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Abstract
Infectious diseases have played a considerable role in shaping human history. Although their global burden has significantly decreased through the past centuries, they are still among the main causes of human death worldwide. In livestock,
infectious diseases can cause substantial production losses but also have detrimental impacts upon human health, and animal health and welfare. Changes in
practices and development of treatments and vaccines have helped to dramatically mitigate the impact of infectious diseases, but infectious diseases remain
an ongoing challenge, either because they are difficult to control (Tuberculosis,
Malaria, HIV, FMD) or because they are emerging or re-emerging pathogens. Human mobility and livestock movements play a crucial role in epidemic spread as
they allow for long-range transmission and can act as bridge between otherwise
disconnected populations. Repeated importations of cases in disease-free areas
make the eradication or control of a disease exceedingly difficult. The patterns of
potentially infectious contacts, as recorded in mobility and movement data, can
be described as a network. Understanding infection transmission on networks
can provide useful insights in disease risk. Mathematical models have played
an increasingly important role in helping to control epidemics in animal (FMD,
Avian Influenza, Swine Fever) and in human (Measle, Malaria, SARS, Ebola)
populations. Modelling tools are now a central feature in the decision-making
process for policy makers, as illustrated by the ongoing COVID-19 pandemic and
its management. The aim of this work is to show how disease models in combination with movement or mobility data can be useful in different epidemic
contexts, namely in peacetime, at the start of an outbreak and once the pathogen
is circulating.
Part One investigates how livestock movement data and network analysis can
be used in peacetime to improve our understanding of disease risk and to propose tools for control. In this part, I consider a fast-spreading disease affecting
cattle and sheep. First, I use multi-species movement networks to understand
how the combination of cattle and sheep movement affects the potential for disease spread on the combined network. I compare results of single-species vs
multi-species and static vs dynamic network analyses to show the importance
of interspecies links and temporal network dynamics. My results show that depending on the season, up to 70% of the premises which are likely to drive the
epidemic in the multi-species network differ from the ones in both the cattle
iii

and the sheep networks. This indicates that their risk is derived from interaction
between the two farming systems. Secondly, I propose the use of a dynamic network measure based on contact chains calculated in a network weighted with
transmission probabilities to assess the importance of premises in an outbreak.
Comparing results with disease simulation model outputs, I demonstrate that
the measure proposed allows us to identify around 30% of the key farms in a simulated epidemic, ignoring markets. Whereas static network measures identify
less than 10% of these farms.
Part Two explores how mobility data within disease models can be used during an epidemic: before the pathogen is introduced (importation phase) and once
the pathogen is present (circulation phase). In this part, I use the COVID-19 pandemic and its spread in the Scottish Hebrides, an archipelago off the west coast
of Scotland. First, human mobility data and a metapopulation model are used to
estimate the risk of introduction in each of the Islands, according to season and
potential for control. I show that in some islands the introduction risk is high
even in the low season, when activity and movements from the mainland are
expected to be reduced. This will be of particular concern if COVID-19 becomes
a seasonal respiratory infection affecting temperate areas in winter concomitantly with other seasonal infections such as flu. In the high season, although in
most cases movement control will not significantly delay a potential introduction, for some islands a 70% reduction of movements in peak summer tourist
season has the potential for delaying the introduction risk for over 6 weeks, i.e.
beyond the high risk summer holiday period. Secondly, data from an outbreak
localised in Barra Island (Western Hebrides) are used to illustrate how adjusting
model parameters to disease data can provide insight in transmission dynamic
and control measure efficacy. Using Approximate Bayesian Inference, I estimate
the most likely date of introduction, the basic reproduction number at the start
of the outbreak and I quantify the impact of voluntary vs policy-induced measures. I find that transmission started to slow down two days after the first cases
were reported and a week before restrictions were imposed by the authorities.
Thus my analysis is most consistent with the outbreak being mostly contained
by a combination of contact tracing and self-imposed measures, whilst the lockdown, which was later imposed, had only a negligible effect on the transmission
dynamic.
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Lay summary
Infectious diseases have played a considerable role in shaping human history. Although their global burden has significantly decreased through the past centuries, they are still among the main causes of human death worldwide. In livestock,
infectious diseases can cause substantial production losses but also have detrimental impacts upon human health, and animal health and welfare. Changes in
practices and development of treatments and vaccines have helped to dramatically mitigate the impact of infectious diseases, but infectious diseases remain
an ongoing challenge, either because they are difficult to control (Tuberculosis,
Malaria, HIV, FMD) or because they are emerging or re-emerging pathogens.
Human mobility and livestock movement play a crucial role in epidemic spread
as they allow for long-range transmission and can act as bridge between otherwise disconnected populations. Repeated importations of cases in disease-free
areas make the eradication of a disease exceedingly difficult. Mathematical models have had an increasingly important role in helping to control epidemics in
animal (FMD, Avian Influenza, Swine Fever) and in human (Measle, Malaria,
SARS, Ebola), as they help make projections by giving the ability to study the
’what if’ scenarios. Modelling tools are now a central piece in the decision process for policy makers, as illustrated by the ongoing COVID-19 pandemic and its
management. The aim of this work is to show how disease models in combination with movement or mobility data can be useful in different epidemic contexts,
namely in peacetime, at the start of an outbreak and during an ongoing outbreak.
In the first part, I use livestock movement data and network analysis to improve
our understanding of disease risk at a farm level when facing the next outbreak.
I highlight the importance of integrating multiple species in the study if relevant
for the disease in question and propose a tool to identify farms for control in
the early stage of an outbreak. In the second part, I show how human mobility
data and mathematical models can be used to inform the risk of introduction
and potential for control. I estimate the risk of introduction of COVID-19 to each
of the Hebridean islands situated off the west coast of mainland Scotland due
to individual movements, and explore control strategies to mitigate this risk. In
addition, I illustrate how modelling tools can help us measure the efficacy of
control measures during an outbreak. I study the epidemic on Barra Island and
find that a combination of contact tracing and self-imposed measures by the pop-
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ulation were as effective in controlling the epidemic as the lockdown imposed
by local authorities.
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1
Introduction
Infectious diseases have played a significant role in shaping human history. The
Black Death during the 14th century is a famous example as the epidemic caused
the death of at least one third of the European population. The pandemic had
many social and economic consequences. For example, due to labour shortages serfs were able to demand higher wages and better working conditions.
Subsequent social effects were felt immediately, and the outbreak is therefore
thought to have changed the course of European history (Benedictow and Benedictow, 2004; Cohn, 2007). Similarly when Smallpox was introduced to the
American continent by Europeans in the 16th century, the virus has had a devastating effect. It killed 90% of the native Americans, whose immune system had
not been previously exposed to such infections. This same virus was also later
used as possibly the first biological warfare during the American Revolutionary
War in the 18th century (Patterson and Runge, 2002). One more example was
when Cholera became prominent in the 19th century, it reached Great Britain
and was responsible for a massive epidemic in London in 1854. At that time, the
disease was thought to be caused by ‘bad air’, but when British physician John
Snow mapped cholera cases in the area of London, he identified the source of
the disease as the water from a public well pump (Snow, 1855). His studies of
the pattern of the disease persuaded the local council to disable the well pump
by removing its handle. John Snow is considered one of the fathers of modern
epidemiology. Infectious diseases have had a similar devastating impact on animals. Rinderpest, also called cattle plague, is a disease of livestock which has
had a considerable impact throughout history. It is a contagious viral disease of
ruminants and pigs that could cause over 90% of morbidity and mortality. The
disease is thought to have occurred as far back as the medieval period and was
responsible for three major panzootics in Europe in the 18th century. At the time
the epizootics were contained through measures such as travel bans, closure of
markets and slaughter accompanied by compensation policies. It has been one
of the most economically devastating diseases for domestic animals (Hünniger,
2020; Broad, 1983).
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Until the beginning of the last century, infectious diseases were the major
cause of human mortality, causing about fifty percent of all human deaths (CDC,
1999). More recently, advances in scientific and medical knowledge of infectious disease have helped to dramatically decrease this burden to less than a
few percent in the industrialized world (Brachman, 2003). The spectacular decrease mainly relied on the implementation of public health measures and the
development of antimicrobial treatments and vaccines. Two notable examples of
successes in infectious disease control are the eradication of both smallpox virus
and rinderpest virus through vaccination campaigns among humans and cattle,
respectively (Henderson, 2011; Roeder, 2011). However, infectious diseases still
constitute a considerable threat to human health. According to the Global Burden of Disease study, six infectious diseases were among the top ten causes of
disability-adjusted life-years (DALYs) in children younger than 10 years in 2019
(Vos et al., 2020). In addition to known infectious diseases, new infectious diseases are continuously emerging. The majority of recurrent and emerging infectious disease threats are those which originate from animals and infect humans
(Taylor et al., 2001). Initially, changes of practices over time, such as hunting of
wild animals, domestication and human settlement in habitats high in wildlife
biodiversity, had significantly driven the emergence of infectious diseases. More
recently, fragmentation of wildlife habitat, intensification of agriculture and urbanisation have created more opportunities for pathogens to evolve, emerge and
spread (Alirol et al., 2011; Jorgensen et al., 2004; Cohen, 2000; Reperant and Osterhaus, 2017; Reperant et al., 2012). Finally, globalisation has now increased the
pandemic risk (Zimmermann et al., 2020). The emergence of COVID-19 in late
2019 has reemphasised the permanent threat that an emerging virus can represent and the need for continuously improving preparedness and response to such
events (Velavan and Meyer, 2020).
Epidemiology is the study of the distribution and determinants of healthrelated states and events in specified populations (Dicker et al., 2006). The field
of epidemiology is typically divided into two main branches: descriptive and
analytic epidemiology. In descriptive epidemiology the objective is to provide
information on disease patterns by considering various characteristics of person,
place and time. The goal is to describe the health situation and to draw hypotheses based on these observations about the causes of these patterns and about
the causes that increase risk of disease. Analytic epidemiology allows one to test
these hypotheses to identify causative factors. By comparing groups of exposed
and non-exposed individuals, it is possible to quantify associations between exposures and health outcomes. When sufficient evidence is available, identified
factors associated with disease can help design appropriate prevention and control measures.
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To support the evaluation of disease management activities, models in which
disease transmission processes are represented explicitly, often referred to as
mechanistic or process models, are widely used (Mancy et al., 2017). One of the
values of process models lies in the ability to study the ‘what if’ scenarios in dynamical systems and provide a priori insight into consequences of disease spread
and the impact of control strategies. Mathematical models give us the ability to
develop intuitions and make predictions about behaviours beyond our observations. The use of mathematics as a tool to study the spread of infectious diseases
has been increasing in the past decades and is now dominant in epidemic modelling.
1.1

Mathematical models for infectious diseases

A model is a simplification of reality, which can be used to help understand,
explain, or predict a complex phenomenon. The first mathematical model in epidemiology was built in 1760 by Daniel Bernoulli to show that the inoculation of
smallpox may be advantageous (Bacaër, 2011). In 1906 Hamer suggested that the
spread of measles must depend on the number of susceptible and infectious individuals (Hamer, 1906). Ronald Ross received a Nobel Prize for his work on the
dynamics of malaria between mosquitoes and humans, when he showed, by using differential equations, that reducing the mosquito population below a critical
level would be sufficient to eliminate the disease (Ross, 1911). All these studies
led to the foundation of the approach to epidemiology based on compartmental
models.
1.1.1

Compartmental models

In 1927 Kermack and McKendrick extended the models of Ross and created a
system dynamic model of infectious disease transmission: the compartmental
model (Kermack and McKendrick, 1927). A compartmental model divides the
population into compartments representing disease states. The SIR model is an
example of a compartmental model where three states are included (see Fig. 1.1):
• -S stands for ‘Susceptible’, susceptible individuals are not infected, and can
get infected;
• -I for ‘Infectious’, Infectious individuals are infected, and can transmit the
disease;
• -R for ‘removed’, removed individuals are either immune or dead, and as
such they do not contribute to the disease spread anymore.
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The SIR model is relevant for diseases conferring a lifelong immunity, with
a short incubation period, and which spreads quickly. Endemic diseases that
propagate on a time-scale similar to the turnover in the population, or epidemic
diseases where the turnover in the population is high relative to the generation
time of the disease, are not represented well by this model (Vynnycky and White,
2010). A population, of size N is divided between the three states such that S + I
+ R = N. If the turnover in the population is low compared to the outbreak duration, N is assumed constant, otherwise not. If the size of the population changes
over time, it is important to ask the question whether as the population grows,
the number of contacts between individuals remains unchanged, in which case
the transmission is said to be frequency-dependent; or the growth in population
induces increased crowding and a higher number of contacts per time unit, so
that the risk of infection increases. In this instance, transmission is said to be
density-dependent.
Individuals are characterised by their state (S, I or R), they are otherwise
identical. The transition between states in a compartmental model is governed
by differential equations. Ordinary differential equations (ODEs) for a frequency
dependent deterministic SIR model are given by:

λ(t)S(t)
dS(t)
=−
dt
N
dI(t)
λ(t)S(t)
=
− γI(t)
dt
N
dR(t)
= γI(t)
dt

(1.1)

Figure 1.1: Schematic representation of a compartmental model including three diseases
states: ’S’ for susceptible, ’I’ for infectious, ’R’ for removed, and the transition
parameters between states λ = βI and γ.

where, S(t), I(t), and R(t) are the numbers of susceptible, infectious, and removed individuals at time t. The differential equations define the rate of change
in the number of individuals in each compartment. For example, the number of
those susceptible who are newly infected per unit time is given by the product
of the force of infection λ(t) and the number of those susceptible at time t divided by the population size, as we consider a frequency dependent model. The
force of infection, i.e. the rate at which susceptible individuals become infected
per unit time, is a key parameter in epidemiology. If individuals are assumed to
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contact each other randomly regardless of their age or other characteristics such
as space (also called random or homogeneous mixing), λ(t) can be replaced by:

(1.2)

λ(t) = βI(t)

β is the per capita rate at which two specific individuals come into effective
contact per unit time. An effective contact is defined, by Abbey, as a contact which
would be sufficient to lead to infection, were it to occur between a susceptible
and an infectious individual (Abbey, 1952). They become removed (e.g. resistant
to infection, as with measles) at a rate γ per unit time.
The temporal evolution of S(t), I(t), and R(t) can be calculated and plotted as
a result of the model (see Fig. 1.2).

Figure 1.2: Number of susceptible (blue), infected (red) and recovered (green) individuals over time from a simple SIR model simulation. Model was initiated with
1 infected and 99 susceptible individuals in closed population and parameterised with β = 0.75, γ = 0.15.

The basic reproduction number R0 is the average number of secondary cases
resulting from one infectious individual following their introduction into a totally
susceptible population. By definition the value of R0 provides an information on
whether the number of infected individuals will increase or decrease at the start
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dI(t)

of the epidemic, i.e. whether dt > 0 at t = 0. We can deduct the formula for R0
by rewriting the second equation of Eq. (3.1) combined with Eq. (1.2) as follows:

dI(t)
=
dt




βS(t)
− 1 γI(t)
Nγ

(1.3)

Since R0 is calculated in a totally susceptible population, S(t) and N simplify
dI(t)
leaving the condition dt > 0 equivalent to βγ > 1. In this case, the basic reproduction number is defined as:

R0 =

β
γ

(1.4)

The condition R0 > 1 is considered an important threshold condition that must
be satisfied for the epidemic to spread after the introduction of one infected individual in a totally susceptible population. If R0 is less than one, the epidemic is
expected to die out. The calculation of R0 allows the testing of control strategies,
for example by calculating the proportion of the population that would need to
be vaccinated (Keeling, 1997), or the number of animals that might need to be
culled to contain an epidemic (Ferguson et al., 2001a).
For a simple SIR model, R0 can be easily calculated from the ODE. But for more
complex compartmental models, especially those with more infected states, for
example two pre-infectious states E1 and E2 from which individuals progress to
infectiousness at different rates, R0 is harder to calculate. Diekmann et al. (1990)
proposed an alternative method to determine R0 for an ODE compartmental
model by using the next generation matrix (NGM).
We consider an SEIR model with the following states: S susceptible; E1 latently infected of category 1; E2 latently infected of category 2; I infectious; and
R removed. We assume that susceptibles enter the E1 and E2 states following
exposure to infection in a fixed ratio q and 1 − q respectively. ν1 and ν2 are the
rates of leaving the respective pre-infectious states E1 and E2 .

βI(t)S(t)
dS(t)
=−
dt
N
dE1 (t)
βI(t)S(t)
=q
− ν1 E1 (t)
dt
N
dE2 (t)
βI(t)S(t)
= (1 − q)
− ν2 E2 (t)
dt
N
dI(t)
= ν1 E1 (t) + ν2 E2 (t) − γI(t)
dt
dR(t)
= γI(t)
dt
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(1.5)

The matrix T corresponds to transmissions and the matrix Σ to transitions. The
two matrices for our model are defined as follows:





qβ 
0 0


T = 0 0 (1 − q)β


0 0
0





0
0 
−ν1


Σ =  0 −ν2 0 


ν2
ν1 −γ
Diekmann et al. (1990) show that the dominant eigenvalue of the NGM defined
as −T Σ−1 is equal to R0 . This method can be used for complex models with multiple infected states, but also for models with asymmetric transmission between
multiple hosts or heterogeneous contact structure (Diekmann et al., 2010).
The models described so far are deterministic and aimed to describe what
would happen on average in a given situation. In deterministic models, outcomes are entirely predictable based on the initial conditions, and the parameter
values. In contrast, the output of stochastic models depends on parameter values and the randomness of the underlying process. Deterministic models only
need to be run once, because they have the same output every time; whereas
stochastic models need to be run multiple times, to obtain a distribution of outputs, and give a good insight to the range of behaviours in the system. Because
epidemiological systems are never fully known, it is often preferable to include
stochasticity in the model to account for uncertainties. For example, although
the average outcome of introducing one infected individual into a large population might be meaningful, it isn’t necessarily the case in small populations.
The model might predict that after one infectious person enters the population,
< 1 new infections will subsequently occur each day, whereas it is unrealistic
to have fractions of new infections. Finally, randomness might greatly affect the
outbreak size, making the average outbreak size less informative.
The Reed-Frost model is a common way to include stochasticity in an epidemiological model and relies on a binomial stochastic process. In the deterministic
formulation of the model, the risk of infection λ(t) was assumed to be proportional to the number of infectious individuals in the population (cf Eq. (1.2)).
This approximation is poor if the population is small, because of the probability
that one susceptible individual will come into in contact with more than one
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infectious increases and only one of those contacts would lead to infection. The
Reed-Frost formula defines λ(t) as follows instead:

λ(t) = 1 − (1 − p)I(t)

(1.6)

where p is the probability of an effective contact between two specific individuals in each time step, (1 − p)I(t) being the probability that a susceptible
individual does not become infected by at least one other individual at time
t. The stochastic models used in this work use a similar method to implement
randomness in the disease transmission process.
Since they were first developed, these types of models have helped to inform
on disease dynamics and control programmes, quantifying the impact of measures applied to proportions of the population ("how many people should be vaccinated?") (Ramsay et al., 1994; Greenhalgh, 1990; Lipsitch et al., 2003). However,
the assumptions made are strong. Some simplifications may limit the capability
of mathematical models to represent the spread of diseases in detail. Some of
these assumptions are listed below:
• The homogeneous and fully-mixed assumption means that individuals are
fully connected and all make the same number of contacts per unit time.
This is often unrealistic as for human populations for example, individuals
usually contact only a small proportion of a large population. The heterogeneity of contact between individuals can have some important epidemiological implications.
• This assumption is limited in the variety of change in human behaviour
due to infection or disease awareness which are not generalised across the
population.
• Disease parameters such as infectious period, and probability of transmission are represented with mean values that fail to represent the heterogeneous nature of disease spread.
• A small set of parameters is considered to capture all the factors associated
with the epidemic spread process when the reality is more complex.
To account for more details the population can be divided in subgroups within
which homogeneous mixing is assumed but where subgroups have a varying
rate of contacts. The subgroups can for example correspond to age groups as
there is evidence that contact patterns may vary greatly according to age (Wallinga
et al., 2006; Mossong et al., 2008). Taking into account the heterogeneous mixing
potentially allows one to model control strategies as contact patterns strongly
8

determine the effect of interventions against infections (Brisson et al., 2000). The
population can also be divided according to other characteristics such as professions or infectivity (Mkhatshwa and Mummert, 2010; Kwok et al., 2007). Individuals or events that generate disproportionately large numbers of secondary
cases than average are termed superspreaders, and have been identified in many
infectious diseases, including SARS (Stein, 2011).
In the past decades, the increasing availability of computational power and
data have become useful in developing insights into the importance of population structure.
1.1.2

