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This thesis assessed the suitability of using homogeneous mixing to describe the 

contact structure of different equine populations in Canada, and the associated effects 

on disease dynamics within the respective populations. This was accomplished by the 

development of an appropriate contact data collection method for animal agricultural 

settings, the collection of equine contact data, and the characterization of the equine 

contact networks and the corresponding disease spread dynamics. Traditional radio-

frequency identification (RFID) tags were modified to enable data storage on the tags’ 

flash memory. The modified tags were deployed to collect contact pattern data from 4 

equine facilities in Ontario. The collected data were used to generate contact networks 

that were analyzed with both traditional and non-traditional network analysis techniques. 

The contact networks were used to inform the contact rate of a network epidemic model 

that was used to quantify the effect of different network structures on the 

epidemiological outcomes. The model had a typical SEIR structure and incorporated 

both vaccination and isolation. Equine influenza was used as a case study. The thesis 

resulted in several important outcomes. First, the modified RFID technology provided a 

feasible method for contact data collection, specifically in animal agricultural settings. 



 

 

 

 

Second, the contact networks exhibited similar traits across facilities, such as patterns 

in the relative degree centrality and a failure to satisfy the assumption of homogenous 

mixing. Third, the empirical contact networks resulted in epidemic curves with similar 

epidemic durations, peak times, and peak heights when used to inform the contact rate 

of the network epidemic model. Furthermore, differences in the incidence curves were 

observed when comparing the empirical networks to theoretical networks such as a 

homogenous mixing network. Overall, the results indicated that while it is important to 

use empirical contact data for the characterization of disease dynamics within 

populations, it is possible to generalize the disease dynamics and associated 

biosecurity strategies for equine facilities with similar characteristics. The improved 

understanding gained from this research regarding contact data collection and analysis 

and the importance of empirical networks in the simulation of disease dynamics enables 

the improved ability to inform equine biosecurity strategies.  
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CHAPTER 1 

 Introduction, literature review, and thesis objectives 

1.1 Introduction 

Infectious diseases pose a major challenge to populations worldwide, with impacts 

at the societal, economical, and political levels (1). The 2009 Animal Health Act (2) as 

defined by the Government of Ontario describes 4 goals with respect to animal health in 

Ontario, Canada:  

1. To protect animal health;  

2. To establish biosecurity measures, i.e. measures to aid in the prevention, 

detection, response, control, and recovery from threats that can affect both 

animal and human health; 

3. To regulate animal related activities that can affect both animal and human 

health, and; 

4. To ensure the safety of animal by-products for human use (2). 

The threats to animal health as discussed in objective 2 of the Animal Health Act 

include threats arising from infectious diseases. Infectious diseases are unique due to 

their continual emergence and their capacity to change over time (3). These attributes 

make the implementation of effective prevention and control strategies challenging. In 

the absence of intervention strategies, the introduction and spread of an infectious 

disease can have deleterious effects on the population, including death (3). Therefore, 

the World Organisation for Animal Health (OIE Office International des Epizooties) 

identified 3 strategies in the Sixth Strategic Plan (4) for minimizing the impact of 



 

 

2 

 

infectious diseases: 1) control risks at the human-animal-environment interface, 2) build 

trust between stakeholders through transparency and good communication, and 3) 

strengthen the sustainability and capacity of National Veterinary Services. The Strategic 

Plan enumerated 3 methods of accomplishing these strategies: 1) scientific excellence, 

2) diversity, participation, commitment and transparency of the OIE, and 3) the OIE 

governance. The described goals are multi-disciplinary and are not mutually exclusive. 

For example, research tools such as mathematical models can be used to inform policy 

regarding the development of prevention and control strategies (5). In the context of 

infectious diseases, mathematical models describe the trends in disease spread given 

the implementation of different prevention and control strategies (6,7). The models 

provide an efficient, ethical, and inexpensive method of evaluating the efficacy of the 

interventions in the given population (5).   

The use of a population’s movement and contact patterns in order to characterize 

mechanisms of disease spread has recently gained momentum for animal populations 

(8). This has largely been demonstrated with respect to the 2001 foot and mouth 

disease outbreak in the United Kingdom, where extensive movement data has been 

recorded over time (9). Unfortunately, this data availability does not extend to all 

international regions for all animal species. Furthermore, the areas that do collect 

movement data seldom collect within-farm contact data (10).  This paucity of data 

extends to the Canadian equine population.  

The Canadian agricultural census defines a farm as any agricultural establishment that 

produces and sells agricultural products (11). Using this definition, the 2016 census of 
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agriculture reported that 291,561 horses resided within 39,164 farms in Canada (12). 

Furthermore, Equine Canada estimated that in 2010, the second largest proportion of 

horses were located in Ontario (22.1%), surpassed only by Alberta (32.5%) (Figure 1.1). 

The contribution of horses to Canadian agriculture and culture has implications for the 

agricultural and entertainment industries. With respect to the entertainment sector, the 

majority of the Ontario equine population was used for sport competitions (not including 

racing) (20%) followed by pleasure riding (17%) (Figure 1.1). Other reported uses for 

horses were lessons (4%), breeding (14%), and racing (13%).  These uses have direct 

implications for the Canadian economy, for which the equine industry contributes more 

than 19 billion dollars per year (13). Therefore, a disruption to the equine population, for 

instance, due to an infectious disease epidemic, could have a large impact on individual 

and groups of horses, individual horse owners, and the Canadian economy.  

1.2  Disease transmission models 

1.2.1 An overview of mathematical models 

Mathematical models are simplified representations of real-world systems (14). The 

process of mathematical modelling is cyclical and begins with the conceptualization of a 

problem (Figure 1.2) (15).  Given the complexities of real-world systems, simplifying 

assumptions are developed based on the aspects of the system that are the most 

important to represent in the model (14,16). The conceptual model can then be 

translated into a mathematical model that can be simulated and analyzed using 

observed data. The model outcomes should be validated with the observed data. There 

are different reasons for model outcomes that do not reflect the expected disease 
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dynamics including: 1) an erroneous model, in which case the model should be adjusted 

given the constraints of the original system (14), and 2) the model has identified a 

biological aspect of the disease transmission process that is otherwise unknown. 

1.2.2 History and use 

The use of mathematical models to study the epidemiology of infectious diseases will 

hereafter be referred to as mathematical epidemiology. The history of mathematical 

epidemiology dates back to the 18th century when Daniel Bernoulli investigated the 

effect of variolation (inoculation of an individual with the virus) on life expectancy (17). 

However, it was only in the late 19th and early 20th centuries that the foundations of 

mathematical epidemiology were formalized. Many individuals contributed to the early 

development of mathematical modelling including P.D. En’ko, Sir R.A. Ross, A.G. 

McKendrick, and W.O. Kermack (17).   

Sir R.A. Ross conducted studies on the transmission of malaria. Ross concluded that a 

possible mechanism for reducing malaria transmission was to minimize the mosquito 

population. Through these studies, Ross conceived the epidemiological definition of the 

basic reproduction number (𝑅0) (17). The basic reproduction number is defined as the 

average number of secondary infections caused by a single infectious individual in a 

totally susceptible population (18). Kermack and McKendrick, influenced by Ross, 

developed a model to describe the spread of disease in a population (19). In the model, 

individuals were grouped into compartments based on their disease state, including 

susceptible, infectious, and recovered. The model which is often referred to as a 

compartmental model, used differential equations to describe the rate of change 
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between individuals in each compartment (20). These models still serve as the basis for 

contemporary mathematical models. 

1.2.3 Model formulation 

The unit of interest in disease transmission models is generally individuals, or groups of 

individuals in a population (21) and should be selected based on population level 

characteristics such as the population size and the available data regarding individual-

level traits. Models that focus on group-level dynamics are referred to as compartmental 

models, while models that include individual-level heterogeneity and focus on the 

dynamics of individuals in the population are referred to as individual- or agent-based 

models (22). Each group of individuals (or each individual in an individual-based model) 

is assigned a disease status, for example, susceptible (S), infectious (I), and recovered 

(R) (Figure 1.3). A model including the S, I, and R disease states is referred to as an 

SIR model, and along with the model extensions such as the SEIR model (where E 

represents an exposed group of individuals that is infected, but not yet infectious) is an 

appropriate framework with which to model population level disease dynamics (21). 

Disease transmission models simulate the rate at which individuals transition between 

the different disease states over time (20). For example, in the SIR model, when 

individuals in the susceptible compartment interact with individuals in the infectious 

compartment, the susceptible individuals can become infected at a rate 𝛽 (Figure 1.3). 

Therefore, the number of individuals leaving the susceptible compartment and entering 

the infectious compartment can be expressed as 𝛽𝑆𝐼.  After a defined infectious period 

(𝛾), infectious individuals can move to the recovered compartment at a rate 
1

𝛾
.  The rate 
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of change for each compartment (S, I, and R) can be described using the system of 

equations: 

{

�̇� = −𝛽𝑆𝐼    

𝐼̇ = 𝛽𝑆𝐼 − 𝛾𝐼

�̇� = 𝛾𝐼            

 

Disease transmission models can be characterized as deterministic or stochastic (14). 

Deterministic models are governed by a set of parameters that determine the model 

outcome. Therefore, for a specified input, every simulation of the model will provide 

identical output, representing the average behavior of the system (22). Deterministic 

models are inappropriate for small populations in which homogenous mixing is unlikely 

to occur and stochasticity is likely to have a larger impact on population level outcomes. 

In these situations, it is more suitable to model the biological processes using stochastic 

models (20). In contrast to deterministic models, stochastic models are governed by 

chance. In stochastic models the future behavior of the population is based only on the 

current time point. Given that stochastic models consider a distribution of possible 

behaviors, each simulation results in different outcomes (20,22).   

1.2.4 Assumption of homogenous mixing 

Host heterogeneity can result from a variety of factors including age, susceptibility to 

infection, and mode of disease transmission (23). This variability can impact the contact 

structure of a population, and consequently affect the rate of disease transmission 

within the population (23). Since contact pattern data can be challenging to collect, 

models often assume homogenous mixing in which individuals mix randomly and have 
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an equal chance of coming in contact (24). The assumption of homogenous mixing is 

implemented in disease transmission models through the transmission rate, 𝛽, which 

consists of two parameters: 1) the contact rate and, 2) the probability of transmission 

given an effective contact (25).   

Although existing models that have assumed homogenous mixing have a history of 

providing reliable predictions, the assumption of homogenous mixing does not 

accurately represent the mixing patterns for all populations (23). Heterogeneity in 

contact patterns can influence the spread and transmission of infectious diseases (25) 

especially in small populations that are subject to small, chance variations in initial 

conditions (26) . Therefore, the inappropriate use of the assumption of homogenous 

mixing can result in incorrect model outcomes. An alternative method to the assumption 

of homogenous mixing is to use heterogenous mixing rates. Heterogeneous mixing 

rates can be incorporated in the model in different ways (see (23) for an in-depth 

discussion of the different methodology), ranging from using a time-dependent 

transmission rate (𝛽(𝑡)) in compartmental models, to specifying a matrix of contact rates 

for different groups or individuals within the population (23,27,28).    

1.3 Network analysis 

1.3.1 An introduction to graph theory  

Graph theory has a history dating back to 1735, when Euler solved the Konigsberg 

bridge problem (29). The Konigsberg bridge problem consisted of finding a path that 

traversed 7 bridges without crossing a single bridge twice. By transforming the map into 

a series of points connected with lines, Euler used the properties of the figure to prove 
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that there was no solution to the Konigsberg bridge problem (30). Since then, other 

problems such as Hamilton’s game and the four colour theorem have been solved in a 

similar fashion (30). In essence, the solution to each of these problems has involved 

using a representative figure of points connected by lines, otherwise known as a graph 

(30). The field of graph theory is constantly evolving and being applied to different 

scientific disciplines. Newman and Watts (2011) emphasize that the current applications 

of graph theory differ from the traditional applications of graph theory in 3 ways: 1) 

current applications focus on both empirical and theoretical questions, 2) networks do 

not only describe static systems, but can vary over time, and 3) networks are viewed as 

structures upon which dynamical processes can occur (31). 

Graph theory has been applied to disciplines such as chemistry, computer science, and 

social networks, each with its own set of terminology (30,32).  In 1954, John Barnes 

coined the term “social network” to describe the interactions between social entities 

(33). Social networks, hereafter referred to as contact networks, consist of nodes, 

representing the individual entities in the network, and edges, representing the contact 

between the nodes (8,33). The networks can be represented with graphs or matrices, 

and analysed using network analysis methods (33). 

1.3.2 Types of networks 

Both the research question and the population of interest should be considered when 

deciding on an appropriate structural and temporal representation of the contact 

network.  Structural characteristics include attributes such as edge weight and 

directionality. Edge weight can be used to describe the strength of an interaction, for 
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example the duration or frequency of a contact event between two individuals (34,35).  

Edge weights can be represented in graphs with characteristics such as the edge width, 

or in matrices by populating the matrix entry between two nodes with the numerical 

representation of the weight (36). In contrast, in unweighted graphs, the presence of an 

edge between two nodes indicates contact between the nodes. This contact, or lack 

thereof is indicated with a 1 or 0 respectively in the contact matrix. Directed graphs 

describe the direction of a relationship, for example, movement from one location to 

another location. Directed graphs are visualized with an arrow connecting the two 

nodes, pointing in the direction of the contact. Alternatively, for interactions in which an 

event occurs simultaneously between the two entities, such as contact between two 

individuals, the network can be undirected (37). 

Networks can also include a temporal component (i.e. static or dynamic processes). 

Due to the challenges of collecting and analyzing dynamic data, most studies to date 

have focused on static networks (38,39). Static networks are appropriate 

representations for populations in which the contacts exhibit minimal change over time 

(40). Therefore, static networks are represented with graphs in which the structure of 

the nodes and edges is fixed (40). In contrast, for populations in which the contact 

structure does change over time, it is often more appropriate to use dynamic networks 

to describe the contact structure of the population over time (41). In these instances, the 

network representation can change according to population level changes such as 

demographic (e.g. birth and death) and behavioural changes (e.g. avoidance 

behaviours) (40).  Dynamic networks can be represented in different ways including 
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multiple static networks or videos that display the network edges as they evolve over 

time (39). 

1.3.3 Data collection 

The formation of representative contact networks is largely determined by the quality 

and quantity of the collected data (42). Traditional data collection methods such as 

observation, surveys, and diaries have made the collection of large sets of reliable data 

challenging (31,43). Each data collection method has different strengths, weaknesses, 

and inherent biases. Observation has historically taken a hands-on approach where 

researchers observe and record the contacts that occur between individuals in the 

population. Technological advances have also enabled automated recording of the 

contacts using video recording technologies (44). Regardless of the observation 

methods used, this method of data collection can be expensive and difficult to 

implement for large populations.  Although observational methods can be invasive and 

subject to technological constraints such as software facial recognition issues, they are 

capable of providing information on the types of social contacts that occur within the 

population (44). 

Ego-centric data collection methods, focus on the collection of data associated with a 

specific individual (45). Ego-centric methods include contact diaries and surveys. 

Contact diaries and surveys involve the participant recording the type of contact that 

occurred within a specified time frame (42,44). These methods enable the specification 

of the type of contact, as well as other details such as the contact frequency and 

duration (46). While contact diaries and surveys are relatively easy to administer, they 
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are subject to recall and reporting biases, as well as a possible low response rate 

(44,46). Furthermore, these data collection methods focus on the network of each 

reporting individual as opposed to the population-level network (44).  

Recently, proximity sensing technology has been used to collect and record contact 

pattern data. Proximity technology includes both Bluetooth®  and radio-frequency 

identification (RFID) technology (44). Data collection through proximity sensing 

technology requires that all participants (members of the population being studied) wear 

a signal transmitting tag, enabling the aggregation of the signals to form a network (44). 

While this data collection method allows for large amounts of data to be collected over 

long periods of time, it is limited to the collection of data from the individuals wearing the 

tags. Furthermore, proximity technology can be subject to radio errors in which contacts 

are recorded that never occurred, or reciprocal contacts are not recorded (44). 

Technological advancements have enabled the collection of large of amounts of data 

with increasing accuracy. Given the abundance of available data, the next step in the 

analytical process is to determine the biological implications of different data 

implementation schemes, and consequently, how to integrate the data into models in a 

meaningful way (47). 

1.3.4 Network formation 

Network formation can be accomplished in two different ways. If a sufficient amount of 

data has been collected to accurately represent the population-level contact patterns, 

then the collected data can be used to construct the network (33). This is often achieved 
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by defining contact matrices in which the column and row names represent the nodes, 

and each cell contains the amount (or the presence or absence) of contact between the 

nodes (48). However, for some populations (e.g. marginalized populations) the 

population characteristics (e.g. demographics, risk factors, etc.) can make it difficult to 

collect sufficient data to characterise the contact network (48). In these situations, 

statistical methods can be used to infer the contacts that occurred (49). These methods 

include exponential random graph models otherwise known as p* models, and use the 

characteristics of the collected data to generate contact networks for a population of a 

specified size (50).   

1.3.5 Network analysis 

The analysis of contact networks has applications for describing the disease spread 

potential within the population. Traditional network analysis includes aspects such as 

determining a node’s importance in the network (centrality), as well as community 

detection algorithms. These analyses are largely applied to static networks as the 

network analysis methods for dynamic networks are not well developed (39). Moreover, 

analytic methods become increasingly intractable with the increased complexity of the 

system.  

Centrality measures quantify the importance of a node in the network and often include 

degree, closeness, betweenness, and eigenvector centrality (8,51,52). Briefly, degree 

refers to the number of edges that are incident to a node (53). The degree centrality has 

a direct implication in the disease spread potential since nodes with a higher degree 

have a greater chance of transmitting a disease to other nodes or becoming infected by 
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connected nodes (52). Closeness provides an estimate of how close a node is to all of 

the other nodes in the network. Individuals with a high closeness play an important role 

in the transmission of the disease to other individuals in the network. Betweenness 

represents the probability that the shortest path between two nodes passes through a 

node of interest. Betweenness is important to disease transmission as nodes with a 

high betweenness can serve as cut-points. Cut-points are nodes whose removal will 

segment the graph, inhibiting the spread of disease between the two components 

(8,54). Lastly, eigenvector centrality is a measure of a node’s secondary contacts. 

Eigenvector centrality is important to disease transmission as nodes with a higher 

eigenvector centrality have an increased potential of transmitting and contracting the 

disease (53). 

Community structures are defined as densely connected groups of nodes that are 

weakly connected to the rest of the network (55). It has been reported that communities 

have a high clustering coefficient, which is a measure describing the extent to which 

nodes form clusters (54,56). In their study of the effect of community structure on 

epidemic spread, Wu and Liu (2008) reported that the epidemic potential will decrease 

with an increase in the clustering coefficient. The community structure of a network can 

be detected with algorithms, each of which has different strengths and weaknesses. 

Harenberg et al., (2014) describe community detection algorithms in more detail (55).  

1.3.6 Contact networks and disease transmission  

The simulation of a disease transmission model over a contact network is referred to as 

a network epidemic model (57). Contact networks can influence the trends in disease 
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spread within a population (58,59), and enable the incorporation of individual-level 

heterogeneities in disease transmission models (60). When analysing contact networks 

with respect to disease dynamics, nodes represent hosts and edges represent 

interactions enabling the transmission of pathogens (40,61). Numerous studies have 

identified the impact of networks on disease dynamics such as the epidemic duration 

and severity, however, many of these studies were conducted on static networks (59). 

While static networks may be appropriate to model rapidly spreading pathogens which 

cause acute infections, they do not necessarily reflect the epidemic behaviour of  

diseases that continue to circulate for longer periods of time, such as endemic diseases, 

during which individuals can modify their behaviour (40,62). In situations where the 

underlying network is likely to change throughout the epidemic, static networks do not 

capture the epidemic behaviour as well as dynamic networks (38). 

The use of networks to represent the heterogeneities in the host population is gaining 

momentum in the literature. However, there are still many challenges associated with 

the use of networks in epidemiological modelling. For instance, it is not always intuitive 

how the structural properties of the underlying network such as edge weights relate to 

the transmission dynamics (61). Furthermore, calculating epidemiological measures 

such as the basic reproductive number become complicated when adding in the extra 

dynamics contributed by the contact network (61). Regardless of these challenges, 

networks have the capacity to further the understanding gained from disease 

transmission models.   
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1.4 Radio-frequency identification tags 

1.4.1 Radio-frequency identification system 

Radio-frequency identification (RFID) technology uses radio-waves to send and receive 

signals (63). The RFID system generally consists of 3 components: 1) an antenna, 2) a 

transceiver, and 3) a transponder hereafter referred to as a tag (64). The antenna 

enables communication between the transceiver and the tag. The transceiver is 

responsible for data acquisition, and the tag reads and records data. When the antenna 

and transceiver are combined, they are referred to as a reader (64).  

The RFID system can be characterized in two ways: 1) by the data storage capabilities, 

and 2) by the power source (64). In the first classification scheme, the tags are said to 

have either read-only or read/write memory. Read-only tags do not have data storage 

capabilities, while read/write tags can both read and store data (64). In the second 

classification scheme, RFID tags can be classified as active or passive: active tags use 

a battery to power the system, while passive tags are powered by radio signals 

transmitted from the RFID reader (65).  Active tags generally have read-write memory 

and a long communication range, while passive tags are generally read-only with 

shorter communication ranges (63,64). 

The RFID frequency ranges vary and are regulated by governmental agencies (63), 

however, there are 3 frequencies which are generally used for RFID applications. Low 

frequency bands range from 100-500 kilohertz (kHz). Low frequency RFID tags are 

generally used in applications such as inventory control and have a low reading rate 

and short to medium read range. Mid-range frequencies range from 10-15 megahertz 
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(MHz) and are generally used in applications such as access control. These tags have a 

short to medium read ability and a medium reading speed. Lastly, high frequencies 

range from 850-950 MHz and 2.4-5.8 gigahertz (GHz). These tags are often used in toll 

collection systems and have a long read range with a high reading speed (63). 

1.4.2 Applications 

Radio-frequency identification technology has been implemented in applications 

including supply chain tracking, toll collection, and animal identification (63). In terms of 

contact network data collection, RFID technology has been used to collect contact data 

between individuals wearing the tags in both human and animal populations.  For 

example, human studies have used data collected with proximity tags to study disease 

outbreaks amongst school children, and health care workers and patients (66,67). 

Animal studies, have been conducted on animals such as deer and possums to study 

the animals’ mating patterns (68,69).  

1.4.3 Advantages and disadvantages 

Although RFID technology has many advantages, it also has inherent disadvantages 

(65). For example, while the RFID tags do not require a direct line of sight with the 

reader, objects containing metal may interrupt the normal transmission process and 

result in unpredictable performance. Furthermore, RFID technology has a high 

communication frequency however the transmission may result in incorrect data entries 

due to the distortion, deflection, interference, and absorption of radio waves (65,70). 
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Despite its limitations, the decreasing size and cost of RFID technology has resulted in 

an increase in use for agricultural animal research purposes (70). The ability of RFID 

technology to capture large amounts of data make it a good candidate for applications 

such as recording contact pattern data, body temperature, and traceability information 

(70–73). All of these applications enable the enhanced ability to predict animal disease 

dynamics using methods such as early warning signals and network analysis. 

1.5 Equine influenza 

1.5.1 A brief background 

Equine influenza (EI) is considered to be the most important equine disease due to its 

transmissibility and the associated economic impact (74). Equine influenza is a 

respiratory disease caused by the equine influenza virus (type A). Although both the 

H3N8 and H7N7 subtypes have been identified as the cause of past outbreaks, the 

H7N7 subtype has not been active since 1979 (75). 

