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Abstract

The dynamic and evolving nature of complex systems influences the behaviour of
individual parts and the performance of the whole system, which hinders the flex-
ibility in modelling and applicability of the modelling approaches for various sys-
tems. Modelling approaches which are developed for other types of systems have
limitations in capturing the behaviour of health systems. This can stem from the
dependencies of models on the system structure, type and data structure. From the
network perspective, health systems can have various representations, which are
defined by each network topology, type and parameters. This makes it challenging
to utilize an approach developed to analyse and model systems of other aspects and
domains.

The degree of flexibility of an approach depends on its scalability to be able to
model a system that grows, its generality to model systems of various types, its
adaptability to internal changes, and its flexibility to topology without the need
for change. Additionally, flexibility should enable the approach adjustment with
new functions and features to facilitate and analyse other aspects of a system eas-
ily. Network representation of complex health systems facilitates the application
of network algorithms and network simulation methods to enhance the modelling
approaches. This requires the adjustment of these algorithms and methods, which
can be achieved by tuning, merging, modifying, and gaming procedures. Such ad-
justments increase the efficiency of a model to analyse different aspects of a system
and overcome limitations.

This thesis offers various network-agnostic computational approaches for mod-
elling and validating complex health systems. For this, three different case stud-
ies are provided to explore which represent the complex societal, hospital and or-
ganisational systems, respectively. The proposed modelling approaches for these
systems aim to facilitate the quantification of vertices and edges, classify the ver-
tices’ behaviours, promote verification and validation, evaluate the systems’ per-
formances, and enhance the link prediction for a more accurate representation of
the systems.

The key contribution of this thesis is to offer approaches which can facilitate
scalability, generality, adaptability, topological flexibility, and adjustability. This
is achieved by adjusting the network algorithms and simulation methods based on
the purpose of the modelling. Hence, 1) a gaming simulation approach is proposed
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to facilitate the quantification of the edges in a complex societal system, 2) ranking
algorithm is merged with path analysis to quantify the vertices and identify the
vertices persistency in a complex societal system, 3) ranking algorithm is merged
with system dynamic simulation to facilitate the quantification of the vertices as the
complex societal system evolve and change, 4) an agent-based network simulation
is implemented along with network algorithms to identify the bottlenecks using
flow and structural hole algorithms and evaluation the performances of the wards
using percolation and perturbation algorithm in a complex hospital system, 5) a
modification of flow algorithm is proposed to model the dynamic nonlinear flow
of the patients in a complex hospital system, 6) a link prediction approach which
merges the path analysis and non_randomness algorithm to identify the missing
links in a complex organizational system, and finally 7) a multi-network simulation
to evaluate the performances of the organizations in parallel.

The thesis provides two different classifications of the proposed approaches.
The first classification indicates how each approach contributes to modelling the
system based on the underlying system scale, type, dynamic, topology and model
adjustability, and the second classification indicates the proper application of net-
work algorithms and network simulation methods based on the underlying health
system type and the purpose of the analysis.

Each approach provides a holistic view of the systems through matrix or net-
work representation to inform about their states and a view of the vertices’ dynamic
behaviours to evaluate their performances.

Keywords: Network-Agnostic Approaches, Network Simulation, Dynamic
Modelling, Network Algorithms, Verification and Validation, Evolving Complex
Systems.



Sammanfattning

Den dynamiska och utvecklande karaktiaren hos komplexa system paverkar be-
teendet hos enskilda delar och hela systemets prestanda, vilket hindrar flexibi-
liteten i modellering och tillimpbarheten av modelleringsmetoderna for olika
system. Modelleringsmetoder som utvecklats for andra typer av system har be-
gransningar for att finga hilsosystemens beteende. Detta kan hirrora fran mo-
dellers beroende av systemstruktur, typ och datastruktur. Ur ett natverksper-
spektiv kan hélsosystem ha olika representationer som definieras av varje nat-
verkstopologi, typ och parametrar. Detta gor det utmanande att anvinda ett till-
vagagangssiatt utvecklat for att analysera och modellera system av andra aspekter
och doméner.

Graden av flexibilitet for ett tillvigagangssitt beror pa dess skalbarhet for
att kunna modellera ett system som vixer, generalitet till modellsystem av oli-
ka typer, anpassningsformaga till de interna forandringarna och flexibilitet till
topologi utan behov av forandring. Dessutom bor flexibilitet méjliggora tillvaga-
gangssattjustering med nya funktioner och funktioner for att enkelt underlitta
och analysera andra aspekter av ett system. Natverksrepresentation av komplexa
hilsosystem underlittar tillimpningen av nitverksalgoritmer och nétverkssimu-
leringsmetoder for att forbattra modelleringsmetoderna. Detta kriver justering
av dessa algoritmer och metoder, vilket kan uppnas genom justering, samman-
slagning, modifiering och spelprocedurer. Sddana justeringar okar effektiviteten
hos en modell for att analysera olika aspekter av ett system och 6vervinna be-
gransningar.

Denna avhandling erbjuder olika nétverks-agnostiska berdakningsmetoder for
modellering och validering av komplexa hilsosystem. For detta tillhandahalls tre
olika fallstudier for att utforska vilka som representerar de komplexa samhal-
leliga, sjukhus- respektive organisationssystemen. De foreslagna modellerings-
metoderna for dessa system syftar till att underlitta kvantifieringen av horn och
kanter, klassificera hornens beteenden, frimja verifieringen och valideringen, ut-
vardera systemens prestanda och forbattra lankforutsagelsen for mer exakt re-
presentation av systemen.

Det viktigaste bidraget for denna avhandling &r att erbjuda tillvigagangssatt
som kan underlatta skalbarhet, generalitet, anpassningsformaga, topologisk flex-
ibilitet och justerbarhet. Detta uppnés genom att justera niatverksalgoritmerna
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och simuleringsmetoderna utifran syftet med modelleringen. Darfor foreslas 1)
en spelsimuleringsmetod for att underlatta kvantifieringen av kanterna i ett kom-
plext samhalleligt system, 2) rankningsalgoritmen slds samman med vaganalys
for att kvantifiera hornen och identifiera grenarnas bestindighet i ett komplext
samhalleligt system, 3) rankning Algoritmen sls samman med systemdynamisk
simulering for att underlitta kvantifieringen av hornen som komplexet samhal-
leliga system utvecklas och fordndras, 4) en agentbaserad nitverkssimulering
implementeras tillsammans med nitverksalgoritmer for att identifiera flaskhal-
sar med hjilp av flodes- och strukturella halalgoritmer och utvirdering av av-
delningarnas prestanda med hjélp av perkolations- och storningsalgoritmer i ett
komplext sjukhussystem, 5) en modifiering av flodesalgoritmen foreslas for att
modellera det dynamiska olinjara flodet av patienter i ett komplext sjukhussy-
stem, 6) en lankforutsigelsemetod som kombinerar viganalysen och algoritmen
for icke-slumpmassighet for att identifiera de saknade ldnkarna i ett komplext
organisationssystem, och slutligen 7) en simulering av flera natverk for att paral-
lellt utvardera organisationernas prestationer.

Avhandlingen ger tva olika klassificeringar av de foreslagna tillvigagéngssat-
ten. Den forsta klassificeringen anger hur varje tillvigagangssitt bidrar till att
modellera systemet baserat pa den underliggande systemets skala, typ, dynamik,
topologi och modellens justerbarhet; och den andra klassificeringen indikerar
korrekt tillimpning av nitverksalgoritmer och natverkssimuleringsmetoder ba-
serat pa den underliggande typen av hilsosystem och syftet med analysen.

Varje tillvigagangssitt ger en holistisk bild av systemen genom matris- eller
nitverksrepresentation for att informera om dess tillstdnd, och en bild av hor-
nens dynamiska beteenden for att utvirdera deras prestationer.

Nyckelord: Nitverks-Agnostiska Tillvigagangssitt, Natverkssimulering, Dy-
namisk Modellering, Natverksalgoritmer, Verifiering och Validering, Evolveran-
de Komplexa Nitverk.
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1 Introduction

1.1 Complex Health Systems Modelling

The purpose of network modelling of health systems is to provide insight into
their structure and performance, such as complex societal, hospital or organi-
zational systems. These models represent the elements of the system and their
relationships. Through the simulation of these models, we can observe the per-
formance and dynamic behaviour of health systems and identify critical elements
(Chen et al., 2017). A challenge is that health systems are complex, having many
elements interconnected to other elements (Bhattacharjee and Ray, 2014; Djitog
et all, 2018; Zhang et al., 2018). By modelling and simulation only some parts of
the system, we will be unable to observe the accurate performance of the system
based on the influence of other elements (Rutter et al., 2017; Cassidy et al., 2019;
Bhattacharjee and Ray, 2014; Lee J1,1973). In parallel, modelling the whole sys-
tem is time-consuming because it requires us to describe all the elements, their
relationships and functionalities, collect lots of data (Siegenfeld and Bar-Yam,
2020; Barjis, 2011); Carter and Busby, 2023) and understand the purpose of the
whole underlying system. Furthermore, these systems evolve and change over
time, and the rest of the system adapts to this change to maintain the perfor-
mance (De Haan and Rotmans, 2011); Kudyba, 2018; Aboutaleb and Monsuez,
2015). To overcome these challenges, network-agnostic modelling approaches
are necessary to simulate the entire system of any scale, type, change, and topol-
ogy and be easily adjustable for additional features and functionalities.

Changes in health systems can be due to internal or external influences, fore-
seen and unforeseen, which may cause performance improvement or perturba-
tions (Ladyman et al., 2013; Martinez-Garcia and Hernandez-Lemus, 2013; Tang
et al., 2021; Wu et all, 2015). This is due to the dependence of the elements on
each other due to continuous interaction (Ladyman et all, 2013; Bhattacharjee
and Ray, 2014; Aboueljinane and Frichi, 2022). Through this interaction, ele-
ments influence each other (Ladyman et all, 2013). The uncertainty with these
changes is whether the effects are temporary or permanent, or which elements
in the system cause or affect these changes and to what magnitude (Heino et al.,
2021); Battyj, 2015; Omrani et al), 2022; Mustafee et al], 2015; Rutter et all, 2017).
Furthermore, health systems can be considered complex adaptive systems,
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CHAPTER 1. INTRODUCTION

(Greenhalgh et all, 2010) and are in continuous change, creating dynamic be-
haviour in elements where these elements may exhibit performance fluctuations.
These fluctuations can be due to the significance of the changes influencing the
system or the degree of connectivity causing the elements to have nonlinear be-
haviour. As a result, each element in a system has a different and unpredictable
behaviour pattern (Ladyman et al., 2013; Siegenfeld and Bar-Yam|, 2020), mak-
ing it challenging to identify the long-term changes.

Influence refers to the trigger made to a system which affects the behaviour
of some or all elements which is not predictable. These influences can happen
externally when a new element joins the system or internally due to the dynamic
nature of the system. An influence on a complex health system affects each el-
ement differently (Djitog et al., 2018). One of the main reasons is the degree of
connectivity (Heino et al), 2021). The higher the degree of connectivity is, the
higher might be the nonlinearity and the probability of the perturbation in the
performance (Ladyman et al), 2013; Heino et al., 2021). Such behaviours can also
relate to the elements’ impact dynamic and the direction that influences flows
(Ladyman et all, 2013). With a weak degree of connectivity between a pair of
elements and uniform impact, one of the elements may hardly exhibit nonlinear
behaviour. Such weaknesses in system topology may also cause chaos in one part
of the system and no change in the other parts (Ladyman et alJ, 2013; De Haan
and Rotmans, 2011), leading the whole system to eventually collapse. For exam-
ple, if the link between a society’s education level and financial condition is weak,
it may lead to unwanted consequences. Another reason is the order in which el-
ements interact (Ladyman et al., 2013). In such cases, elements with significant
impact strength (Heino et al), 2021) may have an adverse impact over weaker
elements in the neighbourhood where the weak elements may stop performing
due to the continuous pressure and affect the rest of the elements in the same
order. These elements can be considered crucial to test the system vulnerability
(Ladyman et all, 2013) against competing with other elements (Siegenfeld and
Bar-Yam, 2020). For example, when critical wards such as the emergency depart-
ment dispatch the majority of patients to a ward with fewer available resources,
significant bottlenecks can occur. The centrality of crucial elements also plays a
significant role in influencing a system (Ladyman et al., 2013). Such elements
may have a wider impact on the whole system’s behaviour, which can be both
fruitful and dreadful if the whole system relies on a single element performance
(Ladyman et all, 2013). As an example, implementing a health system with a
similar purpose or functionality may help the elements to cooperate (Siegenfeld
and Bar-Yam, 2020; De Haan and Rotmans, 2011) and reduce the pressure from
a single health system, which can cause the system to evolve. Identifying the cru-
cial elements and classifying elements’ behaviours can help to control the system
performance (De Haan and Rotmans, 2011) and minimize the risk on health sys-
tems, where the focus should be on elements’ improvement stability and not the
significance of the change, which can be misleading.
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1.2 Modelling Challenges

Models should be able to identify changes in the system and adapt to those
changes (De Haan and Rotmans, 2011; Rutter et all, 2017; Carothers et al., 2017).
Difficulties can arise from changes in the impact strength between a pair of ele-
ments, changing their interaction or relationship. A model may be incomplete,
e.g. missing an element in the modelling process and its influence (Chen et al.,
2017). Inability to adapt to changes may provide invalid output (Branlat and
Woods, 2010). Yet another modelling challenge is considering the evolving na-
ture of the complex health systems (Carothers et al., 2017; Havlin et all, 2012).
This difficulty is due to the unpredictability of where an element will be added to
the system, its impact direction, and how it will influence the system. Itis difficult
to address these challenges without going through the entire modelling process
again (De Bruijn and Herdern, 2009). Methods are needed to address these mod-
elling challenges.

