′
1−m1)

@act2 X2 := X2+(m ′
2−m2)

. . .
@actn Xn := Xn+(m ′

n−mn)
END

discrete, rather than continuous, representation of the level of each species.
Other invariants may also be introduced, depending on speci�c knowledge
about the model, e.g., mass-conservation relations.

An initialisation event will set the initial values of all the variables, cor-
responding to their initial value in the metabolic network.

Each reaction r of the metabolic network will be modelled in Event-
B through an event specifying in its guard that there must be enough of
each reactant in order for the reaction to be enabled. Using the notation in
reaction (R) above, the guards will specify that Xi ≥ mi , for all 1 ≤ i ≤ m,
see Table 4.1. The actions of the event will specify the change in the value of
each variable. Given the intended semantic of reaction r that the left-hand
speci�es how much of each species is consumed and the right-hand how much
is produced, the change in variable Xi will be m ′

i
−mi , for all 1 ≤ i ≤ n.

The general form of an Event-B model corresponding to a reaction net-
work as described by reaction (R) is shown in Table 4.1. The initial values
init1, . . . , initn of the reactants X1, . . . ,Xn are constants de�ned in the con-
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text.
Next, we present how to build an Event-B model for the following two

reactions:

2 ∗monomer → dimer ;
dimer → 2 ∗monomer

There will be two events corresponding to these two reactions. In these
events monomer represented by m and dimer represented by d are taken as
variables and for each variable, we introduce an invariant specifying its type
being a non-negative integer. The invariant m+2∗d = constant makes sure
that total amount of these variables remains conserved. All these variables
and invariants are shown in Table 4.2. An Event-B presentation of these two
events is shown in Table 4.3.

Table 4.2: Variables and Invariants

Variables

m, d
Invariants

m ∈ N
d ∈ N
m + 2 ∗ d = constant

Table 4.3: Two events modeling the two reactions

Event1 Event2

WHERE WHERE

@grd1 m ≥ 2 @grd1 d ≥ 1
THEN THEN

@act1 m := m − 2 @act1 d := d − 1
@act2 d := d + 1 @act2 m := m + 1

END END

4.3 Re�nement-based modeling

Re�nement is at the core of our approach. The idea is to add details to a
model step by step by specifying more of its variables and events. Event-B
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A B C D

A

A1

...

αi,j,k,l

∀ 1 ≤ 𝑖 ≤ 𝑚 ∀ 1 ≤ 𝑗 ≤ 𝑚 ∀ 1 ≤ 𝑘 ≤ 𝑚 ∀ 1 ≤ 𝑙 ≤ 𝑚

Ai Bj Ck
Dl

𝐴 𝑡 = 𝐴1 𝑡 + 𝐴2 𝑡 + ⋯+ 𝐴𝑚(𝑡)
𝐵 𝑡 = 𝐵1 𝑡 + 𝐵2 𝑡 + ⋯+ 𝐵𝑛 𝑡
𝐶 𝑡 = 𝐶1 𝑡 + 𝐶2 𝑡 + ⋯+ 𝐶𝑜(𝑡)
𝐷 𝑡 = 𝐷1 𝑡 + 𝐷2 𝑡 + ⋯+ 𝐷𝑝(𝑡)

Am

B

B1

...

Bn

C

C1

...

Ck

D

D1

...

Dl

B
a

si
c 

M
o

d
el

R
ef

in
em

en
t

R
ef

in
ed

 M
o

d
el

R
ef

in
em

en
t 

C
o

n
st

ra
in

ts
α

R
es

u
lt

The experimental fit of the basic model is preserved throughout the refinement

Figure 4.2: Complete re�nement strategy

is very useful in o�ering a framework to specify the re�nement in, and to
verify that the new model is a correct re�nement of the abstract model.

We explain our re�nement strategy in the Figure 4.2. In this �gure, we
have shown how the variables of the basic model are re�ned and conditions
are speci�ed to build the re�ned model. It is also shown how the re�nement
of the variables is extended to a re�nement of all the reactions of the model.
The quantitative setup of the model is set in such a way that its experimental
�t is preserved.

Continuing the example in the previous section, we re�ne monomer into
its two forms i.e., m → {m′,m′′} then we will have six new events in the
re�ned model. We discuss re�nement of one of the reactions (i.e., reaction:
2 ∗ monomer → dimer) here. The corresponding event for this reaction
in Event-B will be replaced by three new events. We will also introduce a
gluing invariant given as m = m′+m′′. This gluing invariant keeps a relation
between variables to be re�ned of the old model with its re�ned version in
the new model. In this re�nement m will be replaced by m′ and m′′ and
the event Event1 of Table 4.3 will be replaced with three new events. In
the original event two monomers get consumed (i.e., m ≥ 2), in the re�ned
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model either two m′ get consumed or one m′ and one m′′ get consumed or
two m′′ get consumed. The re�ned events are shown in Table 4.4.

Table 4.4: Re�nement of event Event1 of Table 4.3.

