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ABSTRACT 
 
The spread of infectious diseases, between animals as well as between humans, is a 
topic often in focus. Outbreaks of diseases like for example foot-and-mouth disease, 
avian influenza, and swine influenza have in the last decades led to an increasing 
interest in modelling of infectious diseases since such models can be used to elucidate 
disease transmission and to evaluate the impact of different control strategies. 
Different kind of modelling techniques can be used, e.g. individual based disease 
modelling, Bayesian analysis, Markov Chain Monte Carlo simulations, and network 
analysis. The topic in this thesis is network analysis, since this is a useful method 
when studying spread of infectious diseases. The usefulness lies in the fact that a 
network describes potential transmission routes, and to have knowledge about the 
structure of them is valuable in predicting the spread of diseases. This thesis contains 
both a method for generating a wide range of different theoretical networks, and also 
examination and discussion about the usefulness of network analysis as a tool for 
analysing transmission of infectious animal diseases between farms in a spatial 
context. In addition to the theoretical networks, Swedish animal transport networks are 
used as empirical examples. 
 
To be able to answer questions about the effect of the proportion of contacts in 
networks, the effect of missing links and about the usefulness of network measures, 
there was a need to manage to generate networks with a wide range of different 
structures. Therefore, it was necessary to develop a network generating algorithm. 
Papers I and II describes that network generating algorithm, SpecNet, which creates 
spatial networks. The aim was to develop an algorithm that managed to generate a 
wide range of network structures. The performance of the algorithm was evaluated by 
some network measures. In the first study, Paper I, the algorithm succeeded to 
generate a wide range of most of the investigated network measures. Paper II is an 
improvement of the algorithm to produce networks with low negative assortativity by 
adding two classes of nodes instead of one. Except to generate theoretical networks 
from scratch, it is also relevant that a network generating algorithm has the potential to 
regenerate a network with given specific structures. Therefore, we tested to regenerate 
two Swedish animal transport networks according to their structures. SpecNet 
managed to mimic the two empirical networks well in comparison with a non-spatial 
network generating algorithm that was not equally successful in regenerating the 
requested structures. 
 
Sampled empirical networks are rarely complete, since contacts are often missing 
during sampling, e.g. due to difficulties to sample or due to too short time window 



ii 
 

during sampling. In Paper III, the focus is on the effect on disease transmission, due to 
number of contacts in the network, as well as on the reliability of making predictions 
from networks with a small proportion of missing links. In addition, attention is also 
given to the spatial distribution of animal holdings in the landscape and on what effect 
this distribution has on the resulting disease transmission between the holdings. Our 
results indicate that, assuming weighted contacts, it is maybe risky to make predictions 
about disease transmission from one single network replicate with as low proportion of 
contacts as in most empirical animal transport networks. 
 
In case of a disease outbreak, it would be valuable to use network measures as 
predictors for the progress and the extent of the disease transmission. Then a reliable 
network is required, and also that the used network measures has the potential to make 
reasonable predictions about the epidemic. In Paper IV we investigate if network 
measures are useful as predictors for eventual disease transmissions. Moreover, we 
also analyse if there is some measure that correlates better with disease transmission 
than others. Disease transmission simulations are performed in networks with different 
structures to mimic diverse spatial conditions, thereafter are the simulation results 
compared to the values of the network structures. 
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POPULÄRVETENSKAPLIG SAMMANFATTNING 
 
Spridning av smittsamma sjukdomar, mellan såväl djur som mellan människor, är ett 
ämne som ofta uppmärksammas, både i media och i forskningsvärlden. Under 2000-
talet har utbrott av sjukdomar som till exempel mul- och klövsjuka, SARS, 
svininfluensa, fågelinfluensa och svinpest dragit fokus till sig. Dessa utbrott har 
medfört att intresset för att utföra teoretisk modellering av sådana sjukdomar drastiskt 
har ökat. Matematiska modeller syftar till att kunna förutsäga hur en sjukdom skulle 
kunna spridas mellan människor eller mellan djur. Med hjälp av modeller kan man 
också utvärdera effekten av olika bekämpningsåtgärder. 
 
I denna avhandling används matematiska modeller för att studera spridning av 
smittsamma djursjukdomar mellan gårdar. Studierna fokuserar inte på någon specifik 
sjukdom utan är generella för att senare kunna vidareutvecklas till att ta hänsyn till 
egenskaperna för en viss sjukdom. Många olika typer av modeller kan användas för 
detta och den metod som jag använt i mina studier är nätverksanalys, tillsammans med 
individbaserade simuleringar. Till skillnad från många andra modelleringstekniker tas 
det i nätverksanalysen hänsyn till att smitta kanske inte har möjlighet att kunna spridas 
mellan alla gårdar. En del sjukdomar har förmågan att kunna spridas via vind 
alternativt via vatten men för flertalet sjukdomar krävs det att det sker en kontakt 
mellan två gårdar för att smitta ska kunna spridas mellan dem. Dessa kontakter kan 
t.ex. utgöras av djurtransporter, slaktbilar, foderbilar eller andra typer av besök som 
kan föra smitta med sig. Gårdar och dess kontakter kan illustreras i ett nätverk. Ett 
nätverk består av noder och länkar och i ett gårdsnätverk representeras noderna av 
gårdar och länkar är kontakterna mellan gårdarna. Smitta kan bara spridas mellan två 
gårdar som är sammankopplade av en länk. 
 
Avhandlingen innehåller två delar, där den första är inriktad på utveckling av en metod 
för att skapa nätverk och den andra delen fokuserar på smittspridning i nätverken. 
Studierna i denna avhandling har till största del fokuserat på teoretiska gårdsnätverk 
och därmed uppstod behovet av en metod för att kunna skapa dessa nätverk. Därför 
utvecklade vi en algoritm, SpecNet, för att kunna skapa nätverk med specifika 
önskvärda strukturer. Olika gårdsnätverk ser olika ut beroende på gårdarnas placering i 
landskapet, antal kontakter mellan dem och kontakternas fördelning. Sannolikheten för 
att det finns en kontakt mellan två gårdar antas i studierna i denna avhandling bero på 
avståndet mellan gårdarna, så att sannolikhet för kontakt minskar ju längre ifrån 
varandra gårdarna ligger. Vi har undersökt vilken kapacitet SpecNet har att skapa 
nätverk med olika strukturer och egenskaper. Dess förmåga har vi även jämfört med en 
annan algoritm, CMext, och denna jämförelse visade att SpecNet, utifrån givna 



iv 
 

förutsättningar, klarade av att skapa en större variation av nätverk än vad CMext 
gjorde. Det är önskvärt att en nätverksgenererande algoritm också kan återskapa 
egenskaper från empiriska nätverk, så det har vi också undersökt. Nätverken vi testade 
att återskapa var svenska djurtransportnätverk och även här uppvisade SpecNet bra 
resultat i och med att algoritmen visade på god förmåga att återskapa de önskvärda 
strukturerna. 
 
I den andra delen av avhandlingen studeras hur andelen kontakter i nätverken påverkar 
spridning av smitta i dem. Vi undersöker också hur stor påverkan på smittspridningen 
det har om det saknas några länkar i nätverket. Vidare studeras om nätverksstrukturen 
kan användas till att förutse omfattning av smittspridning i nätverket. Strukturen på ett 
nätverk kan karakteriseras med hjälp av olika nätverksmått och vi har undersökt om 
dessa mått kan säga något om hur en eventuell smittspridning skulle bli i nätverket. Vi 
har också tittat på om något av måtten är bättre än de andra för detta ändamål. 
Arbetet i denna avhandling ingår i ett större långsiktigt sammarbetsprojekt mellan 
Linköpings Universitet, Högskolan i Skövde och Statens Veterinärmedicinska Anstalt 
(SVA). Projektets övergripande mål är att utveckla matematiska modeller för att kunna 
simulera spridning av smittsamma djursjukdomar, som t.ex. mul- och klövsjuka, 
mellan gårdar i Sverige.  
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INTRODUCTION 
 

The overall topic of this thesis is spread of infectious animal diseases, which is 
included in the research area epidemiology. The ideas in this field originated over 
2000 years ago, in the thoughts first expressed by Hippocrates among other 
(Beaglehole et al. 1993). The term epidemiology comes from the Greek words epi 
(upon, among), demos (people), and logos (doctrine, study) (Ahlbom & Norell 1990). 
Thereafter several other definitions of epidemiology have been used, e.g. the following 
two definitions; “the study of the distribution and determinants of disease frequency in 
man” (MacMahon & Pugh 1970), and “the study of the distribution and determinants 
of health-related states or events in specified populations, and the application of this 
study to control of health problems” (Last 2001). Despite that most definitions of 
epidemiology refer to the study of human diseases, Dahoo et al. (1994) argue that this 
field should be extended to also include animal diseases. Nowadays epidemiology is 
an area that often gets medial and community attention. This century there has been 
much attention paid to both human and animal infectious diseases, as for example 
foot-and-mouth disease (FMD), Severe Acute Respiratory Syndrome (SARS), avian 
influenza (H5N1), and swine influenza (H1N1). In addition to medial interest, 
outbreaks and epidemics like these, also results in an increasing interest of 
epidemiology as science. The scientific part of epidemiology includes for example 
clinical studies that aim to get better knowledge about specific characteristics of the 
diseases, cohort studies to test hypotheses about the cause of disease, intervention 
studies, and theoretical modelling studies of disease transmission.  
 
