Copyright is owned by the Author of the thesis. Permission is given for a copy to be downloaded by
an individual for the purpose of research and private study only. The thesis may not be reproduced

elsewhere without the permission of the Author.



Integrating host population contact structure
and pathogen whalenome sequence data

understanthe epidemiology of infectious diseases

A thesis presented in partial fulfilment of the requirements for the

degree of Doctor of Philosophy

Masey University, Manawat

New Zealand

Sabring. Greening

2@0






Abstract

With advances in higlroughput sequencing technologies, computationaldndlogy
evolutionary modelling, pathogen sequends that@asingly being used to inform
infectious disease outbreak investigations; supporting inferences on the timing and
directionality of transmission as well as providing insights into pathogen evolutionary
dynamics and the development of antimicrobial resistance. This thesis focuses on the
application of pathogen wig#gaome sequence data in conjunction with social network
analysis to investigate the transmission dynamics of two important pathogens;

Campylobacter jejamidStaphylococcus aureus

Thefirst four studies centre around the recent emergence of an antimicrobial resistant C.
jejuni strain that was found to have rapidly spread throughout the New Zealand
commercial poultry industry. All four studies build on the results of an industry survey
that were not only used to determine the basic farm demographics and biosecurity
practices of all poultry producers, but also to construct five contact networks representing
the on and offfarm movement patterns of goods and services. Contact networks were
used in study one to investigate the relationship betwlegelfaomtact risk pathways

and the reported level of biosecurity. However, despite many farms having a number of
contact risk pathways, no relationship was found due to the high level of variability in

biosecurity practices between producers.

In study two the contact risk between commercial poultry, backyard poultry and wild
birds was investigated by examining the spatial overlap between the commercial contac

networks and (i) all poultrantsactions made through the online auction website



TradeMe® and, (ii) all wild bird observations made through the online citizen science bird
monitoring project, eBird, with study results suggesting that the greatest risk is due to the
growing number ohkne trades made over increasingly long distances and shorter

timespans.

Study three further uses the commercial contact networks to investigate the role of
multipletransmission pathways on the genetic relatednes< ofejiévisolates

sampled froracross 30 commercial poultry fdermutational multivariate analysis

of variance and distabesed linear modeksreusedoexplorghe relative
importance ofetwork distances pagentiatleterminants ¢fepairwise genetic
relatednegsetweetheC. jejunisolates, with study results highlighting the importance

of transporting feed vehicles in addition to the geographical proximity of farms and the

parent company in the spread of disease.

In the last of the four C. jegptimdies, a compartrtedrdisease transmission model was
developed to simulate both the spread and sequence mutations across an outbreak within
the commercial poultry industry. Simulated sequences were used in an analysis mirroring
the methods used in study three in ordelidaterdhe approaches examining the
contribution of local contacts and networks contacts towards disease transmission.
additional analysis is also performed in which the simulated sequence data is used to infer
a transmission tree and explore the use of pathogen phylogenies in determining who

infectedwwhomacross different model systems.

A further study, motivated by the application of whole genome sequence data to infer
transmission, investigated the spread of Swéhnetise New Zealandrgandustry.

This study demonstrated how wipet®me sequence data can be used to investigate
pathogen population and evolutionary dynamics at multiple scales: from local to national

and international. For this study, the genetic relatedness bebtweenderived S.



aureussolates sampled from across 17 New Zealand dairy herds were compared with 5€
S. aureusolates that had been previously sampled and characterised from humans and
domestic pets from across New Zealand and 103 &okliesusvected from

GenBank that included both human and livestock isolates sampled from across 19
countries. Results from this study not only support evidence showing that the movement
of live animals is an important risk factor for the spread of, Suatseshow that

using cattlracing data alone may not be enough to fully capture the between farm

transmission dynamicssofureus

Overall, by using these two pathogen examples, this thesis demonstrates the potential u:
of pathogen whajenome sequmn data alongside contact network data in an
epidemiological investigation, whilst highlighting the limitations and future challenges
that must be considered in order to continue to develop robust methods that can be usec
to reliably infer the transmissind evolutionary dynamics across a range of infectious

diseases.
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A tanglegram of the maximikaelihood tree showing the
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the putative glycolate oxidase subunit D. The figure |
created using the online tool Interactive Tree of Life (iTOL)
(v4.4.2)

Second stage metric multidimensional scaiip$)
ordination plots showing proximities (rank imatr
correlations) between the allelic dissimilarity |
(“allelic”) and each of several model distance matrices: “euc”
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parent company distance. Superimposed on each plot is the
minimum spanning tree (MST). TREXS plot shown in (a)
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Schematic diagram showing an overview @
Campylobactéransmission model among three individual
farms at timeR. Each farm has a fixed number of

housing a fixed number of birds with the shed
indicating its infectious status (yellow: infectious and blue:
norrinfectious). When Campylobdittrenters a shed, the
within shed prevalence of Campyloftad®yrsis modelled

using an MSEI compartment model (1) with the number of
infected birds recorded in each time step. The within shed
prevalence is used to determine the likelihood of transmiggign
between sheds in the same flock (2) indicated by the vertical
arrows in farm 1 where transmission has occurred from shed
1 to shed 2 and from shed 2 to sheds 3 and 4. Transmission
between flocks (3) can occur via two mechanis
indicates spread from farm 1 to farm 3 due to a direct contact
in the networkshowing the movement of transpo
vehicles (horizontal arrow) whilst (3b) indicates spread from
farm 1 to farm 2 due the spatial proximity of the production
premises (dashed boxes)

Schematic showing the MSEI deterministic compar

model where solid horizontal lines indicate the movement of
birds between compartments whilst dashed vertic
represent birds leaving the compartment due a backargagd
mortality rate §. In the radel all dayolds chicks start
immune (M) with maternal antibodies decaying at a constant
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rate (@ensuring that all chicks become susceptible (S) within
2-3 weeks. If infected one susceptible bird was moved to the
exposed group (E) after which, easdpsibke individual in

the infected shed received the force of inféctbl fate

that varied as a function of the number of infe
individuals in the shed; such that,I(). Once exposed,

birds transitioned into the infectious group (I) at a constant
rate (A reflecting a latency period of 1.5 days in
exposed birds remained infected but not yet infectious and so
therefore did not contribute to the force of infection. Birds in
the infected group (I) were assumed to be persistently infected
for the remaining duration of the production cycle

A schematic diagram showing a network graph (le

could have been constructed from survey respon:
vertices (V) belonging to different groups; for example, V1 (1,
2, 3 and 4) represent poultry farms whilst V2 (A, B, C and D)
represent those transporting companies reported

delivered goods or services to the connected farm. This graph
can be used to construct the network on the righ
contains just the vertices from the V1 dgreypn{y the P-
poultry farms that responded to the survey), with
between vertices that share a common vertex belonging to the
V2.group. For example, the green dashed edge connects farm
1 and farm 4 in the rigitand graph due to the sment of

waste and litter shown in thehiafid graph by transporting
company C

225

A schematic diagram showing how to calculate tl
probability P) of a new infection occurring in an uninfected
shedi(e.,Shed 2, Farm 2: shown in blue) from an infected
shed (shown in yellow). In this example no infection can
result from a movement in either the waste network, or the
live bird and hatching egg network as the farms do not share
the same transporting compaiiiesrefore, both &dP;

are equal to 0. However, there is a probability of p.228
becoming from Farm 1, in which all shed are infected, due to
either the close proximity of the two farms (indicated by the
dashed lines) and the probability of a Iotzadtd®), or via

a contact in the feed netwigjk &s both Farms 1 and 2 share

the same feed company. Shed 2 could also become infected
via contact with the other infected shed on thiesfg8hed
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1, Farm 2). Therefore, the total probability of 2
becoming infected is:[1-P)) x (P, X (2Ps)]

(a) A schematic diagram representing a transmission
containing three different transmission chains as indicated by
the colour of the lines (blue, red and black). In this example,
the primary case is Farm 1, who directly infects Farm 5 (blue
chain), Farm 6 (red chain), and Farm 8 (black chain). There
is then onward transmission from both Farms 5 and 6 as
indicated by the direction of the arrows in each of the chains.
(b) slows the corresponding network that has been inferred
using pathogen sequence data. In the network th
transmissions between Farm 1 and Farm 6, Farm 1 apda3gm
8, and Farm 7 and Farm 4 have been correctly identified, as
indicated by the solid lines. Indirect transmission between
Farm 1 and Farm 2 as well as between Farm 6 and Farm 7 has
also been correctly identified, as indicated by the dashed line,
meaning that these farms are not direct contacts in (a) but are
in the same transmission chain. Deydfie proportion of
infectious contacts correctly identified is 42.9% (3/7), whilst
proportion of contacts in a transmission chain cc
identified 71.4% (5/7)

Histograms showing the pairwise Euclidean distans
between (a) all commercial broiler farms in New Zealand (n
= 156 with 12,090 pairwise distances) with the ari

mean indicated by the dashed red line, and (b) the proBt%l?iZn
of pairwise Euclidean distance within 7km of eac
(480/12,090, 4.0%)

Epidemic curves showing the proportion of all broile

(n = 156) that got infected on each day across
simulations which the outbreak ran for the full 36
including (a) 99 simulations with both local and ni
contacts, (b) 61 simtibns with only network contacts, 5%1839
(c) 96 simulations with only local contacts. The red line on
each graph indicates the mean across all the
simulations

Boxplot showing the cophenetic correlation coefficie

99 model simulatienincluding both network and Ic p.241
contacts (blue), 61 model simulations including only network
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contacts (yellow), and 96 model simulations includil

local contacts (green) with values in the graph representing
the minimum, maximum, median, first quartile and third
quartile in the data

Boxplot showing the Spearman’s rank matrix corl

(rho between the model matrices for (a) the Eu
distance between poultry farms, (b) the feed network, (c) the
waste and litter network and, (d) the liv bird and hatching
eggs network and the genetlistance matrix between all
simulatedC. jejuniseuences sampled on theé" 88y of p.242
each model simulation including 99 simulations with both
network and local contacts (blue), 61 simulations with only
network contacts (yellow), and 96 simulations with only local
contacts (green). Values in the gragseat the minimum,
maximum, median, first quartile and third quartile in the data

(a) shows one contrasting pair (blue bran6l®s) dvhilst

(b) shows another contrasting pair on the same ti
branches;-1|30), however the maximum number of non
intersecting, contrasting pairs in the tree remains as one due
to the common branches, highlighted in green, shared by both
contrasting pairs. The “begtking is theedpair with both

the gene and the trait present whilst thef ‘woking is p.273
thebluepair. To handle confounding by lineage a pairwise
comparisons algorithm can be used to identify the maximum
number of nemtersecting, contrasting pairs in a tree and
calculates the corresponding binomialaisteptaking into
account the proportion of “Bemtd tworst pickings over

the set of neimtersecting, contrasting pairs

(a) Maximunriikelihood phylogeny generated from

single nucleotide polymorphisms across the 57 S. aureus
isolates. The colour of the terminal tree nodes corresponds to
the farm location shown in (b), and all isolates have been
labelled with their sequence type identified by seven MI ST
genes. (b) Map showing the geographical distribt p.276
selected dairy farms (n=17). The alphabetic &Deha@

been used to identify the farms in the subs
phylogenetic analysis. Figure created using théoohline
Microreact (Argimon et 2016)
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7.5.
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Resistance gene profiles @&.5ureusolates present
alongside a maximdikelihood tree generated from

core single nucleotide polymorphisms. Isolate IDs identify
the date the sample was collected (dd/mmm/yyyy), tI’szgn
from which it was collected fror®{As indicated in Figure

72, and the animal ID number (####)

Virulence gene profiles of 57 S. asd@ates present
alongside a maximdikelihood tree generated from

core single nucleotide polymorphisms. Isolate IDs identi?gn
the date the sample was collected (dd/mmm/yyyy), tf‘%%ﬁ'
from which it was collected fror@{As indicated in Figure

72, and the animal ID number (####)

Antimicrobial sensitivity profiles of S0aureugsolates
presented alongside a maxuitkehhood tree generai

from the core single nucleotide polymorphisms. Sensitivity
was determined using a zone diffusion test follow
procedures provided by the Clinical and Labc
Standards Institute (CLSI) for penicillin (Pen), novobiocin
(Nov), cefoxitin (Cef), tetracycline (Tet), ceftiofur (XNLp.283
oxacillin (OXA); with isolates being declared sensitive (S),
intermediate (I) or resistant (R), based on
recommendationksolate IDs identify thetedéghe sample

was collected (dd/mmm/yyyy), the farm from which it was
collected from (@) as indicated in Figure 7.2, anc
animal ID number (####)

Maximumlikelihood phylogeny generated from core
nucleotide polymorphisms across 57 S. iaalai@grom

this studyif.,New Zealand dairy cattle) and 59 S. aureus
isolates from a previous study by Grinberg and colleagues
(Grinberget al2010)solate IDs identify the year the sample
was collected (yyyy) and the species the sample was taken
from. The colour of the terminal tree node indica p.287
sequence type identified by seven MLST genes w

shape further identifies the speciestaritbs1 which the

isolate it was collected. BM: bovine milk, HC: human clinical
case, HN: human nasal colonisation, CC: canine clinical case,
CN: canine nasal colonisation, FC: feline clinical case and FP:
feline perianal colonisation
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(a) Maximumlikelihood phylogeny generated from

single nucleotide polymorphisms across 35 SS&udreus
isolates from this studg.(New Zealand dairy cattle) and
the 103 S. aured§1 isolates available in Genlan&f

March 2019. Isolate IDs identify the year the sam
collected (yyyy) and the country from which it was sampled
from whilst the shape of the terminal node indica p.290
species it was sampled from (circle = cattle, square = human,
star = domestted pets and, triangle = all other samples). (b)
Map showing the countries from which the isolate
sampled from with points sitting on the centroid position.
Point shape indicates the dominate species that |
sampled in the country
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1.1. Infectious disease dynamics in a connected world

A report published by The National Academy of Medicine, formerly known as the
Institute of Medicine in the United States, in 1992 identified six key factors as the most
likely driving forces behind future trends in emerging eandrgitg infectious

diseaes. These factors were (i) human demographics and behaviour, (ii) technology and
industry, (iii) economic development and land use, (iv) international travel and
commerce, (v) the breakdown of public health measures and, (vi) microbial adaptation
and change (Institute of Medicine, 1992). Since then, there have been many additional
factors proposed in relation to the global trends of infectious diseases and our capacity to
effectively prevent, control and treat these diseases (200&3.eCantral taany of

these discussions are the effects of population growth and increased global connectivity
(Wilson, 1993nstitute of Medicine, 2010). Over the past century, both human and
animal movement patterns have grown in distance, volume and spedide blurring
geographical boundaries for infectious diseases (Ta2806¢tald as of yet, the full
consequences of this increased connectivity on the spread, persistence, risk and control

of diseases are just beginning to be understood.

In order to continue the fight against infectious diseases, it is clear that a greater
understanding is needed into how population contact patterns, particularly those
occurring at the aninfalmanecosystem interface, may be contributing to the changing
patterns in disease emergence and spreaiihitbred al2009; Hassell et24017).
Traditionally in epidemiological studies, mathematical compartmental model, such as a
Susceptible—Infectie®emoved (SIR) model, have been used to describe the
transmgsion dynamics of a disease within a population, with the earliest model described
in work by Daniel Bernoulli (£70082) on the inoculation of smallpox (Bernoulli,
1760). However, in recent years, a growing number of studies are turning to network-
basedpproaches in order to overcome the simplifying assumption of homogeneous

mixing that is inherent to many compartmental models (Keeli@g§0&).al his
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assumption, that all individuals within the population mix both uniformly and randomly,
overlooks #influence of the population contact patterns on disease dynamics (Bansal
et al.2007) however, in many of these homogeneous mixing compartmental models,
there is just not enough information known to inform the underlying population contact
structure. Difficulties in accurately capturing population contact patterns, particularly
within wildlife and livestock populations, is one of the major limitations to many of the
networkbased approaches that exist in the literature (Craft, 2015) and is major driver
benind many new methods that aim at integrating multiple complementary data sources

such as network data and pathogen sequence data

1.2. Host contact networks and pathogen phylogenetics

Networkbased approaches are grounded in graph theory; the basic concept of which was
introduced back in the lag&th century by Leonhard Euler (1783} (Euler, 1995).

Since then, the development of graph theory has provided an array of quantitative tools
for describing networks, many of which have been used antmss @ rasearch
disciplines including sociology, epidemiology, psychology, computer science and
economics (Otte and Rousseau, 2002; Borgatti et al, 2009; Scott and Carrington, 2011
Network graphs can be constructed from a set of elements, oftenasfeodes,

vertices or actors, which represent the unit of interest, and edges or contacts to show th
relationships between them. For example, in infectious disease studies nodes car
represent individualse(,a human or an animal), or any larger epidemiological group
(i.e.,a hospital or a farm), with nodes connected via different types of contacts that are
known to be pathways for disease transmission. In systems with relatively complete
information on the contact network nodes and edges, assiplego identify who
infectedwhom as all transmission events will be captured by a contact in the network
(Keeling and Eames, 2005; Danon2€t8@). However, correctly identifying which

contacts contribute towards the spread of disease is complicated by both incomplete
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network data and multiple networks relevant to disease transmission existing within the

host population (Eames €CGil5).

Over the last few decades, the increasing availability of molecular sequence data has seen
a rise in the number of studies using pathogen phylogenetics to strengthen the
epidemiological inferences made from host contact netwoiléki @@lati2011;

Vasylyevat al2016; Gilbertson et24118). This has also led to the rapid expansion of
molecular epidemiological tools that aim at making inferences on disease dynamics based
on observed genetic mutations between sampled pathogen sequences and attached
epidemiological informatidinis basi concept sets the foundation for most molecular
epidemiological studies (Hall, 1996) in addition to many other studies that identify with
other research disciplines but similarly use approaches grounded in population genetics
to infer disease transmissignamics from the population demographics of the
pathogen population. However, the development of epidemiological methods that can
integrate such evolutionary dynamics are still in their infancy and it remains unclear the
impact of phylogenetic complexities on the \dlttigége new approaches (O’Dea and

Wilke, 2011; de Maio eR@lL6).