Networks

The heterogeneity of contact structures can be detailed using networks. The use
of networks is especially meaningful if each individual is in contact with a small
proportion of the general population. The earliest known description that we
could call a network formulation was written by Euler in 1736, where he described the Seven Bridges of Koenigsberg problem using nodes, and links (Euler,
1741). The resolution of this problem laid the foundation of graph theory (Bondy
et al., 1976).
1.1.2.1

Movement network and network analysis

A network encodes a group of entities, commonly called nodes, and the interactions between them, called links (see Fig. 1.3). For the study of disease spread,
the nodes can represent various entities, such as a person, household, city, herd
or farm. The links between nodes are disease relevant contacts.
A study of sexual contacts and the occurrence of AIDS is one of the first to
evidence the importance of integrating social relationships into the study of disease transmission (Klovdahl, 1985). In human diseases, networks are relevant
for sexually transmitted infection, as the number of contacts between individuals is small and heterogeneous (May and Anderson, 1987). However, studies
rarely include explicit, exhaustive network data for human diseases, as those
are often not available. Frequently networks are generated from partial data
such as mobile phone, demographic or census data, using for example gravity
models (Krings et al., 2009; Xia et al., 2004; Gu and Pang, 2008). In contrast, livestock movement data are now commonly available, since many countries have
developed livestock movement databases after the bovine spongiform encephalopathy (BSE) investigations in Europe in the 90s (Dubé et al., 2009). Livestock
movements have now been tracked and recorded on a daily basis, for several decades. These movements are particularly informative since, as opposed to human
populations where people move freely and potentially have many epidemiologic-

9

ally relevant contacts each day, livestock generally remain on a farm until moved
for trade purpose or agricultural events. Consequently livestock trade plays a
crucial role in infectious disease transmission between farms (Fèvre et al., 2006;
Green et al., 2006a) and movement data therefore allows us to generate disease
relevant contact networks.
Many network Analysis concepts originate from the field of social science
(Wasserman et al., 1994a) and can be used to characterise the structure of the
network or the relative importance of nodes, which has proven informative for
our understanding of disease risk. For example, livestock movement networks
are often characterised by small-world properties and heavy right skew degree
distribution (Kao R.R et al., 2006; Kiss et al., 2006a). The right skewed distribution of contacts means that there is a wide heterogeneity in the number of
connections between individuals. A few nodes have many contacts, and most
of the nodes have only few connections. A small-world network is defined as
a highly clustered network, with a few long-range connections allowing for a
short average path length (Watts and Strogatz, 1998). The clustering coefficient
is the probability that two nodes are connected given that they have a common
neighbour. These features can be exploited to target surveillance and control and
drastically reduce the epidemic risk (Kao R.R et al., 2006; Kiss et al., 2006b).
Centrality measures are used to quantify the importance of nodes or links
with regards to disease risk. Useful measures include:
• Degree centrality: number of links a node has (Newman, 2018)
• Betweenness centrality: considering all pair of nodes in the network, number of times a node or a link is traversed by the shortest-path between those
nodes (Freeman, 1978),
• Eigenvector centrality: measure of influence in the network that takes into
account second-order connections (i.e., connections of connections) (Silk
et al., 2017),
• PageRank centrality: variant of eigenvector centrality, measure of a node’s
importance while giving consideration to the importance of its neighbors
in a directed network (Newman, 2010)
The 2001 Foot and Mouth Disease epidemic in the UK illustrated how network
analysis results can be relevant to disease control and therefore greatly enhanced
the use of movement networks (Kao, 2002; Kao et al., 2006; Green et al., 2006b).
In this occasion, network analysis concepts helped understand the dynamic of
the initial spread. For example, a few long-distance movements acted as bridge,
seeding the virus in new otherwise low risk communities (Shirley and Rushton,
2005; Kao, 2002; Gibbens et al., 2001). These movements are characterised by
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Figure 1.3: Schematic representation of network entities. Yellow dots represent "nodes"
which are joined by "links", which can be undirected, directed, weighted
or unweighted (i). The bottom part (ii) illustrates centrality measures: "outdegree" and "in-degree" in a directed network. The schema on the bottom
left hand-side represents a network where darker orange nodes have a high
betweenness.

a high betweenness centrality. Some markets (Longtown auction market, the
largest in GB), characterised by a high degree centrality, were identified as highrisk premises in the network (Kao, 2002), as they played a dominant role in
spreading disease. Markets are now known as high risk premises (Christley et al.,
2005; Robinson and Christley, 2007a). Finally, PageRank has been identified as
a useful measure to identify influential spreaders of information in real-world
social networks or webpages link structure (Pei et al., 2014). It is a powerful
metric which can also help predict the size of the epidemic (Bucur and Holme,
2019).
Most analytical results are available for static networks, where links between
nodes are considered permanent. However, movement data is inherently dynamic. In some cases, these contacts might repeat over time, this is true for
commuting patterns or social relationships, but livestock movement pattern for
instance exhibit important variations which are not necessarily consistent over
time (Bajardi et al., 2011a). This temporal variability has been shown to be a
key determinant of the vulnerability to infection emergence and propagation
(Bajardi et al., 2011a; Dutta et al., 2014).
1.1.2.2

Network models

The study of the structure and topology of networks can provide insights in
disease risk, but networks can also be used to replace the hypothesized fullymixed population in disease spreading models. Network models of disease work
globally in the same way as the fully-mixed compartmental models. Here, the
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transmission rate is defined as the probability per unit time that infection will
be transmitted between two individuals connected by a link. As in compartmental models, individuals are characterized by their health states; numerical
simulations of epidemics in complex networks use individual-based models to
represent contact patterns between individuals and infection probability on links
(Duan et al., 2015).
In addition, centrality measures are inherently limited in how they inform on
outbreak dynamics due to strong fluctuations of movement patterns in time and
the importance of outbreak initial conditions. Bajardi et al. (2012) show in their
study how to use a network model instead of centrality measures to identify important links or nodes. They use network disease simulations to identify robust
spreading paths that are stable across different initial conditions. Their results
also provide guidance on the targeting of premises with high probability of
early infection which can serve as sentinels and, if infected, would provide critical information on the outbreak origin. These results are useful to help design
surveillance programmes or early response in an epidemic.
1.1.3

Meta-population

The metapopulation concept arises from theoretical ecology and conservation
biology, where it is assumed that the distribution of species can be described
as a system of sub-populations, each of which may be subject to extinction and
recolonisation by dispersing individuals (Hanski and Gilpin, 1991). The persistence of a population depends on various factors such as population dynamics,
population density, availability of resources, etc. The metapopulation is of the
’colonising’ agent, e.g. for the spread of a disease the metapopulation is infected individuals and the resource is the proportion of susceptible (Grenfell and
Harwood, 1997). Thus, this framework can be useful to model disease spread, as
the global transmission dynamic can be sometimes best described by a combination of subpopulations, in which each of the disease dynamics is modelled independently, accounting for some interactions between subpopulations through
’migration’ process (see Fig. 1.4).
Metapopulation models for infectious disease allow one to account for relevant details at various scales between populations and within populations. For
Mycobacterium avium subsp. paratuberculosis (MAP) the herd size, age structure and farm management, e.g. renewal rate, are factors that largely impact the
pathogen spread within and between populations. Beaunée et al. (2015); BrooksPollock et al. (2014) integrated this information in their modelling study to better
understand pathogen spread (MAP and bovine Tuberculosis respectively) from
local to regional or national scales. Bovine Viral Diarrhoea (BVD) is another example where integrating the age and sex structure of cattle herds into compart12

Figure 1.4: Schematic representation of a metapopulation model. The system is composed of a heterogeneous network of subpopulations or patches, connected
by migration processes. Each patch contains a population of individuals who
are characterized with respect to their disease state (e.g. susceptible, infected,
removed), and identified with a different color in the picture. Individuals can
move from a subpopulation to another on the network of connections among
subpopulations.

mental frameworks is relevant due to the heterogeneity of transmission. With
BVD, cows becoming infected during gestation may give birth to Persistently Infected (PI) calves, which remain highly infective throughout their life. Iotti et al.
(2019) used a multiscale approach where the metapopulation model incorporates some relevant characteristics of the complexity of the infection dynamics
(e.g. horizontal and vertical transmission, PIs...), alongside the heterogeneities
and temporal variations of trade movements. The detailed model allowed them
to demonstrate differences in roles for BVD spread between farm productive
contexts, concluding that a control strategy targeting dairy farms would lead to
significantly higher prevalence reduction, than targeting other production compartments. In the model developed by Keeling and Gilligan (2000) for bubonic
plague, the spatial heterogeneity and the dynamic of infection within populations of humans, or rats and fleas are critical to understanding the probability
for disease persistence in the rodent population and the chances for major human epidemics. Their results show that relatively small rodent metapopulations
allow the disease to persist globally for many years, potentially explaining why
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historically the plague persisted despite long disease-free periods, and how the
disease re-occurred in cities with tight quarantine control.
Metapopulation models allow for a more detailed representation of the reality but adding complexity doesn’t come without a cost. Most analytical results
and calculation of useful parameters are better defined for simpler models. For
example, the basic reproduction number, often used as a threshold to design
control strategies, doesn’t have a straightforward equivalent in metapopulation
models. Colizza and Vespignani (2007), however, define an invasion threshold for
heterogeneous metapopulation networks. They provide an explicit expression of
the threshold that sets a critical value of the diffusion/mobility rate below, which
the epidemic is not able to spread to a macroscopic fraction of subpopulations.
This constitutes a useful result to understand the impact of travel restrictions in
epidemic containment.
1.2
1.2.1

Mobility data and disease models in different epidemic contexts
Peacetime and preparedness for the next epidemic

The availability of epidemic data is an important constraint to the improvement
of epidemic modelling and forecasting (De Angelis et al., 2015). As opposed to
weather forecasting, where data becomes available every day, epidemic data is
rare and context specific. Epidemics are intermittent as they refer to an increase,
often sudden, in the number of cases of a disease above what is normally expected in that population in that area (CDC, 2012). In addition, two successive
epidemics will often not involve the same pathogen. The disease relevant characteristics of the system are likely to change over time e.g. demography, contact
pattern, behaviours, etc. All of these factors make epidemic modelling challenging.
Given the paucity of data, there is a need for improving our understanding
and preparedness in peacetime, i.e. in between epidemics. For example, Ferguson et al. (2006); Halloran et al. (2008) developed a model to assess the impact
of strategies for mitigating an influenza pandemic. When COVID-19 emerged
and started to spread in late 2019, they were able to rapidly adapt this framework to give insight into the necessary restrictions to achieve mitigation or suppression (Ferguson et al., 2020).
Since the outcome of an epidemic depends on a combination between the
intrinsic characteristics of the pathogen and the characteristics of the population
including pattern of disease relevant contacts, studying contact structure on its
own can help understand potential risks, speculate on outbreak outcomes or
identify central nodes to target for strategies. The repeated outbreaks of avian
influenza viruses in domestic birds (Chatziprodromidou et al., 2018) constitutes
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an example where network analysis can help assess infection risk associated
with movement patterns in peacetime. For example, the network analysis of the
poultry industry in Great Britain by Dent et al. (2008) highlighted that premises
sending birds to multiple slaughterhouses, or housing multiple species, could
act as a bridge between otherwise separate sectors of the industry, resulting
in the potential for large epidemics. Other studies of live bird markets (LBM)
networks show that the removal of a small fraction of nodes (5%) is sufficient to
dramatically reduce the network’s connectedness (Moyen et al., 2018). The node
removal can be achieved by the implementation of thorough, daily disinfection
of the market environment as well as of traders’ vehicles and equipment in only
a small number of hubs, preventing disease spread (Fournié et al., 2013). These
targeted interventions would be an effective alternative to a complete ban which
is difficult to enforce. These network analysis findings, generated in peacetime,
are of particular relevance for policy development.
A network can also encompass different type of contacts or different types
of nodes. Silk et al. (2018) use a multilayer network to quantify transmission
potential in multi-host systems (European badgers Meles meles and domestic
cattle) and incorporating environmental transmission. Their network takes into
account direct and indirect contacts between and within the two species. They
find that indirect contacts via the environment at badger latrines on pasture are
likely to be important for transmission within badger populations and between
badgers and cattle. They also identify that badgers could play an important role
for within-and between-species transmission. All these findings have implications for disease management interventions in this system, but can also provide
general insights into transmission in other multi-host disease systems. There is
a need for exploring the role of combining multiple species in network analysis
since although most infectious diseases can affect several host species (Taylor
et al., 2001), network analysis studies have generally focused on single species
contact networks.
Network analysis studies performed in peacetime can focus on proposing new
network metrics that could become useful for epidemic containment. Although
there exists a number of static network metrics to assess node centrality in the
network, available metrics for dynamic networks remain limited. Notable examples include: Valdano et al. (2015) define the node’s loyalty as a local measure
of its tendency to maintain contacts with the same elements over time, and uncover important non-trivial correlations with the node’s epidemic risk. Deriving
from the concept of reachability proposed by Holme (2005), Dubé et al. (2008)
and Konschake et al. (2013) applied the metric to a livestock movement network
under the name of infection chain or contact chain respectively. Vidondo and
Voelkl (2018) show using a similar metric that their dynamic measures give bet-
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ter risk estimates than the static counterpart and can help improve surveillance
schemes.
1.2.2

During an epidemic: importation phase

When an infectious disease is emerging or circulating elsewhere, estimating the
importation risk can help optimise surveillance and concentrate resources where
needed. Gaining insights into the potential effectiveness of control measures to
contain an outbreak can support decisions.
For example, when the new Influenza A(H1N1) virus started to spread in 2009,
Balcan et al. (2009) proposed a Monte Carlo likelihood analysis based on human
mobility to inform time of the epidemic peak in the Northern hemisphere as
well as the number of hospitalisations and attack rate, i.e. the proportion of the
population who will become infected. These results allow the improvement of
preparedness and epidemic response. Similarly, Poletto et al. (2014a) assessed
the impact of travel restrictions on the international spread of the 2014 West
African Ebola epidemic and found that an 80% reduction of passenger traffic
flow would delay international spread by only a few weeks. Such measures
can, in addition, generate heavy logistical constraints on the management of
the epidemic in affected countries causing shortages of food, energy, essential
resources, and difficulties in importing medical personnel and materials (World
Health Organization, 2014; African Union, 2014; FAO, 2014). Interestingly, for
the 2002-2003 SARS epidemic or the 2009 H1N1 empirically observed travel reductions were due to a change of behaviours, self-imposed by the population, as
they occurred without being enforced by the government. In 2014 for the Ebola
epidemic, travel restrictions were imposed by national authorities or travel companies as a top-down decision.
As it has been shown by a number of studies (Hollingsworth et al., 2006;
Cooper et al., 2006; Colizza et al., 2007a), travel reduction only leads to a delay in
disease introduction. The mathematical reason is that a border control translates
into a linear decrease of the number of infected travelling which aims at counterbalancing an exponential increase leading only to a shift of the epidemic curve
(e.g. number of infected individuals over time) to the right (Tomba and Wallinga,
2008). There exists however a threshold effect, where one might achieve containment, but the level of reduction would be high (over 99% (Colizza et al., 2007a))
for an influenza pandemic for example. The threshold value doesn’t depend
only on mobility (i.e. "how many people are travelling"), but also on topology
(i.e. "How this network is organised?") (Colizza and Vespignani, 2007; Bajardi
et al., 2011b). If the airline travel network was organised as a grid, containment
would be easily achieved but this network is characterised by a high reachability,
thanks to hubs, allowing the connection of any two places with a minimal num16

ber of changes (Colizza et al., 2007b). As a consequence, it was assumed that
feasible movement reductions could not prevent the further spread of a pandemic and were not recommended in pandemic preparedness plans, such as the
Pandemic Influenza Preparedness Framework issued by the WHO for example.
But when COVID-19 started to spread, widespread travel restrictions were
implemented, with a complete ban occurring sometimes, i.e. no movement of
individuals allowed. Several studies looked into the impact of this travel ban
on case exportation from China to new countries and observed that the containment strategies adopted in China were effective at first, until the circulation of
the virus in other countries allowed them to behave as seeds (Pinotti et al., 2020;
Chinazzi et al., 2020; Clifford et al., 2020). Total travel bans which were previously unthinkable because of their huge economic impact became the first line
measure in combination with lockdown (Kraemer et al., 2020; Flaxman et al.,
2020; Jia et al., 2020), as slowing the spread became a priority to avoid saturation
of the healthcare system.
1.2.3

During an epidemic: transmission phase

Once the new pathogen is seeded somewhere, the phase of local transmission
can start and mathematical models can again be used to gain insight, understanding and inform decision. The time pressure is a big component as data
and models are usually not ready and not fast enough. A typical problem faced
early in an epidemic is the lack of data. The first studies in an epidemic are usually based on knowledge from previous epidemics and tend to make a range of
assumptions (Ferguson et al., 2020). This will provide useful insights but potentially with large uncertainties. But as data become more available over time, the
models and their assumptions can be refined to be more relevant to the context.
As the epidemic unfolds the number of reported cases over time will help
construct the epidemic curve (Christensen et al., 1953; Philip et al., 1959). The
use of model framework helps gain insights in the size, the rate of increase
and the timing of the epidemic. Efforts are concentrated early on in estimating
the basic reproduction number, which measures the transmission potential of a
disease in a susceptible population, as it is the most widely used estimator of
how severe an epidemic outbreak can be.
The basic reproduction number can be inferred from the epidemic curve using
the growth rate of the epidemic Λ. For example, Lipsitch et al. (2003) estimated
the growth rate of the SARS epidemic using the cumulative number of cases over
time. Depending on the assumptions about the average durations and the distributions of both the pre-infectious and infectious periods the basic reproduction
number can be expressed differently. If the pre-infectious period is very short
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compared to the infectious period (D) or individuals are infectious immediately,
the equation for the basic reproduction number is:
(1.7)

R0 = 1 + ΛD

This assumes that the infectious period follows the exponential distribution. If
the pre-infectious (D 0 ) and infectious periods follow the exponential distribution,
the basic reproduction number can be deducted from the following equation:

R0 = (1 + ΛD 0 )(1 + ΛD)

(1.8)

When facing a new pathogen, the lengths of the infectious and pre-infectious
periods are largely unknown. The serial interval is defined as the interval between
successive infections in a chain of transmission, also called generation time. If
pathogen specific parameters such as infectious and pre-infectious periods are
still unknown an alternative equation using the serial interval and the ratio
between the infectious period and the serial interval (Vynnycky and White, 2010)
can be used.
Secondly control strategies for disease containment models can be designed
and optimised using mathematical model results. The herd immunity threshold,
which is the proportion of the population which needs to be immune for the
infection incidence to be stable, is useful to provide a target for immunisation
programmes (Vynnycky and White, 2010). It can be calculated from the ODEs
of the model. When restrictions are implemented, one of the challenges is to
know how these restrictions translate in change of transmission dynamics, especially when the restrictions are unprecedented. For example, in the COVID-19
pandemic, control strategies have relied on long range movement restrictions
(international and domestic mobility) and contact mitigation (social distancing,
bans on large gatherings, nonessential business and school and university closures, and possibly physical isolation). But without data it is difficult to know
to what extent restrictions are applied by the population and how this translates into parameter change. Mobile phone data, for instance, has been useful to
study how mobility has changed throughout the pandemic (Oliver et al., 2020;
Pullano et al., 2020). The changes in physical contacts became available thanks
to contact surveys performed during the COVID-19 pandemic in England for
example (Gimma et al., 2021). Once one has a better idea of what consequences
restrictions could have on parameter values, one can explore the effect of those
restrictions by tweaking parameters in a model.
Instead of running a model with chosen parameter values to analyse the
model output, one can use disease data, such as number of cases over time, to
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adjust model parameters by fitting model output to disease data. Disease spreading is a complex process, so it is inevitable that the observation of this process
leads to build complex models. Usually, model parameters were estimated using
likelihood-based inference methods, but as models become more complex and
data limited, the likelihood function often becomes intractable or not known
(Beaumont et al., 2002). Approximate Bayesian Computations (ABC) methods
are powerful as they allow to circumvent the use of the likelihood function and
are based on an inherently simple mechanism: simulating data under the model
of interest and comparing the output to the observed dataset (Sisson et al., 2018).
In addition, as in Bayesian inference, prior beliefs about the model parameters,
expressed through the prior distribution, are updated in light of new evidence,
helping to constrain models to where they are sensible. In this way one can learn
and deduce from data, the fitted parameters giving information on the disease
dynamic. After COVID-19 was introduced in Scotland, a rapid spread followed
until lockdown was implemented on March 23rd 2020. A study by Banks et al.
(2020) aimed at characterising the change of transmission dynamics after the
lockdown was implemented. This helped quantify the impact of such restrictions
which is an essential part of evaluating the necessity for future implementation
of similar measures.
This method essentially allows one to quantify the effectiveness of control
strategies by estimating the impact of restrictions on the transmission dynamic.
1.3