The focus in this thesis is on mathematical modelling of spread of infectious animal 
diseases between farms with domestic animals. Mathematical models for analysing the 
spread of infectious diseases have been developed for a long time. It is believed that 
the Swiss mathematician Daniel Bernoulli was the one that in year 1760 developed 
one of the earliest mathematical models in epidemiology (Brauer & Castillo-Chávez 
2001). That model predicted the effect of vaccination against smallpox. Nowadays, the 
use of computers together with mathematical models is very helpful in this research 
field (Garner & Hamilton 2011). For example, mathematical models played an 
important role in the discussions about control policies in the enormous epidemic of 
foot-and-mouth disease (FMD) in Great Britain in year 2001 (Ferguson et al. 2001; 
Keeling et al. 2001; Kao 2002; Garner et al. 2007; Dubé et al. 2009). Since that time, 
the development and use of theoretical models has dramatically increased (Keeling 
2005). Using mathematical computer models makes it possible to study the spread, 
extent, and rate of highly contagious diseases, which is unethical and impossible to do 
in real life experiments due to suffering and death. Estimates of predictions about the 
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extent and spread of diseases can be made with help of such models. In addition, 
estimates of the impact of various interventions against disease spread can also be 
evaluated with help of mathematical computer models (Keeling 2005). Like with most 
other mathematical models, there is also in infectious disease modelling, always a 
trade-off between using a simple but not so detailed model and using a detailed but 
more complicated model (Brauer & Castillo-Chávez 2001). But it must be 
remembered that a model is always just a model, and it cannot be exactly like the 
reality. The methods used in this thesis are network analysis in combination with 
individual-based simulations. Network analysis is a popular and useful way to make 
systems of connections visible and it is applicable in many different disciplines, for 
example in biology, ecology, economics, epidemiology, and sociology, see (Albert & 
Barabási 2002; Danon et al. 2011) and references therein. Network analysis is a cross-
disciplinary research field which origins in both social sciences, through social 
network analysis, and in the mathematical graph theory. The first published paper 
regarding graph theory was written by Leonhard Euler in year 1736 and it concerned 
the Seven Bridges of Königsberg (Rosen 1999). Among the pioneers of social network 
analysis, were Moreno and Barnes (Wasserman & Faust 1994). As already mentioned, 
different kinds of networks are studied in network analysis; unlike social network 
analysis where focus is on social relationships between individuals, households, 
groups, or other social entities. A network consists of the interacting units, nodes, and 
the connections between them, links (Figure 1). 
 
 
 
 
 
 
 
 
 
Figure 1. A network consists of nodes (circles) and the connecting links (lines). 
 
According to Gastner and Newman (2006), most previous empirical network studies 
have not taken any attention to the geographical location of the nodes. In contrast to 
that, Gastner and Newman (2006) argued that the geographical aspect is important to 
consider when analysing real-world networks. Spatial aspects are of major concern 
also when regarding spread of infectious diseases between farms (Boender et al. 
2007). Thus, spatial farm networks are used in the studies presented in this thesis. This 
means that each farm in the network has a geographical position and that it is possible 
to measure Euclidian distances between farms in the network. Disease transmission 
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between farms is affected by several factors, including number and frequency of 
contacts between farms, type of contacts, distances between farms, hygiene routines, 
infectivity and other characteristics of the current disease. Also, the contact structure 
influences the disease transmission between farms. Unlike analytic methods as for 
example mean field approximations, network analysis takes the characteristics of the 
contact structure into account. Using network analysis, both empirical real-world 
networks, and generated, virtual networks can be studied. In this thesis, focus is on 
generation and investigation of virtual networks, but empirical networks are used as 
examples in Papers I and II. 
 
This thesis is part of a larger joint project, between Linköping and Skövde universities 
and the Swedish National Veterinary Institute (SVA), with the overall aim to develop 
theoretical models for investigation of disease transmission between farms in Sweden. 
In this project different kinds of modelling techniques are used, together with 
questioner’s studies, to make predictions about disease transmission between the 
farms. Data acquired from the questionnaires are aimed to be used to parameterize the 
models. They were also used in the studies of animal welfare. Before this thesis, the 
project has already resulted in two doctoral theses, by Nöremark (2010) and Lindström 
(2010). 
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AIMS 
 
The topic of this thesis is modelling spread of infectious animal diseases between 
farms. This thesis focuses mainly on network analysis and the use of it in generation 
and evaluation of theoretical networks in relation to disease transmission. The aim of 
this thesis is two folded, where one aim is the development of a network generating 
algorithm that has the capability to generate theoretical networks with a wide range of 
structures. These networks are then used when modelling disease transmission 
between farms. The second aim is thereby to get increased knowledge about how 
network structures, estimated by networks measures, affect the spread of disease 
between farms. The specific aim of each included paper is listed below: 

  
PAPER I: GENERATING STRUCTURE SPECIFIC NETWORKS 
The aim of the study described in Paper I was to develop a network generating 
algorithm that manages to create a wide range of network structures. Furthermore, it 
should be possible to deduce the parameters in the algorithm from real-world settings, 
and the method to get a specific desired network structure shall be straightforward.   
 
PAPER II: SpecNet: A SPATIAL NETWORK GENERATING ALGORITHM THAT 
GENERATES A WIDE RANGE OF SPECIFIC STRUCTURES 
In Paper II, the aim was to further develop the algorithm described in Paper I to be 
able to generate also networks with negative assortativity. The capability of the 
algorithm to regenerate two empirical Swedish animal transport networks was also 
investigated. A comparison to a non-spatial network generating algorithm was also 
included. 
 
PAPER III: IS A SAMPLED NETWORK A GOOD ENOUGH DESCRIPTOR? 
MISSING LINKS AND APPROPRIATE CHOICE OF REPRESENTATION 
In Paper III, the aim was to investigate if a sampled, empirical network can be used in 
prediction about the expected number of infected farms. Furthermore, the aim was also 
to investigate the reliability of making predictions about spread of disease from 
networks with a small amount of missing links. In addition, attention was also given to 
the spatial distribution of animal holdings in the landscape and on what effect this 
distribution had on the resulting disease transmission between the holdings.  
 
PAPER IV: NETWORK MEASURES EFFICIENCY AS PREDICTORS FOR 
DISEASE TRANSMISSION IN SPATIAL FARM NETWORKS 
The aim in Paper IV was to investigate the efficiency of using network measures as 
predictors for disease transmission in farm networks. This was examined at two 
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different levels, local and global, where measures at local level refers to characteristics 
for individual nodes, and where global level correspond to examinations of the 
network as a whole. Furthermore, we investigated if there is some measure that 
correlates better with the extent of disease transmission than what the other 
investigated measures does.   
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MODELLING INFECTIOUS ANIMAL DISEASES 
 

Since the extensive epidemic of foot-and-mouth disease (FMD) in Great Britain in 
2001, with 2030 confirmed cases and a total of 1.3 million animals involved (Scott et 
al. 2004), the use of theoretical disease transmission models has dramatically 
increased. FMD is an extremely contagious animal disease affecting several different 
species (Ferguson et al. 2001). The effects on animal welfare and the economic 
consequences due to loss of production, effects on trade as well as direct costs for 
eradicating an outbreak are enormous (Keeling 2005). Therefore, FMD is worldwide 
considered as a very serious animal disease. In some regions of the world, the disease 
is endemic and consequently the risk that outbreaks will occur in the rest of the world 
always exists. For this reason, contingency planning as regards eradication in case of 
an outbreak is crucial. Many researchers have focused their studies on FMD, see for 
example (Ferguson et al. 2001; Ferguson et al. 2001; Keeling et al. 2001; Schoenbaum 
& Disney 2003; Wilesmith et al. 2003; Ortiz-Pelaez et al. 2006; Tildesley et al. 2008). 
Also other animal diseases have been modeled e.g. rabies (Smith & Wilkinson 2003), 
avian influenza (H5N1) (Sharkey et al. 2008), bovine spongiform encephalopathy 
(BSE) (de Koeijer et al. 2004), classical swine fever (Backer et al. 2009), bluetongue 
(Szmaragd et al. 2009), and scrapie (Gubbins 2005). In an outbreak situation, 
theoretical computer models may be important tools for making predictions about 
transmission of the disease and about the effect of different control strategies (Garner 
et al. 2007). However, it should not be forgotten that models are only one tool for 
scientific investigations and that models should be used in combination with other 
methods as experimental studies and analyses of empirical epidemiological data 
(Garner et al. 2007).  
 