Models are difficult to reuse because they are specific to the context and prob-
lem (Rouse and Zimmerman, 2017; Zhang, 2018). This may be because the mod-
els use a specific type of dataset where much of the information might be missing.
For example, a model that focuses on the patient flow to uncover the wards with
significant bottlenecks may ignore the bottlenecks from the staff’s flow perspec-
tive. In parallel, to reuse a model, we need to keep it sufficiently detailed and be
cautious about how we process this data (Balci et al), 2017; Fujimoto and Loper,
2017). The more detail we add, the harder it becomes to reuse a model (Balci
et al), 2017). For a model to be reusable, it should easily enable and disable its
functions or add new functions. This can be challenging without ensuring that the
model will continue to perform accurately (Rouse and Zimmerman, 2017). Such
models should be modular, independent of the system structure and its data.

1.3 Overcoming Modelling Challenges

Complex societal systems keep evolving and affecting how the rest of the ele-
ments behave. The elements in such systems can represent the factors affecting
society’s health. The procedure requires quantification of the elements and links.
Ranking algorithms are suitable for quantifying the elements in a system with a
network structure. However, links in societal systems have negative and pos-
itive values, which require us to tune the algorithm to avoid outliers (Bressan
and Peserico, 2010). To quantify the links in complex societal systems, we used
gaming simulation. There are several reasons for this. First, the change in the
link’s value steers the elements’ behaviour. Second, by considering human fac-
tors (Zhang et all, 2018), we use their experiences to understand the system from
their perspective (Bekebrede et al), 2015a,b). Third, such quantification depends
on the living environment. Finally, the ranking algorithm quantifies the elements
based on the degree of connectivity and the links’ values. The data collected from
the game and the ranking algorithm are applied to create a hybrid quantification
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approach for complex societal systems. In parallel, to observe the dynamic be-
haviour of the elements in a societal system, hybrid modelling approaches allow
combining the quantification approach with methods such as path analysis or
system dynamic simulation. Path analysis allows us to observe the significance of
elements within a path from local and global perspectives when a path is isolated
from the whole system. However, by combining the quantification approach with
system dynamic simulation, it becomes possible to observe the behaviour varia-
tion based on internal and external changes in the elements’ ranks.

Hospitals are another type of complex health system. The elements in such
systems can represent the wards in a hospital. The behaviour of one ward can
influence other wards. Similar to complex societal systems, complex hospital
systems also evolve. The data for such systems comes from hospital records. To
observe the dynamic behaviour of the wards in a whole hospital, flow algorithm
(Williamson|, 2019) or agent-based network simulation can be used. To adjust
the flow algorithm to capture the dynamic behaviour of the elements, the algo-
rithm is modified to encompass all the necessary parameters and the continuous
nonlinear behaviour of the elements through residual graphs. In parallel, agent-
based network simulation also allows to model the patient flow throughout the
hospital based on different criteria, rules and regulations. Bottlenecks in such
systems happen due to structural limitations and flow intensity. Hence, a hybrid
approach which uses structural hole (Burt, 1995) and flow algorithm in parallel
can uncover the bottlenecks from two different aspects of how hospital pathways
are structured and how the patients flow. Furthermore, the application of per-
colation (Piraveenan et al/, 2013) and perturbation algorithms (Yadav and Babu,
2012) allows us to analyse the behaviour variation as a hospital evolves by mea-
suring the divergence of the overflow state in the wards.

The organizational level of a health system can also be viewed as a complex
system. The elements in such systems can represent different roles and charac-
teristics within an organization, such as the wellbeing of the individuals. Such
systems have similar objectives and elements but may vary in the number of
elements and their connectivity. Hence, to define the topology for each one of
these systems, both global and local link prediction approaches are implemented
(Chen et al., 2020; Aziz et al., 2020; Kumar et al., 2020), where the global method
uses Bayesian network approach to predict the overall topologies of the networks,
based on survey data, and the local method combines the path analysis and
non_randomness algorithm to further enhance the topology by predicting the
missing links based on a reference network. By integrating both methods, the ap-
proach ensures that the networks’ topologies accurately represent the real-world
systems (Wang and Le, 2020; Chen et al., 2020). To evaluate the performance of
these organizations, a multi-network simulation approach is used to observe and
compare their behaviours in parallel.
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1.4 Thesis Contribution and Structure

In general network modelling approaches facilitate the quantification, represen-
tation, simulation, analysis and validation of the evolving complex systems. This
is because it requires to model the whole system and their influences. These ap-
proaches are widely used to model and analyse the performance of systems such
as telecommunication and transportation for decision-making and optimization.
However, health systems have different types and functionalities and deal with
different types of problems. Hence, the methods and algorithms being used to
model such systems should be adjusted to model the complex health systems ac-
curately.

The contribution of this thesis is to propose network-agnostic modelling ap-
proaches which facilitate the flexibility of these models in order to easily adapt to
the change in the system, network scale, type, and topology and further be able
to adjust the model with other features and functionalities. This is to ensure that
the approaches can be applied and integrated to model and analyse other com-
plex health systems, overcome the limitations, and enhance the verification and
validation. Therefore, merging, modification, tuning, and gaming approaches
are used to adjust the network algorithms and simulation methods in order to
facilitate the modelling approaches.

The remaining chapters in this thesis will cover the background, methodol-
ogy, method, contribution, and the discussion and conclusion. The background
chapter discusses the modelling of complex health systems, the application of
network algorithms, methods and their limitations. and reflects on the mod-
elling challenges of the complex health systems. Next, the methodology chapter
provides information about the research methodology, worldview and questions,
and the technical details used for development. Then, the method section de-
scribes the network types, provides an overview of the procedures, explains the
proposed modelling approaches with corresponding input variables, and the ver-
ification and validation. To that end, the thesis reflects on the contribution of the
approaches and finalizes the thesis with a discussion and conclusion.






2 Background

2.1 Modelling of Complex Health Systems

Health systems are complex and consist of various interconnected elements,
which continuously interact and influence each other and the overall system’s be-
haviour (Djitog et all, 2018; Zhang et al., 2018; Aboueljinane and Frichi, 2022).
These systems can be modelled as a network where the elements are the vertices
and their connectivities are the edges. Examples of health systems can be a so-
cietal system representing elements affecting wellbeing, a system representing
elements as wards in a hospital, or a system of primary care, hospitals and social
care covering an entire region.

The purpose of modelling is to observe the dynamic behaviour of the com-
plex systems and elements’ behaviour patterns based on certain kinds of changes
(Cassidy et al!, 2019). These changes may cause unpredictable behaviours and
perturbations and can even cause catastrophic system failure (Rutter et al., 2017;
Tang et al), 2021; Bhattacharjee and Ray, 2014; Wu et al/, 2015). Holistic mod-
elling allows us to observe the element’s behaviour variation within such com-
plex systems based on various scenarios to ensure the stability, improvement or
perturbation and plan ahead (Bhattacharjee and Ray, 2014; Zhang et al., 2018;
Rutter et al., 2017). Holistic modelling captures the whole system behaviour and
provides realistic results by identifying the potential effect of multiple influences
on the dynamic of the system (Rutter et al., 2017; Djitog et al., 2018; Wu et al.,
2015; Zhang, 2018). However, such modelling has rarely been implemented due
to the system complexity (Glinal and Pidd, 2010). To understand the key ele-
ments of complex health systems, we need to be able to observe the whole sys-
tem’s performance(Gunal and Pidd, 2005).

One of the challenges to model the whole system is the elements’ role diver-
sity. In a complex health system, elements are similar in nature but have diverse
roles (Ladyman et al., 2013; Djitog et al, 2018; Wu et al., 2015; De Brun and
McAuliffe, 2018). In some systems, elements may serve similar functionalities
with various parameters and influences, whereas in other systems, various func-
tionalities have similar parameters. To properly model a complex health system,
data is required to quantify all the elements’ roles and connectivity, which is also
another major challenge in the holistic modelling of health systems. These data

7
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are collected from past records that can have missing information, where the sys-
tem may find it unnecessary to collect all types of data (Zhang, 2018; Carter and
Busby, 2023; Dijitog et al., 2018). Furthermore, as health systems evolve, models
need to be able to adapt to these changes without further modifications and de-
pendency on data (Giinal and Pidd, 2010; Batty, 2015) or the role the elements
represent. A flexible modelling approach can facilitate the model construction to
capture the system behaviour (Giinal and Pidd, 2010) and overcome the difficulty
of generalizing (Glinal and Pidd, 2010; Zhang, 2018; Havlin et all, 2012).

Despite the evolving and dynamic nature of complex health systems, it is cru-
cial to determine boundaries when modelling the whole systems (Giinal and Pidd,
2010; Chambers et al., 2012). Reductionism and decomposition approaches are
not appropriate for analysing complex systems because focusing only on the ef-
fect of key elements and their connectivity can raise invalid output (Aboutaleb
and Monsuez, 2015; Wu et al., 2015]; Boes et al., 2015; Kar et al/, 2022). Decom-
position is also not wise, as the selection of certain elements and connectivities
and disregarding others can raise validity issues in behaviour, making it difficult
to see the overall system behaviour (Boes et al., 2015; Kannampallil et al), 2011).
On the contrary, increasing information in modelling can provide a more real-
istic output but also increases the complexity, which can make it harder to vali-
date a model and can be time-consuming (Giinal and Pidd, 2010; Zhang, 2018).
Therefore, when limiting the boundaries, we need to take into account whether
the impact of these neglected elements on the rest of the system is insignificant
(Havlin et all, 2012; Chambers et al., 2012).

2.2 Simulation Methods and Limitations

Discrete-event simulation is one of the primary and widely used methods
to model health systems (Barjis, 2011; Zhang et al), 2018). The method is based
on a queueing model, allowing information to flow from one element to another.
This information can be agents or resources that enter the system based on a cer-
tain arrival rate, flow or reside through the links known as queues, take different
paths, reside inside elements for a certain amount of time, and then leave the
system.

Modelling agents in complex health systems can help to understand their in-
teraction and flow to understand the system performance and uncertainty (Zhang
et al), 2018). Such modelling approaches are used when the focus is on the crit-
ical elements’ behaviour in the system, (Zhang et al., 2018; Cassidy et al., 2019;
Zhang, 2018), and are useful when we already know what causes the issue and
where the source of the issue is (Zhang, 2018; Mustafee et al), 2015). The lim-
itation of this modelling method is that it provides a limited view of the system
and leads the decision-makers’ attention to where the problem appears and not
from where the problem may originate. Similarly, queue modelling measures the
system behaviour based on the information flow according to how the queue is
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embedded and its disciplines. Such modelling approaches can provide a limited
overview of the system performance with less data requirement (Green|, 2006)).

Modelling agents’ movements can also help to understand the environment
they interact with, which helps to analyse the system’s physical structure (Zhang
et al), 2018) rather than the system itself. Unlike discrete-event simulation, where
the agents flow between elements through queues, agent-based simulation is
where agents are modelled to explore the physical environment and are restricted
by behavioural rules and environmental constraints. Agent-based modelling al-
lows understanding the agents’ behaviours, distribution and interaction (Zhang
et all, 2018). However, merging Agent-based modelling with system dynamic
simulation enhances holistic modelling for strategic decision-making and anal-
yse the system from different aspects (Cassidy et al., 2019; Mustafee et all, 2017).