Contributions and thesis outline

Mathematical models, movement and mobility data have proven useful for infectious disease management at any stage of an epidemic. Given the themes
described above, the goal of this work is to further explore how movement and
mobility can be used in different epidemic contexts to improve our understanding of disease risk. I address this goal by focusing on two main tasks:
1. Explore how the use of rich movement data in peacetime can help improve
preparedness to face the next outbreak (Part I). In this first part, I use
livestock movement data to provide insights in disease risk for the spread
of a fast-spreading disease similar to FMD and to propose a tool to facilitate
rapid decision early in an epidemic.
2. Investigate how the use of mobility and disease data during an epidemic
can help inform strategies to mitigate introduction risk or assess the efficiency of control measures a posteriori (Part II). In this second part, I use
human mobility data and the spread of COVID-19 in the Scottish Hebrides.
In Part I, I consider two approaches applicable in epidemic peacetime. The
first approach (Chapter 2) aims at improving preparedness by exploring how
19

combining movement data from multiple species in a network analysis impacts
disease risk. Although livestock movement networks have been widely studied
in the UK and elsewhere, multiple species have rarely been considered jointly
in the analysis. Most studies have generally focused on single species contact
networks, because aggregation of movement data from different species is often
difficult. In Chapter 2, I use defined static and temporal network metrics to
investigate the importance of multi-species links in a cattle and sheep movement
network. The aim is to investigate how the combination of cattle and sheep
movements affects the topology of the static and dynamic networks and the
potential impact for policy decisions.
The second approach (Chapter 3) focuses on developing a network tool which
can be useful in the early stage of an epidemic when only little is known about
the pathogen. Using the same cattle and sheep movement data as in Chapter 2,
I propose the use of a measure based on contact chains calculated in a network
weighted with transmission probabilities to assess the importance of premises
in an outbreak. The objective is to introduce a new measure relevant for multispecies systems, which is easy to compute and effective in identifying the most
central farms in the network. With the aim of validating the suggested measure, I compare the performance of the measure with the results of disease simulation models with asymmetric probabilities of transmission between species.
This work, performed in peacetime, helps improve preparedness for the next
epidemic and early response.
In Part II, I consider two real-time examples of mathematical modelling studies performed during an epidemic to estimate the risk of introduction (Chapter 4)
and to inform the local transmission phase (Chapter 5).
In Chapter 4, I estimate the risk of introduction of COVID-19 to each of
the Hebridean islands situated off the west coast of mainland Scotland due
to individual movements, and explore control strategies to mitigate this risk.
I use a combination of real human mobility data and census data to generate
seasonally varying patterns of human movements amongst the Hebrides and
from elsewhere. I consider three distinct periods: each of summer and winter
2019, illustrating a year prior to the pandemic, and summer 2020 illustrating a
pandemic summer. Movements during these periods serve as input to simulate
COVID-19 transmission from the mainland to the archipelago in a stochastic
meta-population model allowing an exploration of the impact of seasonal variations on the risk of introduction and the effectiveness of non-pharmaceutical
interventions.
In Chapter 5, I use the case of the COVID-19 epidemic on Barra, Scottish
Hebrides, to fit parameters to disease data to quantify the change of transmission dynamics throughout the epidemic. A change of dynamic can be attrib-
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uted to a change in number of contacts per individual and a change in mobility
which would impact the potential further spread of the virus. I consider three
successive phases with different transmission dynamics to model the outbreak,
i.e. initial spread, transmission reduction by voluntary measures and lockdown.
A stochastic compartmental model for the spread of COVID-19 is adjusted to
positive test data to estimate key disease parameters in these three phases. As
individual movements are not explicitly detailed in this study, the change in
parameter values between phases encompass both the change in contacts and in
mobility. I use the fitted parameters to calculate the basic reproduction number
of the epidemic and to assess the relative impact of voluntary and policy-induced
measures.
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Part I
In peacetime: before the next
outbreak

2
Using movement data and network
analysis to gain insight:
Multi-species dimensions of the
cattle and sheep static and
dynamic network
The methods and results of this chapter have contributed to the following publication:
Ruget, AS., Rossi, G., Pepler, P.T., Beaunée, G., Banks, CJ., Enright, J., & Kao, RR.
Multi-species temporal network of livestock movements for disease spread. Appl Netw
Sci 6, 15 (2021).

Abstract
In this chapter, I explore how the analysis of a multi-species movement network
can help improve our understanding of disease risk. More specifically the objective here is to investigate the potential change in disease risk when considering
multiple species in a movement network. Although both cattle and sheep networks have been previously studied, cattle-sheep multi-species networks have
not generally been studied in-depth. The central question of this chapter is how
the combination of cattle and sheep movements affects the results of the network
analysis for disease spread on the combined network.
This analysis considers static and temporal representations of networks based
on recorded animal movements. Network-based node importance measures of
two single-species networks are computed and the top-ranked premises are compared with the ones in the multi-species network. In addition, temporal contact
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chains are used to estimate the maximal size of an epidemic according to season
considering single-species or multi-species networks.
I find that up to 70% of the risky premises (i.e. top 100 ranked premises according to network metrics) in the multi-species temporal network are not identified
as such in the cattle nor the sheep temporal networks. The premises which are
likely to drive the epidemic in this multi-species network differ from the ones in
both the cattle and the sheep networks, indicating that their risk is derived from
interaction between the two farming systems. Although sheep movements are
highly seasonal, the estimated size of an epidemic is significantly larger in the
multi-species network than in the cattle network, independently of the period of
the year.
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2.1

Background

Infectious diseases in livestock are of great concern as they pose an economic
burden, compromise animal health and welfare, and threaten human health by
contributing to the emergence of new zoonotic diseases. Mathematical models
of infectious disease spread are useful tools to help us understand the drivers
of an outbreak, and inform policy decisions. In a world where pandemics are
becoming more likely (Morse, 2001; Jones et al., 2008; Madhav et al., 2017), the
usefulness of modelling techniques is well recognised (Colizza et al., 2007a; Dye
and Gay, 2003; Lessler et al., 2014). Presently, models of infectious disease spread
at a population scale are typically based on two phenomena: (i) the infection
dynamic, which depends on the characteristics of the disease itself (transmission
rate, infectious period, etc.), and (ii) the contact patterns allowing for disease
transmission, depending on the transmission routes of the disease.
Here, our interest is in the transmission of infectious livestock diseases, where
the movements of live animals between farms are known to be one of the main
transmission routes (Fèvre et al., 2006). Better knowledge and understanding of
contact patterns is a key element for building realistic and useful models. However, detailed models can be computationally costly, and require a substantial
amount of data in order to be fitted properly.
When outbreaks occur, policy makers need rapid and robust information to
define their strategy and support decisions at the early stages of the epidemic,
when data are still limited. A better understanding of the structure of the livestock movement network and its characteristics is therefore useful, both to understand their role in the spread of endemic diseases such as bovine Tuberculosis
(Boehm et al., 2009; Palisson et al., 2016; Brooks-Pollock et al., 2014; Green et al.,
2008), or BVD (Tinsley et al., 2012)), and to inform policies to control a newly
introduced disease in an early stage. The 2001 FMD epidemic provided considerable incentive to study and use livestock movements for network analysis
(Ortiz-Pelaez et al., 2006; Christley et al., 2005; Kao et al., 2006; Robinson and
Christley, 2007b; Robinson et al., 2007; Kiss et al., 2006a; Vernon and Keeling,
2009; Volkova et al., 2010). Analysis of contact networks has proven useful to
help identify key actors in terms of disease spread.
Although most infectious diseases can affect several host species (Taylor et al.,
2001), network analysis studies have generally focused on single species contact
networks. Notable exceptions include Boehm et al. (2009), Nöremark et al. (2011),
Kao et al. (2006), and Mohr et al. (2018). Practically, aggregation of movement
data from different species is often difficult, because (i) data are recorded separately, often stored in different databases, and possibly managed by different
administrative authorities; and (ii) the databases might have different formats or
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contain different levels of information, and therefore need to be homogenised
before use.
The cattle and sheep farming systems are strongly linked in Scotland, because
on approximately half of the cattle farms, sheep are also raised. This allows
ample opportunity for transmission of diseases between the two species, with
FMD and bluetongue virus (BTV) being notable examples of diseases affecting
both species. As a consequence, mixed-species farms can link groups of farms
that would not be in contact in the network if the species were considered separately. From the network point of view, this might also have consequences for
metrics describing the general structure, as well as the ranking of importance
of nodes. It is therefore crucial to explore the multi-species network in order to
highlight and quantify potential consequences for disease risk.
Livestock movement network analyses have been performed mostly on static
networks, where most analytic results are available (Newman, 2018). A static network assumes that the change in the set of contacts are negligible over the course
of the epidemic (Enright and Kao, 2018). In reality, livestock movements have an
inherent temporal component, that are highly relevant to transmission, as they
occur on a daily basis and constitute discrete events. As well as being intermittent, movements of livestock are not necessarily consistent over time (Bajardi
et al., 2011a). A number of studies have shown that dynamic network analyses
of livestock movements outperform those from static network analyses, when
the aim is an in-depth understanding of disease spreading processes (Lentz
et al., 2016; Vidondo and Voelkl, 2018; Rossi et al., 2017), or predictions of epidemic risks (Valdano et al., 2015). The study of the dynamics of the cattle-sheep
network in Scotland is of interest, because as well as the general dynamics of
livestock networks two farming systems are considered which have distinct seasonalities and varying trading behaviours, and the interaction between these
systems.
The aim of this chapter is to understand how the sheep and cattle movement networks interact, and the implication for understanding disease spread.
After describing the general characteristics of the networks, I analyse the static
movement networks, and compare the results of the single- and multi-species
networks. Secondly I analyse and compare the cattle, sheep, and multi-species
dynamic networks. The dynamic network analysis exhibited important differences between the single-species and the multi-species networks, providing evidence that the premises driving epidemics would not be the same in the singlespecies and the multi-species networks. These results would have important consequences for disease control.
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2.2
2.2.1

Material and Methods
Data

Cattle movement data were obtained from the Cattle Tracing System (CTS), Animal Plant and Health Agency (APHA), and sheep movement data were retrieved from ScotEID, the livestock traceability system for Scotland managed
by the Scottish Agricultural Organization Society (SOAS) on behalf of the Scottish Government. I consider movements within Scotland only: between premises,
which can be farms, markets or shows. Our interest is in the control of an outbreak after introduction, and therefore movements to or from outside of Scotland
are ignored. Births, deaths, and movements to slaughterhouses are also ignored,
because the length of the period considered in the study (i.e. four weeks) is short
compared to the turnover in the population. Some characteristics of the data are
summarised in Table 2.1.

Table 2.1: General characteristics of the setting in figures.

Network

Nodes

Movements
2016

Animals
moved

Distinct
movements

Cattle
[mixed]

10,731 [6,039]

89,963

591,933

33,271

Sheep
[mixed]

12,078 [6,039]

67,453

2,406,062

26,514

Multispecies

16,758

-

-

53,051

The number of nodes describe the total number of farms raising cattle or sheep reporting
at least one animal movement during 2016. The number of movements (batches), the
total number of animal moved per species, as well as the headcount of cattle and sheep
in Scotland are shown. The number of distinct movements correspond to the number of
unique pair of origin and destination in each network.

Overall the sheep population is larger accounting for 6.83 million heads, while
the cattle were 1.76 million. There were slightly more sheep farms than cattle
farms; of these, 6,039 farms raised cattle and sheep on the same premises (i.e.
50% of the sheep farms, and 56% of the cattle farms). In addition to the farms,
the data include 26 auction markets.
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2.2.2

Network construction

I construct networks by considering each premises as a node, and animal movements between two premises as a directed link. If one movement of an animal
between two premises occurred during the period considered, I assign a permanent link between these two premises in the static network. When relevant,
the links are weighted depending on the number of animals moved and the
probability of an animal being infected:
1 − (1 − µ)n

(2.1)

where µ is the probability of an animal being infected, and n the number of
animals moved. The probabilities depend on the type of movement and the species. I used the parameter values estimated by Kao et al. (2006) in the 2001 FMD
epidemic in GB:
µ1 = 0.02 for a sheep movement between two farms;
µ2 = 1 for a cattle movement between two farms;
µ3 = 0.004 for a sheep movement from a market;
µ4 = 0.02 for a cattle movement from a market.
These weights are relevant for an infectious disease similar to FMD, where the
infectiousness of sheep is lower than that of cattle (Geering, 1967; Gibson and
Donaldson, 1986; Sørensen et al., 2000; Ferguson et al., 2001b).
In the dynamic network each link is annotated with a time variable equal to
the date of the animal movement (i.e. I assume these movements occur on a
single day).
2.2.3

Static network analysis

In the static network analysis, the links are weighted as defined by Eq. (2.1). I
consider the static networks in successive 4-week periods. This allows us to highlight (i) short-term changes in the network structure, which would be relevant
for the control of a fast-spreading disease, and (ii) temporal variation according
to the season. Livestock movements are generally seasonal, depending on the
species and type of production. In Scotland the cattle network typically shows
two peaks; the largest is observed in spring, and the second largest in autumn
(Robinson and Christley, 2006), whereas the sheep network has one main period
of high trading activity around September (Kiss et al., 2006a). These peaks can
be seen in Figure 2.1, which shows the number of cattle and sheep moved in
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Figure 2.1: Variation in volume of cattle and sheep movements. The graph shows the
number of animals (axis on right), and the number of batches (axis on left)
moved per species per 4-week period of the year.

each 4-week period of the year. The static network is constructed considering
weights as defined by Eq. (2.1).
The Fig. 2.2 shows a graphical representation of the movement network during
a period dominated by cattle movements (5th ) or sheep movements (10th ).
I examine the overall characteristics of each network by calculating the average
path length, clustering coefficient, edge density, component structure (number of
components and sizes of the giant strongly and weakly connected components
(GSCC and GWCC respectively) and diameter (definitions in Table 2.2). These
measures are calculated for the single-species networks and the multi-species
network, for each 4-week period of the year 2016.
I then calculate node centrality measures for all premises of the network, using
the geometric mean degree, betweenness and PageRank (definitions in Table 2.2).
In our case, degree centrality corresponds to the number of trading partners a
farmer has. Because our network is directed, I differentiate in-degree (denoted
degreein ), i.e. number of premises a farmer buys animals from, and out-degree
(denoted degreeout ), i.e. number of premises a farmer sells animals to. The geo√
metric mean of the degree degreein × degreeout (denoted GM − Deg), accounts
for the risk of introducing the disease as well as spreading it further. Betweenness
centrality is the frequency with which a premises is in the shortest path between
pairs of premises in the network. Identifying high-betweenness premises is useful from a disease control point of view because these premises represent bridges,
which can accelerate the epidemic by spreading diseases to previously unexposed communities of farms. PageRank centrality is based on an algorithm used
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(a) 5th period

(b) 10th period

Figure 2.2: Static network during the 5th and 10th periods of the year; Cattle movements
are represented in blue, sheep movements in green. Nodes are represented
by a pie chart where the light grey represents the proportion of outgoing
movements, and the dark grey the proportion of ingoing movements. Built
with Transmissio https://www.gaelbn.com/transmissio

by Google to rank web pages in their search engine (Page et al., 1999). PageRank
centrality can capture useful information relevant to diffusion processes, such
as epidemics, in networks (Bucur and Holme, 2019; Kandhway and Kuri, 2017).
Data manipulation and analysis are conducted in R (R Core Team, 2019); the
‘igraph’ package (Csardi and Nepusz, 2006) is used for the network analysis.
I use these measures to rank the premises in each 4-week period for the singlespecies and multi-species networks respectively. The premises which shows the
highest value (i.e. ranked first) is removed, and the measure is computed again.
I focus on the top 100 premises in each network, and refer to these as the risky
premises. These premises could be targeted for control strategies in the first stages
of an epidemic.
I compare the set of risky premises from the multi-species network, with the
set of risky premises in the cattle or sheep network by looking at the intersection.
The size of the intersection in the set of risky premises between single-species
and multi-species networks serves as a measure of how wrong one would be if
considering only one species or the other, instead of the combination of both in
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Table 2.2: Network analysis terminology.

Measure
Average
Length

Definition
Path

Betweenness

Average length of the shortest path between all pairs
of nodes of the network (Watts and Strogatz, 1998)
Frequency with which a node is in the shortest path
between pairs of nodes (Freeman, 1978)

Clustering Coef- Number of triplets of nodes all connected to each
ficient
other (closed triplets) over the total number of triplets
in the network (Watts and Strogatz, 1998)
Component

Subset of nodes of the network for which a path exists
between any pair of nodes (Newman, 2010)

Giant Weakly Largest component of a directed network, when the
Connected
directionality of edges is ignored (Newman, 2010)
Component
(GWCC)
Giant Strongly Largest subset of nodes for which a directed path exConnected
ists between all pairs of them
Component
(GSCC)
Degree

Number of links a node has (Freeman, 1978)

Diameter

Length of the shortest path between the two most distant nodes of the network (Wasserman et al., 1994a)

Edge density

Proportion of links between nodes that actually exists in the network, calculated as the number of links,
divided by the possible number of links (Wasserman
et al., 1994a)

PageRank

A variant of Eigenvector Centrality, primarily used
for directed networks: measure of a node’s importance while giving consideration to the importance of
its neighbors in a directed network (Newman, 2010)

the context of an outbreak where both species would be involved in the epidemiology.
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2.2.4

Dynamic network analysis

Livestock movements for trade are occasional and not necessarily recurrent over
time. Animal movements occur and are recorded on a daily basis, giving the
network a temporal dimension. Thus, it is a system where network dynamics
are both likely to be important and are well recorded. In the dynamic network,
links are considered as an origin, a destination, and a date of occurrence. Two
nodes are in contact if there exists a temporally logical path between them (see
Fig. 2.3).

Figure 2.3: In this example there is a temporal path between node 1 and 3, if I consider an
infectious period k, there is no path between 1 and 4. There is no temporal
path between 1 and 5, since the movement from 2 to 5 occurs prior to the
movement from 1 to 2; if t3 − t0 < 28 days, node 1 and 2 would be connected
to 3, 4 and 5 in the static network.

In order to assess the importance of premises in the dynamic network, I calculate temporal Outgoing Contact Chains (OCC) and Ingoing Contact Chains
(ICC), which are derived from the reachability, as described by Holme (2005).
Contact chains (CC) were used in the context of diseases in livestock systems
by Dubé et al. (2008) under the name of infection chain. Here, I use the method
previously described by Konschake et al. (2013), where the OCC is defined as
the number of premises that can be temporally reached from a primary infected node, considering an infectious period of k days. The ICC is the number of
nodes from which a particular node can be temporally reached, accounting for
the considered infectious period. I consider an infectious period of seven days,
consistent with a fast-spreading FMD-like disease. In other words, the OCC of a
premises corresponds to the largest possible epidemic size if the outbreak started
in this premises; and the ICC of a premises is proportional to its probability of
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being infected if an epidemic starts somewhere in the network. I use a method
based on a Breadth-First-Search algorithm to calculate the contact chains for
limited periods of four weeks. Starting from a designated node, I traverse the
network by exploring all the neighbor nodes at the present depth prior to moving on to the nodes at the next depth level (see Fig. 2.4). I choose to compute the
measure for a period of four weeks because: (i) I am interested in the early stage
of the epidemic before the outbreak is detected and a movement ban applied;
(ii) this makes these results comparable with the results of the static network
analysis which have been performed for the same periods.

Figure 2.4: Schematic representation of Outgoing Contact Chains in the multi-species
and cattle network.