How a disease will be spread between farms in an area depends on the geographical 
locations of the farms, and on the number and types of contacts that occur between the 
farms during the concerned time period. Also, the distribution of the contacts has 
impact on the transmission. A disease can be spread through different transmission 
paths, and these paths can vary between different diseases. In this thesis, between-farm 
transports has been considered since such movements are regarded to be the main risk 
factor for introduction of animal diseases into a holding (Fèvre et al. 2006; Ortiz-
Pelaez et al. 2006). For example, movements of infected but not yet detected sheep 
were highly responsible for spread of initial infection to different parts of the UK 
during the FMD epidemic 2001 (Gibbens et al. 2001; Kao 2002). In connection with 
massive disease outbreaks, as for example the FMD epidemic in year 2001, the need 
for databases up to date with records of animal movements was made visible. If 
epidemic models should be able to be used as appropriate tools during disease 
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outbreaks, they have to be appropriately implemented and based on correct data for 
locations of farms and animal movements between farms (Garner et al. 2007). The 
quality of animal movement data bases, have often more to desire since it can contain 
incorrect movement reports or movements can be missing. Unfortunately, in addition 
to the issue about the reliability, the data is not always accessible and that is of course 
a problem, especially for modeling during an outbreak situation. In the European 
Union it is required that each member country must register all movements of cattle 
and pigs in databases. In Sweden it is the Swedish Board of Agriculture (SJV) that 
controls these databases. Holdings with cattle or pigs should be registered and each 
holding is given a unique number. For pigs, the geographical locations of the holdings 
are registered, whereas for cattle the postal addresses for the holdings are instead 
registered. It is up to each farmer’s responsibility to report movements of cattle or pigs 
to SJV. For cattle each individual movement to or from a farm has to be reported, but 
for pigs reports are instead on group level and not for each individual pig (Nöremark et 
al. 2009). Swedish pig movement data from year 2008, provided by SJV, was used as 
empirical examples in Paper II. 
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NETWORK ANALYSIS 

 
Network analysis is a method that takes notice of how contacts between farms take 
place and it is also a way to analyse these movements. Network analysis is the method 
that this thesis focuses on. A network consists of the interacting units, termed nodes, 
and the connections between them, called links (Figure 1). In a farm network which is 
in focus in this project, the nodes could be represented by farms, slaughterhouses and 
so on, and the links could be represented by e.g. movements of animals, people, dairy 
(milk) tankers, slaughter cars, veterinaries, and feed transports between these nodes. 
Here, the links between the farms will be the possible paths of infection and these links 
will form networks that represent considerable risk for movement of infectious 
diseases. Links could be directed or undirected, that is, they could either consider the 
direction of the contact or not (Wasserman & Faust 1994). In all papers included in 
this thesis, undirected links were used. There might also be some nodes that are 
isolated from the rest of the network, i.e. farms that are not connected to any of the 
other farms during the investigated time period. It is far from all studies of farm 
networks that include isolated nodes and fragmentation. Many investigations only 
consider connected networks where it is possible to reach any other node in the 
network by paths of links. But since it is not very realistic that all animals in a herd 
will be able to transmit virus to all other individuals, or with the same probability to all 
other individuals, a heterogeneous network model could work out better than a 
traditional homogenous compartmental model. With a network model, it is possible to 
map all the potential paths of disease transmission between different herds. It might 
also, using network analysis, be possible to identify nodes, individuals, or farms, with 
high risk to be infected or with high probability to infect other nodes in the network. 
Such nodes are sometimes referred to as cut points (Dubé et al. 2009). Despite these 
fantastic advantages of network analysis, it must be mentioned that it is not 
uncomplicated to sample and map all existing contacts in an empirical network.  
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NETWORK SAMPLING AND THE IMPORTANCE OF TIME 
 
Since the number of contacts in the network has shown to be important for 
transmission of a disease in the network, the success of the sampling process is crucial. 
In Paper III we have investigated how the number of links in the network affects 
disease transmission between farms. In addition, we also studied the reliability of 
making predictions about disease transmission from networks with a small proportion 
of missing links, since, as already mentioned, contacts are often missing during 
sampling, e.g. due to difficulties to sample or due to too short time window during 
sampling.  
 
Networks can be static or dynamic, that is the link structure can be constant during the 
considered time period, or it can change over time. Kiss et al. (2006) have analysed 
sheep movement networks in Great Britain and these networks clearly showed 
seasonal variations. The time period considered in the networks in that study was four 
weeks, and the largest number of movements occurred in August and September, and 
Kiss et al. (2006) emphasizes that during this period of extensive movements there is 
an increased risk for disease transmission. In the study performed by Bajardi et al. 
(2011), dynamical patterns of cattle movements in Italy was investigated using 
networks over different time lengths. One of the investigated time periods has a length 
of 28 days, as in the study of Kiss et al. (2006). Bajardi et al. (2011) concluded that the 
structure and complexity of these movement networks drastically changed between the 
studied months. Therefore, it is not recommended to use movement data from one 
month to make predictions about disease transmission and disease control during the 
next month. Vernon and Keeling (2009) have analysed different kinds of static and 
dynamic networks of cattle movements within the UK to see whether static network 
can give the same approximations as a dynamic representation. They concluded that 
simpler static networks should be used with caution when studying disease 
transmission, since such network representations are often not as reliable as fully 
dynamic networks. When examine disease transmission in networks it is important to 
use a time period relevant for the specific disease studied. That because disease 
characteristics as for example length of incubation and infectious periods differ 
between diseases. Our overall conclusion from the study in Paper III is that a single 
network replicate with a low proportion of links is not sufficient to be used directly for 
making predictions about disease transmission. That because our results showed large 
variability between replicates of the same process. We also examined what effect the 
distribution of farms in the landscape has on the disease spread between the holdings. 
The results indicated that the number of contacts in the networks affect disease 
transmission much more than what the geographical distribution of the farms does.  
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NETWORK STRUCTURES 
 
Network structures can be categorized using network measures. Such measures 
describes the topology and connectedness of movement networks (Dubé et al. 2008). 
Many studies have focused attention to network structures, see for example (May 
2006) and references therein. Networks measures could be calculated at different 
levels of the network, since some properties characterize individual nodes while others 
aim to describe the structure of the network as a whole (Wasserman & Faust 1994). In 
Paper IV we examined network measures in relation to spread of disease at these two 
levels, which we denote local and global. The network measures, both local and 
global, included in the Papers (I-IV) in this thesis are collected and described in Box 1. 
 
One property, not included in Box 1, that has been widely used in characterization of 
networks is degree distribution (May 2006). The degree distribution is the distribution 
of links in the network. It gives the probability that a randomly chosen node has degree 
k (see Box 1). Previously, the degree distribution of empirical networks was assumed 
to be either completely regular or entirely random, but it has been shown that the 
degree distributions of most real-world networks is somewhere in between these two 
extremes (Watts & Strogatz 1998). Despite its often large size, small-world network 
have got its name from the often short path length between any pair of nodes in the 
network (Watts & Strogatz 1998). Path length refers to the number of links which 
must be passed on the way from one node to another node in the network. If the degree 
distribution has a power-law tail, the network is said to be scale-free (Barabási & 
Oltvai 2004). Many empirical networks are said to be scale-free, for example the 
World Wide Web, the Internet, and biological networks, e.g. see (Albert & Barabási 
2002) and references therein. Random networks though exists and they have degree 
distributions that follow a Poisson distribution with a peak at the mean degree of the 
network (Barabási & Albert 1999; Albert & Barabási 2002). In Paper III we examined 
the characteristics of the degree distributions of our generated networks. The 
properties we studied were skewness and kurtosis, as well as the coefficients of slope 
of the cumulative degree distributions after a linear regression. Bajardi et al. (2011) 
have also paid attention to the coefficients of slope of the cumulative degree 
distributions. The results from our networks with a mean degree of 5, showed slope 
values of -2 which were in line with their results, although the networks studied by 
Bajardi and colleagues have slightly lower mean degrees. Degree distributions with a 
slope of -2 have almost the same shape as power law distributions. Our results (Paper 
III) also showed that mean degree has major impact of the slopes of degree 
distributions, since the slope decreases when more links are added to the network.  
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Box 1. Network measures used in the analyses included in this thesis 
Measure    Description Level Reference 

Betweenness Measures how important a node is. A high 
betweenness indicates that there are many 
shortest paths between node pairs passing 
through the node. 

local +  
global 

Wasserman & 
Faust (1994) 

Group 
betweenness 
centralization 
index 
 

Measures the variation in betweenness of the 
farms in the networks, i.e. it measures if the 
farms have similar or varying betweenness 
values.  

 Wasserman & 
Faust (1994) 

Clustering 
coefficient 

No. links that exists between neighbours to a 
farm, divided by all possible links that could 
exist between the neighbours. 
 

local +  
global 

Watts & 
Strogatz (1998) 

Degree (k) Number of links connected to a specific node. 
 