System dynamic simulation models the behaviour of the elements and overall
system performance based on changes in the system caused by elements’ inter-
action or evolution (Brailsford et al., 2010). Such methods provide insight for
decision-makers from local and global perspectives (Zhang et al., 2018) to iden-
tify the element’s behaviour patterns and their variation. Unlike discrete-event
simulation, which analyses the system performance based on information flow
between elements, system dynamic simulation analyses the system performance
based on the interaction between elements (Brailsford et all, 2010).

Simulation methods have limitations in capturing the whole system accu-
rately. Hybrid simulation methods increase the modelling efficiency and reduce
the limitations (Zhang et all, 2018; Mustafee et al), 2017; Boareto et al), 2022;
Brailsford et al., 2019), where each method contributes to achieving a significant
outcome and more detailed information about the underlying problem from dif-
ferent aspects (Fakhimi and Probert, 2013; Mustafee et al), 2017; Blanchet and
James, 2012). However, merging can be challenging due to the increase in data
requirement and difficulty in verifying and validating the model (Wu et al., 2015),
and rarely used to model complex health systems (Cassidy et al., 2019).

The challenge with hybrid modelling is that it requires more data and a proper
way of merging a method with another method or algorithm (Barjis, 2011)) to
accurately capture the complexity and the behaviour of elements or agents in the
system. In many cases of hybrid modelling, modification and adjustment will be
required to embed one method or algorithm into another. Implementing a hybrid
model can take time and may even increase the difficulty of validating and the
model complexity (Petty, 2018). Hence, knowing how a simulation method and
an algorithm functions (Crielaard et all, 2023), what the target system represents,
and the underlying problem will help to select, merge and modify the algorithms
and methods accordingly (Kannampallil et al., 2011; Howison et al., 2011).
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2.3 Network Algorithms for Modelling and Analysis

Network representation of complex health systems makes it easier to identify
the elements as vertices and the connectivity as edges (Ladyman et al., 2013;
Rathkopf, 2018). This representation allows us to have a holistic view and anal-
ysis of the system (De Brun and McAuliffe, 2018; Rathkopf, 2018), such as how
densely certain vertices are connected. In parallel, the application of network al-
gorithms to analyse such systems has increased significantly, which allows the
identification of the important vertices and edges and the perceive the structure
based on the network topology on certain parameters (Tang et al., 2021;; Blanchet
and James, 2012; De Brin and McAuliffe, 2018; Chambers et al., 2012). Network
algorithms’ primary development purpose has been to analyse telecommunica-
tion and transportation networks for decision-making and systems optimization
(Havlin et al., 2012). The aim of these algorithms is to quantify the network
vertices or analyse the paths from different perspectives for different purposes
(Havlin et all, 2012; Howison et al., 2011); Arul et al., 2023; Wu et al., 2015).

Unlike simulation methods, which require procedural and contextual imple-
mentation, network algorithms are ready and available, making it easier to anal-
yse systems quickly (Crielaard et al., 2023). Network algorithms can help to un-
derstand how internal and external influences affect a health system (Blanchet
and James, 2012; De Brin and McAuliffe, 2018; Wu et al., 2015) because they
are sensitive to data or topological changes (Crielaard et al., 2023; Kannampallil
et al), 2011); Havlin et al), 2012). However, these algorithms are static and un-
able to capture the dynamic behaviour of complex health systems (Blanchet and
James, 2012; Petty,, 2018). The dynamics of a complex system can cause pertur-
bation or improvement in system performance (Kannampallil et al., 2011; La-
dyman et all, 2013). Complex systems are not at equilibrium, and the vertex’s
behaviours are unstable by influencing each other (Havlin et al., 2012; Kannam-
pallil et al), 2011); this makes it difficult to rely on algorithms which cannot cap-
ture the dynamic. Some network algorithms have been adjusted to capture dy-
namic behaviour. However, these adjustments are for certain systems and data
requirements, which cannot be reapplied to model how the health systems be-
have (Fakhimi and Probert, 2013; Havlin et all, 2012).

The problem in using network algorithms is that the way the function is im-
plemented is inconsistent with the underlying complex system (Howison et al.,
2011). Applying them to analyse health systems without understanding how
these algorithms function can provide invalid output (Crielaard et al., 2023; How-
ison et al}, 2011; Wu et al., 2015). Network algorithms are unable to identify what
the system represents except the topology of the network and the position of the
vertices unless proper and sufficient data are provided (Howison et al), 2011;;
Wu et al), 2015). When analysing complex health systems, even the most dis-
tant and weakly connected vertex can have a significant role and influence on the
rest of the network. The issue is not the boundaries of the system but how the
algorithm handles these networks. First, many network methods have embed-
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ded path searching and aggregation algorithms that neglect the signed edges or
only consider the shortest or longest paths. This can alter the output we intend
to observe (Crielaard et all, 2023; Howison et al., 2011). Second, many of these
algorithms ignore the continuity of some parameters and reset the network state
after each iteration within the algorithm (Howison et al., 2011). Third, some
of these algorithms also ignore the edges’ directions, which can be problematic
when measuring the proper vertex influences (Crielaard et al., 2023) since a ver-
tex with no outgoing edge can influence the rest of the system behaviour through
its incoming edges. And finally, fourth, network algorithms may have insuffi-
cient input and output parameters to function properly (Iich, 2009; Crielaard
et al., 2023), such as multiple values for vertices and edges. In a complex health
system, a vertex may have more than one value to define its behaviour, and the
edges may have more than two parameters to define the influence and steer the
vertices’ behaviours.

Network analysis algorithms are sensitive to the topology of the networks,
and these topological properties are handled differently by different network al-
gorithms (Havlin et al., 2012; Anderson, 2002; Howison et al., 2011). Complex
health systems encompass all sorts of topological properties (Kannampallil et al.,
2011; Havlin et al), 2012) such as vertices with no incoming or outgoing edges,
cycles of vertices which link back to each other, and strong and weak ties. Many
network algorithms that aim to quantify the important vertices may end up sink-
ing into a vertex with no outgoing edges and identify the vertex as important.
Such vertices have no influence on the rest of the system because they lack out-
going edges. Using the results of the analysis for decision-making will have no
impact on the health system. Such algorithms should be used as a measurement
tool to observe the vertices’ behavioural variations, not the vertices’ importance.
On the contrary, observing any behaviour variation in vertices with no incoming
link would be impossible since there is no way to influence them. In parallel, cy-
cles are another issue in algorithms which rely on path searching and aggregation
algorithms. Network algorithms can sink into these cycles and endlessly iterate
over them. In a complex health system, where information flow begins from one
vertex to another, such cycles may prevent the flow from reaching the intended
vertices. As a result, this may indicate a bottleneck in the system where, actually,
it is the cycle which prevents the flow from proceeding. Lastly, all types of net-
works have weak and strong ties with the rest of the network. The application of
network algorithms to identify these ties depends on the purpose of the system
and analysis. In a network which represents a complex societal system where
the vertices interact, identifying the strong ties is crucial to making significant
influences, whereas in a network which represents a complex hospital system,
identifying the weak ties is crucial to understanding the structural bottlenecks
(De Bran and McAuliffe, 2018).



12 CHAPTER 2. BACKGROUND

2.4 Complex Health Systems Modelling Challenges

Using network algorithms in modelling complex health systems facilitates holis-
tic modelling with the flexibility to adapt, reuse and validate the behaviour of
evolving systems. This is because network algorithms are ready to analyse the
systems, which helps fill modelling gaps. However, it is necessary to understand
how the target complex system, simulation methods and network algorithms
function to ensure the model behaviour matches the system behaviour and be
able to verify and validate the model and output.

Ranking algorithms facilitate the quantification of such networks (Page et al,
1998; Brin and Page, 1998) and many of them such such PageRank, HITS and
SimRank algorithms have sufficient input parameters to tune and adjust the al-
gorithm according to the underlying system. For example, to avoid outlier val-
ues, the algorithm’s damping factor and the number of iterations can be tuned to
avoid such values or the model running endlessly. Furthermore, ranking algo-
rithms can maintain adaptive behaviour due to a change in one part of the net-
work can affect the rest of the network and can also be verified whether the sum
of the ranks in the whole network is equal to 1 (Page et al., 1998; Brin and Page,
1998). Such properties allow us to quantify complex systems as they evolve.

Ranking algorithms treat vertices in a complex network equally and quantify
them based on their topology, position, and incoming edge values. Path analysis
algorithms allow isolating certain edges from the rest of the network to observe
the vertex’s behaviour stability from different path perspectives. This allows us to
ensure that we interpret the outcome correctly and that the identified key vertices
are valid. Additionally, these algorithms can be easily merged with other simu-
lation methods, such as agent-based modelling and system dynamic simulation,
to quantify the agents or vertices. Such hybrid modelling approaches help to ob-
serve the rank variation and classify vertices behaviours (Petty, 2018). Behaviour
classification allows further validate the network, which represents the system
based on peculiar changes such as missing vertex or edge (Howison et all, 2011)).
Hence, these approaches can facilitate the holistic modelling of complex health
systems based on external influences, such as additional vertices, sub-systems or
systems, or internal influences when the relation between two vertices changes.

Like complex societal systems, complex hospital systems also evolve,
encounter internal and external influences (Tang et al., 2021; Ladyman et al.,
2013; Martinez-Garcia and Hernandez-Lemus, R2013), and lack data
(Barijis, 2011; Carter and Busby, 2023). In networks where the flow carries net-
work topology and the flow rate, using two different network algorithms, such as
structural hole (Burt, 1995) and flow algorithm in parallel, can provide a more
valid and reliable outcome for decision-making (Petty, 2018). This further en-
sures that the algorithms’ results are not due to the properties such as cycles and
lack of incoming and outgoing edges. However, as discussed, such algorithms
are static in nature, and even if there are enhancements in algorithms such as
dynamic flow, the enhancements are not intended to capture the dynamic of the
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complex health systems.

When a complex health system evolves, there can be perturbation or improve-
ment in the overall system’s performance. Network algorithms are sensitive in
capturing perturbation.  However, many network algorithms ignore the
behaviour variation in the vertices of a network. Complex health system dy-
namics can be captured using percolation algorithms (Havlin et al., 2012). The
percolation algorithm fills in the existing limitations in centrality algorithms (Pi-
raveenan et al., 2013) to capture the vertices’ influence on the system (Crielaard
et al), 2023). The divergence of percolation states in vertices of a network allows
us to measure the performance of complex health systems.

The evolving nature of complex organizational systems can influence the net-
work representation of such systems. This can result in health organizations
with similar aspects having divergent structures. For network representation of
such systems, Bayesian network approaches (Holmes and Jain, 2008; Ankan and
Panda, 2015) can predict the topology of these networks based on individual or-
ganizational data, and non_randomness (Ying and Wu, 2009) algorithm can in-
crease the validity of the network representation by identifying the missing links
in each network topology compared to a reference network.

This requires a thorough analysis of the edges of complex health networks
with the consideration of the health aspects the network represents, which limits
the application of generic network algorithms. On the other hand, the path anal-
ysis of complex health networks depends on the purpose of the analysis and the
network type. To determine whether all the paths, the longest path, or a prede-
fined length of a path is required for the analysis, we need to understand if the aim
of the analysis is to find the persistent vertices, bottlenecks, or the ill structure of
network topology.

As a result, new modelling and analysis approaches which employ network
algorithms, can facilitate the holistic modelling and analysis of complex health
systems as they change and evolve. However, it requires proper adjustment to
avoid invalid results and interpretation and risky decisions (Howison et al., 2011};
Havlin et al., 2012). While these approaches enhance the modelling, the accuracy
of the network representation of health systems plays a significant role in the
validity of the model output.

Various verification and validation techniques can be applied to ensure the
accuracy of the network, the model and the output behaviour (Sargent, 2013).
The suitability of the techniques depends on the case study, system type, and
model purpose. These techniques can be through applying different algorithms
in the model, tracing codes programmatically and manually, comparing models,
and using domain experts’ knowledge. Hence, to accurately model the complex
health systems, network topology, model functionality, input and output vari-
ables, and their structure should be taken into consideration.

To summarize, first, the application of network algorithms to model and anal-
yse complex health systems has significant limitations. This requires proper se-
lection and adjustment of these algorithms with the consideration of the complex
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system, system behaviour, and network type. Second, the evolving and changing
nature of these systems needs to be captured in the network representation and
model. Third, ensure that sufficient input and output variables are used within
the model. Finally, fourth, the model has the degree of flexibility to be applied
and enhanced for other health systems.