The first reported EI outbreak occurred in Eastern Europe circa 1956 (76).  The 

outbreak was caused by the H7N7 subtype, which was subsequently identified from 

outbreaks worldwide (76). In 1963, the H3N8 subtype was identified as the cause of a 

Miami, Florida epidemic (76), and has since become the only circulating subtype. 

Prior to 2007, EI had been the cause of equine-related outbreaks worldwide with the 

exception of geographically isolated areas such as Australia, New Zealand, Iceland, and 

Japan (77). However, in 2007 Australia experienced an EI epidemic that was attributed 

to imported horses (78). The Australian outbreak has reinforced the importance of 
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having a prevention and control strategy in place prior to an outbreak in order to 

minimize the epidemic impact on the population (79). 

1.5.2 Epidemiology 

Equine influenza can be transmitted through aerosol, wind, nose-to-nose contact, 

fomites, and human contact (76,80). The virus is heat and cold sensitive and can be 

killed by disinfectants (76). Equine influenza is highly contagious, with a morbidity rate 

of  up to 100% and an 𝑅0 of  2-10 (80–84). Although EI infection can occur in horses of 

all ages, young naïve horses, and unvaccinated horses have an increased susceptibility 

to the disease (76). After infection, the virus has an incubation period of 1-5 days, 

however, shedding can begin as early as 24 hours after infection and can last for 7-10 

days (76,80). Once recovered, horses exhibit natural immunity to re-infection for at least 

1 year (80,85). 

Equine influenza outbreaks are more likely to occur during cooler seasons when groups 

of horses spend a significant amount of time in a shared air space, i.e. indoor stabling 

(76). Similarly, viral shedding is increased during race and competition seasons when 

large groups of horses congregate together (76). 

1.5.3 Signs and symptoms 

Equine influenza can be recognized by clinical signs that include fever, lethargy, 

coughing, anorexia, and/or nasal discharge (76,80). Most of these clinical signs can last 

for 1-5 days, however, coughing can last up to 3 weeks.  The majority of EI infections 

resolve without incident, however severe infections or secondary bacterial infections 
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can result in severe outcomes or sequela. Pregnant horses may abort and susceptible 

foals may develop pneumonia which can be fatal (76,80). Reduced severity of clinical 

signs can be observed in horses with a partial immunity from vaccination or previous 

infections (76,80). 

1.5.4 Prevention and control strategies 

Vaccination and immunity 

Equine influenza vaccines were first developed circa 1960 (85). Although both modified-

live vaccines and killed (inactivated) vaccines are available in North America, the 

majority of vaccines contain an inactivated whole virus (76).  Since the vaccine efficacy 

is highly dependent on the amount of circulating antibodies against the influenza 

haemagglutinin (HA) glycoprotein, it will be ineffective in horses with low antibody levels 

(85).  Given the imperfect nature of the vaccine, vaccinated horses that become 

infected can be asymptomatic and are still capable of shedding the virus (75,76,80). In 

this case, the vaccine acts to reduce the severity of clinical signs experienced by 

vaccinated horses. It is recommended that horses be re-vaccinated every 6 months 

(75,76).  

Other control measures 

 Both quarantine, i.e. the segregation of horses that were potentially exposed to a 

pathogen, and isolation, i.e. the segregation of ill horses, can be used to prevent the 

spread of EI. Due to the ease with which equine influenza can be transmitted, horses 

that are thought to be infected with EI should be quarantined. Furthermore, it is 
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advisable to quarantine all horses who had contact with infectious horses. Horses 

should be quarantined on arrival to a new facility (76,80). Lastly, infectious horses 

should be isolated for the duration of the infectious period.  

Biosecurity for the Canadian equine population 

In 2016, the Canadian Food Inspection Agency (CFIA) in collaboration with Agriculture 

and Agri-Food Canada, Equine Canada, and other stakeholders developed a 

biosecurity standard containing biosecurity guidelines and recommendations. The 

guide, which defines biosecurity as a set of principles and practices that can be used to 

minimize the risks attributed to pathogens, discusses the importance of the 

implementation of biosecurity strategies, principles of prevention and control, and 

provides suggestions about how to minimize the transmission and spread of equine 

infectious diseases (86). The document, however, was meant as a guide and states that 

the suggestions provided are voluntary. Interestingly, there are currently no mandatory 

biosecurity regulations for equine health in Canada. 

1.5.5 Disease transmission models and EI 

The application of disease transmission models to animal infectious diseases is 

increasing in the literature (77), however, few models exist describing the transmission 

process of equine influenza within populations. Previous EI models tended to assume 

homogenous mixing between the horses, and generally focused on assessing the 

effects of vaccination as an EI intervention. The following section summarizes a 

selection of the previously published models in this area.  
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Glass et al. (2002) used a stochastic SEIR (susceptible-exposed-infectious-recovered) 

model to simulate an EI epidemic. The model assumed homogenous mixing and 

included the effects of a partially effective vaccine.  The study population was a single 

yard of horses and the model was simulated for the length of a single epidemic. Given 

the short simulation time, the model did not incorporate waning immunity. An epidemic 

curve from a New York race track was used to validate the model. The authors 

concluded that vaccination decreased the size of the epidemic (77). 

Garner et al. (2011) developed a stochastic SLIR (susceptible-latent-infectious-

recovered) model to demonstrate the effects of early vaccination use on the 2007 

Australian EI outbreak. The model was geographically explicit and used a single 

premises as the unit of study. Data from the Australian EI outbreak was used to validate 

the model.  The authors concluded that the early deployment of a vaccination program 

was successful in reducing the number of infected premises within the population of 

interest (83). 

Baguelin et al. (2010) developed a stochastic, metapopulation, SEIR model. The model 

assumed that each unit in the model (e.g. a yard of horses) was homogenous in its 

response to infection, and well mixed with respect to the potential for coming in contact. 

The authors included vaccination in the model, and assumed that at the start of the 

model, the study population had heterogenous levels of vaccine coverage across the 

individual horse yards. The authors concluded that the size of the epidemic was largely 

influenced by the size of the initial infectious facility. Furthermore, vaccination was 
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shown to be beneficial at the individual level, but was impacted by the vaccine coverage 

in other yards at a population level (87). 

Finally, Park et al. (2004) used a stochastic SEIR model to examine the effect of strain 

heterology (i.e. strains which are similar but not identical) in a training-yard. The model 

studied the effect of vaccination on the EI prevalence while taking the horses’ pre-

exposure antibody level and seroconversion into account. The authors concluded that 

an outbreak was less likely to occur in a population vaccinated with a vaccine containing 

the circulating viral strain than with a vaccine containing a viral strain from a different 

lineage than the circulating strain (81). 

1.6 Thesis overview and objectives 

The ability to predict disease dynamics and effective prevention and control strategies in 

advance of an outbreak has the potential to minimize the epidemic outcomes. This in 

turn can reduce the costs associated with epidemics to both governmental agencies 

and individual horse owners. However, in order to use mathematical methods to make 

relevant and realistic predictions, it is necessary to parameterize the model with 

accurate and appropriate data. There is currently a scarcity of data with respect to 

equine contact patterns, making it challenging to use mathematical tools to understand 

the disease dynamics within equestrian facilities. To this end, this thesis presents a 

starting point to fill this gap in knowledge, by using empirical data to aid in the 

biosecurity decision making process of equine health.  
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The rationale behind this thesis was to substantiate the suitability of representing equine 

contact patterns with homogenous mixing. This was accomplished through different 

studies, each building on the previous study. Specifically, the traditional RFID system 

was modified to enable the collection of contact data in large, animal agricultural areas. 

The modified RFID system was used to collect contact pattern data from different 

equine facilities in order to characterize and compare the contact structure of equine 

facilities in Ontario. Lastly, the effect of different contact structures on disease dynamics 

was analyzed through the use of network models.  Equine influenza was used as a case 

study. The process and results of the described objectives are described in this thesis in 

4 chapters. The individual aspects of the thesis are documented in chapters 2-5 and are 

as follows: 

• Chapter 2 describes and validates the methodology used to collect and 

record contact pattern data within an equestrian facility. 

• Chapter 3 uses traditional and non-traditional network analysis methods 

for the characterization of the collected data. This chapter serves as a 

pilot study to document the analytic techniques possible with the data 

collected in chapter 2. 

• Chapter 4 uses network analysis methods to characterize and compare 

the contact networks for 4 single-barn equestrian facilities located in 

southwestern Ontario, Canada. 
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• Chapter 5 uses network epidemic models to compare the epidemic 

outcomes when different contact networks were used to inform the model 

contact rate. 

The last chapter of this thesis summarizes the main results and concludes with a 

discussion of the limitations of the described studies, as well as directions for future 

work. 
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1.8 Figures 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 1.1: Descriptive statistics of Canada’s horse population. Panel a) shows the 
proportion of horses in each province in Canada in 2010 (88). Ontario had the second 
largest equine population, preceded by Alberta. Panel b) describes Canada and 
Ontario’s equine population by use. With the exclusion of young horses, the majority of 
horses were used in sport competitions (88).
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Figure 1.2: Cyclical process of mathematical modelling. The process starts with conceptualizing a real-world problem.  
Simplifying assumptions should be made based on the system aspects that are important to the problem. The real-world 
problem can then be translated and analyzed with mathematical tools and empirical data. Lastly, the model results should 
be interpreted with respect to the original problem. The feasibility of the results should be assessed, and the model should 
be redefined to accommodate the updated expectations.
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Figure 1.3: Sample disease transmission model. Panel a): Simple compartmental SIR 
(susceptible-infectious-recovered) model. This model does not contain demographic 
processes such as birth and death. Individuals in the susceptible compartment (S) move 
to the infectious compartment (I) at a given rate 𝜷. Infectious individuals can recover at 
a rate 𝜸, after which they transfer to the recovered compartment. Panel b): analogous 
network epidemic model. The population has an explicit contact structure. Susceptible 
individuals in the population transfer to the infectious stage (indicated with a grey node), 
after which they recover (indicated with a black node). 
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CHAPTER 2 

 Validation of modified radio-frequency identification tag 
firmware, using an equine population case study 

2.1 Abstract 

Historically, contact pattern data has been collected using methods such as 

observation, surveys, and diaries. More recently, radio-frequency identification (RFID) 

tags have been used to collect contact pattern data. The RFID system generally 

consists of RFID tags and RFID readers. The readers, which are powered by an 

external power source, should be within 10 meters of the communicating tags. The 

RFID readers are challenging to implement in large agricultural settings due to the lack 

of a power source, the large area needed to be covered, and inclement weather. 

Therefore, the purpose of this study was to validate a modified, active RFID system. 

OpenBeacon firmware was modified to use the tag’s onboard flash memory for data 

storage. The tags were deployed within an equine facility which was used as a case 

study. Tags were attached to the horses’ halters, placed in strategic locations around 

the facility, and were used by facility staff and trainers during the week-long deployment. 

When the tags came within a pre-defined distance of each other (2 meters), they 

communicated in a peer-to-peer fashion. The tags recorded the contact event 

participant identifiers, as well as the start and end times of the contact events. At the 

end of the study period, the data was downloaded to a computer off-site, where it was 

analyzed using descriptive network analysis methods. 
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The resulting networks were biologically plausible and corresponded to the facility 

schedule. Although the facility had 6 pastures, only 3 were used during the week, with 

an additional pasture being used on the weekend. This change of protocol was reflected 

in the networks, confirming the validity of the technology. Most of the batteries held 

charge for the majority of the study period with only 12% of batteries losing charge 

before the 6th study day.  

2.2 Introduction 

Disease transmission models are often used to evaluate the expected impact of disease 

prevention and control strategies. The models often rely on the assumption of 

homogenous mixing with each individual having an equal probability of coming in 

contact with any other individual in the population. This mixing pattern is reflected in the 

disease transmission term, where disease transmission is dependent on the probability 

of pathogen transmission given an effective contact and the contact rate (2,3). While 

this assumption is convenient, it is not appropriate for all populations, such as small or 

highly structured populations where contacts are not random.  In this context, the 

homogenous mixing assumption does not capture the complexity of the population’s 

contact structure and can result in an over- or under-estimate of the projected impact of 

the disease control strategies examined in the model (4). One method of correcting this 

over-simplification is by using data on contact networks to explicitly describe the contact 

patterns (5). 

Contact networks describe the relationships between individuals, or groups of 

individuals in a population (6). They are often visualized with graphs consisting of nodes 
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and edges. Nodes represent individuals such as people, places or locations, and edges 

represent the relationships between the nodes (6).  In order to create a contact network, 

data need to be collected or obtained in such a way that describes a representative 

portion of the relationships between the individuals in the population of interest. This 

includes the type of contact, i.e. direct or indirect contact, as well as the duration and 

frequency of the contact events. Traditional methods for collecting contact network data 

include the observation and recording of the contacts that occurred during the 

observation period, journals or surveys in which research participants document the 

contact events, and more recently, radio frequency identification (RFID) tags (2,7).  

Each of these methods have different strengths and weaknesses related to the 

incorporation of biases (e.g. recall bias) and resource requirements (e.g. time and cost), 

and hence how representative the data is of the true population (7). 

The previously described methods of data collection have been used in numerous 

animal and human studies. For example, Mastrandrea et al., (2015) (7) compared data 

collected in a French high school using both paper surveys and RFID tags (7). This 

study reported that contacts of shorter durations were not self-reported using the survey 

instrument, however, these short duration contacts were recorded by the RFID tags.  

Other studies which have used RFID technology to collect contact pattern data include 

hospital studies and animal studies (8–10). In the hospital studies, hospital staff and 

patients wore RFID tags to track their contacts (8), while in the animal studies, animals 

were tracked to study mating and contact patterns (9,10). 
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Although the use of RFID technology for network analysis is relatively new, the 

technology has a history dating back to World War II. It was used by the British “Identity 

Friend or Foe system” to distinguish enemy aircraft from their own (11). The technology 

has evolved over time, and has since been used in electronic article surveillance (late 

1960s), tolling systems (1990s), and for identifying objects with the use of RFID labels 

such as library books or groceries (11).   

An RFID system generally consists of two primary components: 1) a reader, and 2) a 

tag which transmits a signal to the reader. The RFID tags can be described based on 

the tag’s memory storage capabilities, and the tag’s power source.  

In the first categorization scheme, the tags are identified as read-only or read-write tags. 

Read-only RFID tags have no data storage capabilities. Instead, they contain a unique 

identifier which is associated with a database containing information about the object. 

The read-write RFID tag has a memory source and is able to record data about the 

object (11). 

The second type of classification system categorizes the tags based on their power 

source. Passive tags are activated by an electromagnetic field generated by the RFID 

reader. In other words, when the tag senses radio waves from the reader, it forms a 

magnetic field which supplies power to the tag. Active tags on the other hand, are 

powered by tag-integrated batteries and are able to emit a stronger signal than passive 

tags. Active tags also use higher radio frequencies as a result of the additional power 

source (11,12) and do not require the presence of fixed readers. 



 

 

38 

 

The use of RFID technology for research purposes has been applied to many 

disciplines including but not limited to: medicine, engineering, construction, and 

agriculture (11). This paper focuses on the data collection aspect of network 

quantification and analysis in an animal agricultural setting using an  RFID system 

manufactured by OpenBeacon (OpenBeacon, Cambridge, United Kingdom (13)). 

A typical OpenBeacon deployment protocol is represented in Figure 2.1. The setup 

includes active RFID tags that, when they come within a pre-defined distance of each 

other (i.e. 2 meters), exchange signals in a peer-to-peer fashion. If the communicating 

tags are within 10 meters (m) of a reader, the information exchanged is passed through 

the reader to a connected computer where the data can be stored.   

The traditional deployment setup presents some challenges when implementing the 

infrastructure within agricultural settings. First, while the OpenBeacon tags contain built-

in memory, the memory is not used to store data in the default configuration, creating a 

need for many RFID readers. Second, the reader, which must be within 10 meters of 

the tags in order to transmit the data to a computer, must be connected to a power 

source. While this is easily accomplished in indoor settings where power sources are 

readily available, it is more challenging in outdoor areas such as pastures or fields due 

to the large areas that would need to be covered, and the associated perceptions of 

barn fire risks and/or tripping hazards for animals or people. Furthermore, a large 

agricultural setting or facility would require the use of many strategically placed readers 

which could result in some contacts not being recorded, as they might occur out of 

range of the readers. Lastly, agricultural settings may present more extreme variations 
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in environmental conditions such as lower temperatures and precipitation, which can 

impact the operation and maintenance of the system.  

In order to overcome these challenges of collecting data in an animal agricultural 

setting, the main objective of this work was to modify the traditional OpenBeacon tag 

firmware to utilize the onboard tag storage capability. A study conducted with the 

modified firmware is used to validate the updated system.  

2.3 Methods  

This study was reviewed and approved by the University of Guelph’s Research Ethics 

Board (REB #16AP009) and Animal Care Committee (AUP #3518).   

2.3.1 System validation procedure 

OpenBeacon RFID tags were used to record the contacts that occurred within an 

equine facility in southwestern Ontario. A contact was defined as an interaction between 

tags that were within 2m of each other. A distance of 2m was chosen, because it was 

felt to represent contacts between nodes (horses) in the network that would be 

considered effective contacts for the possible transmission of an equine respiratory 

pathogen, e.g. Equine Influenza Virus (EIV), or Streptococcus equi also known as the 

causative agent of “strangles”. While equine influenza (EI) can be transmitted over 

longer distances, for example, by aerosol, wind, and direct contact (14,15) , strangles is 

transmitted through either fomites or respiratory droplets (16–18).  To account for both 

pathogen profiles, we considered an effective contact to occur when individuals came 

within 2m of each other.  
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The case study took place over a 7-day period in November 2016. The average outdoor 

temperature as measured by the closest weather station during the RFID tag 

deployment ranged from -3 to 12.3 degrees Celsius (Table 2.1). During the study 

period, there was 0.0 to 13.6 mm of rain, and  0 to 1 cm of snow (Table 2.1) (19).  Nine 

horses resided within the facility and all 9 horses participated in the study. Six people 

volunteered to participate in the study and included: barn workers, horse trainers, and 

other veterinary health care providers. All human participants wore the RFID tags on 

lanyards with the tag encased in a plastic conference badge (Avery Products 

Corporation, Whitby, Ontario, Canada) during shift hours. Outside of shift hours, the 

tags were stored in a central location outside the study area with an additional 

“stationary” tag. All contact events that occurred within the vicinity of the stationary tag 

were erased during the data-cleaning phase of the study. 

Additional tags were placed around the facility at 17 static locations, including the barn 

doors, indoor riding arena, wash and grooming stalls, and cross ties. Tags were placed 

on the nosepieces of the horses’ halters which were kept on or near the horses at all 

times. When a horse was in its stall, the halter was placed on the stall door, and when 

the horse was in the pasture, the halter was placed on the pasture fence, near the 

proximity tag that was located at the main gate entrance to the field. 

 At the end of the study period, a questionnaire was completed by the facility manager. 

The questionnaire addressed issues such as: the study compliance difficulty, safety with 

respect to both the human and equine participants, and the invasiveness of the study on 

the day to day running of the facility. 
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2.3.2 Active RFID tags 

To increase the utility of using the RFID tags in a farm (animal agricultural) setting, the 

tag firmware was modified to use the tag’s 8 MB flash memory (Adesto Technologies, 

Sunnyvale, California, United States). This eliminated the need to transfer the data 

directly to a nearby RFID reader connected to a computer.  Each tag contained both an 

internal identifier stored as a 32-bit unsigned integer, as well as an external identifier 

sticker. When tags came within a predefined distance (in this example, 2m, however 

distances of 0.5-6m are possible) of each other, the tags recorded the internal identifiers 

of the interacting tags. The process was repeated when the tags stopped 

communicating (when the distance between the tags increased to more than 2m), 

indicating the end of the contact event. A contact event was considered terminated 

when the tags were out of communication range for approximately 30 seconds. Every 

contact event that occurred used 16 bytes of memory on each of the tags involved in 

the interaction. Since the tags have 8MB of flash memory, then given an energy source 

with sufficient power to store many interactions over long periods of time, the tags can 

store up to 524,288 interactions, making them suitable for longer study periods with 

many participants. 

The following sections provide details on the tag characteristics, methods of use, and 

the data storage and processing modifications.  

2.3.3  Tag specifications 

In the traditional setup, tags communicate with the RFID reader, which is connected to a 

computer on a network. The incorporation of an RFID reader provides the ability to 
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assign a date and time to each individual contact event. While this time-keeping 

mechanism is ideal in the traditional setup, the absence of a reader in agricultural 

settings makes time keeping more challenging. Individual tags are not manufactured 

with a real-time clock (RTC), making it impossible to record the actual time at which 

each contact event starts and ends. To overcome this challenge, the tags were 

programmed to include a clock substitute that started with the insertion of the coin 

battery (CR2032). Therefore, the time of each contact event is recorded relative to the 

insertion of the battery. The calendar date and time of the contact event can be back-

calculated using the calendar date and time of the battery insertion. 

In the current version of the tag firmware, one observed contact with another tag is 

recorded every second. For example, when tag A encounters tag B, the tags record this 

contact. If a third tag (tag C) happened to encounter tag B while tag B was recording the 

contact event with tag A, the recording action is put on hold momentarily while tag B 

senses the presence of tag C. The recording action between A and B will continue once 

tag B is finished sensing tag C, and will also record the contact with tag C.  While this 

limitation affects the order of operations occurring within the tag (the recorded data will 

not necessarily be sequential), its effect on data quality is mitigated through sorting 

during the data processing stage. 

2.3.4 Setup 

The required software for the RFID tags can be run on linux and Apple MacOS 

operating systems. In addition to the firmware code, which is available upon request, a 

JLINK tool is required and can be downloaded from: 
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https://www.segger.com/downloads/jlink/. The JLINK tool enables communication 

between a Nordic board and the computer through a USB connection. In addition, the 

JLINK tool can be used for debugging purposes which is supported by using the JLINK 

tool in conjunction with the board. 

Lastly, a computer is used for scripting and compiling the code. The code can then be 

loaded onto the tag chip with a compiler. The tag chip uses the ARM compiler which 

can be downloaded from: https://launchpad.net/gcc-arm-embedded.  

The Nordic board and programmer-device (Figure 2.1) are necessary to flash (update 

the firmware) the developed firmware to the tags. Tags are flashed by attaching the 

programmer-device to the board and loading the firmware onto the tags with a series of 

terminal commands. The developed firmware is housed in a GitHub repository and is 

freely available to interested research groups upon request. Once each tag has been 

flashed, the tags can be used to collect the described contact data. The updated 

firmware contains three different functionalities which can be accessed via a button on 

the tags (see Figure 2.1 for the button location). The three functionalities are: transfer 

the data from the tags to the computer (one button push), check the tag battery status 

(two button pushes), and clear the tag memory (three button pushes).  The tag’s 

memory needs to be cleared before each subsequent deployment.  

The clock starts keeping time as soon as the coin battery is inserted into the tag. Ideally, 

the batteries should be inserted into the tags immediately before the tag deployment in 

order to minimize the collection of extraneous data. The calendar day and time of the 

https://www.segger.com/downloads/jlink/
https://launchpad.net/gcc-arm-embedded
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battery insertion process should be recorded for use in the post-processing stage. The 

faster the initial battery insertion process is completed, the more reliable the time 

synchronicity between the tags will be since the time at which the tag receives power is 

the time at which the clock begins keeping time. The insertion of the battery also begins 

the peer-to-peer (a process in which both components have the same functionality, i.e. 

sending and receiving signals) signal transmission and receiving process. A light-

emitting diode (LED) lights up when the battery is inserted correctly.   

Once the tags have been deployed (either at specific pre-defined static locations or on 

individual research subjects e.g. horses), the tags will continue to send signals, receive 

signals, and record the data until the battery is either removed or is depleted of power. 