  

Degree 
assortativity 

Measure of whether farms with similar 
degrees are connected to each other (value 
close to 1) or if nodes with different degrees 
are connected to each other (value close to -
1). A value of zero indicates that connections 
between farms are independent of degree for 
that farm. 
 

global Newman (2002) 

Link density 
 

The actual links in the networks, as a 
proportion of all theoretical possible links for 
that network. 
 

global Wasserman & 
Faust (1994) 

Diameter The longest shortest path between any pair of 
farms in the network. 

global Wasserman & 
Faust (1994) 
 

Fragmentation 
index 

The extent to which a network is disconnected 
(i.e., the proportion of isolated pairs of farms). 
Consider the number of components in the 
network, in combination with the number of 
farms in the largest component. Ranges from 
0 to 1, where 0 indicate a connected network 
and 1 a completely fragmented network. 
 

global Borgatti (2003), 
Webb (2005) 

No. 
components 

Measures the numbers of components in the 
network. 
 

global Wasserman & 
Faust (1994) 

No. nodes in 
largest 
component 

Numbers of farms in the largest component 
in the network. 

   global  
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The structure and properties of a network will have major impact of the resulting 
disease transmission in it. Several investigations have studied and demonstrated this 
importance (Bell et al. 1999; Christley et al. 2005; Keeling 2005; Shirley & Rushton 
2005; Dubé et al. 2008; Badham & Stocker 2010; Ames et al. 2011; Volz et al. 2011). 
Different networks that have exactly the same number of nodes and links can have 
highly diverse network structures, which may influence the transmission of diseases in 
it (Kretzschmar & Morris 1996). Even if the degree distributions are identical for two 
networks, they can have very different structures (May 2006; Ames et al. 2011). 
Several studies have shown that the degree distribution can have substantially effect on 
disease transmission in networks. In a recent study of Volz et al. (2011) they argue 
that in addition, it is also important to consider clustering among contacts when 
studying disease transmission in networks. In Paper IV in this thesis we have 
investigated if network measures can be used in making predictions about disease 
transmission in the networks, and if some of the measures are more appropriated for 
this purpose than others. The results showed that there is high variance in the number 
of infected farms between different network replicates. The global network measures 
that appeared to be able to explain the resulting disease transmission in the networks 
best were mean degree and the average clustering coefficient. Also for the local level, 
degree and clustering coefficient work out best, but here the measures for calculated 
for each initially infected node and not for the network as a whole. Although, for these 
measures the variation in number of infected farms was large so unfortunately, it is 
risky to make predictions about disease transmission based on information only about 
one single network measure. 
 
Several studies, including Papers III and IV, have paid attention to the number of 
components in the network and also to the sizes of these, (e.g. Kiss et al. 2006; 
Robinson et al. 2007). Special focus have been devoted to the size of the largest 
connected component in the network, named the giant connect component (GCC). 
Components can be either strong or weak, where a strong component is a component 
in which every included node can be reached from all other nodes in it, through 
directed paths. In a weak component all nodes in the component can be reached from 
all other but regardless of the direction of the paths (Wasserman & Faust 1994). The 
largest strong and the largest weak components are called the giant strong component 
(GSC) and the giant weak component (GWC), and these measures are used in several 
studies of disease transmission networks, as measures of the lower versus the upper 
bound of an epidemic (Kao et al. 2006; Kao et al. 2007; Robinson et al. 2007; Dubé et 
al. 2008). There exists more than one way to define a GCC, for example that a 
component that contain at least 90 % of the nodes in the network is a GCC (Keeling 
2005; Badham et al. 2008). According to Bajardi et al. (2011) it is possible to say 
something about the extent of a disease transmission, by measuring the size of the 



13 
 

GCC. In addition to measure the number and sizes of components in the networks, 
fragmentation index (see Box 1) can also be calculated. We have used fragmentation 
index as a measure of the structures of our generated networks in Papers 1-IV 

 

 

NETWORK-GENERATING ALGORITHMS 
 
To be able to investigate wide ranges of different network structures, there is a need to 
be able to theoretically generate such structures. For this reason, network generating 
algorithms have been developed and examined (e.g. Asano 1995; Watts & Strogatz 
1998; Barabási & Albert 1999; Eubank et al. 2004; Christley et al. 2005; Keeling 
2005; Shirley & Rushton 2005; Bansal et al. 2007; Boily et al. 2007; Badham & 
Stocker 2010). Indeed, a rather large number of algorithms have been introduced for 
different purposes, but despite this most existing network generating algorithms have 
not the capacity to generate networks along the whole range of structures. Therefore, 
we have developed a network generating algorithm with the aim to generate as with 
range of structures as possible (Papers I and II).  
 
 

SPATIAL VS NON-SPATIAL ALGORITHMS 

 

Some algorithms are non-spatial, i.e. they take no attention to spatial aspects. 
Examples of networks that are suitable for this purpose are biochemical networks and 
citation networks, where nodes exists only in an abstract space and have no specific 
geographical positions (Gastner & Newman 2006). Other algorithms works in a spatial 
environment, that is, the nodes have exact geographical locations and Euclidian 
distances can be calculated between pair of nodes (Barthélemy 2011). Examples of 
spatial networks are transportation networks (Barrat et al. 2004; Kurant & Thiran 
2006), internet networks (Faloutsos et al. 1999; Yook et al. 2002), social networks 
(Wasserman & Faust 1994; Newman & Park 2003), mobile phone networks (González 
et al. 2009; Sevtsuk & Ratti 2010), and neural networks (Kaiser & Hilgetag 2006). 
Also in disease transmission networks the geographical positions of farms and 
distances between farms are crucial, since the infectivity of many diseases assumes to 
decline with distance (Figure 4). The frequency of contacts between animal holdings 
has also been shown to decrease with distances between farms (Boender et al. 2007; 
Robinson & Christley 2007; Lindström et al. 2009; Ribbens et al. 2009). Therefore, 
our algorithm takes spatial aspects into account. In Paper 1, we first presented our new 
algorithm for generation of virtual networks, the Spectral Network algorithm. The 
aims of this study were to generate an algorithm that manages to create a wide range of 
network structures, the input parameters should be able to be derived from real-world 
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settings, and the method to get a desired network structure should be straightforward. 
The network measures included in this study were clustering coefficient (Watts & 
Strogatz 1998), degree assortativity (Newman 2002), fragmentation index (Borgatti 
2003), and group betweenness centralization index (Wasserman & Faust 1994), see 
Box 1. This algorithm managed to generate a broad range of most of the examined 
network structures, although it does not managed to generate networks with negative 
assortativity. In Paper II, we further developed the algorithm to generate an even 
broader spectrum of network structures. There exists empirical networks with 
dissassortative (i.e. have negative assortativity) contact structure, which is when the 
actors in the network are often connected to actors with different degree (number of 
contacts) for example networks of sheep movements in Great Britain (Kiss et al. 2006) 
and networks of transports to slaughterhouses (Paper II). Therefore, special concern 
was taken to degree assortativity and the algorithm, renamed to the SpecNet algorithm, 
now managed to generate also negative assortativity. The improvement was made by 
adding two classes of nodes instead of one, as was the case in Paper 1. To our 
knowledge, no other network-generating algorithm has the capacity to create networks 
with the same broad range of degree assortativity. Keeling (2005) has developed a 
network generating algorithm that has some similarities with SpecNet, since it also 
consider spatiality and the nodes are divided into two classes, where one of these is 
focal points. As with SpecNet, also with Keelings algorithm, aggregated and clustered 
node landscapes can be generated. To achieve these structures with Keeling’s 
algorithm, a given proportion of the nodes are moved towards the nearest focal point.  
 
The SpecNet algorithm was also compared to another network generating algorithm, 
called the CMext algorithm. These two algorithms works in different ways, the 
SpecNet algorithm generates spatial networks where the nodes have a specific 
geographical location whereas the CMext algorithm generates networks non-spatial 
algorithms where the nodes are located in an abstract space. In this study (Paper II), 
the CMext algorithm could not generate the same wide range of structures as SpecNet 
did. The performances of the algorithms to regenerate two empirical Swedish swine 
transport networks were also examined. Also here, SpecNet managed to regenerate the 
networks well with respect to the investigated network measures. One of the 
advantages with SpecNet is that some of the input parameters can be estimated from 
empirical data. For example, when regenerating the animal transport networks in Paper 
II, the measured level of aggregation (γ, see next section) among the farms in Sweden 
was used. Additionally, the number of farms and the link density (Box 1) were given 
from the empirical datasets.  
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THE SPATIAL SPECNET ALGORITHM 

 

As mentioned above, the SpecNet algorithm that we have developed is an example of 
a spatial network generating algorithm. SpecNet uses fast Fourier Transformation 
(FFT) (Halley et al. 2004) that includes spectral methods to generate a spatial node 
landscape. First SpecNet generate a matrix with random values from a Gaussian 
distribution, i.e. a distribution with white noise. Then the matrix is transformed to the 
frequency domain using FFT. The amplitudes of the function in the frequency domain 

are scaled to give the power density function the frequency pattern of 1 -noisef γ . The 

degree of aggregation is determined by the continuity parameter γ (Figure 2).  
 

 
Figure 2. Two SpecNet generated networks. In (A) a random node structure (i.e. γ=0) and in 
(B) an aggregated node landscape (i.e. γ=2). The number of nodes is 50 in each network and a 
link density of 0.1 is used. 
 