3 Methodology

Three case studies focusing on different complex systems are used to study the
health systems. The first case study focuses on complex societal systems, the
second case study focuses on complex hospital systems, and the third case study
focuses on complex organizational systems. The chapter first covers the research
methodology and the worldview of the doctoral study; next, identifies the re-
search questions and the motivation behind it; then, the research methodology
procedure through a diagram; and finally, implementation detail for develop-
ment such as the tools and the library usages.

3.1 Research Methodology and Worldview

The purpose of this PhD study is to offer various network-agnostic computa-
tional approaches to model the dynamic behaviour of evolving complex health
systems. Each proposed modelling approach consists of either a network simula-
tion method, a network algorithm or a combination thereof. The choices depend
on the network type, the underlying research problem, and the target complex
health system. The research methodology follows a postpositivism worldview
where it offers various approaches to determine where and what influences the
outcome and assesses them to understand the real-world systems’ performances
better. Each method and algorithm aims to handle various underlying issues by
partitioning them into small parts. For instance, network algorithms can enable
quantification, structural analysis, dynamic analysis, performance analysis, veri-
fication and validation, and crucial vertices identification. In contrast, simulation
methods or dynamic algorithms can facilitate the modelling of the dynamic be-
haviour of complex health systems. Such approaches, which follow the postpos-
itivism worldview, also require numerical data to enable precise measurement
and observation of the output behaviour. Thus, to identify and assess the signif-
icance of causes and effects, the input data should be quantitative or need to be
quantified through objective approaches. The aims of these approaches are to:

« Facilitate the quantification of vertices and edges in an evolving complex sys-
tem through ranking approaches.

15
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« Identify and classify the crucial vertices based on their behaviour variation
and stability.

» Enhance the computational verification and validation of the model and the
output behaviour.

» Evaluate the performance of the evolving complex system.

To break down the research problem, first, input variable types and data avail-
ability are considered. Where available, quantitative input data are adopted.
Where data is unavailable, ranking algorithms and gaming simulation are used to
overcome the data unavailability. Quantitative data are numerical values which
are measured through ranking approaches and stored in files or databases. Next,
network algorithms help to model and analyse the dynamics and topologies of
these systems to identify the crucial vertices, edges, and sources of causation.
Simulation methods or dynamic network algorithms are used to observe the ver-
tices’ dynamic behaviour and evaluate the performance change and stability.

3.2 Research Questions
This thesis aims to answer the following research questions:

1. What is the role of network algorithms and simulation methods in the mod-
elling and analysing complex health systems?

The representation of complex health systems as networks facilitates the ap-
plication of network algorithms and network simulation methods to model
and analyse these systems. This thesis explores the suitability of network al-
gorithms and simulation for different types of health systems and suggests
proper adjustment to facilitate dynamic modelling and analysis.

2. What contributions network modelling approaches can make towards the
holistic modelling of complex systems?

Holistic modelling aims to capture the behaviour of all the elements in a sys-
tem with respect to the complexity and connectivity of its parts. The thesis
proposes new network modelling approaches by investigating the function-
ality and requirements of various complex health systems and the suitability
of network algorithms and methods in order to adjust them to model such
systems.

3. What are the roles of network algorithms in promoting verification and vali-
dation of models and output behaviour?

The verification and validation of simulation models are challenging. This is
due to the uncertainty of the network representation, model structure and in-
put data accuracy. The thesis represents the features and proper application
of network algorithms to promote verification and validation.
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3.3 Research Methodology

The thesis uses three case studies, one in mental health and wellbeing, one in
a hospital and the last in social and home care, to explore the research ques-
tions. Figure B.1 illustrates the research procedure followed to accomplish each
case study. The research begins by first formulating research questions and then
selecting a case study. Each case study begins by first receiving the network rep-
resentation of a complex health system and the corresponding data. This allows
us to perceive the following;:

1. The network type.

2. The required input and output variables to define.
3. The problem required solving.

4. The limitations.

Perceiving this helps to review the relevant literature to identify potential
network algorithms and simulation methods. Additionally, the literature review
helped to learn about the previous research conducted to solve similar problems
and uncover the methodological limitations and the literature gaps.

As mentioned, three different case studies are used to explore network mod-
elling approaches. The first case study aims to model an evolving complex soci-
etal system, the second case study aims to model an evolving complex hospital
system, and the third case study aims to model an evolving organizational sys-
tem:

» Complex societal system: In this case study, the provided network repre-
sents the system describing the mental health and wellbeing of children and
young people. Literature was explored to find data on the factors that form
the vertices of the network, and because limited data was found, a simulation
game was developed to rank the edges in the network. Next, a ranking al-
gorithm is used to quantify the vertices in the network. Merging the ranking
algorithm with path analysis helps to identify the behaviour stability whereas
merging the ranking algorithm with system dynamic simulation helps to clas-
sify the vertices’ behaviours.

» Complex hospital system: In this case study, the provided network, anal-
ysed by Marzano et al| (2024) based on Akademiska University Hospital
Data), represents hospital wards and care pathways between the wards. Two
modelling approaches are proposed for this case study. The first modelling
approach uses agent-based network simulation to understand the wards’ be-
haviours and network algorithms to identify the weaknesses and evaluate the
wards’ performances. The second modelling approach modifies the flow al-
gorithm to solely model the dynamic nonlinear behaviour of the patient flow
without employing a simulation method.
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» Complex organizational system: In this case study, an approach is pro-
posed to generate networks for each home-care organization. The approach
first uses a Bayesian network and then merges the non_randomness algo-
rithm with path analysis to represent these networks by predicting the links.
Additionally, a multi-network simulation approach is used to simulate the
organizations’ networks in parallel and evaluate their average performances.

To that end, the modelling approaches are developed to simulate the networks
and classify the vertices’ behaviours. This allows us to identify the crucial ver-
tices, evaluate the systems’ performances, and verify and validate the model and
the output behaviour. To conclude, the proposed approaches provide a manner
to uncover the crucial vertices and edges for evidence-based decision-making.

3.4 Implementation

All modelling approaches are developed using Python programming language.
Python packages and frameworks are used to facilitate the implementations of
models. For instance, Networkx (Hagberg et all, 2008) is an open-source Python
package with a wide list of network algorithms. The library allows us to search
and explore the source code of these algorithms in order to perceive the applica-
tion and limitations and further be able to adapt, tune, adjust, and merge them
properly with other algorithms and network simulation methods. The package
simplifies the construction, manipulation and elimination of the networks. Addi-
tionally, queueing-tool (Jordon, 2023) is used to implement the agent-based net-
work simulation for a hospital, which is an open-source Python package, that fa-
cilitates the implementation of queues, attributes, and agents and inherits classes
for more specific network simulation and analysis purposes. Finally, the Flask
micro framework (Grinberg, 2018) is used to implement the SocioBalance web-
based simulation game. In parallel, other Python packages are used to enhance
the modelling and model validation, which are the Fitter library (Cokelaer, 2023)
used to estimate accurate distribution functions, and pgmpy library (Ankan and
Textorn, 2024) to implement the Bayesian Network approach for network gener-
ation from the survey.






4 Method

This chapter presents the approaches proposed and developed during the PhD
study. For that, first, the types of networks which are provided or generated are
explained. Next, the chapter provides an overview of the approaches’ procedures,
introduces the input variables and the structures, describes the approach devel-
opment, and then the necessary steps taken to verify and validate various aspects
of the model.

4.1 Network Types

Each case study uses different types of networks. The following points explain
the types these networks represent:

» Interaction network: In such networks, each vertex has a different role
with different impact strength on each other where the edges represent the
vertices’ interactions. A complex societal system, represented as a network
previously developed by Raghothama et al| (2025a,b), is used as a case study.
The vertices in this network represent the factors affecting children and young
people’s mental wellbeing, whereas the edges represent their direct and indi-
rect connections. This network is used as a case study for the approaches pro-
posed in paper [l to quantify the edges, in paper [I to quantify and identify the
most influential vertices, and in paper [[I1 to classify the vertices behaviours.

* Flow network: In such networks, vertices have similar roles where infor-
mation and patients flow among vertices through the edges. A complex hos-
pital network, which represents the Akademiska University Hospital in Upp-
sala (Marzano et all, 2024), is used as a case study. The vertices represent the
wards in the hospital, and the edges represent how the patients flow through-
out the hospital. This network is used as a case study for the approaches pro-
posed in paper [V using agent-based network simulation and network analy-
sis and M through the modification of the flow algorithm. The aim is to model
the patient flow and evaluate the wards’ performances.

o Multiple interaction networks: Such networks have a similar nature
to the interaction network, with the difference that there are replications of
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these vertices with different topologies and weights. Networks which repre-
sent similar complex organizational systems are used as a case study. The
vertices in each network represent the wellbeing of the staff and users of each
home-care organization. A link prediction approach is proposed in paper V]
to generate network topology based on the survey data (Bostrom et al., 2022)
and a reference network (Darwich et all, 2023) to represent various complex
organizational systems of the home-care properly.

4.2 Overview

Figure {.1 illustrates a flowchart to provide a holistic view of the approaches fol-
lowed for all the case studies. This involves importing input data, network gen-
eration, quantification, algorithms and methods adjustment, approach develop-
ment, and approach simulation and validation.

Survey Data Probabilistic
Input Data »< or » Approach to Link
Prediction
Adjacency List
Generate Directed |
Networks B
" Probabilistic
Survey Data

DatanghAvaliahla L Approach to Quantify

Vertices and Edges

h ¥
Data Extraction _ ) )
From Literature to ?grgﬂagni'mg:tg:
Quantify Edges ty Edg
Recorded data
:
MNetwork Meodify, Merge and | Metwork Approach to Quantify Vertices
Algorithms Tune Algorithm Link Prediction and Edges

Simulation Development and andiar | Metwork Approach to

Methods Adjustment ”| Dynamic Modeliing

Qutput Network Simulation

Data and Model Validation

Figure 4.1: Flowchart for all Approaches.

The procedure can be divided into the following steps:
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» Network Generation: For network representation of a complex system,
input data should indicate the vertices and their connecting edges. This re-
quires an adjacency list to generate a directed network. Hence, in the case
of societal and hospital systems, inputs were adjacency lists to generate a
directed network. However, in the case of organizational systems, a prob-
abilistic approach (Bayesian network) is used to identify the links based on
the survey data.

» Network Quantification: Next, the network requires quantification. This
isto understand the vertices behaviours, edges impact, and the system perfor-
mance. Due to data unavailability, gaming simulation or literature data are
used to quantify the edges of a societal network, and a ranking algorithm to
quantify the vertices. Whereas to quantify the hospital network, previously
recorded and analysed data are used (Marzano et all, 2024). However, to
quantify the organizational networks, a probabilistic approach (Conditional
Probability Distribution) is used to calculate the vertices’ and edges’ weights
based on the survey data.

» Network Modelling: Network algorithms are used for quantification (rank-
ing algorithm), link prediction (to further enhance the organizational net-
works topologies) and dynamic modelling. To develop the dynamic models,
network algorithms are adjusted through modification, merging (with simu-
lation methods) and tuning. In parallel, necessary adjustments are made to
simulation methods to model the system properly. Next, to ensure that the
networks generated through probabilistic approaches are valid, a link predic-
tion approach is developed to enhance the topologies. Finally, the networks
are quantified with the data collected through quantification approaches or
previously recorded data.

» Simulation and Validation: After accomplishing the aforementioned step,
network approaches for dynamic modelling are proposed to simulate and val-
idate complex health systems. Then, network simulation and validation are
performed to extract the output for further analysis. The outputs are adja-
cency lists, which store the vertices’ performances per change, and adjacency
matrices, which provide a holistic view of the complex health systems.

4.3 Modelling Approaches

To develop the network modelling approaches, necessary input variables are de-
fined to construct the network topology and data structure dynamically within
the model. This will provide the freedom to model networks agnostic of the scale,
type, topology and data. The first step to model these systems is to create a di-
rected graph to represent their topology. This will help to observe the edges’ di-
rections and vertices’ degree of connectivity. The second step is to quantify the
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vertices and edges to perceive the state at which a vertex is and the range for vari-
ation in behaviours. Finally, relevant influencing factors are required to properly
capture the dynamic behaviour of the system. Table }.1| represents these input
variables structure based on the network type. As a result, the societal, hospi-
tal and organizational networks all have only one list of vertices. However, in
case of societal and hospital networks, all the vertices {V;}7_, and edges {E;}~,
which are in the list V' and {(U;,Vj : U;,V; € V} are present in the network,
whereas in case of organizational network, individual organizations can have var-
ious amount of vertices {V/}?"/, but all derived from one list of vertices {V;}7_, }.
The presence of a vertex depends on individual organization performance. On
the contrary, the way these vertices interact varies, which provides a unique list

. k
of edges {{Ef }Zijl} to represent each organization {V;}? , }. The data to as-
j=1

sign values to these input variables are defined either by the provided adjacency
lists or generated based on the survey data.