Once the battery is removed, the tags can be connected to a computer via the 

programmer-device and the data can be downloaded for processing.    

After the data has been downloaded, the tag memory should be cleared in order to 

prepare the tags for the next deployment. The tag memory can be cleared either with or 

without the tag programmer-device; however, the process is power intensive and uses 

substantial amounts of battery power. The memory erasure process can take up to 200 

seconds, with an average of 80 seconds. This process can be sped up in future 

firmware versions by resetting the clock to 0. Subsequent data collection would 

overwrite the previously collected data. 
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2.3.5 Data storage and analysis 

The data is transferred from the tags to a computer where it is stored in a MySQL 

(Oracle Corporation, Redwood Shores, California) database. The following section 

describes the data cleaning and processing stages.   

The database is composed of multiple tables which contain information about: the trial 

number, each of the participating tag identifiers (i.e. a source tag (the tag from which the 

data is being accessed) and a partner tag (the tag that came in contact with the source 

tag)), the time of the contact event for both the source tag and the partner tag, and a 

number denoting the status of the contact event, where the status is one of: contact 

event begins, contact event is ongoing, or contact event ends. The time stamp from the 

source tag is used to calculate the duration of each contact event. The contact start time 

is subtracted from the end time in order to obtain the contact duration. 

A list mapping the external identifier to the internal identifier of each of the tags was 

entered into a tag database prior to the tag deployment. The collected data is 

subsequently compared to this list in order to ensure that there are no aberrant data.  

Further data filtering is accomplished by entering the study deployment start and end 

dates and times. Any data that falls outside of this range (i.e. the study period) were 

discarded during the processing step. This processing step is important as it allows the 

researchers to remove the tag batteries at a convenient time and place, as opposed to 

at the original deployment location (e.g. in the case of inclement weather during the 

completion of the deployment). 
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Finally, the recorded contact events that occurred in the vicinity of the stationary tag 

(that was used to track tags that were not being used) were deleted. The data were 

aggregated by 24-hour periods (the first and last day of the study were less than 24 

hours due to the deployment setup and clean up time). Data outputs include seven 

comma-separated value (CSV) files (one for each day of the deployment). The CSV 

files contain the internal identifier of the participating tags in each contact event on each 

respective day, as well as the “weight” of the contact event which represents the total 

contact duration for each pair of participants throughout the 24-hour period. 

R version 3.3.0 (20) was used to conduct a descriptive network analysis, however, 

similar analyses can also be done using other programming languages. Further 

analyses can include plotting the contact networks, creating heatmaps to show the 

duration of contact between each pair of tags, and computing centrality measures (e.g. 

how important a node was in the network) such as the weighted and unweighted degree 

(e.g. the number and total duration of contacts a node had). 

This paper will focus on validating the collected data during this test deployment with 

regard to horse-horse, horse-person, and horse-location contacts. 

2.4  Results 

2.4.1 Technical results 

Most of the batteries used in this initial test deployment were operational for the full 

duration of the study period, however, some batteries lost charge before the end of the 

study (e.g. during day 6 of the study). In total, 4 out of 33 batteries recorded less than 6 
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days worth of data (two of the tags were attached to the entrance to the farm, so it is 

possible that no horses left the farm during this period). Out of the 33 batteries, 29 

batteries lost charge within the 6th day of the study meaning that most of the tags were 

powered for the majority of the study period.  

One of the tags assigned to be used by a veterinary health care professional during the 

tag deployment was not used during the study period and was stored with the stationary 

tag for the entire duration of the study. Therefore, after the data cleaning process, all 

data related to the specified tag should have been erased. However, after the data 

cleaning process, there were still multiple contacts between the unused tag and other 

tags. This may be due to the tags sporadically restarting, providing gaps of time in 

which the stationary tag was not communicating with other tags in the vicinity.  

2.4.2 Graphs 

Sample networks from selected study days can be found in Figure 2.2. The networks 

represent contacts between horses and pastures. The top panel shows the network of 

contacts that occurred on day 1 of the study, when the horses were turned out in one of 

three pastures. The middle and bottom panels show the contacts that occurred on days 

4 and 5 of the study, when the horses came in contact with an additional pasture.  

It was not stated by the barn manager which horses were moved to the fourth pasture 

for which days, rather, it was stated that a horse moved to a fourth pasture on the 

weekend. Figure 2.3 implies that this move occurred on days 4 or 5 of the study. It is 

unclear why the extra pasture tag was activated on days 4 and 5, but it is possible that 
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the horses either walked past the tag activating it (pasture 4 is located outside the barn 

door), or that this is when the horses were moved to the fourth pasture. Regardless, the 

tag recorded additional contacts on these days, as was expected by the knowledge 

gained from the facility schedule. 

The contact data collected corresponds to the data that one would expect due to the 

facility structure and scheduling (these additional details were collected using a survey). 

The networks in Figure 2.2 indicate that horse tags had an increased amount of contact 

(indicated with a thicker line) with other horse tags that shared a pasture or barn aisle. 

This corresponds to the large amount of time spent in the pastures (8:20 am - 4:30 pm) 

and stalls. This trend is repeated daily, owing to the daily similarities in the facility 

schedule, and further validating the functionality of the tag’s sensing and recording 

abilities.  

Lastly, while most of the data appears to make sense from a biological point of view, 

there are some anomalies. For example, Figure 2.3 shows a heat map of the 

aggregated weights for each type of tag location (e.g. horse, barn, arena etc.). In other 

words, the heat map examines the total duration of contact between, for example, all 

horses and all pastures. From the figure, it is clear that at least one tag in the barn came 

in contact with the tag in the wash stall. Neither tag was within 2m of each other during 

the deployment. This is the only inconsistency of its kind, as the remainder of the data 

appears to be biologically plausible given the facility’s daily schedule and the expected 

contacts. Interference, whether constructive or destructive is a common occurrence and 

is to be expected in radio transmission systems. 
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In general, over the course of the study period, horses had the most contact with each 

other, followed by horses and the barn (this includes the barn door and cross ties). 

People came in contact with most areas in the facility, however, they had minimal 

contact with the pastures. This is likely due to the fact that the contact between people 

and pastures was only recorded when they entered and exited the pasture.  

2.5 Discussion 

The evolution of RFID technology has provided opportunities to further research in all 

disciplines, including that of mathematical epidemiology. Although OpenBeacon RFID 

technology has been used in previous studies to collect contact data (21–24), this is the 

first study to make use of the onboard storage for data collection and to specifically 

describe the methods and tools developed for this type of research deployment. This 

adaptation of the traditional setup allows for the extension of the OpenBeacon RFID 

tags from primarily indoor settings, to outdoor settings, extending the range of potential 

interdisciplinary research in animal agricultural and veterinary settings.  

Although the network size used in the pilot study was small, it provided the opportunity 

to test and validate the updated RFID firmware and data processing procedures.  

Similar contact patterns were seen on each day, corresponding to similarities in the 

daily farm schedule. Although some differences exist in the contact network data 

collected, these differences are likely due to stochasticity in human behaviour. This 

stochasticity can impact aspects such as the horse’s daily schedule (e.g. when they are 

exercised) and contacts (e.g. which other horses are in the vicinity of the cross ties 

being used). The biological implications of the study are discussed in Chapter 3. 
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With respect to the updated RFID technology, the tags functioned well with some 

imperfections. The batteries did not survive for the full seven days (some batteries fully 

discharged within the 6th day). Although this might be partly due to the cold 

temperatures, this problem has persisted in other subsequent studies that were 

conducted on larger facilities in warmer temperatures (Chapter 4). Furthermore, for 

unknown reasons, the tags do on some occasions appear to sporadically restart. While 

this error has the potential to cause a loss of data, the restart takes minimal time, thus 

minimizing the impact to the data. This discrepancy in the data is further exaggerated by 

the inability for multithreading and the lack of a real-time clock. However, this is in the 

order of milliseconds, resulting in minimal data loss. Lastly, due to the nature of radio-

wave technology, participating tags might record slightly different contact durations. This 

can be attributed to different reasons including the tags ability to sense a limited number 

of tags at a time, and various forms of natural and artificial interference that can be 

anticipated in any type of radio transmission. A review of the recorded data from both 

the source and partner tags identified minimal differences between the tags’ output. 

Therefore, given the data aggregation period of 24 hours, a heuristic was used to 

consider the original data as collected by a single tag, however, methods of 

compensating for data inconsistencies include averaging the recorded times from the 

participating tags, or using the maximum time recorded between the participating tags. 

Although limitations exist, it is important to consider them in the context of the study as 

a whole. First, the data was aggregated by 24-hour periods. Therefore, minor 

inconsistencies in time have minimal effect on the overall network description. Second, 



 

 

51 

 

alternate methods of data collection can be time consuming and costly and may not 

accurately reflect the entire network. For example, diaries and surveys tend to focus on 

the ego network (the network of the individuals in question), as opposed to focusing on 

the relationships within the population as a whole (25). Further biases include recall and 

non-response bias. Similarly, data collection by observation has the potential to miss 

observations and is subject to human error. In comparison to these alternate methods of 

data collection, the framework for collecting contact data using RFID tags described 

here has the potential to quantify a more reliable and comprehensive set of data. 

However, multiple data collection methods can be used to cross validate the data. 

Third, RFID tags are becoming increasingly inexpensive and uncomplicated to deploy. 

The time component of the data collection involves preparing the tags, setting up the 

deployment, downloading the data, and clearing the tag memory at the completion of 

the deployment. The post-study questionnaire indicated that the RFID tags resulted in 

minimal intrusion into the daily activities of the farm. Horses appeared to be unaware of 

the tags, and from the point of view of the participants, the main difficulty was 

remembering to wear the tags and to move the horse halter from location to location (if 

it was not normally done). 

Overall, we found the modified tags to provide reliable, biologically plausible data, which 

would be difficult to obtain using the traditional RFID system deployed in an agricultural 

setting or by using other methods. The tags provided an easy, safe, non-invasive, and 

non-intrusive means of collecting data that can be used to further network analysis 

research in animal agricultural settings. 
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2.6 Tables 

Table 2.1 Summary weather statistics during the study week as recorded by a weather 
station in proximity to the facility (19). 

Day Max. 

temp.(°𝑪)  

Min. 

temp. (°𝑪) 

Ave. temp. 

(°𝑪) 

Total rain 
(mm) 

Total snow 
(mm) 

1 14.5 -1.0 6.8 0.6 0.0 

2 11.0 3.0 7.0 0.4 0.0 

3 13.0 -1.0 6.0 0.0 0.0 

4 20.5 4.0 12.3 0.4 0.0 

5 9.0 0.0 4.5 13.6 0.0 

6 0.5 -3.5 -1.5 0.0 0.0 

7 -0.5 -5.5 -3.0 0.0 1.0 
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2.7 Figures 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2.1:The RFID tag system and components. Panel a) shows the components 
used to flash the tags. The components required to flash a tag are: a computer, a tag 
(labelled A), a programmer-device (labelled B), and a Nordic board (labelled C). Panel 
b) shows the traditional RFID setup. In addition to a computer and tag, the 
communicating tags must be within 10 m of the reader (labelled D) in order to transmit 
the data to the computer. Panel c) depicts the modified system, in which the tags 
operate independently of the computer (top line). The data is downloaded to the 
computer with the use of the programmer-device. The button on the tag is indicated with 
a black circle in the top panel. 
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Figure 2.2: Selected horse and pasture contact networks. The horses are represented 
by circular nodes and the pastures are represented by square nodes. Panel a) 
represents the contacts that occurred on day 1 of the study, panel b) represents the 
contacts that occurred on day 4 of the study, and panel c) represents contacts that 
occurred on day 5 (Saturday) of the study. The thickness of the edges between each 
pair of nodes represents the contact duration for the respective day. Therefore, a larger 
edge represents a longer contact duration.  
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Figure 2.3: Sample heat map of aggregated tag contacts. The heat maps show the 
amount of contact that tags (based on individual tag assignment) had with each other. 
Darker colours indicate a higher duration of contact (hours) throughout the day. 
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CHAPTER 3 

 Quantification of contact patterns using radio-frequency 
identification proximity tags on an equine facility in 

Ontario, Canada: a pilot study 

3.1 Abstract 

Disease transmission models are often created on the assumption of homogenous 

mixing, which has the potential to incorrectly represent the contact patterns of the 

population. One method of correcting for this oversimplification is by using contact 

network data to inform the contact structure of the model. Different methods exist for 

collecting the data required to create a contact network, including radio-frequency 

identification (RFID) tags. The implementation of the traditional RFID system is 

challenging for outdoor areas, due to the requirement of an external power source. 

Therefore, a modified system in which the data is stored in the tags’ onboard memory 

was used to collect and store contact pattern data between horses on an equine facility. 

The RFID tags were deployed at an equine facility in Ontario over a 7-day period. The 

tags were attached to the horses’ halters, which were kept with the horses at all times. 

At the end of the study period, the tags were collected and the data was downloaded to 

a computer at a different location. The data was analyzed using traditional network 

analysis methods including the computation of selected centrality measures (weighted 

and unweighted degree, and the eigenvector centrality). Other analyses included 

quantifying the ability to generalize the data over the study period, assessing the ability 
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to predict the contact patterns without the use of the tags, and assessing the 

assumption of homogenous mixing. 

The modified tags provided a feasible method of collecting contact data in large outdoor 

areas. The study resulted in the collection of large amounts of contact data which were 

aggregated into 24-hour periods. Few trends were observed in the centrality measures. 

In particular, the horse that had the highest eigenvector centrality also had the highest 

weighted degree. This horse varied throughout the study week. The contact data 

collected did not support the homogenous mixing assumption, and was similar 

throughout the study period, resulting in a high similarity index. Lastly, a static network 

in which horses that shared a barn or pasture were assumed to come in contact, 

provided relatively similar networks to those created with the data collected from the 

tags. 

3.2 Introduction 

In 2016, it was estimated that there were 291,561 horses in Canada, across 39,164 

farms (1). This number, reported from the Agricultural Census provides an estimate of 

the Canadian equine population size. However, the data do not provide specific details 

on the types of movements or contacts that occurred between the horses. The 

Livestock Identification and Traceability program in Canada captures some movement 

data from a number of agricultural animals including some cattle and pigs, however, it 

has not been implemented for the equine industry (2).    
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The collection and reporting of quantitative data regarding contact and/or movement 

patterns for the Canadian equine population is gaining interest. A study by Spence et 

al., (2017) reported contact pattern data that was collected using a survey instrument to 

document movement patterns of horses that attended an Equine Canada sanctioned 

show in 2014 and this area of work is ongoing (Spence et al., in press). Although some 

quantitative data is starting to populate the peer-reviewed literature, there remains a 

lack of data related to the types of contact that occurs within individual equine facilities.   

In Ontario, Canada, horse movement on an individual facility is generally scheduled 

(e.g. turnout, feed times, and training are routine activities). The specific routine typically 

depends on the facility and the primary equine discipline of the facility (i.e. racing vs. 

riding horse) and anecdotally it is thought that the type of discipline will subsequently 

affect contact patterns. On a typical facility, horses spend a portion of their day turned 

out in a pasture that they may or may not share with other horses. Additionally, horses 

are generally assigned a stall in the barn, which may or may not be in the vicinity of their 

pasture mates. However, there are also opportunities for contact to occur outside of 

routine, scheduled barn activities, for example, when a horse is cross-tied in the barn 

aisle for a veterinary examination or exercised in a common area. These types of 

activities can result in variable contacts with other horses over time, resulting in the 

heterogeneity of contact patterns on a facility.  

In general, heterogeneity in contact patterns can arise from variation in the number of 

contacts, variation in the specific individuals contacted, and variation in the duration and 

frequency of the contacts (3). Contact heterogeneity can impact a population in a 
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multitude of ways. For example, in the case of infectious disease transmission, direct 

contact has the potential to contribute to the transmission of a pathogen from an 

infectious individual to a susceptible individual contacted (4). The role of contact on the 

spread of a pathogen within a population varies based on the mode of pathogen 

transmission, for example, respiratory infections such as equine influenza can be 

transmitted through close contact such as nose-to-nose contact (4,5).  

Contact heterogeneity within a population can be represented as a contact network 

consisting of nodes and edges (6). Nodes represent individuals or locations in the 

population of interest, and edges represent the interaction between the individuals 

(nodes) (7). Both the nodes and edges can have characteristics that represent 

heterogeneity, such as contact duration or frequency. Edge and node characteristics 

and relationships can be used to calculate network metrics such as those describing the 

importance of individuals in the network (e.g. weighted and unweighted degree, and 

eigenvector centrality) (6).  Example network properties are displayed in Figure 3.1. 

Data for contact networks are often collected and displayed as a static representation of 

a system, since time-varying contact data can be challenging to collect (8). Static 

models are appropriate representations for systems that are thought to have minimal 

variability over time such as livestock movement over a single season (4). However, for 

systems that tend to exhibit changes, such as the changes in livestock movement 

across different seasons, static representations can either over- or under-represent the 

contact events (4). Such variation in contact events arises from the natural variability in 

human and/or animal behavior and is often unpredictable. In these situations, it is more 
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realistic to model the population’s contact structure using a dynamic network such as 

the example in Figure 3.1.  

While contact networks can be an effective method of describing the contacts that 

occurred within a population, they can be challenging to generate. This challenge 

includes defining a contact and obtaining sufficient data to create a representative 

network (4). Various methods have been used to collect data about contact events 

within populations including diaries or surveys, direct or indirect observation, and radio-

frequency identification (RFID) tags (4,9). Each data collection method has strengths 

and weaknesses which can result in different biases (Table 3.1).  

Active  RFID tags have been used to collect contact pattern data for both human (10–

13) and animal populations (14–16). Human studies have focused on using RFID tags 

to quantify contact patterns amongst school children, as well as hospital medical staff 

and patients (8,11,12). Animal studies, have used RFID tags to study the behavioral 

and mating patterns of animals (14,15), such as observing the contact between white 

tailed deer dams and their offspring (14).  

The contact networks generated using the data collected with RFID tags can be used to 

inform disease transmission models (17). Disease transmission models can be used to 

study the effect of different biosecurity measures which are measures taken to prevent 

the introduction and spread of infectious diseases in livestock settings (18) such as 

vaccination and quarantine procedures (19). The assumption of homogenous mixing, 

where each individual has an equal chance of coming in contact (20), is commonly used 
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in disease transmission models, however, due to the possible variation in contacts, this 

assumption may not be realistic for many populations, including equine populations.  

Although RFID tags have successfully been used in past studies to collect contact data, 

they have yet to be used within facilities housing livestock species such as horses.  

Equine facilities, as well as other outdoor livestock systems, present an additional 

challenge for data collection because the accessibility to electrical power can be limited 

or non-existent. Due to the requirement of electrical power needed to operate the RFID 

reader in the traditional OpenBeacon system, the original firmware was modified to 

eliminate the need for an external power source when using the RFID tags. This study 

represents a test case to examine the overall utility of the updated RFID tags when 

deployed within an equine facility. Specifically, the objectives of this study were to: 

1) Quantify the dynamic equine contact network within an equine facility located 

in southwestern Ontario; 

2) Determine if the measured contact network satisfies the assumption of 

homogenous mixing; 

3) Assess the possibility of generalizing contact patterns, by day, within the 

study period; 

4) Quantify the need for proximity logging technology for identifying contact 

patterns within an equine facility; and to,  

5) Assess the utility of using active RFID tags to collect equine contact data in 

an agricultural setting. 
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3.3 Methods 

This study was approved by the University of Guelphs’ Research Ethics Board (REB 

#16AP009) and Animal Care Committee (AUP #3518). 

3.3.1 RFID tags 

Active RFID tags (OpenBeacon, Cambridge, United Kingdom (21)) (Figure 3.2)  were 

used to collect equine contact data on a single equine facility over the course of a 7-day 

period. The devices detect and record contact information such as participant identifiers 

(ID) and the contact event times when tags come within a defined distance of each 

other. In the conventional configuration, the RFID tags send the collected contact data 

to an RFID reader which in turn transmits the data to a storage device such as a 

computer (22). Since the conventional RFID tag setup could not be implemented in the 

farm setting for this study, the tag firmware was modified to make use of the previously 

unused onboard memory for data storage. In brief, the modifications to the firmware 

enabled the storage of data on the tags which subsequently provided the ability to 

download the data at a different location at a later point in time. Therefore, the current 

study was used to test the utility of the updated RFID tags. All of the contact data were 

collected and stored on the modified RFID tags and then downloaded to a laptop 

computer at the end of the collection period. All data were stored in a MySQL database. 

3.3.2 Pilot study 

The study took place on an equine facility in southwestern Ontario, Canada over a 7-

day period in November 2016. All horses in the facility resided in a single building, 

hereafter referred to as a “barn”.  Horses were trained and exercised in both outdoor 
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and indoor training areas (Figure 3.3). The facility boarded 9 horses, 4 of whom were 

used for lessons. The remaining 5 horses were used for dressage competition and field 

hunting.  

All 9 resident horses were enrolled in the study. The tags were placed in a protective 

plastic cover (Avery Products Corporation, Whitby, Ontario, Canada) which was sealed 

closed with duct tape (Logix Insulated Concrete Forms, Port Hope and Cobourg, 

Ontario, Canada).  In order to maximize the likelihood that contacts would be recorded, 

the tags were attached to the nose piece of the horses’ halters (Figure 3.2) with vet 

wrap (3MTM, United States). The tags are unable to send or receive transmissions 

through body masses (e.g. horse skull). Therefore, placing the tags on the nose piece of 

the halter enabled transmissions between horses standing side by side. In addition, the 

placement of tags on the nose piece meant that close proximity nose-to-nose contacts 

(e.g. contact sufficient to transmit a respiratory pathogen) would be recorded.  

The horses’ halters were kept with the assigned animal at all times. However, in order to 

ensure that the horses did not chew on the tags, the halters were removed from the 

horses and kept on a horse-inaccessible hook on the pasture fence when the horses 

were turned-out in the pasture. In order to maximize participation and minimally disrupt 

facility activities, the tags remained on the halter and were not switched between halter 

and bridle when horses were being exercised. Hence, the halters were placed on a 

hook near the mounting block when the horses were being exercised in the riding or 

training area. Each horse’s halter was stored on the front of the stall door when the 

horse occupied the stall in order to comply with the standard operating procedures of 
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the facility. Furthermore, the removal of the halter when the horse was in the stall, 

allowed the tags to capture contacts when other horses were in the center aisle, within 2 

meters (m) of the stall door. The horses’ regular daily schedules were carried out, 

including turnout and training sessions.   

A survey completed by the barn manager captured information regarding each horse’s 

stall and pasture location, as well as their primary use and schedule, e.g. training, 

competition discipline, etc.  

Upon completion of the data collection period, the tags were collected from the facility. 

This process involved removing the batteries at the tag locations in order to stop the 

signal transmission process. 

3.3.3 Data analysis 

The data collected at the facility were transferred off of the tags to a computer and then 

downloaded to a MySQL (Oracle Corporation, Redwood Shores, California, USA) 

database. The data from the database were aggregated into 24-hour time periods by 

adding together the duration of all contacts between two individuals for each day of the 

study. The data captured during the initial set-up and the tag collection on the last day 

of the study were discarded as these data were considered to be non-representative of 

the daily operations of the facility. The data were exported as comma separated value 

(CSV) files (one for each day of the study deployment), and imported into R version 

3.3.0 (23) for analysis with the igraph package (24). 
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Horse contact patterns were compared for each day of the study to form a dynamic 

representation of the network over the 7-day study period. The descriptive measures 

calculated for each day of the study include the network density and the clustering 

coefficient. The network density represents the number of contacts in the network out of 

the total number of possible contacts. The clustering coefficient represents the number 

of groups of triangles out of the total possible number of triangles, where triangles 

represent 3 individuals who are all in contact (6). The clustering coefficient is an 

important metric to consider in social network analysis as it describes a population’s 

propensity to form groups, thereby influencing the possible spread of diseases within 

the network (25,26).   