The geographical positions of the farms have implications for the disease transmission 
(Boender et al. 2007), and therefore the opportunity to tune the level of aggregation 
among the farms, from random to highly aggregated, is included in the algorithm. This 
result in a continuum three-dimensional Fourier landscape where red color 
corresponds to high densities and blue color corresponds to low densities (Figure 3A). 
The Fourier landscape is then converted to a two-dimensional matrix, which still is 
continuously (Figure 3B). Thereafter, the matrix is discretized into a digital node 
structure, through that the elements with highest density values are converted to nodes 
(Figure 3C) (Lindström et al. 2011). The desired number of nodes (N) is set from start. 
As already mentioned in the previous section (Spatial vs non-spatial algorithms), the 
development of the algorithm, described in Paper II, implied that the nodes were 
divided into two classes, regular nodes and focal nodes. Focal nodes have a higher 

A B
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probability to be connected by links to other nodes. This is made by multiplying the 
probability for a link between a focal node and a regular node with a factor, named the 
focal scale factor (Fsf) (Eq. 1). This method of landscape generation was used in all 
four papers in this thesis. 
 

 
Figure 3. Steps in the creation of node landscape with SpecNet. In (A), a continuous three-
dimensional Fourier landscape is generated. Red color corresponds to high densities, and blue 
color corresponds to low densities. In this example, a high continuity value is used and 
consequently this results in an aggregated landscape. In (B) the Fourier landscape is converted 
to a two-dimensional continuously matrix, which in (C) is discretized into a digital node 
landscape. 
 
The next step in the network generating process is to connect the nodes to each other 
by links. The desired mean link degree is set from start, and links are added to the 
network one at a time until the requested number of links is achieved. Links can be 
weighted or unweighted, i.e. they could either occur with a given probability or exist 
or not (0 or 1). In the studies included in this thesis, weighted links are used. As 
already mention, SpecNet is a spatial algorithm and the probability P(lij) for a link 
between two nodes, i and j, depends of the Euclidian distance dij between them. If 
focal nodes are not considered (as in Paper I) the parameter Sij will take the value one. 
The probability is given by the generalized Gaussian distribution that could be seen in 
the equation: 
 

1,           
( ) ,  

,          
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b
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if i and j are the same type of nodes
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Fsf if i and j are different types of nodes

 
−  
 


= = 

               
(1) 

 
It could only exist one link between a pair of nodes so the probabilities for already 
created links are set to zero. After each draw of a link, the constant K therefore 
normalizes the distribution so that the probability of all possible links sums to one. The 
algorithm uses periodic boundaries to avoid edge effects (Lindström et al. 2008). 
Parameters a and b regulate kurtosis and variance of the probability function 
(Håkansson et al. 2010). That is, they regulate how the probability of links decreases 
with distance between nodes (Figure 4). Kurtosis is a measure of the shape of a 
probability distribution and variance is a measure of the width of the distribution 
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(Lindström et al. 2008). A probability distribution with high kurtosis has a high peak 
at small distances and fat tail at longer distances. Using a low kurtosis value gives a 
distribution with similar values from zero up to some distances controlled by the 
variance. 

 
Figure 4. (a) Probability densities at distances from the source shown for shape/kurtosis (κ) 
and scale/variance (ν): κ =4 and ν=0.0025 (dashed), ν=0.005 (solid), and ν=0.01 (dotted), 
respectively. (b) Corresponding probability densities for ν=0.005 and κ=2 (dashed), κ=4 
(solid), and κ=6 (dotted). The diagrams in the inserts in both a and b are the same as the main 
diagrams but at larger distances from the source and with a logarithmic y-axis. Figure from 
(Lindström et al. 2011).  
 
Since the nodes are distributed in two dimensions, we found it relevant to also 
calculate the kurtosis and variance in two dimensions. Kurtosis and variance of 
probability distributions are also used in spatial ecology, for example in studies of 
dispersal of organisms between different patches in the landscape. Kurtosis is assumed 
to be an important property for the dispersal in an ecological landscape. Lindström et 
al. (2008) have studied the effect of kurtosis and variance on displacements of 
populations between habitats in a spatial ecological setting. They concluded that 
kurtosis is not important for invasion speed, population persistence, or spatial 
population distribution in a random landscape. Although, Lindström et al. (2011) 
showed in another study that if the landscape is more explicit, for example aggregated, 
kurtosis has effect on invasions. Nevertheless, variance of dispersal distribution was 
shown to be a very important factor for both population distribution and transition 
time. In our study in Paper I, an ANOVA analysis showed almost no impact of 
kurtosis of the investigated network structures, therefore the kurtosis value was not 
varied in the analysis in Paper II. 
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SIMULATIONS IN NETWORKS 
 
Disease transmission is a stochastic process, that is if a disease enters a population or a 
network, some individuals or nodes will be infected and some will not, even if the 
conditions are equal for all individuals (Daley & Gani 1999). Therefore, it is of course 
an advantage to use stochastic models compared to deterministic ones, when examine 
disease transmission. Due to the stochasticity, the results from two simulations with 
the same parameter values will not be exactly the same. Therefore, results from 
stochastic models and simulations, are mostly presented as an average of a number of 
replicates and also as the dispersion around this average value. SIR models, or 
susceptible/infected/removed models are the most studied class of epidemic models 
and these could be adapted to be either deterministic or stochastic. The original SIR 
model was first formulated (but never published) in the 1920s by Reed and Frost 
(Reed-Frost model) (Newman 2002). SIR-models or infections models that they also 
are called are a basic kind of model that illustrates the relationships between categories 
in a population. A population will, during an infection, contain three different types of 
individuals: those that are susceptible (S) to the infection, those that are infected (I), 
and those that have been infected but are now recovered (R) (Ricklefs & Miller 1999). 
The period of immunity (named recovered in the model) could be either permanent or 
temporary (Thieme 2003), in case of a temporary recovery state the individuals or the 
nodes, turn to the susceptible state again, i.e. SIRS model (Figure 5).  
 
There exists a number of modified and extended versions of the SIR model, for 
example it can be simplified to a SI model that not consider recovery, or it could be 
extended to also contain an exposed state (SEIR) or a latency phase (SLIR). When 
modelling disease transmission dynamics a commonly used assumption is that the 
population is homogeneous, i.e. that an infected individual has the same probability to 
be connected to any susceptible individual (Burr & Chowell 2008). This is also the 
assumption behind the classical SIR model, where every individual is assumed equally 
infective and everybody is born susceptible (Thieme 2003). In reality, disease 
transmission is more complex than that, since any individual is not connected to any 
other and transmissibility and susceptibility are not the same for all individuals (Burr 
& Chowell 2008). As mentioned earlier, network analysis takes this heterogeneity into 
account in sense that diseases can only be transmitted between two nodes that are 
connected by a link. The classical homogenous SIR model can be extended to also be 
applicable for disease transmission in heterogeneous networks.  
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Another assumption for the SIR model, that is valid also in case of simulations in 
networks, is that the population or the network size (N) is constant during the 
simulation period (Eq. 2).  
 

( ) ( ) ( ) ( )N t S t I t R t= + +                  (2) 

 
In Paper III, disease transmission in the generated networks was performed using a SI 
model, while we in Paper IV have extended the model to also include a recovery state 
and used a SIRS model (Figure 5). Barthélemy et al. (2005) also used a SI model in 
their study of outbreaks in complex heterogeneous networks, since this model is the 
simplest one that is capable of assessing the effect of network structure on disease 
transmission. 
 
 

 
 

 
Figure 5. Schematic picture of the different parts of the SIRS model, used in Paper IV and the 
relations between them. 
 
The SIRS model can be described by a set of equations (Paper IV): 
 

( ) ( ) ( ) [ ] ( ) [ ]1 ( 1) 1 ( 1) ( ) ( 1) 1 ( ) ( 1)N t S t S t I t I t I t R t R t R t S t + = + + → + + + + → + + + + → +   (3) 

 
If using probabilities for disease transmission depending on the distances between the 
farms (Eq. 1), as in Papers III and IV, this general model has to be reformulated to be 
able to handle this. In all simulations (Papers III and IV) we have used discrete time 
steps in our numerical simulations, and subsequently the probability that a susceptible 
farm, Si, would become an infected farm, Ii, at time t+1 was set by equation 4: 
 

( ) ( )( ) ( ) ( )1 1 for at least oneinfected farmi i ji t jP S t I t if P I tλ θ→ + = >              (4) 

 
Where, parameter λ is the probability for disease transmission from an infectious farm 
to a susceptible farm at time t. In the model, diseases can only be transmitted between 
farms that are connected by a link. Variables S(t), I(t) and R(t) are the numbers of 
susceptible, infectious, respectively recovered farms at time t. In Papers III and IV, the 
probability for disease transmission follows an exponential probability kernel that 

S I R
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decreases with the distance between the farms. The infectious period differs widely 
between various diseases and this is a parameter that must be set in the model. In our 
discrete model it is defined as the number of time steps, t, that an infected farm is 
infectious and has the potential to infect susceptible farms. Hence, after these number 
of time steps the farm is recovered, i.e. it is in the R-state, where it could neither get 
infected nor infect other farms. Also the number of time steps that a farm is in the R-
state has to be set in the model. After this period the farm is susceptible for infection 
again. 
 