1.3. Research focus

Within New Zealand, there is a growing concern for the transmission of zoonotic
pathogens from farmed animals to humans. Recent diseasdauvtbseaksd as a

reminder of the potential impacts of endemic diseases such as, the 2016
campylobacteriosis outbreak in Havelock North that resulted in an estimated 5,500 cases,
45 hospitalisations, and 4 deaths (Ministry of Healtn 2@titjon to public health
consequences, the economy of New Zealand is highly dependent on the health of its
livestock populations and recent disease incursions, such have Mycoplasma bovis (Roche,
2019), has further highlighted the potential impact of exotic diseases on not only the

health and welfare of livestock but also the stability of New Zealand’s primary sector and
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access to global trade. Therefore, in order to protect public health, ensure the wellbeing
of livestock populations and, maintain petitine edge in global trade markets, we

must develop new approaches to minimise the impact of endemic diseases, reduce th
transmission of zoonotic diseases and prevent the incursion of exotic diseases. Howeve
many modern farming practices have ane&jad opportunities for disease to spread
between animal populations through the movements of animals, vectors, personnel, anc
equipment. The continuing developmém ofrban landscape is also creating diverse
wildlife-livestockhuman interfaces that represents a critical point for the transmission
and emergence of zoonotic diseases, although the interacting patterns occurring at thes
interfaces are not always clear (Kare20&2 aReperagital2013). Only with a better
understanding of howesie contacts and behaviours shape pathogen evolution and
transmission dynamics, will it be possible to design reffectiost disease control

strategies in often what is a reshonited setting.

This thesis forms part of a larger network of 8index through New Zealand’s
Biological Heritage (NZBH) National Science Challenge in a project collectively entitled
“Biosecurity Network Interventions”. Across all the studies, the overarching aim is to
bring together multiple disciplinary perspectives in network modelling in order to
identify opportunities for intervention and reduce the spread of pests, pathogens and
weeds within four humassisted networks across New Zealand these are; (i) the plant
nursery network, (i) the livestock transportrkgtiipthe freshwater recreational user
network and (iv) the natural area visitor network. The main focus ofsheothegis

at how livestock transport networks can be used to inform diffeseot atage
epidemiological investigation with a particular interest in integrating pathogen whole-
genome sequence data within a network analysis to help determine the contribution of
different network pathways on pathogen population dynamics. This thesis describes two
livestock networks, one constructed from the movement of goods and services within the

commercial poultry industry and another from the movemeanohk® within the
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commercial dairy cattle industry, in order to investigate the transmission and
evolutionary dynamics of two pathogengy@dacter jejunvithin the poultry

network and Staphylococcus aureus within the dairy cattle network.

1.3.1. New Zealand’s commercial poultry industry

The historic introduction of poultry into New Zealand is highly disputed with records
dating baclotthe latd 700s with the arrival of Captain James Cook/AA9P@ intle

and Lepper, 2012). In the decades to come production remained largely subsistence with
an estimated half of all New Zealand households keeping hens in their backyard to supply
eggg¢Binneyet al2014). However, during the eaflg@tury sewmal events resulted

in a gradual shift from predominantly backyard productionscamaloduction of

both meat and eggs inclugiogeaserecognition by the New Zealand Government for

the nutritional value of egusieased demand for chicken by US hospitals in the Pacific

for recovering soldiers following the Second World War, improved production
techniques, the lifting of import restrictions from outside Aastitil& increasing

popularity of chicken meat largely driven by rising public affluence, recognition of health
benefits in comparison to red meat, increased popularity of international cuisines and

convenience (Stafford, 2017).

Today modern poultry productin New Zealand focuses around three major species
(chickens, turkeys and ducks) plus several minor species including geese, guinea fowl,
guails, pheasants and ostriches. The commercial chicken industry is the largest of these
consisting of approximately 119 million meat chickens raised annually (mainly Cobb and
Ross), 3.5 million layer chickens, with a further 3 million replacements raised each year
(mainly Shaver Browns and Hyline Whites), and 2.5 million meat and layer breeder birds
(StatsNZ, 2018). Tinarket is largely domestic, however, increasing amounts of meat
and eggs are being exported due to international recognition of New Zealand’s high

poultry health status with New Zealand national flock remaining free from major avian
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disease including bditewcastle disease and Highly Pathogenic Avian Influenza
(Davidson, 2002; Cobb and Smith, 2013) and until recently, Infectious Bursal Disease

(MPI, 2019a).

Industry structure varies by sector (Fidhiveth the broiler industry characterised by

a smahumber of large vertically integrated companies such that, the four largest poultry
meat suppliers; that is, Tegel Foods, Inghams Enterprises, PH van den Brink, and Turk:
Poultry, supplies/er 90% of the country’s poultry meat. This structure supports t
vertical integration of most broiler operations with individual producers relying on
suppliers to control all stages from primary production and processing to distribution. In
comparison, the layer industry is dominated by many smaller independent producers that
rely on horizontal integration and depend almost entirely on a domestic market with
many producers selling directly to the wholesalers within a single administrative

boundary or marketing througioperatives (Stafford, 2017).

1.3.2. Epidemiology of Campylobacter jejuniNew Zealand

Within the commercial poultry industry there are many concerns associated with
production it may be argued that considering the high health status of New Zealand
national flock and strict industry guidelines to ensure that both environmental
contaminations minimised and animal welfare standards are maintained (Coriolis,
2017), that food safety remains one of the primary concerns for the industry. Within the
broiler industry, this includes the control of pathogens responsible for major foodborne
illnessesuch as Campylobg&almonellandListeriavhereas the primary concern for

egg producers will be Salmonriellgarticular, a major concern in New Zealand is
Campylobactesth incidence rateshuman Campylobacteriosis greatly exceeding that

in comparison to other developed countries (OlsgfAG8)al.
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Campylobacteriosis is a foodborne disease caused by an infection from a number of
Gramnegative bacterial species belonging to the genus Camituiraectesal.

2005). In New Zealand, the disease is typically attributed to infection wathdC. jejuni

to a lesser degree, C.aodlC. fetugMullneret al.2010) with infection most often

resulting in acute, detiiting gastroenteritis. Common symptoms mostly include
abdominal pain, diarrhoea, vomiting, nausea, and fever; however, occasionally severe an
persistent gastroenteritis will result in hospitalisaiibn macrdides and
fluoroquinolones recommended as theHokte antimicrobials for treating the more

severe cases or immunocompromised individuals. A -fifikerobases are also
associated with pagfiectious extraintestinal complications such

as meningg, carditis, pancreatitis, urinary tract infections, reactive arthritis, and on rare

occasions, the neurological syndrome Gélaen(WHO, 2012).

Many animals act as natural hosts for Campyspipagtéh many showing little to no

sign of carriage including most species of domestic animals such as cattle, sheep, poultr
pigs, dogs and cats (Blaser E381) Campylobactean also survive in host faecal

matter and although recent genotyping has demonstrated some degree of host associatic
betweelampylobactsppit is known that environmental contamination can also act

as an indirect route of transmission between different host species as well as having th
potential to contaminate other food sources, such as fruits and vegetables, through
contact with contaminated soil or water sources (Whi2§1&) bl.New Zealand,

source attribution studies have indicated that a high proportion of campylobacteriosis
cases are due to the ingedtcomtaminated food, most frequently undercooked poultry
(Mulineret al.2009). This prompted the New Zealand Food Safety Authority into
launching New Zealand'’s first Campylobacter risk management strategy back in 2006,
focusing on reducing the contamination of chicken meat with the implementation of both
mandatory and voluntary control strategies along the poultry supply chain (NZFSA,

2008). As a result of control efforts, the number of notified cases declined from 379 case
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per 100,000 the populatiom 2006 to 125 cases per 100,000 in the population in 2017
(Searst al2011).

However, in May 2014, a previously unreported Gepgjence type (ST) 6964 was

found after routine sampling at a sentinel surveillance site in the Manawatu region of New
Zealand (Bolwell et2fl15)Followindghe emergencetfjejuni S6964, several cross-

sectional studies were conducted in both poultry and humans in order to investigate
possible changes in the resistance patterns of Repjlinifrom these studies found

30% of human C. jejisulates to be resistant to fluonotpnes, 77 % of which were

also resistant to tetracycline, and 37% of poultry Solajasito be resistant to both
ciprofloxacin and tetracycline (Muellner @0&6). In addition to the significant
increase in resistance, thi6IA was alkind to be widely distributed across all four

major poultry producers (Muellner e2(Hl6) despite the industry being vertically
integrated with little contact between producers belonging to different suppliers. This
suggested a major epidemiological shift as previously the dominant ST in any given year
wastypically associated with individual suppliers (Muline&20&0al.In the years to

follow many human cases of campylobacteriosis associategP@dthh&/E been

identified in outbreaks across Mealand however, the origin and transmission

dynamics of this ST remain unclear.

1.3.3. New Zealand’s dairy cattle industry
The New Zealand dairy industry has a history dating back tal8@®savlyen the

first shorthorn cattle were imported into New Zealand by the Reverend Samuel Marsden
(17651838) (Peden, 2008). In the following years, more cattle breeds were imported into
New Zealand establishing the parent breeds of the modern national herd including
Ayrshire, Jersey and Friesian cattle. Dairy export was limited during this time with only
small amounts of butter and cheese being exported to Australia up uh8Bse mid

when refrigeration was developed. Further development of new technologies, such as the

1C
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mechanical milking machine in 1918, and improvements in genetics, pastures and
feeding resulted in almost a continuous increase in both the total number of cows and the
number of cows per herd ever since (Stafford, 2017). Recent results from the 2017
agricultural survey now estimate tHentotdoer of dairy cattle to have reached over 6.5
million cows of which the dominant breed is Holstein Friesian x Jersey crosses, otherwist
known as KiwiCross cows (Morris, 2013). In New Zealand, dairy production is largely
focused on a pastbased systewith seasonal calving taking place in the spring (July
October) (Figure L.Z'his varies greatly in comparison to countries in the northern
hemisphere where there is a greater reliance on indoor housing systemsand year
calving. The industry is highly integrated with processors encompassing production,
manufacturing and rkating. This structure was established with The Dairy Board back

in 1923, which was responsible for the marketing and sale of all milk products until 2001
when the two largest dairy processors merged with The Dairy Board to form Fonterra
Cooperative Grolyd. who now controls approximately 85% of the raw milk produced

in the countr{Stringleman and Scrimgeour, 2008).
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Figurel.2. A typical annual production cycle for New Zealand dairy farms using a
pasturebased system with seasonal calving takengnplae springpyrple; July
October) followed by mating (yellow; OctBleeember), lactation and drying off

(green; Octobdune)and weaningnd pregnancy testing (blue; FebAygaily.

The growth of New Zealand’s dairy industry is reflected in the contribution the dairy

sector makes to the New Zealand economy. In 2018 it was calculated that the dairy sect
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contributed approximately $8.7 billion New Zealand N@Ryso(New Zealand’s
totalgrossdomestiproduct(GDP) This is largely dependent on the export market with

over 95% of milk exported, accounting for approximately 30% of all dairy products on
the global market (MPI, 2019b). Continued access to the global market was one incentive
that led to the development of the National Animal Identification and Tracing System
(NAIT) in 2009 at a time when the World Animal Health Organisation (OIE) was actively
encouraging the standardisation of animal identification and tracking systems in order to
improve the management of livestock diseases and provide assurance within the global
market of food safety, traceability and qUaétgurrent NAIT scheme aims to link
producers, property and livestock using radio frequency identification device (RFID) ear

tags.

The strengths and weaknesses of NAIT in providing traceability of individual animals was
tested with a 2017 outbreakl.ofbvis,a bacterial disease that can lead to serious
conditions in cattle impacting both animal welfare duactipity.In July 2017he

disease was detected on a South Island dairy farm and subsequent contact tracing,
surveillance and testing have resulted in a further 51 properties having undergone phased
eradication (MPI, 2018). During this time NAIT was highly criticized however, it
emphasised the important contribugfolive animal movements towards infectious
disease dynamics and the significance of being able to capture livestock contact networks
in order to rapidly be able to respond to a disease outbreak. Despite this, the use of NAIT
data in infectious disease research is still limited particularly for endeniit diseases.
addition to NAIT, the Livestock Improvement Corporation (LIC), a multinational
farmerewned caperative, provides members with a computerised herd management
software called MINDA which can provide information on both the movement of adult
lactating dayrcowsas well as basic production data making it ideal for modelling the
spread of contagious pathogens within the dairy industry such as those pathogens

responsible for mastitis.
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1.3.4 Epidemiology oStaphylococcus aureus New Zealand

NewZealand is free from many infectious diseases that are known to cause significant
losses in cattle such as Vesicular Stomatitis Virus (VSV), Enzootic Bovine Leucosis (EBL
and brucellosis (Vermunt, 2000; Davidson, 2002; Sel&&h0gtvath eradication

programs in place for many others including Bovine Viral Diarrhoea Virus (BVDV) (Han
et al2018). However, one disease well recognised as imposing major production costs or
the dairy industry is bovine mastitis with annual costs in New Zealand estimated to be
over $180 NzZD (Petrovski, 2007). Bovine mastitis is an inflammation of the mammary
gland in response to physical trauma or a pathogenic infection. Infection can result in
either sulelinical or clinical disease with clinical mastitis presentingea afum
symptoms including udder abnormalities (such as swelling, heat, hardness, redness, o
pain) and milk defects (such as a reduction in yield, a watery appearance, a change in mil
colour, flakes, clots, or pus). The severity of symptoms is influenced by many factors
including several environmental variables such as humidity and temperature as well as
the nutritional or immune status of the cow, however, one of the biggest influencing

factors is the responsible pathogen (Eberhart, 1986 aRfijiiiGomes et al, 2016).

Bovine mastitis can be caused by over 137 different organisms including bacteria, yeast
and algae (Watts, 1988). The relative importance of these different pathogens is largel
country dependent however, more than 90% e atitramammary infections in

dairy cattle are caused by a small number of pathogenic bacteria namely Escherichia cc
Streptococcus dysgalactiae, Streptococcus uberis, Streptococcus agalactiae e
Staphylococcus aureus (Bradley, Ze&dijionallythese mastitisausing pathogens

can be classified as either contagious or environmental pathogens based on
epidemiological observations such that contagious pathogens spredd-émm cow
usually during the milking process whereas environmentalspagitegdnfrom a
contaminated environment such as bedding, soil or manure (Watsy 50883

pathogens, the distinction between contagious and environmental is not clear. For

1c
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example, soméeptococcispp that have previously been classed asneewiabn
pathogens are now also considered contagious in some circumstances however,
historically the major contagious pathogens are considered to include S5.agalactiae
aureusindMycoplasma sppd the most common environmental pathogensE.

col, S. uberj$. dysgalactiaed many Klebsiella spp.

In New Zealand the epidemiology of the predominanteaastiig pathogens varies

greatly in comparison to countries in the northern hemisphere where there is a greater
reliance on indoor housigygtems and yeaund calving practices (McDougall, 2002;
Heffernaret al.2015). Within the last five decades, New Zealand has seen a notable
change in the contribution of the major pathogens responsible for mastitis in dairy cows
with major changes first noted following the introduction of the mastitis control strategy
in the early 1990s. The Seasonal Approach to Managing Mastitis (SAMM) plan was
introducedby The National Mastitis Advisory Committee in conjunction with an
industry initiative to reduce the incidence of mastitis through the selective breeding of
dairy cows. Tharrent strategy for mastitis control (SmartSAMM) bihid®oginal

SAMM plan with an additional drive for antibiotmodrgherapy and the treatment of
intraamammary infection during drying off (ltadpertet al.2011)The successful

uptake of these programs by New Zealand farmers has resulted in an epidemiological
transition with a decreasing prevalence of contagious pathogehsagaleitéma

comparison to environmental pathogens which are now on the rise (McDougall et al.
2007; Patrskiet al2011). Despite this transition, a significant proportion of the total
cost of mastitis for New Zealand dairy farmers is attributed to infections associated with
the contagious pathogen S. aureussamast commonly associated with chronic

subclinical mastitis that is both hard to detect and hard to treat successfully.

Staphylococcus a genus of Grawositive cocci belonging to the family

Staphylococcacéafections wits. aureusay result in clinical mastitis, especially after

14
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calving however, the infection is usually subclinical, causing elevated somatic cell counts
but no detectable changes in milk or the udder (Bonsagliset 8l. aurenfections

are notoriously difficult to treat with antibiotics alone, therefore, based on the costs and
benefits of treatment, it is commonly advised that infected cow be removed from the herd
(Sandholnet al1990). The difficulty with antimicrobiabgheis thought to be due to
numerous biofilrassociated genes (BAGs) that are known to play a role in mechanisms
that assist the pathogen in evading the host’'s immune response and aeduigng multi
resistance (Kot et24118). Antimicrobial resistar#uBeubas been widely documented

in many countries creating a growing concern over the use of antimicrobials for the
treatment and control of mastitis. This is not only due to the general concern of using
antibiotics in foegroducing livestock, but also more specifically to the increasing
presence of methicHtiesistant. aureudRSA) infection in dairy cattle alongside
evidence for livestezgsociated methicHtesistan®. aure 6 A-MRSA) infections in

humans creating a huge concern forimsgttotk and public health (Wulf and Voss,

2008; Hillerton and Allison, 2015).

Since the first MIRSA was described in Belgium in 1972, deriving from a case of bovine
mastitis (Deriese etl&l72), there has been an influx of studies looking agjémeeme
evolution and dissemination ofMRSA with particular attention given to the most
widely spread EMRSA clonal complex (CC) 398. The first communications on LA
MRSA CC398 originated from nasal swabs isolated from breeding pigs, however, since
thenit has been reported in veal calves, poultry, dairy cattle, goats, cats, dogs, mice, rat
and horses (Price et28l12; Mohammed and Nigatu, 2015). The mechanisms of
methicillin resistance have been well documented with MRSA evolving from methicillin
susceptibl8. aureuUd1SSA) by the acquisition of SSCmec elements containing a mec
gene, most commonly mieattalsanecGAires de Sousa, 2017). Theggmeccode

for an additional penicilinding protein that has low affinity flactam antibiotg

therefore, mediating resistance to nearly all compounds from this antibiotic class which



Chapter 1 | Introduction

are still used frequently to treat mastitis. Recent studies in New Zealand looking at the
susceptibility of S. aurbase found increases in the prevalence hfsmtithacid

resistance and mupirocin resistance (McDougall@t4alPetrovski et 2015)

however, despite these findings, the antimicrobial susceptibility patterns of mastitis
causing pathogens in New Zealand and their threat to the future control of bovine mastitis

and public health remains unclear.

1.4. Thesis structure

This thesis begins with a literature review (Chapter 2) that aims at expanding the
introduction by presenting and critigaorge of the existing epidemiological tools in

the literature that utilises either host contact networks or pathogen sequence data to help
infer disease transmission dynamics, as well as, outlining some of the basic principles
integral to both network gse and phylogenetics and discussing both the limitations

and future challenges that need to be considered in order to successfully integrate the two
data sources. This review is then followed by a series of five research chapters (Chapters
3-7) with each chapter having different research objectives that align with the research
focus. Repetition between the chapters has been kept to Aomewveynall chapters

have been prepared as a manuscript intended for publicaticremiewgekjournal,

residting in a small amount of repetition throughout the thesis.