Event1 Ref-i Event1 Ref-iii

WHERE WHERE

@grd1 m′ ≥ 2 @grd1 m′′ ≥ 2
THEN THEN

@act1 m′ := m′ − 2 @act1 m′′ := m′′ − 2
@act2 d := d + 1 @act2 d := d + 1

END END

Event1 Ref-ii

WHERE

@grd1 m′ ≥ 1 ∧m′′ ≥ 1
THEN

@act1 m′ := m′ − 1
@act2 m′′ := m′′ − 1
@act3 d := d + 1

END

As another, more complex example, let's take a variable ErbB (from
the case-study discussed in more details in Chapter 5, Section 5.2.) and
consider its re�nement ErbB → {ErbB 1,ErbB 2,ErbB 3,ErbB 4}, see Fig-
ure 4.3(i). Let's also consider the re�nement of the variable EGF i.e., EGF→
{EGF,HRG}, see Figure 4.3(ii). All the parent species remain unchanged, as
indicated in Figure 4.3(iii). In the second re�nement step, we extend the ba-
sic re�nement to a re�nement of complexes such as a dimer S :EGFR is re�ned
to {S :ErbB 1, S :ErbB 2, S :ErbB 3, S :ErbB 4} and another dimer S :EGF is
re�ned to {S :EGF, S :HRG}. This re�nement step is illustrated in Figure 4.4.
Figure 4.5 reveal that how the basic re�nement is extended to a re�nement of
the complex EGF-EGFR to {EGF-ErbB1, EGF-ErbB2, EGF-ErbB3, EGF-ErbB4,
HRG-ErbB1,HRG-ErbB2, HRG-ErbB3, HRG-ErbB4}. In the next step, the re-
�nement of the complex EGF-EGFR is extended to a re�nement of the dimer
(EGF-EGFR)2 as represented in Figure 4.6. In all the Figures, from 4.3
to 4.6, with ovals we indicate the variables from the basic model, and with
clouds the variables from the re�ned model. The arrows indicate the variable
re�nements.
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(i) (ii)

(iii)

Figure 4.3: The basic re�nement.

(i)

(ii)

Figure 4.4: The basic re�nement is extended to a re�nement of complexes.
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Figure 4.5: Re�nement of the complex EGF-EGFR.

Figure 4.6: Re�nement of the dimer (EGF-EGFR)2.
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Chapter 5

Case Studies

5.1 The heat shock response

The heat shock response refers to a set of regulated responses to stress in the
cell. It produces a group of proteins known as the heat shock proteins (hsp)
which protect the cell by helping it survive under elevated temperatures (and
other types of shocks, e.g., oxidative stress or exposure to heavy metals). An
appropriate environment is very important for protein folding as proteins
can unfold, misfold or aggregate due to the elevated temperature, that may
eventually results to cell death.

5.1.1 The initial and re�ned model for the heat shock re-

sponse

We discuss the basic model for the eukaryotic heat shock response presented
in [82]. It is known that the core of the heat-shock response is the activation
of the transcription factor for heat shock, known as the heat-shock factor
(hsf), leading to the production of heat-shock proteins (hsp), which act as
molecular chaperons for the misfolded proteins (mfp), by forming hsp:mfp
complexes and facilitating the refolding of mfp back to prot. Heat shock
factors can be in a monomeric con�guration due to elevated temperatures
and as a result, much of the cell's heat shock proteins (hsp) are in the inactive
state as hsp: hsf complexes. Once the temperature is raised, proteins (prot)
start misfolding and as a result the hsp: hsf complexes breaks down. Once
heat shock factor (hsf) is released, heat shock factor dimers (hsf2) and trimers
(hsf3) are formed, which results in a DNA-binding competent state. The
complete list of molecular reactions can be found in Table 5.1.

We also discuss the acetylation of hsf and its e�ect on the heat shock
response. In our re�ned version of the heat shock model, we analyze two
types of hsf: one having the K80 residue acetylated and the other having it
not acetylated. Similarly, we re�ne the hsp: hsf complex into its two versions.
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Table 5.1: The molecular model for the eukaryotic heat shock response pro-
posed in [82].

2 hsf � hsf2 hsp+ hsf3 → hsp: hsf +2 hsf
hsf + hsf2 � hsf3 hsp+ hsf3: hse→ hsp: hsf +2 hsf + hse

hsf3+ hse � hsf3: hse hsp→ ∅
hsf3: hse→ hsf3: hse+ hsp prot→ mfp

hsp+ hsf � hsp: hsf hsp+mfp � hsp:mfp
hsp+ hsf2 → hsp: hsf + hsf hsp:mfp→ hsp+ prot

For other versions of hsf such as hsf2, hsf3, hsf3: hse, re�nement is performed
counting the number of hsf constituents of the complex that have the K80
residue acetylated [31].

5.1.2 Event-B model for the heat shock response

In this section we present the Event-B model for the heat shock response.
The model is built in 6 di�erent stages corresponding to how the re�nement
is introduced.

5.1.3 The initial model

The initial model we built is the corresponding Event-B model of the heat
shock response model presented in Table 5.1. This model consists of a con-
text and a machine. Constants and model assumptions are de�ned in the
context, while all the model variables, invariants and events are presented in
the machine part. For each species in Table 5.1, a variable is introduced and
a data type is assigned to these variables as invariants. We have one event
for each reaction of Table 5.1 and split its reversible reactions into its irre-
versible left-to-right and right-to left directions. We discuss here two of the
events, while the whole model can be downloaded at [92]. The two events we
discuss here are: Trimerization Forward and Trimerization Reverse.
Both of these events are presented in Table 5.3. Event Trimerization For-

ward shows that both hsf and hsf2 get consumed (@act1-2) while hsf3 is
produced (@act3). The guard of the event ensures that it has enough of
both hsf and hsf2 to get consumed (@grd1). Similarly, event Trimeriza-
tion Reverse demonstrates that hsf3 get consumed (@act1) while hsf and
hsf2 are produced (@act2-3). The guard ensures that it has enough of hsf3
to get consumed (@grd1).

We have three extra invariants in our model, analogous to the mass-
conservation relations for the heat shock factors, for the heat shock elements
and for the proteins. They cover all variables of the model, excluding hsp,
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Table 5.2: Three extra invariants analogous to the mass-conservation rela-
tions for the heat shock factors.