Table 4.1: Input Variables.

Purpose] Societal | Hospital Organizational
Vertices Viti, cV - (V72 c Vi,
Bdges | {Ei}fy C{UnVe):UnVi eV} | (B} WL V) Ui Vi € (Vb }
1= —%
Vertices {CiYe, {SLyr,, {{Pf }iil} .
Weights {DF;}™ |, =t
{Bi}?:p
D},
Somy \F
Edges {Wiym, {DP} s {{Wi }izjl} i—1
Weights {Fitm -
Other a {Ri}i_o L
Factors UPis 1 s
{{APij}?zl}?;1

The rest of the variables are the list of vertices’ sub-systems, vertices’ weights
and edges’ weights based on the data availability, and other influencing factors
based on different modelling purposes. The following subsections will provide
more details regarding the implementation of the proposed modelling
approaches and the application and computation of these input variables within
the models.

Modelling of Societal Network

In the first case study, three separate models are developed. First, a gaming sim-
ulation approach, called SocioBalance, is developed to quantify the edges (paper
). The game is developed to quantify the edges in a network by ranking their
significant impacts. The objective of the game is for the players to identify the



4.3. MODELLING APPROACHES 25

significance of the given vertices based on the given scenario and arrange them
based on their direct impacts.

The approach development begins by preparing a database and importing
the vertices {V;}?_, C V, vertices sub-systems {C;}*_, and edges {F;}™ , of the
mental wellbeing network into the database. Then the vertices are clustered into
different sub-systems, where each vertex V; belongs to a specific sub-system C},
where there is no intersection (eq. f.1)):

V,ieCj, j=12....k, C;NC;=0 fori+#j 4.1

The ranking of the vertices depends on the arrangement of the predecessors
of each vertices. For that, the algorithm checks to ensure that each vertex has at
least two incoming edges d~ (v) > 2. Hence, vertices with less than two incoming
edges are eliminated (eq. §#.2):

V' =d (V;) > 2, otherwise V; is eliminated 4.2)

Next, to rank the edges based on the players’ arrangement, the algorithm rep-
resents only the predecessors U’ of the selected vertex V; (eq. §.3):

U= {U; €U | (U.V)) € E) (43)

Depending on the arrangement of the predecessors U’ by each player, a rank
R, is provided as the edges’ weights W (U/, V) which directly links the predeces-
sors to the selected vertex. The rank begins from 1 to the number of the prede-
cessors (U') (eq. @.4):

WUZ’,V,L/ :Rlv le {1727’|(U/)‘} (4'4)

After each round of ranking, the algorithm selects the incoming edge with the
highest provided rank, as a new vertex to quantify its incoming edges (eq. §.5):

Vi=U;, iffWu,vy =1 (4.5)

The game allows collecting various ranks for each edge based on the number
of players and their choices within the game. Next, to quantify the edges, the
weighted average approach is used, and the data is stored in {W;}! ;| variable.

After quantifying the edges, in order to observe the vertices’ behaviours, in the
first approach PageRank is merged with path analysis (paper [I). The approach
iterates over all the vertices and finds all the connecting directed paths between
pair of vertices (V;,V;) and constructs a temporary directed graph from it DG’

(eq. B.6):

DG = U DirectedPaths(V;, V) (4.6)
Vi,V;eV
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This allows to isolate these paths from the rest of the network and then mea-
sures the vertices ranks which are located within the DG’. This helps to identify
the local most influential vertices (eq. ¥.7). To identify the global most influ-
ential vertices, the whole DG is used to measure the rank without path analysis
(eq. B.7). This allows us to observe the persistency of the vertices ranks from the
global and local network perspectives. This is because, in an evolving complex
system, vertices may join the network, which may suppress the popularity of the
influential vertices. Damping factor « is tuned accordingly to avoid rank-sink,
and PageRank is used to handle negative weights.

Local: PageRank(DG/y, v;): @), Global: PageRank(DG, a) 4.7)

In the second approach to model the behaviour variation based on the changes
in the edge weights and network scale, we proposed a new approach which merges
the PageRank with system dynamic simulation (paper [II). The model procedure
begins by iterating over the vertices V, identifying its incoming edges, and ma-
nipulating the weights based on (eq. §.8):

k
WieV, Wov < Wuv [] (4.8)

I=1

With each value of I, the I; multiplies by the weights of the incoming edges
Wuy,.v;. Then, the model reassesses the ranks in the network (eq. 4.9):

PageRank_numpy; (DG, a) (4.9

After each round of iteration, the model can reset the network to its initial
state or continue applying changes to other edges depending on the approach
settings. This facilitates the behaviour analysis from multiple vertex perspective.
It is noteworthy that both the change in edge weight and network scale affect the
vertices’ ranks, which results in behaviour variation as the network evolves.

Figure §.2 is an example which illustrates how the mental wellbeing vertex
rank varies when only vertices with positive impact influence. The figure com-
pares the behaviour using the data collected from various literature (in blue) with
the data collected from the SocioBalance game (in purple). The aim is also to val-
idate the output behaviour, and the data collected from the game.

Modelling of Hospital Network

To model a complex hospital network two approaches are proposed. Each has
a limitation and strength. The first approach is to implement an agent-based
network simulation (Eden et al., 2021]), which models the flow of agents and re-
sources in a network, and a network algorithm to analyse the network. The ap-
proach requires embedding queue (Green, 2006) on the edges and defining suf-
ficient parameters. For this, agent-based network simulation is used to model
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Comparison of "mental health" behaviour with different datasets
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Figure 4.2: The influence of vertices with positive impact on “mental wellbeing”
vertex.

the wards’ behaviours, and network analysis algorithms are used to identify the
wards with persistent bottlenecks and evaluate hospital performance (paper [V).

To develop the agent-based network simulation, first, the edges {E;}", re-
quire correct queue disciplines. Queue disciplines help to define the edges’ be-
haviours, such as sharing servers when two edges join, buffers capacity for pa-
tients to wait, permission to enter or leave a queue, etc. To embed queue disci-
plines, we also added temporary edges for the patients to enter and leave the hos-
pital network. For that, the temporary edges E, and E,,, _; are assigned Quete-
Server and NullQueue disciplines, respectively. This is because NullQueue dis-
cipline is responsible for terminating patients’ flow, and QueueServer discipline
allow unlimited patients to enter the hospital and wait in the queue even if the
upcoming wards might be at full capacity. The rest of the edges in the hospital
network are assigned LossQueue disciplines to avoid duplication of the vertex
information in case of multiple incoming edges (condition B.10):

QueueServer, if E;, = Ey,
Q(E;) = ¢ NullQueue, ifE; =E,,_1, 4.10)
LossQueue,  otherwise.
After the adjustment of the queue disciplines, input variables are assigned to

corresponding vertices {V;}1_,, which represents the wards, and edges { F; } ;—1m,
which represents the care pathways connecting the wards. Some of these inputs
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are fixed and some vary for each ward and timestep. For instance, the vertices
capacities represent the number of beds {B;}! ,, the number of servers repre-
sents the number of staff {D;}? , and buffers represent the queue size {F;}",.
However, service times, arrival rates, and patient type vary per patient, ward, or
time.

To assign a proper length of stay per patient for each ward, / number of service
times {5}, for the given number of vertices n are used to estimate proper dis-
trlbutlon functlons for that, Fitter python package (Cokelaer, 2023). Equation
represents the distribution function { DF;}?_, per ward, which dynamically
generates a service time Tv per patient at a given time in specific ward within
the condition if the Ty, is within the range of the maximum and minimum service
time T collected from the hospital record:

Ty ~ DFy,, Ty’ €[Sy, minsSvimaxl; (4.11)

For the model to generate a new patient into the hospital network, a discrete
list of arrival rates { R, }!_, are assigned to the edge E, for the amount of given
times ¢. Next, in order for the patients to move throughout the hospital, a list
of distribution probabilities { DP;}!" ; are given to each edge. Then, to ensure
that the patients visit only the required wards, a class is defined to assign each
agent a disease type and identify their specific paths to follow. In this case, the
Patient Class is derived from GreedyAgent Class. Originally, the GreedyAgent
class aims to find the shortest path for an agent to follow; however, this is mod-
ified to ensure the patient only follows the path based on their disease issue and
priority. Equation .12 represents the list of edges £’ each patient is allowed to
visit. For that a matrix of patients pathways {{P;;}}_; };2; (or {{AP;}]_;}7"4
if the patient is a priority type) is used, which indicates the permission a patient
can have to visit a ward based on its disease issue if the cell value is non-zero.
Hence, the class updates the list of E’ by keeping only the edges that the patient
is permitted to follow. Finally, the most suitable edge for the patient to follow is
chosen by the given distribution probability.

E; = {(U;, V;) | Vi € Vsuceessors(U;) and P[disease issue, V;] # 0} (4.12)

U; ) Visuccessors

Bottlenecks arise due to patients’ flow intensity and structural weaknesses
such as low degree of connectivity. Therefore, flow and structural hole algorithms
are used to identify the wards with persistent bottlenecks. To implement the
analysis, the output gathered from the Agent-based network simulation, along
with the network, wards capacity and edge distribution probabilities, are used
to measure the residual flow and the structural limitations. Finally, the common
wards with significant persistent bottlenecks are selected as evidence for scenario
analysis.

The second approach to capture the dynamic behaviour of complex hospital
systems is to modify and adjust the flow algorithm to observe the dynamic nonlin-
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ear behaviour of the vertices. The modification of such algorithms facilitates the
modelling and simulation rather than using simulation methods. To observe the
dynamic nonlinear behaviour, the algorithm should encompass sufficient input
variables and ensure that the output illustrates the vertices’ dynamic behaviours.
Furthermore, all flow algorithms have embedded path search algorithms, which
may ignore the critical properties of the vertices or edges while analysing the sys-
tem. Hence, network algorithms need to be properly modified to capture the
proper behaviour of the vertices in a network (Crielaard et al., 2023; Howison
et al), 2011).

This requires proper modification of the flow algorithm to model the patients’
flow without the need for a simulation method. Hence, we modified the flow
algorithm to model the dynamic nonlinear flow of the patient based on Ford-
Fulkerson (Ford and Fulkerson, 1962) and Edmond-Karps (Edmonds and Karp,
1972) flow algorithms. First, a dynamic residual graph is defined to store the
highest and the lowest residual flow. This helps to measure the bottlenecks’ per-
sistency and severity in each edge and vertex. Algorithm [l| represents the core
modification of the flow algorithm to capture the dynamic behaviour of the wards.
The algorithm iterates over the list of arrival rates R and the edges E. Within the
iteration loop, it measures the proper service time given the unique distribution
function DF for the wards (similar to eq. B.11) for each ward v. Then, the al-
gorithm measures the service rate based on the number of doctors DG|v][d] per
ward and the current arrival rate r, flow intensity based on the current arrival
rate r and service rate, and the ratio to observe the overflow state of the wards
(number of beds [b]). Next, for each edge, the algorithm measures the inflow rate
based on the current arrival rate r effect on each edge distribution probability
DGlu][v][dp], and the effect of the edges’ buffer size [f] on the inflow rate. Fi-
nally, the algorithm adds the adjusted capacity of the current vertex cap_v with
the adjusted capacity of the current edge cap_uv and stores it in a residual graph
staRG[u][v][c] as a residual capacity to continue processing the flow. It is worth
mentioning that the pseudocode notations, such as v, r, df, etc, refer to the same
mathematical notations V;, R;, DF;, etc, respectively.

Additionally, the algorithm is set to use depth_first_search and eliminate
the backward flow. This is because patients follow the paths for recovery not
the shortest or alternative paths to leave the hospital. The algorithm finds the
available paths and identifies the minimum residual capacity of the path. Unlike
agent-based network simulation, the algorithm does not require temporary edges
and the source and target vertices are assigned to ensure where the patients’ flow
begins and ends. Finally, the algorithm stores the highest and the lowest resid-
ual flow in a directed graph, which allows one to observe the severity, persistency
and overflow state, and stores the current flow state at each ward per time in an
adjacency list to observe the wards’ behaviours. The complete modification of
the algorithm is in paper M.