The horse’s relative importance in the network was examined using the centrality 

measures: unweighted and weighted degree, and eigenvector centrality. These 

measures were chosen based on their ease of applicability to the transmission of 

diseases through the facility. The unweighted degree represents the total number of 

unique contacts a horse had with other horses and was calculated by summing the 

number of edges incident to the respective node (7). Therefore, the degree can range 

from 0 to 𝑁 − 1, where 𝑁 represents the total number of nodes in the network.  

The weighted degree represents the total duration of contact a horse had with all other 

horses in the network on each day of the study. The weighted degree, hereafter referred 

to as “strength”, was calculated by summing the weight of all edges incident to the 

respective node (27). The minimum possible strength is 0 (for an isolated horse), while 

the maximum possible strength varies based on the number of contacts each node had 
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with other nodes, and the duration of each contact. Therefore, the maximum possible 

strength can surpass 24 hours, as a horse may come in contact with many other horses 

for long periods of time.  

Lastly, the eigenvector centrality is similar to the degree, however, it takes into account 

the adjacent node’s centrality, thus presenting a more comprehensive idea of second 

degree contacts a horse may have (28). The eigenvector centrality can range from 0 to 

1, where a higher value indicates a more connected node. 

The contact patterns were visualized with network diagrams. In the networks, nodes 

(representing the horses) are connected with an edge representing the contact between 

the horses. The width of the edge varies according to the duration of contact between 

the two horses on the respective day, with wider edges representing a longer duration 

of contact. For ease of visibility, the edge weights were log transformed and multiplied 

by 2.  Heat maps were created to visualize the duration of the contact between horses, 

as well as to compare the amount of contact between horses in different aisles of the 

barn. 

The Jaccard similarity index ( 
|𝐴∩𝐵|

|𝐴∪𝐵 |
 ) compares the presence and absence of contacts 

between individuals in each network (29). The index was used to address the objective 

of assessing the generalizability of the contact patterns within the study period. 

Specifically, the Jaccard similarity index was computed to compare the presence and 

absence of contacts between each horse on each day of the study. The resulting 

similarities were studied graphically using a heat map in which the cell color density 
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represents the similarity in contacts between each pair of days. Darker colored cells 

represent a greater similarity in contacts than lighter colored cells. 

To address the objective of assessing the possibility of predicting the contact patterns 

without the use of RFID tags, the facility manager was asked to complete a 

questionnaire. Specifically, the questionnaire asked questions regarding the stall and 

pasture locations for each participating horse during the study week. This information 

was used to create a network (hereafter referred to as a “survey-based network”) in 

which it was assumed that all horses that shared a pasture or barn came in contact with 

each other. In the event that a horse was moved between pastures during the study 

week, the pasture in which the horse was turned out for the majority of the week was 

used in generating the survey-based network. The Jaccard similarity index and a 

classification table were used to compare the survey-based network to a weeklong 

network created by combining the data from each study day. Specifically, in the 

classification table, the network specified by the data collected with the tags was used 

as a gold standard, and the survey-based network was used as a predictive test.  The 

classification table was used to calculate the sensitivity (sn), specificity (sp), and 

positive and negative predictive values (PPV and NPV respectively) of the survey-based 

network.  

3.3.4 Study Assumptions 

Some simplifying assumptions were made during this study. First, the tags were 

programmed to include a washout period of 30 seconds. This means that if two 

previously interacting tags failed to detect each other for 30 consecutive seconds, the 
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tags recorded that the contact event had ended. The premature termination of a contact 

event has direct implications for the role of contact in the transmission of diseases, both 

in terms of contact frequency and contact duration. The washout period impacts the 

duration of the contact event, for example, in the case that the horses changed position 

and the tags were unable to communicate, cutting the contact event short, and the 

frequency of the contact events, when, for example, a horse may be temporarily moved 

interrupting the tag-to-tag contact. In this case, the contact would be counted as two 

contact events instead of one. 

A realistic definition of an effective contact was required to parameterize future network 

models (Chapter 5). A distance of 2m was chosen based on the current knowledge of 

common equine infectious pathogens and the authors’ longer-term goal of modeling 

equine strangles and equine influenza in future work. While equine influenza likely has a 

larger transmission distance than 2m (30), strangles is often spread through fomites, 

and requires direct contact (31). We therefore chose the definition of a contact to be 

when horses come within 2m of each other as it represents a reasonable contact 

distance for both strangles and equine influenza transmission. 

Lastly, the halters were kept on the pasture fence when the horses were turned out (in 

order to assure that the horses did not chew on the tags) (Figure 3.2). Since horses are 

social creatures, we assumed that when the horses were in their pastures, they would 

congregate, and therefore, to account for this contact, all halters were kept together on 

the pasture fence. 
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3.4 Results 

3.4.1 Quantifying contact patterns within the facility 

Similar contact patterns were seen on each day of the study and therefore, only results 

for three days of the study are presented in the main body of the text (Figure 3.4). A 

comprehensive set of results is presented in the supplementary documentation (Figures 

S3.1-S3.3). For each day of the study, edges can be seen between horses that resided 

in the same aisle of the barn, as well as between horses that were turned out in the 

same pasture. In general, the edge width is thicker, implying a greater duration of 

contact between horses that shared a pasture. The contact duration differed by day and 

is displayed in both the graphs and heat maps (Figure 3.4). Although there was contact 

between horses in the different aisles, visually, there were no obvious trends that 

appeared related to the duration of contact between the barn aisles (Figure 3.4).  

The network density for each study day varied, with a minimum density of 0.50 and a 

maximum density of 0.75. The clustering coefficient ranged between 0.59 and 0.75 

throughout the study period (Table 3.2). The network centrality indicates that the horse 

with the highest degree varied throughout the study week, both in terms of the individual 

horse and in terms of the horse’s main use and aisle (e.g. teaching, pleasure riding 

etc.). The degree centrality ranged from 2-8 with the average daily degree ranging from 

4 to 6 (Figure 3.5).   

The horse with the highest strength and eigenvector centrality also varied over the study 

period, however, one horse in particular had the highest strength and eigenvector 

centrality on 4 of the 7 study days. The horse with the highest strength also had the 
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highest eigenvector centrality for each study day. The horses’ strength, ranged from 

~0.63 hours to 41 hours. The eigenvector centrality ranged from less than 0.01 to 0.70 

(Figure 3.5). 

3.4.2 The assumption of homogenous mixing 

The heat maps used to assess the homogenous mixing assumption for each study day 

indicate that horses did not come in contact with all the other horses over the course of 

the week (Figure 3.4). Furthermore, the duration of each contact event between horses 

was inconsistent (Figure 3.4). The contact patterns within this facility do not appear to 

satisfy the assumption of homogenous mixing.  

The weeklong static network does not suggest homogenous mixing and is similar in 

shape to each of the individual, day long heat maps (Figure 3.6). 

3.4.3 Generalizability of the contact patterns 

All days shared at least 53.6% of identical contacts.  Days 2 and 7 were the most similar 

with ~73.9% of identical contacts followed by days 2 and 6 which had ~72.0% of 

identical contacts. Days 4 and 6 were the least similar with 53.6% of identical contacts 

(Figure 3.7).  

3.4.4 Comparison of the tag-acquired network to the survey-acquired network 

The survey-based network and the week-long tag-acquired network were reasonably 

similar. The tag-acquired networks shared 97.2% of contacts with the survey-acquired 

network. When the survey acquired network was compared to each day of the tag 

acquired network, the most similar networks had ~75% of common contacts and 
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occurred on day 1 of the study. The smallest similarity between the survey acquired 

network and the tag acquired network occurred on day 7 of the study with 50% of 

similar contacts, while days 1-4 all had at least 61% of similar contacts (Figure S3.4). 

The classification table resulted in a high sensitivity (𝑠𝑛 =  1) and specificity (𝑠𝑝 =

 0.82) when comparing the survey-based network to the week-long tag-acquired 

network. The positive and negative predictive values were 0.97 and 1.0 respectively. 

When comparing the survey-based network to each day of the tag-acquired network, 

the classification table resulted in high sensitivities (𝑠𝑛 = 1) and low specificities (𝑠𝑝 ≤

0.33) for each study day (Table S3.1). Furthermore, both the positive predictive values 

and negative predictive values were relatively high (≥  0.5 and 1 respectively) (Table 

S3.1). 

3.5 Discussion 

This study fills an important gap in the current knowledge regarding contact patterns 

between horses within an equine facility in southwestern Ontario. The study goals were 

to address the current lack of information regarding equine contact patterns using 

different data collection methods and network analysis tools. This work has 

demonstrated the utility of using modified OpenBeacon RFID tags to quantify contact 

patterns within an equine facility.  While network analysis has previously been used to 

study animal movement and contacts, such as cattle movement during the 2001 foot 

and mouth disease epidemic in the UK (6,32,33), traditional methods of data collection 

such as surveys, databases, and observation are more common methods for collecting 
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this type of data.  As tools for quantifying heterogeneity in contact patterns are 

becoming more advanced and less cost-prohibitive, they represent opportunities for 

obtaining a more reliable and comprehensive set of contact data in different types of 

settings (34). This in turn, enables the parameterization of increasingly realistic disease 

transmission models which can better inform decisions regarding improved disease 

prevention and control strategies (34).  

Although the advancement in technology enables the quantification of more detailed 

contact networks, it also raises questions regarding how to best utilize the increased 

quantity of data (34).  This study represents a starting point for understanding the 

utilization, limitations, and potential of using modified RFID tags in animal agricultural 

settings, and provides an improved understanding of the strengths and limitations of the 

data that they provide. 

While there were no observable trends with respect to the centrality measures, it is 

important to note that the degree centrality ranged between 2 and 8.  The degree range 

is important as it helps to describe the range of outcomes that could potentially arise 

from the introduction of an infectious disease into the study population (26). If the 

infectious horse has a degree of 2, then, at most the infectious horse can infect two 

other horses, potentially limiting the spread of the disease. Alternately, if the degree of 

the infectious horse is 8, then there is a higher likelihood of the disease spreading to the 

entire study population. Thus, both the degree distribution and the position of the initially 

infected horse in the network have the potential to define the range of outcomes on the 

network. 
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A similar outcome can be inferred from the eigenvector centrality measure. While the 

eigenvector centrality ranges from >0.00 - ~ 0.70, if a horse with a higher eigenvector 

centrality was to become infectious, it could have catastrophic effects on the adjacent 

horses in the network, which also have relatively high degrees. 

Trends in the contact patterns visualized in the networks, as well as the heat maps, 

were similar throughout the study period. This is to be expected as horses are generally 

kept on a specific schedule which includes feed times, vet and farrier visits, turnout, and 

training. Chance events due to human interaction with the horses may cause the 

schedules to vary resulting in stochasticity in the networks from day to day. The study 

was conducted in November which is not a busy competition month in Ontario, hence 

there was little to no movement off the facility. The observed contact patterns are likely 

to change during the height of the competition season (summer months) when horses 

are constantly entering and leaving the facility and using the outdoor trails. 

Horses tended to come in contact with other horses in their aisle of the barn, as well as 

horses with whom they shared a pasture. The variation in contact duration between 

horses and between days is a strong indicator that contact patterns within the facility did 

not conform to the homogenous mixing assumption. Therefore, using the homogenous 

mixing assumption to parameterize a disease transmission model for this population 

would grossly under- or over-estimate contact events and any resulting 

recommendations for improved biosecurity practices. 
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The question of contact pattern generalizability depends on the research question and 

the required data sensitivity. In this study, ~53% of contacts were repeated throughout 

the study period, and approximately 50% of contacts were found in the survey-based 

network. This is important as it demonstrates that approximately half of the contacts that 

occurred are predictable. Furthermore, the ability to generalize from the data allows the 

required length of an empirical study to be shortened, reducing the time spent at the 

facility, as well as the costs of conducting the study.  

The comparison of a survey-based network in which each horse comes in contact with 

other horses in its barn, as well as horses with whom it shares a pasture, yielded >50% 

of similar contact events when compared with the tag acquired networks. Furthermore, 

the classification table indicated that the survey-based network was able to correctly 

predict all the contacts that occurred (𝑠𝑛 = 1). However, the low specificity (𝑠𝑝 ≤  0.33) 

indicates that the survey-based network over-estimated contacts, as it failed to identify 

contacts that did not occur. The high sensitivity and low specificity are likely due to the 

barn management style. While the horses were turned out in 3 different pastures, they 

resided in a single barn. Therefore, the survey-based network represented a complete 

network in which all horses came in contact. The complete network structure of the 

survey-based network led to high negative predictive values (𝑁𝑃𝑉 = 1) indicating that 

the survey-based network correctly identified individuals who did not come in contact. 

Furthermore, the positive predictive values were relatively high indicating that the 

majority of contacts that did occur were represented in the survey-based network. This 
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was supported by the Jaccard similarity index which was identical to the positive 

predictive values.  

While the contact pattern predictability results are important in terms of data inference 

without the use of tags, they come with the following caveat; the Jaccard distance index 

and the classification table were computed on binary networks. Therefore, the results do 

not provide insight into the duration or frequency of the contact events. If the 

transmission of a disease is dependent on the duration or frequency of contact events, 

then the predictability results are inapplicable in the study of contact patterns and their 

effect on disease transmission. However, if a single contact event is sufficient for the 

transmission of a pathogen, for example, in the case of highly transmissible infectious 

diseases, then the predictability results provide a good approximation of the contact 

rate. This outcome can then be used in a disease transmission model to study realistic 

outcomes in the presence of various prevention and control strategies without the use of 

technology such as RFID tags.    

While this is the first study that aims to quantify equine contact patterns using active 

RFID tags in an animal agricultural setting, similar studies have been carried out with 

humans in other settings such as schools and hospitals (9,10).  The study of equine 

contact patterns is in some ways comparable to the school and hospital studies as in 

each example; the day-to-day activities of the participants are highly structured and well 

defined. Schools, hospitals, and equine facilities are run on a schedule that is generally 

repeated over the course of a time span (e.g. daily schedules of activities, events, and 

movements).  For this reason, some studies infer contact patterns for longer periods of 
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time based on data collected for a short period of time (12). The assumption of the 

generalizability of contact patterns over a period of time, while used in previous studies, 

has been substantiated by the current study for this study facility. The confirmation of 

the ability to generalize the contact patterns is important as it enables researchers to 

shorten the required study period. The ability to shorten the required study period has 

many implications such as minimizing different selection and information-based biases 

arising from participant compliance (e.g. forgetting to wear the tag) and minimizing the 

participant time requirement. Furthermore, in the case that it is not possible to conduct a 

complete or longer deployment, the contact patterns can be generalized based on 

minimal data. Although the lack of complete data may impact the accuracy of the results 

resulting from the disease transmission model, the ability to generalize the results to 

obtain some idea of the heterogenous mixing patterns still provides an improvement 

compared to the assumption of homogenous mixing. 

Technological advancement raises questions regarding how best to incorporate such 

vast amounts of data into network studies. For example, the current study which was 

conducted on 9 horses over a 7-day period resulted in 211,906 collected data points 

over the study period. The data generated with RFID tags can be intensive and time 

consuming to analyze and interpret. Possible methods for dealing with large volumes of 

data include aggregating the data by various time periods, e.g. day long intervals, or by 

participant type (e.g. horse vs. horse owner). These methods and outcomes are 

discussed in detail in the paper by Machens et al., (2013), and should be further 

investigated for different study settings.  In their study, Machens et al., (2013), used 
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data collected in a pediatric hospital with RFID tags to study the effect of different data 

aggregation schemes. The authors explored the effect of 6 different aggregation 

schemes on the results of a disease transmission model. The resulting disease 

transmission models show different results for the different aggregation schemes, 

implying that an aggregation scheme should be chosen with the population and 

population characteristics in mind. In the current study, the data was aggregated into 

24-hour intervals representing days. The horses in the study facility spent a large 

portion of their day in their respective pastures and spent the night in their assigned 

stall. Thus, while using smaller aggregation intervals such as hourly aggregation 

intervals might provide different study outcomes in this population, it would likely have 

minimal effect on overall study results.  

3.5.1 Benefits and limitations  

Certain limitations exist with respect to the study design.  First, the facility represented a 

small network size (N=9). However, this study served as a pilot study that was used to 

refine the technological aspects of the data collection methodology. With the exception 

of the initial study set-up and deployment, and tag collection at the end of the 

deployment, the methodology requires minimal researcher involvement, limiting 

interruptions in the daily running of the facility.  

While the potential lack of researcher involvement in the day-to-day running of the study 

limits certain biases such as the Hawthorne Effect, in which participants act differently 

than they usually would due to being observed (35), it provides the opportunity for other 

biases to arise. Non-compliance with the study design, such as forgetting to hang the 
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halter in the correct location could cause different forms of information bias, such as 

misclassification bias, which could affect the results by incorrectly recording contacts 

that never occurred (or occurred to a lesser degree) or failing to record contacts that did 

occur.  

A second source of potential misclassification arises from the study design. When the 

horses were in their pasture, the halters and tags were placed on a halter hook on the 

pasture fence. The data collected during this time would indicate that the horses in the 

pasture were all within 2 meters of each other. While horses tend to be social creatures, 

the assumption that the horses congregate while in the pasture might be incorrect, 

causing the collection of contacts that never occurred.  

The tags are unable to communicate through body mass such as a horse’s skull. Hence 

the tags were placed on the nose piece of the halter. Therefore, a contact event was 

only recorded if the contact occurred when the horses were within 2 meters of each 

other and were face to face or side by side (with their faces next to each other). While 

this precludes non-face to face contacts such as nose-to-tail contacts, which are bound 

to occur, the authors’ interest is related to directly transmitted pathogens which are 

spread via respiratory droplets, in particular, equine influenza and strangles. These 

pathogens are both expelled and contracted through the respiratory tract. Hence, this 

limitation has minimal effect on our overarching objective of creating a network to be 

used in a network model. 
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One of the study objectives was to assess the suitability of active RFID tags for the 

collection of contact data in animal agricultural settings. As previously mentioned, the 

traditional RFID tag setup involves the use of power-operated RFID reader devices. In 

order to use the RIFD tags in this study, the tag firmware was modified to make use of 

the onboard data storage. The firmware is freely available from the corresponding 

author upon request. This modification enabled the collection of data over the weeklong 

study period when horses were both in the barn and outside. For the most part, this 

implementation was successful for the collection of contact data, however there was an 

issue related to the tag batteries holding a charge for the duration of the study period. 

This issue may be exacerbated by colder temperatures. Overall, however, the 

implementation of RFID tags within the equine facility proved to be easy and convenient 

to carry out in a setting with limited power in the outdoor areas. 

3.5.2 Future work 

Future work building on the results of this pilot study should consider including multiple 

and larger equine facilities as well as different facility types (racing vs. riding facility). 

The collection and analysis of data from multiple, and/or larger facilities would enable 

more comprehensive comparisons of the network characteristics allowing for the further 

identification of similarities and differences that exist in the quantified equine contact 

patterns in different settings. This will subsequently provide more detailed information 

on equine contact patterns and enable improvements to be made in the 

parameterization of disease transmission models for horses. Overall, the resulting 
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disease transmission models could be used to infer more relevant biosecurity 

recommendations for equine facilities in southwestern Ontario. 
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3.7 Tables 

Table 3.1: Summary of strengths and weaknesses of selected contact pattern collection 
methods. 

Method Strengths  Weaknesses 

Observation • Less susceptible to error than 

survey data (36) 

• Difficult to observe all 

individuals simultaneously (4) 

Diaries and 
surveys 

• Allows the for the specification of 

the type and frequency of the 

contact events (9) 

• Recall and non-response 

bias (9) 

• Focused on the ego network 

(11) 

• Costly (9) 

• Often have a small sample 

size (37)  

RFID* tags • Relatively inexpensive and easy to 

use (9) 

• Detect close-range face-to-face 

encounters (22) 

• Technological constraints 

(e.g. power supply) (38) 

• Radio-technology limitations 

e.g. radio-wave interference 

(39) 

• Only provide information 

about the individuals wearing 

a tag (9) 

* RFID: radio-frequency identification 
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Table 3.2: Descriptive measures for the contact network of horses residing on a single 
equine facility in southwestern Ontario, Canada. Both the density and clustering 
coefficient were always larger than 0.5. 

  

 Day   

 1 2 3 4 5 6 7 Mean Standard 
Deviation 

Density 0.75 0.61 0.61 0.61 0.56 0.58 0.50 0.60 0.08 

Clustering 
coefficient 0.75 0.63 0.64 0.61 0.59 0.62 0.59 0.63 0.05 
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3.8 Figures 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3.1: Graphical representations of contact network characteristics. Panel a) 
shows a simple, non-directed, non-weighted network. Panel b) shows a directed 
network. In this network, the contact originates at one node (e.g. node 4) and goes 
towards another node (e.g. node 3). Panel c) contains a weighted network in which 
edges with larger weights (larger line widths) imply more contact between the respective 
nodes.  The network in panel d) shows both a dynamic network over a three-day period, 
as well as a static representation of the same network, marked as “final network”.  

a)      b)          c) 
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Figure 3.2: OpenBeacon RFID proximity tag with onboard storage (a), horse wearing a 
tag on his halter (b), and halters with a tag on the nose piece hung on a pasture fence 
(c). 

  

a)          b)                c) 
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Figure 3.3: Map of the barn (a) and facility (b). Horses are represented by the numbers 
in the stall. The shape surrounding the numbers signifies the pasture in which the horse 
was turned out. The triangle represents pasture 1, the circle represents pasture 2 and 
the square represents pasture 3. The barn was separated into aisles, which were used 
to construct heat maps to quantify the amount of contact between the horses in the 
different aisles (Figure 3.4). The horses were turned out in pastures 1-3, except for on 
the weekend when at least one horse was moved to pasture 4. Each pasture shape in 
the barn contains a number which refers to the horse IDs in the heat maps in Figure 3.4. 

  

a)       b) 
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Figure 3.4: Summary study results. Networks in which horses are laid out in relative 
locations of the stalls in the barn (Figure 3) are found in (a). Horses’ nodal shapes are 
coded by pasture number. The edge width represents the contact duration 
(log(seconds)*2) between respective horses. (b) shows heat maps of the duration of 
contact (hours) throughout the day. Horses are numbered in conjunction with the 
numbering system in Figure 3. Lastly, (c) shows heat maps for the contact between 
horses in each wing. Only three days of results are shown (day 1 (top row), day 5 
(middle row), and day 7 (bottom row)), as the results were similar for each day of the 
study. The full set of figures can be found in the supplementary information in Figures 
S3.1-S3.3.  

a)   b)       c)   
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Figure 3.5: Selected centrality measures for each horse on each study day. Centrality 
measures include eigenvector centrality (a), degree (b), and strength (c). Each day, a 
different horse was the most central horse (day 1=light blue, day 2= orange, day 
3=grey, day 4= yellow, day 5=dark blue, day 6= green, day 7= black). The eigenvector 
centrality ranged between 0.0 and 0.7, while the degree and strength ranged between 1 
and 8, and 0 and 40 respectively. No trends were evident in the centrality plots. 
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Figure 3.6: Heat map of the 7 combined dynamic networks. The heat map is not 
suggestive of homogenous mixing. The colored panels on the left and top axes 
represent the different clustering of horses by pasture. 
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Figure 3.7: Heat map of the Jaccard similarity index. The heat map compares the 
similarity in contacts between participants on each day of the study. All days share at 
least ~54% of identical contacts. 
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CHAPTER 4 

 Comparison of the dynamic networks of four equine 
boarding and training facilities 

4.1 Abstract 

Contact networks can be analyzed to assess the potential for disease spread 

throughout the network. The lack of Canadian facility-level equine contact data makes 

the characterization of the equine contact structure difficult. Therefore, the purpose of 

this study was to use empirical contact data to characterize and compare equine 

network characteristics between equine facilities in Ontario. Contact pattern data from 4 

equine facilities were collected using radio-frequency identification tags. The collected 

data were used to form 7 static contact networks (1 for each study day) for each facility. 