Chapters 5 focus largely on New Zealand’s commercial poultry industry with Chapter

3 reporting the results from a esestional survey that was conducted across all
commercial poultry opegoas in 2016. Chapter 4 expands on the survey results
presented in the previous chapter to reconstruct contact networks from the reported on
and offfarm movements of goods and services and investigate the disease transmission
risk within the commercial poultry industry from both the sale of backyard poultry and
the migration of wild birds. Chapter 5 describes the genetic population structure of 167

C. jejuniisolates from a sample of commercial poultry farms whilst furtbiee using
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contact networks tovestigate the relative importance of different contact types as
determinants of the pairwise genetic relatedness between the isolates. Chapter 6 conduc
a similar analysis to that in the previous chapter but instead uses gejuriated C.
sequence datgenerated from a network simulation model in order to validate the
methods used in Chapter 5. Chapter 7 then moves on to describe the genetic populatiol
structure of 57 bowviderivedS. aureusolates from a sample of New Zealand dairy
herdsdeterminig their relationship with other S. aiselages collected previously

from domesticated pets and humans both within New Zealand and intemationally
order to demonstrate how a range of phylogenetic tools and network analysis can be use
to further investigate transmission dynamics at a range of geographical scales. Followin
this research chapter, there is a general discussion (Chapter 8) that summarises the ma
research findings from Chapt&rsvBilst giving further consideration to the limitations
present in each study, the potential application of results in the real world and how they

may be used to guide future research.
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2.1. Abstract

Understanding how iarflectious disease spstfatbughapopulation isfundamental

step in developing a successful control strategy, particularly when resources are limited.
In recent years, social network analysis has become a popular framework for
characterising the complex and heterogeneous contact structures inherent in host
populéions with network modgbsoviding valuable insights into the transmission
dynamics of mamyiportant infectious diseases. In the real world, howéize,
transmission pathways amamgttiple host populations make it difficult to capture all

the mtential contacts that could be contrgot the spread of an infectaigsase.

This has led to an upsurge in new methodtilagés atintegratingmnolecular

sequence data in network anabig@soting inferences on the origin, spread, and
differentiation of pathogen populati@s®d on the degree of similarity between the
genetic sequences of samplbdgen isod This concept, although not meguires

the development of epidemiological methods that can incorpaatéutioaary

processs commonly described in population genetics, however despite the increasing
availability of molecular sequence data, many molecular epidemiologicalstiéthods are

in theirinfancyand have yet to be validaéth this in mind, it is clear that there is

need forcritical discussison how pathogen sequence data can be integrated into
epidemiological approaches such as social network analysis and network simulation

modés.

In this review, the focus is on how host population contact networks can be used in
complement with pathogen sequence data to (i) make inferences on disease transmission
dynamics and (ii) increase our understanding of how population contact structures may
be influencing the evolution of pathogen populations, whilst also providing a background
into some of the basic phylogenetics concepts that are needed to quantify the genetic
relatedness of sampled pathogens. The review begins by summarising the existing

literature on network analysith reference to epidemiological studies that have
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successfully used network models to infer disease dynamics in both livestock and humal
populations, before examining how pathogen sequence data has been used to reconstru
transmission trees and make inferences on the spatial and temporal dynantics of differen
diseases. Finatlye potential for integratipgthogesequence data into traditional

network analysis is explored, including discussions on the current limitations and future
opportunities including consideration for how human behaviour drives the evolution of
both host contact structuaed pathogen populaticm$eaturidnat isoften overlooked

in traditional infectious disease models
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2.2. Introduction

Overthe past few decades, there has been a steady decline in the burden of infectious
diseasasith Global Health Estimates (GHE) in 2000 attrilfufitig of deaths to this

cause in comparison to only 9.7% of deaths in 2016 (WHst2{¥jte this trend,

the overall number of human infectious disease outbreaks continues tetrigke (Smith
2014)with a growing number thought to be zoonotic in origin ¢Taj&f01). The

recent emergence and spread of zoonotic disgasadipah Virus (NiV), Ebola
Haemorrhagic Fever (EHF), Severe Acute Respiratory Syndrome (SARS), and Highly
Pathogenic Avian Influenza (HPAI) have exposed gaps in our understanding of how
interactions occurring at the hu@m@imalecosystem interface ahaping the
evolutionary history of pathogens and driving disease emergence and transmission
between multiple host species (Matlav2010; Kmar and Kumar, 2018; Munster et
al.2018)

However, accurately capturing the complexity of these interactions presents several
challenges; many of which, call for integrative approaches that have arguably been
hindered both by dysfunction in the governance of global health and shortcomings in
academic, institutional, and disciplinary silos (Lee and Brumme, 2013). In the meantime,
the threat of infectious diseases to both human and animal health continues to rise,
accelerated by both an increase inulenegr and resistance patterns seen in many
pathogens in response to various anthropogenic and ecological factors that are not fully
understood (Lebarbenchon @08I7; Gottdenker ef&ll4; Hendry et2017). These

challenges have fuelled a growing body of research that aims at integrating molecular
sequence data from sampled pathogens and populations contact networks in order to gain
understanding of how the structure of host populations and the dynamic interactions
between multiple host species influence the emergence and spread of infectious diseases,
as well as increasing understanding into the importance of feedback from human

interventions on the evolutionary dynamics of pathogen populations.
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There are many existing epidemiological tools tgeanels understanding how
infectious diseases spread through populations; however, in recent years the constructio
of host contact networks has become an increasingly popular tool with the ability to
capture interactions between multiple host spettiesd#ffetent types of contacts that

may exist between thgmke and Harris, 2007; Danon 20Al Stattner and Vidot,

2011). Social network analysis (SNA) is the analytical framework often used to describe
contact networks which can then be used to build infectious disease models with
demographics that more accurately reflect the heterogenous contact structure within the
population. Network models, such as these, have provided valuable insights into the
transmission dynamicsntdny important diseagkeeling, 2005; Bansal 20417,

Volzet al2011), helping to guide control and surveillance activities (Eames and Keeling,
2003; Kisst al2006a). However, for many diseases multiple contact networks relevant
for disease transmission may exist, and it is often difficult to determine which subset of
contacts in a reabrld outbreak have contributed to the spread of a disease; a process
that is often further hindered by both a lack of complete disease data and contact datz
(Craft, 2015). Therefoas, increasing number of studies are integrating molecular
sequence data into traditional epidemiological methods, such as SNA and network
models, to provide a greater resolution into the complex transmission pathways of many

pathogens (Gardy ealll;inset al2017; Campbell et24118).

Such molecular epidengaal studies can broadly take one of two standpoints: static or
dynamic. In the static approach, sampled individuals who have isolates with a high degre
of genetic similarity are considered as clusters, with analyses focusing on determining i
any commorpeemiological factors exist within a cluster such as the presence of a direct
link within the population contact network (Bootl2@13j.VanderWaal et al. 2014),

or individualevel characteristics including age, sex and specific risk behamgurs (Mull

et al.2010; Jaros et a013). In contrast, the dynamic approach quantifies the

epidemiological relatedness between individuals from whom isolates were sampled by
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modelling the genetic mutations; an application that often involves the construction of
transmission trees based on genetic sequences of samples. Until recently, many molecular
epidemiological studies have taken a static approach, similar to that in many
phylogenetics studiaadchave been able to infer disease dynamics by determining the
tree topology that describes the evolutionary relationship between sampled pathogens
(i.e.a phylogenetic tree). For example, Kouyos and colleagues (2010) were able to identify
important demographic factors of individuals from a phylogenetic treg ¢aaiin

human immunodeficiency virus (HIV) sequences by first determining transmission
clusters in the tree topology (Koetyak2010) However, with the advent of whole-
genome sequencing (WGS) technology, which can provide a greater resolution in
comparison to traditional genotyping methods (Gardg0dtlalPrice et a014;

Ahlstromet al.2015) and the emergence of -figallable software such as BEAST
(Drummond and Rambaut, 2007), Outbreak Tools (Jombd0letanl FastML
(Ashkenazgt al2012)and MrBayes (Huelsenbeck and Ronquist, 2001), an increasing
number of studiese transitioning onto dynamic approaches that have thus far been
more common in population genetics as a means of identifying factors associated with
genetic divergence (Kuhnert 20all). While both standpoints have offered promising
insights into infectious disease epidemiology, these methods are still in their infancy with
many genealo@pased approaches yet to be able to incorporate the complex
demographic structures that are known to be an important for infectious disease
dynamics. This crossrpegkents a timely opportunity to review the developments in
analytical methods integrating host contact structures and molecular sequence data and

discuss the underlying concepts and assumptions behind each method.

In this review, the current uses of both network data and molecular sequence data in
epidemiological research are summarised, with further discussion into some of the
underlying principles inherent to many of the methodologies. Before moving on to

examindow the two data sources have been integrated; using examples of both human

3(



Chapter PLiterature review

and animal diseases to highlight some of the limitations that need to be assessed in ord

to ensure the continued development of robust and reliable approaches.

2.3. Population structure, contact networks, and infectious disease
dynamics

The use of infectious disease models in epidemiology has a rich history (Lessler anc
Cummings,2016; Brauer, 2017) with Ronald Ross 1@B357-capturing the
fundamental difference between the study of infectious diseases in populations in
comparison to other health conditions with the term “dependent happenings”,
emphasising the importance of the interactions between individuals with differing disease
statuses and disease dynamics (Ross, 1916). Despite this, many earlier infectious dise:
models were constructed under the simplifying assumption of homogeneous mixing; that
is, all individuals in a population mix both uniformly and randomly with each other
(Bansagét al.2007). However, with the development of humerous methods capable of
incorporating different contacts rates into epidemiological models, it has become
increasingly clear just how much heterogeneity in host contact patterns can profoundly
shape populatidavel disease dynami€a example, one key parameter often used to
estimate the transmission potential of a pathogen is the basic reproductignh number (R
defined as the expected number of secondary infections that are a direct result of a sing
infected individual interacting within an entirely susceptible host population (Anderson
and May, 1992). This parameter has been widely used in epidemic models to predict the
speed at which a pathogen may spread through a population and determine the potentia
size of an outmk, with pathogen success dependent on haythna} engReater than,

or equal to, one (Ridenhour €0d4; Delamater et2819). However, there is often
considerable variation in the estimated valyasaa Result of different assumptions

about the underlying host contact structure.

The impact of the homogenemssimption was evident in many of the disease

transmissions models that were used to estimate important transmission parameters in
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the recent SARS epidemic. In the start ofbtlealquoriginal estimates towdRe

based largely on transmission data from localiseBiragggdong, China, where the

outbreak was believed to have been started, with values varying from 2.2 to 3.6 (Meyers
et al2005). With this range @fdtues, it was predicted that without intervention there

could have been anywhere from 30,000 to 10 million SARS cases in the first 120 days
(WHO, 2003); however, only 782 cases were actually reported in China during this time
period. Large discrepancies indlve for Ror SARS were also reported between
countries and between different social settings within a country2004 eiMalyers

et al.2005). Further investigation suggested that these differences were caused from
studies estimatinguRing trasmission data from settings such as hospitals or crowded
apartment buildings where the contacts between individuals are much closer and more
frequent than in the general population, especially considering changes in human
behaviour that were likely to have occurred during the epidemic, overall leading to higher
transmission estimates (Riley 20@8; Yu et &004). This is just one example that
emphasises the influence of host population contact structure on disease dynamics,

resulting in a distriboti of Rvalues for a single pathogen.

2.3.1. Network theory

One popular method that can be used to describe features within a population contact
structureis SNA, with a growing number of studiesnetimgrk data in disease
transmission modelsgainan understandirgf the influence of contact patterns on
transmission dynamics (Christley 20@5.; Keeling, 2005; Shirley and Rushton, 2005a;
Parham and Ferguson, 26096)cipally SNA uses graph theory to provide a conceptual
framework that can be used to help gather, vésuhésa)yse population contact data

(Otto and Rousseau, 2B&3ic contact networks are generated with a set of elements,
often referred to as nodes, vertices or actors, which represent the unit of interest, and
edges or contacts to show the links betwedfignes). For example, in infectious

disease studiaodes ofteapresent an individuat (& human or an anifnad a larger
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unit, such as a hospital or a farm, that are conneddfedevicontact pathways that

are known to be important for disease transmission such as the transfer of a patient
between two hospital or the movement of an animal between two farms. Once the nodes
and edges have been defined, networks can be represented and recorded in three ways;
simple network diagrams, (ii) mathematical notations that list the netwark (& the fo

= {n, n}, where G refers to a network made up of sets of interactingmoded (n

(iif) an adjacency matrix showing N x N nodes and the number of contacts between.
Further information on node attributes may also be collected to detemameigkpo

factors for diseaggiédman and Ar&001; Chrisjlet al2005EFSayeét al2012).

Figure21.(left) Directed network graph G = {V, E} showing a set of vertices otherwise
known as nodes or actors; A, B, C and, D connected by multiple edges each representir
a different relationship including a unidirectional edge (ud), multiple edges (m),

bidirectional edges (bd) and loops (L).
SNA and graph theory have been used in many research disciplines including sociology

economics and marketing, psychology, anthropology, biochematigy, physics

and computer science. Within epidemiological research, it has been used as a tool to hel
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explore the transmission dynamics of numerous human infectious diseases including;
human immunodeficiency virus (Curtis €t98b; Morris et d995; Service and

Blower, 1995; Barbosa et al, 2000; BélDé2pltuberculosis (Klovdahl €108I1;

McElroyet al2003; Coodt al2007; Gardy et 2011), hepatitis C (Aitken e2@04;

Breweet al2006; Pilon et 2011), chlamydia (Stoner @0800; Wylie and Jolly, 2001),
gonorrhoea (De et 2004) and syphilis (Rothenberg @0@0;Choiet al.2007;
D’AngeloScotet al2015). Many of these early studies focussed on the spread of sexually
transmitted infections (STIs) because, unlike many infectious diseases, STIs have a very
clear transmission route making contacts easier to trace with a praresshallled
sampling’ whereby an individual in the network recalls all their sexual partners over a
given period, these partners are then traced and asked for their partners, and the process
is repeate@©'Malley and Marsden, 30B®wever, this approach is not without its
limitations, often suffering from potential biases if participants cannot recall perfectly
every contact made or do not wish to fully disclose all information due to the sensitive

nature of a contact.

Other limitations in capturing a full network have been widely recognised with many
SNAs constrained by the use of incomplete network data containing both missing nodes
and edges (Farine and Whitehead, 2015). For this reason, a variety of methods have been
developd to infer synthetic networks (Kis2€i0&lb; Gates eR8l15; Liu et 2018),

which can either be entirely theoretical, with set structural properties, or be created using
probability distributions and known attributes from the biological network. However, it

is often hard to validate these inferred synthetic networks, and it is often more important
to understand why network data may be incomplete, what impact this will have on the
network structure, and what the importance is of missing data in terms of the biological
guestion under investigation. For example, missing data are common in networks where
the disease dynamics are not fully understood and the host population remains

undefined, as is the case with many zoonotic diseases for which there may be multiple
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species acting as reservoir hosts with many transmission pathways still unclear (Craft
2015), making it very difficult to fully capture the properties of the real network. Even in
welldefined networks, contact patterns may also change dynamically over time and
therefore cannot be adequately represented using traditional static network constructions
(Bansa¢t al.2010; Masuda and Holme, 2013; Sadtorast al.2015Enright and

Kao, 2018). Given this uncertainty, many approackesseahtb try and assess the
precision of estimates in an observed network including bootétvesgpangt al.

2008) and hierarchical models (Cross 2£118), and despite missing data many

networks have been used to great success in infect®usseigean.

2.3.2. SNA and infectious disease dynamics

In SNA, a number of networks metrics can be used to characterise individual nodes anc
the structures between them. For the purpose of this review only measures of ‘centrality
and ‘cohesion’ will be summarized as more comprehensive reviews of gé&neral netwo
concepts are already widely available in the literature (Wasserman and Faust, 1994; Dul
et al2009). Measures of node centrality were first formalised by Freeman (1978) to help
determine the importance of each individual node in awigtwar&sure incluthg

node degree, node closeness, and node betweenness Thaisie 2rhple network
characteristics are easy to compute and have been used to characterise a variety
networktypes including random graphs, lattice, -svodll and scafeece networks
(MartinezLépezt al2009). Measures of cohesion focus less on individual nodes and
instead are used to determine the level of connectivity over the entiadlaveitrgprk

the network resilience to be assessed by removing individual nodes or edges. Thes
measures include network density, average path length and the clustering coefficient al
of which, offer a comparative way to summarise networks graphs and can be manipulate
in network simulatiomodels to understand the impact of topological structures on
disease transmission dynafKiesling and Eames, 2005; Shirley and Rushton, 2005b;

Gates and Woolhouse, 2015).
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Table2.1 Network analysis glossary of terms for measures of centrality and cohesion

Network measure Definition

Measures  Degree Degree distribution is the sum of nodes connect

centrality distribution individual in the network and can be used to indicate
their overall involvement. In a directed graph, it can be
further categorised into-deggree (number of contacts
originating from a node) anedagree (number
contacts received by a node).

Closeness Closeness is the sum of the length of the short:
between an individual and all other nodes
network.

Betweennes Betweenness is the frequency of which an indi
on the shortest path between any pair of nodes.

Measures « Network Network density is the proportion of all po
cohesion density contacts an individual could have compared with those
that are actually observed in the network.

Average Average patlength is the average number of co
pathlength along the shortest path between all pairs of nodes.

Clustering Clustering coefficient is the ratio between the 1

coefficient  of connections linking the neighbours of a node and the
maximum number of connections that could possibly
exist between the neighbours of the node.

Broadly, network simulation models can hledlimto two categories: data driven
simulations and simulated networks. Data driven simulations use construct models with
matching properties. The impact of the network characteristics in the observed network,
such as the degree distribution, to stroitilme spread of disease within the population

can then be determined, often using a process called wetingykarédentify which

features present in a biological network have the biggest impact on disease spread, as well

as being able to assess the importan@edofidual in the network by systematically
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removinganode with given properties (Geteal2006; Mossong et24l08; Read et

al.2008; Danon et 2011). In comparison, simulated networks stochastically simulate
entire networks bdsen a minimmm set of rules which can eithen be compared to

the observed network, a random network, or be used in isolation to study the influence of
different network features. For example, a study by Ames and(20ldagsexs

stochastic simulations to generate artificial networks witha#ffezerdistributions,

clustering coefficients, and average path lengths in order to investigate the influence o
these network properties on the spread of diseasesuftsidiiowed that these three
atributes contributed to over 98% of the variation in endemic disease levels and can be
usedas robust meassit@predict the spread of disease through a network (Ames et al.
2011)Simulated networks have also been used to characterise different types of network:
based on the properties they share and their impact on disease spreadnsudth as small
networks that ardentified by a high clustering coefficient and short average path
lengths; two attributes that are thought to increase the speed of tidunsnuasion
relatively small number of ‘unclustered’ or randonatidksauseapid depletion of

local susceptible contadfat{s and Strogatz, 1938@me and Kim, 2002; Newman,

2003; Volet al2011). In comparison, séade networkare characterised by a small

number of individuals that have a disproportionately large number of contacts in the
network ite.,they have a highly skewed degree distribution) which results in elevated
values forsgReven when the transmission probability is low, although it is important to
note that not all highly skewed distributions are sc8ardteés( and Albert, 1999;
Newman, 2002; Woolhouse 20@b; Kiss et 2008).