Extra Invariants

@inv-11 hsf +2 hsf2+3 hsf3+3 hsf3: hse+ hsp: hsf = totalhsf
@inv-12 prot+mfp+ hsp:mfp = totalprot
@inv-13 hse+ hsf3: hse = totalhse

whose synthesis and degradation are included in the model as shown in Table
5.2. Invariant @inv-11 expresses that the total amount of hsf remains con-
stant. Since hsf can be present as a dimer hsf2, and the dimer was formed
through two instances of hsf, variable hsf2 has coe�cient 2 in the invari-
ant. Similarly, since the trimers hsf3 and hsf3: hse were formed from three
instances of hsf, these variables have coe�cient 3 in the invariant. Invariant
@inv-12 expresses that the total amount of proteins remains unchanged,
but the balance between the three subtypes of proteins in our model, prot,
mfp, and hsp:mfp, can change. Invariant @inv-13 is similar: it expresses
that the total amount of hse (in its two forms, hse and hsf3: hse) is constant.

The numerical value of the constants totalhsf, totalprot, and totalhse, is
based on the initial value of the variables of the model. We have three axioms
in the context for these constants as given below: The numerical value of
the constants totalhsf, totalprot, and totalhse, is based on the initial value of
the variables of the model. We have three axioms in the context for these
constants as given below:

(i) @axm1: totalhsf = 1409,

(ii) @axm2: totalprot = 10570,

(iii) @axm3: totalhse = 33.

Our initial model contains 17 events (in addition to the obligatory ini-
tialisation event) representing the 17 irreversible reactions of the heat shock
response model presented in [82].

5.1.4 The re�ned models

Once the basic model is constructed, we introduce re�nement for all com-
pounds of Table 5.1 comprising hsf in such a way that the re�ned model
includes two subtypes of hsf. One of this type will have the K80 residue
acetylated and the other having it not acetylated. So the species hsp : hsf
given in the initial model will also be re�ned into two subspecies. For species
hsf2, hsf3 and hsf3 : hse the re�nement is performed counting the number of
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Table 5.3: Two events modeling the forward and reverse trimerization of the
heat shock factors.

Trimerization Forward Trimerization Reverse

WHERE WHERE

@grd1 hsf ≥ 1 ∧ hsf2 ≥ 1 @grd1 hsf3 ≥ 1
THEN THEN

@act1 hsf := hsf −1 @act1 hsf3 := hsf3−1
@act2 hsf2 := hsf2−1 @act2 hsf := hsf +1
@act3 hsf3 := hsf3+1 @act3 hsf2 := hsf2+1

END END

Table 5.4: The (biological) transformations made to all compounds compris-
ing hsf.

Transformations of the heat shock factors

(i) hsf → {rhsf(0), rhsf(1)}
(ii) hsf2 → {rhsf(0)2

, rhsf
(1)
2
, rhsf

(2)
2
}

(iii) hsf3 → {rhsf(0)3
, rhsf

(1)
3
, rhsf

(2)
3
, rhsf

(3)
3
}

(iv) hsf3: hse→ {rhsf(0)3
: hse, rhsf

(1)
3

: hse, rhsf
(2)
3

: hse, rhsf
(3)
3

: hse}
(v) hsp: hsf → {hsp: rhsf(0), hsp: rhsf(1)}

hsf monomers of the complex that have the K80 residue acetylated. The
(biological) transformations made are given in Table 5.4.

After performing the above re�nement steps the original model of the
heat shock response expands from 17 irreversible reactions to 57 irreversible
reactions in 5 successive re�nement steps. In each re�nement step we in-
troduce a gluing invariant which builds the relationship between variables
of the old model and the re�ned model. So we have 5 gluing invariants
corresponding to the transformations (i)-(v) shown in Table 5.5.

In each re�nement step, we replace the events involving the variable-to-
be-re�ned with the new events which contains the new versions of the vari-
ables. For example in the �rst re�nement step, variable hsf is replaced with
two new variables rhsf(0) and rhsf(1) ("re�ned hsf" or rhsf in short ). Variable
rhsf(0) represents the hsf molecules having the K80 residue non-acetylated.
Variable rhsf(1) represents the hsf molecules with the K80 residue acetylated.
As a result of this, �rst we will replace hsf with rhsf(0) and then hsf with
rhsf(1) in eventTrimerization Forward. As a process of this re�nement, we
will get two new events, named Trimerization Forward-i.1 and Trimer-
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Table 5.5: Gluing invariants describing the relation between old model and
re�nded model.

Gluing Invariants

@inv-i hsf = rhsf(0)+ rhsf(1)

@inv-ii hsf2 = rhsf
(0)
2

+ rhsf
(1)
2

+ rhsf
(2)
2

@inv-iii hsf3 = rhsf
(0)
3

+ rhsf
(1)
3

+ rhsf
(2)
3

+ rhsf
(3)
3

@inv-iv hsf3: hse = rhsf
(0)
3

: hse+ rhsf
(1)
3

: hse+ rhsf
(2)
3

: hse+ rhsf
(3)
3

: hse

@inv-v hsp: hsf = hsp: rhsf(0)+ hsp: rhsf(1)

Table 5.6: Re�nement step (i): the events modeling the formation of hsf3
after the re�nement of hsf.

Trimerization Forward-i.1 Trimerization Forward-i.2

WHERE WHERE

@grd1 rhsf(0) ≥ 1 ∧ hsf2 ≥ 1 @grd1 rhsf(1) ≥ 1 ∧ hsf2 ≥ 1
THEN THEN

@act1 rhsf(0) := rhsf(0)−1 @act1 rhsf(1) := rhsf(1)−1
@act2 hsf2 := hsf2−1 @act2 hsf2 := hsf2−1
@act3 hsf3 := hsf3+1 @act3 hsf3 := hsf3+1

END END

Table 5.7: Re�nement step (i): the events modeling the formation of hsf3
after the re�nement of hsf.