The assumption of homogenous mixing, where each individual in a population has an 

equal probability of coming in contact, was assessed for each network, since 

homogenous mixing is often used to describe mixing patterns in disease transmission 

models. At the facility level, neither the day-long static networks, nor a combined, week-

long network were representative of homogenous mixing. The Jaccard Similarity Index 

indicated that 11-62% of the contacts were repeated throughout the study period. A 

network generated with survey-based data enabled the prediction of 8.7-79.6% of the 

contacts that were recorded with the RFID tags. With respect to the node centrality, the 

normalized node degree ranged from 0.0 to 0.96, with a mean of 0.31. The node 

strength ranged from 0 to 1 with a mean of 0.38. For both the node degree and node 

strength, nodes that had a high centrality score relative to other nodes always had a 
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high centrality score relative to the other nodes in the network and vice versa. A 

significant (p<0.05), weak positive correlation existed between the node degree and 

strength (0.41< r < 0.54). The normalized betweenness centrality ranged from 0.00 to 

1.00, with a mean of 0.11. Lastly, an exponential random graph model was used to 

quantify the relationship between the distance between the horses’ stalls and edge 

formation. The distance parameter was not significant for all of the facilities. To 

conclude, the non-homogenous nature of the contact patterns, coupled with the large 

range of the centrality measures indicate the importance of using empirical data to 

understand processes such as disease spread potential within equine populations. 

Although the collection of a full set of data is optimal, the study results suggest an ability 

to infer contact networks using observational data in situations where little-to-no data 

exist. This study serves as a starting point for the characterization of equine contact 

networks in Ontario.  

4.2 Introduction 

The underlying contact structure between individuals in a population is highly 

associated with processes such as disease transmission (1,2). Given the relationship 

between contact networks and the processes of interest, the use of accurate and 

representative networks is essential to the system analysis and the resulting outcomes. 

Network accuracy largely stems from data quality and quantity. However, in animal 

agricultural populations, within-farm contact patterns are seldom recorded (3). This 

scarcity of data extends to Canadian equine population and makes the classification of 

equine contact patterns through network analysis challenging.   
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Historically, the collection of comprehensive datasets that describe the interactions 

between individuals (human or animal) has been challenging due to the cost and 

difficulty of collecting the data (4). More recently, however, the use of radio-frequency 

identification (RFID) tags has enabled the collection of high resolution data (5). This 

technology is relatively inexpensive, requires minimal time and intervention from the 

researcher, and is capable of collecting large amounts of contact data. Modifications 

conducted by the authors to the OpenBeacon RFID system (Chapter 2) enabled the 

data collected by the tags to be stored to the tags’ 8 megabyte (MB) internal flash 

memory. The data can subsequently be downloaded and used to create dynamic 

contact networks.  

Contact networks explicitly quantify the contact events between individuals in a 

population (6,7). Contact networks consist of nodes which represent individual entities 

such as people or animals, and edges which represent the contact between the nodes 

(8). The networks are often generated in one of two ways: 1) empirical data can be used 

to simulate larger contact networks (9), and 2) the empirical data can be used to 

replicate the networks that occurred at the time of data collection (10).  In the first 

method, descriptive data is collected from a sample of the population of interest. The 

collected data can then be used to extrapolate a network composed of the same 

characteristics as the sampled data (11). In the second method, the collected data is 

deemed sufficient to create a contact network representative of the study population. 

Therefore, the network only consists of observed data, and no extrapolation of the 
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contacts is necessary. This paper focuses on the second type of contact network, one in 

which sufficient observational data is available to form a representative contact network. 

Contact networks can be analyzed using descriptive methods, such as network analysis 

(8), and statistical methods, for example exponential random graph models (12). 

Descriptive methods include metrics that describe the network’s properties such as the 

number of nodes and edges in a network, and centrality measures that describe a 

node’s importance in the network. Most centrality measures can be normalized to 

enable the comparison of different networks (8). Depending on the type of data 

collected (e.g. temporal or cross sectional), different statistical tool sets can be used to 

analyze the networks.  Exponential random graph models (ERGMs) describe the 

significance and relationship between the dependent and independent variables in the 

ERGM (13). In ERGMs, the dependent variable is a network and the independent 

variables represent relationships between the nodes (12,13). These relationships can 

range from structural descriptors, such as triangulation in the network, to node or edge 

specific descriptors, such as an individual’s sex. Similarly to ordinary logistic regression, 

the regression coefficients represent the log-odds that an edge will form based on the 

model (14).  

Given the gap in knowledge with regards to the structure and characterization of the 

Canadian equine population, the objective of this research was to use empirical contact 

data to characterize and compare the contact pattern structure within equestrian 

facilities in Ontario. The network analysis included the assessment of: a) the degree to 

which the networks could be generalized, b) the ability to predict the networks from 
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observational data using the tag collected data as a gold standard, c) selected centrality 

measures to assess for network-level correlations, as well as patterns between the 

networks, d) whether the networks were representative of the assumption of 

homogeneous mixing, and, e) a statistical analysis to determine if the horses’ relative 

stall location was important with respect to the formation of edges in the network. 

4.3 Methods 

This study was approved by the University of Guelph’s Research Ethics Board (REB 

certificate #16AP009) and the Animal Care Committee (AUP # 3518). 

4.3.1 Study design and data collection process 

Four equestrian facilities located in southwestern Ontario, Canada, participated in the 

study. Consent was obtained from the participants according to the REB. The facilities 

ranged in size from 20-28 horses (Table 4.1). Each facility consisted of one barn, 

multiple pastures, and indoor and outdoor riding arenas. Horses were either housed in 

the barn or in a pasture.  

The study was conducted at each facility for a 7-day period between May and July 

2017. Active RFID tags (Bitmanufactory, Cambridge, United Kingdom) were used to 

record the contact events that occurred between horses wearing the tags. A detailed 

description regarding the operation of the tags has been documented Chapter 2. Briefly, 

the tags contain 8 MB of onboard flash memory. When two tags were within 2 meters 

(m) of each other, the tags recorded the tag identification number assigned to the 
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participants of the contact event, as well as the start and end times for each contact 

event. The recorded data was stored to the internal flash memory. 

Each RFID tag was placed in a plastic cover (Avery Products Corporation, Whitby, 

Ontario, Canada) which was sealed closed with duct tape (Logix, Port Hope and 

Cobourg, Ontario, Canada). The tags were attached to the nosepiece of the horses’ 

halters with Vetwrap (3MTM, United States). Employees and trainers were instructed to 

keep the halters with the logging device with the assigned horse at all times for the 

duration of the study period. Horses tend to be social and curious animals by nature 

(15). Therefore, the halters were placed on a halter hook located on the pasture fence 

when a horse was in its pasture in order to prevent the horses from chewing on the tags 

when unsupervised. The standard operating procedure at one of the facilities required 

that the horses wear the halters at all times. Consequently, at this facility, duct tape was 

used to attach the tag to a livestock tag (TSC, Ontario, Canada) which was 

subsequently attached to the halter with a carabiner. This enabled easy removal of the 

tag from the halter.   

A survey completed by the facility manager was used to collect data regarding the 

facility’s day-to-day schedule, as well as the horses’ demographic information. For each 

participating horse, data were collected regarding the horse’s stall number and location, 

the primary pasture in which the horse was turned out during the study week, as well as 

the horse’s breed, sex, age, and primary use, e.g. competition, pleasure, school horse, 

etc. 
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At the end of the study period, the tags were removed from the horses’ halters and were 

transported to the university where the data were downloaded to a computer and stored 

in a MySQL (Oracle Corporation, Redwood Shores, California) database. The data were 

subsequently cleaned and aggregated by 24-hour periods, excluding the time elapsed 

during the deployment setup and the final tag collection on the first and last days of the 

study. The data were output as edge-lists in 7 comma separated value (CSV) files, 

providing 1 file for each day of the study. The CSV files were imported into R  version 

3.3.0 (16) for analysis.  

4.3.2 Network description 

Network analyses using the igraph package, version 1.0.1 (17) were performed for each 

study day for each facility. The analyses included both visual and analytical aspects 

(described below). The results of the analyses were used to compare the network 

characteristics for each facility. 

The Jaccard similarity index (JSI) was used to assess the network generalizability and 

reproducibility. The JSI was calculated by comparing which contacts were repeated in 

each of the networks containing the same node set (
|𝐴∩𝐵|

|𝐴 ∪𝐵|
 (18)). Since the JSI compared 

the presence or absence of an edge between two nodes in different networks, it did not 

take the edge weight into consideration. The network generalizability was assessed by 

computing the JSI for each day of the study, per facility, and was visualized using a 

boxplot. 
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The objective of assessing the predictability of the networks was met by using the JSI to 

compare a survey-based network to the networks formed with the tag collected data, 

which was used as the gold standard. The survey-based network for each facility was 

formed by assuming that all horses that shared a barn or pasture (as specified in the 

study survey) came in contact with each other. In the case that a horse was reported to 

be housed in more than one pasture during the study period, the first pasture listed in 

the survey was chosen to represent the horse’s primary pasture for the survey-based 

network.  

At the facility level, both the unweighted and weighted degree (hereafter referred to as 

“degree” and “strength” respectively) were computed for each horse in each network. 

The degree refers to the number of distinct horses that a horse of interest contacted in 

each network and is calculated by summing the number of edges incident to the 

respective horse’s node. The normalized degree, used for comparing networks, was 

obtained by dividing the degree by (𝑛 − 1), where 𝑛 represents the number of nodes 

(horses) in the network. A node’s strength represented the total duration (hours per day) 

of contact a node had with all the other nodes in the network. A function was developed 

to normalize the strength of a node by dividing a node’s strength by the maximum node 

strength in the network.  Due to the non-normal nature of the data, a comparison of the 

horse-level degree and the horse-level strength for each study day was conducted 

using the spearman correlation coefficient for each horse on each day of the study. 

The normalized betweenness (the number of times a node was on the shortest path 

between two other nodes) was calculated for each node. Betweenness was calculated 
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as the sum of the number of shortest paths through a node of interest divided by the 

total number of shortest paths (8). This number was normalized by multiplying the 

betweenness by 
2

(𝑛−1)(𝑛−2)
.  Since betweenness cannot be calculated between nodes 

found in different weak components, defined as a subgroup of nodes in which all nodes 

are indirectly linked (19), the metric was calculated for the nodes within each 

component. 

The assumption of homogenous mixing was studied at two levels of aggregation: 1) the 

data were analyzed by study day, and 2) the data were aggregated to form a single, 

static, week-long network. Heat maps were formed for each network and were 

interpreted to assess whether the networks conformed to the assumption of 

homogeneous mixing. The heat maps were also used to compare the relative duration 

of contact between each pair of horses on each study day. 

4.3.3 Statistical analysis 

The R Statnet suite of packages version 2016.9 (9) was used to conduct a regression 

analysis on the networks using the ERGM (20) package. The model, which takes the 

form of  𝑦~ < 𝑡𝑒𝑟𝑚1 > +< 𝑡𝑒𝑟𝑚2 > + < 𝑡𝑒𝑟𝑚3 > + ⋯ (12), included the edge term 

which is analogous to the intercept in an ordinary logistic model, and the edgecov term, 

which is used to study relational predictors such as distance. The edgecov term was 

used to describe the effect of the distance between horses’ stall locations (hereafter 

referred to as “distance”) on the probability of edge formation. The stall locations were 

only used if the horses were housed in the stalls overnight. For horses that were housed 
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in the pasture (and hence were outside all day), the pasture location was used as a 

proxy for stall location. The distance was calculated as the Euclidean distance between 

two horses’ stall or pasture locations based on a map of the facility.  

4.4 Results 

4.4.1 Descriptive results 

Horse enrolment at each of the 4 participating facilities was 100% (Table 4.1).  The 

horses ranged in age from 1-year to 37-years old. Three stallions participated in the 

study, with the majority of horses being geldings (n=62) and mares (n=33). Horses 

tended to be used for competition purposes, pleasure riding, and as school horses 

(Table 4.1). 

For each network, both the number of edges and the density varied over the study 

period, resulting in densities which were seldom greater than 0.5 (Table 4.2). The 

network order (the number of nodes in the network) of the study facilities ranged from 

20.0-28.0. Different numbers of components were seen throughout each facility’s 

networks. While each facility had multiple components, some daily networks were only 

composed of a single component (Table 4.2).  

4.4.2 Assessment of the assumption of homogeneous mixing 

Due to the similarity in the heat maps from each study day, only the heat map from day 

1 of the study is included here (Figure 4.1). The remaining heat maps can be found in 

the supplementary material (Figures S4.1-S4.4). Each cell in the heat map represents 

the duration of the contact that occurred between individual pairs of horses in the 
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network. Although contact was observed between horses from different pastures, the 

majority of the observed contact occurred between horses that shared a pasture. This 

contact is found along the diagonal of the heat map. Similar contact patterns were 

observed on each study day for each facility, with the main difference being the contact 

duration between each pair of horses. These patterns were seen for both the day-long 

networks, as well as the week-long, aggregated network (Figure 4.2). 

4.4.3 Assessment of network generalizability  

Boxplots of the JSI, used to assess network generalizability, indicated that there was a 

large amount of overlap between the facilities (Figure 4.3). The minimum amount of 

generalizability of contacts from day to day occurred on Facilities 2 and 3 and was 

characterized by ~11% of contact similarity during the study period. The most similar 

days in terms of contacts occurred on Facility 4 with ~62% of identical contacts during 

the study week. The average JSI was 43.8% (SD=0.07), 27.1% (SD=0.13), 31.2% 

(SD=0.14), and 51.5% (SD=0.07) for facilities 1, 2, 3, and 4 respectively. 

4.4.4 Assessment of network predictability 

The Jaccard similarity indices indicated that the survey-based networks were able to 

correctly predict ~8.7% - 79.6% of contacts (Figure 4.4). The survey-based networks 

predicted an average of 33.8% (SD=0.05), 33.1% (SD=0.20), 33.0% (SD=0.13), and 

58.6% (SD=0.09) of contacts on Facilities 1, 2, 3, and 4 respectively. There was minimal 

variation in the data within each facility’s networks. 
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4.4.5 Computation and comparison of centrality measures 

The minimum normalized degree was 0.00 for each facility while the maximum 

normalized degree varied between facilities and was generally less than 0.85 (Figure 

4.5). Often, unless a horse’s degree was 0.00, the degree trends were similar across 

days. In other words, horses who had higher degrees relative to other horses, tended to 

have higher relative degrees on most study days. The node strength varied between 

horses and study days (Figure 4.6). Similar patterns to those found with the relative 

degree were found with respect to the relative strength. A positive trend was observed 

in the plots used to test whether a correlation existed between degree and strength. 

While the correlation coefficient was always significant (p<0.05), it presented a weak to 

moderate correlation between the degree and strength for each horse (0.41 <r <0.54) 

(Figure 4.7).  

Lastly, the normalized betweenness varied for each horse throughout the study week 

(Figure 4.8). The betweenness generally ranged between 0.0 and 0.8, with one node 

having a betweenness of 1.0. The horse with the highest betweenness was different on 

each day of the study. No trends were observed for the betweenness between facilities. 

4.4.6 Regression analysis 

The ERGM models indicated that for 2 of the 4 facilities (Facilities 3 and 4), the distance 

parameter was always statistically significant (the p-values ranged from <0.0001 to 

~0.005) with a negative coefficient (Tables 4.3-4.6). No patterns were evident for 

Facilities 1 or 2.  
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4.5 Discussion 

The analysis of contact networks has applications ranging from the description of the 

flow of information through a network to the description of possible disease transmission 

routes (21). Furthermore, the networks are often used in conjunction with other 

analytical methods such as disease transmission models. However, the paucity of 

contact data within the Ontario equine community poses a challenge for the 

characterization and use of the contact network structure. The current study aims to fill 

this gap in knowledge by collecting data and comparing the contact networks from 4 

equestrian facilities. 

Due to the difficulty in collecting contact pattern data, studies often use the assumption 

of homogeneous mixing to characterize the contact rate in disease transmission models 

(22–24). The results of the current study however, imply that this assumption is 

insufficient to describe the types of contacts that occurred within the participating equine 

facilities. While the heat maps describing the contact durations for each facility were 

slightly different in shape, all of the heat maps led to the same conclusion: the contacts 

between the horses did not conform to the homogeneous mixing assumption. 

Furthermore, the majority of the contacts occurred between horses that shared a 

pasture. This was true when looking at both the individual, day-long networks and the 

aggregated, week-long networks. These findings suggest that heterogenous mixing 

patterns should be used when developing models for disease transmission within an 

equestrian facility in order to more accurately capture the risk of disease spread within 

the facility.  
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Some network-based analyses may require larger amounts of contact data than are 

available. This could occur, for example, when using the contact data to parameterize a 

disease transmission model for a disease whose natural history spans a longer time 

period than the data collection period. One method of addressing  this issue is to repeat 

the empirical contact patterns for the required length of time (25). This data replication 

process assumes that the contact patterns are similar during the given period. The 

current study substantiated this assumption by measuring the similarity of the contact 

events over the study period.  The JSI, used to assess the similarity in contacts 

between study days suggests that between 11% and 62% of individual contacts were 

repeated over the study period. Therefore, in situations where minimal data is available, 

it is possible to generalize and extrapolate the contact events from the collected data. In 

addition to the ability to generalize the contacts, the current study showed that 

knowledge of the facility logistics can help predict the contacts that may occur. Both the 

predictability and generalizability of networks increase the possibility of planning 

intervention strategies in advance of an outbreak in order to minimize the epidemic 

impact.  

Centrality measures are often used to infer the extent to which a disease can spread in 

a network and have been used in the past to infer such data in animal populations (26–

28). The overall trends in the relative degree and strength provide a platform on which it 

is possible to base disease control and prevention inferences. Depending on the 

disease, contact duration and/or frequency can contribute to the transmission probability 

(7). Therefore, it is important to study both the network degree (for cases when contact 
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duration does not contribute to disease transmission probability) and strength (for cases 

where contact duration does contribute to disease transmission probability).  

The degree centrality is directly related to the number of direct contacts that each node 

had in the network (8). Given the trends in the degree centrality, where the horses who 

had higher degrees relative to other horses tended to have higher degrees during the 

entire study week, it is possible to know in advance which horses are likely to be more 

instrumental in disease transmission based on minimal amounts of data. The 

normalized degree for each facility ranged from 0.0 to ~0.8 indicating the range of 

possible outcomes from the introduction of a pathogen into a population. In the best-

case scenario, a horse with degree 0.0 can become infectious, in which case the 

chances of the disease spreading to other horses by direct contact is minimal. 

Alternatively, if a horse with larger degree becomes infectious, then it is more likely that 

the pathogen will spread throughout the facility.   

A high betweenness indicates that the respective node may represent a cut-point (29). 

There was no one node with the highest betweenness centrality on all days. The large 

range in betweenness makes predictive inferences due to node betweenness difficult in 

these populations. 

An ERGM model was used to understand the factors that influenced the probability of 

the formation of edges in the networks. Although the distance predictor did not show 

meaningful results across the facilities, the variable was always significant for both 

facilities 3 and 4. Both of these facilities had minimal “noise” around the diagonal in the 
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heat maps (Figures 4.1 and 4.2) compared to the other two facilities, suggesting that the 

majority of contact occurred between horses that shared a pasture. This is also 

supported by the fact that most horses in Facility 4 were outdoor horses, and therefore 

together for both day and evening hours. While the small network sizes precluded the 

inclusion of a pasture variable in the model, it should be considered as an important 

source of contact.  

4.5.1 Limitations, benefits, and opportunities for future work 

Although horses in Ontario can, and do leave the facility year-round, the frequency with 

which they leave changes based on the time of year and their usage. Therefore, since 

the study was conducted during the summer months, the contact patterns collected 

during the study and the resulting network characteristics may differ from the contact 

patterns during the winter when horses seldom leave the facility and may stay indoors 

due to low temperatures.  

The fact that horses leave the facility provides an opportunity for the introduction of 

external pathogens. This is confirmed by a study by Spence et al., (2017) which 

examines the impact of disease spread between facilities when horses congregate at a 

competition. This external influence should be taken into consideration when 

considering the routes and characteristics of disease spread. 

Multiple sources of misclassification bias may have influenced the results of the study. 

First, if a horse was turned out in more than one pasture over the study period, then the 

survey-based network in which a horse was assigned to just one pasture may over- or 
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under-estimate the contacts predicted. Second, if a halter was not kept with the horse at 

all times, for example, if the horse owner forgot to keep the halter with the horse, the 

final count and duration of contacts that occurred will be incorrect.   

Lastly, the small size of each facility limited the ability to use statistical techniques to 

study the factors affecting the probability of edge formation. Animal-based disease 

transmission models, and the collection of contact pattern data with RFID tags are 

growing in popularity necessitating the development of analytical tools that can address 

a multitude of data challenges inherent to these types of datasets.    

Regardless of these limitations, the networks created provide insight into the types of 

contacts that occur within equestrian facilities in Ontario. Furthermore, the networks 

provide an improved ability to model more realistic outcomes with various types of 

computer simulations.   
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4.7 Tables 
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Table 4.1: Descriptive statistics for each of the 4 participating equestrian facilities. The 
facilities were located in southwestern Ontario, Canada, and boarded 20-28 horses that 
ranged in age, sex, breed, and use. Each facility had a 100% enrolment rate. 

*The 27th horse was enrolled in the study but was off the facility for the duration of the 
study. Therefore, it is not included in the node count. 

** This number only includes pastures that housed horses that participated in the study. 

 

 

   Facility   
1 

Facility 
2 

Facility 
3 

Facility 
4 

  Number of participating 
horses /total horses 
boarded within the facility 

20/20 28/28 26/27 * 24/24 

  Number of barns 1 1 1 1 

  Number of pastures ** 7 8 6 5 

  Study start date May 
2017 

May-
June 
2017 

June 
2017 

July 
2017 

N
u

m
b

e
r 

o
f 

h
o

rs
e
s

 b
y
: 

 
Sex 

Gelding  8  18  19  17 

Mare 9 10 7 7 

Stallion 3 0 0 0 

 
 
 
Breed 
 

Thoroughbred 1 9 4 4 

Quarter horse 1 3 1 8 

Hanoverian 0 0 5 0 

Pony 1 4 2 2 

Crossbreed 0 11 7 5 

Warmblood 15 0 3 4 

Other 2 1 4 0 

Unknown 0 0 0 1 

 
 
 
Use 
 

School/ program horses 0 20 9 6 

Competition 11 6 10 6 

Pleasure riding 1 2 1 3 

Breeding 1 0 0 0 

In training 4 0 1 1 

Other (i.e. retired) 3 0 5 8 

 
 
Age 
range 
(years) 

<1 year 0 0 0 0 

1-4  5 0 0 1 

5-9  7 5 10 3 

10-19  7 17 12 7 

20-37  1 6 5 13 
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Table 4.2: Description of the networks for each day of the study. Contact data was 
collected over a 7-day period at 4 equestrian facilities in southwestern Ontario. The data 
was aggregated and used in the development of 7 networks describing the contacts that 
occurred on each study day. All of the facilities had multiple components, however, the 
number of components varied by day. Each network had between 20-28 nodes. The 
network densities were generally less than 0.5. Densities greater than 0.5 are bolded. 