For many populations, a simulated network is necessary due to the limitations in
observing realorld contast Hbowever, an increasing number of databases, utilising a
range of technologies, are being constructed to capture population dynamics, particularly
in livestock systems where dktering of regulations on the reporting of livestock

movements has resulted in an influx of available data making it relatively easy to quantify
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the frequency of direct animal movements onto and off farms. Masbkarttisng

livestock movementaé#&vllowed the 2001 fao#mouth disease (FMD) epidemic in

the United Kingdom (UK)raanyof the earlgnodeldad dimited predictive ability

due to the assumptions around the contact structure of farms (Woolhouse and
Donaldson, 2001). Subsequently, livestock movement networks for both sheep and cattle
in the UK have been described and analysed using SNA tcetryfyametigork

structures and risk factors that were important in the FMD outbreak. This has helped to
identify potential targets for control including key farms, auction markets, dealers and
slaughterhouses which showed high connectivity and would have been important in the

initial spread of the disease (Pdlaeet al2006; Robinson and Christley, 2007).

In addition to FMD, SNA has been used to study other livestock diseases such as bovine
tuberculosis (Corner e2803; Gilbert et 2005; Caique Maset al2008; Christley et

al.2011; Gates et2013; Grear et 2014), equine influenza (Christley and French.,

2003), scrapie (Kao e2@07), avian influenza (Dent &0a@ByanKerkhovest al.

2009; Martin et @011; Fournié et 2)13; Poolkhet et 2013), brucellosis (Sagtni

al.2017) and bovine viral diarrhoea virus disease (Ting@y2t dlowevetespite

increasing access to networkrdate, of these studies suffer from the same limitations
resuling fromknowledggapsor mismataosbetween relevant contact patterns and

disease dynamics (Craft, 2015). To overcome some of these challenges many approaches
have been takaemcluding both observational and experimental studies, however, more
recently an increasing nemtf studies are using molecular sequehzestatastruct

pathogen phylogenies and infer transmission dynamics (Grez®éd €oéjnand

Gardy 2014; Kamath et2416).

2.4. Pathogen population dynamics and infectious diseases

Over the last decade, molecular epidemiology is a discipline that has rapidly expanded

(Eybpoosket al2017)with many earlier studies using molecular typing methods as a
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diagnostic tool with no consideration for the evolutionary information contained within
the sequence. Used in this way, genotyping data can provide a more detailed cas
definition as strain types within the same pathogen can be identified and more
meaningfl inferences on disease epidemiology can be made with different strain types
often having distinct transmission patterns. More recently with developments in
population genetics, computational biology and evolutionary modelling, many molecular
epidemiologal studies can use typing data to investigate the distribution, dynamics, and
determinants of health and disease in populations (Fgfd4t &or the purpose of

the review no comparison has been made between the different typing methods, with
comprehensive reviews already provided in the literature (Ragibt)ehalvever

it is important to note that in epidemiological studies the selection of specific molecular
marker among various typing methods depends on the purpose of the dmalysis, and t
spatial and temporal extent to which the study aims to make inferences (van Belkum e
al.2001). Nevertheless, the basic principles used remain the same regardless of the typir
methods; that is, that the amount of differences between pathogerepegsEmices

the temporal divergence from a common ancestor (Restif, 2009;204). etras

principle is rooted in coalescent theory (Kingman, 2000)thinkitngeapproaches

(Box 1) that often require the incorporation of evolutionary infasutdtias the
mechanism of change in the genetic naanttehe rate of evolution. Acquiring this
information is often the limiting factor in many molecular epidemiologichlestodies

the relatively coarse molecular data provided by some typindRiiejhd04).

However, with the advent of higbughput sequencing technologies providing
unprecedentedly higesolution WGS data, many studies have been able to disentangle
complex epidemiological phenomenon that could not be previously idegtified us

conventional methods.

The differences in the resolution of molecular data has led to two broad standpoints in

molecular epidemiological research aitearlier studies that used more traditional
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typing methods treating data in a static manmeéhevakception of a few applications

such as stepwise mutation models (Aandak0&PprIMany static approaches have a

history in phylogenetics and focus on identifying the topology of evolutionary
relationships so that sampled pathogen isolates can be categorised into different groups
based on their genetic closeness (Pagel, 1999). In comparison, WGS data is often treated
in a dynamic manner, taking approaches from different disciplines such as population
genetics to make inferences on the dynarpathagfen populations at different
spatiotemporal salélthough it is acknowledged that many of the underlying concepts

and assumptions in phylogenetics are also prerequisite to the dynamic approaches used
in population genetics such as the molecular clock hypothesasd(BoksZifution

models (Box 3).
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Box 1-Coalescent theory

—_
)

-

»

Coalescence
awil

n=3

The coalescent model was first formulated by Kingmaore€e€8%as a
mathematical model to randomly construct genealogies backwards in time (Kingman,
2000). The figure above shows a schematic of the most basic coalesgent, with (a)
representing the complete genealogy of a population=nber@oNrepresents a
samplavithin the population (n = 3; A, B, and C) that has been traced back|along their
descendent line until their most recent common ancestor (MRCA). In a traditional
coalescent model, a pair of individuals are randomly selected and merged to form a
single arastor from the present (generation t = 0) to the past (generationt=1tot =
6). The probability of two individuals randomly selected from the population sharing

a common ancestor at generation t = 1 is 1/N and the probability of nat finding a
common arestor is 1 2/N (Aldous et @&0@). This can be easily extended to
describe the probability that any two randomly selected individuals |from the
population sharing a MRCA in a past generation. Many extensions have een made to
relax assumptions madehan liasic coalescent model; however, the concept that a
distribution of generation intervals and hence the time to MRCA can be described as
a function of population size is fundamental to any of these models.
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Box 2— Molecular clockhypothesis

A) ...atccgattattgcacgatat...

B) ...atccgattittgcacgatat...
C) ...atccgattittccacgttat...
t=4 D) ...ttgcgattittccacgttat...
\ E) ...tagcgatt ttcoacgttat...
t=5 Substitution rate:

1 substitution per 20 nucleotides in 5 years

The molecular clock hypothesis was originally introduced in the 1
Zuckerkandl and Pauling who proposed that genetic mutations accl

constant rate over time (Zuckerkandl and Pauling, 1962). This assumptio

the estimation of historical dates of events such as the time to the most req
ancestor (TMRCA), as shown inigiieef above, meaning in an epidemiolc

investigation, the evolutionary history of pathogens can be alig
epidemiological events that have occurred in comparable time. Molecula
be broadly divided into strict molecular clocks and relaxed molecular cloc
former assuming that the evolutionary rate is constant over every bran
whilst relaxed molecular clocks allow the enarlutrate to vary across |
branches in different ways depending on the model. For example, in an
relaxed molecular clock model the evolutionary rate follows a specific
distribution such as exponentiakndéogal or inverse Gaass distribution
(Drummondet al.2006). To assist in molecular clock model selection,

statistical methods such as likelihood ratio test and Akaike informatior
(AIC) can be used (Arbogast &x08I2); however, in many cases it has bee
that the basic assumptions underlying the chosen molecular clock have &
(Kumar, 2005), with a large number of studies resorting to unrooted trees

mulate at

n allows for
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Box 3— Substitution Models and Tree Reconstruction

TrNeF Nucleotide substitution Base frequencies

Transitions Unequal

Transversion Equal

TIMef —>+ TVMef

EON\ N\

F81 = HKY85 > TrN > TIM

3 4

K81uf

The toplogy of phylogenetic trees is constructed either based on the gene
between samples or modelling the nucleotide patterns in each site. T
genetic distance is often tesganceThis metric is, however, often inapprog
when the time span between sequence sampling is long and the substi
high. This is because a single nucleotide site can experience multiple
events which might be masked by more recent substitutions and cannot b
for by this simptiistance measure. Such underestimation can be adjuste
explicitly formulating a relationship between the observed and expected
constructing a likelihood function that describes the probability of observ
nucleotides at each site of alignments given the expected distance. Both
based on different substitution models that specify the probability of su
between each of the four nucleotidesgnsitions versus transversions) an
base composition, as summarised in the figuradihoved( ¢, f

Different substitution models have different parameters to be. &snfegfect

etic distance
he simplest
riate

tution rate is
substitution
e accounted
| by either
distance or
ng a set of
methods are
bstitutions

d the

above shows how different substitution models are nested within each other including

the Jukes and Cantor model (JC) (Jukes and CantorAgI6ensteen model (F§
(Felsenstein 1981), Kienura model (K8D (Kimura 1980), th#asegawa
KishineaYano model (F8hHasegawat al.1985)the TamuraNei model (TrN
(Tamura and Nei, 1993), ttansitioml model (TIM), theéransversion mod
(TVM), the symmetrical model (SYM) (Zharkikh 1994) anderteealgme
reversiblenodel (GTR) (Roidrezet al1990) with either equal base frequencie
highlighted by the green arrows, or unequal base frequencies (uf) as highl
purple arrowsand he number of substitution classes in eachshuwielby thé
corresponding humber on eacivna

31)

s (ef),
ighted by the
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2.4.1. Pathogenphylogenetics

Phylogenetics studies aim to reconstruct the evolutionary history or phylogeny of related
organisms based on their evolutionary similarities and differences. For the purpose of this
review, many of the detailed steps that preclude a phylogenetic analysis, such as multiple
sequence alignment, are not discussedeasompteersive reviews already exist in

the literature; although, it is worth recognising the importance of each step and the impact
they have on phylogenetic reconstruction (Harrison andel.20§éa Yang and

Rannala, 2012). Nevertheless, the main focus of many molecular epidemiological studies
is in describing the inferred phylogeny, often in the shape of a phylogenetic tree, and
investigating its association with disease dynamics. For example, the genetic similarity
between isolated pathogen sequences can be assessed with clustering algorithms, using
both hierarchical or margining approaches, to identify the origin of epidemic strains by

comparing the sequences of epidemic aadidemicsolates (Kihnert et24111).

There are various methods that can be used to construct a phylogenetic tree but mostly,
they can be characterised into two broad classes based on either discrete character or
distancéased algorithms. Discrete character methods such as maximum parsimony,
maximum likelihood (Felsenstein, 1981) and Bayesian approaches (Rannala and Yang,
1996) generally search for an optimal tree topology that fits the observed data based on
some criteria(g., minimum substitatior likelihood), whilst distance based methods,

such as neighbgoining and Unweighted Panoup Method with Arithmetic mean

(UPGMA), use algorithms to construct a tree by sequentially connecting nodes based on
the fraction of sites that differ betimeesequences (Rizzo and Rouchka, 2007). There

are many different advantages and disadvantages to eanbthbtdeg&/helan et al.

2001; Holder and Lewis, 2003; Steel, 2005; Simmons, 2014) and how to select the most
appropriate method is highly debated with a number of considerations to account for
such as the complexity of the evolutionary model being used and computation time

(Douadyet al2003; Bos and Posada, 2B6diever, regardless of the method used, it
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is important to bear in mind that the homologous sites of genes or amino acids should be
compared to provide a meaningful tree that can be used in epidemiological investigations
(Lemeyet al2009). Further uncertainty in tree reconstruction also makes it impossible

to guarantee that the identified tree topology reflects the true phylogeny and although
standard statistical methodologies such as bootstrappingrafidgaie available to

evaluate the reliability of a constructed tree, they typically assess the reproducibility of
branches ambt the accuracy of the topology. This means that some care must be taken
when interpreting trees in an epidemiological context as many different scenarios can
reproduce the same tree topology whilst many different topologies can also equally

explain the observed data.

Despite the uncertainties in the topology of a phylogenetic trees, they have proven to be
a valuable tool in determining the spatiotemporal spread of many pathogens (Osmani
al. 2014; Rosendal et28114) For example, the global spread of HPAI has sparked
numerous investigations into the role of wild bratiomgand poultry trade in the
emergence and circulation of the virus with phylogenetic analyses being used to
investigate dynamics on a range of geographical scales gddafgledvais et2015;

Tianet al2015; Briand et 2017). Other stedi have adapted a range of methodologies
rooted in multiple disciplines to incorporate phylogenetic data including
multidimensional scaling (Bergholz 2080; Carrel et 2012; Wehner et 2014;

Carrekt al2015), spatial Eigenfunction analysis-flimet al2013; Tedersebal.

2013), spatial autocorrelation (Pybus2étial. Garbelotto et2013; Omedo et al.

2017), analysis of similarities (Voss 20041), permutational analysis of variance
(Granget al2015), multivariable larenixed models (Zhang and He, 2013; Tamminen

et al2019), generalized additive model (FrencB0&53).and quadratic assignment
procedures (Marguetoux e2@16). However, many of these approaches are limited in
their ability to incorporate evolutionary processes and while the topology of phylogenetic

trees provides useful information about disease epidemiology, the traditional
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phylogenetic approach cannot be usstin@ate quantitative parameters that can be
readily used in epidemiological models. In contrast, many gpaseal@pproaches,

looking at genetic diversity and its change over time, have the ability to produce
guantitative estimates on the demographic history of pathogen populations in the past
and therefore have been used to infer infectious disease \Gatameical 005;

Kihneret al2011).

2.4.2. Genealogybased modelling

At the centre of genealbgged approaches are different methods that can estimate
population divergence time or the time to the most recent common ancestor (TMRCA).
These methods have vastly different frameworks which require making different
assumptions about the presence of evolutionary procksaesesombination and
demographic structuneweverthe TMRCA can provide insight into different disease
dynamics. For example, if the TMRCA is homogeneous and recent back in time, then this
may suggest the recent introduction of their ancestprasethee of a transmission
bottleneck event such amugioreak in which only a small portion of infected individuals

were responsible for the spread of a disease (Rom2dibOetBaltaille et 2011;

Famulare and Hu, 2015; Kamath 20H). The estimated TMR&Apathogen
populations may also provide further epidemiological inference such as the plausibility
and direction of transmissions. For instance, if the TMRCA between two sampled isolates
is prior to the age of both individuals from which the isolates were sampled, then
transmission could not have occurred between two as neither of the individuals were born
at the estimated TMRCA and hence could never have harboured a common strain

(Didelotet al2012).
The increasing use of genehlaggd approaches has been facilitated by the

development of Bayesian approaches that can readily incorporate evolutionary processes

into an existing phylogenetic framework by specifying gbasatbgyodels as prior
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information for tree topology, the implementation of which is easily accessible in freely
available computer software. However, while gevesddgynodels have provided
valuable information on the dynamics of many infectious disease, the assumptions
underlyingnany of these approaches are easily violated, and how such assumptions and
sampling bias affect the estimates is not yet fully understood. Moreover, current
genealogpased models are not able to consider the complex population demographics
which are important components in epidemicloggeal models. For these reasons,

there has been a strong interest among epidemiologists to develop a unified method tha
can incorporate detailed population contact structures as weliessluliigm-

pathogen sequenieda.

2.5. Epidemiological models incorporating genetic data

One of the first pivotal papers combining epidemiologiaatiodataphylogenetic
analysisvas that by Cottam and colleagues (@808)constructed the transmission
pathways of FMD by using known contacts to substantially reduce the number of possible
transmission trees that were consistent with the genetic data (CoR@@8)et al.
Transmission tree reconstruction begins in a similar process to constructing a
phylogenetic tree whereby sampled pathogen isolates are genotyped, using molecula
markers to identify genetic variants, and the genetic distance between isolates calculate
to quantify the relatedness between each (Sdngideet al.2001; Edwards, 2009;

Yang and Rannala, 2012). Several parameters and their estimators exist to measure tl
genetic distance between samples with some metrics being more appropriate than other
when taking into consideration the underlying ge@ndtevolutionary assumptions
inherent to phylogenetics with many detailed reviews discussing the appropriateness of
different methods (Jombart 2Gdl1;Jolyet al2015).The observed genetic distance

can then be matched to the epidemiological relationships between infected hosts with
direct transmission ruled outubigeithera fixed threshold for substitutions or by

using evolutionary models to estimate the expected genetic distance between isolate
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(Gonzaleandelast al2003; Jombaat al2014; Croucher and Didelot, 2015; Lau et
al.2015). Simply put, transmission trees can be inferred based on the assumption that the
genetic relatedness between pathogen isolates will be shorter if the hosts from which the
isolates were sampled from were closer in the chain of transmissionZ0pn®et a

Maioet al.2016). These teajues based on pathogen phylogenies have been used in
numerous infectious disease outbreaks with increasing popularity for foodborne
pathogens for which it is often vital to be able to trace the origin of an outbreak across
different geographical and temporal scales (De2@l€&; &unn, 2016; Nadon et al.

2017; Pightling et2018; Browet al2019).

In addition to combining da&vesal studies have alsoemddmiological and genetic

modelsn parallein order to compatee resultd=or example, Scar@nd colleagues
(2015pppliedwoBayesian framewsttkihe Ebola outbreak in 204ig genetic data

to reconstruct transmission taking into account the genetic variation, collection dates,
duration of pathogen colonization and time interval betweeReasades from both

models were found to be consistentneiwerkbased compartment model that
accounted for the clustering of contacts between indba@uplacét al.2015).

However, despitee success of these approaches, it is increasingly clear that the genetic
relatedness between pathogens cannot always be explained by a clear epidemiological
link, and with many of these methodisgetydensely sampled host populations and a
rapidly mutating pathogen that allows for discrimination between pathogen genomes on
an epidemiological timescale (Campbell(t8)l. the impact of sampling bias on these
estimates has not been fully understood (Hidano and Gates, 2019). Fuftharmore, on
limited number attempt to distinguish between the mode of traremdistien
transmission route between infected hosts; a differentiation important for effectively
controlling the spread of disease. For this reason, many studies are moving towards

goproaches centred around epidemiological modelling in order to achieve a greater
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resolution into disease dynamvigty a growing number of studies using SNA

frameworks to integrate host contact networks into a phylogenetic analysis.

One of the seminadpers incorporating heterogeneous host contact patterns into
simulation models was that by Lemey and coll@@d4¢sThis study used a
phylogeographapproach to compare the observed peaks for influenza HIN1 in 14 air
communities to those derived from compartmsestaptiblenfectiougecovered

(SIR simulation models with different transmission parameters (Lem2éy4t al.
Phylogeography is one field taken from phylodynamics, a framework that unifies
evolutionary biology, epidemiology, and immunodynamics (Gre2f@d4gt athich

mainly studies spatiotemporal disease dynamics based on genetic information (Holmes
and Grenfell, 2009). Using flaisiework, the study by Lemey and collé2@iés

highlighted that the use of transmission coefficients derived from solely phylogeographic
models did not produce results that matched to the observed peakotielwdvat
incorporated parameters derived by using both phylogeographic and epidemiological
models showed a high correlation to the observed data, revealing that air transportation
and the population size of the transport destination were important risk factors for

transmission.