Trimerization Reverse-i.1 Trimerization Reverse-i.2

WHERE WHERE

@grd1 hsf3 ≥ 1 @grd1 hsf3 ≥ 1
THEN THEN

@act1 hsf3 := hsf3−1 @act1 hsf3 := hsf3−1
@act2 rhsf(0) := rhsf(0)+1 @act2 rhsf(1) := rhsf(1)+1
@act3 hsf2 := hsf2+1 @act3 hsf2 := hsf2+1

END END
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ization Forward-i.2 and given in Table 5.6. Similarly for the re�nement of
event Trimerization Reverse, we will get two new events Trimerization
Reverse-i.1 and Trimerization Reverse-i.2. These events are present in
Table 5.7.

We have used a similar modeling strategy to re�ne the other species of
hsf in four di�erent re�nement steps. As a result of it, our initial model
of Table 5.1 has expanded from 10 variables and 17 events to 30 variables
and 57 events. Most of the proof obligations related to all these events were
automatically discharged by Rodin. The complete set of proof statistics
regarding the heat shock response model is illustrated in Table 5.8. The
complete re�ned Rodin model for the heat shock response is available at [92].

Element Name Total Auto Manual

HSR Model 492 487 5

Basic Model 59 59 0

Refinement_1 71 70 1

Refinement_2 78 76 2

Refinement_3 96 95 1

Refinement_4 60 60 0

Refinement_5 128 127 1

Table 5.8: Proof statistics for the heat shock response model.

To the best of our knowledge, this was the �rst time Event-B was used
for the modeling of biological systems. A key advantage of using Event-B is
the model re�nement which is central to Event-B and also being widely used
to build large biomodels, see [75]. Re�nement can be done using other ap-
proaches such as ODE-based modeling [59], rule-based modeling [32], Petri
net modeling [48] and guarded command language modeling [47] but there
are stark di�erences between them regarding how the re�ned model is con-
structed. In these four approaches, the basic and re�ned model can only be
connected through explicit constraints which the modeler herself writes and
checks to make sure that model is re�ned correctly. In comparison, Event-B
provides the facility to connect basic and re�ned models implicitly through
gluing invariants. This is an important advantage which Event-B presents
as comparison to other four approaches.
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The key challenge we faced in this case study was how to re�ne our basic
model. Our basic model was re�ned through �ve successive data re�nements
to its �nal form. In our re�nement process, we have to decide how to re-
�ne each event i.e how to replace a variable in its re�ned versions. In our
case these decisions were based on our careful notations of the variables for
example, explicitly specifying the presence of hsf in each complex.

5.2 The ErbB signalling pathway

The ErbB signalling pathway is an evolutionary pathway which plays an
important role during the growth and development of organs including the
heart and the central nervous system [79, 17, 26]. The ErbB network include
a number of cellular ligands, four receptor tyrosine kinases: ErbB1 (EGFR),
ErbB2 (HER2), ErbB3, ErbB4, cytoplasmic adaptors, sca�olds and enzymes,
see [17]. ErbB receptors are typical cell membrane receptor tyrosine kinases
that are activated following ligand binding and receptor dimerization. After
the homo- and heter-dimerization process, the receptors bind to multiple lig-
ands which leads to the activation of the downstream Ras /Raf /MEK /ERK
cascades.

5.2.1 The initial and re�ned model for the ErbB signalling

pathway

We discuss in this section brie�y the ErbB model of [57] and its strategy
(implicitly based on re�nement) to extend the model with more details. We
discuss the formalization of this model in Event-B in Section 5.2.2.

The initial model of the ErbB signalling pathway presented in [57] consists
of 148 reactions, 103 reactants and 90 kinetic rate constants. This model is
a revised version of the two earlier models presented in [63] and [93]. The
binding of epidermal growth factor (EGF) and epidermal growth factor re-
ceptor (EGFR) induces the dimerization of EGFR and, therefore, an accel-
erated auto-phosphorylation of its intracellular domain. Signal propagation
is brought by auto-phosphorylation through two di�erent pathways namely
the Shc-dependent and Shc-independent pathways. These pathways enforce
the activation of the Ras-GTP protein. The Shc-dependent pathway begins
with the binding of Shc to the autophosphorylated, ligand-bound receptor
and it gets promoted by binding with the growth factor receptor binding
protein 2, Grb2. The Shc-independent pathway involves the binding of the
Grb2 protein. Both the Shc-dependent and Shc-independent pathways in-
duce the recruitment of Sos to the membrane. The protein Ras binds to
the membrane and the association of Sos with Ras promotes the forming of
Ras-GTP. The activated Ras-GTP generates the mitogen activated protein
kinase (MAPK) cascade through the Raf, MEK and ERK kinases, see [93].
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All species in [57] consisting of EGFR and EGF are re�ned. The data
re�nement is summarised below:

EGFR→ {ErbB1,ErbB2,ErbB3,ErbB4};
EGF→ {EGF,HRG}.