 Day 1 Day 2 Day 3 Day 4 Day 5 Day 6 Day 7 

Facility 1  

Nodes  20 

Edges 73 76 60 72 65 58 46 

Density 0.384 0.4 0.316 0.379 0.342 0.305 0.242 

Number components 2 2 1 2 3 3 5 

Number of components of 
size   < 3 

1 1 0 1 2 2 4 

Facility 2 

Nodes  28 

Edges 226 236 187 82 64 33 50 

Density 0.598 0.624 0.495 0.217 0.169 0.087 0.132 

Number of components 1 2 4 5 9 11 16 

Number of components of 
size <3 

0 1 3 4 8 10 15 

Facility 3 

Nodes 26 

Edges 102 124 117 86 50 39 28 

Density 0.314 0.382 0.36 0.265 0.154 0.12 0.086 

Number of components 1 1 2 2 6 7 11 

Number of components of 
size <3 

0 0 0 1 5 6 10 

Facility 4 

Nodes 24 

Edges 98 130 120 58 83 87 61 

Density 0.355 0.471 0.435 0.210 0.301 0.315 0.221 

Number and size of 
components 

1 1 2 3 3 4 4 

Number of components of 
size <3 

0 1 1 1 2 3 3 
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Table 4.3: ERGM° analysis for each facility. The analysis was carried out using the R ERGM (20) package in the Statnet 
suite version 2016.9 (9) and studied the effect of the distance between the horses’ stalls or pasture location on the 
resulting network. The distance variable was not always statistically significant. Statistically significant values (p<0.05) are 
indicated with bold text. 

 

°ERGM: exponential random graph model           ¥the standard error of the model 
* The log odds coefficient of the model                  Ω the model p-value 

 Day 1 Day 2 Day 3 Day 4 Day 5 Day 6 Day 7 
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D
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n

c
e
 

Facility 1 

Coeff.* 0.12 -0.06 0.30 -0.07 0.31 -0.11 -0.50 0.00 0.24 -0.09 -0.23 -0.06 -1.06 -0.01 

Error¥ 0.34 0.03 0.34 0.03 0.36 0.04 0.35 0.03 0.35 0.03 0.36 0.03 0.39 0.04 

pΩ 0.74 0.06 0.38 0.03 0.39 0.00 0.15 1.00 0.49 0.01 0.52 0.07 0.01 0.82 

Facility 2 

Coeff.* 1.18 -0.05 0.56 -0.00 -0.36 0.02 -0.95 -0.02 -1.29 -0.02 -2.69 0.02 -1.99 0.01 

Error¥ 0.24 0.01 0.23 0.01 0.22 0.01 0.26 0.02 0.28 0.02 0.41 0.02 0.33 0.02 

pΩ <0.00 0.00 0.01 0.79 0.10 0.08 0.00   0.16 <0.00 0.24 <0.00 0.35 <0.00 0.70 

Facility 3 

Coeff.* 0.76 -0.14 0.76 -0.11 0.39 -0.08 -0.21 -0.07 -0.55 -0.11 -0.87 -0.10 -1.30 -0.10 

Error¥ 0.27 0.02 0.25 0.02 0.24 0.02 0.26 0.02 0.31 0.03 0.34 0.03 0.38 0.04 

pΩ 0.00 <0.00 0.00 <0.00 0.11 <0.00 0.40 0.00 0.07 0.00 0.01 0.00 0.00 0.01 

Facility 4 

Coeff.* 3.77 -0.24 2.45 -0.12 1.34 -0.08 1.31 -0.17 1.27 -0.11 1.45 -0.12 1.44 -0.17 

Error¥ 0.51 0.03 0.36 0.02 0.29 0.01 0.33 0.02 0.30 0.02 0.31 0.02 0.33 0.02 

pΩ <0.00 <0.00 <0.00 <0.00 <0.00 <0.00 <0.00 <0.00 <0.00 <0.00 <0.00 <0.00 <0.00 <0.00 



 

 

119 

 

4.8 Figures 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4.1: Heat maps of the contact that occurred on each facility on day 1 of the 
study. Horses are grouped by pasture. Each section on the pasture axes, indicated with 
alternating colours, represents a group of horses that shared a pasture.  Panels a) and 
b) show the heat maps for facilities 1 and 2 respectively while panels c) and d) 
represent facilities 3 and 4 respectively. A strong contact duration (hours per day) exists 
on the diagonal of the heat map between horses who shared a pasture. There is no 
evidence of homogeneous mixing at this level of aggregation.  

a)            b) 

 

 

 

 

 

 

 

c)              d) 
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Figure 4.2: Aggregated, week-long heat maps for each facility. Horses are grouped by 
pasture. Each section on the pasture axes, indicated with alternating colours, 
represents a group of horses that shared a pasture. Panels a) and b) contain the heat 
maps for facilities 1 and 2 respectively while panels c) and d) represent facilities 3 and 4 
respectively. Heat maps are visually similar to the daily heat maps in Figure 4.1. There 
is a strong trend on the diagonal between horses who shared a pasture. There is no 
evidence of homogeneous mixing at this level of aggregation. 

 

a)            b) 
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Figure 4.3: Boxplot for Jaccard similarity index to quantify the similarity in contacts 
between participating horses on each day of the study for each facility. The similarity in 
contacts can be used to generalize the contacts that occurred over the course of the 
study period. Roughly 11-62% of contacts were repeated over all the networks. 
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Figure 4.4: Jaccard similarity indices for the comparison of the survey-based networks 
and the networks formed with the logger acquired data. Survey-based networks were 
formed by assuming that all horses that shared a pasture or barn came in contact. The 
survey-based networks were able to correctly predict 8.7%-78.7% of contacts that 
occurred on the four equestrian facilities. 
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Figure 4.5: Normalized degree centrality for each horse during the study week. Panels 
a) and b) represent facilities 1 and 2 respectively, and panels c) and d) represent 
facilities 3 and 4 respectively. Different coloured lines represent the different study days 
(blue=day 1, orange=day 2, grey=day 3, yellow=day 4, black=day 5, green=day 6, and 
navy=day 7). Overall, the same trends occurred on each of the study days. In other 
words, with the exception of isolates, horses that had a larger degree compared to other 
horses had a larger degree on each day of the study compared to the other horses.  
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Figure 4.6: Normalized strength for each horse during the study week. Panels a) and b) 
represent facilities 1 and 2 respectively, and panels c) and d) represent facilities 3 and 4 
respectively. Different coloured lines represent the different study days (blue=day 1, 
orange=day 2, grey=day 3, yellow=day 4, black=day 5, green=day 6, and navy=day 7). 
Similar trends occurred as those in Figure 4.5.  

a) 

 

 

 

                   

b) 

 

 

 

 

c) 

 

 

 

 

d) 



 

 

125 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4.7: Comparison of the normalized degree and normalized strength over the 
study period. The line on each graph represents the regression line. Panels a) and b) 
represent facilities 1 and 2 respectively, and panels c) and d) represent facilities 3 and 4 
respectively. A statistically significant, weak to moderate positive correlation, computed 
with the spearman correlation coefficient (r) was observed for each facility. 

a)                         b) 

c)                          d) 
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Figure 4.8: Normalized betweenness for the horses in each component. Panels a) and 
b) represent facilities 1 and 2 respectively, and panels c) and d) represent facilities 3 
and 4 respectively. Gaps in the graphs represent isolates (for which it is impossible to 
calculate the betweenness centrality). No trends were observed for the betweenness 
between the facilities. 
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CHAPTER 5 

 Comparing the effects of non-homogenous mixing 
patterns on epidemiological outcomes in equine 

populations: A mathematical modelling study 

5.1 Abstract 

Disease transmission models often assume homogenous mixing. This assumption, 

however, has the potential to misrepresent the disease dynamics for populations in 

which contact patterns are non-random. A disease transmission model with an SEIR 

structure was used to compare the effect of empirical equine contact networks to 

theoretical networks using equine influenza as a case study, as well as the effect 

weighted and unweighted networks on the disease dynamics. Incidence curves 

generated with the unweighted empirical networks were similar in epidemic duration 

(17-18 days) and peak incidence (30.8-46.4%). An unweighted complete network 

resulted in a larger peak incidence (95.8%) and a similar epidemic duration (17 days) to 

the unweighted empirical networks. An unweighted network in which each node had an 

average degree of 4 resulted in the smallest peak incidence (12.5%), and the longest 

duration (19 days). In contrast, the all incidence curves resulting from the weighted 

networks had different size peaks and epidemic durations. The incidence curves for 

both the weighted and unweighted the empirical networks were bimodal, while the 

incidence curves for the weighted and unweighted theoretical networks were unimodal. 

The incorporation of vaccination and isolation in the model caused a decrease in the 

cumulative incidence, however, this effect was only seen at high levels of vaccination 

and isolation for the complete network. This study highlights the importance of using 
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weighted empirical networks to describe contact patterns within populations that are 

unlikely to exhibit homogenous mixing such as equine populations. 

5.2 Introduction  

Disease transmission models are used to examine disease dynamics and the 

associated effects of implementing different intervention strategies in the population (1). 

In the models, infectious individuals can infect susceptible individuals at a rate, 𝛽,  

which comprises the probability of infection and the contact rate (2). Often, disease 

transmission models assume that the entire population has an equal probability of 

coming into contact (3). This assumption is referred to as the assumption of 

homogenous mixing, and, if not representative of the actual contacts that occurred in 

the population, can result in incorrect model predictions (3). One method of correcting 

for the assumption of homogenous mixing is to incorporate heterogeneous population 

mixing.  

Heterogeneous contact patterns can be integrated in the model by defining contact 

networks (4). Contact networks describe the rate and frequency of the contacts that 

occurred between individuals in the population of interest. The simulation of disease 

transmission over a contact network is referred to as a network epidemic model (2). The 

nodes in network epidemic models represent individuals, while the edges between the 

nodes represent contacts between the individuals through which disease transmission 

can occur (5). While empirical networks describing the effective contacts in a population 

can be useful, it can be challenging to collect representative contact data required to 
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form the networks (6,7). Different methods have been used to simplify the process of 

simulating disease dynamics on networks including the use of summary statistics (i.e. 

network centrality) to generate representative theoretical networks (5).  Common 

theoretical networks include random networks, small-world networks, and scale free 

networks. Random networks are characterized by random edge formation between 

nodes. Random networks tend to have small path lengths and minimal clustering (7). 

While small-world networks also have short path lengths, they are characterized by high 

clustering. Lastly, scale free networks follow a power law distribution such that most 

nodes have few connections while a few nodes have many connections (7,8). 

Equine influenza (EI) is a highly transmissible respiratory disease caused by the equine 

influenza virus (9). The disease is most commonly spread by direct contact with an 

infectious horse, but transmission is also possible via indirect mechanisms such as: 

aerosols, wind, and fomites (9–11). While EI has a morbidity rate of up to 100% (10), it 

has a low mortality rate, and tends to be self-limiting (12). 

Prevention and control strategies for equine influenza include vaccination of susceptible 

horses, quarantine of exposed horses, and/or isolation of infectious horses (13). There 

are currently two types of vaccines available in Canada; a vaccine containing the killed 

virus and a vaccine containing a modified live virus (14). Neither type of vaccine confers 

full protective immunity against infection (12).  Since the vaccine efficacy is highly 

dependent on an individual’s antibody levels against the glycoprotein 

haemagglutinin(10), the efficacy is improved when the vaccine strain matches the 

challenge strain (10). There are currently no regulatory requirements with respect to EI 
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vaccination or biosecurity measures in Canada. It is, however, advised that susceptible 

horses get vaccinated, and that horses are quarantined for a two-week period prior to 

being introduced into a new facility (14). Therefore, the population level immunity 

against EI is likely to differ based on the population of interest. 

Although vaccination, quarantine, and isolation are recommended biosecurity practices 

for the prevention and containment of EI (9,15), existing disease transmission models 

for EI have focused primarily on vaccination as an intervention. These studies have 

modeled the transmission of EI in both vaccinated and unvaccinated populations (16–

21). Furthermore, most published models have assumed homogenous mixing within the 

population, which may or may not correctly characterize the types of contact that 

generally occur within equine populations. The results of the existing studies have 

highlighted the importance of vaccination as a method for reducing the EI disease 

burden in equine populations. 

The purpose of this study was to assess the suitability of using the assumption of 

homogenous mixing in equine disease transmission models, as well as to assess the 

effect of using both vaccination and isolation as intervention strategies. These research 

objectives were addressed by comparing the epidemiological outcomes of a network 

epidemic model, informed with empirical contact networks from 4 equine facilities, as 

well as theoretical networks. Given the different network structures, the study 

hypothesis was that the model simulations would result in different outcomes and trends 

for each network examined. 
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5.3 Methods  

This study was approved by and conducted in accordance with the University of 

Guelph’s Research Ethics Board (REB #16AP009) and the Animal Care Committee 

(AUP #3518). Informed consent was obtained from all study participants prior to the 

study deployment. 

5.3.1 Empirical networks 

Active radio-frequency identification (RFID) tags were used to collect contact pattern 

data from 4 equine facilities in southwestern Ontario, Canada, over a 7-day period 

between May and June 2017. Each facility contained 1 barn in which the horses’ stalls 

were located, multiple pastures, and both indoor and outdoor riding areas. The facilities 

boarded between 20-28 horses and horses were either housed in the barn or in a 

pasture overnight (Table 5.1). The RFID tags were attached to the horses’ halters which 

were kept with the animals at all times. Horses are gregarious animals and also curious 

by nature (22,23). Hence, to prevent accidental damage to the loggers and to ensure 

horse safety, the halters were placed on the pasture fence when the horses were in the 

pasture.  

 A detailed description of the data collection methods can be found in Chapter 2. Briefly, 

modified OpenBeacon RFID tags (Bitmanufactory ltd., Cambridge, United Kingdom) 

were used to collect and record contact pattern data over the 7-day study period. When 

tags came within 2 meters of each other, the tags recorded the individuals that were in 

contact and the time of contact.  A contact distance of 2 meters was used as a proxy for 

close contact sufficient for transmission of EI. The tags were collected at the end of the 
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study period, and the data were downloaded to a laptop computer where they were 

stored in a MySQL (Oracle Corporation, Redwood Shores, California) database. The 

data were aggregated into 24-hour periods and output as comma separated value 

(CSV) files which were imported into R version 3.3.0 (24) for analysis. The Statnet (25) 

suite of packages, in particular, the NetworkDynamic (26) and EpiModel (27) packages 

were used for the data preparation, model building, and simulation phases of the study.  

The data collected with the RFID tags were used to generate a dynamic contact 

network for each of the 4 facilities, hereafter referred to as Empirical Networks 1-4. The 

dynamic networks consisted of 7 static networks, each network representing the 

contacts that occurred within a single study day. The edge weight in the contact 

networks represents the total contact duration (hours) between the respective horses on 

the study day (within a 24 hour period).   

5.3.2 Contact network structure 

Four types of contact networks were used to quantify the effect of different network 

structures on the disease transmission model outcomes. The following networks were 

used: 1) empirical networks (as described above), hereafter referred to as Empirical 

Networks 1-4, 2) a Random Mixing Network (RMN), 3) a network with a small average 

degree, hereafter referred to as a “Minimal Network”, and 4) a Complete Network 

(Figure 5.1). The edge weights for each of the theoretical networks were assigned from 

a truncated normal distribution such that the weights were all greater than or equal to 0. 

The distribution was generated using the average edge weight of each day for each 

facility (mean= 28.35 hours), and the standard deviation for each day of the study for 
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each facility (standard deviation= 33.35). In addition, the RMN was generated by 

averaging the characteristics of the empirical networks, namely, the network size, 

defined as the number of nodes in the network (28), and the average number of edges 

in the network. The network size for the RMN was 24. The expected number of edges 

(𝑁𝑒𝑑𝑔𝑒𝑠 = 87.6) was calculated using the mean degree, representing the number of 

edges incident to a node of interest (28), of the empirical networks. The Minimal 

Network was formed by assuming that horses came in contact with an average of 4 

other horses per day: the horses whose stalls were on either side of the horse of 

interest, an average of one horse in the centre aisle and an average of 1 horse in a 

common riding area. The Minimal Network had an average of 48 edges and is 

representative of facilities in which horses have reduced contact in order to avoid the 

potential for injuries (23). Lastly, the Complete Network was generated using the 

average network size of the empirical networks (n=24) and ensuring that all nodes came 

in contact with every other node in the network. Therefore, the Complete Network had 

276 edges (
𝑛(𝑛−1)

2
), where n represents the number of nodes in the network. 

Two types of analysis were completed: 1) the weighted networks were used to inform 

the contact rate of a disease transmission model in which no intervention strategies 

were considered, and 2) unweighted networks were used to inform the contact rate of a 

disease transmission model in which different prevention and control strategies were 

implemented. For both of these objectives, the 7 day-long static networks were 

combined to create 1 week-long dynamic network (each daily network was used to 

inform the contact rate for a single day of the model simulation). The model simulations, 
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however, were run for a 6-week period, creating the need for additional contact pattern 

data. Therefore, given the repetitive nature of the equine schedule, the empirical week-

long dynamic contact networks were repeated to form a 6-week dynamic network. A 

similar process was used to generate the contact structure for the weighted theoretical 

networks used in the first study objective. In contrast, new unweighted networks were 

generated for each day of the simulation for the RMN, Minimal, and Complete Networks 

resulting in a non-repeating series of contact patterns for the duration of the simulations 

used in objective 2 above. 

5.3.3 Equine influenza disease transmission model 

The stochastic disease transmission model incorporated a typical SEIR structure and 

included both vaccination and isolation intervention strategies. A deterministic analogue 

of the model can be found in Figure 5.2. Model parameters were obtained from the 

peer-reviewed literature (Table 5.2). The following assumptions were used in the model 

formation:  

1. Horses had no pre-existing immunity to EI. 

2. Vaccinated horses were considered to be immune to infection by the start of the 

simulation.  

3. The implications of an imperfect vaccine are that vaccinated horses have a 

reduced probability of becoming infected, a reduced infectious period, and a 

longer latent period than unvaccinated horses (19,29). These implications meant 

that vaccinated horses could both shed the virus and become infected with the 
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virus (12). Therefore, the transmission rate, 𝛽, the latent period, 𝜎, and the 

recovery rate, 𝛾, satisfied the following conditions: 𝛽𝑣 < 𝛽,  𝜎 < 𝜎𝑣 , and 𝛾𝑣 < 𝛾.  

4. The probability of transmission (𝑝) was reduced by 50% if at least one of the 

participating horses in the contact event (either a susceptible horse or an 

infectious horse) was vaccinated (16,19,29).  

5. The model did not include waning immunity since waning immunity is not 

expected to occur until approximately 6 months after vaccination and the model 

was only run for 1.5 months (14,30). 

6. The isolation period was always longer than the infectious period. Therefore, at 

the end of the isolation period, all horses were assumed to be fully recovered (i.e. 

horses could no longer shed the virus). 

7. Infectious, vaccinated horses were assumed to be asymptomatic, and therefore 

were not isolated (31). 

8. Given the projected impact of the weighted and non-weighted networks, different 

transmission probabilities were implemented for the 2 types of networks. For the 

base model in which weighted networks were used to inform the contact rate, the 

transmission probability (𝜏1) was calculated using the transmission rate, 𝛽 = 1.85  

(19), combined with the contact duration for each empirical network averaged 

over each study day (�̅�). Therefore, 𝛽 = �̅�𝜏1, 𝜏1 was calculated to be 0.06. In 

contrast, the transmission probability, 𝜏2, for the vaccination and isolation models 

in which the contact rate was informed by an unweighted network, 𝜏2, was 

assumed to be 100% (19).  
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The model formed with the unweighted networks incorporated 3 different prevention and 

control strategies that were compared to the baseline (no-intervention) model. The 

interventions considered were: 1) vaccination, 2) isolation, or 3) a combination of 

vaccination and isolation. The effect of vaccination on the epidemic outcome was 

studied by varying the proportion of horses vaccinated at the start of the simulation. 

Similarly, the effect of isolation was evaluated by varying the proportion of infectious, 

symptomatic horses isolated throughout the simulation. The proportion of horses 

isolated was used as a proxy for different levels of symptom severity. For example, it 

was assumed that horses with less severe symptoms would be less likely to be 

identified as infectious, and consequently, were less likely to be isolated. Horses were 

isolated for 14 days and were assumed to be fully recovered after the isolation period.  

At the start of the model, a single, random horse was assigned an “infectious” status. 

Additionally, random horses were assigned a status of “vaccinated” according to the 

specified proportion to vaccinate. The occurrence of each transmission or transition 

event was determined using a binomial distribution. The probability of transmission for 

each contact was calculated as: 1 − (1 − 𝑘𝜏), where 𝑘 represents the respective edge 

weight and 𝜏 is the transmission probability.  If an infectious, unvaccinated horse came 

in contact with a susceptible, unvaccinated horse, the infectious horse could transmit 

the disease to the susceptible horse with a probability 𝑝 (Figure 5.2). If either the 

infectious horse or the susceptible horse was vaccinated, then the probability of 

transmission, 𝑝, was reduced by 50% (16,19,29). Infected horses could progress from 
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the exposed class to the infectious class at the end of the latent period which was 2.52 

days for vaccinated horses and 1.75 days for unvaccinated horses.  

Once infectious, unvaccinated horses could be isolated. All infectious horses moved to 

the recovered compartment at the end of the isolation or infectious period respectively. 

Recovered horses were assumed to be non-infectious with complete immunity to re-

infection for the duration of the model time horizon.  

The model, which was run over a 6-week period, was simulated 5000 times for the no-

intervention model, and 10,000 times for the vaccination and isolation model using the 

initial conditions: (𝑆, 𝐸, 𝐼, 𝑅) = (𝑁 − 1, 0, 1, 0). For ease of comparison, the model results 

at each time point were averaged across all the simulations. Models were analyzed with 

respect to the cumulative disease incidence defined as the sum of the largest integer 

less than or equal to the simulated incidence at each time point divided by the total 

population size, and the daily incidence, and prevalence curves. 

5.4 Results 

5.4.1 No-intervention model using a weighted network 

The prevalence curves resulting from the Empirical Networks were the most similar to 

the curve obtained using the minimal network (Figure 5.3 and Table 5.3). The smallest 

peak prevalence values (17- 26%) resulted from 3 of the 4 empirical networks 

(Empirical Networks 1,2, and 4). The epidemic duration for these curves was the 

longest (21- 24 days). Empirical Network 3 resulted in a similar epidemic curve to the 

Minimal Network (peak prevalence of 37%, and an 18-day epidemic duration). The 

Complete Network resulted in the largest peak prevalence (54%) and the shortest 
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epidemic duration (16 days). Furthermore, the Complete Network peaked before any of 

the other networks (day 3).  

The incidence curves for the Empirical Networks were all bimodal while the incidence 

curves for the theoretical networks were all unimodal (Figure 5.3 and Table 5.3). The 

peak incidence for Empirical Networks 1, 2 and 4 over the simulation period was the 

smallest (5-15%), followed by the Minimal Network (16%), and Empirical Network 3 

(25%). The Complete Network had the largest incidence peak (45%), preceded by the 

Random Mixing Network (37%). The generation of new cases was the shortest for the 

Complete Network (4 days) followed by the Random Mixing and Minimal Networks (6 

and 8 days respectively). The generation of new cases was the longest for the (9-15 

days). 

5.4.2 Vaccination and isolation models informed with unweighted networks 

5.4.2.1 Cumulative incidence  

Similar trends were observed in the heat maps describing the cumulative incidence, 

defined as the total number of new infectious cases divided by the number of nodes in 

the network, in all the networks other than the Complete Network (Figure 5.4). In the 

majority of the networks, the implementation of an isolation-only strategy, in which 

infectious horses were isolated for a 14-day period, resulted in a distinct decrease in the 

cumulative incidence with an increase in the proportion of infectious horses isolated. 