Further use of detailed contact information has providesihtwstgbtcontribution of

different contacts towards the spread on diseaseample,saudy by Young and
colleagug2017evaluated the spatial correlation of avian influenza isolates with various
models of geographical distance including Euclidean, rokdroativoetwork via
intervening live bird markets and -teestt paths. Sevetityee sequenced avian
influenza isolates were used in the phylogenetic analysis with isolates from backyaro
poultry found to be associated with-desistpath distance, whisolates from

commercial farms were more strongly associated with road netwosudigtastiog
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that the role of wild birds and humadiated transmission differ between the different
systems of poultry produc{iéaunget al2017) In a more recent study by Tamminen

and colleagues (2019), information from environmental sampling of a highly virulent
strain of verotoxigertitscherichia cWTEC) from 80 farnvgas combinedith

information from farmeuestionnaireandwhole genomgequencintp investigate

different risk factors; providing insight into the importance of ongoing local transmission
mechanisms for the spreadvOEC and disease persisteimcehe population
(Tammineret al2019)Similar studies can be found throughout the literature that use
sequencgohthogen data to identify important risk patffwagstet al2005Booth

et al.2013Jaroxet al.2013Alkhamiset al.2017); with many focusing on livestock
networks on account of the development of many databases aimed at capturing livestock
movements as well as different technological advances such as remote sensors that allow
researchers to capture different types of contacts (Hand266RetTdle successful

integratbon of these two complementary data sources, alongside advances in network
modelling, has also led to a growing number of studies looking at the influence of host
contact structures on the evolutionary potential and trajectories of pathogen populations
in ader to comprehend the risk of disease and help design effective prevention and
control strategies (McDonald and Linde, 2002; Bar2d08faibinsoret al2013;

Leventhadt al2015).

2.5.1. The coevolution ohost contact structurs andpathogen traits

It has long been known that the spatial structure of pathogen populations can influence
the selection pressure on specific pathogen traits (Ewald, 1993) and the coevolution
between host and pathogens (Thompsonhd®@89¥r, the extent to which network
structures drive the selection for pathogen traits remains largely unclear. Numerous
models such as the geographic mosaic theory of caavoligtioapture the effect of

spatially structured populations on tHexaationary dynamics of pathogens (Lively,

1999; Thompson and Cunningham, 2002). In a study by Buckee and colleagues (2004)

S(C
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stochastic spatially heterogeneous models were used to investigate the effects of differe
host contact networks on pathogen strain diversity and dynamics. The study showed tha
an increasingly diverse pathogen population emerged as contacts between hosts becon
more localized. Whilst not eluding to any individual characteristic, these results imply
that host contacgtwork structure plays a significant role in mediating the emergence of

varying pathogen population stru¢Buekeet al2004)

However, the relationship between host population contact structure, evolutionary
dynamics and pathogen traits are raytsadw clear. For example, thedffaoetween

two pathogen traits; virulence and transmissibility (Keeling, 2000; Kao, 2006; Lin et al.
2016), has been shown to be influenced by a number of properties in a host population a
a consequence of a pathogen’s adaptive response to maxvaizeBasiBn, 2002).
Networkmodels have shown that in highly clustered populations, transmission rates will
increase even as virulence decreases in order to avoid the rapid depletion of susceptib
hosts and pathogen extinction (Read and Keeling, 2068.aB2@24). Whilst in
populations with a higher proportion of contacts between clusters there is a reduced risk
of depleting susceptible hastseasing the selection for virulence and reducing the
transmissiomate. This relationship shows how host population contact structures may
be acting as major selection pressures for adaptive pathogen traits however, this
relationship has been debated with other models considering the level of virulence to be
coincidentaLevin and Bull, 1994; Weiss, 2002; Ebert and Bull, &)&)dent on

the withirhost competition between pathogen stiimen(et al.2009). This
uncertainty emphasises the importance of understanding the link between host contact
networks and pathogen dynamics in order to effectively capture disease;transmission
however, many diet current evolutionanodel$ave a limited ability to account for

host contact structuvghist many disease transmission models neglect pathogen

evoldionary dynamics (Bucke@l2004; De Smet and Marchal, 2010; V20412
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2.6. Current limitations and future challenges

A number of additional challenges also exfstitmatimit understanding abdhe

link between host population dynamics, epidemic prandsgat)ogen evolution.

Besides thmany constraints in the epidemiological and evolutionary models currently
available (Frost al2015Metcaliet al201%, there is also a genkelt of consensus,
consistency and validation for many of the methods being developect(Rirestone
2019)pften driven by both a lack of quality and quantity of suitablefdata the
modelsHowever with an evacreasing mass of sequence data becoming available,
many of these limitations are now starting to be addressed in the literature alongside the
use of other big data sources that are facilitating the developmernhaf anodies

account for additiorfakctors that may be driving disease transsigsicas human

behaviouchangeand host dynamics.

2.6.1. Missing or imperfect contact network data

Many of the limitationsnetworkbased methods is due tatimdserved individuals

in the populatideading to both missing nodes and ddgaehallenges in collecting
network datdave been previoudigcusse@Mikolajczyk and Kretzschmar, 2008;
Eamesgt al.2015howeverdespite it being a common problempfieidifficult to

guantify the impact of analysing incomplete network data oAenatirstekistics and
epidemiologicahferencegKossinetst al.2006) One previous study by Pfeiffer and
colleagug2015) has used a simulation algorithm to estimate the required fraction of a
network that neededowm sampled to ensure population estimates of a known precision
howevetthe estimatill relielon being able to fully characterise the population at risk;
which can be particularly difficult in isolatedifeviipulations or for disease
involvingmultiple host speci@¥eifferet al.2015) A recent review by Craft (2015)
instead highlights important steps that should be comdigaeréqing to capture

contact networks in order to ensure that they can be incorporated effectively into

infectious disease studnetuding giving careful consideratiohote a contads
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definedhow an infection may alter the contact structwranlobserved network may
be scaledp to a biologically relevant sigd, low contacts between multiple host
speciescan be capturedCraft 2015). Neverthelesdpr current networkased
approaches to continue to devitlapclear thamprovements in the collectdn
network data is required, elinmgaanyincertainty around inferring missing nodes and

edges.

2.6.2. Modelling dynamic networks

With continued improvements in network data, more realistic transmission models that
have captured all the relevant contacts that may be playing a role in disease transmissic
can be developed; helping to improve epidemiological inferences. However, further
considerations are also needed to overcome limitations arising from the use of static
contact networks whereby nodes and edges remain fixed for the duration of a model
(Bansakt al.2010). This assumption disregards any changing dynamics within a
populéion which may have a huge impact on the spread of a disease depending on the
timescale over which the pathogen spveddsarfd Meyers, 2007), and a number of
studies have shown the effects of dynamic network properties, regthaasytiaad

duraton of contacts, on disease spread (Fefferman and Ng, 2007; R&&] et al.
Smieszek, 2009). However, these studies rely on good quality longitudinal data sets the
provide information about the timing, identity and duration of contacts which is often
limited.Developing the necessary processessease transmission model would also
requirea basic understanding of the underlying mechanisms. For example, to include a
feedback loop that considers the influence of a disease outlpepklatidheontact

pattern, it would be crucial to have some understanding of patterns in human behaviour
and how they influence disease spread (FuB@l€l)Model feedback systems such

as these wouldt only considdrow’ and ‘whyadisease is present in a population but

also ‘what nextvith many of the dynamatwork models in the literature investigating

how changes in human behaviour in response to a disease outliisaksalter
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transmission patterns (Shaw and Schwartz, 2008; P2A® ptaaiteaet al2010;
vanSegbroea al2010; Jolad et2012)Host behaviour has also been shown to play

an important role in animal populations with links between host behaviour, host
demography, and the transmission of infection thought to be important in determining
the impact of disease at different stageslafipogrowth and decline (De Castro and
Bolker, 2005; Silk et28l19). However, capturing both human and animal behaviour,
particularly in response to an event such as a diseasesoubhbreasy antany of
theconcepts and methodologies needgiprioach these research questions are not

widely familiar to the epidemiology community or those developing the models.

2.6.3. Phylogenetic complexities

The same is true when handling molecular sequence data in disease models as it requires
a basic understanding of pathogen evolution and population genetics. This barrier could
somewhat explain why pathogen evolutibmecentijhas been largely neglected in
epidemiological modddsit alsbighlights the importance of multidisciplinary research

teams especially if current methods using pathogen sequence data to make
epidemiological inferences are to be extended aneMaltitideary complexities such

as changing mutation rates, selectiaasagment, recombination and witbst

variation (Kretzschmar et24110; DéMaio et al.2016; Campbell et 2018).The

incorporation of feedbdofipss alswery important to solve sontbede problems as

infectious disease dynamics are fafteeted by changes in pathogen chatiasteri

such as virulence, infectiousraess fitness, which may be influenced by disease
interventions. Further expertisgsis required in all stages of a phylogenetic analysis in

order to avoid some of the potential artefacts that can arise during each step, starting from
errors in the genome sequencing to gerAmedymodels and tree building exercises,

all of which can distort inferences made about historical evolutionary events (Stevens and
Schofield, 2003). Nevertheless, the increasing accessibility of sequence data alongside the

advent of freebpailable computer software may result in the misuse of sequence data in

5/
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which important assumptions artying phylogenetic approaches may be violated
particularly in cases where the effect of such assumptions and sampling bias on the
estimates is not yet fully understood. For example, one key assumption grounded in
coalescent theory is that sampled pathogens are all tips on a phylogenketic tree and t
internal nodes correspond to a coalescent event, the timing of which depends on the
generation interval and withost evolutionary dynami¢anget al2014) but none

of thesamples at the tip are direct ascendants of other samples. This assumption is
unlikely in an epidemic and the nodes in a transmission tree correspond to a transmissior
evenmmeaning that both ancestors and descendants may both be present in an outbreak
resulting in incomplete lineagdirg), erroneous trees and, biased transmission

estimates (Gavryushkina @044; Didelet al2016).

Another simplification that is often made in evolutionary models is the mechanisms by
which sequence variation arishe. clonal model underlines much of bacterial
population genetics, maintaining that in the absence of sexual processes, chromosome
variation arises through random de matetionsvhich can then be passed on to
following generations by processes of vertical transmission, with distinct lineages arising
from the accumulation of single mutations (Jatkd®@011; AcunBidalgoet al.

2016). Howevewith advances in sequegtechnologycame a growing recognitmn

other evolutionary mechanisms including the mnalétipfe horizontal DNA transfer
processesich asonjugation, transduction and natural transforrf@tbmaret al.

2000; Gogarten and Townsend, 2005; Thomaslser RO05; Soucy eR@l5).

However, despite the importance of these pioggssesating genetic diversity, the

direct effect of spatial heterogeneity and contact patterns on these mechanisms is stil
largely unknown and methods to quantifyothelation between differences in
population structuresthedifferences in pathogeguences are limifigkbtcalet al.
2015)Therefore the focus of many evolutionary models is often the diversity arising from

de nowmutations which itself can be weighted by a number of uncertainties due to the
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unknown influence of different factors on the mutation rate including biological and
geographical factors such as the transmission mode, host species and environmental
stresses (Messinger and Ostling, 26@%e®t al2012; Maharjan and Ferenci, 2015),
time-dependent heterogeneous evolution ratest @i2@15; Ho and Larson, 2006),
intraagenome heterogeneity of mutation, diiesent disease phases such as latent
periods, dormancy and endospores (Fo@DétlaHe et 2013)and hypemutation

(Koseret al.2012). Some models have been developed to allow for differences in the
mutations rates either over time or sites in genome (Biekf)dd etrawever, many

of the current models are constructed using a Bayesian framework and thus require prior
information the impact of which may seriously bias the results particularly in data limited

settings (Fourment and Holmes, 2014).

Similarly, a lack of data also makes it difficult to vaidatd the current methods
integrating pathogen sequence data and epidemiologicalod#ga.td support

decision making, methods must be transparent and capable of prochteing accu
predictions, however, with a lack efvazéd examples, many experimental models are

yet to be testéBansaét al.2007; Craft, 2015; VanderWaal 2028).This further

highlights not only the importance of data collection but also in building and maintaining
strong lines of communication across research disciplmnesr topromote
transparency and innovation (Strober, 200@)iséuskion around the challenges of
integratingnultiple data sources such as how to weight evidence from different datasets
and handle the dependencies between them (De An@éliSgrad. work towards

finding a consensus between all the methodologies currently bpeaFdehelr

discussia considering how to critically assess complex models would also aid
researchers whelkeciding on the most appropriate models to use, which can be
considered a skill in itself, and is dependent on the research question, the quality of the

dataand the desired output (Keeling and RohanG20a& al2020).
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2.7. Conclusion

The application of netwdrksed approaches in infectious disease epidemiology has led

to invaluable insights on how heterogeneity in host contact structures affects disease
dynamic; however, it is clear that disease dynamics are dependent on intleee than jus
underlying population contact structure, with #neokdion of pathogens playing a

major role in the emergence and spread of a disease. Unified approaches integrating bot
epidemiological and evolutionary information will undoubtedly providiera gre
understanding into both infectious disease dynamics and pathogen evolutionary trends,
with current molecular epidemiological approaches having successfully been used to
identify important disease risk factors and infer pathogen transmissioronghe addit

use of netwottkased models has also highlighted how population contact structures can
act as constraints on the evolutionary behaviour of pathogen populations. However, the
continued development of these models is constrained by a lack of understanding of how
host contact structures may be driving pathogen differentiation and trait selection. This
knowledge gap emphasises the need to bdddtlnggnultidisciplinary relationships

in order to not only develop methodologies that are robusspauce mitamwhilst also
maintaining the assumptions underlying each approach, but also to effectively integrate

additional data that will be crucial to understanding infectious disease dynamics.
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3.1. Abstract

AIMS: To (i) collect and update baseline data on the contact patterns and biosecurity
practices of farms within the New Zealand commercial poultry industry, (ii) investigate
the relationship between the estimatedefgghtontact risk and biosecuritstipes,

and (iii) identify important poultry health concerns that may be influencing the risk

management behaviour of producers.

METHODS: A crossectional survey of all registered New Zealand commercial poultry
operations was conducted in 2016 colledongation on farm demographic

biosecurity practices, and contact risk pathways. The quantitative survey responses were
used to generate a subjective contact risk score based on the presence of eight potential
disease transmission pathways and &aibjesecurity score based on the frequency

with which producers reported implementing seven common biosecurity measures. The
correlation between the two scores was analysed with-&/dllissialk sum test.

Thematic analysis was performed on the qualitatesd feerey responses to further

investigate producer opinions towards poultry health issues.

RESULTS: The survey response rate was 29.0% (120/414) from 57 (47.5%) broilers, 33
(27.5%) layers, 24 (20.0%) breeders, and 6 (5.0%) other poultry production types. The
presence and absence of different contact risk pathways on each farm wete highly variab
both within and between each poultry sector. However, for both broiler and layer
enterprises the greatest contribution to the contact risk score was associated with the
movenent of employees whereas, for breeder enterprises,atite affiarm

movemenof goods and services was considered the greater risk. Biosecurity adoption
was generally low with only 14 (11.7%) reporting the use of all seven surveyed biosecurity
measuie Overall, no significant correlation was found between the bioseauulity score a

contact risk score on each farm. Produetaxfreesponses showed a high level of
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concern over the efficacy of biosecurity measures, highlighting an important future area

of research.

CONCLUSIONShe uptake of biosecurity measures in the New Zealand commercial
poultry industry is highly varidhlegenerally low despite the significant potential risk

for diseases to spread through frequent bletreeantacts. Thiaynbe related to the

low prevalence or absence of many important infectious poultry diseases in New Zealanc
leading farmers to believe there is a limited need to maintain good biosecurity as well a:
farmer uncertainty around the efficacy of different biosecurity measures. Further
research is needed to understand barriers towatsityiosdoption including

evaluating the casffectiveness of biosecurity interventions.

KEYWORDS: Poultry health, Biosecurity, Risk ranking, Producer behaviour, Contact

neworks
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3.2. Introduction

The emergence and spread of infectious diseases can have a devastating impact on
commercial poultry industries, especially if the disease is zoonotic or foodborne in origin
with potentially major implications on public hedlilhgrsl2018). To minimise the

risk of disease introduction and spread, diffemgnt biosecurity measures can be
implemented with some designed to target specific pathogens while others are more
generalised. However, in many countries, it is widely recognised that a proportion of
producers are failing to implement commonijwmeramled biosecurity practices
(Mooreet al2008; Kruget al2009; Mankad, 2016) resulting in a huge variation in risk
management practices between producers. Various factors are thought to play a role in a
producer’s decision to adopt different bitgeteasures, including physical farm
characteristics (such as land area, flock size, number of neighbouring operations,
company policies and the distance to the nearékestadt al2012; Susilowati et

al. 2013), producer characteristics (such as age, education level, gender, income,
household size, years of experience, risk awareness and tolerance) 2Ra2eot et al.
Akintunde and Adeoti, 2014), local factarsdsypolicy obligation, social expectations

and local disease prevalence) &waiR010; Itagaki, 2013; Hidano €04aB) and

factors relating directly to implementation (such as the direct costs, public health benefits
and the ease and practiaaligdoption) (Fraser e8l10; Garforth et 2013). This

makes it difficult to ensure a minimum level of bigsiscumaintained across all
production premises and identify those farms that are of greatest risk in the event of a

disease outbreak.

Being able to classify production premises based on their risk for disease introduction and
spread is an important step in both the developmentbas$edsicontrol and
surveillance strategies as well as in many disease transmission model2d08emi et al.

Van Steenwinkel et2l11). Despite this, there is only a limited number of studies that

have tried to quantitetly assess the level of risk on productions premises with
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consideration for more than just one infectious agent (Brid2f¥¥/eealeriret al.

2015). However, more recently, a growing number of studies have usedewktwork-
approaches to identify higgh-sites that would be important to target in the event of a
disease outbreak (Martihépezt al2009; Rautureaual2012; Sanchez Matamoros

et al2013). Nevertheless, only a limited number take into acleoimbmsecurity

practices despite their clear influence on the risk of disease introduction and spread. Thi:
may be due to the difficulties in accurately asbesswgl of biosecurity across
different production premises (Nespecal&t9@East, 2007) as well as a general
unavareness as to hefiectie individual biosecurity measuresapreventing or

reducing the spread of an infectious agent.

New Zdand’'s poultry industry offers a unique opportunity to study the relationship
between disease risk and biosecurity adoption mainly due the industry’s comparatively
small size with approximately 119 million meat chiekbnasilers) raised annually,

35 million laying hens excluding a further 3 million replacements raised each year, and
2.5 million meat and layer breeder birds (Anonymous, 2018). In addition, there are
previous studies that have focused on characterising the network structure within the
New Zealand commercial poultry industry (LockharR@t(dlthat offers a great
opportunity for comparison, with furstadies that have quantified the frequency of
routine biosecurity practices within the commercial poultry industry and investigated the
importance of different disease risk pathways (Raw@00 &t Rawdat al2008).