For the sake of simplification, I consider unweighted links in this part. It also
avoids making assumptions about the characteristics of the disease. This corresponds to the worst case scenario where the probability of transmission is certain
given a link between premises. I compare the sets of risky premises according to
√
the geometric mean of their contact chains (GM − CC), defined as ICC × OCC,
in the different networks, i.e. comparing the top hundred risky premises in the
single-species network and the multi-species network. This measure has been
proven useful to assess the infection potential for fast spreading disease (Rossi
et al., 2017). I also look at the changes in the set of risky premises according
to geometric mean degree and geometric mean contact chain sizes for the same
network, to understand the difference between considering a static or dynamic
network.
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In order to highlight potential shifts in estimated risk between the multispecies and the cattle systems, I look at the difference in maximal epidemic
size between these two systems, by quantifying the change in the OCC of cattle
premises taking into account the movements of both species or cattle movements
only (see schematic representation in Figure 3.1). The maximal size of an epidemic is a critical parameter, often used in epidemiological studies to quantify
the potential impact of an outbreak. Because I compute the OCC for a limited
period of 28 days, the OCC is the potential size of the epidemic after 28 days of
uncontrolled spread. I calculate for all cattle premises the factor by which their
OCC is multiplied in the multi-species network; I create a multiplication factor
which is:
OCCM
OCCC

(2.2)

where OCCM and OCCC are the OCC in the multi-species and cattle networks
respectively.
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2.3

Results

The number of sheep movements was consistently higher than the number of
cattle movements (Figure 2.1). The highest volume of trading activity in the Scottish network occurs in late summer to early autumn, when the sheep movement
volumes peak. Overall, most of the recorded movements went through markets,
accounting for 75% of the trading operations for cattle, and 93% for sheep.
2.3.1

Static network analysis

The sheep network is more dense than the cattle and the multi-species networks,
whereas the cattle network is generally more clustered (Table 2.3). As expected, average path length is longest in the cattle network, and shortest in the
multi-species network. These shorter paths between pairs of premises enable
faster spread of diseases. The sheep network is generally more connected, with
typically only a single weakly connected component, while the cattle network
is sparser, counting on average 187.1 components during any 4-week snapshot.
The multi-species network is less fragmented than the cattle-movement network;
this indicates that sheep movements connect different components of mixed or
cattle premises in the multi-species network, which were disconnected in the
cattle network.
Table 2.3: Static network measures for the 4-week animal movement networks in the year
2016 (mean [min, max]).

Multi-Species

Cattle

Sheep

Edge Density (×10−3 )

2.3 [1.7, 3.1]

3.2 [2.5, 3.7]

4.9 [2.2, 9.0]

Clustering (×10−3 )

0.88 [0.6, 1.7]

1.5 [0.9, 2.6]

0.13 [0.01,0.55]

Mean Path Length

4.2 [4.1, 4.7]

4.5 [4.2, 5.4]

4.32 [2.8, 4.9]

Diameter

12 [10, 14]

13 [11, 16]

9.8 [6, 13]

No. of Components

138.6 [58, 218]

187.1 [133, 275]

1.8 [1, 4]

Average values are calculated over the thirteen 4-week periods of the year 2016.

The variation in sizes of the components follows the same pattern as the seasonality of the movements (Figure 2.5), i.e. the sizes of the strongly and weakly
connected components show two peaks in the cattle network during the 5th and
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11th 4-week periods of the year, whereas the sizes of both components sharply
increase around the 10th period of the year in the sheep network. Moreover, the
membership to components across periods is mostly consistent, with over 60%
of the premises constituting the GWCC of the cattle networks being the same
in periods 5 and 11, when cattle movements peak. In the multi-species network,
over 70% of the premises in the GWCC are remaining the same between these
periods. In addition, the size of the GSCC in the multi-species network is always
larger than the sum of the GSCC in the cattle and the sheep networks. This
highlights how interconnected the two farming systems are. This is important,
because the size of the GSCC corresponds to a lower bound on the maximum
number of nodes that a newly introduced infectious agent might reach.

Figure 2.5: This histogram shows the size of the GSCC, and GWCC in the multi-species
(in grey) and single-species networks (cattle in blue, and sheep in green)
along the year 2016.

Figure 2.6 shows on the one hand that the three measures used are correlated,
consistently identifying mostly the same premises as risky; but on the other hand
that, for all periods of the year, the most risky premises in the multi-species network are more similar to the ones in the cattle network. The graph also shows,
during the 9th and 10th periods, an increase in the number of identical risky
premises between the sheep and the multi-species systems, whilst a decrease
in this number is observed between the multi-species and cattle network. The
majority (more than 96%, for all 4-week periods) of risky premises in the multispecies network are also considered most risky in the cattle network, for all three
network measures considered. However, only around 20% of the risky premises
in the multi-species network are also identified as most risky in the sheep network, in any 4-week period.
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Figure 2.6: This graph details the variation in the number of identical risky premises
between the multi-species and each of the single-species networks (cattle in
blue, and sheep in green) along the year for the different static network measures.

2.3.2

Dynamic network analysis

In the dynamic network analysis, the risky premises are the top 100 premises
with the largest GM − CC. The set of identified risky premises in the multispecies network are substantially different from the sets in the cattle or the
sheep movement networks (Table 2.4). On average only 47.2% of the most risky
premises in the multi-species network are most risky in the cattle networks as
well, and 32.4% in the sheep networks.
Although for most of the year, the set of risky premises in the multi-species
network is more similar to the one in the cattle network (Figure 2.7), during the
9th and 10th periods of the year, the trend reverses with the risky premises in the
multi-species network becoming more similar to the ones in the sheep network.
In addition, over all periods on average 29% of the risky premises in the multispecies network are not identified as risky in any of the single-species networks.
This suggests that some premises with the largest ICC and OCC in the multispecies network exhibit large contact chains only through combination of cattle
and sheep movements. The proportion of risky premises of this kind can be as
high as 72% during the 11th period.
These results differ considerably from those of the static analysis. I compare
the sets of risky premises according to GM − Deg in the static networks, to the
risky premises according to GM − CC in the dynamic networks (grey cells in
Table 2.4). The percentage similarity between the risky premises according to
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Table 2.4: Table showing average results in dynamic network analysis and comparing
with static network analysis results

GM − CC

GM − CC/GM − Deg

Multi-species

100

16.1 (± 2.4)

Cattle

47.2 (± 16.1)

16.8 (± 3.3)

Sheep

32.4 (± 12.3)

17.9 (± 9.2)

Number of identical risky premises identified in both single- and multi-species networks
(white cells), and by dynamic and static measures (grey cells). Values are averages over
periods of the year, with standard deviations in brackets. GM − CC: geometric mean
Contact Chain; GM − Deg: geometric mean degree.

Figure 2.7: Comparison of the single-species and multi-species dynamic network analysis results; Number of identical risky premises between networks after
ranking premises according to geometric mean contact chains. In grey is
shown the number of premises which are risky in the multi-species, the
sheep, and the cattle networks, in blue and in green is shown the number
of premises risky in the multi-species and the cattle network but not in the
sheep network, and the multi-species and the sheep, but not in the cattle
network respectively; the red area represents the premises which are risky in
the multi-species network only.

these two measures is low, with on average only around 17% of the premises
being the same.
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Overall, 99.5% of the cattle premises considered have a larger OCC when including sheep movements, and therefore a multiplication factor greater than 1.
Very few cattle premises see their OCC unchanged when sheep movements are
considered, even during the period of low activity in the sheep network (Figure 2.8). Sheep movements contribute to the construction of significantly larger
OCC in most cases: over all periods of the year, half of the premises (54%) see
their OCC multiplied by at least 2. As expected, large increases in OCC is more
consistent during the period of high activity in the sheep network, i.e. 10th period
of the year. During this period, OCC of cattle premises are multiplied by an average of 8.9.

Figure 2.8: Multiplication factor distribution (y-axis log-scale) considering only cattle
premises having an OCC of more than 10 premises.

Almost all cattle premises see their OCC increased in the multi-species network (Figure 2.9), but the range of OCC values as well as the range of increase
are variable. The OCC values are similar in the 4th and 10th periods are similar
for the cattle network, but differ considerably for the multi-species network, exhibiting sharper increases of the OCC during the 10th period. During the 10th
period, on average 2513 additional premises can be reached in the multi-species
network, which would not be reached through cattle movements only.
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Figure 2.9: Multiplication factor of cattle premises in the multi-species network for three
periods of the year; The graph shows the multiplication factor in log scale
according to the OCC in the cattle network. Only premises with an OCC of
at least ten premises are shown.

2.4

Discussion and conclusions

The objective of this chapter was to explore the Scottish cattle-sheep multispecies network characteristics to determine if this network was substantially
different than the single-species ones. The temporal multi-species network exhibited significant differences in its structure, compared to the temporal cattle
network. The results showed that more than a half of the risky premises in the
multi-species network were not identified as risky in the cattle network. If the
cattle network was used to identify risky premises in a context of a disease involving sheep and cattle, these premises would be missed. More importantly, a
number of risky premises are identified as such in the multi-species network
only: 72% in the 11th period of the year, indicating that their risk is derived from
interaction between the two farming systems. These differences indicate that, not
only are the risks associated with multi-species epidemics higher, the premises
likely to be driving those risks are also different. These differences are not captured by a static network representation of the system, and underlines the importance of temporality in livestock movement networks. These results confirm
previous findings in livestock movement analysis and comparison between static
and dynamic representation (Lentz et al., 2016; Vidondo and Voelkl, 2018).
In the temporal network, most OCC of cattle premises were significantly larger
in the multi-species network than in the cattle network, for all periods of the year.
By constructing longer contact chains, interaction between the farming systems
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increases risk of larger epidemics throughout the year, and not only during the
period of intensive trading in the sheep farming system, as one may expect.
These results ascertain the importance of combining species networks in Scotland, as well as considering layers of temporal livestock movements in detail for
the study of disease risk. However, to be able to use such results in decision
framework, there is a need for improving our understanding of how network
metrics compare to more complex disease simulation models.
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3
Proposing a tool to improve
preparedness:
A dynamic network metric to
identify farm for control measures
The methods and results of this chapter have contributed to the following publication:
Ruget, AS., Rossi, G., Pepler, P.T., Beaunée, G., Banks, CJ., Enright, J., & Kao, RR.
Multi-species temporal network of livestock movements for disease spread. Appl Netw
Sci 6, 15 (2021).

Abstract
In Chapter 2, I showed that the analysis of the multi-species network presents
substantial differences compared to the analysis of each of single-species networks, which could have important consequences for disease risk.
Here, I further investigate the usefulness of different network measures by
comparing their performance with the results of disease simulation models with
asymmetric probabilities of transmission between species. In addition to the
measures described in the previous chapter (degree, betweenness, PageRank,
and contact chain), I propose the use of a measure based on contact chains calculated in a network weighted with transmission probabilities to assess the importance of premises in an outbreak.
I demonstrate that the measure based on contact chains allows us to identify
around 30% of the key farms in a simulated epidemic, ignoring markets, whilst
static network measures identify less than 10% of these farms.
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3.1

Background

As mentioned previously in Chapter 1 and Chapter 2, livestock trade plays a
crucial role in the spread of infectious diseases, since infectious animals can
transmit a disease over long distance between premises. When an outbreak of a
highly contagious disease, such as FMD, occurs, massive trade restrictions are
rapidly implemented (Haydon et al., 2004). However, before the first disease case
is detected, the disease can spread unrestrictedly via trade. In addition, trade
restrictions are not necessarily implemented for endemic diseases such as BVD
(Tinsley et al., 2012), in which case network analysis results can be informative
to design control strategies.
Early-on there is an important trade-off between complexity of the method
used and time pressure. It is therefore useful to have tools readily available to
target farms for control strategies after the first cases are detected. Network metrics are useful in this case, since movement data should be immediately available
and trade will have driven the spread until the movement ban is put in place.
Network tools can help gain insight rapidly whilst more complex models are developed and adjusted. The specific pathogen characteristics and its disease parameters are, in addition, not precisely known in the early phase of the epidemic,
making the use of more sophisticated epidemiological model challenging.
There is, however, a need for improving our understanding of how network
metrics compare to models that explicitly include dynamics of transmission
within nodes. Here, I consider static as well as dynamic network metrics, including the metrics presented in Chapter 2. I also propose a new metric based
on contact chains taking into account transmission probabilities. I compare the
100 top ranked farms according to the defined network metrics with the results
of a disease simulation model explicitly incorporating the temporal dynamics
of the network. I demonstrate that a measure based on contact chains allows
us to identify around 30% of the key farms in a simulated epidemic, ignoring
markets, whilst static network measures identify less than 10% of these farms.
In addition, my results show that even a mildly informed choice of transmission
probability per link, without prior knowledge on the disease parameters, gives
a better prediction of risk than an unweighted network. Thus, this suggests that
once the outbreak pathogen is identified, parameters mildly informed from the
literature would be sufficient to provide useful results.
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3.2
3.2.1

Material and Methods
Networks and data

The data used and the networks constructed are the same as in Section 2.2.1
and Section 2.2.2. I consider static and dynamic network metrics as described
in Section 2.2.3 and Section 2.2.4, in addition to a new metric based on contact
chain in a weighted network. The method to calculate this dynamic network
metric is detailed in the following section Section 3.2.2.
3.2.2

Weighted In- and Out-going Contact Chain

In Section 2.2.4, I describe the method used to compute In- and Out-going
contact chains using a Breadth-First-Search algorithm in an unweighted network. But assuming that all movements are equally important—regardless of
the species type, the number of animals, or the characteristics of the premises—
neglects important and potentially useful information affecting the spread of a
disease. I therefore calculate weighted Outgoing Contact Chains (OCCw ) where
the weights are equal to Formula 2.1 and correspond to the probability of transmission given that the node is infected. I consider a network defined as a set
t,wj

of nodes V, and the set of edges E j −→ i where i, j ∈ V, t is a time, wj is a
weight. I denote the probability of being infected for a node i at time t, pI (i, t),
the complementary probability of not being infected pNI (i, t). The probability of
disease transmission for a movement from j to i at time t is consequently equal
to pI (j, t − 1) × wj .
I adapt the algorithm used in the previous section, using a similar method to
the one proposed by Enright and Kao (2016). In the initial conditions, all nodes
are susceptible, except one root node u. At each discrete time step, I identify
t,wj

all edges E j −→ i, where j has a non null probability of being infected. The
probability of not being infected for the nodes i is updated by multiplying it
t,wj

by the probability for the edge j −→ i to not transmit infection, which is 1 −
pI (j, t − 1) × wj . I keep track of the probability of not having been infected so
far, to consider cases of multiple potential infections. I present this algorithm as
pseudo code in Algorithm 1.
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Figure 3.1: Schematic representation of Outgoing Contact Chains in the weighted multispecies network.

Algorithm 1: Algorithm to calculate OCCw
Result: Average size of the epidemic after 28 days: OCCw
For all i ∈ V, pI (i, t0 ) = 0, except a root node u for which pI (u, t0 ) = 1;
for t ∈ [t0 + 1, t0 + 27] do
for i ∈ V do
t,w

for j ∈ V such that (j −→ i) ∈ E do
Q
pNI (i, t) = pNI (i, t − 1) × [ j (1 − pI (j, t − 1) × wj )];
end
end
end
P
OCCw = i (1 − pNI (i, t0 + 27))
return OCCw

Likewise, I calculate the weighted ICC (ICCw ) for all premises in the multispecies network and the different periods of the year. I rank premises according to the geometric mean of weighted contact chains (GM − CCw defined as
√
ICCw × OCCw ), expecting this ranking to be relevant to the prioritisation of
control strategies.
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3.2.3

Disease simulations

To investigate agreement between the network analysis results and a more realistic situation, I stochastically simulate transmission of a fast-spreading disease
in both cattle and sheep. The simulation is based on a Susceptible-InfectedRecovered (SIR) metapopulation model (see Section 3.5, Fig. 3.2), compatible
with an immunising infection. The time step is one day, to take into account
the daily recorded animal movements, and disease transmission is frequencydependent. I consider an infection with asymmetric transmission risk, where the
rate of effective contacts β has the highest value between cattle, and the lowest
from sheep to cattle (Table 3.1). The contact rate between sheep, and from cattle
to sheep have intermediate values. The parameter values were chosen arbitrarily
within the range of plausibility for a fast-spreading disease like FMD (Keeling,
2005). Parameter values are given in Table 3.1. The schematic representation of
the model is detailed below.

Figure 3.2: Schematic representation of the model with Sc and Ss the susceptible sheep
and cattle, Ic and Is the infected cattle and sheep and Rc and Rc the recovered
cattle and sheep; λs (t) = βss Is (t) + βcs Ic (t) and λc (t) = βcc Ic (t) + βsc Is (t)
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The equations governing the transition between states of the multi-species
model are defined as follows:

(βSS Is (t) + βCS Ic (t))Ss (t)
dSs (t)
=−
dt
N
dIs (t)
(βSS Is (t) + βCS Ic (t))Ss (t)
=
− γIs (t)
dt
N
dRs (t)
= γIs (t)
dt
(βCC Ic (t) + βSC Is (t))Sc (t)
dSc (t)
=−
dt
N
dIc (t)
(βCC Ic (t) + βSC Is (t))Sc (t)
=
− γIc (t)
dt
N
dRc (t)
= γIc (t)
dt

(3.1)

where
Ss (t) and Sc (t) are the number of susceptible sheep and cattle at time t,
Is (t) and Ic (t) are the number of infected sheep and cattle at time t,
Rs (t) and Rc (t) are the number of recovered sheep and cattle at time t,
βSS , βSC , βCS and βCC are the respective effective contact rates as defined in
Table 3.1,
1
γ is the length of the infectious period.
Table 3.1: Daily rates for the parameters in the simulation model.

Parameter

Value Definition

βCC

0.2

effective contact rate between cattle

βSC

0.19

effective contact rate between susceptible
sheep and infectious cattle

βSS

0.17

effective contact rate between sheep

βCS

0.15

effective contact rate between susceptible
cattle and infectious sheep

γ

0.14

recovery rate

For simplicity, I simulate epidemics starting only in premises having an OCC
size greater than 100 premises, that is, premises that can potentially lead to an
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epidemic of 100 premises or more. The simulations are run for a limited period
of four weeks, starting at the first day of each 4-week period of the year. I use the
SimInf package (Widgren et al., 2019) in R to perform 100 simulations per seed,
and record the size of the epidemic after four weeks, as well as the number of
times a premises is involved in the outbreak over all simulations for each period.
I define an indicator of the epidemic risk for each premises and each period as,
ER = NE × NI , where NE is the average size of the epidemic at four weeks, and
NI is the number of times the premises is infected during the epidemic and is
proportional to the probability of getting infected.
To evaluate the performance of network measures in identifying the most important farms, I compare the 100 premises with the highest ER according to the
simulations with the 100 most risky premises according to the different measures
(GM − Deg, betweenness, PageRank, GM − CC, and GM − CCw ). For this comparison, I consider only farms in the ranking, because markets and shows are
already known to be high risk and would be targeted first for control measures.

49

3.3

Results

The static network measures identify at most 11% of the top 100 farms involved
in the simulation, and their performance is very poor in most time periods (Figure 3.3). Dynamic network measures offer a clear improvement. The static measures identify on average only 7% of the 100 farms potentially most important in
the epidemic, whereas the dynamic measures identify on average over 30% of
the main actors of an outbreak (after markets and shows).

Figure 3.3: Matrix comparing the network analyses and simulations results per 4-week
period; Percentage of most risky farms according to the simulations, correctly
identified as such by the different network measures. GM − Deg: geometric
mean degree; GM − CC: geometric mean unweighted contact chain; GM −
CCw : geometric mean weighted contact chain.
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3.4

Discussion and conclusions

In this chapter, my aim was to assess the performance of network metrics to
use as a tool to inform outbreak response in the early stage of an epidemic. I
found that when disease spread was simulated in the multi-species system, the
temporal measures performed better at identifying the most important farms
than the static network measures. The inability of static descriptors to reliably
predict outbreak risk is expected (Vidondo and Voelkl, 2018), when the pattern
of contacts changes over timescales that are short compared to disease generation times. The measures based on contact chains take into account the more
important aspects of the movement networks, such as temporal paths, which
are relevant in the occurrence of an epidemic (Holme, 2005; Lentz et al., 2016).
Usefulness of a measure based on ingoing and outgoing contact chains for assessing disease risk was already confirmed by other studies (Frössling et al.,
2012; Vidondo and Voelkl, 2018). I used similar metrics, but took into account
transmission probabilities. The weighted contact chains performed better than
the simpler contact chains. Here I used weightings in line with the 2001 FMD
epidemic in the UK, which substantially improved the predictive power of the
metric. This shows that even a mildly informed choice of transmission probability per link, without prior knowledge on the disease parameters, gives a better
prediction of risk than an unweighted network.
My work reinforces the importance of incorporating differences in transmission probability where they exist within a system (e.g. differences between hostspecies in a multi-species system (Dobson, 2004)). Significant variation can lead
to critically different disease dynamics (Lloyd-Smith et al., 2005) which must be
captured for predictive modelling. In the weighted network, the weights incorporate variation due to both the volume and species traded, which allows the
network metric proposed to explicitly include this information. Similar methods
based on contact chains have included more explicit simulation rather than metric calculation: e.g. Knific et al. (2020) reports work which filters a weighted temporal network and then simulates scenarios with differing transmission probabilities, thus somewhat decoupling the disease model from the underlying network.
This metric differs in that it incorporates transmission probabilities directly into
network and metric, and is thus most useful when consider a particular pathogen with known transmission probabilities that vary by category of edge.
While I demonstrated the importance of using a multi-species network to understand transmission of an FMD-like disease, additional work remains to be
done. Cattle and sheep are not the only species vulnerable to FMD: in a future
FMD epidemic, network layers including other species (e.g. pigs) could be included, as well as non-trade layers that could incorporate transmission risk due
to shared equipment or human movements.
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Because characteristics of the disease are included in the weighted temporal
network construction, a number of adaptations would be needed to apply my
work to other diseases. In particular, the time of aggregation has important consequences for the network’s interaction with the pathogen (Bajardi et al., 2011a).
The time scale in the approach should therefore be adapted to correspond to
both the infectious period of a disease and the time scale of network dynamics
(Kao et al., 2007).
While these methods have been implemented with reasonably efficient code,
the focus has been on assessing the usefulness of the approaches as opposed to
producing code optimised for speed and memory requirement. Computational
performance could likely be improved, and further work may be required to
deploy these approaches on very large or very dense networks.
Weighted contact chains can be a powerful tool to inform decisions in the early
stages of an epidemic because it only relies on animal movement data that are
immediately available. As well as being easy and fast to compute, it is deterministic, which means the metric can be calculated in a single computational run.
In addition, the method proposed showed that weighting the network with reasonable transmission probabilities helps to improve the prediction of risk, which
could aid decision making in the early stages of an epidemic when disease parameters are still unknown.
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3.5

Appendix

As a member of EPIC (the Centre of Expertise on Animal Disease Outbreaks),
my aim is to deliver scientific evidence to support the Scottish Government in
the prevention of and preparation for important animal disease outbreaks. In
this context, the findings of Chapter 2 and Chapter 3 lead to a research brief
which will be communicated with the Animal Health and Welfare Division of
the Scottish Government. See draft next page.