However, an increase in the proportion of vaccinated horses in a vaccination-only 

strategy, had minimal effect on the cumulative incidence until vaccination rates of 50% 

had been reached.  For the majority of the mixed vaccination-isolation intervention 
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strategies, an increase in the isolation rate had a greater effect on reducing the 

cumulative incidence than an increase in the vaccination rate. The incorporation of any 

isolation strategy in addition to a 100% vaccination rate had minimal effect on the 

cumulative incidence and resulted in a cumulative incidence of 50-64%. In contrast, 

increasing the vaccination rate when high levels of isolation (~50-100%) were used 

caused a decrease in the cumulative incidence. This trend was evident until a ~25-50% 

vaccination rate had been achieved, after which the cumulative incidence increased 

again.   

The trends in the cumulative incidence for the RMN and the Minimal Network were 

similar to those of the empirical networks, however, an increase in the vaccination rate 

resulted in a more distinct decrease in the cumulative incidence than in the empirical 

networks. Furthermore, the non-linear effect of vaccination used in conjunction with an 

isolation program was less obvious in the Minimal Network than in the other networks. 

The implementation of a vaccination and/or isolation program decreased the cumulative 

incidence for both the RMN and the Minimal Network. In contrast, the implementation of 

any intervention program on the Complete Network was ineffectual unless a 100% 

vaccination or isolation rate had been achieved. The implementation of a 100% 

vaccination and/or isolation rate decreased the cumulative incidence to 87.5%. The 

Complete Network also resulted in a non-linear trend in cumulative incidence when a 

100% isolation rate was implemented in addition to a vaccination program. 

Lastly, the incorporation of an intervention program in the model resulted in the smallest 

cumulative incidence in the Minimal Network, followed by the Random Mixing Network. 
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The intervention strategies had a similar effect on the empirical networks. The Complete 

Network was the least affected by the implementation of any intervention strategy. 

5.4.2.2 Epidemic curves 

The prevalence curves for the empirical networks were similar in shape, with the 

exception of Empirical Network 2 which was bimodal (Figures 5.5 and S5.1). In all the 

empirical networks, an increase in the vaccination and isolation rates resulted in a 

decrease in the disease prevalence. The difference in the prevalence with increasing 

vaccination rates was the smallest at a 100% isolation rate. The prevalence within each 

isolation level decreased with an increase in the vaccination rate.  For the remaining 

networks, an increase in the isolation (up to a level of 75%) and vaccination rates 

caused a decrease in the prevalence. However, for isolation levels of at least 75%, the 

RMN and Minimal Network presented minimal to no difference in prevalence with an 

increase in the vaccination rate.  

In all cases, other than when an isolation program targeting 75-100% of the infectious 

population was implemented, the incidence curves for the empirical networks all had at 

least 2 distinct peaks (Figures S5.2 and S5.3). Furthermore, an increase in the 

vaccination rate caused a decrease in the first peak height, however, this effect was 

reversed for the second peak. In contrast, the incidence curves for the Complete, RMN, 

and Minimal Networks were unimodal. The peak incidence for the Complete Network 

was the largest in the absence of a vaccination scheme. However, the length of time in 

which new cases were being generated was smaller in the absence of a vaccination 

program than at larger vaccination rates. In general, an increase in the vaccination rate 
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caused a decrease in the incidence until vaccination rates of 75-100% had been 

achieved.  Similar trends were observed in the RMN as the Complete Network, 

however, the RMN exhibited a smaller incidence for all strategies than the Complete 

Network.  Lastly, the shape of the incidence curve for the Minimal Network was vastly 

different from the remaining networks. While the RMN, Empirical, and Complete 

Networks had a distinct peak, the Minimal Network tended to plateau at the peak 

incidence.  

5.5 Discussion 

Limited data exists describing herd-level mixing patterns of agricultural animals (32). 

This data deficiency extends to the equine population making it difficult to develop 

realistic disease transmission models. Therefore, it is not surprising that few 

mathematical modelling studies have focused on facility-wide transmission dynamics of 

equine influenza. Furthermore, the models that have focused on EI tended to assume 

homogenous mixing patterns within the population of interest. Until recently, no 

published data existed to substantiate this assumption, however, a recent study by the 

authors, whose focus was the collection and analysis of contact pattern data, indicated 

that the equine mixing patterns within the participating equestrian facilities did not 

satisfy the homogenous mixing assumption (Chapter 4). The current study used data 

collected with RFID tags to quantify the effects of heterogenous mixing patterns on the 

dynamics of disease spread.  

The networks used in this study were used to assess the effect of two characteristics on 

disease spread dynamics: 1) weighted vs. unweighted networks, and 2) empirical vs. 



 

 

142 

 

theoretical networks. It was hypothesized that the different network structures would 

result in distinct epidemiological outcomes. While this hypothesis was incorrect when 

comparing the dynamics of the unweighted networks, it was correct with respect to the 

weighted networks, in which all of the resulting epidemic curves had different peaks and 

durations. The similarity in the disease dynamics for the unweighted networks can be 

explained by the law of mass action. The law of mass action states that the number of 

new infections when susceptible individuals (𝑆) come in contact with infectious 

individuals (𝐼) is proportional to 𝑆𝐼 (33). The proportionality constant is often referred to 

as the transmission rate, 𝛽, and consists of the contact rate and the probability of 

transmission given an effective contact (34,35).  In each participating facility, groups of 

horses were turned out together, forming a subpopulation in which homogenous mixing 

could occur. During the turnout period, the horses’ halters and the attached RFID tags 

were stored together on the pasture fence, inferring that the horses were in contact for 

the duration of the turnout period. The horses remained in their pastures for the majority 

of the day, until they were returned to their stalls in the evening. The horses were 

removed from their pastures for training and pleasure riding, and during this time, could 

come in contact with horses from the other pastures. Therefore, it is likely that the law of 

mass action occurred on a smaller scale, within the pastures, and could be the reason 

for the similarity in the epidemic outcomes observed. In contrast, in the weighted 

networks, the added characteristic of edge weight contributed to the population level 

heterogeneity and likely influenced the difference in the disease dynamics observed 

between the empirical networks. 
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The degree distribution directly correlates with disease propagation due to its 

relationship with the transmission rate (36–38). Furthermore, the number of direct 

contacts that each node had in the unweighted empirical networks produced consistent 

patterns in the relative degree of each horse compared to the other horses in the 

network (Chapter 4). Since it has been shown that local structure slows disease spread 

when compared to random mixing (39), the underlying structure in the degree 

distribution of the empirical networks can explain the discrepancy in the shape of the 

incidence curves between the theoretical and the weighted empirical networks.  

With respect to the effect of incorporating different interventions in the model, the RMN 

produced similar results to the unweighted empirical networks. This is unsurprising 

since the RMN was generated by averaging the characteristics of the empirical 

networks. In contrast, the Minimal Network had a smaller degree than the empirical 

networks, resulting in a reduced transmission rate, which in turn caused a decrease in 

the disease incidence. Therefore, horses were more likely to be isolated before they 

could transmit the disease to other horses. Conversely, the high node degree in the 

Complete Network caused an associated increase in the transmission rate. The 

increased transmission rate directly affects the law of mass action, resulting in an 

increased disease incidence. Given the high contact rate, it follows that the 

implementation of an imperfect vaccine would be ineffective unless used at high levels. 

Furthermore, the high contact rate caused the disease incidence to increase to 100% by 

the second day of infection, making it impossible to isolate the horses before they 

infected other horses. 
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The implementation of a vaccination and isolation program in combination in the model 

resulted in unexpected patterns in the cumulative incidence. The cumulative incidence 

generally decreased with an increase in the respective intervention strategy. However, 

higher isolation rates used in addition to a vaccination program lead to a non-linear 

trend in the cumulative incidence with increasing levels of vaccination. The non-linear 

trends in the cumulative incidence are likely attributable to a backward bifurcation. A 

detailed description of a backward bifurcation can be found in (40). Briefly, bifurcation 

analysis relates the stability of a system to the basic reproduction number, 𝑅0 (40,41). 

An 𝑅0 < 1 is generally indicative of possible disease eradication, while an 𝑅0 > 1 implies 

disease persistence (41,42). Consequently, a health program should endeavour to 

maximize the realistic intervention strategies in order to decrease 𝑅0 to less than 1. 

However, a backward bifurcation implies that decreasing the 𝑅0 to less than 1 will not 

necessarily eliminate a disease (40,41). Known model structures can cause a backward 

bifurcation, including the incorporation of an imperfect vaccine, multiple groups such as 

multiple susceptible groups with different characteristics, and differential susceptibility to 

infection  (40,41,43). Given the trends in the cumulative incidence with respect to the 

vaccination rate it is likely that the model is portraying a backward bifurcation. 

Therefore, the model results indicated a specific level of vaccination which will minimize 

the cumulative incidence, however, a higher or lower vaccination rate will cause an 

increase in the infection incidence.  Mechanistically, this non-linear relationship can be 

explained by the presence of the imperfect vaccine. At high levels of vaccination, a 

large proportion of the population is likely to be asymptomatic shedders, inhibiting the 
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ability to isolate the infected horses, and increasing disease transmission within the 

population despite high vaccine coverage in the population. 

With respect to the theoretical networks, the cumulative incidence of the unweighted 

Minimal Network was the smallest, and the cumulative incidence of the unweighted 

Complete Network was the largest. The relative cumulative incidence for each of the 

unweighted theoretical networks can be attributed to the network degree which was 

smallest for the Minimal Network, and largest for the Complete Network. These results 

correspond to the study by May et al. (2001), in which the authors examined the effect 

of increasing the average degree with respect to the total number of individuals that 

became infected during the course of the epidemic. The authors concluded that an 

increase in the network connectivity corresponded to an increase in the number of 

individuals infected. Therefore, in networks with a high connectivity, all individuals 

became infected (39).  

The epidemiological results of this study were consistent with the results of Glass et al. 

(2002) in which the authors used a stochastic model to describe the effects of 

vaccination on the epidemiology of EI. Glass et al. (2002) concluded that vaccine 

uptake decreased the epidemic size. The model was validated with data obtained from 

a New York race track. The validation data indicated that the incidence curve was 

bimodal with new cases occurring for a duration of 1 month. The fitted model, however, 

was unimodal with the development of new cases for a duration of 20 days. The 

incidence curves from the current study were also bimodal (for the weighted empirical 

networks), with new cases occurring for 9-15 days. One possible explanation for the 
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discrepancy in the duration of the generation of new cases is the stochastic nature of 

the model. The study results were averaged over 5000 simulations, meaning, that some 

of the longer epidemic durations were likely consistent with the results from the Glass 

study. Furthermore, race facilities are managed differently than sport facilities, and 

these differences may contribute to the difference in results. For example, in order to 

avoid injury, horses at a racetrack may be turned out individually as opposed to the 

group turnouts practiced in the participating equine facilities.  

5.5.1 Study limitations 

While the study results imply an ability to generalize biosecurity strategies for equine 

facilities, there are limitations. First, the network sizes were relatively small.  In their 

study, Glass et al. concluded that the population size did not affect the model outcomes, 

however, this result might not hold for heterogenous mixing patterns. Second, the 

assumption that horses were in contact during turnout might have over-estimated the 

contact rates for the horses that shared a pasture. Tracking the actual contacts between 

the horses that shared a pasture might result in slightly different results, as the number 

of horses that each horse contacted might decrease. Lastly, the complexity of 

incorporating time varying networks in the model made the application of certain 

analyses difficult, including the calculation of 𝑅0, a bifurcation analysis, and the use of 

sensitivity analyses such as Latin Hypercube Sampling and Partial Rank Correlation 

Coefficients.  

Regardless of these limitations, the importance of the underlying contact network 

characteristics on the epidemiological outcomes of disease spread is evident. The 
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similarity in the management styles and schedules of the participating facilities, and the 

associated model results enables the generalization of prevention and control strategies 

for this type of facility. Furthermore, this study emphasizes the importance of using 

detailed empirical networks to describe the contact structure for populations such as 

equine populations which are unlikely to exhibit homogenous mixing.   
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5.7 Tables 

Table 5.1: Demographic information for the participating equestrian facilities. The 
facilities ranged in size, and discipline. Vaccination rates for equine influenza ranged 
from 46-100%. 

*Although all horses were enrolled in the study, one horse left the facility for the duration 
of the study, and therefore was not included in the study 
  

 Facility 1  Facility 2 Facility 3  Facility 4 

Number of horses 
boarded at the facility 

20 28 27 24 

Number of 
participating horses 

20 28 26* 24 

Study date May 2017 May-June 
2017 

June 2017 July 2017 

Facility discipline Dressage  
Eventing  
Jumping 

Dressage 
Jumping 

Dressage Therapeutic 
riding 

Proportion of horses 
vaccinated for equine 
influenza (%) 

85 100 46.2 100 
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Table 5.2: List of parameters and variables used in the network epidemic model. 
Parameter values were obtained from the peer-reviewed literature. The parameter 
symbol represents parameters found in the deterministic analogue (Figure 5.2).  

 
 

Parameter/ 
variable 

Interpretation Value Citation 

𝝆 Proportion of the population that was 
vaccinated 

0-1 (%) Assumed 

𝒑𝒗 Infection probability for vaccinated 
horses 

0.5*𝜏 
 

(19,29) 

𝒑, 𝝉𝟏 Infection probability for unvaccinated 
horses used in the unweighted 
networks 

1 (19) 

𝝉𝟐 Infection probability for unvaccinated 
horses used in the weighted networks 

0.06 Calculated 

𝒄  Number of acts per encounter 1 Assumed a binary 
network 

𝝈𝒗 Latent period for vaccinated horses 2.52 days (19,29) 

𝝈 Latent period for unvaccinated horses 1.75 days (19,29)  

𝜸𝒗 Recovery period for vaccinated 
horses 

2.5 days (19,29) 

𝜸 Recovery period for unvaccinated 
horses 

4.8 days (19,29) 

𝜽 Duration of isolation 14 days Assumed 

𝜼 Proportion of infectious horses 
isolated 

0-1 (%) Assumed 

S Susceptible population   

E Exposed population, i.e. horses that 
are infected but not yet infectious 

  

I Infectious population   

R Recovered population   

Q Isolation compartment for infectious, 
symptomatic horses 
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Table 5.3: Key epidemiological results for the disease transmission model of equine influenza. The weighted, no-
intervention model had an SEIR structure and did not include any disease prevention or control interventions. The 
epidemic model was simulated on different weighted networks including 4 empirical networks (“Empirical Networks 1-4”), 
a network with the average characteristics (average degree, and network size) of the empirical networks (“Random Mixing 
Network”), a Complete Network in which all the nodes were connected to each other, and a network with an average 
degree of 4 (“Minimal Network”). The empirical networks were the most similar to the Minimal Network. The Complete 
Network had the largest epidemic peak and the shortest epidemic duration. 

 Size of epidemic peak  Time of epidemic peak 
(day) 

Duration (days) 

 Prevalence 
(%) 

Incidence 
(%) 

Prevalence 
curve 

Incidence 
curve  

Epidemic 
duration 

Time until 
no new 
infections   

Empirical Network 1 20.0 5.0 9.0 8.0 21.0 10.0 

Empirical Network 2 17.8 10.7 10.0 8.0 24.0 15.0 

Empirical Network 3 37.5 25.0 5.0 2.0 18.0 9.0 

Empirical Network 4 26.9 15.3 8.0 3.0 21.0 10.0 

Random Mixing Network 45.8 37.5 5.0 3.0 18.0 6.0 

Complete Network 54.2 45.8 3.0 2.0 16.0 4.0 

Minimal Network 37.5 16.7 6.0 
 

4.0 19.0 8.0 
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5.8 Figures  

 

 

 

 

 

 

 

 

 

 

Figure 5.1: Sample theoretical networks used in the network epidemic model. Panel a) 
represents the Minimal Network which has an average of 48 edges. Panel b) represents 
the Random Mixing Network which has an average of 87.6 edges. Panel c) represents a 
Complete Network in which each node is connected to every other node. 

  

a)               b)         c) 
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Figure 5.2: Deterministic analogue of the study model. In this model, horses start out 
susceptible to infection (S). A proportion (𝝆) of the susceptible horses are vaccinated 
(𝑺𝒗). Both vaccinated and unvaccinated horses can come in contact. Furthermore, both 
vaccinated and unvaccinated horses can become infected (E), however the rate of 
infection differs between the vaccinated horses (transmission probability = 𝒑𝒗) and 
unvaccinated horses (transmission probability =𝒑). The transmission rate of the 
pathogen between infectious horses (I) and susceptible horses is determined through 
the contact rate (c) and the transmission probability. At the end of the infectious period 
(𝝈 and 𝝈𝒗 for vaccinated and unvaccinated horses respectively), horses can recover (R), 
where it is assumed that they have full immunity to re-infection. A proportion (𝜼) of the 
unvaccinated, infectious horses (I) are isolated (Q). These horses remain in isolation for 
a pre-determined length of time (𝜽), before they move to the recovered compartment. 
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Figure 5.3: Epidemiological results for the model in the absence of interventions. Panel a) contains plots of the 
prevalence over time, and panel b) contains plots of the incidence over time. Similar shaped curves were produced for 
each empirical network. The peak incidence and prevalence for the Complete and Random Networks were larger than the 
Empirical Networks, and the epidemic duration was shorter than the empirical networks. The peak incidence and 
prevalence for 3 of the empirical networks were the smallest, and the epidemic duration for these networks was the 
longest.

a)             b) 
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Figure 5.4: Heat maps of the cumulative incidence (%) when isolation and vaccination were implemented in the 
population. The heat maps represent Empirical Networks 1-4 (panels a-d), the Random Mixing Network (panel e), the 
Complete Network (panel f), and the Minimal Network (panel g). Increasing the proportion of the population isolated 
and/or vaccinated generally decreased the cumulative incidence. However, a non-linear trend in the cumulative incidence 
was observed for high isolation rates used in addition to a vaccination program. Other than a 100% vaccination and 
isolation rate, the implementation of any intervention strategy had minimal effect on the cumulative incidence for the 
Complete Network.

a)                                               b)     c)        d)  
        

 

 

 

 

e)          f)        g) 
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Figure 5.5:  Prevalence plots for Empirical Network 1. Empirical Networks 2-4, the 
RMN, and the Complete and Minimal Networks resulted in similar trends. The plots 
show the effect of varying the proportion of the infectious population that is isolated as 
the proportion of the population that is vaccinated is kept constant. The proportion 
isolated is portrayed with different line colours: red solid line=0%, pink dotted line=25%, 
blue dotted line= 50%, green dotted line=75%, and black solid line=100%. Panels a)-e) 
represent a population in which 0, 25,50, 75, and 100% of horses are vaccinated. For 
vaccination rates of 0-50%, increasing the isolation rate decreased the disease 
prevalence. However, the difference in prevalence due to the increasing isolation rates 
decreased as the proportion vaccinated increased. By a 75% vaccination rate, there 
was no difference in the prevalence with increasing isolation rates. 

a)         b) 

 

 

 

 

c)         d) 
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CHAPTER 6 

 Discussion 

The overarching rationale behind this body of work was to investigate the suitability of 

using the assumption of homogenous mixing to represent the contact rate in equine 

populations. Given the challenges associated with the collection of contact pattern data 

in animal agricultural populations, this thesis presents important concepts and results 

regarding the necessity for the utilization of empirical contact pattern data through the 

documentation of data collection and analysis methods. The thesis involved a series of 

studies, each building upon the previous study, as well as on the necessary knowledge 

for the formation of representative disease transmission models for equine populations. 

The work presented in this thesis began by describing the modified radio-frequency 

identification (RFID) tag functionality and methods of use (Chapter 2). Network analysis 

techniques were used in conjunction with survey-based data to validate the plausibility 

of the contact data collected with the tags. Following the validation stage, the collected 

data were used in a pilot study to assess the feasibility of the study design and to 

document the types of analysis possible with the collected data (Chapter 3). 

Subsequent to the initial test phase of the technology, the RFID tags were used to 

collect contact pattern data for 4 equine facilities in Ontario, Canada (Chapter 4). The 

collected data were used to characterize and compare the contact structure of the 

participating facilities. Given the non-homogenous nature of the empirical contact 

networks, the contact pattern data collected in Chapter 4 were used to inform a network 

epidemic model for equine influenza (Chapter 5). The network model was used to 
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validate the effect of the different contact structures on the resulting epidemiological 

outcomes. Lastly, the current chapter (Chapter 6) focuses on summarizing the main 

findings of the studies, as well as discussing the study limitations and opportunities for 

future work. 

6.1  Summary of key findings 

6.1.1 Feasibility of using the modified RFID tags in agricultural settings 

The modified RFID technology presented a reliable, accessible alternative to other data 

collection methods. From the study participants’ point of view, the technology was non-

invasive, and did not affect the daily management of the facility (Chapter 2). The most 

challenging aspect of the study for the participants in maintaining compliance with 

respect to study design, was to remember to keep the halters with the horses when they 

were being moved from location to location. However, the participants reported that the 

study implementation caused no concern with respect to horse or human safety.  

From a logistical standpoint, the tags were small and inexpensive. The study 

deployment required minimal researcher involvement, limiting researcher interference in 

the daily operating procedures of the facility. The most time-consuming aspect of the 

deployment involved the tag preparation for each facility and included: 1) assigning the 

tags to the participants, 2) creating a representative map of the facility, 3) attaching the 

tags to the horses’ halters, 4) collecting the tags at the completion of the data collection 

period, 5) uploading the data onto the computer, and 6) clearing the tags’ memory 

(Chapter 2). 
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In terms of the quality and quantity of the collected data, the tags recorded large 

amounts of data (up to 524,288 interactions) that were subsequently validated with 

survey-based information (Chapters 2 and 3). The majority of the collected data was in 

agreement with the survey-based data, however, there were some limitations noted, as 

well as some inconsistencies in the recorded data. For example, tags were fixed to key 

locations around the facility such as the wash stall, barn areas, and riding areas. 

Although these tags were stationary during the study period, one wash stall tag was 

recorded as having come in contact with a tag located within the barn area. This type of 

inconsistency did not occur often and is likely attributable to the limitations inherent 

within radio-wave technology, such as the proclivity for signal distortion and interference 

(1) . Furthermore, many of the tag batteries lost charge by the end of the study period (7 

days). For example, 12-56% of the tags deployed within the participating facilities 

recorded data for less than 6 days of the study, while 44-88% of the tags stopped 

recording data during the 6th study day. The short recording period can be attributed to 

minimal use (i.e. the tags that were located at the facility perimeter were only activated if 

a horse left the facility during the study period), while the short battery life can be 

attributed to the colder temperatures combined with the high communication 

frequencies (Chapter 2). High communication frequencies were especially common for 

the tags that were used by human participants, as these tags were stored together 

when not in use, resulting in a constant signal transmission and recording process.  
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6.1.2 Network analysis and the resulting network characteristics 

The data were aggregated into 24-hour periods based on the assumption that most 

equine facilities have routine standard operating procedures that result in a 24-hr 

repetitive pattern, as well as the plausible variation in the contact patterns during this 

time (Chapters 2-4). The resulting networks were analyzed using both traditional 

network analysis techniques, such as the calculation of centrality measures, as well as 

non-traditional methods, such as the assessment of the generalizability and 

predictability of the contact patterns (Chapters 3-4). The comparison of the network 

characteristics between the larger facilities that boarded 20-28 horses, identified similar 

trends for each of the facilities (Chapter 4). Briefly, the network density seldom 

exceeded 0.5, implying that the majority of horses contacted less than 50% of the 

horses within the facility. Furthermore, while the week-long series of static networks (1 

per day) for each facility contained multiple components, the static, day-long networks 

were not always comprised of multiple components.  None of the networks resulted in 

contact patterns that would be considered representative of homogenous mixing within 

the population, with the majority of the recorded contact occurring between horses that 

shared a pasture. The contact patterns were relatively similar between study days for a 

given facility, with 11- 62% of identical contacts recurring within the study period. 