A comparison with these studies would be both timely and relevant given the recent
emergence and rapid spread of a previously unidentified antiesistalpitain of
Campylobacter jejuni that has since been responsible for both sporadic -and outbreak
associated human cases of campylobacteriosis (ZI2fi@eTaleirne et2017).

This emerging strain i@snd across all of the major poultry suppdieosisile for

serving over 90% of the industry (Muellner 26116). This represented a major

epidemiological shift asypousCampylobactstrains have been strongly associated
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with individual poultry suppliers (Mullner @040); highlighting a need for updated

information on biosecurity practices and contact patterns.

As part of efforts tbetter understand the mechanisms responsible for this
epidemiological shift a cresstional survey was conducted across all c@mmerc
poultry producers frew Zealand in order to (i) collect and update baseline data on farm
biosecurity practices and contact risk pathways, (ii) investigate the relationship between
contact risk pathways andfasm biosecurity, and (iii) identify irtgod poultry

health concerns for producers that may have contributed to a shift in biosecurity

practices.

3.3. Materials and Methods

3.3.1. Survey implementation

Contact details for commercial poultry enterprises in New Zealand were obtained from
the Poultry Industry Assdoiatof New Zealand (PIANZ) and the Egg Producers’
Federation (EPF). The database was accessed on June 2016 and listed 426 enterprises
includirg hatcheries, breeding and rearing units, layer farms and broiler production
units. This database was believedptare the majority of commercial poultry
enterprises since it is a mandatory requirement for layer farms to be members of EPF
under the Commaodity Levies (Eggs) Order 2009, whilst PIANZ membership represents
over 99% of the country’s chicken meat producers. Enterprises no longer in production
or with no production facilitiee.(head offices) were removed along with duplicate
records leavingl4 records believed to be active poultry producersurkegre
sensitisation ail was distributed through fIANZ and EPHail lists prior to

paper copies of the questionnaire being mailed to the 414 active poultry producers
identified including all broiler, layer, turkey, and duck enterprises. Paper copies were
mailed on ¥%une 2016 and the survey reshaipen until ecember 2016 with

two reminder-mails sent to naespondents during this period. The study was judged
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to be low risk thaugh peer evaluation and consequently was not formally reviewed by

any of the University’'s Human Ethics Committees.

3.3.2. Survey design

The 1lpage survey was based on a previous questionnaire administered to New Zealanc
poultry producers by Lockhartl amwlleagues (201i@) 2006 and modified in
collaboration with PIANZ, EPF and the Ministry for Primary Industries (MPI) (Lockhart
et al2010). The survey was designed to collect information on the farm demographics,
contact patterns, and biosecurity practices of New Zealand commercial poultry
operations and a copy of the complete survey questionnaire can hepfnuaig A A

To summarise, the farm demographic variables included in the survey questionnaire
aimed at capturing the (i) name and mailing address of the farm, (ii) spatial location of
the farm, (iii) types of poultry produced, (iv) average number of birds present on the farm,
(v) total number of poultry sheds on the farm, (vi) average maximum capacity of each
shed, (vii) total farm capacity, (viii) predominant housing type, (ix) flow management of
birds, (x) length of an average production cycle, (xi) downtime between producti

cycles, and (xii) number oftiole and pattime workers on the farm.

The contact variables aimed at capturing all movements of (i) transporting vehicles, (ii)
feed, (iii) live birds and hatching eggs, (iv) table eggsramdquiudgts, (v) permel,

and (vi) poultry waste and litter aod-offfarm over the previous-gear period. For

each type of movement, producers were asked to provide additional details regarding the
name and business location of each sourteatiadesompany, th@ection of the
movementi.g.,onto or offarm), the type and quantity of any products transferred by

the movement, and the frequency of movements. It was also recorded whether the farm
had direct contact with backyard powtksfithrough the safepoultry, including

endof-lay or poinbf-lay birds, or adjacent backyard poultry flock.
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The biosecurity variables aimed at capturing the (i) allocation of workers across the farm,

(i1) biosecurity measures implemented on figrshdiing and cleaning of equipment

and vehicles between farms, (iv) sources of water supply and water treatment, and (v)
presence of wild birds and waterfowls either in the same areas as poultry or on farm ponds
and waterways. Lastly, all produceraskeckto indicate their views on the importance

of different poultry health issues using various Likert scaleseau o pgrestions.

3.3.3. Data processing

All responses were entered into a Microsoft Access database by two separate individuals
andcrossehecked for discrepancies. Ambiguous answadidating both “yes” and

“no” for a given question) were recorded as a missing response before data were imported
into the R statistical softwar®¢Relopment Core Team, 2010) for processthg. Fir
enterprises were categorised in accordance with their primary production type resulting

in four categoridsoiler, layer, breeder, and all other poultry. If survey respondents
indicated that multiple production types were present within a single enterprise, the
primary production type was considered to be the one where over 80% of the poultry on
site were contributing to this purpose. The ‘other’ category combined pullet, duck, and
turkey enterprises since there were relatively few of thesslynstample. A postal

address for each of the study farms was retrieved by using the addresses provided in the
survey. These addresses were checked using Google Maps (2017), to make sure they
corresponded to a poultry production unit (indicated by the presence of poultry sheds)
and not the producer’s residential address. ffespmmders, addresses were obtained

from the PIANZEPF producer list and checked accordingly. All addresses were used to
obtain coordinates that could be used to map the tdc@jiall active poultry

producers in the PIANEPF database and (ii) the producers that responded to the

survey.
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3.3.4. Generating the farmlevel contact risk score

A subjectivenweighted contact risk score was calculated for all farms thattoesponded

the survey questionnaire with the aid of a risk ranking matrix X TBhie Bals used

as a proxy for the farm’s potential to acquire and/or spread infectious diseases througr
the contact network. Eight risk criteria were contained within the matrix each reflecting
a potential contact pathway for disease transmission. Risk criteria were selected if the'
had been previously identified as a risk pathway in the study by Rawdon and colleague
(2007, 200®)r based on evidence in the current literaflighting their role in a

disease transmission path{lRawdoret al.2007; Rawdon et 2008). For each

surveyed poultry farm, the presence or absence of a contact was idequirfregl from
responses by looking at the farm characteristics and management practices in regards t
(i) the number and assignment of employees, (ii) the sharing and cleaning of equipment,
(i) the presences of wild birds and waterfowl, (iv) contacteathmercial poultry,

(v) litter management, and (v) the supply atrdeing of drinking water.

In addition, five network graphs were constructed from the repangd#farm

movements relating to (i) feed, (ii) live birds and hatching eggsy(iwpptayltitter,

and dead birds, (iv) additional poultry products, (v) personnel and @ndatifon-

farm movements. Further details on how the network graphs were constructed have beel
provided in Appendix igywevelforthe purpose of this studlydhe network graph
constructed from all the- @md offfarm movements was used to perform a social
network analysis (SNA) and generate a degree centrality score was for each node (i.e.,
surveyed poultry farm) with a full description of the complete SNA also provided in
Appendix B. The degree centrality scorsegasan additional risk criterion to try and
capture the potential transmission risk due between farms dueadibié-farnm

movements of goods and services. One last risk criterion, the number of neighbouring
commercial poultry farms, was alsalat@d without reference to survey responses.

This criterion was selected to try and capture the potential transkniistoto rihe
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spatial proximity of neighbouring poultry producers, not including backyard poultry
producers. For this study, twdtpoanterprises were considered neighbours if they
were within a 5km radius of each other. This was determined forbyadtaténg a

circular window, with a 5km radius, around a centroid position marked by the farm
coordinates that had been extrdaied the PIANZEPF database. Poultry farms

captured within this window were considered as a neighbouring poultry premises.

Table3.1.The disease Heknking matrix showing the contribution of risk attributes

within each of the eiglgkcriterion to the estimated disease risk score.

Risk Criterion Likelihood of disease introduction and transmission

(#) Risk attribute  Minimal Low Moderate High

Neighbouring 0 1.5 6-15 515

farms

DrinkingWater (1) Water (1) Water (1) Water from (1) Water fron

(1) Sources from lowrisk from lowrisk hightisk hightisk
sources sources sources sources

(2) Treatment (2) Water (2) Water (2) Water (2) Water

treated untreated treated untreated or
only filtered
Litter (1) Poultry (1) Poultry (1) Either (1) Sheds
management sheds fully  sheds fully poultry sheds  partially
(1) Cleaning of  cleaned out cleaned out fully cleaned cleaned with
poultry sheds and and but not no disinfection
disinfected disinfected, disinfection, ol or litter
with but sheds only treatment
replacement replacement partially
litter treated litter not cleaned and
treated disinfected

(2) Litter moistur: (2) Litter just (2) Litter just (2) Litter too  (2) Litter too
right right dry wet

(3) Downtime (3) >28 days (3) 1528 (3)514 days (3) <5 days
days

Table 3.1 continues next page

9(



ChapteB| Disease risk and biosecurity

Table 3.tontinud

Risk Criterion Likelihood of disease introduction and transmission
‘(;)rilz:iz Minimal Low Moderate High

Non-

commercial

poultry

(1) Number of (1) No (1) 1 borderin¢ (1) 2 bordering Q) 3
bordering bordering  backyard farn backyard farm  bordering
backyard backyard farm backyard farms
poultry

(2) Sale of enc  (2) No sales (2) No sales (2) Sale of enc (2) Sale of end

oflay or point of-lay or point of-lay or point

oflay birds of-lay birds of-lay birds

Wild birds and

waterfowl

(1) Birds (1) Nobirds (1) Birds (1) Birds (1) Birds

present present on the present on present on present in
farm farm ponds  farm ponds  production

areas

(2) Distance o (2) NA (2) >50m fror (2) 50m from (2) Within the

birds from the the productior the productior production
production area arey area
area
Equipment
(1) Shared (1) No (1) Equipmen (1) Equipment (1) Equipment
equipment shared shared shared
shared
(2) Cleaned (2) NA (2) All (2) Only some (2) No
equipment equipment equipment
cleaned cleaned cleaned

Table 3.1 continues next page
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Table 3 continued

Risk Criterion Likelihood of disease introductiontaaasmission

(#) Risk . .
attribute Minimal Low Moderate High
Employees

(1) Number Q)0 (1) 24 (1) 510 (1)>10

(2) Shed (2) NA (2) Specidi (2) Specific (2) >1 full farr
assignment sheds sheds

pegree 0 1-10 1125 >25
centrality’

atime in days between production cycles in which poultry sheds are left emj

®sum of node-degree and edegree calculated from all movements going either on
to or offarm

¢ water collected from the town supply was considered low risk compared to wa
collected from roofs, rivers, streams, and sgriogswere considered hiigh-
sources

Each of the eight risk criteria were then rankédkertscale so that for each risk a

node received a score of eitheframial risk), one (low risk), two (moderate risk) or

three (high risk) (Tabl&)3.The score was given based on a hiolwgestanding of

the poultry production system aadiklklihood that the attribute would result in disease
introduction or dissemination without consideration of a specific pathogen. Overall using
this risk ranking, the total contact risk score could range between zero, indicating that the

level of potemtii risk on a farm was minimal, to 24, the maximum level of potential risk.

3.3.5. Generating the farmlevel biosecurity frequency score

A subjective biosecurity score was calculated for eaclissonfey@dresponses that

indicated the frequency at which seven common biosecurity practices were implemented
on farm. The seven surveyed biosecurity measures included the use of (i) dedicated
coveralls for each shed, (ii) dedicated foot covers for each shed, (iii) footbaths at shed
entrances, (iv) rodent bait stations, (vpiwaded housing, (vi) bjpdoofed feed

stores, and (vii) vehicle disinfection before entering the farm. These measures were
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selected for inclusion in the survey on the basis that they are routine daily practices
recommended as a munmimbiosecurity requirement on broiler farms in the PIANZ
biosecurity manual (PIANZ, 2015). For this study, all biosecurity measures were
considered equally important due to the limited research comparing the effectiveness of
biosecurity measures in mitigating disease transmission; making it difficult to give
weights to individual biosecurity measures. In the survey, responders indicated the
frequency of implementing each biosecurity measure @ filkeipscale, making

it easy to rank answers with no consideration of the efficiency of the control measure for
preventing disease transmission. Responses were given a corresponding score rangir
from zero (never), one (rarely), two (sometimesjofter®eand four (always). The

sum of these indicatorade up the biosecurity score for each farm, resulting in a range

of zero (minimum level of biosecurity) to 28.0 (maximum level of biosecurity).

3.3.6. Statistical analysis

Basiaescriptive statistics were conducted as appropriate using Roftaasi(® s
Development Core Team, 2010) to summarise survey results and make a comparisor
between the different poultry production types. To further investigate if there was a
difference in the contact risk score and the biosecurity score between the different poultry
production types, a Kruskédllis rank sum test was performed. If this initial test was
found to be significapt<0.05), an additional Dunn’s (1964) test was tbemgukr

with multiple comparisons adjusted for using a Bonferroni adjlisenrelationship

between the contact risk score and biosecurity score on each farm was visualised with fiv
basic scatterplots plots showing (i) all survey respondents, (ii) only surveyed broiler
enterprises, (iii) only surveyed layer enterprises, (iv) only surveyed breeder enterprises
and (v) all other survey farms. The Pearson’s correlation coefficient (PCC) was then
calculated for each plot due to th@ownal distribution of the data. Lastly, to analyse

the operended survey responses regardidgcproopinions towards poultry health

concerns and future research interests, word frequency queries were performed using

9
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NVivo v12.0 (QSR International Pty2Qd8) in order tmogp responses. Groups were

then examined manually to identify any common themes between producers.

3.4. Results

3.4.1. Poultry demographics
The postal survey was returned by 29.0% (120/414) of the active poultry producers

registered in the PIANEPF database as of December 2016. The breakdown of responses
varied by produoti type with the two largest industry sectors, broilers and layers,
unequally represented (Tali¥y. However, there was a representative geographical

distribution of respondents from across New Zealand (Figure 3.1).

3.4.2.Contact patterns and contaatisk scores

The contact risk pathways identified on each farm were highly variable both within and
between each of the poultry sectors resulting in a wide range of contact risk scores (Figure
3.2. For example, when considering the potential risk ftach wah non

commercial backyard poultry, 84.2% (101/120) of yharstisdhad minimal risk

(Table3.3). Out of the remaining farms, 94.7% (18/19) were layer enterprises whose risk
with noacommercial backyard poultry was largely due to the sal@fefgyoand

endof-lay birds. Despite this variation, the greatest risk for both layer and broiler
enterprises was from the potential movement of employees between sheds, with 78.8%
(26/33) ofayer operatiomnd 98.2% (56/57) of broiler operations indicating that they

have a number of employees assigwedktacross the whtdem (Table.3. For

breeder enterprises, the greatest risk was attributed amdheftarm movement of

goods and services with 95.8% (23/24) having a network ttairganeaisure

greater than 2@\ppendix B, FiguBd) while the number of neighbouring farms, litter
management practice and water sources were only considered to present a moderate level

of risk across all the study farms.
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Table3.2.Summary of demographic information amongst 120 producers in the New

Zealand commercial poultry industry all of whom responded to the 2016 poultry survey.

Poultry production type
Broilers Layers Breeders Pullets Ducks Turkeys

Number of
survey
responders (%

57 33 24 2 3 1
(475) (27.5) (2000 (17) (25) (0.8)

Sector respons 57/15  33/169  24/55 2/15 3/6 1/11
(%) (36.3) (19.5) (43.6) (13.3) (50.0) (9.1)

Housing (%)
10/57  22/33 1/24 1/2 0/3 1/1

Freerange (17.5) (66.7) (42) (50.0) (0.0) (100)
433 024 02 03 01
Colony NA 121 00)  (00) (00) (0.9
Barm 43/57 2/33 2324 12 33 01
(75.4) (6.1) (95.8) (50.0) (100) (0.0)
. 157 5/33 024 02 03 01
Mixed

(1.8) (15.2) (0.0) (0.0) (0.0) (0.0)

Median numbe 97820 8750 15000 2500 14000

22000
of poultry per (19500 (20- (5600-  (50-  (1000- )
farm (range)  1000000) 150000) 140000) 35000) 18000)

Median numbe 39 20 10 25 40

of sheds per
farm (range)
Table 3.2 continues next page

(2-12) (114) (124 (15 (23) ()
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Table 2 continued

Poultry produon type
Broilers Layers Breeders Pullets Ducks Turkeys

Flow of birds
(%)
Almaloy 2057 1133 2224 22 33 00
(70.2) (333) (91.7) (100) (100) (0.0)
ultiole aces 16/57 15533 224 00 00 00
PIeages og1) @55 (83) (0.0) (0.0) (0.0)
Ve 157  7/33 024 00 00 11
(1.8) (21.2) (0.0) (0.0) (0.0) (100)
Median days

420 294 180 705 40.0

ofproduction g6y (a2630) (140860) () (4398) ()

cycle (range)
Mediandays
downtime
length (range]
Median part
time
employees per
farm

Median ful
time
employees pe
farm

aSector includes the 4bfive poultry farms identified in the PIBRE
databasas of October 2016

bColony housing not applicable to broilers as all broiler/meat chickens must be
on the floor in sheds or fraege. Despite this 3/57 (5.3%) of broiler producers
reported colorhousing, therefore, for the purpose of this studgsihasses

were considered as mistakes by the producer and have not been included
¢Mixed production systems include farms that indicated havingrbatiefree-
birds and either birds in barns ongdiousing

dIncludes mixed pullet and layer enterprises

- A range cannot be calculated as only one response has been given

8.0 14.0 420 265 85 90
(0-18) (0-120) (35360) (1835) (7-10) ()

3.0 1.0 0.5 1.0 1.0

1.0 4.0 3.0 1.0 1.0
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Figure32.Boxplot showing the estimated risk score for 120 poultry producers in New

Zealand’s commercial poultry industry includinigy8B enterprises, 57 broiler
enterprises, 24 breeder enterprises and 6 enterprises representing either duck, turkey or
pullet opations. The values in the graph represent the minimum, maximum, median,
first quartile and third quartile in the data with the mediar vpfugdd below each

plot
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Tabk 3.3Contribution of risk criteria to the estimated disease risk scoreZfmongst 1
producers in the New Zealand commercial poultry industry including 33 layer enterprises
(including mixed pullet and layer operations), 57 broiler enterprises, 24 breeder
enterprises and 6 other poultry enterfiriskglingduck, turkey arnmlllet opeations.

A risk score of zero indicates a minimal risk of disease introduction or spread where a

score of 3 indicates a maximum level risk.