53

RESEARCH BRIEF: Links between Scottish cattle and sheep premises affect disease risk
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Enright and Rowland R. Kao
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1. KEY MESSAGE
- Using a cattle-sheep movement temporal network (i.e. one that takes into account changes in the network
over time) to target premises for control strategies, we found that the set of most important premises for
disease spread in the combined cattle-sheep network differs substantially from the sets identified in the
separate networks. Contact links between the sheep and cattle farming systems should not be ignored when
targeting premises for outbreak control.
- For the early stage of an outbreak affecting multiple species, we propose a measure based on animal
movement contact chains to rapidly identify key farms for disease surveillance and control.
2. MAJOR FINDINGS
- We found that more than a half of the risky premises (i.e. top 100 ranked premises according to network
metrics) in the multi-species network were not identified as risky in the cattle network. Up to 70% of the risky
premises were identified as such in the multi-species network only, indicating that their risk is derived from
interaction between the two farming systems. These risky premises would be missed if the cattle network was
used to identify risky premises in a context of a disease where both sheep and cattle play substantial roles.
- We demonstrated that a measure based on “contact chains” (sets of premises that are epidemiologically linked
through animal movements) in the temporal network where links are weighted by a probability of transmission,
allows us to identify around 30% of the risky farms in a simulated epidemic affecting cattle and sheep, ignoring
markets. This is true even when specific disease parameters are only approximately known. In contrast,
measures for a static network (where connections between the farms are fixed) identify less than 10% of these
farms.
3. OBJECTIVES
- To show that connections between the cattle and sheep movement networks in Scotland changes disease risk
and therefore the importance of considering them jointly,
- To propose a tool to rapidly identify farms to target for control measures in the early-stage of an outbreak.
4. POLICY IMPLICATIONS
- Weighted contact chains (that is, sets of premises that are epidemiologically linked through animal
movements) can be a powerful tool to inform decisions in the early stage of an epidemic. This measure shows
the potential for an epidemic to spread, even when no disease model is available.
EPIC_202122_RB_001v1

- In an infectious disease outbreak affecting multiple species, disease surveillance and control strategies based
on single species contact networks may be misleading. Links between the different species contact networks
should be considered when identifying the riskiest premises for disease spread.
5. IMPORTANT ASSUMPTIONS AND LIMITATIONS
We considered directed cattle and sheep movement networks in successive 4-week windows, using observed
animal movement records from 2016.
We calculated “contact chains” (sets of premises that are epidemiologically linked through animal movements)
for various single species, multiple species, static and dynamic representations of the animal movement
network.
Assumption 1: Assumed the infectious disease is spread only by animal-to-animal contact and animal
movements between premises. Results may differ for diseases spread via indirect routes (e.g. to neighbouring
premises, or via environmental contamination or wildlife reservoir).
Assumption 2: Assumed probability of infection broadly compatible with FMD spread, but deliberately not
tuned to the specific 2001 FMD epidemic values, in order to test the value of imperfect knowledge.
Assumption 3: Used a 4-week period for calculating contact chains (sets of linked premises). This assumes a
maximum time of 4 weeks for undetected spread of the disease before movement controls are introduced.
Results may differ for slower moving, less transmissible diseases, potentially requiring a longer time window
than 4 weeks.
6. FIGURE OR TABLE (optional; restrict to one if essential)
7. LINKS TO EXISTING PUBLICATIONS OR REPORTS
- Ruget, A. S., Rossi, G., Pepler, P. T., Beaunée, G., Banks, C. J., Enright, J., & Kao, R. R. (2021). Multi-species
temporal network of livestock movements for disease spread. Applied Network Science, 6(1), 1-20.
8. POLICY COMMENTS/RESPONSE (Has this scientific research had a beneficial impact on policy. Please give
examples)
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Part II
During the outbreak: importation
and transmission phases

4
Importation phase, estimation of
introduction risk:
Risk of COVID-19 introduction into
the Scottish Hebrides and strategies
for control
Abstract
In this chapter, I propose to estimate the risk of introduction of COVID-19 to
each of the Hebridean Islands situated off the west coast of mainland Scotland
according to movement levels. This is of interest because the natural boundaries of islands can allow for better estimation or control of movements between
populations.
I use a combination of real human mobility data and census data to generate
seasonally varying patterns of human movements amongst the Hebrides and
from elsewhere. I consider three distinct periods: each of summer and winter
2019, illustrating a year prior to the pandemic, and summer 2020 illustrating a
pandemic summer. Movements during these periods serve as input to simulate
COVID-19 transmission from the mainland to the archipelago in a stochastic
meta-population model allowing us to explore the impact of seasonal variations
on the risk of introduction and the effectiveness of non-pharmaceutical interventions.
Despite strong seasonality in movement patterns, partly driven by tourism,
I show that in some islands the introduction risk is high even in the low season, when activity and movements from the mainland are expected to be low.
This will be of particular concern if COVID-19 becomes a seasonal respiratory
infection affecting temperate areas in winter concomitantly with other seasonal
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infections such as flu. In the high season, although in most cases movement
control will not significantly delay a potential introduction, for some islands a
70% reduction of movements in peak summer tourist season has the potential for
delaying the introduction risk for over 6 weeks, i.e. beyond the high risk summer
holiday period.
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4.1

Background

Numerous viruses causing respiratory diseases that have been responsible for
large epidemics in the past were identified as a pandemic threat (MERS, SARS,
Influenza... Reperant and Osterhaus (2017)). In December 2019, the first cases of
pneumonia due to the new virus SARS-Cov-2, now called COVID-19, were identified. The virus rapidly spread to Europe including Scotland, where the first
death was recorded on March 16th 2020 (National Records of Scotland, 2020a).
Following the introduction and spread of the virus, the first lockdown was declared on March 23rd 2020. Since then the virus has continuously spread within
the UK, at various levels. The first lockdown proved effective at reducing the
circulation to a very low level (National Records of Scotland, 2020b). The rise
in cases following the lifting of the restrictions in July 2020 was mostly due to
importation (Lycett et al., 2021), showing that within the course of the epidemic,
re-introduction of viruses between communities may play an important role and
controlling these re-introductions may be key to reducing the spread and therefore the impact.
The geographical context of islands and their natural boundaries might have
an impact on how the disease spreads compared to the mainland. In addition,
in the context of a respiratory disease spread by movement of people, the natural boundaries of islands make measurement of the flow of people entering the
islands, or circulating between the islands easier. It also potentially allows for a
better control of flow between populations. With regards to COVID-19, New Zealand illustrated an example of how to take advantage of the geographic isolation
to locally eliminate a pathogen (Cousins, 2020).
Modelling approaches can help us better understand the importation risk taking into account movement pattern and disease process. Such methods have
been used in various contexts such as the Ebola epidemic in 2014 (Poletto et al.,
2014b), and for influenza epidemics (Mateus et al., 2014), and have shown that
movement restrictions can only delay the introduction but not prevent it, unless
movements are suppressed. Whilst facing the spread of a new virus, every week
allows for a better understanding of the disease dynamic, for potentially better
treatments and interventions, or even a larger vaccine coverage of the population.
In such a situation it might be useful to delay the introduction, even for a short
period of time, as the breadth of knowledge and means are rapidly growing.
In Scotland, most of the cases due to COVID-19 have occurred in the most
densely populated part of the country. The Scottish isles have been less affected
by COVID-19, although multiple introductions of the virus have occurred. Movements between Scotland mainland and the isles experience high seasonal variations due to tourism and seasonal workers. My objective was to assess the risk
of introducing a respiratory disease such as COVID-19 in the Hebrides, an ar60

chipelago off the west coast of mainland Scotland according to flow of people.
I estimate the short-term risk of introduction in summer vs. winter prior to the
pandemic situation using data from 2019, and highlighted the change of risk
between seasons. I then consider the summer 2020 illustrating a peak season
period within the pandemic and estimate the risk of introduction as well as
the impact of movement restrictions on this risk. Finally I explore control scenarios based on movements restrictions and Non-Pharmaceutical Interventions
(NPIs) inducing a mitigation of contacts between individuals and therefore disease transmission.
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4.2
4.2.1

Materials and Methods
Data

To be able to reproduce the pattern of movement relevant to disease spread from
the mainland to the islands, I combine publicly available data with data provided
by transport companies. The Census Flow Data is an official statistics and corresponds to the number of people moving between declared home locations and
workplace locations. This data is available online for academic institutions (UK
data service, 2011). The Civil Aviation Authority (CAA) publishes monthly reports providing number of passengers between airport (Civil Aviation Authority,
2020). Skye is the single island in the study having a road link to the mainland.
Transport Scotland shared with us statistics on direct vehicle movements into
the Islands system via Skye bridge traffic, providing a number of cars in each
direction per hour between January 2019 and December 2020. Finally the ferry
company (Caledonian MacBrayne, or "Calmac") operating between 19 islands
of the Hebrides provided number of passengers per ferry on scheduled routes
between January 2019 and October 2020.

Figure 4.1: Maps showing the location of the Hebrides on earth (bottom left) and in Scotland (top left) and map of the islands displaying the superimposed networks
(right hand-side).
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I use these data to construct a combined network at the output area (OA)
level. The output area is an administrative unit containing approximately 50
inhabitants. Fig. 4.1 shows the location of Scotland and the Hebrides, as well as
an aggregation of the three networks at the island level superimposed with a
map.
Since I consider a combination of data collected in real time and data from the
2011 census, I expect some movements to appear in more than one of the datasets. To avoid overestimating movement volumes, I calculate the edge weights,
considering only the largest volume between the census data or the ferry and
bridge data. I assume that there is no overlap between airline data and census
data, as individuals are unlikely to commute regularly by air.
Large seasonal variation in volumes were clear in 2019, as well as large changes
in volume due to restrictions in 2020 (see Fig. 4.2). When the combined network
was constructed, three sets of weights for the edges compatible with three periods were considered: summer 2019, winter 2019, and summer 2020. These three
periods reflect different situations: summer and winter 2019 illustrate the seasonal variation in a typical year, whereas summer 2020 represents a holiday
period during the pandemic with no movement restrictions in Scotland (ISSN
International Centre, 2020).

Figure 4.2: Variation of passenger and car volume over time. The green dashed lines
show the date at which the lockdown was instigated and the date of phase 3
of lifting restrictions, when movements were allowed

While there may be some overlap, each dataset contains differing information:
the ferry data contains a number of passengers from port to port per date and
time, the airline data contains a monthly volume between pairs of airports, the
Skye bridge data provides a number of cars per hour of the day from January
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2019 to December 2020. Whilst this data represents measurement of real movements recorded during the period of interest, the Census Flow Data is an official
statistics from 2011 provided at the OA scale. The CFD provides the network
structure at the right scale for the model, whilst the other datasets are useful to
inform the movement volumes in the network. To homogenise the data and construct between-OA movements of individuals, the data is processed as described
below:
• Ferry: port to port movement volumes from the ferry data are used to
adjust the between OA movements from CFD. As volumes were generally
higher in the ferry data than the census, excess was randomly distributed
between existing edges in the CFD, or uniformly distributed between OAs
on each island if no connection existed in the CFD.
• Skye bridge: I assume that there is one passenger per vehicle in winter. I
further assume that the increase in passenger flow over the bridge between
seasons is proportional to the increase of passengers on ferry routes (on
average 1.9× the volume). This is consistent with Transport Scotland statistics where the average occupancy of car in 2018 was found to be 1.5
(Transport Scotland, 2011); whilst the assumed winter and summer passenger volumes is averaging 1.45 passengers per vehicle. The increased
volume was then distributed between existing OA-OA routes in the census
from the mainland to Skye with a probability proportional to the commute
volume.
• Airline: no overlap with other sources of data was considered, movements
from airport to airport were distributed between OAs using the same approach as for the ferry data.
4.2.2

Model

I use a stochastic network meta-population model, where each node represents an output area. Within each node the population is split into three age
groups ([0-17), [17-70), and 70+) with populations derived from census data
(Scotland’s Census, 2011). I model the disease state of each node’s population
with a stochastic compartmental model including a latent (E) state, asymptomatic (A2 ), presymptomatic (A) and symptomatic (I) infectious states, and subsequent hospitalised(H), recovered (R) or dead (D) states (schematic representation in Fig. 5.3). The parameter values and the model description are detailed in
appendix.
To drive within-node infectious dynamics, I derive contact rates between individuals from age-structured mixing matrices based on survey data. For contacts before the pandemic, I use POLYMOD matrices (Mossong et al., 2017),
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gathered before the pandemic, and for contacts during the pandemic, I use CoMix matrices (Jarvis et al., 2020a) gathered during the pandemic. The CoMix
matrix used gave a mean of 6 contacts per individual per day overall, consistent
with other estimates of the highest mean number of contacts in the UK during
the pandemic (Jarvis et al., 2020b).

Figure 4.3: Schematic representation of the compartmental model. S - susceptible, E exposed (but not infectious), A - presymptomatic infectious before symptom
onset, I - symptomatic infectious, A2 - asymptomatic infectious, H - hospitalised, R - recovered, D - dead.

4.2.3

Variation in the risk of introduction

I define the risk of introduction before time t as the probability that at least one
individual had entered one of the disease states (E, A, A2 , I) before or at time
t. This probability is calculated as the proportion of simulations when the introduction occurred over the total number of simulations. As in Fig. 4.2, volumes of
movements exhibit high variations depending on circumstances. The variation
in risk of introduction between a typical summer and winter using the data from
2019 is therefore first explored. These periods being prior to the COVID-19 pandemic, the average number of contacts between individuals is defined by the
POLYMOD age mixing matrix. A fixed prevalence is assumed on the mainland
of 1%, which is approximately the prevalence estimated in Scotland by the ONS
survey at the end of 2020 (ONS, 2020). I run 200 simulations considering the
winter edge weights and the summer edge weights respectively. As the focus is
on short-term forecast here, the risk of introduction of the virus is calculated per
island at 30 days after the start of the simulation, in summer and in winter.
I investigate statistical correlation of the introduction risk with network metrics, such as in-flow, closeness, betweenness, and length of the shortest path to
mainland. The in-flow is the sum of the weights of incoming links (Wasserman
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et al., 1994b). The closeness is the average of the shortest path length from the
node to every other node in the network (Freeman, 1978). The betweenness is
the frequency with which a node is in the shortest path between pairs of nodes
(Freeman, 1978). The shortest path between an island and the mainland in the
weighted network is the path which minimises the sum of the inverse of the
weights (here, the weights represent closeness, consequently the inverse of the
weights are interpreted as a distance). The shortest path length is the sum of
the inverse of the link weights which form the shortest path. I also consider
other indicators such as population size, and the health and access domains of
the Scottish Multiple Deprivation Index (SIMD, Scottish Government (2020a)).
SIMD is a relative measure of deprivation across datazones (DZs, which are
areas containing approximately 500-1000 residents) in Scotland. SIMD looks at
the extent to which an area is deprived across seven domains including health
and access. The higher the score, the more deprived the area. The access domain
is representative of the connectedness of the area taking into account drive or
public transport travel time to facilities such as school, GP... The health domain
measures the healthiness of the population. It has been shown to have a potential
influence on COVID-19 mortality (Banks et al., 2020).
4.2.4
4.2.4.1

Mitigation of the introduction risk
Relative importance of movement types

I use data from the summer 2020 to illustrate the movement pattern of a pandemic
summer, where no travel restrictions were in place at the national level (ISSN
International Centre, 2020). Despite the absence of restrictions the volumes of
passengers between the islands was twice as low as the previous year, according
to the ferry data. This can be explained by the implementation of quarantine for
international travel in Scotland, which can discourage international movements,
in addition to a change in behaviour (Brinkman et al., 2020).
The risk of introduction before time t is defined as the probability that at least
one individual has entered one of the disease states (E, A, A2 , I) before time t
or at time t. To assess the importance of connections with neighbouring islands,
I compare the conditional probability that an island k is infected given that one
of its neighbours in the network is infected, with the probability the island k is
infected.
The following notations are used to define the events of interest:
• event Ik,t : “introduction of COVID-19 on island k before or at time t”
• event Nk,t : “introduction of COVID-19 on one of the neighbours of island
k before or at time t”
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The probability of introduction of COVID-19 on island k before time t, P(Ik,t ),
is calculated as the ratio between the number of simulations with introduction
in k before time t and the number of simulations.
The probability of introduction of COVID-19 on island k before time t given
that COVID-19 has been introduced on at least one of the neighbouring islands
P(Ik,t |Nk,t ) is calculated as the number of simulations with introduction in k and
any neighbour of k before time t divided by the number of simulations with
P(Ik,t ∩Nk,t )
.
introduction in any neighbour of k before time t, P(N
k,t )
I run simulations considering the summer-2020 level of movements and a
mean of 6 contacts per person and day, and calculate the values of these two
probabilities over time. To highlight any dependence between the probability for
an island to get infected, and the probability for one of its neighbours to get
infected, I compare P(Ik ) and P(Ik |Nk ). Finally, I consider situations in which
restrictions would induce a reduction of 50% of the volume of movements from
the mainland only, or a 50% reduction of movements from the mainland and
between the islands. In the latter, a larger volume of movements is therefore removed. I compare the effect of these two scenarios on the risk of introduction
per island over time.
4.2.4.2

Delay in introduction according to restriction level

To assess the effect of movement restrictions on the risk of introduction, I compare the spread of COVID-19 obtained from simulations of the model with and
without movement reductions. I focus on short-term projections and calculate
the probability of case importation per island predicted after 30 days of simulation in the baseline scenario without movement restrictions. I then compute the
time delay needed to reach the same value of introduction probability per island
in simulations with movement restrictions.
I run two scenarios considering a decrease of the movement volume from the
mainland of 50% or 70%. I test correlation between the number of movements
removed and the delay observed in virus introduction per island.
4.2.5

Summary of the COVID-19 cases on the islands

I compare the results to PCR test results data from PHS (PHS, 2020), which
provides per test performed the date of the test and the home DZ of the person
tested. I test the correlation between the number of months per island having at
least one positive test and the probability of introduction calculated at 30 days
in the “summer 2020” simulations.
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4.2.6

Control scenarios exploration

I explore scenarios of control after introduction, with the aim at comparing the
effect of controlling movements between OAs, as compared to controlling the
number of contacts within OA, as well as the combination of these two measures.

Table 4.1: Table summarising the measures implemented for control in each scenario.

Scenario

Movement

Mean contacts

Scenario 1a

No movement reduction

3

Scenario 1b

Movements from the main- 3
land reduced by 50%

Scenario 2

Movements from the main- land reduced by 50%

Scenario 3

All movements reduced by 2.6
50%

The baseline is summer 2020, when the average number of contacts per individual per day was 6. In the different scenarios, the simulation starts with the
same disease parameters and movement network as the baseline. Control measures are implemented at 20 days. I consider, in scenario 1a, a decrease of the
number of contacts from 6 to 3, which corresponds to the decrease observed in
England when all public places inducing mixing are closed except for schools
(Jarvis et al., 2021). In scenario 1b, I consider movement restrictions, applied to
movement from the mainland only alongside contact mitigation. In scenario 2, I
explore the effect of controlling the movements from the mainland alone by reducing them by 50%. Finally the scenario 3 simulates a lockdown-like situation,
decreasing average number of contacts down to 2.6, similar to observations in
March 2020 (Jarvis et al., 2020a, 2021), and all movements reduced by 50%.
To compare the impact of these various measures, I report the distribution
of the number of individuals across simulations who has been infected in the
whole of the Hebrides.
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4.3

Results

4.3.1 Comparison of seasonal risks
I first assess correlations between introduction risk and network metrics in summer and winter, as well as with population size and two domains of the SIMD
(Cf Table 4.2).
In-flow as weighted in-degree and shortest path length to mainland as minimum geodesic distance to the mainland were the measures showing the strongest
correlation to risk. All other variables were significantly correlated apart from
the betweenness and closeness. The variable access showed a negative correlation
with the risk of introduction (−0.67 in winter, p-value 0.002, −0.65 in summer
p-value 0.003), which is expected, since a higher access score means a longer
driving/public transport time to facilities such as GP, schools or post office, i.e.
poorer access. The variable health showed a positive correlation with the introduction risk in winter (0.54 p-value 0.022), indicating that areas with poorer
health could be exposed to higher risk of introduction in winter.