The probability for transmission depends on the specific disease. In a model, 
independent of kind of model type, the parameters have to be set according to the 
disease concerned.  
 
 

MEASURING THE EXTENT OF DISEASE TRANSMISSION 

 

The result of disease transmission simulations in networks can be measured in 
different ways. In a model using discrete time steps, a straightforward way is to 
calculate the number of infected farms after a given number of time steps (Papers III 
and IV). Using a model with a recovery phase included, a common method is to record 
the time it takes until there are no infected farms in the networks, i.e. when farms are 
susceptible or recovered. It is also possible to measure the number of infected farms at 
epidemic equilibrium (Paper IV). The above mentioned methods aim to estimate the 
effect if a disease enters a network. Additionally, it is also valuable to get an indication 
of whether the disease will lead to an epidemic or not. R0, defined by Anderson and 
May (1992) as the number of secondary cases infected by one single infected node, is 
often used as an indicator of this. In Paper IV, we measured R0 in the disease 
transmission network. 
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CONCLUSIONS AND IMPLICATIONS FOR FUTURE 

RESEARCH 
 
Two closely connected aims were formulated for the work in this thesis, where the 
first aim is the development of a network generating algorithm that has the capability 
to generate theoretical networks with a wide range of structures. Previous studies using 
network generating algorithms have focused on fairly small ranges of network 
structures. Ranges that sometimes not even cover the empirical ranges of the 
investigated measures. We have paid attention to develop a network generating 
algorithm that has the capability to generate structures as in real-world animal 
transport networks (Paper II), but also to be able to generate even wider set of 
structures. The reason to this effort is that in the future, with new sampling efforts or 
other study objects, such structures may appear. Although the SpecNet algorithm has 
to this day mainly been used to generate virtual animal movement networks, it may in 
the future also be used to generate other kinds of spatial networks, as for example 
different ecological systems, as for example dispersion of organisms between habitats. 
 
The work presented in this thesis has highlighted the importance to consider wide 
ranges of network structures when working with theoretical animal transport networks. 
For example, the empirical animal transport networks examined in Paper II had 
disassortative structures. The measured assortativity values for those networks were  
-0.15 and -0.42. Hence there has been a need for algorithms that generate networks 
with negative assortativity and the SpecNet algorithm do fulfil this need by its capacity 
to generate networks within almost the whole theoretically range of degree 
assortativity (Papers II and IV). So far, SpecNet has been used to generate rather 
simplified networks with static and undirected links. Although not used yet, it is 
already possible to generate directed links with SpecNet. Hence it is also possible to 
characterise network structures by using directed network measures, which is network 
measures that take the direction of the links into account. Examples of such measures 
are in- and out degree (Wasserman & Faust 1994), and ingoing infection chain 
(Nöremark et al. 2011) versus outgoing infection chain (Dubé et al. 2008). The strong 
(directed measure) respectively the weak giant components (undirected measure) can 
then also be measured and used in prediction about epidemic size, since these 
measures have been suggested as measures of the lower bound of versus the upper 
bound of the maximal epidemic sizes (Kao et al. 2006; Kao et al. 2007; Dubé et al. 
2008). 
 
In our studies concerning disease transmission (Papers III and IV) no particular disease 
has been considered. Although when considering disease transmission in networks it is 
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possible to focus on specific diseases and that can with SpecNet be made by using 
probability distributions suitable for specific diseases. Further developments of 
SpecNet can include using different probability functions for the two node classes, 
regular and focal nodes. The impact of this is in one way already included in the 
algorithm since the two node classes have different probabilities for link-generation 
between two nodes, although if the same distance is considered. If two different 
probability distributions were used instead, different characteristic for the probability 
could be used. Such characteristics could for example be probability of long distance 
dispersal. 
 
The second aim of this thesis is thereby to get increased knowledge about how 
network structures, estimated by network measures, affect the spread of disease 
between farms. Our major conclusion is that there is large variation in number of 
infected farms also for a single value of a network measure (Paper IV). Network 
measures were examined at both individual node level and for the global network 
level. For the global level, the mean number of links (mean degree) in the networks 
and the clustering of these (average clustering coefficient) were the characteristics that 
appeared to be best suitable for giving some kind of predictions of disease 
transmission in networks. Our study in Paper III also showed that mean degree 
influence the resulting disease transmission in a network, and that a small amount of 
missing links in a network with a low mean degree, will have major impact of the 
number of infected farms. For the local level considered in Paper IV where the 
network measures were calculated for the initially infected node, degree and clustering 
coefficient gave the highest correlation with the number of infected farms as well as 
with the R0 value. Therefore, predictions about disease transmission made only by 
considering one single network measure should be used with caution, if used at all. 
The works presented in this thesis is a starting point, since the SpecNet algorithm has 
been developed and that we now manage to generate networks with structures as in 
empirical networks. Nevertheless, to make the network model more like the reality it 
could be further developed to take real-world farm and disease characteristics into 
account. Such characteristics are for example different kind of contacts, number of 
animals in each herd, different species, and transmission probabilities for different 
diseases. One important future development would be to use dynamic link structures 
that changes over time. Dynamical networks (Vernon & Keeling 2009) takes, in 
contrast to static networks, the variation in contact frequencies into account. Such 
dynamics could be caused by seasonal variations in animal transports, as shown in a 
study by Nöremark et al. (2009). 
 
Finally, the overall conclusions from my studies presented in this thesis, are that when 
modelling disease transmission between farms in a network model it is important to 
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consider appropriate number of links and also how these are distributed among the 
farms. Another conclusion is that this structure should be measured by several network 
measures and not only by a single one. In addition, it is also important to pay effort to 
get information of the characteristics of the first infected farm because these influence 
the extent of the epidemic.  
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jag har en del kvar att lära, det blev lite stressigt på slutet… 
Tack Annie och Tomas Jonsson för att ni lånade ut ert fina hus i Kungshamn till oss 
två stressade doktorander så att vi fick arbetsro i en väldigt trivsam miljö! Det var 
ovärderliga skrivardagar!  
 

Noél Holmgren, kollega men också bihandledare i början av min doktorandtid, tack för 
att du gett mig grundläggande insikt om Stokastisk Dynamisk Programmering samt 
djupgående kunskap om vart Skövdes godaste semletårta finns! 
 

Tack till alla härliga kollegor i ekologigruppen i Skövde för att ni gjort min 
doktorandtid rolig och utvecklande! Speciellt tack till mina doktorandkollegor Lina 
Nolin, Malin Setzer, Sofia Berg och Nina Håkansson för er vänskap och positiva syn 
på det mesta här i livet. Jag kommer sakna våra fikastunder!  
Ett extra tack till Malin för många roliga äventyr under årens lopp, jag tänker speciellt 
på Aspö, naturfester, fjällvandring, Dumme mosse, Öland och nu senast Kungshamn. 
Vi har följts åt i nästan 12 års tid, från våra första dagar på Biodataprogrammet till 
disputation! Jag undrar bara, hur ska det gå nu?  
Niclas Norrström och Simon Wetterlind – tidigare doktorandkollegor, tack för all 
programeringshjälp och ”datorsupport i största allmänhet”. 
 

Tack till alla forskare i Systembiologigruppen på Högskolan i Skövde för alla 
intressanta diskussioner om forskning och livet!  
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Många tack till alla teoretiska ekologer i Linköping för att ni alltid varit så hjälpsamma 
när jag som förvirrad Skövdebo försökt hitta rätt i alla korridorer. Speciellt tack till 
alla i Spabiogruppen för roliga år! Ett extra tack till Nina Håkansson och Tom 
Lindström för bra och givande samarbete, och till Lars Westerberg för all hjälp med att 
lösa statistiska problem! 
 

Maria Nöremark och Susanna Sternberg Lewerin på Statens Veterinärmedicinska 
Anstalt (SVA) i Uppsala, tack för bra samarbete och givande och lärorika 
diskussioner! 
 

Jag skulle vilja tacka Krisberedskapsmyndigheten (nuvarande MSB) samt Högskolan i 
Skövde för finansiering av mina doktorandstudier och Jordbruksverket (SJV) för att de 
gett mina samarbetskollegor på SVA tillgång till djurförflyttningsdata som jag har 
kunnat använda i mina nätverksanalyser.  
 

Jag vill tacka alla mina fantastiska kompisar för härlig vänskap!  
Speciellt tack till ”Skövdefamiljen” för alla roliga stunder oavsett om det gäller 
barnkalas, grillkvällar, after work, midsommarfirande, pulkaåkning, bad eller något 
annat kul. 
Annelie, tack för fin vänskap och härligt avkopplande svampturer!  
 

TACK till alla (familj, släkt, vänner och kollegor, ingen nämnd och ingen glömd) för 
ert ovärderliga stöd när livet inte var på topp. Jag vet inte vad jag hade gjort utan er!   
 

Till mina underbara föräldrar, Margareta och Lasse, och till mina härliga systrar, Åsa 
och Elin, tack för att ni alltid stöttat och trott på mig! Speciellt tack för att ni hjälpte till 
med barnpassning under de sista veckorna av frenetiskt skrivande, trots det långa 
geografiska avståndet mellan oss.  
 