Total umber of farms (% within sector)

: o Risk
Risk Criterion Score Layers Broilers Breeder All other
poultry
Number of 0 0 (0.0) 0 (0.0) 0 (0.0) 0 (0.0)
neighbouring 1 29 (87.9) 32(56.1) 14 (58.3) 5(83.3)
farms 2 2(6.1) 15(26.3) 10 (41.7) 1(16.7)
3 2(6.1) 10 (17.5) 0 (0.0) 0 (0.0)
Water source 0 8 (24.2) 50 (87.7) 20(83.3) 1(16.7)
and treatment 1 14 (42.4) 3 (5.3) 4 (16.7) 5(83.3)
2 6 (18.2) 4 (7) 0 (0.0) 0 (0.0)
3 5(15.2) 0 (0.0) 0 (0.0) 0 (0.0)
Litter 0 1(3.0) 0 (0.0) 0 (0.0) 0 (0.0)
management 1 16 (48.5) 38(66.7) 21 (87.5) 3 (50)
2 9 (27.3) 19 (33.3) 2(8.3) 1(16.7)
3 7 (21.2) 0 (0.0) 1(4.2) 2 (33.3)
Contact with 0 15 (45.5) 57 (100) 24 (100) 5(83.3)
backyard 1 0 (0.0) 0 (0.0) 0 (0.0) 0 (0.0)
poultry 2 0 (0.0) 0 (0.0) 0 (0.0) 0 (0.0)
3 18 (8.5) 0 (0.0) 0 (0.0) 1(16.7)
Contact with 0 11 (33.3) 26(45.6) 17 (70.8) 1(16.7)
wild birdsand 1 1(3.0) 6 (10.5) 2 (8.3) 1(16.7)
waterfowl 2 0 (0.0) 4 (7.0) 4 (16.7) 1(16.7)
3 21 (63.6) 21 (36.8) 1(4.2) 3 (50.0)
Equipment 0 24 (72.7) 20 (35.1) 2 (8.3) 3 (50.0)
sharing 1 4(12.1) 20 (35.1) 21 (87.5) 1(16.7)
2 0 (0.0) 3 (53) 1(4.2) 0 (0.0)

3 5(15.2) 14 (24.6) 0 (0.0) 2(33.3)
Table 3.8ontinuesext pag
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Table 3.8ontinued

Total number of farms (% within sector)

Risk Criterion Risk . All other
Score Layers Broilers Breeder

poultry

Number of 2(6.1) 3(5.3) 0 (0.0) 0 (0.0)

0
employees 1 15 (45.5) 48 (84.2) 5(20.8) 5 (83.3)
2 10 (30.3) 6 (10.5) 12 (50.0) 1(16.7)
3 6 (18.2) 0 (0.0) 7 (29.2) 0 (0.0)
Network 0 1(3.0) 0(0.0) 0 (0.0) 0 (0.0)
degree 1 18 (54.5) 5 (8.8) 0 (0.0) 1(16.7)
cerrality 2 9 (27.3) 16 (28.1) 1(4.2) 0 (0.0)

3 5(15.2) 36 (63.2) 23(95.8) 5(83.3)

The complete breakdown of the different contact risk pathways reported in the survey
can be found in Appendix B (TdbeBB) in addition to summaries on each of the
reconstructed networks gragtmppéndix B, TablB9) and statistics from the SNA

(Appendk B, TableB10).Overall, the mean contact risk score was 14.6 (median: 15,
range: 21)across all farms. The contribution of different risk criteria to the final score

is presented in Tablg.Besults from the Dunn’s tAgpendix B, Tald3) shav that

there was a significant difference between the productiprOtgeed ) with duck,

pullet and turkey enterprises having the greatest average risk score (mean: 16.7, median:
17, range: 1) followed by layer enterprises (mean: 15.9, mediage:1621),

broiler enterprises (mean: 14.2, median: 14,-2dgand finally bresdenterprises

(mean: 12.4, median: 11, randEr)10-

3.4.3. Biosecurity practices and biosecurity frequency scores

The reported use of each biosecurity measure varied greatl9 (FHguexd@mple,

95.8% (115/120) of the survey respondentsdridieates’ using rodent bait stations

in comparison to only 22.5% (27/120) that indicated ‘always’ disinfecingnvehicle
addition to rodent bait stations, the use qirbofid housing and bpaofed feed

stores were reportedly used by over 90% of all the survey respondents whilst disinfecting

vehicles, dedicated shed overalls and footbath were the leabtge8r8ed/ith

10(
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100

Figure3.3.The reported frequency of implementing seven common biosecurity measures

amongst 120 poultry producers in New Zealand’s commercial poultry industry.
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responses varying between the productionAypesdix B, Tablkl). Overall, the

mean biosecurity score was 20.4afmeda, range28) with the largest heterogeneity

seen within the layer sector (FighrdR@sults from the Durtest Appendix Blable

B2) show that there was a significant difference in the biosecurity scores between the
production typesp<0.00@) with breeder enterprises having the greatest average
biosecurity score (mean: 24.3, median: 22, r@8ydo®ed by broiler enterprises

(mean: 22.4, median: 23, rang8)16@uck, pullet and turkey enterprises (mean: 20.8,
median: 20, range:2®), and finally layer enterprises (mean: 14.0, median: 14, range: O

26).

3.4.4. Association between the contact risk arlmlosecurity score

The relationship between the estimated contact risk score and the biosecurity score
(Figure35) resultedn a PCC oD:23 o = 0.01, df 118, 95% CI 6.39 t00.05)

indicating there is no correlation between the number of contact risk pathways and the
level of offiarm biosecurity, although the strength of this relationship varies when

considering each production type individapihe(dix B, FiguB2).

3.4.5. Producer concerns and opinions about poultry health

When asked about six common poultry health concerns, the majority of survey
respondents indicated being either ‘not at all' concerned or ‘extremely’ concerned with
very few responseséatween these extremes (Tabh)leHhwever, the proportion of
responses in each of the two categories differed between the different production types
with a higher proportion of layer enterprises showing little to no concern for
campylobacter (42.4%, 14/33), salmonella (36.4%, 12/33), avian influenza (36.4%, 12/33),
coccidbsis (54.5%, 18/88) or antimicrobial resistance (63.6%, 21/33) in comparison to
the majority of broiler enterprises who showed the least concern for welfare (19.3%,

11/57) and antimicrohiasistance (15.8%, 9/57).
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Figure34.Boxplot showing the estimated biosecurity score for 120 poultry producers in
New Zealand’s commercial poultry industry including 33 layer enterprises, 57 broiler
enterprises, 24 breeder enterprises and 6 enterprises representing either duck, turkey c
pulet operations. The valmethe graph represent the minimum, maximum, median,

first quartile and third quartile in the data with the mediar vpiugdd below each

plot.
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Figure3.5.Scatter plot showing the relationship between the estimated biosecurity score,
calculatedrom the reported frequency of implementing seven common biosecurity
practices, and the estimated disease risk score for 120 poultry producers in New Zealand’s
commercial poultry industry including 33 layer enterprises, S5@ntemleses, 24

breeder enterprises and 6 enterprises representing either duck, turkey or pullet
operations. Point circumference if proportional to farm frequency whilst the pie chart
shows the breakdown of farms by production type. Pearson’s correlation coefficient

(PCC) has beealculated and 95% confidence intervals are shovwalioz a@O1.
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Table3.4 Level of concern over poultry health issues amongst 120 producers in the New
Zealand commercial poultry industry including 33 layer enfergiuseg mixed
pullet and layer operations), 57 broiler enterprises, 24 breeder enterprises and 6 othe

poultryenterprise@ncludingduck, turkey or pullet operafjons

Number of Farms (%)

Layers Broilers  Breeder All other

poultry

Campylobacter Notat all 14 (42.4) 6(10.5) 12(50.0)0 2(33.3)
Slightly 7(21.2) 8(14.0)0 11(45.8) 0(0.0)

Somewhat 3(9.1) 7 (12.3) 0 (0.0) 1(16.7)
Moderately 3(9.1) 16(28.1) 0(0.0) 1(16.7)
Extremely 6(18.2) 20(35.1) 1(4.2 2 (33.3)

Salmonella Notat all 12 (36.4) 7(12.3) 11(45.8) 2(33.3)
Slightly 6(18.2) 6(10.5) 1(4.2) 0 (0.0)
Somewhat 5(15.2) 8(14.0) 0 (0.0) 1(16.7)
Moderately 2(6.1) 16(28.1) 0(0.0) 1(16.7)
Extremely 8(24.2) 20(35.1) 12(50.0) 2(33.3)
Avian Influenza Not at all 12 (36.4) 7(12.3) 12(50.0) 2(33.3)
Slightly 7(21.2) 9(15.8) 0(0.0) 1(16.7)
Somewhat 2(6.1) 7(12.3) 0 (0.0) 0 (0.0
Moderately 4(12.1) 6 (10.5) 1(4.2) 1(16.7)
Extremely 8(24.2) 28(49.1) 11(45.8) 2(33.3)
Coccidiosis Not at all 18(545) 4(7.0) 13(54.2) 2(33.3)
Slightly 5(5.2) 8(14.00 0(0.0 2 (33.3)
Somewhat 5(15.2) 11(19.3) 0(0.0) 0 (0.0)
Moderately 1(3.0)0 15(26.3) 11(45.8) 1(16.7)
Extremely 4(12.1) 19(33.3) 0(0.0) 1(16.7)
Antimicrobial Not at all 21 (63.6) 9(15.8) 12(50.0) 2(33.3)
resistance Slightly 5(15.2) 6(10.5) 1(4.2) 2 (33.3)
Somewhat 2(6.1) 13(22.8) 11(45.8) 0(0.0)
Moderately 1(3.00 13(22.8) 0(0.0) 1(16.7)
Extremely 4(12.1) 16(28.1) 0(0.0) 1(16.7)

Welfare Not at all 16 (48.5) 11(19.3) 11(45.8) 2(33.3)
Slightly 2(6.1) 4 (7.0) 0 (0.0) 0 (0.0)
Somewhat 1(3.0) 1(1.8) 0 (0.0) 0 (0.0)
Moderately 4(12.1) 8(14.0) 0 (0.0) 2 (33.3)
Extremely 10 (30.3) 33(57.9) 13(54.2) 2(33.3)
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Seventy producers also providedefteeesponses when asked about the biggest
concerns facing their operations with several major themes emergiragluéerst

were concerned that the new animal welfare legislation was based on public opinion
rather than science, and worried about the impact of the changes on farm production
levels as well as bioggg particularly when switching torfaege housing systems

where their poultry would have greater contact with wildlife. s&erahdroducers

were also concerned that urbanisation in their region and increased foot traffic from the
general public was leading to increased contact with badkyaoperations. This

was seen as a potential pathway for both endemic diseases to spread between farms but
also exotic diseases to enter the New Zealand commercial poultry industry if there were
to be a lapse in border biosecurity with foreign visgoentfy utilising public
walkways. Third, producers recognized that the mowepestmnel and vehicles

were a major risk for disease introductions and expressed concerns over effectively
managing biosecurity. Lastly, a few producers also esidsgess with labour

management and staffing.

Fortyfive producers further providedtiegeresponses when asked what areas of future
research would be most beneficial to their farms. There were many responses concerning
improved strategies for ngamg litter on farm, developing a better understanding into

which biosecurity praes (including vaccination, disinfection, and border control) are

most effective in preventing enddisgases from spreading between farms as well as
controlling exotic disease from crossing the border and generating more evidence around
the strengths and weaknesses of different housing systems. Three producers cited a need
for learning how to better manage public perceptions about poultry production and
welfare whilst two producers also wanted more research around how best to prevent

foreign diseases from being introduced into New Zealand.
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3.5. Discussion

The study results suggest that there are a significant number dfetoetacts
commercial poultry farms in Newalafel, which have the potential to act as disease
transmission pathways. Howevspjtdghese risks, a large proportion of the farms also

had a relatively low uptake of biosecurity measures aimed at preventing disease
transmission from occurring through these contacts. Overall, no association was found
between the estimated level of risk and the estimatedewel bfasecurity for any

poultry sector despite notable differences in both the relative importance of different
contact risk pathways and biosecurity adoption rates between each sector with the contac
of wild birds and &deyard poultry contributing largely to the risk score for the majority

of layer enterprises in comparison to both breeder and broiler enterprises whose greates
risk was tlough the movement of transporting vehicles and employees. Layer enterprises
also ha the lowest average biosecurity score with many indicating ‘never’ having used
protective overalls, boot covers or footbaths, all of which, were reported frequently by
braler and breeder enterprises. These major differences between the poudtry sectors ar
likely related to the differences in the industry demographic structures. For example, for
breeder enterprises, a large proportion of the contact risk score was associated with th
on and offfarm movement of goods and services. This large numieEneftse/

most likely due to the transfer of live birds and hatching eggs since the New Zealand
poultry industry is highly vertically integrated and relies on only a small number of

breeding farms and hatcheries to service the majority of broiler farms.

One of the most frequent contact risk pathways across all of the surveyed farms was th
movement of employees. This result is similar to that reported by Rawdownesnd colleag
(2007, 2008) who also identified a large number offaetngeentacts was elto the

frequent movement of personnel (Rawdor2@dgl.Rawdon et 2008). However,

there were other minor differences in the previously reported contact ysk pathwa

compared with our present study. For example, untreated drinking watergkom high
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sources, such as rainwater, rivers, saedragrings, was previously identified to be a

major risk pathway for the entry of waterborne exotic pathogens. In our study, there was
a slight increase in the proportion of farms that treated treating their drinking water,
particularly in the layer industry. However, since most of the farms in our study sourced
water from lowisk sources, most commonly bores, the ptpbabipathogen
introductiornviathis pathway is very low even with a large proportion of farms leaving
water untreated. Another important risk factor identified in the previous study was the
sharing of equipment, whereas the majority of farms in our study reported that they did
not share equipment with other farms and, of those that did, a large proportion indicated
that they cleaned the equipment after its return to minimise the potential risk of disease
introduction and spread. In comparison, the pattdriosecurity adoption between

the two studies has remained fairly constant, including some of the observed differences
between the poultry sectors. For example, in both studies, a greater proportion of broiler
enterprises reported the use of foothathgrotective clothing compared with layer
enterprises whereas the use of roaierdtdiions, bindroofed housing and bird

proofed feed stores continued to be implemented by the majority of surveyed farms in

both sectors (Rawdon €2@0.7; Rawdatal.2008).

In our current study, these differences in biosecurity practices have resulted in a greater
biosecurity score among broiler and breeder enterprises in comparison to both layer
enterprises and all ‘other’ poultry producers; suggesting that broiler and breeder
enterprises may be more proactive in adopting biosecurity measures. This higher
adoption rate may be for many reasons for instance, breeder enterprises may have
pressure to maintain a high level of biosecurity given they supply maayndownst
farmgparticularly as the industry tries to reduce the use of antimiesnrzgsgood

biosecurity practices on breeder enterprises and hatcheries have become even more
important (Anonymous, 2017). For broiler producers a large concern will be thos

pathogens responsible for foodborne illnessesCaugbyésbactevith New Zealand
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having one of the highest rates of human campylobacteriosis in comparison to other
industrialised countries (Olson.€2G4)8). In comparison, the primary concéine for

layer industry will most likely be Salmowndileh has a comparatively much lower
prevalence overall, reducing the perceived risk of disease; a factor known to influence
biosecurity adoption ra{edanoet al.2018) The higher average biosecoaye

among broilers could also be an artefact of the survey design, for example, many breeds
enterprises are known to havfarmn showers to reduce the risk of disease introduction
viathe movement of employees, howhigpractice was not included in the pre-
determined list of biosecurity procedures in thecuesegnnaire. Instead only a

limited number of biosecurity measures were included with no space provided for

producers to expand on unidentified bioseradgdures.

For our study, ¢hbiosecurity measures were selected from the biosecurity guidelines
jointly published by MPI and PIANZ on the basis that they offer a good baseline for all
producers. For this reason, it is more likely that broiler enterprises would have adopted
the combination of biosecurity measures in the survey as the guidelines have been large
taken up by all the major poultry suppliers who govern over 90% of broiler producers
(Muellneret al 2016). Therefore, despite no legislation enforcing the adoption of
biosecurity practices, the majority of broiler producers will be following the
recommended guidelines under their company’s policies on expected biosecurity
practices in order to maintain a supply contract. In comparison to the broiler industry
the commerciayer industry consists of a much larger number of independent operators
with only a few shared contractors. This means there is no common biosecurity policy
setting, but instead, each individual producer is left to decide what measures they conside
appropriate to mitigate-fanm risks, reducing the incentive to maintain a minimum set

of biosecurity practices and resulting in a large amount of diversity between layer

operations. Future surveys should expand on the range of biosecurity measures include
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in the surveguestionnaire, or better still, provide aekteeesponse in which

producers could add any biosecurity measures not found se it quidist.

Our study found no significant relationship between ttezl nepiatke of biosecurity

measures and the potential level of transmission risk through contacts with a generally
low biosecurity score across many farms. This is a concern given that highly connected
farms can contribute disproportionately to diseasmidsamn through contact

networks especially if no control measures are in place to limit spread (Christley et al.
2005; Gates and Woolhouse, 2015). A similar lack in biosecurity has also been reported
in a number of previous studies looking both atrc@npmeiltry industries outside

New Zealand (Dorea e2@1.0; Van Steenwinkel &Cdl1; Scott et 2018) and other

livestock sectors (Gunn éiGfl8; Laanen e&l14) although it is not always clear why.

In our study, frelext responses swgidleat many producers have Bwakof concern

or doubt over the effectiveness of biosecurity procedures, noting that they are often too
costly or impractical to implement. However, it is also important to consider the high
health status of New Zeakamdtional flock, which is free from major exotic avian
diseases such as highly pathogenic avian influenza, Newcastleuhsksses retyd

infectious bursal disease (Davidson, 2002; Cobb and Smith, 2013), and where common
pathogens like campylobdaee minimal economic impadisis may be serving to

reduce the producer’s perception of risk both in terms of how vulnerable they feel towards
a threat and how severe they think the potential consequences may be (Ferrer and Klein,
2015). Further research is needed to understamel &ididacy of different biosecurity
measures in reducing disease spread and understanding how to motivate producers to

increase biosecurity adoption.

There are several limitations in the study design that should be considered when

interpreting the results. Given the low survey response rate, there is likely voluntary

response bigsrticularly given thagfbre completing the survey, all producers were
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informed that the study objectives were to develop netwaidnsmuadals in order

to predict disese spread. Therefore, it is likely that those who chose to continue with the
survey reflect producers that are more concerned about disease raadagayent
practice different behaviours and practices to those producers who did not respond
(Laanert al2014). Reporting bias is also a further concern as results rely on the survey’s
ability to accurately reflect the reality orhf@nmaver, erroneous reporting can happen

for a number of reasons with many previous studies showing particularlgtpmor correl
between survey responses aff@anbiosecurity practices (Sax 20@8,; Bewsell,

2010; Racicot et2d112b). This reporting bias may be a result of pressure from the public,
governmentand other producers rt@intain a high level of biosggunitaking it

difficult for producers to speak openly about farm management practices in fear of
potential repercussions and stigma. Further mismatches between the reported biosecurit
and onfarm practices may also lmause those completing the suriteg, farm

owners, may be unaware of employee practicesoonpi@nce overall, leading to an

overestimation in the final biosecurity score.