Figure 4.4: Increase in introduction risk in summer by introduction risk in winter. The
area of the dot is proportional to the multiplying factor value between summer inflow and winter inflow.

Fig. 4.4 shows the increase in introduction risk in summer compared to winter
plotted by introduction risk in winter. The area of the dot is proportional to
the ratio of passenger volume between summer and winter. Skye, Harris and
Lewis, Arran, Bute and Great Cumbrae showed a risk of introduction before 30
days close to one in summer as well as in winter. Other islands showed a more
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Table 4.2: Spearman correlation between introduction risk and network metrics, population size, health and access domains from SIMD. (SPL: Shortest Path Length).

Variable

Winter

Summer

Correlation

p-value

Correlation

p-value

0.78

< .001

0.73

< .001

SPL to mainland −0.75

< .001

−0.78

< .001

Population size

0.66

< .001

0.52

0.02

Access

−0.67

0.002

−0.65

0.003

Health

0.54

0.022

0.41

0.09

In-Flow

dramatic change in the risk between winter and summer. The most substantial
change occurred in Iona, where the risk of introduction before 30 days is 0.2 in
winter and 0.82 in summer.
4.3.2
4.3.2.1

Conditional probability and consequences for control
Relative importance of movements

Fig. 4.5 shows the probability for each island to introduce the virus over time
(in red), and the conditional probability for these islands to introduce the virus
given that at least one of their neighbour has introduced the virus (in blue).
The limited differences between the two probabilities suggest that the event introduction of COVID-19 on island k before time t is independent to the event
introduction of COVID-19 on one of the neighbours of island k before time t.
Secondly the impact on the introduction risk of controlling certain movements
is evaluated: movements from the mainland and between islands concomitantly
are reduced by 50% (light green, scenario a), or movements from the mainland
only are reduced by 50% (dark green, scenario b) Fig. 4.5. Scenario a leads to a
larger number of movements being suppressed compared to scenario b. Despite
a larger reduction of movements in scenario a, the effect on introduction risk is
very similar between the two scenarios.
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Figure 4.5: Comparison of the probability of introduction in summer (red) and the conditional probability of introduction (blue), with the probability of introduction
if all movements from mainland and between islands are reduced by 50%
(light green), or if only movements from the mainland are reduced by 50%
(dark green). Note that the curve appears purple if the blue and red curves
are superimposed.

4.3.2.2

Delay observed following restrictions

I consider a reduction by 50% and 70% of the movements from the mainland,
where the summer 2020 constitutes the baseline of the scenario.
A cluster analysis using the k-means method allows us to distinguish two
groups of islands (see Fig. 4.6), the clustering explaining 77.2% and 77.1% of the
group’s differences for the 50% and 70% reduction scenarios respectively. When
movements are reduced by 50%, there is a strong linear correlation between the
reduction in the number of passengers and resulting delay in days (Pearson
correlation 0.78, p-value < .001) in the larger cluster of islands, as shown by
the regression line. In the smaller cluster, although the decrease in number of
passengers is higher there is nearly no delay in the introduction. This suggests
that above a certain value, changes in movement volume have little impact, as
the risk of introduction remains high.
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Figure 4.6: Delay in days with movements reduced by 50% (round blue dots) and 70%
(triangular green dots) according to baseline probability of introduction before 30 days. The brighter and darker colours show the clusters for each
reduction scenario. On the right hand-side the observed decrease in movement between the summer 2020 and the winter 2019 is shown, illustrating
what could possibly be achieved by controlling summer movements.

The advantage of restricting movements varied between islands. For a number
of islands like Barra, Gigha, Colonsay, there might be a real advantage of doing
so, since I see a simulated delay of approximately two months. This means that
the restriction would postpone the introduction beyond the length of an average
summer holiday period, which also corresponds to a high risk period due to
increased tourism activities. Beyond this period, the risk would spontaneously
decrease with the seasonal decrease in movements.
4.3.3

Summary of the COVID-19 cases on the islands

COVID-19 has been introduced at several occasions on the islands since the
start of the pandemic. The color matrix Fig. 4.7 shows the number of positive
tests per island per month between March 2020 and February 2021. I assume
that positive tests on different months potentially corresponded to independent
introductions. I show that there is a positive correlation between the number of
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Figure 4.7: Heat-map showing the number of positive tests per month on each island,
and correlation between number of months with positive cases and introduction risk.

introductions on each island and the baseline probability of introduction before
30 days calculated for summer 2020 (Pearson correlation 0.81, p-value < .001).
4.3.4

Exploring control scenarios

Fig. 4.8 highlights the difference in the distribution of the number of individuals
who have been infected during the simulation according to the scenario considered.

Figure 4.8: Comparison of the total number of individuals infected at the end of the
simulation in the Hebrides according to scenarios.
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Scenarios involving a reduction of the number of contact only (scenario 1a)
are more effective than scenarios involving control on movements only (scenario
1b). This is to be expected as movements play an important role in spreading a
disease to new places, but for COVID-19 once the pathogen has been imported,
the circulation among smaller communities will be sufficient to sustain the epidemic provided that the number of recovered and immune individuals remain
low.
Scenario 1b which is a combination of scenario 1a and 2, results in fewer
infected individuals at the end of the simulation, but the decrease observed is
not as great as the decrease between the two individual scenarios. This indicates
that there is not a synergy when combining the two types of measure but some
overlap in the disease transmission effect induced by each of those.
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4.4

Discussion and conclusions

Movements play a crucial role in the spread of respiratory disease between territories. My study provides important information on the seasonal variation of risk
and effect of control measures that can help decision making and preparedness
to such events.
The analysis on the seasonal variation of risk showed that a number of islands
(Skye, Bute, Arran, Great Cumbrae, Harris and Lewis) would have a high exposure to COVID-19 introduction from the mainland in summers and winters
should the volumes of traffic be similar to normal, and the prevalence around 1%
on the mainland. For these islands, the risk remains high even in winter when
fewer people are moving from the mainland and between islands. Yet COVID-19
might become a seasonal respiratory infection (Audi et al., 2020) in temperate
areas. In this case annual epidemics of such respiratory disease would affect the
human population in the winter season, when environmental parameters and
changes in human behavior become more favourable for the spread (Moriyama
et al., 2020). This would be especially of concern since other respiratory infections circulate at the same time, such as flu (Nelson and Holmes, 2007), which
consequently increases the bed occupancy during winter months (Bouscambert
et al., 2015). The potential impact on hospitals could be more severe in isolated
areas like the Hebrides. In the UK, in September 2021, over 43 million individuals had received two doses of COVID-19 (UK Government, 2021), but even with
a good vaccination coverage the risk of the emergence of a new variant escaping
the vaccine will remain (Domingo and Perales, 2021; Koyama et al., 2020). If and
when there is evidence of an escape mutant circulating, additional measures in
areas exposed to a higher risk should be considered. Furthermore, the correlation between health index and introduction risk in winter highlights that those
islands the most at risk in winter are also the ones that are the most deprived on
the health level supporting the need for additional measures.
The results also showed that movements from the mainland are more likely
to play a role in the dissemination to new areas compared to movements from
neighbouring islands (see Fig. 4.5). Consequently, in order to mitigate the risk of
COVID-19 importation to the islands, restriction measures could primarily focus
on reducing the passenger volume from the mainland but otherwise allowing
continued traffic between islands with no restrictions.
In addition when movements from the mainland are reduced by 50%, some
islands see the introduction of the virus delayed and the length of the delay is
proportional to the decrease in number of passengers visiting the island. However, for a few other islands (Arran, Bute, Great Cumbrae, Mull and Skye) barely
any delay results from the movement reduction. It is important to note that since
the chosen prevalence on the mainland is 1%, if more than a thousand individu75

als are moving from the mainland to one of the island every day, it means that
the probability to infect an individual on the island would be close to one every
day. Therefore the islands that are highly connected to the mainland and experiencing a higher risk would not see any delay in the virus importation with a
decrease of 50% of the mainland movements, since the volume of movements
remains high enough to induce a high risk.
Finally my study suggests that the importation of the virus to the islands could
be delayed by up to two months if movements from the mainland were reduced
by 70% compared to the volume observed in summer 2020. This delay of two
months should not be neglected in a period of massive vaccination. According to
their vaccine delivery plan, the UK aims at vaccinating at least 2 million people
per week from the end of January 2021 (UK Government, 2021). This means
that any week of delay not only corresponds to time saved, but also to a higher
vaccination coverage in the population. In addition, as the level of movements
considered in the baseline scenario corresponds to a summer holiday period, the
results show that for some islands a movement mitigation is likely to postpone
the introduction of COVID-19 beyond the end of the holiday period, after which
the risk will decrease with the lower seasonal winter volume of travel. For those
islands which could benefit from such a gain, it might be interesting to consider
controlling movement during holiday periods to maintain the risk at a low level.
The parameters used in the model were taken from other COVID-19 studies
in the UK or elsewhere. These parameters, especially the number of contacts per
person and per day was set as the same for all areas, whereas in reality some
areas will be more rural, less populated than others. These differences might
be especially important in the case of islands which are generally less populated.
Using the same parameters as the ones estimated in urban areas might introduce
a bias. In addition the prevalence on the mainland was arbitrarily fixed and
does not take into account the change in circulation level of COVID-19 over
time. However, the calculated probability of introduction before 30 days showed
a strong correlation with the number of months with positive tests on each of
Hebrides, which reinforces the confidence in the reliability of the method and
the results.
Movement restrictions during peak periods might not be viable economically
for the islands. According to the National Plan for Scotland’s Islands published
in 2019 by the Scottish government, sustainable economic development can be
achieved through economic drivers such as marine activities, agriculture and
crofting, fishing, tourism and the food and drink industry (Scottish Government,
2019). Most of these activities depend on free movement of people, essentially
seasonal workers and tourists. Further investigations into the economic impact
of these restrictions would have to be conducted to balance disease and economic
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risks for the population. These impacts must be taken into account in policy
decisions to insure the prosperity of the island communities.
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4.5

Appendix

The parameters used in the simulations are detailed in Table 4.3.

To describe the infection process I used the following notations:
• p = 0.05 the infection probability of a contact between an infectious person
and a susceptible person
• Au,k is age class k at node u.
• Xt (Au,k ) where X is a compartment in the compartmental model is the
number of individuals in compartment X in age class Ak in node u at time
t
• Nt (Au,k ) is the total number of individuals in age class Ak in node u at
time t
• It (Au,k ) is the number of individuals in any infectious compartment in age
class Ak in node u at time t
• pt,I (Au,k ) =

It (Au,k )
N(Au,k )

is the proportion of age class Ak in node u at time t
S (A

)

t
u,k
that is infectious, and as pt,S (Au,k ) = N(A
the proportion of age class Ak
u,k )
in node u at time t that is susceptible

• C is a matrix describing contact between age classes, where Ci,j is the expected number of contacts that an individual in age class Ai has with an
individual in age class Aj .
The stochasticity is implemented in the calculation of the number of new infected. The number of infectious contacts at node u is calculated by first generating
for each infected person in Au,j how many contacts this person had with people
in Au,i . I randomly sampled from a Poisson distribution, P(yt−1 Ci,j ). Then for
each infectious person, and its random number of contacts contacts, I randomly
sampled from a hypergeometric distribution (the hypergeometric distribution is
used instead of binomial because I assumed the contacts are with unique people,
hence the random sampling must be done without replacement), with parameters Hypergeometric(Nt (Au,i ), St (Au,i ), contacts), i.e. I sample contact times in
the total population of node u, with a "success" being a susceptible person. These
potentially infectious contacts for all people are then summed.
The number of between node infectious contacts at time t is calculated by first
randomly sampling the number of commutes originating from infectious people
in u, using a Binomial distribution,
commutes from infectioust ∼ Bin(pt−1,I (Au ), xt−1 ∗ w(u, v))
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Table 4.3: Transition rates for the three age groups (’y’ for young [0,17), ’w’ for working
age group [17,70), and ’o’ for people older than 70). Parameters were taken
from More et al. (2020); Byrne et al. (2020); He et al. (2020).

Age group

From

To

Parameter

Value

[0,17)

E

A2

(1 − q)νy

0.15

[0,17)

E

A

qνy

0.041

[0,17)

A

I

ζy

0.4

[0,17)

A2

R

ρy

0.14

[0,17)

I

R

pry γ

0.14

[0,17)

I

H

phy γ

5.7 × 10−5

[0,17)

I

D

pdy γ

0.0

[0,17)

H

R

ρhy

0.85

[0,17)

H

D

µhy

0.0

[17,70)

E

A2

(1 − q)νw

0.11

[17,70)

E

A

qνw

0.082

[17,70)

A

I

ζw

0.4

[17,70)

A2

R

ρw

0.14

[17,70)

I

R

prw γ

0.13

[17,70)

I

H

phw γ

7.1 × 10−3

[17,70)

I

D

pdw γ

2.0 × 10−4

[17,70)

H

R

ρhw

0.81

[17,70)

H

D

µhw

0.04

70+

E

A2

(1 − q)νo

0.060

70+

E

A

qνo

0.13

70+

A

I

ζo

0.4

70+

A2

R

ρo

0.14

70+

I

R

prw γ

0.11

70+

I

H

phw γ

0.026

70+

I

D

pdw γ

2.1 × 10−3

70+

H

R

ρho

0.69

70+

H

D

µho

0.17
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Then given a number of such commutes, I selected those that targeted susceptible people in v.
commutes from infectious to susceptiblet ∼ Bin(pt−1,S (Av ), commutes from infectioust )
After adding the number of within-node and between-node potentially infectious contacts, I sampled the number of new infections from a Binomial distribution:
infectious contactst ∼ Bin(contactst , p)
The code for the model framework is publicly available1 .

1 https://github.com/ScottishCOVIDResponse/simple_network_sim/
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5
Transmission phase, Bayesian
Inference to understand an
ongoing epidemic:
Role of individual vs communitywide measures to control Barra
COVID-19 Outbreak
Abstract
In this chapter, I focus on the study of a recent epidemic. I consider the outbreak
that occurred on the Isle of Barra at the beginning of 2021 and see how its
analysis can help us assess the effectiveness of control measures. The use of the
disease data in combination with a simulation model allows for the estimation
of key disease parameters of the model using Approximate Bayesian Inference.
The estimation of key parameter values at different time points throughout the
outbreak can help quantify the effectiveness that control measures have had on
the transmission dynamic.
I use a compartmental disease model similar to the one presented in Chapter 4
and data relative to number of cases over time. I consider three successive
phases with different transmission dynamics to model the outbreak, i.e. initial
spread, transmission reduction without population wide restrictions and lockdown. Parameters of the stochastic compartmental model are adjusted to positive test data to estimate key disease parameters in these three phases. I estimate
the most likely date of introduction, the basic reproduction number at the start
of the outbreak and I quantify the impact of measures in the different outbreak
phases.
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I find that the virus has most likely been introduced on New Year’s Day, the
transmission started to slow down two days after the first cases were reported
and a week before further restrictions were imposed by the authorities. My results are consistent with the containment of the outbreak by contact tracing combined with self-imposed measures. The lockdown, which was later implemented,
had likely no substantial effect on the transmission dynamic.
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5.1

Background

Since the start of the COVID-19 pandemic, many countries have been placed
on lockdown at different time points to slow the spread of COVID-19 (ACAPS,
2020). A lockdown is a combination of non-pharmaceutical interventions (NPIs)
i.e. any methods used to reduce the spread of an infectious disease, apart from
vaccination or medication. Non-pharmaceutical methods are crucial in curtailing
infectious disease spread, as has been shown previously for influenza pandemics (Markel et al., 2006; Aledort et al., 2007). For COVID-19 and before vaccination was implemented, NPIs, including testing and isolation, represented the
primary mitigation strategy as the benefit of individual treatment of patients is
constrained by limitations on effectiveness and availability of resources (Song
et al., 2020; Ranney et al., 2020). Physical distancing measures have therefore
been central in government strategic plans for COVID-19 control (ACAPS, 2020)
and their scale and severity were unprecedented. Measures implemented could
include: closure of events, schools, restaurants, bars, gyms, and other leisure
or hospitality-related businesses. In addition movements of individuals were restricted, and ’stay at home’ orders could be enforced in the stricter form of the
lockdown.
These decisions proved very effective in containing the spread of the virus
(Alfano and Ercolano, 2020), since human contacts drive the transmission. But
such measures are not harmless as they have a large impact on the economy
and the population’s mental health (Clemens et al., 2020; Buheji et al., 2020).
The management of healthcare resource was one driver for control strategies
(Jombart et al., 2020). More specifically, the availability of critical care beds was
modelled as it was one of the main limiting factor for the management of COVID19 infected patients (McCabe et al., 2021). For instance in March 2020, Ferguson
et al. (2020) predicted the number of critical care beds occupied according to
various scenarios and suggested that population-wide social distancing would
have the potential to mitigate the spread sufficiently.
Later on, the Scottish COVID-19 response transitioned from national lockdown to localised interventions at Local Authority level. A 5-tier system was adopted in November 2020, where five levels of restrictions were defined and each
of the 32 Local Authorities could be in any of the five levels. Five critical indicators were used to inform the allocation of levels (Scottish Government, 2020b),
namely: (i) the number of cases per 100,000 people over the past seven days,
(ii) the percentage of tests that are positive over the past seven days, (iii) forecasts of the number of cases per 100,000 consisting of the weekly number of
cases in two weeks’ time, (iv) current and projected future use of local hospital
beds, compared with capacity, (v) current and projected future use of intensive
care beds, compared with capacity. But these indicators might be challenging to
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estimate or to interpret as Local Authorities might have different characteristics
in terms of demography, distribution of rural/urban areas or healthcare facilities. There might also be more uncertainties in indicator predictions when dealing
with small numbers, as it is the case for the Western Isles where 70 hospital beds
are available on average, as opposed to several thousands in more populated
areas (Public Health Scotland, 2020). In addition, using indicators based on a 7
day period induces a time lag between health event and decision.
Although epidemiological models are now recognised as a central tool to inform decisions (Alahmadi et al., 2020), using model forecasting for policies is
often challenging, partly because the predictions highly depend on the interaction between interventions and their impact on parameters. These parameters
are often unknown since they are context-specific, i.e. they depend on the pathogen of interest (contagiousness) but also the social context (demography, contact
patterns). One can use parameter values estimated in other experimental or modelling studies, but this will not come without introducing bias. For the spread
of a respiratory disease like COVID-19, contact and movement patterns are the
main drivers of transmission. Contacts between individuals before and during
the pandemic have been estimated by surveying a subset of the population in
the UK and elsewhere (Mossong et al., 2017; Jarvis et al., 2020b). However these
estimates have been made in a context which is not representative of the one
of a Scottish Island, as the population density, commuting and contact patterns
might be different. Barra is a small island of the Outer Hebrides (see Fig. 5.1)
counting 1,174 inhabitants and approximately 20 inhabitants per square meter
(compared to 3,555/km2 in Glasgow for example). Barra is a remote rural area
according to Scottish Government Urban Rural Classification (Scottish Government, 2021a).
If disease data are available, several methods exist to estimate parameters from
data. This process, called model fitting, is usually based on likelihood methods
(Csilléry et al., 2010). But in infectious disease modelling the likelihood function
is often computationally intensive or intractable because of model complexity
and data scarcity and incompleteness due to the nature of partially observed
epidemics. Approximate Bayesian Computation is a method based on Bayesian
Inference where the likelihood is approximated (Beaumont et al., 2002). The likelihood calculation is bypassed by comparing summary statistics of the simulated
data to summary statistics of the observed data. As in Bayesian inference, prior
beliefs about the model parameters, expressed through the prior distribution,
are updated in light of new evidence obtained by simulations. Adjusting disease transmission parameters to data can help gain insight in the timeline of the
transmission dynamics and therefore the effect of decisions.
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Here, I analyse an outbreak which occurred on the Isle of Barra, situated in
the Western Isles, off the West coast of mainland Scotland (see Fig. 5.1. The first
two cases were reported on January 11th 2021. In the next days the NHS chief executive advised inhabitants of Barra to “limit contact with other households and
leave home only if necessary” in his daily video update addressed to the Western Isles population. On January 15th , over 110 inhabitants were self-isolating,
nearly 10% of the local population. Increasing numbers of new cases were being identified until January 19th , when Barra moved to “level 4” restrictions at
midnight. On that day a total of 45 cases had been detected and linked to the
epidemic. Three more cases were reported in the next few days, bringing the
number of cases to 48 on February 2nd , followed by a whole week with no cases
(NHS Western Isles, 2021). The role of the lockdown in controlling this epidemic
is questionable as it occurred when the epidemic peak had already been reached.
Our aim is to estimate the role of voluntary vs. policy-induced measures in containing the outbreak on Barra. The epidemic is first described with indicators,
such as number of positive tests, positivity over time, growth rate. Using an
ABC method, I propose to fit disease parameters to the available data of the
epidemic to provide likely estimates of those in this context. Finally, I investigate the parameter values and their meaning in terms of transmission dynamics
along the epidemic. I found that voluntary measures more likely played a central
role in containing the outbreak compared to policy-induced restrictions.
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Figure 5.1: Map showing the location of the Isle of Barra (bright yellow), within the
Hebrides (orange).