Figure [.3 illustrates the nonlinear behaviour of selective wards within 24
hours based on the Akademiska hospital data. The outcome indicates that the



30 CHAPTER 4. METHOD

Algorithm 1: Dynamic Nonlinear Flow Algorithm
1 foreachr € Rdo

2 foreach (u,v) € E do

3 while ! (min(DG[v][L,]) < sTime_v_r < max(DG[v][L,])) do
4 sTime_v < DG[v][df].rvs(DG[v][df arg])

5 service_rate_v < %

6 flow_intensity_v + m

7 ratio_v «

8 cap_v + ratio_v X DG[v][b]

9 inflow_uv < r x [u][v][dp]
10 cap_uv < inflow_uv x DGu][v][f]
11 staRG[u][v][c] + cap_v + cap_uw

12 while True do

13 path < DepthFirstSearch(StaRG, source, target)
14 if !path then

15 break

16 res_cap < MiNg¢pqsn (res_cap, StaRG|e][c])

17 foreach ¢ € path do

18 StaRGl|e][c] + StaRGl[e][c] — res_cap

Average Residual Capacity for One Day (Moving Average = 1)
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Figure 4.3: The nonlinear behaviour of Emergency Department, Medicinavdelning
and Infektionsavdelning in one day.

Emergency Department has significant perturbation, Medicinavdelning has mod-
erate perturbation, and Infektionsavdelning has steady behaviour.
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Modelling of Organizational Networks

In the third case study, a link prediction approach is developed for accurate net-
work representation of various organizations using both global and local meth-
ods (paper V1). The global method uses Bayesian network approach to construct
a network for each organization using survey data, and assign corresponding

nj

vertices in {V/}!7, C {V;}7, where all the networks use the common V to

Nk
access to the list of vertices, and the corresponding edges in {{EZJ }?;’1} . C
]:

{(U;, V) : U, V; € {V;}!_, } where each network has a distinct set of edges. Ad-
ditionally, conditional probability distribution is assign weights to the vertices

, k _ k
{{PJ}?il}jzl and edges {{W’J};ijl}j,l' Next, the local method merges the

K3 ?

non_randomness algorithm with path analysis to further enhance the predic-
tion of the missing links in each organization network if certain conditions are
satisfied (eq. B.13). In this case, the conditions to add a link to the organization
network are: 1) If for the identified edge, equivalent path length exists in the ref-
erence network DG,.y; 2) If the identified edge increases the non_randomness
score; and 3) If the sum of the weights in a given path Wy,_,..._,v,, . does not
exceed a certain threshold Wyax.

1:Pathlength K : U; — --- — V;in DG,.y,
DGU{E; = (U;,V;)}, if: ¢ 2 : non_randomness(G + {F;}) > non_randomness(G),

3: ZWU,i—>~~—>V1,,ref < Whax-
(4.13)
Next, a multi-network simulation approach is used to simulate the networks
of similar organizations in parallel with the following equation §.14:

YV, eV, Pi(t+1)=Pi(t)+ax > (P (t) x W, vi)) (4.14)

j€Predecessors(z)

The simulation begins by first iterating over the vertices {V;}?_, of all the net-
. k

works in parallel. Based on the edge {{Ef };1"1} . availability, the model mea-
sures the influence of the incoming edges weigflts Wuy,.v, and the predecessor
vertices weights P; at a given time, and sums up these values. Then, the damp-
ing factor « effect is measured and updates the current vertex weight P;. This
procedure continues for the given time interval to evaluate the organizations’ per-
formances at the same time with the same influence.

Figure §.4 illustrates the performance of selective organizations. The multi-
network simulation output behaviour indicates that the diverse topologies can
result in diverse performances among these organizations. This indicates that
lack of certain vertices (elements) or edges (interactions) within this organiza-



32 CHAPTER 4. METHOD

Average Vertex Weight

0 200 400 600 800 1000
Time

Figure 4.4: The performances of selective organizations based on their significant
diversity of the topology, (red: unit R, purple: entire network irrespective of specific
unit, brown: unit Q, gray: unit S).

tions affect their overall performances. Additionally, the labels in Figure #.4 rep-
resent the vertices which causes the drop in each organization’s performance at
the give time.

4.4 Verification and Validation

One of the challenges in modelling complex health systems is the verification and
validation of the network topology, dynamic models and output behaviour. This
depends on the input data, and sufficient variables to model and influence the
system and proper development and adjustment of the computational model.
The following approaches (Sargent, 2013) are performed to ensure the verifica-
tion and validation of the models:

 Verification: Ranking algorithms such as PageRank have features to verify
the vertices’ ranks accuracy in a network. The first feature is that the sum of
the ranks should be equal to 1 after each change, and the second feature is
that the ranks should be within a specific range. Otherwise, it is known as a
rank-sink. To ensure there is no outlier value, the procedure is implemented
in papers [l, [ and [II. The procedure helped to tune the damping factor of
the PageRank properly for each approach. In general, for all the approaches
proposed in this thesis, the defined variables are extracted at various steps to
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ensure they are accurately adapted to the changes within the equation. For
example, to ensure the accuracy of the modified flow algorithm in paper M,
we extracted and visualized the paths with the flow to uncover the reason for
the blockage.

e Model Validity: Algorithm selection and adjustment affect the output ac-
curacy. One of the main problems is the networks with signed edges. The
network we used to study the complex societal system had negative weights.
Such networks are common in presenting complex societal systems. How-
ever, this prevents the application of a default ranking algorithm for such
systems. Hence, to prevent this, the pagerank_numpy version of the rank-
ing algorithm is used, which allows networks with negative edges, and the
output can be both negative and positive depending on the changes in the
vertex. Additionally, the algorithm version is not sufficient for the validity.
To avoid outlier values emerging from negative weights and also increase in
the edge weights, the damping factor is further tuned to observe proper out-
put behaviour. For a hospital system, to identify the bottlenecks in a com-
plex hospital network, the preflow_push (Goldberg and Tarjan, 1988) flow
algorithm is used, which has the lowest running complexity along with con-
strain (structural hole) algorithm to identify the structural weaknesses (pa-
per [M). The parallel application of both algorithms helped to ensure that the
identified bottlenecks were caused by both the wards’ connectivity and the
flow of the patient. On the contrary, to modify the flow algorithm for mod-
elling the dynamic nonlinear behaviour of the hospital wards (paper M), Ford-
Fulkerson (Ford and Fulkerson, 1962) and Edmonds-Karp (Edmonds and
Karp, 1972) algorithms are used. This is due to the algorithm’s simple struc-
ture, which makes it easy to modify. Furthermore, the modification allowed
us to solely simulate the system without complicating it with a simulation
method. Lastly, algorithm selection has been based on their functionality as
well, such as conditional blocks, iterations, data types and manipulations,
and sufficient input and output parameters. An example can be the usage of
a depth_first_search instead of a breadth_ first_search to model the patient
flow using a flow algorithm. From the complex societal network perspective,
adverse and negative scenario analysis allows us to see the positive and neg-
ative influences on the network, which further promotes the validity of the
network topology and the model as a data collection approach.

» Operational Validity: To ensure that a model operates accurately, differ-
ent scenarios can be used to simulate and compare the results’ variation.
In complex societal network simulation, two different datasets are used to
quantify the links. The first dataset contains correlation coefficients collected
from various literature, whereas the second dataset contains correlation co-
efficients collected using gaming simulation (paper [[). Next, in the simulation
of complex hospital systems using a dynamic nonlinear flow algorithm (),
two different distribution probabilities are used for patient flow. The first
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dataset contains distribution probabilities of patients from Akademiska Uni-
versity Hospital, and the second dataset contains equal distribution probabil-
ities based on the number of outgoing edges from each ward. This allows us
to observe the reason behind path blockage. Furthermore, a proper distribu-
tion function is assigned to each ward to generate the service time per patient
using the Fitter python package (Cokelaer, 2023). To ensure the results are
realistic, the generated data are compared to the length of stay (LOS) and
also restricted with the maximum and minimum service time from the data.
Furthermore, the high perturbation in the ranks can also be due to the high
variability of the edges’ weights, which requires tuning the damping factor
until proper out behaviour is achieved.

Decision Validity: Issues raised from a complex system can have differ-
ent reasons, such as system structure or the rate of flow. Hence, to increase
the evidence for decision-making in a hospital, first, two algorithms are taken
into consideration: a structural hole algorithm and a flow algorithm. This al-
lows us to uncover the common bottlenecks in a hospital from both structural
and flow perspectives. Second, the persistency of the vertices’ behaviours
is taken into consideration if the system performance improves and stays
steady.

Structural validity: The accuracy of a network topology representing a
complex system can affect model output behaviour. Therefore, the data col-
lected from the SocioBalance game is tested through scenarios which help
to observe the positive and negative impacts on the vertices’ behaviours and
also compared to the data collected from the literature for the same purpose.
Additionally, in paper V1, the non_randomness (Ying and Wu, 2009) algo-
rithm is used to ensure that the predicted links accurately enhance the net-
work topology of the organizations.

Data Validity: Input data accuracy specifically for complex societal systems
is challenging. It requires understanding the human experiences through the
lens of the society. Thus, a simulation game was developed to quantify the
links in a complex societal system by adding the human factor to the model
(paper [). Such a data collection approach enhances the modelling validity
since it engages the player in various societal situations and can also focus
on a specific geographical location. Similarly, the approach can be used for
the validation of complex organizational systems where the players are an
organization’s staff and users.

Face Validity: Professionals and stakeholders within a field or organization
have the knowledge and expertise about a system’s performance. Involving
them throughout the development procedure, helped to validate the model
based on its output behaviour. Hence, the model output from the agent-based
network simulation was presented to the hospital managers to evaluate the
accuracy.



5 Contributions

The chapter highlights the contributions of modelling approaches, the applica-
tion of network algorithms, the output structure, and the roles these approaches
provide.

5.1 Modelling Approaches’ Contributions

The proposed approaches provide easier ways to model different complex sys-
tems irrespective of the changes in network topology, scale, type, and values,
which also facilitate the adjustability to enhance functionality. Table b.1| displays
the list of contributions each modelling approach provides.

In this table scalability refers to the approach’s ability to accommodate an
evolving network; generality refers to the approach’s reusability for any type of
network; adaptability refers to the approach’s ability to adapt the changes dy-
namically; topological flexibility refers to the approach being able to model net-
works with any topology; Finally, adjustability refers how the approach can be
enhanced to increase its efficiency or functionality.

The proposed modelling approaches in this thesis are all scalable to one evolv-
ing network except the multi-network simulation approach which can model mul-
tiple networks in parallel of various scales. This is because the model replicates
the network vertices, assigns different edges to each replicated network and elim-
inates the isolated vertices (paper V1). Furthermore, when applying agent-based
network simulation, the addition of a new ward requires defining which patient
types should visit there (paper [[V)). To reflect, when changing the scale of a net-
work, approaches or data are required to quantify the additional vertices and
edges.