5.2.2 Event-B model for the ErbB signalling pathway

The basic model for the ErbB signalling pathway consists of 148 reactions
and 103 reactants. Building such a large model is quite di�cult and an
error-prone task when introducing new variables and parameters. So the
formal method support can be helpful to guarantee that the model is built
in a correct way, in the sense of having all its invariant properties satis�ed.
For this, we provided Event-B/Rodin support to check the consistency of
the basic model. Rodin platform has a powerful logic-based engine to verify
on-the-�y the consistency of each reaction, which has helped us to do our
task. Event-B has a feature that asks each event to have a guard for the
enabling of event so that the outcome of that event is activated. In the
Rodin platform we have used these properties of Event-B for our case study.
In our case, we have guards which ensure that there must be enough of each
reactant in order for the reaction to be enabled and actions that speci�es the
changes occurring in the value of each variable. In case there is some error
in writing the name of variable or specifying its value it will be indicated
immediately and the modeler can �x it right away. This tool has helped
us to make sure that the initial model is built in a consistent way. Two of
the events of this model are shown in Table 5.9 while the complete Event-B
model can be downloaded at [1]. All the proof obligations related to these
events were automatically discharged and these proof obligations serve us as
a proof of a consistent construction of our model.

The importance of ensuring the consistency of such a large model as ErbB
signalling modeling lies in the fact that small errors in the variable names or
in the stoichiometric coe�cients are often only indicated by standard soft-
wares such as COPASI [56]after the model is fully implemented. It becomes
very di�cult to trace the source of error in such cases. Event-B was helpful
to check the consistency of such a large model. In Event-B, any error in
writing a variable name and/or a stoichiometric coe�cient is indicated im-
mediately and so one can easily trace the source of the error and can correct
it.

The re�ned model of ErbB signalling is quite large as it consists of 421
species and 928 reactions. In fact, even the basic model of ErbB signalling
turned out to be larger than all the models ever built with Rodin. Techni-
cally, it was too di�cult for Rodin platform to deal with re�ned model of
ErbB signalling. The re�nement part of the model was completed based on
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quantitative model re�nement and it was implemented in COPASI [56].

Table 5.9: Two events of the ErbB signaling pathway model

Rec1f

WHERE

@grd1 EGF-EGFR ≥ 2
THEN

@act1 EGF-EGFR := EGF-EGFR−2
@act2 (EGF-EGFR)2 := (EGF-EGFR)2+1

END

Rec1r

WHERE

@grd1 (EGF-EGFR)2 ≥ 1
THEN

@act1 (EGF-EGFR)2 := (EGF-EGFR)2−1
@act2 EGF-EGFR := EGF-EGFR+1

END

5.3 The healthcare system

A healthcare system refers to the complex infrastructure which includes
many stakeholders such as: government and policy makers, healthcare prov-
iders, patients, nursing sta�, administrative and management sta�, insur-
ance companies, pharmacies and many more. They all are interconnected
and individual actions by one entity a�ects the actions of other entities.
The interactions between entities of the system are dynamic and respond to
changes in the system, leading to complex and unexpected behavior. Policy
makers and other stakeholders would bene�t tremendously from an arti�-
cial intelligence-based support in capturing the e�ects of various strategic
development scenarios for future policies. Such policies and rules can make
important contribution to increase the overall quality of the system.

Here we discuss the role of some of the important stakeholders of the
healthcare system. For example, the main focus of government and pol-
icy makers is to make sure the availability of easily accessible and a�ordable
healthcare systems for every individual in the society. The task of healthcare
providers is to treat patients and provide them required services. Patients
visit the healthcare units to get their required services. Nursing sta� takes
care of the services required by patients. Administration and management
departments maintains the structure of the healthcare units, check the �-
nancial situation of the units and reserves the budget for new infrastructure.
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Such a department also take cares of the employee's needs and some times
conducts surveys to improve the services of the healthcare unit. Insurance
companies are an important factor of the health care unit as they are di-
rectly connected both to the patients and healthcare providers. The role
of pharmacies is to provide the medicines to patients recommended by doc-
tors. Infrastructure providers supply the equipment to the healthcare units.
Transport plays an important role in obtaining and providing healthcare ser-
vices. Cost consideration is also an important aspect which is considered in
terms of money, time and distance. The decisions made by di�erent stake-
holders have a big impact on the overall quality of the system. The policy
makers and the government authorities have the main responsibilities for
the various decisions taken. For this, they have to also take into account the
continuous feedback process. The feedback is based on the satisfactory or
unsatisfactory responses of the health care users.

CONTEXT C0
SETS

Individuals
Providers
Diseases
Services
Exit

CONSTANTS
Provider2Service
Disease2Service
Provider2Provider
Individual2PrimaryProvider
InitialSick
Cured
NotCured

CONTEXT C1
CONSTANTS

Capacity

MACHINE M0
VARIABLES

current_provider
treatments
patients
sick_notyet_reg
outcome
numproviders
numservices

EVENTS
Initialisation
Register_Sick
Perform_Service
Change_Provider
Evaluation
Exit_Cured
Exit_Not_Cured

MACHINE M1
VARIABLES

Occupancy
EVENTS

Initialisation
Refined_Register_Sick
Refined_Perform_Service
Refined_Change_Provider
Refined_Evaluation
Refined_Exit_Cured
Refined_Exit_Not_Cured

se
es

se
es

is extended by

is refined by

Figure 5.1: Overview of the model development.

In this thesis, we provide a formal model describing the primary structure
of the healthcare system. The model deals with di�erent situations such as
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medical providers o�ering various services, interactions between users and
providers, connection between di�erent providers, registering a user to a
primary provider, navigation of a user between di�erent providers if she does
not �nd her required services at the primary provider, and the occupancy
level of providers. We employed Event-B to build this model which helps us
to capture some of the complexity of healthcare systems.