Fredrik och Kasper, tack för att ni finns och för all kärlek ni ger mig ♥   
Fredrik, tack för din förståelse och support, speciellt under de sista månaderna av hårt 
arbete. Kasper, mitt underbara lilla bustroll; den här sommaren är till dig! 
  



26 
 

 

REFERENCES 
 
Ahlbom, A. and S. Norell (1990). Introduction to modern epidemiology. Newton lower falls, 
MA, Epidemiology Resources Inc. 
  
Albert, R. and A.-L. Barabási (2002). "Statistical mechanics of complex networks." Reviews 
of modern physics 74: 47-97. 
  
Ames, G. M., D. B. George, C. P. Hampson, A. R. Kanarek, C. D. McBee, D. R. Lockwood, 
J. D. Achter and C. T. Webb (2011). "Using network properties to predict disease dynamics 
on human contact networks." Proceedings of the Royal Society B: Biological Sciences. 
  
Anderson, R. M. and R. M. May (1992). Infectious diseases of humans: dynamics and 
control. New york, Oxford university press. 
  
Asano, T. (1995). "An O(n log log n) time algorithm for constructing a graph of maximum 
connectivity with prescribed degrees." Journal of Computer System Sciences 51: 503-510. 
  
Backer, J. A., T. J. Hagenaars, H. J. W. van Roermund and M. C. M. de Jong (2009). 
"Modelling the effectiveness and risks of vaccination strategies to control classical swine 
fever epidemics." Journal of the Royal Society Interface 6: 849-861. 
  
Badham, J., H. Abbass and R. Stocker (2008). "Parameterisation of Keeling's network 
generation algorithm." Theoretical Population Biology 74: 161-166. 
  
Badham, J. and R. Stocker (2010). "The impact of network clustering and assortativity on 
epidemic behaviour." Theoretical Population Biology 77: 71-75. 
  
Bajardi, P., A. Barrat, F. Natale, L. Savini and V. Colizza (2011). "Dynamical Patterns of 
Cattle Trade Movements." PLoS ONE 6 (5): e19869. 
  
Bansal, S., B. T. Grenfell and L. A. Meyers (2007). "When individual behavior matters: 
homogeneous and network models in epidemiology." Journal of the Royal Society Interface 
4: 879-891. 
  
Barabási, A.-L. and R. Albert (1999). "Emergence of Scaling in Random Networks." Science 
286: 509-512. 
  
Barabási, A.-L. and Z. N. Oltvai (2004). "Network Biology: Understanding the Cell's 
Functional Organization." Nature Reviews Genetics 5: 101-113. 
  
Barrat, A., M. Barthélemy, R. Pastor-Satorras and A. Vespignani (2004). "The architecture of 
complex weighted networks." PNAS 101: 3747-3752. 
  
Barthélemy, M. (2011). "Spatial Networks." Physical Reports 499: 1-101. 
  



27 
 

Barthélemy, M., A. Barrat, R. Pastor-Satorras and A. Vespignani (2005). "Dynamical patterns 
of epidemic outbreaks in complex heterogeneous networks." Journal of Theoretical Biology 
235 (2): 275-288. 
  
Beaglehole, R., R. Bonita and T. Kjellström (1993). Basic epidemiology. Geneva, World 
health organization. 
  
Bell, D. C., J. S. Atkinson and J. W. Carlson (1999). "Centrality measures for disease 
transmission networks." Social networks 21: 1-21. 
  
Boender, G. J., R. Meester, E. Gies and M. C. M. De Jong (2007). "The local threshold for 
geographical spread of infectious diseases between farms." Preventive Veterinary Medicine 
82: 90-101. 
  
Boily, M. C., Z. Asghar, Z. Garske, A. C. Ghani and R. Poulin (2007). "Influence of Selected 
Formation Rules for Finite Population Networks with Fixed Macrostructures: Implications for 
Individual-Based Model of Infectious Diseases." Mathematical Population Studies 14: 237-
267. 
  
Borgatti, S. (2003). The Key Player Problem in Dynamic Social Network Modeling and 
Analysis: Workshop Summery and papers, National Academy of Sciences Press. 
  
Brauer, F. and C. Castillo-Chávez (2001). Mathematical models in population biology and 
epidemiology. New york, Springer-Verlag New York. 
  
Burr, T. L. and G. Chowell (2008). "Signatures of non-homogeneous mixing in disease 
outbreaks." Mathematical and Computer Modelling 48 (1–2): 122-140. 
  
Christley, R. M., G. L. Pinchbeck, R. G. Bowers, D. Clancy, N. P. French, R. Bennet and J. 
Turner (2005). "Infection in Social Networks: Using Network Analysis to Identify High-Risk 
Individuals." American Journal of Epidemiology. 162 (10): 1024-1031. 
  
Daley, D. J. and J. Gani (1999). Empidemic modelling: an introduction. Cambridge, 
Cambridge university press. 
  
Danon, L., A. P. Ford, T. House, P. C. Jewell, M. J. Keeling, G. O. Roberts, J. V. Ross and M. 
C. Vernon (2011). "Networks and the Epidemiology of Infectious Diseases." Interdisciplinary 
Perspectives on Infectious Diseases 2011. 
  
de Koeijer, A., H. Heesterbeek, B. Schreuder, R. Oberthür, J. Wilesmith, H. van Roermund 
and M. de Jong (2004). "Quantifying BSE control by calculating the basic reproduction ratio 
R0 for the infection among cattle." Journal of Mathematical Biology 48: 1-22. 
  
Dohoo, I. R., R. S. Morris, S. W. Martin, B. D. Perry, T. Bernardo, H. Erb, M. Thrusfleld, R. 
Smith and V. R. Welte (1994). "Epidemiology." Nature 368 (6469): 284-284. 
  
Dubé, C., C. Ribble, D. Kelton and B. McNab (2008). "Comparing Network Analysis 
Measures to Determine Potential Epidemic Size of Highly Contagious Exotic Diseases in 
Fragmented Monthly Networks of Dairy Cattle Movements in Ontario, Canada." 
Transboundary and Emerging Diseases 55: 382-392. 



28 
 

  
Dubé, C., C. Ribble, D. Kelton and B. McNab (2009). "A review of network analysis 
terminology and its application to foot-and-mouth disease modelling and policy 
development." Transboundary and emerging diseases 56: 73-85. 
  
Eubank, S., H. Guclu, M. V. Marathe, A. Srinivasan, Z. Toroczkai and N. Wang (2004). 
"Modelling disease outbreaks in realistic urban social networks." Nature 429: 180-184. 
  
Faloutsos, M., P. Faloutsos and C. Faloutsos (1999). "On power-law relationships of the 
Internet topology " Computer Communication Review 29: 251-262. 
  
Ferguson, N. M., C. A. Donnelly and R. M. Anderson (2001). "The foot-and-mouth epidemic 
in Great Britain: Pattern of spread and impact of interventions." Science 292: 1155-1160. 
  
Ferguson, N. M., C. A. Donnelly and R. M. Anderson (2001). "Transmission intensity and 
impact of control policies on the foot and mouth epidemic in Great Britain." Nature 413: 542-
548. 
  
Fèvre, E. M., B. M. d. C. Bronsvoort, K. A. Hamilton and S. Cleaveland (2006). "Animal 
movements and the spread of infectious diseases." TRENDS in Microbiology 14 (3): 125-131. 
  
Garner, M. G., C. Dubé, M. A. Stevenson, R. L. Sanson, C. Estrada and J. Griffin (2007). 
"Evaluating alternative approaches to managing animal disease outbreaks - the role of 
modelling in policy formulations." Veterinaria Italiana 43 (2): 285-298. 
  
Garner, M. G. and S. A. Hamilton (2011). "Principles of epidemiological modelling." 
Scientific and Technical Review of the Office International des Epizooties 30 (2): 407-416. 
  
Gastner, M. T. and M. E. J. Newman (2006). "The spatial structure of networks." The 
European Physical Journal B 49: 247-252. 
  
Gibbens, J. C., C. E. Sharpe, J. W. Wilesmith, L. M. Mansley, E. Michalopoulou, J. B. M. 
Ryan and M. Hudson (2001). "Descriptive epidemiology of the 2001 foot-and-mouth disease 
epidemic in Great Britain: the first five months." Veterinary Record 149: 729-743. 
  
González, M. C., C. A. Hidalgo and A.-L. Barabási (2009). "Understanding individual human 
mobility patterns." Nature 453: 779-782. 
  
Gubbins, S. (2005). "A modelling framework to descibe the spread of scrapie between sheep 
flocks in Great Britain." Preventive Veterinary Medicine 67: 143-156. 
  
Halley, J. M., S. Hartley, A. S. Kallimanis, W. E. Kunin, J. J. Lennon and S. P. Sgardelis 
(2004). "Uses and abuses of fractal methodology in ecology." Ecology Letters 7: 254-271. 
  
Håkansson, N., A. Jonsson, J. Lennartsson, T. Lindström and U. Wennergren (2010). 
"Generating structure specific networks." Advances in Complex Systems 13 (2): 239-250. 
  