The hybrid approaches, which are based on ranking algorithms, can be easily
applied to quantify and simulate various types of networks (papers [ and [1I).
This facilitates the approach generality to model different types of complex net-
works. This is because the ranking algorithm quantifies the vertices based on
their connectivity, network scale, and the weights of the incoming edges. There-
fore, these modelling approaches can be easily applied to other types of networks,
such as biological or economical. Similarly, the SocioBalance simulation game is
capable of ranking the edges in any complex societal system. However, it requires
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Table 5.1: Contributions of the Proposed Modelling Approaches.
Scalability Generality Adaptability | Topological Adjustability
Flexibility
Hybrid Approach Scalable to Generalizable Vertices Topologically Can be
(Ranking accommo- across all ranks flexible replaced by
Algorithm date evolving network dynamically algorithms
Merged with Path networks types adapt to the other than
Analysis) changes in ranking
the network
scale
Hybrid Approach Scalable to Generalizable Vertices Topologically Can be
(Ranking accommo- across all ranks flexible, replaced by
Algorithm date evolving network dynamically optimal with algorithms
Merged with networks types adapt to the at least one other than
System Dynamic changes in incoming edge ranking
Simulation) the incoming per vertex
edges’
weights
SocioBalance: Scalable to Generalizable N/A Topologically Can be
Edge Ranking accommo- across flexible, adjusted to be
Simulation Game date evolving societal optimal with used for other
networks networks, at least two network types
adjustable to incoming
other edges per
network vertex
Agent-Based Scalable to Generalizable Wards’ and Topologically Can be
Network accommo- to flow-based pathways’ flexible, extended by
Simulation date evolving hospital occupancy optimal with a inheriting
networks, networks dynamically single additional
requires to adapt to the outgoing edge classes for
define the changes in from the resource flow
patients’ the inflow source vertex
types to visit and outflow and single
the new ward of the patient | incoming edge
toward the
sink vertex
Dynamic Scalable to Generalizable Wards’ and Topologically Can be
Nonlinear Flow accommo- to flow-based pathways’ flexible extended by
Algorithm date evolving hospital occupancy routing
networks networks intensity patient flow
dynamically based on
adapt to the disease types
changes in or multi-
the inflow commodity
and outflow
of the patient
Link Prediction Scalable to Generalizable Dynamically Topologically Can be
Approach accommo- to non-flow adapts to the flexible, extended to
(Non_Randomness| date evolving type changes in optimal with consider the
Algorithm networks networks topology paths of cold start of a
Merged with Path minimum two vertex
Analysis) edges
Multi-Network Scalable to Generalizable Vertices Topologically Can be
Simulation accommo- across behaviours flexible to enhanced to
date multiple dynamically networks of consider the
1-to-many non-flow adapt to the varying influence of
evolving network changes in topology similar
networks of types the incoming organizations
various scales edges’ within a
weights shared

environment
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slight adjustment of the aspects in the game to be applicable to other types of net-
works (paper [[). On the contrary, the approaches which model the dynamic of the
complex hospital systems can only be used to model hospitals. This is because
agent-based network simulation inherits a class to model the patients’ flow based
on their disease (paper [V} types, and the dynamic nonlinear flow algorithm is
modified to specifically model the patient flow in hospitals (paper M). Moreover,
the link prediction approach and multi-network simulation are suitable for non-
flow type networks (paper V1).

Internal influences are defined as the changes in the network topology, edges’
weights and their impact on the vertices’ behaviours. Such influences are cap-
tured in the hybrid approaches, link prediction approach, and multi-network
simulation to define the networks’ proper topologies and to perceive the vertices’
behaviours. Another type of internal influence is defined for flow-type networks
where the vertices’ behaviours are influenced based on the inflow and outflow
rate. Such influences are captured in agent-based network simulation and dy-
namic nonlinear flow algorithm, which measure the patient inflow rate based on
the arrival rates and the outflow rate based on each ward’s service time (length
of stay) and the number of servers in each ward. As a result, these proposed
approaches can dynamically adapt to the changes in the network based on cer-
tain conditions. However, the SocioBalance simulation game is proposed to col-
lect data and quantify the edges in complex networks. While the game elements
within the game adapt to the progress the player makes, the collected data does
not dynamically influence the model.

Topological flexibility refers to the sensitivity of an approach to the structure
of a network, such as the way the edges are arranged and connected to the ver-
tices. The modelling approaches proposed here are all topologically flexible and
handle exceptional cases. For instance, the hybrid approaches are optimal when
each vertex has at least one incoming edge. This is because the model searches
for the incoming edges to manipulate the weights in order to influence the net-
work. As a result, the model is unable to capture the influence of the vertices with
no incoming edges. In the case of SocioBalance, the game functionality is based
on the ranking of the edge with the highest impact. Hence, the model requires
at least two incoming edges to compare. Therefore, the game eliminates the ver-
tices where there are less than two incoming edges. Thus, a network where each
vertex has only one incoming edge would not be suitable for this game. In the
case of complex hospital systems, both modelling approaches are topologically
flexible. However, agent-based network simulation is more optimal when there
is a single outgoing edge from the source vertex and a single incoming edge to-
wards the sink vertex. This is because the model requires an edge to generate
the patients and an edge to eliminate the patients. Thus, it will prevent the other
edges from receiving patients. Finally, the link prediction approach is optimal
when a path consists of at least two edges, and the multi-network simulation is
flexible to simulate networks of different topologies in parallel.

The proposed approaches are also easily adjustable to model other features
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and functionalities of the same complex systems. For instance, the ranking al-
gorithm can be replaced with other network algorithms to measure the vertices’
behaviours based on criteria other than their connectivity and the weights of the
edges. SocioBalance can be adjusted to study other types of networks, such as or-
ganizational or economical systems. For hospital systems, the agent-based net-
work simulation can inherit other classes to model the resource flows, such as
staff, and the dynamic nonlinear flow algorithm can be extended to consider the
patient disease type and multi-commodity. Finally, the link prediction approach
can be extended to consider the cold start of the vertex, and the multi-network
simulation approach can be enhanced to consider the effect of similar organiza-
tions on each other within a shared environment.

5.2 Classification of Algorithms and Methods

Modelling a complex health system requires understanding the functionality and
structure of each complex health system. This is because complex health systems
function differently than other types of complex systems, and these functional-
ities can be easily missed by many algorithms and methods. This requires the
proper adoption and adjustment of the network algorithms and simulation meth-
ods. This section classifies the algorithms and methods which are considered
suitable to model and analyse the case studies. The choices are based on their
suitability to model and analyse various aspects of the complex societal, hospital
and organizational systems.

Table 5.2 classifies the network algorithms and simulation methods based on
various analysis purposes for health systems. In societal systems the vertices
behaviours are steered by the changes in edges’ weights. To analyse the vertices
in such systems, the network algorithm should consider negative weighted edges.
The ranking algorithm is suitable for analysing these vertices and has sufficient
input variables to tune the damping factor and the number of iterations to avoid
outlier values. To analyse the edges in this system, a gaming simulation approach
is developed to allow the ranking of the incoming edges. This is because edges’
weights depend on the network type and context. Therefore, there is no network
algorithm to rank the edges. Ranking algorithms can be suitable for complex
organizational systems as well. However, the ranks will be solely for individual
networks and will not be affected by a change in similar organizational networks.
Furthermore, to analyse the vertices of a hospital system, a percolation algorithm
is used. The percolation algorithm considers the vertices’ weights and states,
which helps to analyse the network based on the wards’ capacities and overflow
states. However, in this type of network, the edges indicate the flow paths and not
the impact strength on the neighbouring vertices. Thus, a static flow algorithm
can provide information about the bottleneck that emerged due to the flow, where
it considers the sum of the vertices and edges’ weights. This is because hospital
wards’ capacities are the main cause of the overflow than the edge weights.
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Table 5.2: Classifications of network algorithms and simulation methods to analyse
various aspects of the complex health systems.

Societal Systems Hospital Systems Organizational
Systems
Vertices Ranking algorithms Percolation algorithm
Analysis which considers the which considers vertices’
edges’ negative weights weights to analyse the
and directions are wards relative impact on
suitable to identify the a hospital based on its
most influential vertices overflow state
affecting societal
wellbeing
Edges SocioBalance simulation Static flow algorithm
Analysis game which considers which considers the
the edge direction can be edges’ and vertices’
used to perceive the weights to measure the
impact strength of the possibility of bottlenecks
vertices in a societal
system
Topology Non_randomness Structural hole Non_randomness
Analysis algorithm which (constraint) algorithm algorithm which
considers the edge which considers the considers the edge
weights to validate the edges’ weights to weights to validate the
topology and ensure the perceive the hospital topology and ensure
network properly pathways connectivity each network represents
represent the real world weaknesses individual organizations
system structure accurately
Path Algorithms considering Depth_First_Search Algorithms considering
Analysis all the paths connecting algorithm is more the shortest paths of at
two vertices help to suitable to identify the least 2-edges length
perceive the vertices source of bottlenecks in between vertices help to
influential persistency hospitals since identify the missing links
bottlenecks can also
emerge from less
priority wards
Networks Perturbation algorithm Comparison with a
interrela- to evaluate the reference network or
tion performance of a against Barabasi-Alberts
Analysis hospitals before and null network to evaluate
after the structural the network structural
changes accuracy
Dynamic System dynamic Dynamic nonlinear flow System dynamic
Analysis simulation algorithm modified simulation
specifically or
Agent-based network
simulation

The topology analysis provides information about the degree of connectiv-
ity, structure, strengths and weaknesses of the network. Complex societal and
organizational networks require a certain degree of structure to ensure they rep-
resent the system properly. Hence, the non_randomness algorithm is used to
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validate the topology and ensure the network representation is, to some extent,
structured. Similarly, hospital structural weaknesses can trigger bottlenecks in
the hospital where the number of incoming edges of a vertex is more than the
number of outgoing edges, or the vertices are weekly tied. However, this can
be affected by the distribution of the patients throughout the network. Hence,
the structural hole algorithm should consider the distribution probability as an
edges’ weights.

Path analysis algorithms are widely used to analyse the indirect impact or the
distance of the vertices. In a complex societal system, the indirect impacts can be
influenced through multiple connecting paths. To analyse these systems, path
analysis algorithms should consider all these paths irrespective of the length.
This can help to isolate these paths and measure the vertices’ stability without
the influence of other parts of the network. In parallel, to analyse the hospi-
tal paths, depth_first_search algorithms can be more suitable. This is because
the algorithm returns longer paths to uncover bottlenecks, which can be located
somewhere deep in the graph paths and might be considered less critical. Finally,
to predict the links in complex organizational systems, considering the paths with
the shortest length can be more suitable to identify the small details. It is worth
mentioning that due to the similarity in network types for societal and organiza-
tional, the same path analysis algorithms can be used to uncover the vertices and
predict the links.

The analysis of the interrelation between two similar types of systems can
help to evaluate the performance improvement or the influence caused on each
other within an environment. For instance, the perturbation algorithm can help
to analyse the changes in the system by edge and vertices removal until the op-
timal condition is met. This can be suitable in a hospital system analysis where
hospital care pathway restructuring or adding a new ward is required. In the case
of complex organizational systems, the interrelation analysis can validate the net-
works’ topologies either by comparing them to a reference network or against a
Barabasi-Albert null network. This is because Barabasi-Albert network is cre-
ated to test heterogeneous networks randomness. Similarly, this can be applied
to analyse the structure of the complex societal system.

Finally, to analyse the dynamic of the system, system dynamic simulation can
be more suitable for interaction networks, whereas dynamic nonlinear flow al-
gorithm or agent-based network simulation can be more suitable for flow-type
networks. System dynamic simulation makes it easier to embed network algo-
rithms to either quantify or measure the interrelation of the networks. Dynamic
nonlinear flow algorithms facilitate the simulation of the flow networks without
the implementation of simulation methods. Lastly, agent-based network simu-
lation facilitates the modularity of the modelling of the patient or resource flows
and interactions through class inheritance. However, it is challenging to embed
network algorithms within the model due to its structure. This requires iterating
over the output of the model and using it as an input for the algorithms.

In general, to model and analyse complex health systems, shortest path find-
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ing algorithms may not be suitable due to neglecting the crucial vertices in the
system. The network algorithms should also consider the direction of the edges
to identify the direction of the impact or flow. Furthermore, identifying if the al-
gorithm can handle and consider the impact of negative weights on the dynamic
of the system. Apart from the edges’ weights, vertices’ weights play a crucial role
in health system performances. As a result, to accurately analyse the health sys-
tems, network algorithms should consider both vertices and edges’ weights if pos-
sible; otherwise, at least one of these weights should be taken into consideration.

5.3 Outputs Structures and Purposes

The modelling approaches proposed in this thesis aim to provide a holistic view of
the system to identify the critical vertices and paths which significantly affect the
system and further the individual vertices’ behaviours to understand how inter-
nal and external influences affect individual vertices’ behaviours. This will help
to understand the fluctuations and the stability of different parts of the system.
The following provides an overview of the output structures and Contributions:

* Outcome of holistic view: Depending on the case study, the output is ei-
ther a matrix (2D lists) or network representation (adjacency list containing
edges).

— Vertices with most influential and persistent effect on mental
wellbeing: The outcome is based on the comparison and divergence
of the local and global vertices’ ranks. The persistent vertices are the
ones which preserve their importance, and the influential ones are the
vertices with significant rank and impact on the network. This helps to
understand which vertices can have a vast influence on the whole sys-
tem.

— Wards with severe and persistent overflow: The outcome is based
on the lowest and the highest flow in each ward. This helps to identify
the wards with overflow and the root causes of the overflow. Addition-
ally, the outcome provides an overview of the severity and persistency
of the flow in a hospital ward.

— Organizations with diverse network topology: This outcome is
based on the network representation of each organization. The network
topology of each organization helps to understand the performance di-
versity of similar health organizations within a shared area.