5.3.1 Event-B model for the healthcare system

We developed the model in two layers, represented by the machines M0
and M1, see Figure 5.1. The layers are linked by the re�nement relation:
M0vM1. Machine Mi sees the context Ci, i ∈ {1,2}. The two contexts
are linked by the extension relation, so that C0 is extended by C1. In
machine M0, we have included all the basic elements of the model such as
individuals, providers, diseases, medical services and patients. In machine
M1 of our model we introduced a constant called capacity representing the
number of health professional of each provider; our model then ensures that
no provider is overloaded.

5.3.2 The initial model

In the initial model, we de�ne the main elements of our model. The context
C0 of the initial model has four sets which denote our base types in this
model: Individuals, Providers, Diseases, Services. All these sets are �nite and
non-empty. Individuals can have di�erent diseases and healthcare providers
which o�ers various types of medical services to the patients.

Table 5.10: The invariants de�ned in machine M0

Invariants

@inv-1 current provider ⊆ Individuals ×Diseases × Providers
@inv-2 treatments ⊆ Individuals ×Diseases × P (Services)
@inv-3 patients ⊆ Individuals ×Diseases × Providers × P (Services)
@inv-4 sick not yet reg ⊆ Individuals ×Diseases
@inv-5 outcome ⊆ Individuals ×Diseases × Exit
@inv-6 NumProviders ⊆ Individuals ×Diseases × N
@inv-7 NumServices ⊆ Individuals ×Diseases × N

We have constants to model interesting entities. The constant initialSick
is de�ned as InitialSick ⊆ Individuals × Diseases describe the initial set of
medical problems to be addressed. Each individual has assigned a primary
service provider to contact in case of medical need. This is modelled with
the help of constant Individual2PrimaryProvider : Individuals → Providers.
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The list of speci�c medical services o�ered by each healthcare provider are
modelled through constant Provider2Service ⊆ Providers × Services. Each
disease is associated to some services and is modelled with the help of con-
stant Disease2Service ⊆ Diseases×Services. In a situation where the current
provider can not address the user's need, the provider will allocate the user
to a suitable provider where her needs can be addressed. This is modelled
through constant Provider2Provider ⊆ Providers × Providers.

Table 5.11: The Event-B implementation of a patient exiting the system
after reciving the treatment

Exit Cured

Any

i

d

p

s

WHERE

@grd1 i ∈ Individuals

@grd2 d ∈ Diseases

@grd3 p ∈ Providers

@grd4 s ⊆ Services

@grd5 s = ∅
@grd6 i 7→ d 7→ p ∈ current provider

@grd7 i 7→ d 7→ s ∈ treatments

THEN

@act1 treatments := treatments \ {i 7→ d 7→ s}
@act2 current provider := current provider \ {i 7→ d 7→ p}
@act3 outcome := outcome ∪ {i 7→ d 7→ Cured}

END

In machine M0 of our initial model, we have also de�ned seven variables:
current provider, treatments, patients, sick not yet reg, outcome, NumProvid-
ers and NumServices. The types of these variables are set using invariants
in Event-B as shown in Table 5.10. For example, variable current provider
indicates the provider currently treating a speci�c individual for a speci�c
disease. The variable treatments models the set of medical services that
have not yet been assigned to any provider. The whole record of all patients,
diseases, services they received and providers they visit is modelled through
variable patients. A patient can exit the system with an outcome `Cured'
or `Not cured' and this is modelled through variable outcome. The set of
individuals which are not yet registered into the system but needs medi-
cal services are modelled through variable sick not yet reg. The variables
NumProviders and NumServices are de�ned to give the number of providers
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that an individual had to visit for a given disease and the number of services
she received for it.

Model M0 has 6 other events in addition to initialisation: Register Sick,
Perform Service, Change Provider, Evaluation, Exit Cured and Exit Not C-
ured. We discuss here events Register Sick and Exit Cured while the rest
of the events can be found at [2]. Once the treatment is completed, a pa-
tient will exit the system, a situation modelled through the event Exit cured
shown in Table 5.11. The guard of the event shows that the individual i
having disease d is registered with current provider p and she has no services
assigned (s = ∅) the treatment (grd6 and grd7). The actions of this events
shows that both treatments and current provider are updated (act1 and
act2) as well as outcome, by adding a new cured individual into it (act3).

Table 5.12: Re�nement of the event Register Sick

Register Sick

Any

i

d

u

q

s

s1

WHERE

@grd1 i ∈ Individuals

@grd2 d ∈ Diseases

@grd3 i 7→ d ∈ sick not yet reg

@grd4 u ∈ Providers

@grd5 u = Individual2PrimaryProvider(i)
@grd6 s ⊆ Disease2Service[{d}]
@grd7 i 7→ d 6∈ dom(treatments)
@grd8 i 7→ d 6∈ dom(current provider)
@grd9 q = Individual2PrimaryProvider(i)
@grd10 s1 = s ∩ Provider2Service[{q}]
@grd11 �nite(s1)
@grd12 Occupancy(q) + card(s1) ≤ Capacity(q)

THEN

@act1 patients := patients �− {i 7→ d 7→ u 7→ s}
@act2 treatments := treatments �− {i 7→ d 7→ s}
@act3 current provider(i 7→ d) := u

@act4 sick not yet reg := sick not yet reg \ {i 7→ d}
@act5 NumProviders := NumProviders �− {i 7→ d 7→ 1}
@act6 NumServices := NumServices �− {i 7→ d 7→ 0}
@act7 Occupancy(q) := Occupancy(q) + card(s1)

END
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5.3.3 The re�ned model

Machine M0 is re�ned to machine M1 via a superposition re�nement: we
add a new variable occupancy in this machine and re�ne the events in M0
to make sure that the level of occupancy never surpasses the capacity.