Similarly, survey collected data regarding a horse’s stall and pasture location enabled 

the prediction of ~9-80% of the RFID recorded contacts. These ranges are large and 

are therefore not optimal for high accuracy predictions of contact patterns. Furthermore, 

the survey-based network that was used to predict the contact patterns was assumed to 
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be static throughout the week. This assumption is unrealistic as horses can be assigned 

to different pastures and stalls over time. Regardless of these limitations, given the 

importance of heterogenous contact patterns on disease dynamics, the ability to predict 

even small amounts of contact pattern data is useful for situations where minimal data is 

available.  

In terms of the node-level centrality, for a given facility, horses with a higher degree 

relative to the other horses in the network on any given day, always maintained a higher 

degree than the other horses throughout the study period (Chapter 4). The normalized 

degree ranged between 0.00-0.80, 0.00-0.96, 0.00-0.68, and 0.00-0.83 for each facility, 

while the betweenness ranged between 0.00- 0.60, 0.00-1.00, 0.00-0.71 and 0.00-0.78 

for each facility.  These results indicate the possibility of a large range of 

epidemiological outcomes given the introduction of a disease into the population.  For 

example, the degree, which refers the number of direct contacts that a node of interest 

had in the network (2), directly relates to the routes of direct disease transmission. 

Consequently, if a horse with a degree of 0 were to become infectious (e.g. when the 

horse left the facility), then the horse would be unable to transmit the disease to any 

other horses. Alternatively, if a horse with a normalized degree of 0.8 were to become 

infectious, then there is a possibility that the horse would transmit the disease to 80% of 

the population. Betweenness represents the probability that the shortest path between 

any two nodes will pass through the node of interest (2). Nodes with a high 

betweenness are said to be cut-points, i.e. nodes whose removal will result in the 

segmentation of the network (3), thus inhibiting transmission between the network 
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segments. Therefore, the identification of nodes with a high betweenness, e.g. 0.78, can 

be used to control and minimize disease spread within the network.  

Lastly, an exponential random graph model analysis did not produce consistent results 

for all 4 facilities. However, for 2 of the 4 facilities, the distance parameter, measuring 

the Euclidean distance between horses’ stalls or pastures, was always negatively 

correlated with the probability of forming a contact. This result was statistically 

significant (Chapter 4). The lack of consistency between facilities makes it difficult to 

infer a relationship between the distance parameter and the probability of edge 

formation. However, in the two facilities for which the distance parameter was 

significant, the majority of the contact occurred between horses that shared a pasture. 

The relationship between the distance variable and the probability of edge formation for 

these two facilities implies a potential correlation between the horses that shared a 

pasture and the probability of edge formation. This probable correlation is important as 

most of the horses in the participating facilities shared a pasture with other horses. 

Moreover, the horses in each participating facility were in the pasture for the majority of 

the day, and some horses stayed in the pasture overnight. Since horses are gregarious 

animals (4), significant amounts of contact is likely to occur between the horses that 

shared a pasture, resulting in the potential for disease transmission between the horses 

within the pasture. Therefore, further research should be conducted to quantify the 

implications of shared pastures on the probability of edge formation and the associated 

disease dynamics. 
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6.1.3 Necessity of using the RFID tags to collect and record contact data 

The work presented in this thesis evaluated different aspects of the utility of collecting 

and utilizing empirical contact data. Briefly, although the empirical networks were not 

representative of homogenous mixing, the associated network models resulted in 

similar epidemiological outcomes. Hence the interpretation of the results are variable.  

However, overall, the added structure within the empirical networks compared to 

theoretical networks contributed to the disease dynamics resulting from the network 

model simulations, demonstrating the importance of using non-homogeneous, empirical 

mixing patterns for populations that are unlikely to exhibit random mixing.  

The Jaccard similarity index was used to assess the generalizability and predictability of 

the networks. With respect to the pilot study, 53.6-73.9% of the horse-to-horse contacts 

recurred over the study period (Chapter 3). Furthermore, interpretation of data detailing 

each horse’s stall and pasture location enabled the prediction of 50-75% of the tag-

recorded contact events (Chapter 3). Similar trends in contact event prediction were 

recorded in the larger facilities in which 32.6-55.7%, 11.1-55.5%, 11.5-55.5%, and 35.0-

62.3% of contacts were repeated throughout the study week for facilities 1-4 (Chapter 

4). Knowledge about the facilities’ standard operating procedures enabled the prediction 

of 24.2-40.0%, 8.7-62.4%, 13.2-51.9%, and 45.9-61.4% of the daily contact patterns for 

facilities 1-4, respectively. In light of the large prediction ranges, the gold standard 

would be the collection of a full set of detailed contact data. However, for logistical 

reasons, it is not always feasible to collect such data. These results indicate that in the 
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case of little to no available data, it is possible to infer contact patterns given knowledge 

of the types of contact that are likely to occur within the population.  

The empirical (RFID collected data) facility-level contact patterns did not conform to the 

assumption of homogenous mixing for the equine facilities examined (Chapters 3 and 

4). These results support the importance of utilizing empirical network data given the 

perceived impacts (i.e. the over- or-underestimation of the epidemiological outcomes) of 

homogenous mixing patterns on disease dynamics. Interestingly, when the empirical 

networks were used to inform the contact rate of a disease transmission model (Chapter 

5), the resulting epidemic curves were similar for all of the four empirical networks. 

Furthermore, the similarity in trends with respect to the disease prevalence curves 

extended to a random network with similar characteristics (average degree and network 

size) to the empirical networks. When the epidemiological outcomes obtained with a 

minimal network (i.e. a network in which each horse could contact an average of 4 other 

horses) were compared to the outcomes from the empirical networks, the minimal 

network resulted in a smaller epidemic peak and a longer epidemic duration than the 

networks informed by the empirical data. Lastly, a comparison of the empirical networks 

to a complete network resulted in a higher epidemic peak, and a shorter epidemic 

duration for the complete network. Interestingly, the structure gained from the empirical 

networks resulted in a bimodal incidence curve compared to the unimodal incidence 

curve that resulted from the theoretical networks. The outcomes from this study 

(Chapter 4) suggested that networks with comparable characteristics will result in 

similar epidemic outcomes. Therefore, it may be possible to generalize the effect of 
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disease prevention and control strategies for facilities with similar characteristics and 

management styles.  Lastly, due to the challenges associated with the collection of 

empirical contact data, theoretical networks are often used as a basis for network 

epidemic models. While the theoretical networks have known characteristics that aid in 

the selection of appropriate networks, the difference in the structure of the incidence 

curves generated with the empirical networks compared to the theoretical networks 

reinforced the importance of using empirical contact data for populations which are not 

likely to exhibit random mixing. 

6.1.4 The effect and feasibility of different disease control intervention strategies  

Disease transmission model outcomes can be used to make improved decisions 

regarding disease prevention and control recommendations (5). The usefulness of the 

model outcomes, however, rely on the feasibility of the proposed intervention strategies, 

the characteristics of the population, and financial constraints. Hence, to examine the 

epidemic potential of an equine infectious agent, equine influenza was modelled within 

different contact networks. Interventions such as the proportion of the horse population 

vaccinated and the proportion of the infectious population isolated were assessed 

(Chapter 5). In the absence of an isolation program, an increase in the proportion 

vaccinated resulted in a decreased cumulative incidence. The decrease in the 

cumulative incidence, however, was gradual and required at least 50-75% of the 

population to be vaccinated.  In contrast, the implementation of an isolation-only 

program resulted in a distinct decrease in the cumulative incidence as the proportion of 

infectious horses isolated was increased. The cumulative incidence was minimized with 
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a combined vaccination and isolation program, specifically, when a 100% isolation rate 

and 25-50% vaccination rate had been achieved. Overall, the implementation of any 

intervention strategy resulted in a decreased cumulative incidence compared to the 

base case scenario in which no interventions were used.    

With respect to intervention feasibility, the participating facilities reported a 46-100% 

vaccination rate for equine influenza (Chapter 5). Furthermore, the majority of the 

facilities did not have a designated isolation barn, but rather an isolation stall in the main 

barn which is unlikely to offer the same protection as a designated isolation barn. 

Additionally, the presence of a single isolation stall as opposed to a designated barn 

limits the number of horses that can be isolated at the same time. It is important to 

consider the availability of such resources when developing a biosecurity plan, 

especially considering the non-linear interaction identified between the vaccination and 

isolation interventions. Although some intervention strategies will produce more optimal 

results than other strategies, the implementation of any intervention strategy will aid in 

reducing the cumulative incidence in the population. Therefore, an appropriate 

biosecurity strategy should be selected based on the population characteristics given 

the range of possible outcomes. 

6.2 Limitations 

Although no data or data collection technique is free from error or bias, it is important to 

describe the limitations of this study. First, the participating facilities were selected using 

a convenience sampling technique. While this sampling technique enabled the selection 

of facilities with favorable characteristics such as the willingness to participate in the 
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study, the sampling technique resulted in a non-random selection of facilities. The non-

random nature of the participating facilities has implications in the ability to generalize 

the study results due to the limited variability in the facility characteristics such as the 

facility type and size. While the inclusion of similar facilities enabled a direct comparison 

between the study outcomes, it limited the ability to generalize the results to other types 

of facilities within Ontario (Chapters 4 and 5). Since contact patterns are likely to differ 

based on the facility type and size, the collection of contact data from facilities with a 

range of demographics will aid in the ability to better generalize equine contact pattern 

characteristics within Ontario and the associated epidemiological outcomes.  

Equine contact patterns are likely to change throughout the year. For example, the 

competition season in Ontario occurs predominantly during the summer months, during 

which time horses are more likely to leave the facility to compete. In contrast, horses 

are likely to remain within the facility during the winter months as the competition 

options are limited in the winter. The data collected for this thesis did not span multiple 

seasons, and therefore, our data may not permit for year-round inference. 

The network sizes used also presented a limitation to the thesis. The facilities used in 

the comparison of the contact networks and network models boarded 20-28 horses 

(Chapters 4 and 5). This small network size, made it difficult to carry out certain 

statistical analyses such as exponential random graph models. However, the small 

population sizes are characteristic of many equine facilities, with an estimated average 

of 7.89 horses per equine facility in Ontario (6),  and methods should be developed to 

analyze such small networks. 
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The use of the RFID technology in the data collection process has inherent limitations 

ranging from the functionality of the technology to participant compliance. The 

limitations impacted the study in the following ways: 

• With respect to the tag performance, the tags exhibited a short battery life 

of 7 days (Chapters 2-4). Although this might have been exacerbated by 

the colder temperatures (Chapters 2 and 3), the problem continued in 

subsequent studies that took place during the summer (Chapter 4). 

• The nature and functionality of the radio-wave signals meant that the tags 

could not read through a body mass (7). This limitation affected the 

sensing ability of the tags that were on horses that were not facing each 

other. Although this is a barrier to collecting accurate contact data, we felt 

this was a reasonable limitation for equine contact structures and the 

nature of equine respiratory diseases.  Equine respiratory diseases such 

as equine influenza are often transmitted through nose-to-nose contact 

and aerosolized respiratory droplets (8) and therefore, the limitation of a 

recorded contact between horses that did not have direct contact was not 

considered a marked limitation for the work presented.  

• Data collection only occurred between individuals (i.e. horse to horse, 

horse to people, people to people) wearing the tags (9). This limitation has 

the potential to cause information bias since human participants (trainers 

and owners) reported forgetting to keep the halter with the attached tag 

with the assigned horse at all times during the study. This bias could have 
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resulted in the collection of data representing contacts that did not actually 

occur (i.e. a trainer carrying halter around barn) and a failure to record 

contacts that did occur (i.e. horses that came in contact in the riding 

areas). Similarly, the placement of the tags on the pasture fence while the 

horses were turned-out resulted in the potential to over-represent the 

contact frequency that occurred during this period (Chapters 2-4). 

However, since horses are known to be sociable animals (4), they are 

likely to come in contact while in the pasture. Additionally, the overall 

purpose of the data collection portion of this thesis was to collect 

information on the contacts that could enable disease transmission 

between the horses. Therefore, it was not important to collect detailed 

contact data, but rather the general contacts that occurred within each 

day. 

The applicability of disease transmission models often stems from the suitability of the 

parameters used in the model (10). However, there is a limited amount of recorded 

incidence data for equine influenza in Canada. This limitation largely affected the 

capacity for model validation (Chapter 5). Furthermore, the scarcity of detailed data 

regarding vaccine efficacy may have affected the model predictions. While this 

uncertainty can often be addressed using sensitivity and uncertainty analyses (11) , the 

implementation of such analyses in the current framework was computationally 

demanding. Although there is reported variation in parameters such as the vaccine 
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efficacy, as well as biological parameters such as the recovery rate (12), the model was 

unable to quantify the effect of the parameter ranges on the model outcome. 

The model complexity also impacted the ability to calculate measures describing the 

disease influence such as the basic reproduction number (𝑅0). The calculation of 𝑅0 can 

be accomplished with both mathematical and epidemiological methods (13). Traditional 

mathematical methods consider the mechanisms of disease transmission in the 

calculation of 𝑅0 through methods such as the next generation matrix and the Jacobian 

matrix (13). In contrast, epidemiological methods often use incidence data to calculate 

the 𝑅0 with methods such as the final size equation (13). However, the implementation 

of these methods such that they consider both the underlying contact network structure 

and the disease dynamics is complicated. Such a calculation has been documented for 

a susceptible-infectious (SI) model (14), however, given the complexity of the process 

for a simple model it is unrealistic to implement a similar analysis for the SEIR model 

used in this thesis.  

Despite these limitations, the methodologies presented in this work provide a starting 

point for the characterization and implementation of contact networks to inform disease 

prevention and control strategies for equine populations. In comparison to other data 

collection methods, the RFID tags enabled the collection of large data sets that 

contained a high level of detail regarding the contact patterns of the entire participant 

pool. The collected data validated the hypothesis that equine contact patterns are not 

likely to be homogenous. Additionally, the data analysis enabled an in-depth 
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characterization and comparison of similar types of equine facilities.  The consistency in 

the model results for each of the participating facilities suggests an ability to generalize 

the results to inform biosecurity strategies for similar types of facilities. To conclude, the 

modified RFID tags and the ensuing analysis contributed to the current knowledge of 

equine contact patterns and the disease dynamics within southwestern Ontario, 

Canada. 

6.3 Future work 

The work in this thesis provides a starting point for the characterization of equine 

contact patterns in Ontario, and the related disease spread dynamics. As such, it paves 

the way for future work in this domain in the following areas: 

• The need for the collection of Canadian equine disease outbreak data: while 

equine disease surveillance efforts have been initiated (15),  there is currently a 

deficit of recorded epidemic and endemic disease incidence data for Canadian 

equine populations. Disease incidence data is useful for many aspects of the 

modelling process including model parameterization through data fitting 

processes, and model validation (16). Therefore, the ongoing collection of 

Canadian specific incidence data will enable the formation and analysis of more 

useful and relevant models.  

• Knowledge about the efficacy of intervention strategies: the continual 

evolution of the equine influenza virus due to antigenic drift implies a need for 

continuing surveillance efforts (17). The continual research into the vaccine 
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efficacy is important for both clinical and research purposes, as an up-to-date 

estimate of the vaccine efficacy can be used to accurately simulate the 

epidemiology of equine influenza given various intervention strategies.  

• The application of similar methods for other infectious equine diseases: 

disease transmission models can contribute to policy development (5). This is 

largely due to a model’s ability to aid in the formulation of informed predictions in 

an ethical, and cost and time efficient manner. While disease transmission 

models have been used for many human and animal populations, few models 

have been used to study equine infectious diseases. This is likely due to limited 

recorded incidence data, vaccine efficacy data, and natural history parameters 

for equine diseases. Therefore, future work should concentrate on the collection 

and application of this type of data to other equine infectious diseases. 

• Applying network models to different types of facilities and environments: 

this thesis provided a starting point for the collection and analysis of empirical 

contact pattern data within equine facilities in Ontario, Canada. Future work 

should include the characterization of equine facilities varying in size and type, 

e.g. racing facilities and facilities that board a larger number of horses (e.g. > 50). 

The collection of this type of data would enable the formation of a representative 

database from which it would be possible to further the characterization and 

study of equine facilities. The analysis of a range of facility types would further 

enable the application of the results to create an effective biosecurity strategy for 

a broader range of facility types. 
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• Combining the facility level models to form a metapopulation model: this 

thesis collected equine contact patterns within equine facilities. While this is an 

important aspect of the disease transmission process, horses often leave the 

facility, increasing the potential for disease transmission and acquisition (18). 

Previous studies have focused on conducting a network analysis of equine 

movements between facilities (18). However, there are currently no studies that 

use empirical data to describe both the within-facility dynamics coupled with the 

between-facility dynamics. Therefore, future work should include a meta-

population model that describes the disease dynamics when both within-facility 

transmission and between-facility transmission are considered.  

• Advancing analytical methods for network models: the network modelling 

framework used in this thesis provided the ability to generate increasingly 

realistic models. This increased realism stemmed from the ability to simulate both 

the underlying network, as well as the disease dynamics that occurred within the 

population. This complexity however, created a challenging environment for the 

computation of known mathematical constructs, such as the basic reproduction 

number, as well as standard sensitivity and specificity methods such as Latin 

Hypercube Sampling (LHS) and the computation of Partial Rank Correlation 

Coefficients (PRCC). Therefore, future work should concentrate on developing 

computationally accessible methods for these types of analyses.   
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6.4 Concluding remarks 

This thesis provides a holistic start-to-finish approach for the analysis of the epidemic 

potential in equine populations using equine influenza as a case study. The consistency 

in the results for each participating facility implies a similarity in the underlying contact 

structure of similar facility types. These similarities lay the groundwork for the ability to 

generalize the effect of different biosecurity measures and the associated epidemic 

outcomes which can be used to inform both policy makers and individual facility owners. 

The methods and results discussed within this thesis provide the means to produce 

more realistic disease transmission models that can be used to aid in equine biosecurity 

recommendations and emergency preparedness. 
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APPENDICES 

 Appendix 1: Supplementary materials for Chapter 3 

Table S3.1: Classification table output to assess the effectiveness of the survey 
collected data for predicting contacts. The networks formed with the tag-collected data 
represents the gold standard and the network formed with information from the survey 
represents the test. The test sensitivity always correctly predicted the existence of 
contacts, however, the specificity was relatively low, indicating an inability to correctly 
predict an absence of contacts. Both the positive and negative predictive values were 
relatively high (> 0.5). 

 Day 

 1 2 3 4 5  6 7 

Sensitivity 1.00 1.00 1.00 1.00 1.00 1.00 1.00 

Specificity 0.33 0.24 0.24 0.24 0.22 0.23 0.20 

Positive 
predictive 
value 

0.75 0.61 0.61 0.61 0.56 0.58 0.50 

Negative 
predictive 
value 

1.00 1.00 1.00 1.00 1.00 1.00 1.00 
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Figure S3.1: Complete set of network graphs for each day of the study period (panels 
a-g represent days 1-7 respectively). Nodes are laid out in a similar configuration to the 
horses’ stall locations. The node shape is coded according to the horses’ pasture 
locations. 
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Figure S3.2: Complete set of heat maps for each day of the study period (panels a-g 
show the heat maps from days 1-7 respectively). Darker cells represent longer 
durations (hours) of contact between horses. 
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Figure S3.3: Complete set of heat maps aggregated by aisle for each day of the study 
period (panels a-g show the heat maps from days 1-7 respectively). Darker colors 
represent longer durations (hours) of contact between horses in the respective wings. 
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Figure S3.4: Plot of Jaccard distance index between the survey acquired network and 
the tag acquired networks. The static survey acquired network was compared to each 
day of the tag acquired network. All study networks shared at least 50% of contacts with 
the survey-based network. 
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 Appendix 2: Supplementary materials for Chapter 4 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure S4.1: A complete set of heat maps showing the contact duration (hours per day) 
for each pair of horses on facility 1. Horses are grouped by pasture. Each section on the 
pasture axes, indicated with alternating colours, represents a group of horses that 
shared a pasture. The panels progress from day 1 (panel a) to day 7 (panel g). 
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Figure S4.2: A complete set of heat maps showing the contact duration (hours per day) 
for each pair of horses on facility 2. Horses are grouped by pasture. Each section on the 
pasture axes, indicated with alternating colours, represents a group of horses that 
shared a pasture. The panels progress from day 1 (panel a) to day 7 (panel g). 
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Figure S4.3: A complete set of heat maps showing the contact duration (hours per day) 
for each pair of horses on facility 3. Horses are grouped by pasture. Each section on the 
pasture axes, indicated with alternating colours, represents a group of horses that 
shared a pasture. The panels progress from day 1 (panel a) to day 7 (panel g).  
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Figure S4.4: A complete set of heat maps showing the contact duration (hours per day) 
for each pair of horses on facility 4. Horses are grouped by pasture. Each section on the 
pasture axes, indicated with alternating colours, represents a group of horses that 
shared a pasture. The panels progress from day 1 (panel a) to day 7 (panel g). 
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 Appendix 3: Supplementary materials for Chapter 5 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure S5.1: Prevalence plots for Empirical Network 1. Empirical Networks 2-4, the 
RMN, and the Complete and Minimal Networks resulted in similar trends. The plots 
show the effect of varying the proportion of the population that is vaccinated at the start 
of the model as the proportion of the infectious population that is isolated is kept 
constant. The proportion vaccinated is portrayed with different line colours: red solid 
line=0%, pink dotted line=25%, blue dotted line= 50%, green dotted line=75%, and 
black solid line=100%. Panels a)-e) represent a population in which 0, 25, 50, 75, and 
100% of horses are isolated. For vaccination rates of 0-75%, increasing the isolation 
rate caused a decrease the disease prevalence. However, the difference in prevalence 
due to the increasing isolation rates decreased as the proportion vaccinated increased. 
By a 100% isolation rate, there was minimal difference in the prevalence with increasing 
isolation rates. 
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Figure S5.2: Incidence plots for Empirical Network 1. Empirical Networks 2-4, the RMN, 
and the Complete and Minimal Networks resulted in similar trends. The plots show the 
effect of varying the proportion of the infectious population that is vaccinated as the 
proportion of the population that is isolated is kept constant. The proportion vaccinated 
is portrayed with different line colours: red solid line=0%, pink dotted line=25%, blue 
dotted line= 50%, green dotted line=75%, and black solid line=100%. Panels a)-e) 
represent a population in which 0, 25,50, 75, and 100% of horses are isolated. A 
difference in incidence due to the proportion isolated was observed after the first peak in 
infections.  By 75% vaccination coverage, there was minimal difference in in the number 
of new infections with an increase in the isolation rate, and by 100% vaccination, there 
was no difference in the disease incidence with an increase in the isolation rate. 
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Figure S5.3: Incidence plots for Empirical Network 1. Empirical Networks 2-4, the RMN, 
and the Complete and Minimal Networks resulted in similar trends. The plots show the 
effect of varying the proportion of the infectious population that is isolated as the 
proportion of the population that is vaccinated is kept constant. The proportion isolated 
is portrayed with different line colours: red solid line=0%, pink dotted line=25%, blue 
dotted line= 50%, green dotted line=75%, and black solid line=100%. Panels a)-e) 
represent a population in which 0, 25,50, 75, and 100% of horses are vaccinated. The 
plots were bimodal, except for when high isolation rates (100%) were implemented with 
low vaccination rates (0%). An increase in the vaccination rate caused a decrease in the 
size of the first peak. With the exception of 0% vaccination rate, increasing the 
vaccination rate had no effect on the size of the subsequent peaks.  
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