* Outcome of dynamic behaviour: The output is an adjacency list contain-
ing the vertices’ values such as weights, time, or steps that weight changed.

— Vertices with adverse and beneficial impact on wellbeing: The
outcome is based on the influence of one or many vertices on other ver-
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tices. This helps to identify which vertices in a network can cause signif-
icant changes and whether the impacts are beneficial or adverse.

— Wards with significant perturbation and improvement in per-
formances: There are two outcomes for this. The first outcome helps
to evaluate the wards’ performances based on the variability of the wards’
service times and patients’ arrival rates. The second outcome helps to
evaluate the wards’ performances after shifting patients flow with spe-
cific disease categories toward a new ward.

— Organizations with diverse behaviour and adverse vertices:
The outcome is based on an influence into all the organizations’ net-
works at the same time in order to observe their performances in paral-
lel. This helps to compare their performances and identify the vertices
which cause significant adverse impacts on each organization’s perfor-
mance.

5.4 Reflection on Contribution

While these algorithms simplify the modelling, they also offer additional infor-
mation regarding weaknesses, strengths, and performance on different aspects of
the health system. When adopting network algorithms to model complex health
systems, the output of the analysis is not independent of the rest of the system’s
representation and performance. For example, some of the vertices’ popularities
(ranks) shifted as the mental wellbeing network scale changed or was based on
internal influences. In the case of hospital simulation, the severity of the bot-
tlenecks (structural and flow algorithm) in some wards was reduced when a new
ward was introduced to the hospital. Additionally, organizations’ representations
begin to have a more diverse topology when the link prediction approach ensures
that links are not randomly added to the network. This is due to the nature of net-
work algorithms considering the position of vertices and edges within a system.

Parallel to these algorithms, approaches were required to analyse the dynam-
ics of the whole health system. System dynamic simulation was suitable to anal-
yse health systems where the vertices interact. Since they leverage the underlying
system structure, which can be observed either through data or designed through
expert knowledge, they are easier to implement. Additionally, agent-based net-
work simulations are more suitable for complex health systems such as hospitals,
which represent a flow network.

The representation and modelling of these systems as networks helped to un-
derstand the relationship of the different parts and how these parts affect each
other. For example, in a complex societal system, the proposed models (paper |,
[, [TI) help to understand which vertices can make a significant in the society’s
wellbeing by considering the effect of all the elements in the system. in complex
hospital system, the proposed models ([}, M) help to understand which wards are
the root causes of the bottlenecks irrespective of their importance by consider-
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ing all the wards in the hospital. Finally, in complex organizational systems, the
proposed model (paper V1) helps to understand how diverse similar health orga-
nizations’ structures and performances can be through network representation
and multi-network simulation. As a result, with network algorithms considering
the position of vertices and edges, influences on one distant vertex can appear on
another vertex which is under observation.

However, verification and validation of holistic models are more challenging.
They grow large and complex. Dealing with complex health systems, the accu-
racy of these models is crucial in order to prevent risky decisions. During the
study of complex health systems, network algorithms helped to validate the net-
work topology, output behaviour, vertices and edges weights, and evidence for
more accurate decision-making. For example, the non_randomness algorithm
ensures that the topology of the networks accurately represents real-world sys-
tems. Moreover, the ranking algorithm ensures that there is no rank-sink while
ranking vertices. Furthermore, the use of structural hole (constraint) and flow al-
gorithm in parallel, increased the evidence regarding the existence of bottlenecks
in a ward.






6 Discussion and Conclusion

The thesis offers various network-agnostic approaches to facilitate modelling and
model validation for complex health systems. The aim of developing such ap-
proaches was to overcome the modelling challenges, which in turn enables scal-
ability, generality, adaptability and topological flexibility. Furthermore, to en-
sure that the proposed approaches were easily adjustable for integration and
extension with more features and functionalities. These models facilitate the
quantification, identify crucial vertices, classify the behaviours, evaluate the per-
formances, and promote the verification and validation. These are facilitated
through the proper adoption and adjustment of network algorithms and network
simulation methods.

6.1 Reflection on Modelling Approaches

Modelling complex systems is challenging due to the data requirement, irregular
and complex connectivity, and nonlinear behaviour variability. Network simula-
tion methods and algorithms facilitated the representation, modelling and anal-
ysis of these systems. However, adjustments were required to these methods and
algorithms in order to properly capture the performance of complex health sys-
tems. Therefore, for proper adjustment, the algorithms were tuned, merged with
simulation methods, modified based on the health system dynamic, and game
to engage players in understanding how health systems perform from their per-
spectives.

Quantifying a complex health system where the vertices represent various as-
pects of wellbeing and the edges of the impact strength on each other is data-
dependent. A quick approach is to implement ranking algorithms to quantify
the vertices. The challenge with this approach is that due to network topology
and the negative edge values, proper ranking algorithms and tuning are required
to model the vertices’ behaviours accurately. Additionally, tuning the damping
factor of the algorithm prevents the rank-sink and the outlier values, which also
depend on the edges’ impact strength. In a complex societal system, the edges’
impact strengths depend on how different vertices impact each other. When deal-
ing with a societal system, the involvement of individuals in a game representing
various aspects of society can help in perceiving the significance of the impact. As
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a result, a simulation game called SocioBalance was developed, which engaged
players to rank the vertices connecting incoming edges per vertex based on how
they perceive and prioritise the impacts. The data collected from the game was
used in the hybrid approach proposed in paper [[1] where PageRank was merged
with system dynamic simulation, which helped to validate the SocioBalance gam-
ing simulation and the hybrid approach.

Merging simulation methods and network algorithms overcame the limita-
tions and utilises the strengths of modelling. This promoted behaviour analy-
sis, critical vertex identification, performance evaluation, verification and vali-
dation. Combining the ranking algorithm with path analysis or system dynamic
simulation helped to perceive how the vertices’ ranks vary under different cir-
cumstances. This allowed us to identify the vertices with a significant change in
their behaviour or their importance stability. Additionally, ranking algorithms
have a feature which adapts to changes in the network. This was validated by en-
suring that the sum of the ranks is equal to 1 when a network value or structure
changes. Furthermore, adapting flow and structural hole algorithms allowed us
to uncover the bottlenecks that emerged from the hospital’s structural and pa-
tient flow perspectives. Furthermore, the wards’ performances were evaluated
using the percolation and perturbation algorithms.

Network algorithms have the limitations to capture the dynamic behaviour of
the network vertices. This requires merging or modification of these algorithms,
depending on the nature of the problem and the network type. In the case of a
complex societal system, PageRank was embedded within the path analysis al-
gorithm and system dynamic simulation to observe the rank changes. Merging
not only helped to capture the dynamic behaviour but also helped to validate the
network topology and the output behaviour. For instance, in the case of complex
organizational systems, the non_randomness algorithm was embedded within
the path analysis algorithm to validate the network representation of the health
organizations and ensure that the links are predicted accurately to enhance the
topologies. However, in the case of complex hospital systems, modifying the flow
algorithm helped to capture the nonlinear dynamic behaviour of the wards in
the hospital based on the patient flow. This is performed by iterating over the
patients’ arrival rate, measuring the service rate and flow intensity, and calcu-
lating the residual capacity. Additionally, instead of the breadth_first_search
algorithm, the depth_first_search algorithm is used, and the backward flow is
eliminated. This is because the patients within a hospital network are required
to follow the wards based on the required treatment, and there is no short or al-
ternate path for recovery. Hence, to use network algorithms for complex health
systems, we need to understand how the system functions in order to apply and
adjust them for modelling and analysis. Nonetheless, modifying network algo-
rithms can provide a ready approach for faster modelling and analysis of complex
health systems.
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6.2 Challenges and Limitation

In general, there are three challenges in applying network algorithms to model
complex health systems: first is the static nature of the algorithms, second is
the interpretability issue, and third is the underlying network type and the tar-
get system. Complex health systems have dynamic nonlinear behaviours; this
requires the modification of these algorithms or embedding them within a sim-
ulation method. In parallel, the output of these algorithms varies significantly
depending on how each algorithm handles the input data. For instance, there
are different versions of the ranking algorithm; each developed for different pur-
poses, e.g. one considers the directions of the edges, and another considers only
the weights or positive weights. Lastly, the network type and target system af-
fect the accuracy of the algorithm’s output, such as if the algorithm is intended to
model the flow of the cars in a transportation network, the packets in a telecom-
munication network, or the patients in a hospital network. As a result, flow algo-
rithms vary significantly, handling the path searching and augmentation differ-
ently. In this case, the flow algorithm was modified to specifically handle the pa-
tient flow in a complex hospital system by considering the arrival rate and service
time variability over time, where the rest of the variables were fixed. To further
advance this algorithm, the patient disease categories and wards functionality
need to be implemented.

One of the limitations of network modelling approaches is the data require-
ments to perceive the network structure and quantify the vertices and edges. In
the case of complex societal network modelling, ranking algorithms and gaming
simulation approaches were utilised to quantify the vertices and edges. The limi-
tations of using a ranking algorithm within a system dynamic simulation require
the vertices to have incoming edges in order to observe the impact on the rest of
the network. In parallel, the challenge with such algorithms is that they require
adjusting suitable damping factors to avoid invalid behaviours. On the contrary,
the limitation of the SocioBalance simulation game is that a vertex has sufficient
incoming edges. This is because there should be at least two incoming edges per
vertex so that the players are able to rank them, which prevents quantifying all
the edges in a network. One way to solve these limitations for the ranking al-
gorithm and SocioBalance is to add a temporary edge and vertices or a manual
quantification system.

Indicating the number of staff per ward in a hospital is challenging. This is
because hospital records systems are for the patients, and the staff continuously
visit various wards due to demand. In this context, the proposed modelling ap-
proaches lack the number of staff. Hence, the model assumes that each ward
has an equal number of staff as the beds. Another way to overcome this limita-
tion is to assign a distribution function to each ward to handle the staff numbers
variability, which still requires data from the hospital to indicate the range of
variability. Another challenge with the hospital’s modelling was the difficulty of
embedding algorithms within agent-based network modelling. This forced us to
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use the output from the simulation as an input for network algorithms to measure
the bottlenecks and evaluate the wards’ performances. On the contrary, the mod-
ification of the flow algorithm from static to dynamic made it possible to model
the patient flow without the utilisation of a simulation method to find the bot-
tlenecks over time. One thing which was commonly observed was the extreme
outlier values, which were identified and removed.

Finally, models’ dependencies on external resources and compatibility require
continuous updates and adjustments. For instance, many of these models de-
pend on libraries such as Networkx or queueing_ tools to perform. These libraries
continuously maintain to solve an issue in the library or enhance them with new
functionality, such as adding a SharedServer class, which is suitable to handle
multiple flows toward one ward. In parallel, many algorithms and tools depre-
cate from these libraries, such PageRank_numpy, which was suitable to handle
negative edges in a network or does not exist due to the runtime complexity.

6.3 Applications and Future Direction

The modelling approaches proposed in this thesis can be applied to model other
types of complex systems. For instance, approaches which are based on the rank-
ing algorithms can be applied to model the dynamic of complex economical sys-
tems for less risky investment based on how different economical factors’ ranks
vary or the dynamic of complex environmental systems for more sustainable
decision-making. Additionally, SocioBalance can also be used by policymakers
to foresee and prevent adverse impacts on societal, economical and environmen-
tal systems by just importing the network representation of these systems into
the database.

Both approaches, which are developed to model the dynamic of the complex
hospital system, can be applied to model other hospitals as well. This can be
achieved by substituting the data for the vertices, edges, weights and patients’
pathways and disease issues with the data from a specific hospital.

Lastly, the multi-network modelling approach can be applied to analyse the
parallel behaviour of organizations with similar goals and their interrelations,
such as all the pharmaceutical organizations established in the same region. This
can help individual organizations change their structure to improve performance
or prevent perturbation.

To conclude, the future direction of such modelling should focus on the adop-
tion and adjustment of the network algorithms. This will help to prevent com-
plicating the models and the implementation and will automate the procedure.
Even though network algorithms are a great benefit to model complex systems,
the adoption and the adjustment should be done cautiously. This requires un-
derstanding the target complex system, the type, and how it operates. Through
network algorithm adoption, the approaches will have the readiness feature to
be quickly applied for modelling and analysing the dynamics of various systems.
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Furthermore, such approaches simplify the difficulty of capturing the dynamic of
complex systems’ behaviours and give them a certain degree of flexibility since
the algorithms can handle some of the functionalities of the system through
proper adjustment.
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