We introduce in the model M1 the capacity of each provider. There is
only one new function in M1 which is de�ned as Capacity ∈ Providers → N.
This function makes sure that capacity of each provider does not exceed when
new patients are added to a provider or even when services of the current
patient are updated. We have made numerous changes in the events of M1
to show that a provider can not o�er more services than its capacity. For
example a new guard Occupancy(q)+ card(s) ≤ Capacity(q) is added to the
event Register Sick. In this guard q is the primary provider of the individual
being considered for registration. Event-B modeling of this re�ned event is
shown in Table 5.12. Similarly, we update the other events of machine M0
to show that the occupancy of all providers is always at most their capacity.

Event-B turned out very useful in ensuring the consistency of the models.
Model M0 had 36 proof obligations (of which 27 automatically discharged),
while M1 had 26 (all of them were automatically discharged). These proof
statistics regarding the healthcare system model is illustrated in Table 5.13.

Element Name Total Auto Manual

HCS Model 62 53 9

Basic Model 36 27 9

Refined Model 26 26 0

Table 5.13: Proof statistics for the healthcare system model.
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Chapter 6

Summary of the included

articles

6.1 Article 1: Stepwise construction of a metabolic
network in Event-B

Usman Sanwal, Luigia Petre and Ion Petre. Stepwise construction of a
metabolic network in Event-B: The heat shock response. In: Computers in
Biology and Medicine 91: 1-12 (2017).

The general problem we address in this paper is how to add systematically
details to a biological model in such a way that the model may be used at
di�erent levels of details depending on the question to be addressed. Our
approach to this problem is based on model re�nement. We focus in this
paper on using Event-B; to our knowledge, this is the �rst time that Event-
B was being used for biomodeling. We discuss a general scheme for building
an Event-B model corresponding to any metabolic network. We apply this
scheme to a molecular model for the heat shock response to construct its
corresponding Event-B model. We then re�ne this model in Event-B through
a sequence of 5 consecutive re�nements to add details about several of its
variables.

6.2 Article 2: Combining re�nement and signal-
temporal logic for biological systems

Usman Sanwal and Umair Siddique. Combining Re�nement and Signal-
Temporal Logic for Biological Systems In: Conference on Intelligent Com-
puter Mathematics (CICM-2017), Lecture Notes in Computer Science, pp.
333-339, Springer, 2017.

In this paper we describe a framework for modeling a biological system as
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a re�nement sequence of Event-B models, transforming the Event-B models
into systems of di�erential equations, and quantitatively analyzing state-
ments expressed in Signal-Temporal Logic about these systems using the
Breach toolbox. We start with modeling biological systems, abstractly, in
the Event-B calculus. The choice of this formalism is motivated by the fact
that when re�ning one such abstract model into another, Event-B allows to
conveniently establish formal relations between those di�erent models. Once
an abstract model is constructed, it can be either transformed to a quanti-
tative model based on di�erential equations (di�erential model), or can be
re�ned into another abstract model depending on new information that be-
came available meanwhile. We specify di�erential models in signal-temporal
logic and their formal analysis is performed in the Breach toolbox.

6.3 Article 3: Re�nement-based modeling of the
ErbB signaling pathway

Bogdan Iancu, Usman Sanwal, Cristian Gratie and Ion Petre. Re�nement-
based modeling of the ErbB signaling pathway In: Computers in Biology and
Medicine 106: 91-96 (2019).

In this paper we present the concept of model re�nement as an alternative
of re�tting a model of a biological system. We demonstrate this approach on
the case study of ErbB signalling pathway which is the largest re�nement-
based biomodel consisting of 421 species and 928 reactions. We preserve
the consistency of the initial model through the Event-B approach. It is
very important to ensure the consistency of such a large model as small
errors in the variable names or in the stoichiometric coe�cients are only
indicated after the model is fully implemented. Our main message is that
with the help of computer science methods based on logic it is possible
to semi-automatically infer a model that embeds additional information on
signalling components and composes it in a consistent way with respect to
the expected dynamics of the overall system.

6.4 Article 4: A Computational Model for The Ac-
cess to Medical Service in a Basic Prototype of
a Healthcare System

Luigia Petre, Usman Sanwal, Gohar Shah, Charmi Panchal, Dwitiya Tiwari
and Ion Petre. A Computational Model for The Access to Medical Service
in a Basic Prototype of a Healthcare System. In: Fundementa Informaticae
168: 1-13 (2019).
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Healthcare systems are considered complex due to their nonlinear be-
havior and numerous stakeholders and entities involved. In this paper, we
propose the modeling of healthcare systems using formal methods, to check
for potential errors and prove the correctness of system. We chose the Event-
B framework as it is based on abstraction and re�nement and supports the
correct construction of models due to its stepwise building approach. In this
paper we modeled basic properties of national healthcare system such as
interaction between users and providers, and between providers themselves.
Our model presents how to map a individual to a provider, maintain intercon-
nection between di�erent providers, navigation of individual by healthcare
provider, and also keep a check on the capacity of each provider.
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Chapter 7

Conclusions and future work

In this chapter, we conclude the research work presented in this thesis and
present the future research directions.

7.1 Research conclusions

We had three main goals in this doctoral project: (1) introduce a method
to build an Event-B model associated to a chemical reaction network model;
(2) demonstrate the advantage of using Event-B in biological modeling; (3)
demonstrate the applicability of our method in a wider context for reaction
like speci�cation. We completed successfully all these goals: we showed how
biochemical species can be modeled as variables and reactions as events, we
demonstrated our method on a model with almost 250 variables, and we
showed how healthcare system prototype can be modeled in Event-B.