5.2
5.2.1

Methods
Data

I use data on COVID-19 held by Public Health Scotland (PHS) and made available via the PHS Electronic Data Research and Innovation Service (eDRIS, PHS
(2020)). The data contains the number of positive and negative tests per day per
data zone, with age group and gender for each observation. A timeline of the
epidemic with restrictions imposed was retrieved from the NHS Western Isles
COVID-19 website (NHS Western Isles, 2021). To populate the model I use age
demographics data obtained from the 2011 census and consider three different
age groups.

86

I consider cases occurring between January 10th and February 2nd as part of
the epidemic of interest. Between these dates 167 tests were performed in Barra
and 48 individuals tested positive. The overall positivity was relatively high,
29%, compared to the positivity in Scotland during the same period (24%). The
percentage of individuals tested amongst the Barra population was 13% (whilst
4% of the Scottish population got tested during the same time frame) and the
percentage of people testing positive 4% of the 1,264 inhabitants (according to
the 2011 census, Scotland’s Census (2011)). Fig. 5.2 shows the histogram of the
distribution of tests and cases per age group. The number of positive tests per
age group did not show significant variation.

Figure 5.2: Histogram showing the number of individuals tested and positive per 5-year
age group.

5.2.2

Outbreak description

The outbreak timeline is detailed in numbers and restrictions according to test
results from PHS data and NHS reports (NHS Western Isles, 2021). I use indicators, such as number of positive tests, positivity over time, overall and per age
group to describe the PHS data on tests performed during this outbreak.
Since most epidemics grow exponentially during the initial phase of an epidemic (Ma, 2020), one can infer the growth rate from the relationship between
daily cumulative cases with time in log-linear scale. The initial growth rate of
the epidemic is estimated graphically by linear regression using the log of the
cumulative number of cases.
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5.2.3
5.2.3.1

Parameter fitting
Model

I use a stochastic compartmental model representing the island population. The
population is split into three age groups ([0-17), [17-70), and 70+) with populations derived from census data (Scotland’s Census, 2011). The disease states of
the model include a latent (E) state, asymptomatic (A2), presymptomatic (A) and
symptomatic (I) infectious states, and subsequent hospitalised (H), recovered
(R) or dead (D) states (schematic representation in Fig. 5.3). To drive infectious
dynamics, contact rates between individuals were derived from age-structured
mixing matrices based on POLYMOD survey data (Mossong et al., 2017).

Figure 5.3: Schematic representation of the compartmental model.

The description of the model and the transition rates are available in the appendix of Chapter 4.
Three phases are considered to describe the epidemic (see Fig. 5.4):
• Phase 0: exponential growth of the epidemic,
• Phase 1: change in transmission dynamic after first cases are detected,
• Phase 2: change in transmission dynamic due to a lockdown declared on
Jan 18th .

5.2.3.2

Principle and algorithm

An Approximate Bayesian Computation method is used to estimate disease parameters of the model from data. The general principle and the specific ABC
method used here are detailed. The general idea as in Bayesian Inference is to update the probability for a hypothesis as more evidence or information becomes
available. If the data is denoted D and the mathematical model parameters to fit
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Figure 5.4: 7-day rolling average number of cases and positivity over time. Vertical lines
show the transitions between epidemic phases defined in text.

θ, using the Bayes rule I can determine the posterior distribution of the parameters given the data P(θ|D):

P(θ|D) =

P(D|θ)P(θ)
P(D)

(5.1)

∝ P(D|θ)P(θ)
where P(θ) is our prior belief (called prior distribution), and P(D|θ) is the
likelihood function, the probability density function for the data given the parameters. An ABC algorithm allows for approximating the posterior probability
P(θ|D) without using a likelihood function. In order to successively accept or reject a set of parameter values, so called particles, the algorithm measures whether
the distance d(s, s∗) between the data s = S(D) and the model simulated data
s∗ = S(D∗) is less than or equal to some threshold . Multiple algorithms are
available which mainly differ in the way the parameters are sampled. The way
the parameter space is sampled influences the efficiency of the algorithm. ABCSMC (Sequential Monte Carlo) tends to perform better than other algorithms
(Toni et al., 2009).
With the ABC-SMC, a sequence of distributions is constructed by gradually
decreasing . It first samples a finite number of parameter sets from a prior
distribution π(θ) and obtains each intermediate distribution (generation) as a
weighted sample from the previous distribution perturbed through a kernel
K(θ|θ∗ ). Particles sampled from the previous distribution are denoted by a single
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asterisk, and after perturbation these particles are denoted by a double asterisk.
The algorithm can be summarised as follows (Toni et al., 2009; Toni and Stumpf,
2009):
1. Set a number of generations G and a number of particles N
2. Set a tolerance schedule 1 > 2 > ..., > G and a generation indicator g=1
3. Set particle indicator i=1
4. If g=1, sample parameter θ∗∗ from the prior,
(i)

Else sample parameter θ∗ from the previous population θg−1 with weights
(i)

wg−1 and perturb the particle to obtain θ∗∗ ∼ Kg (θ | θ∗ ), where Kg is a
perturbation kernel.
If π(θ∗∗ ) = 0, return to step 4.
5. Simulate model outputs D∗ with the sampled parameters. Compare the
simulated data set D∗ to the experimental data D using the distance function, d(D, D∗ ), and tolerance g ;
If d(D, D∗ ) 6 g , accept θ∗ .
(i)

(i)

6. Set θg = θ∗∗ and calculate the weight for particle θg ,

(i)
wg




1,
=

if g = 0,



 PN

(i)
π(θg )
(j)
(j)
(i)
j=1 wg−1 Kg (θg−1 ,θg )

(5.2)
,

if g > 0.

If i < N, set i=i+1, go to step 4.
7. Normalise the weights.
If g < G, set g=g+1, go to 3.
The ABC-SMC is performed using the ’pyabc’ package (Klinger et al., 2018)
in python (Van Rossum and Drake Jr, 1995). The number of particles per generation is set to 500 and the number of generations to 25. I found that running
five simulations and calculating D∗ as the mean of those runs improved the efficiency of the algorithm avoiding to select parameter sets on runs that were non
representative of the average behaviour of the model.
5.2.3.3

Summary statistics and distance function

The observed data D used to fit the model are the 7-day average number of
positive cases per day over the period of the epidemic. To compare the output
of the model to this data I choose as summary statistics D∗ the mean number of
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new infectious (number of individuals entering states A2 or A) averaged over 7
days and multiplied by the proportion of cases reported (reported_proportion).
The distance between observations and simulations is calculated as the sum of
squared errors (Cf Eq. (5.3)).

d(D∗ , D) =

X
(D∗ (t) − D(t))2

(5.3)

t

5.2.3.4

Parameters and priors

The key parameters related to the infectious process are fitted, whereas other
parameters, such as transition to R, H, D were taken from the literature. As little
was known about the fitted parameters, the prior distributions are assumed to
be uniform. They are therefore informative in a sense that they define a feasible
range of values, but they are predominantly non-informative as they do not
specify any further preference for particular values. This way the inference will
mostly be informed by the information contained in the data. The start date, i.e.
day at which an individual of the island entered state E, was fitted. The prior
distribution was uniform, between December 20th and January 4th .
The length of the pre-infectious and infectious periods were fitted as they are
important determinants for both the basic reproduction number and the epidemic dynamics (Sadun, 2020). The prior (see Table 5.1) of the latent period was
between 1 and 5 days, whereas the infectious period could persist from 2 to 10
days (More et al., 2020; Byrne et al., 2020; He et al., 2020). In our model, the
latency period is equal to the time spent in compartment E. The length of the
infectiousness is equivalent to the time spent by an individual in A2 if asymptomatic, or in A and I if symptomatic. latent_period and infectious_period are
defined as follows:

latent_period =

1
ν

(5.4)

1 1
1
infectious_period = + =
µ γ
ρ

Other transmission parameters characterising the transition from S to E were
adjusted allowing for variations between the three phases Fig. 5.4.

(0)

Phase 0 βya = p × βya × Cya
(1)

Phase 1 βya = cm1 × p × βya × Cya
(2)

Phase 2 βya = cm2 × p × βya × Cya
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(5.5)

(i)

Where the contact rate in each of the phase i βya is the effective contact rate
between susceptible individuals in age group y and infectious individuals in age
group a and is defined as the product between the probability of transmission
given contact p, the contact rate βya , the contact matrix Cya and the contact
multiplier in phase (1) and (2), cm1, cm2.
Two changes in the dynamic are considered because the main change of restrictions (level 4 measures) was declared on Jan 18th taking effect on the 19th ,
which occurs after the epidemic peak according to the observed number of cases
Fig. 5.4. An earlier change in dynamic is therefore implemented and the date of
this change is fitted (date_change).
It is generally assumed that cases in official statistics are likely an underestimate of the total (Battegay et al., 2020; Fauci et al., 2020; Colman et al., 2021).
For example, in the particular case of COVID-19, numbers of infected asymptomatic individuals are likely to be missed. In Scotland, the Scottish Government
encourages people to get a PCR test only if they have symptoms compatible with
a COVID-19 infection (Scottish Government, 2021b). In addition, in an ongoing
outbreak the testing effort is likely to be scaled up after the detection of the first
cases, impacting the number of reported cases (Russell et al., 2020). This is illustrated by the variation of the positivity over time (see Fig. 5.4), which shows high
values at the start of the epidemic, followed by a decrease as the total number of
tests increases more than the number of positive tests. Although the proportion
of reported cases is likely to vary over time during an epidemic, for the sake of
simplicity, a constant parameter reported_prop is defined and is adjusted in the
ABC.
The list of fitted parameters, their definition and prior are summarised in
Table 5.1.
5.2.4

Outbreak analysis and impact of the lockdown

Two methods are used to estimate the basic reproduction number. Using the
epidemic growth rate and the length of the pre-infectious and infectious period,
R0 is calculated using the equation:
R0 = (1 + GR × Le)(1 + GR × Li)

(5.6)

Secondly a method based on the Next Generation Matrix (NGM) is used to
estimate R0 . The NGM has been proposed by Diekmann et al. (2010) where the
NGM is defined based on a transmission T and a transition Σ matrix and is given
by the equation:
NGM = −T Σ−1

(5.7)
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Table 5.1: Fitted parameters.

Parameter

Definition

Prior

start_date

Date at which an individual
transitioned in state E

U(20 Dec, 4 Jan)

p

Probability of transmission
given contact

U(0,1)

latent_period

Latency period, time spent in
compartment E

U(1, 5)

infectious_period

Length infectiousness, time
spent in state A2 or A and I

U(3,10)

reported_prop

Proportion of existing cases
reported through testing

U(0.2, 0.8)

date_change

Date of start of phase 1

U(11 Jan, 18 Jan)

contact_multiplier_1
(cm1)

Constant by which the con- U(0, 1)
tact matrix is multiplied during phase 1

contact_multiplier_2
(cm2)

Constant by which the con- U(0, 1)
tact matrix is multiplied during phase 2

R0 is obtained by computing the dominant eigenvalue of this matrix.
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5.3
5.3.1

Results
Outbreak description

Fig. 5.5 shows the 7-day average cumulative cases over time in linear and log
scale. On the log scale graph, the regression line is shown. The slope of this
fitted regression is the growth rate of the epidemic GR = 0.67day−1 .

Figure 5.5: Graph showing the 7-day average cumulative number of cases over time in
linear (left hand-side), and log scale (right hand-side).

5.3.2

Parameter fitting

Fig. 5.6 shows the posterior distributions of the parameters in all generations of
the ABC-SMC. The mode (representing the most likely value) and 95% confidence intervals are reported in table Table 5.2.
According to our parameter estimates, the virus is likely to have been introduced around the New Year. The latency period and the infectious period were
on average 2.1 and 3.7 days long respectively. The transmission probability was
estimated at 0.18 during the initial phase, phase 0. The first contact multiplier
took an average value of 0.023 reflecting a decrease in the transmission rate during phase 1, followed by a similar decrease (0.030) after the level 4 restrictions
were declared (phase 2). I estimate that the first phase of transmission mitigation represented by phase 1 started on January 13th . Finally, 41% of the overall
proportion of cases were estimated to be detected through testing.
In Fig. 5.7, the matrix of correlations between parameters is shown. The parameters cm1, date_change and p are correlated with latent_period. In addition
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Figure 5.6: Posterior distributions of the fitted parameters in all generations of the ABC
algorithm.
Table 5.2: Parameters fitted value ranges (median, 95% variation).

Parameter

Mode

95% quantiles

start_date

1 Jan

[30 Dec, 2 Jan]

latent_period

2.1

[1.4, 2.7]

infectious_period

3.7

[2.2, 7.8]

p

0.18

[0.11, 0.26]

contact_multiplier_1

0.023

[0.003, 0.064]

contact_multiplier_2

0.030

[0.003, 0.111]

date_change

13 Jan

[12 Jan, 14 Jan]

reported_prop

0.41

[0.22, 0.72]
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p is correlated with date_change, and inf_period with cm2. All other parameters show low correlations.

Figure 5.7: Graph showing the correlations between parameters with p the Probability
of Transmission, cm1=contact_mulitplier_1, cm2=contact_mulitplier_2

The fit of the model to the data is shown in Fig. 5.8.
5.3.3

Outbreak analysis and impact of the lockdown

Using the NGM method, the basic reproduction number had a median value of
6.4 and a 95% confidence interval between 4.6 and 10.6.
In addition, the transmission rate observed an average 97.7% decrease between
phase 0 and phase 1. During the phase 2, the dynamic observes a comparable
decrease with a 97% decrease in transmission compared to the initial spread.
When the model was run considering only the decrease in transmission due to
voluntary measures, no significant difference was observed in number of cases
compared to the scenario with lockdown (cf Fig. 5.9). In a scenario where none
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Figure 5.8: Graph showing the result of simulations using the posteriors.

of the latter restrictions happened the epidemic peak is reached 10 days later
compared to scenarios with restrictions. The decrease in number of cases is then
only driven by the depletion in susceptible in the population. The outbreak size
would have been around 499 cases, i.e. a five fold increase compared to what
was observed.
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Figure 5.9: Graph comparing the result of simulations using the fitted parameter posteriors considering all three epidemic phases (red), if no lockdown had been
implemented (blue) and if the two restriction stages hadn’t happened (green).

5.4

Discussion and conclusions

I undertook a parameter estimation study to quantify the role of control measures. The results of the study provide an estimation of the basic reproduction
number of the epidemic and the effect individual-based vs community-wide
measures on the spread of COVID-19 in the Isle of Barra in January 2021.
I found that the virus has most likely been introduced in Barra on New Year’s
day.
The basic reproduction number estimated from the NGM had a median value
of 6.4 [4.6, 10.6]. This estimate lies within the higher range of values that have
been estimated for R0 in various settings (Salom et al., 2021; Ahammed et al.,
2021). It is important to note that R0 is not an intrinsic characteristic of a given
pathogen, but rather describes the transmissibility of that pathogen within a
specific population and context. Our estimate might differ from others because
the epidemic started during a festive period in the winter season, combining
environmental and social factors which are advantageous for the spread of
COVID-19 (Mecenas et al., 2020; Mallapaty, 2020). In terms of environmental
conditions, laboratory experiments have revealed that lower temperatures and
reduced UV levels increase viral persistence on surfaces and aerosols (RatnesarShumate et al., 2020; Dabisch et al., 2021). Infectious virus also degrades faster
on surfaces in warmer and more humid environments (Riddell et al., 2020). This
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in addition to people spending more time indoors in poorly ventilated places
can explain the rapid spread observed in winter in temperate areas. The high
value of R0 is in agreement with an outbreak starting in winter and during the
festive period when number of contacts between individuals is unusually high.
It is also in line with the sharp increase in number of cases observed at the start
of the outbreak in the data.
The results confirm that a change in the disease dynamic had occurred prior
to the implementation of the lockdown, and is likely to have happened around
January 13th , two days after the first cases were detected. The single control
strategy implemented by the government in that case was contact tracing. Although contact tracing has proven effective especially when the number of cases
to trace remains limited, there exists a delay between the start of the process and
the effect due to logistics, e.g. time to get test results, to communicate with closecontacts, etc. Since the NHS chief adviser had recommended to stay at home
and limit contact with other household, the population of the Island might have
rapidly complied to the recommendations, as it has been observed in other settings (Kamerlin and Kasson, 2020; Yan et al., 2021). A change of behaviour can
have an instantaneous effect by mitigating the number of contacts between individuals. These results also suggest that this early change in behaviour was very
effective in containing the epidemic inducing a 97% reduction of the transmission. Although this reduction is substantial, it is important to remember that the
contact mitigation depends on the contact rate in phase 0 which was high since
the epidemic has started during the festive period. Consequently, the change in
contact rate between phase 0 and phase 1 possibly entails several phenomena: return to normal life, contact tracing, change of behaviour with raise of awareness.
According to the parameter estimation, the lockdown had likely no significant
effect, since the mitigation process was already well under way. Since the model
used was a compartmental model accounting for a unique population, the reduction of the transmission rate encompasses both, the potential mitigation in
mobility and number of contacts.
I estimated that approximately 41% [22%, 72%] of the cases had been reported
during the outbreak, meaning that the total number of cases could lie between
68 and 223.
Fig. 5.7 shows that there is some correlation between parameters date_change,
p, contact_multiplier_2, reported_prop and Le, and between . This is not unexpected since these parameters all have a strong influence on the growth phase
of the epidemic (phases 0 and 1 Cf Fig. 5.4). The correlation shows that there is
likely an overlap in the parameters’ role but these parameters have been included
because they help represent the epidemic phases in a coherent and intelligible
way.
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For an island, controlling movement might be easier than in other settings
thanks to their natural geographic boundaries. Movement restrictions can be implemented to delay introduction (Chapter 4) or to prevent further spread. But
during this outbreak, seven cases had to be airlifted to the hospital in Stornoway
or the mainland. A subsequent outbreak was declared in the hospital in Stornoway starting January 27th . This reinforces the need for preventing introduction
in isolated territories, as facilities for patient care are limited and transportation
of patient might lead to the spread of the disease to new places.
During an outbreak, mathematical and simulation models are one element of
the evidence - they can be used to synthesize data coming from different sources
and project forward to give some insight into what might happen next. Epidemiological models can help produce estimates of the effect of various interventions
in reducing disease burden, but one should remember that these models account
for only a fraction of the factors potentially influencing the spread. Often using
mathematical models to inform policy decisions is challenging, because, for the
results to be timely, the data and modelling framework need to be readily available.

100

Appendix

Figure 5.10: Number of cases per day and 7-day average.