Kaiser, M. and C. C. Hilgetag (2006). "Nonoptimal component placement, but short 
processing paths, due to long-distance projections in neural networks." PLoS Computational 
Biology 2 (7): 0805-0815. 



29 
 

Kao, R. R. (2002). "The role of mathematical modelling in the control of the 2001 FMD 
epidemic in the UK." TRENDS in Microbiology 10 (6): 279-286. 
  
Kao, R. R., L. Danon, D. M. Green and I. Z. Kiss (2006). "Demographic structure and 
pathogen dynamics on the network of livestock movements in Great Britain." Proceedings of 
the Royal Society B: Biological Sciences 273 (1597): 1999-2007. 
  
Kao, R. R., D. M. Green, J. Johnson and I. Z. Kiss (2007). "Disease dynamics over very 
different time-scales: foot-and-mouth disease and scrapie on the network of livestock 
movements in the UK." Journal of the Royal Society Interface 4: 907-916. 
  
Keeling, M. J. (2005). "The implication of network structure for epidemic dynamics." 
Theoretical Population Biology 67: 1-8. 
  
Keeling, M. J. (2005). "Models of foot-and-mouth disease." Proceedings of the Royal Society 
B: Biological Sciences 272 (1569): 1195-1202. 
  
Keeling, M. J., M. E. J. Woolhouse, D. J. Shaw, L. Mattews, M. Chase-Topping, D. T. 
Haydon, S. J. Cornell, J. Kappey, J. Wilesmith and B. T. Grenfell (2001). "Dynamics of the 
2001 UK foot and mouth epidemic: Stochastic dispersal in a heterogeneous landscape." 
Science 294: 813-817. 
  
Kiss, I. Z., D. M. Green and R. R. Kao (2006). "The network of sheep movements within 
Great Britain: network properties and their implications for infectious disease spread." 
Journal of the Royal Society Interface 3: 669-677. 
  
Kretzschmar, M. and M. Morris (1996). "Measures of concurrency in networks and the spread 
of infectious disease." Mathematical Biosciences 1336 (2): 165-195. 
  
Kurant, M. and P. Thiran (2006). "Extraction and analysis of traffic and topologies of 
transportation networks." Physical Review E 74 (036114). 
  
Last, J. M. (2001). A Dictionary of Epidemiology. New York, Oxford university press. 
  
Lindström, T. (2010). Spatial Spread of Organisms: Modeling ecological and epidemiological 
processes. Department of Physics, Chemistry and Biology. Linköping, Linköping University. 
  
Lindström, T., N. Håkansson and U. Wennergren (2011). "The shape of the spatial kernel and 
its implications for biological invasions in patchy environments." Proceedings of the Royal 
Society B 278: 1564-1571. 
  
Lindström, T., N. Håkansson, L. Westerberg and U. Wennergren (2008). "Splitting the tail of 
the displacement kernel shows the unimportance of kurtosis." Ecology 89: 1784-1790. 
  
Lindström, T., S. A. Sisson, M. Nöremark, A. Jonsson and U. Wennergren (2009). 
"Estimation of distance related probability of animal movements between holdings and 
implications for disease spread modeling." Preventive Veterinary Medicine 91: 85-94. 
  
MacMahon, B. and T. F. Pugh (1970). Epidemiology: Principles and Methods. 
  



30 
 

May, R. M. (2006). "Network structure and the biology of populations." TRENDS in Ecology 
and Evolution 21 (7): 394-399. 
  
Newman, M. E. J. (2002). "Assortative mixing in networks." Physical Review Letters 89 
(208701). 
  
Newman, M. E. J. (2002). "Spread of epidemic disease on networks." Physical Review E 66 
(1): 016128. 
  
Newman, M. E. J. and J. Park ( 2003). "Why social networks are different from other types of 
networks." Physical Review E 68 (036122). 
  
Nöremark, M. (2010). Infection Through the Farm Gate: Studies on Movements of Livestock 
and On-farm Biosecurity. Department of Clinical Sciences. Uppsala, Swedish University of 
Agricultural Sciences. doctoral. 
  
Nöremark, M., N. Håkansson, T. Lindström, U. Wennergren and S. Lewerin (2009). "Spatial 
and temporal investigations of reported movements, births and deaths of cattle and pigs in 
Sweden." Acta Veterinaria Scandinavica 51 (1): 37. 
  
Nöremark, M., N. Håkansson, S. Sternberg Lewerin, A. Lindberg and A. Jonsson (2011). 
"Network analysis of cattle and pig movements in Sweden: Measures relevant for disease 
control and risk based surveillance." Preventive Veterinary Medicine 99: 78-90. 
  
Ortiz-Pelaez, A., D. U. Pfeiffer, R. J. Soares-Magalhães and F. J. Guitian (2006). "Use of 
social network analysis to characterize the pattern of animal movements in the initial phases 
of the 2001 foot and mouth disease (FMD) epidemic in the UK." Preventive Veterinary 
Medicine 76: 40-55. 
  
Ribbens, S., J. Dewulf, F. Koenen, K. Mintiens, A. de Kruif and D. Maes (2009). "Type and 
frequency of contacts between Belgian pig herds." Preventive Veterinary Medicine 88 (1): 57-
66. 
  
Ricklefs, R. E. and G. L. Miller (1999). Ecology. United states of America, W. H. Freeman 
and Company. 
  
Robinson, S. E. and R. M. Christley (2007). "Exploring the role of auction markets in cattle 
movements within Great Britain." Preventive Veterinary Medicine 81: 21-37. 
  
Robinson, S. E., M. G. Everett and R. M. Christley (2007). "Recent network evolution 
increases the potential for large epidemics in the British cattle population." Journal of the 
Royal Society Interface 4 (15): 669-674. 
  
Rosen, K. H. (1999). Discrete mathematics and its applications, McGraw-Hill Book Co. 
  
Schoenbaum, M. A. and W. T. Disney (2003). "Modeling alternative mitigation strategies for 
a hypothetical outbreak of foot-and-mouth disease in the United States." Preventive 
Veterinary Medicine 58: 25-52. 
  



31 
 

Scott, A., M. Christie and P. Midmore (2004). "Impact of the 2001 foot-and-mouth disease 
outbreak in Britain: implications for rural studies." Journal of Rural Studies 20: 1-14. 
  
Sevtsuk, A. and C. Ratti (2010). "Does urban mobility have a daily routine? Learning from 
the aggregated data of mobile networks " Journal of Urban Technology 17: 41-60. 
  
Sharkey, K. J., R. G. Bowers, K. L. Morgan, S. E. Robinson and R. M. Christley (2008). 
"Epidemiological consequenses of an incursion of highly pathogenic H5N1 avian influenza 
into the British poultry flock." Proceedings of the royal society B 275: 19-28. 
  
Shirley, M. D. F. and S. P. Rushton (2005). "The impacts of network topology on disease 
spread " Ecological Complexity 2: 287-299. 
  
Smith, G. C. and D. Wilkinson (2003). "Modeling control of rabies outbreaks in red fox 
populations to evaluate culling, vaccination, and vaccination combined with fertility control." 
Journal of Wildlife Diseases 39 (2): 278-286. 
  
Szmaragd, C., A. Wilson, J, S. Carpenter, J. L. N. Wood, P. S. Mellor and S. Gubbins (2009). 
"A modeling framework to describe the transmission of bluetongue virus within and between 
farms in Great Britain." PLoS ONE 4 (11): e7741. 
  
Thieme, H. R. (2003). Mathematics in population biology. Princeton, Princeton University 
Press. 
  
Tildesley, M. J., R. Deardon, N. J. Savill, P. R. Bessell, S. P. Brooks, M. E. J. Woolhouse, B. 
T. Grenfell and M. J. Keeling (2008). "Accuracy of models for the 2001 foot-and-mouth 
epidemic." Proceedings of the royal society B 275: 1459-1468. 
  
Wasserman, S. and K. Faust (1994). Social Network Analysis: Methods and Applications. 
Cambridge, Cambridge University Press. 
  
Watts, D. J. and S. H. Strogatz (1998). "Collective dynamics of ‘small-world’ networks." 
Nature 393: 440-442. 
  
Vernon, M. C. and M. J. Keeling (2009). "Representing the UK´s cattle herd as static and 
dynamic networks." Proceedings of the royal society B 276: 469-476. 
  
Wilesmith, J. W., M. A. Stevenson, C. B. King and R. S. Morris (2003). "Spatio-temporal 
epidemiology of foot-and-mouth disease in two counties of Great Britain in 2001." Preventive 
Veterinary Medicine 61: 157-170. 
  
Volz, E. M., J. C. Miller, A. Galvani and L. Ancel Meyers (2011). "Effects of heterogeneous 
and clustered contact patterns on infectious disease dynamics." PLoS Computational Biology 
7(6): e1002042. 
  
Yook, S.-H., H. Jeong and A.-L. Barabási (2002). "Modeling the internet´s large-scale 
topology " Proc. Natl. Acad. Sci. (USA) 99: 13382-13386. 
  
 
 