Building large and complex biological systems has never been an easy
task. Di�erent modeling frameworks have been tried for such systems. In
this thesis, we have used Event-B modeling for comprehensive system-level
biological modeling. Other formal methods such as process algebra, Petri
nets and state chart diagrams are also being used for biomodeling. But
Event-B provides the bene�t of model re�nement which is the central part
of Event-B and being e�ectively used to build large biomodels. Quantitative
model re�nement has earlier been investigated using various approaches such
as rule-based modeling, ODE-based modeling, guarded command language
modeling and Petri net modeling. These approaches can also be used for
re�nement but there are signi�cant di�erences how the re�ned models are
constructed in these approaches. The key di�erence lies in the way that
basic and re�ned models are linked only through explicit constraints and it
is the responsibility of the modeler to write and check them independently
to guarantee that the re�nement was done accurately. In Event-B the basic
and the re�ned models are connected implicitly using gluing invariants and
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it is systematically checked in Rodin. After creating a re�nement chain in
Event-B, the di�erent models (contexts and machines) are implicitly linked
together. The modeler explicitly de�nes gluing invariants (for instance), how-
ever these are not visible later in the model chain: they are kept (implicit)
by the tool. Likewise, models linked by re�nement keep the proof obligations
hidden, but ensuring them is mandatory for the re�nement chain. So model-
ing with Event-B provides an important advantage over the other modeling
techniques. This becomes crucial when building a comprehensively large
model.

This thesis revolves around the concept of using Event-B modeling for
biological systems. To the best of our knowledge, this was the �rst time
that Event-B has been used for biomodeling. We �rst presented a general
scheme to build an Event-B model for a given metabolic network. Then, we
applied this method to build an Event-B model for the heat shock response
model, and the basic model of the ErbB signalling pathway model. We took
metabolic networks as sets of a biochemical reactions, where each reaction
speci�es its reactants, products and probably inhibitors and catalyzers. The
species and the reactions of a reaction-based model are translated into Event-
B language while mass conservations law are also translated into invariants
of the Event-B model. For the heat shock response model, we started with
a basic model of 17 irreversible reactions and we re�ned it through �ve
successive re�nement steps to include the acetylation of the heat shock factor
at its K80 residue. As a result of these re�nement steps, our �nal model had
54 irreversible reactions. For the ErbB signaling pathway model, we took
advantage of the Event-B support to check the consistency of the basic model.
The basic model of the ErbB signaling pathway comprises 242 irreversible
reactions. It was essential to ensure the consistency of such a large model as
small errors in writing the variable names or the stoichiometric coe�cients
are usually detected by other standard softwares once the model is completely
implemented, a task of a far higher di�culty, that also leads to revisiting the
whole process of the model construction.

We also discuss modeling of healthcare systems using Event-B in this the-
sis. Healthcare systems are considered complex due to involvement of many
stakeholders. We dealt with this complexity by building a formal model of
a healthcare system comprising of health service providers of di�erent types
and patients having need for diverse medical services. The model we built
has some basic features such as the interaction between users and providers,
and between providers themselves, the registration of a user to a primary
provider, navigating the user to an alternative provider for some of the ser-
vices, if needed, and the occupancy level of di�erent providers. To the best
of our knowledge, this was the �rst prototype of a healthcare model build
using Event-B. There are various features of a healthcare system which can
be modeled in a future extension of our model, such as rescheduling of a
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patient during her treatment stages, di�erent periodicity of people falling ill
and more details about cost of treatments for each patient.

7.2 Future perspectives

We started this thesis with the aim to provide a framework for building
large and complex models for biological systems. We have successfully de-
veloped a framework based on Event-B, allowing the consistent development
of complex systems using re�nement. Some challenges remain for further
work along the lines we initiated in this doctoral project. In our e�ort to
build large and complex models through re�nement, Event-B has helped us
a lot. But it was not possible to use the advantage of re�nement provided by
Event-B/Rodin for the case study of the ErbB signalling pathway. In fact,
the ErbB model turned out to be considerably larger than all models ever
built with Rodin. Building the re�ned model of ErbB signalling pathway
while keeping the link between all re�nement level turns out to be beyond
the current technical capabilities of Rodin. Considering this challenge in
mind, one highly relevant future direction for this work can be to look for a
more suitable framework which can be applicable for any kind of large and
complex system.

The current version of the Rodin tool does not support building large bio-
logical models through re�nement. Once the Rodin tool support is extended,
the consistency of large biological models can be checked with the help of
its re�nement feature. We can also add di�erent dynamics of the biologi-
cal models built through Event-B re�nement such as introducing animation.
Animation can help to experiment with a model and we can visualise the
potential problems of the model. This is based on ProB [68] animation that
is currently available with Rodin. BMotionStudo (part of ProB) is also al-
lowed for visualisation [55]. Another important feature which can be added
in future work is combing the concept of linear temporal logic [54] and model
checking with Event-B modeling of biological systems. Using temporal logic
will allow us to check properties about the dynamics of the system such as
the recovery of the heat shock response under moderate temperature. Our
current model is based on mass-action law so in future we can build models
using other types of kinetic laws as well (e.g., Michaelis-Menten or Hill dy-
namics). An alternative modeling style using functions can also be applied
to model reaction networks in Rodin. In this style of modeling the re�ne-
ment is done through functions in the following way. A variable to be re�ned
into n new variables will become in the re�ned model a function over a set
of n elements (each corresponding to one of the new variables), with values
in the same domain as the original variable. This will allow us to avoid the
combinatorial explosion of the re�ned variable set, hiding the complexity in
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the parameters taken by these re�nement functions. In turn, this may well
allow us to continue taking advantage of the automatic support provided by
Rodin.
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