Model equations for infected states for the age group ’a’:
dEa (t)
= Λa Sa (t) − νEa (t)
dt
dAa (t)
= qνEa (t) − µAa (t)
dt
dIa (t)
= µAa (t) − γIa (t)
dt
dA2a (t)
= (1 − q)νEa (t) − ρA2a (t)
dt

(5.8)

Where Sa (t), Ea (t), Aa (t), Ia (t) and A2 (t) are the number of individuals in
the respective state of age group a and at time t
a = age group (y: young, w: working, e: elderly)
Λa = force of infection age group a
1
ν = pre-infectious period
1
µ = length of presymptomatic phase before symptom onset
1
γ = length of symptomatic phase
1
ρ = length of asymptomatic phase for asymptomatic cases

101

The force of infection Λy for the ’young’ age group during the phase (i) (0:
initial growth, 1: transmission mitigation phase, 2: lockdown) is given by:
P
(i)
Λy

=

(i)
a βya (Aa (t) + Ia (t) + A2a (t))

(5.9)

N

(i)

where βay is the effective contact rate at which a susceptible person in age
group a comes into effective contact with an infectious person from age group
y and is defined in Eq. (5.5).
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6
Closure
In the 20th century, following the hygiene and sanitation improvements, widescale manufacture and use of antibiotics, other antimicrobial medicines and vaccines, it seemed that the battle against infections was being won for the human
population (CDC, 1999). Since then, however, and in addition to increasing antimicrobial resistance among bacterial pathogens, there has been an increase in the
emergence of zoonotic diseases, sometimes causing fatal outbreaks of epidemic
proportions (Cunningham et al., 2017).
The COVID-19 pandemic highlighted the unpreparedness of healthcare and
governments to face such a pandemic (Alexandru, 2020). The pandemic risk
remains high because of the increased global travel, urbanisation, changes in
land use, greater exploitation of the natural environment and climate change
(Madhav et al., 2017; Johnson et al., 2020; Jones et al., 2008). There is therefore
an increasing need for better tools to help us manage such events.
This thesis provides results that are original and have potential for direct applications in the relevant context. The results of Part I contribute to the continuous efforts to improve our understanding and preparedness for the next
outbreak. For instance, in Chapter 2, I show that combining movement networks from different livestock species substantially impact the farm’s disease
risk. The different farming systems need to be considered jointly to correctly
identify farms to target for control strategies, as the premises which are likely to
drive the epidemic in the multi-species network differ from the ones in both of
the single-species networks. These two chapters provide insightful information
on the multi-species dynamic movement network, which can be crucial in the
face of an outbreak. In Chapter 3, I propose a tool to help rapidly identify risky
premises in the face of an outbreak, when still little is known about the pathogen involved. This measure could be rapidly deployed and be useful in the early
stage of an outbreak. These results have been communicated with the Scottish
Government through a Policy Brief and can therefore contribute to the design of
future control strategies.
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Part II of this thesis described methods that can be used during an outbreak.
Chapter 4 shows how weakly connected rural areas such as the Hebrides Islands
can behave differently in terms of restrictions. They have options for movement
control, which can in some cases help sufficiently mitigate the risk of introduction if this is their priority. These findings constitute evidence that policy makers
can use when making decision. In Chapter 5, the results constitute a quantified
analysis of the impact of the change in restrictions throughout the epidemic. The
framework could be easily deployed in the occurrence of an outbreak in any of
the Hebrides Islands and could therefore help inform decision.
In addition, these results are useful in the sense that they also illustrate the
value that such studies can have in very various settings, i.e. in livestock diseases,
human diseases, in peacetime, during an outbreak. The variety of work here also
illustrates the opposition between using simplified approach which can provide
a rapid answer and more complex model which are more accurate but slower to
produce results.
6.1

Future work

There are a number of exciting possibilities for future work for each of the
chapters.
Preparedness relies on the availability of data and the existence of tools which
can be rapidly deployed when needed. This means that as more work is done
beforehand, chances are higher that an appropriate tool will already exist. The
network analysis in Chapter 2 helps increase our knowledge of the interaction
between the cattle and sheep networks as well as the consequences for disease
risk. This work could be broadened by considering additional species, other
settings or other layers of potentially relevant contacts (such as movements of
vehicles between farms, movements of individuals, spatial layer). Similarly, the
metric developed in Chapter 3 could be adapted to other contexts involving
other species. Furthermore, making more precise the frame and limits within
which one can be confident that the results will be robust and therefore useful is valuable. Performing large scale sensitivity analyses for a broad range of
parameter values for network weights and disease models would allow one to
explore further correlation between metric results and disease context, helping
to clarify areas of validity. In addition, while the method has been implemented
with reasonably efficient code, the focus has been on assessing the usefulness of
the approaches as opposed to producing code optimised for speed and memory
requirement. Computational performance could likely be improved, and further
work may be required to deploy these approaches on very large or very dense
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networks. Ultimately the development of a user-friendly package could help the
targeted audience to make use of the tool.
In the case of COVID-19, before any vaccine was developed the control of
the spread of the virus relied on NPIs such as movement restrictions and socialdistancing. It is important to note that although NPIs have proven effective to
control the spread of the virus, these measures have a direct impact on the local
and global economy (Brodeur et al., 2020). The COVID-19 pandemic has caused
great economic loss at a global scale, likened to the economic impact of World
War Two (Bank, 2020). Integrating economic considerations into epidemiological
studies would consequently be relevant and potentially more useful to help decision makers as policy decisions can’t be based on health impact only. Scotland
developed a framework for COVID-19 decision-making based on four harms: direct impact of COVID-19 on people’s health, on health and social care, on broader
way of living and society, and on the economy (Scottish Government, 2020c). In
the Scottish Isles, reducing movements is a plausible option as the natural boundaries allow for better control and could be effective to mitigate introduction risk
in some cases (Chapter 4). But in addition to the specificity of the disease context,
as a remote rural territory, the economic landscape of the islands differs from the
national picture. The economic impact of movement restrictions in such settings
is potentially greater than in urban areas. Rural and isolated territories partly depend on freedom of movements for tourism or movement of seasonal workers,
so hindering their connectivity could compromise their economic sustainability
(Currie and Falconer, 2014). Following-up with the results from Chapter 4 showing that controlling movements can be effective in preventing introduction, integrating economic aspects in terms of DALYs, impact of potential labour shortage
or loss in GDP would be particularly interesting.
ABC is a powerful tool to make inferences with complex models, enabling
parameter fitting when methods based on likelihood are intractable (Beaumont
et al., 2002). Chapter 5 shows an illustration of this method applied to an outbreak localised in Barra. For the sake of simplification, I considered the whole
island as one node within which contacts were driven by an age-mixing matrix.
A natural next step could be to detail the model in smaller units, such as the
datazones as used in Chapter 4, and adjust an additional parameter driving the
transmission between datazones. This could inform us on the role of local transmission vs transmission driven by longer movements. In addition, the reported
proportion of cases was fitted as a constant but could be fitted as a varying parameter over time as it is likely to vary according to testing efforts and change
of behaviour. Since the epidemic has then spread from Barra to other isles of
the Outer Hebrides, it would be interesting to integrate all of these islands in
the model to understand the spread within and between islands. Finally, adapt-
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ing the model for potential future outbreak, i.e. considering vaccination coverage and the more recent COVID-19 variants in the model would be useful (UK
Health Security Agency, 2021).
6.2

Animal vs Human disease modelling

During this thesis, I have been lucky to have the opportunity to work on animal
and human disease modelling in Scotland. These varied experiences gave me
the opportunity to experience the differences between the two contexts from a
researcher’s point of view. I found it interesting a posteriori to relate the differences and similarities that struck me through my disease modelling work.
6.2.1

Data on contact patterns

Contact patterns play a central role in the model used for disease spread. Identifying and obtaining the data on contact structure between the modeled units
(e.g., individuals or farms) can be challenging. In the UK, movement data of
farm animals are now precisely recorded over time and centralised in a database
by the government (British Cattle Movement Service, 2021). When these data are
available, they are extremely useful for setting up a disease model at the country
scale. Using the CTS and ScotEID data helped me grasp the richness that these
data constitute thanks to their volume and level of details. Being able to track
the movement of the 6 million cattle in the UK from birth to death over time and
space is highly valuable. For animal diseases, other contact related parameters
such as effective contact rate have sometimes been estimated in experimental
studies which can provide good estimates and are useful for models (Alexandersen et al., 2003; De La Garza, 2010).
Because humans can normally move freely, there is more heterogeneity in their
contact patterns compared to livestock populations that are mostly restricted to
their farms. Social contacts survey, such as CoMix have been conducted in the
past years making better data available for human contacts. But as shown by the
results of this survey, the data are varying over time and need constantly updating (Jarvis et al., 2020a). Mobile phone data have been increasingly used in recent
years to inform on human movements. But tracking human mobility using data
from mobile phones raises ethical questions as these data can be disclosive and
offer unprecedented power to surveil and control unwanted population movement (Taylor, 2016). These data usually contain a subset of the population and
are not necessarily easy to generalise. They can nonetheless be useful to observe
trend in changes, when new restrictions are put in place (Banks et al., 2020). In
Chapter 4, I used movement data provided by transport companies and census
flow data. Data from the transport companies offer a good level of precision but
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are not exhaustive as people may use alternative ways to travel between islands
for example. The census flow data, which were last collected in 2011, contains
workplace and home location but disregards any other type of movement (students to university, children to school, leisure, etc.). This still provides a good
idea of the general pattern of movements in the country, but the precision is
nowhere near that available for livestock.
6.2.2

Disease characteristics and disease parameters

To study animal disease, experiments involving experimental inoculation can
be used to measure relevant key disease parameters critical for disease models
(Cox and Barnett, 2009; Guinat et al., 2016, 2014). When working on FMD-like
disease there is a huge depth of studies available looking at disease models and
parameters in various settings or contexts (Orsel et al., 2009; Garner and Beckett,
2005; Sanson et al., 2006; Bradhurst et al., 2021). In human outbreak, parameters have to be deduced from data available from the field as experimental inoculation can rarely be performed since it raises ethical questions (Roestenberg
et al., 2018). Early in the COVID-19 outbreak parameters from previous outbreak or from similar pathogens have been used instead (Ferguson et al., 2020).
In my modelling study for COVID-19 in Chapter 4 and Chapter 5, assumptions
had to be made as some important information remains unknown. For example,
the proportion of asymptomatic is difficult to assess from real world data. The
spread of COVID-19 in closed populations like on the Diamond Princess cruise
ship offered a great opportunity to estimate some parameters although there
remained large uncertainty as the population was not representative of the general population (Mizumoto et al., 2020). As the COVID-19 outbreak progressed
the number of studies estimating parameters grew, but using parameters from
other studies can be difficult as the model framework or the context might be
too different.
6.2.3

Data for modelling

For regulated animal diseases, centralised database may exist recording the animal or herd status over time. In the UK, this is the case for bTB or BVD (SAM,
ScotEID databases) for example. In this case, there already exists a stream to collect, record, and make such data available for modelling studies (Tinsley et al.,
2012; Brooks-Pollock et al., 2014). This is extremely valuable as, as illustrated by
the COVID-19 outbreak creating these streams during an outbreak can be challenging, time-consuming and issues may be encountered potentially inducing
data loss at crucial moments (Fetzer and Graeber, 2020).
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In the COVID-19 pandemic, models were initially fitted to hospitalised data
as tests were not widely performed. However, the definition of cases to consider between hospitalised due to COVID-19 or hospitalised with COVID-19 was
sometimes unclear. Once hospitalisation became less relevant and tests widely
available for the population, data on the number of positive tests could be used
to fit models as seen in Chapter 5. Nevertheless, as opposed to animal settings
where the design of sampling collection can be controlled, there are often large
uncertainties in how and when individual will get tested, making the estimation of total number of infected difficult (Colman et al., 2021). The proportion
of detected cases is likely inconsistent over time as the reason for tests can be
influenced by local circumstances, changes in policies or changes in behaviour
as illustrated in Chapter 5. The data used for the outbreak on Barra contained a
’reason for test’ variable exists in the test result data for COVID-19 in Scotland,
but the field contained mostly missing values and couldn’t be exploited.
6.2.4

Control measures and management

Although the general objective is comparable (i.e. controlling the outbreak), the
motivations and measures available can differ. Livestock diseases are prioritised
according to their impact on animal and public health, food safety, food security, biodiversity and socioeconomic impact (OIE, 2014; F Gary, 2014). Objectives
might differ depending on the disease and the country. For an FMD outbreak in
the UK for example, the objective will be to eradicate the disease as quickly as
possible and regain disease-free status to minimise overall cost (DEFRA, 2011).
The disease-free status being necessary for international trade in Europe, losing
it is hugely disruptive for the country economy (James and Rushton, 2002). The
eradication is achieved by movement ban, depopulation of the affected herds
followed by cleaning and disinfection, surveillance of neighboring herds, and
tracing of contacts (DEFRA, 2011). Such an approach is controversial because
of the ethical question around large scale animal slaughter and its impact on
farmers’ mental health, when other control means are available (Woods, 2013).
Vaccination may be an option when a vaccine is available, but is often disregarded as it would induce a delay in retrieving disease free status (Backer et al.,
2012).
In human diseases, the approach is different because the outcome on each individual’s life matters and the range of restrictions available is limited by stricter
ethical considerations. Interestingly during the COVID-19 pandemic, measures
implemented had an unprecedented severity and scale (Zhang et al., 2020). Measures that were previously unthinkable were rapidly used to control the outbreak,
i.e. movement ban, closure of schools, stay-at-home order, etc. These unpreced-
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ented measures have however a long term impact on education, mental health
and other health problems (Yunus et al., 2020).
6.2.5

Preparedness

Multiple animal outbreaks or outbreak threats have arisen in the past in the UK.
FMD, Avian Influenza, BTV, ASF are a few examples which could explain why
the veterinary sector is somehow prepared and organised to face an outbreak.
Frameworks for models are available for these diseases and relevant data are
recorded and can be made available in case needed (Bessell et al., 2016; Mohr
et al., 2018; Nickbakhsh et al., 2011). To improve disease management and preparedness, EPIC, the Centre of Expertise for Animal Outbreaks in Scotland has
been involved in disease exercises, held at UK or Scottish levels, which are designed to test the response of government and other stakeholders to outbreaks
of exotic notifiable diseases. EPIC scientists have participated in disease exercises on Foot and Mouth Disease, Avian Influenza and Classical Swine Fever for
example (EPIC, 2019). The COVID-19 pandemic highlighted the general lack of
preparedness of many countries to manage a widespread epidemic in human
populations (Fisher and Wilder-Smith, 2020). A number of European countries
had seen their hospital bed capacity decrease in the past decades (Kroneman
and Siegers, 2004), whereas a sufficient capacity is one of the criteria for hospital
preparedness for epidemics according to WHO (WHO, 2014). Although an existing model of influenza virus spread could be used in the UK to advise the
authorities (Ferguson et al., 2020), it wasn’t necessarily the case in other countries in which case scientists had to build these models within a very short time
at the expense of rigor and validation.
Interestingly, despite all these differences, from a research point of view working on livestock or human diseases did not feel any different as the intellectual
challenge remained very similar.
6.3

Complexity vs timeliness

In applied research there is a will for making research results useful and for
translating them into concrete actions (Hedrick et al., 1993). In the context of
disease control at a population scale, the best way to make results valuable is
to translate them into policies (Moyses Szklo, 2013). This is called translational
epidemiology and it is the effective transfer of new knowledge from epidemiological studies into the planning of population-wide and individual-level disease
control programs and policies. In the aftermath of the United Kingdom BSE outbreak, the Scientific Advisory Group for Emergencies was created in the UK.
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Nevertheless, there are a variety of reasons why the link between much of research and policy isn’t straightforward. This might be because often research
is not designed to be relevant to policy or if it is so designed, it might fail to
have an impact because of problems associated with presentation, manner of
communication or because policy-makers do not see research findings as central to their decision-making (Diane Stone, 2001). This might be the case in epidemiology when most studies focus on one or a few disease related metrics
to measure impact, e.g. number of cases, number of hospitalised or number of
deaths, whereas the consequences of the disease as well as the restrictions have
wider impacts on health, social, economic or political aspects. Research tends to
reduce the complexity of real life problems to sub-questions that are studied separately, whilst policy makers need an integrated problem solution, ready-to-use
in policy (Jansen et al., 2010). There is however an important distinction between
policy making which is the making or formulation of a particular plan or course
of action by the government or an organisation; as opposed to decision making which refers to the act or process of selecting a particular plan or course of
action from a set of alternatives. Decision making is shorter term compared to
policy making. In a situation where circumstances are changing fast such as the
start of an outbreak, if model outputs are available, they can easily be used to
inform decisions. Yet, even in an ideal case where the needed result or knowledge is available, practical constraints on rational decision-making will always
exist. This concept was defined by Herbert Simon who developed a model of
the policy process premised on the notions of bounded rationality and satisficing.
Bounded rationality is the idea that rationality is limited when individuals make
decisions. Limitations include the difficulty of the problem requiring a decision,
the cognitive capability of the mind, and the time available to make the decision.
Along the same lines, the term satisficing comes from the merging between the
words satisfying and sufficing, translating the fact that individuals would rather
accept a good enough option than optimal. Decision-makers, accepting the limits
of their situation, choose compromise policies that satisfy (rather than maximise)
organisational goals, and which are acceptable in the face of competing demands
(Simon et al., 1984).
Timeliness and trust in the results are also major challenges for the translation of research results into decisions or policies. This appears as one of the
most difficult hurdle to tackle in the occurrence of an outbreak: policy makers
need nearly instantaneous and trustworthy results to inform their decisions on
urgent matter, whilst the production of research results is constrained by the
limited knowledge of the disease context at that point in time. Models to forecast potential future events or to predict events that could occur under certain
circumstances or interventions are potentially most relevant to policies. This use
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of models is challenging as it has to be done with what is available at the time,
to get the best answer possible, which will inevitably be affected by large uncertainties. Communicating this uncertainty properly is crucial because if models
are used to inform decisions, incorrect predictions can be harmful, giving model
use an important ethical dimension. For emergent epidemics, the lack of data in
addition to the necessity of implementing control measures early to successfully
control the epidemic makes the use of process models particularly challenging.
To get ahead of the curve extensive work is enormously beneficial prior to the
start of the epidemic. The work presented in this thesis contributes to this longterm effort. But even though huge efforts can be made to collect data and create
models beforehand, those are rarely rewarded as diseases rarely conform to our
expectations.
Despite all the challenges, huge progress has been made in translational epidemiology (Khoury et al., 2010). This evolution is still ongoing as there are now
more and more examples of initiatives that aim to develop stronger relationships
between decision-makers and researchers and this is again enhanced by the current COVID-19 pandemic (van Schalkwyk and McKee, 2021). EPIC was created
following the 2001 FMD epidemic to strengthen relationships between researchers in infectious disease epidemiology from various institutions in Scotland and
The Animal Health and Welfare Division of the Scottish Government. This is a
good example of an initiative designed to help build stronger and long-lasting
relationships between academics and the Scottish Government. Such initiatives
allow us to build person-to-person relationships improving the chances that communication will be effective when needed.
Process modelling remains the best tool to help gain insight in possible future events when dealing with non-linear, spatially heterogeneous and complex
phenomena. It is a powerful approach to learn from data beyond what can be
observed and to make predictions for the future when there is no data to guide
us. Although there are always large uncertainties around predictions, it helps
quantify uncertainty around potential scenarios. Past the initial stage when models need to be built and adjusted with sparse data, models output can then be
integrated in the decision process. This is illustrated in the UK with SPI − M,
which was initially developed to provide modelling summary for pandemic influenza. SPI − M aims at giving expert advice to the Department of Health and
Social Care and wider UK government on scientific matters relating to the UK’s
response to an influenza pandemic (or other emerging human infectious disease threats) (UK Government). Since the start of the pandemic, researchers of
SPI − M have been modelling scenarios for COVID-19 and communicating results to the government to support decision making (SAGE, 2021). Inevitably,
policy decision-making must integrate different sources and types of inform-
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ation across more than just epidemiology, even in a pandemic. The ability of
process models to give some insight into future directions of the disease itself
therefore is an invaluable underpinning of all those decisions, even if alone, it is
rarely the only determinant of decisions.
6.4

Conclusion

In conclusion, among the realistic ingredients to be considered in the computational modeling of infectious diseases, mobility and movement represent a crucial piece. The increasing collection and availability of mobility and movement
data have clearly helped to push forward the modelling techniques in the past
decades. This helped to move from simple models assuming homogeneous mixing to network and metapopulation models where contacts are detailed. Disease
modelling in the livestock sector has contributed to enhance the research on infectious disease spread on networks, thanks to the availability of very detailed
animal movement networks as illustrated in Chapter 2 and Chapter 3. Chapter 4
showed how multiple sources of human mobility data can be combined to represent global movement patterns relevant to disease spread. In addition, greater
source of mobility data have become available through the digital revolution.
Since the start of the COVID-19 pandemic mobility data and contacts from survey have been central. The COVID-19 pandemic also enhanced the access to data
for researchers through the initial global effort. Another crucial advance in modelling techniques is the development of tools allowing to make more from sparse
data. Bayesian approaches such as model fitting and inference for infectious disease dynamics give opportunities to fit ever more complex mechanistic models
to data. These powerful methods are valuable to improve our understanding of
complex phenomena. The estimation of key parameter values helps quantify the
importance of certain transmission routes Brooks-Pollock et al. (2014); O’Hare
et al. (2014) or the effectiveness of control measures as seen in Chapter 5. In a
world where more disease challenges are expected in the future, process models integrating more detailed movement or mobility data for infectious disease
spread will play an increasingly important role in infectious disease management and should be better integrated into decision and policy processes.
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