In order to control some of these biases, future research focusing on-€apturing on
biosecurity and contact risk pathways may benefit from using mixed method approaches
including qualitative methods, such asssaotured interviews, to more accurately
capture what is happening on farm. Farm visits may also increassd¢hete s

future surveys, partaly in the layer industiyio have governing body to promote
research participationn®y fatigue was ajsde clear with the majority of responders
indicating that they would not be willing be to participateisduveydowever face-

to-face farms visits allow the researcher to engage more with producers and discuss th
importance of the research. Interviews also allow for a broader range of questions tha
could be useful to explordasm practices in more de&specially given the current
uncertainty around the different practices between different producers. In addition to

gualitative approaches, the low response may be ameliorated in future studies by workin
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closer with industry who could not only help to indorse the survey but also have the power

to make responses mandatory with PIANZ membership.

There were also limitations in the methods used to assess and quantify both the
biosecurity and contact risk scores. Firstly, it was assumed that each biosecurity measure
had equal importancEhis assumption was made as there is very little research
comparing the use of different biosecurity measures without reference to a specific
disease, making it difficult to give weights or rank different.iNeastitesess, it is
important to considiat equal weighting may also be misleading and future studies may
benefit by considerimgalitative approaeh such as joint rankjng avoid this
assumptiarRrevious studies have atmm expert opinitogiveweights to biosecurity
measureforexample, one study by Gelaude and colleaguesa@8iké)to quantify

the level of biosecurity on broiler farms by prioritizing and weighing various biosecurity
measures taking into account the opinion of 16 different experts including
epidemiologistsieterinary practitioners, and microbiologists (Gelaud20é#al.

However, these weights depend on a number of different variables making it difficult to
extrapolate a biosecurity scoring system acrossdiifteesniSayer et al. 2014; Kuster

et al. 2015).

The transmission risk score is similarly limited by the ability to accurately capture disease
risk pathways using an indirect measure to assess the risk of disease transmission. In the
current study, the contact risk pathways were selectethfeoprdwus survey by

Rawdon and colleagues (2007,&@08yidendeased in the literature, however, many

of these pathways are complex and cannot be quantitatively assessed from a single
observation (Rawdon e28D7; Rawdat al.2008). For exahe, the potential risk

from contact with wild birds or waterfowl was measured by their presence er absence on
farm with no regard to variables such as the number of wild birds, their species and

behaviour patterns such as migration and feeding tfait$icil are also thought to
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play a role in the transmission dynamics between domestic and wild birds (Gilchrist,

2005; Spackman, 2009; Prosser at el., 2013).

Similarly to the biosecurity score, the relative importance of each pathway is also likely
influenced bthe characteristics of individual pathogens. Lastly, when comparing both
the biosecurity and contact risk scores, it is important to consider the implications of
using scoring systems based on a numerical range. For example, for teedri®security
a\alue was given between zero and four for each biosecurity measure listed such that th
difference between a farm with the minimum level of biosecurity and the optimum level
could range from zero to 28. However, this score does not assumag tiaide

change in biosecurity is directly proportional to the scale used in the scareng system (

a score of 28 does not imply that the biosecurity is double that for a score of 14). The sme
range between the minimum and optimum biosecteitgiscailts in many of the

study farms being grouped togethglying that the level of biosecurity between the
farms is very similar. This emphasises need to develop reliable and accessible tools th
can be used to assess bedrmnrisks and lsecurity practices as well as providing a
benchmark to help individuals maintain a high level of biosecurity. However, despite
these limitations in capturing and quantifying bhmbiosecurity and contact risk
pathways, it is still clear that theadarge variation between commercial poultry farms

in New Zealand.

3.6.Conclusion

The study findings highlight the diversity in contact risk pathways and biosecurity
practices across a subset of farms in New Zealand the commercial poultry industry. Fron
a disease control perspective, it is concerning that farms with the highéstqlotenti

of risk for acquiring and/or spreading disease through the contact network were no more
or less likely to adopt biosecurity measures to prevent diseasentthasniasns

with relatively few contacts. This may be related to the low preafadence of many
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important infectious poultry diseases in New Zkealdimd farmers to believe there is

limited need to maintain good biosecurity as well as farmer uncertainty around the
efficacy of different biosecurity measures. Further meseadddito understand (i)

how producers are identifying and assessing disease risks and (ii) which factors are most

important in motivating lotgrm changes in risk management behaviours.
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4.1. Abstract

AIMS:Commercial poultry farms afreisk of disease introductions through potential
contacts withothbackyard poultry producers and wild bird populations. However, it

has historically been difficult to estimatesthdue to the lack of accurate data on the
numbers, locations, and movement patterns of these three populations. In this study, we
exploe the use of differdatasourcesotdetermine the disearsmission riskithin

the New Zealand commercial poultry industry from (i) the sale of backyard poultry
through an online auction website and (ii) the movement of wild brtihsrbiiw

Zealanénd from overseas.

METHODS: Results from a €esgonal survey conducted in 2016 of all registered
New Zealand commercial poultry operationasgdreo characterise contact patterns

within the industry and investigate potential contacts with both backyard poultry
producers and wild bird populations. For backyard poultry, a data extract containing all
recorded poultry transactions made through the online auction website TradeMe® from
2012 to 2018 were used to construct two poultry trade networks characterising the
connectivity of individual traders and spatial locations. The spatial network was then used
to create a Susceptibfectious network simulation model to help characterise the
potential for an epidemic disease to spread across New Zealand through the movement
of backyard poultry. To determine the disease transmission risk from migrating wild
birds, bothvithin New Zealand and from overseas, a data extract from the online citizen
science bird monitoring project eBird vedgssad. Bird observations made from 2012

to 2018 were used to characterise the spatial distribution of wild birds. The overlap
between commercial poultry premises, backyard poultry trade, migratory birds and water

birds belonging to the Anatidae familgxpésed using bivariate choropleth maps.

RESULTS: Analysis of the online auction data revealed highly active backyard poultry

trade networks with a total of 137,270 recorded trades between 59,225 traders during the
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study time period. There was a high level of connectivity and strong spatial linkages
between the major urban centres that followed a similar pattern to that seen in the
commercial poultry network suggesting significant overlap between backyard poultry
trade and commercial poultry. Results from the simulation model shows the potential for
disease to spread through these trades with all the 134 suburb nodes becoming infecte
in 96.4% (9,642/10,000) of the simulations. Analysis of the eBird data included 73,99C
reports sighting 80 bird speciesvk to migrate to, from or within New Zealand. The
majority of these migratory bird species belonged to the order Charadriiformes (coastal
seabirds and wading birds) and posed little risk to commercial poultry with high numbers
reported in isolated coastal areas. Resident birds that migrate within New Zealand anc
water birds were of greatest concern with many reported in the same habitat as both exoti
migratory birds and inland in regions with a high density of commercial and backyard

poultry.

CONCLUSIMIS: Overall, our study findings highlight how the spatial patterns of online
poultry trade and migratory birds can influence the risk landscape within the commercial
poultry industry. In particuldrehigh volume of animals traded through online auction
websites over increasingly long distances and shorter timespans will have important
implications for disease transmission dynamics. The significant overlap between wild
bird populations and backyard poultry also increases the risk of disease imtroduction a
spread, particularly given the generally low standards of biosecurity for backyard poultry.
To reduce this risk, it is essential that future disease prevention and control strategies
consider increasing biosecurity education and regulations wéabkyaha jpoultry

sector.

KEY WORDS: Backyard poultry, Migratory wild birds, Contact networks, Disease

transmission risk
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4.2. Introduction

Controlling the spread of infectious disease through poultry and livestock production
systems requires detailedMentge about the location of farms and the patterns of
contact between them (GagteaR007) As such, most developed countries have
established national databases that require farmers to ficodate urformation on

the numbers of animals in their care as well as the movements of animals between
registered locations for trade and other purposes such as grazing, breeding, veterinary
care, or exhibition at shows (Saatkanafi995) This had led to a significant
improvement in the quality of data in both commercial poultry and livestock operations.
However, it is widely recognized that these systems often fail toooaatioa or
non-commercial or “backyard” producers, defined as those individuals who keep a small
number of animals for personal consumption or as a hobbydgtlad€di This

knowledge gap presents a major concern for commercial operations and health
authorities as there is a potential for backyard producers to act as major disease reservoirs,
increasing the risk of disease transmission to not only commercial operations but also the

general public if the disease is zoonotic (BehrazéddePahjola efall6).

In an attempt to mitigate this risk, there is a limited number of studies that have tried to
characterise the risk of disease from bigo&yliry to commercial poultry producers

with a focus on the local spread of endemic diseases where backyard poultry are in close
contact with both commercial poultry and wild birds or waterfowl (Jo2G@4y et al.
Derkseret aR008Fiebiget aR009)Further studies have also investigated the general
structure of thbackyard poultry sector in terms of its size and composition, the
geographical distribution of households keeping poultry, and their knowledge and
management practices of diseaseldn order to help assess the risk backyard poultry

pose to the commercial poultry industry (Jutzi, 2005).
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More recently, with improvements in our ability to track wild populations, an increasing
number of studies have also investigated the risk of exotic disease being introduced int
commercial poultry viélrect contact with migratory bird populations but also via
contact with backyard poultry that have also been exposed to migfidtmyltords

Westet aR012; Wang et24l13)For disease introduction, the latter pathway is of
growing concern with a rapid expansion in the number of households keeping poultry
(USDA, 2013) in conjunction with the lack of regulations aimed at the backyard poultry
sector and the varying levels of knowledge between backyard producers that often resu
in less than optimal levels of biosecurity (Smith and Dunipace, 2011; S26&&)bri et al.
However, in order to fully characterise these risks, studies must be able to accurately
capture information on both backyard poultry and wild birds as well as being able to
determine if any contact pathways exist between these populations and commercial

poultry enterprises.

In New Zealand, a number of studies have used a range of data sources to characterise 1
risk from backyard poultry to the commercial poultry inBoseyample, Zheng and
colleagug010lsed a traditional creextional survey data and diagnostic samples
from 54 nomrommercial poultry owners to identify several possible transmission
pathways that posed a risk of spreading avian influenza (Al) to commercial operations
with survey results highlighting the potential for backyard poultry to be exposed to Al
through direct contact with wild birds (ZhengG@t@). This is in keeping with a further

study by Lockhart and colleagues (B@i@jso used a cresstional survey to record

details from a subset of backyard poultry producers in urbarugreh pEeitings

within New Zealand, with results also highlighting the importance of strict biosecurity
measures on commercial farms due to the close proximity of backyard poultry with a low

level of biosecurity (Lockhart 2040a).
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However, in both of these previous studies, it was recognised that the data most likely
failed to captueelarge proportion of contacts involving backyard producers due to the
limitations in both the geographic region and/or time scale over which the data was
collected. Similar limitations have seen studies starting to utilise less traditional data
sourceqian attempt to infer information on the demographic and contact patterns of
backyard producers such as the registration data at poultry shows-{deemindez

al2013; Hernanddpveet akR015)These alternative data sources offer opportunities

to reevaluate the risks posed by backyard producers. For exXéampléealand, a

popular method to buy and sell both poultry and livestock is through the online trading

website TradeMe®y(v.trademena? and although it is not possible to determine what

fraction of all backyard poultry trades occur through this site, it is anecdotally believed to
be the most popular marketing channel, with over 3 million registered users out of a total
country poputen of 4.2 million, representing a significant number of backyard poultry

movements that have not been accounted for.

Dat sources regarding the spatial distribution and movement patterns of wild birds is far
more limited and although data and information on migratory and resident birds is
frequently collected for research, management and conservation, it is often restricted to
only a small number of species within a single geographical are2@is8ad bisais

the case with several surveys in New Zealand that have looked at wild bird populations
many of which have been a part of the national surveillanc@pAdgraditherefore

have been focused on those species considered high risk 208ia fetaaét

al20082010; Langstaff e2@09). More recently, studies have turned to citizen science
projects as alternative data sources that can be used to help determine the distribution of
different species. A citizen scientist is any member of the general public that collects and
analyses data typically as part of a collaborative project with a scientific team. Despite the
generated data often being less structured with a high aanabilitgdivd bias, it is

high in quantity and has allowed the scientific community to address many questions on
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broad temporal and spatial scales that would otherwise be logistically or financially
unfeasible (Dickinson €P@l0; Bird et 2014). One such project looking at the
abundance and distribution of wild birds is eBirst/(ebird.ojgLaunched in 2002

by the Cornell Lab of Ornithology at Cornell University and the National Audubon
Society, eBird is the worldigest biodiversitglated citizen science project and
although originally recordings were restricted to the Western Hemisphere, the project
was expanded in 2008 to include New Zédland€bird.org/newzealaadyl then

again in 2010 for worldwide coverage. Since its launch over 420,000 people have
participated in the project with more than 590 million bird observations in the database

contributing to over 220 pemrewed scientific publications (eBird, 2018).

The nain objectives of this study weegglore the use of different data sources to (i)
characterisine trading network of backyard poultry sold through the online auction
website TradeMe®d (ii) determirtbe spatial pattern of wild birds tkeek@own to
migrate to, from and within New Zealand using eBird observainvestigidte the

risk of diseases spreading betvamarommercial poultrigackyard poultry and wild
birdspopulations and, (ievalua the use of these datasetsuppating disease

preparedness and response efforts

4.3. Materials and Methods

4.3.1.Commercial poultry network

Contact details for commercial poultry enterprises in New Zealand were obtained from
the Poultry Industry Association of New Zealand (PIANZ) and the Egg Producers’
Federation (EPF). The database was accessed in June 2016 and listed 426 enterpris
includirg hatcheries, breeding and rearing unitdatmgand broiler production

units. The addresses provided in the database were used to retrieve longitude and latituc
co-ordinates using the R package @ggatdpand Wickham, 2013). Theoadinates

werethen plotted teisuakethe spatial distribution of poultry enterprises across New
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ZealandAdditional choropleth maps were constructed using the R package ggplot2
(Wickham, 2016) to identify the territorial authorities (TAs) with the highest density of
commercial premises for comparison with a map showing the spatial distribution of

migratory birds described below.

In addition, a contact network was constructed to shoandllodfarm movements

relating to feed, waste, litter, live birds, hatching eggs, table eggs and additional poultry
products.e, offal and feathel$e reported movements were obtainethEoesults

of an industry survey administered to all active poultry producers in New Zealand. The
survey was based on a previous guestionnaire conducted by Lockhart and colleagues in
2006 (Lockhart et28110b) and modified in collaboration with PIANZ, EPF and the
Ministry for Primary Industries (MPI) with an aim of collecting information on the farm
demographics, contact patterns, and biosecurity practices of New Zealand commercial
poultry operation$he study was judged to be low risk thorough edioavand
consequently was not formally reviewed by any of the University’'s Human Ethics
Committeed-ull details on the survey design and implementation have been described
in Chapter 3 and a copy of the complete survey questionnaire is/Aqvadatiz &

In the network, nodes represented commercial poultry premises that responded to the
industry survey with undirected edges linking nodes who reported the use of a common
company delivery goods or servieemdmffarm (Figure 4.18.network graph was
constructed using a febesed algorithm proposed by Fruchterman and Reingold
(1991) in the R package igf@pardi and Nepusz, 20B&¥inetwork statistics such
asmeasures of centrality eoldesiohave been described inp@ha3 while for this

study the network graph was plotted onto a geographical map so that nodes were
positioned on their corresponding farm coordinates. The plot was created using the R
packagggplot2Wickham, 2016) for comparison with the spatial networks constructed

from the sale of backyard poultry described below.
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(a) (b)

FARM 1 FARM 2 FARM 3
FARM 1

/\

FARM 2 FARM 3

Figure4.1.Schematic diagram showingctimestruction of the commercial poultry
network with (a) showing three farms connected to transporting vehicles belonging to
different companies: one providing feed, the other removing waste. All three farms use
the waste company (blue lines) whilst only Farms 2 and 3 use the feed company (orang
lines) with those farms linked to the same cdrepangirectly linked in (b) such that

farms 1 is connected to farms 2 anthg wvement of waste, and farms 2 and 3 are

connected vihe both the movement of feed and waste.

4.3.2. Backyard poultry network
4.3.2.1. TradeM&transactions

A data extract containing records of all online poultry auction sales occurring through
the TradeMevebsite over a seyear period fromlanuary 2012 tc*Blecember

2018 was provided. This included details on the (i) trajeadatg;nfized seller and

buyer identification numbers, (iii) geographic location of the seller and buyer at the
region and suburb levels, (iv) type of poultry traded (bantams, chickens, and ducks), (v)
number of animals traded and, (vitdseadescriptics provided by the seller on the

poultry for sale. It should be noted that the number of animals traded represents the lowel
bounds since there were many trades that had “1” recorded under number of animals
traded, but where the fi@d-descriptions indicated that multiple animals were being
sold. Hereafter, we collectively referred to sellers and buyers registered ofi the TradeMe
website as “traders”. Trades to Australia and the Chatham Islands were excluded from

the analysis they were considered to be a low dise&sescisftive statistics were
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calculated summarising the number and frequency of transactions and the number of
active traders each year during the study time period, stratified by poultry type. All

analyses were performed using the R statistical(Bo@wesd eam, 2018)

4.3.2.2.Backyard poultry networks

For each year, tagparate networks were constructed: (i) with nodes representing the
traders and (ii) with nodes representing suburbs. The trader network was used to
characterise patterns in individual connectivity whilst the suburb network was used to
characterise patterm spatial connectivity. Data from the 2018 calendaf'year (01
January 2018 to*¥lecember 2018) have been used as an exemplar year. Network
graphs were constructed using the R packad€ sgraisimdNepusz2006yvithlinks

between nodes reprasg a poultry transaction for all poultry types (chickens, bantams
and ducks) in both the trader networks and spatial networks. The network statistics,
described in Tabld Awere calculated for each network including nadeé out

degree, betweenness, density, diameter, average path length, network- clustering co
efficient, number of strongly connected and weakly connected components (SCC and
WCC respectively), the size of the giant strongly connected component (GSCC) and the
giant weakly connected component (GWCC), network reprocicity, and network
fragmentation. Degree distributions for the number of inward contacts, number of
outward contacts, and the total number of contacts, were also calculated for the trader
network to determine if the strake property in which a small number of individuals
contribute a disproportionately large number of links in the (Bevatrksi, 2009)

existed as is common in other commercial livestock networks ¢ HaR{:t&jf

To visualize the spatial pattern of poultry sales and identify regions with a large amount
of trade, the spatial networks were plotted onto gemigreggs using the R package
ggplotdWickham, 2016) in which nodes were positioned on the regional centroids

corresponding to the geographic location of the trader as identified in the database. Three
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additional network graphs were constructed foeaatih gompare and contrast the
networks constructed from the transaction of the different poultry types. In each graph
the nodes represented the traders whilst the links between nodes represented the

transaction of either chickens, bappamhscks.

Tabk4.1.Network analysis glossary of terms used to describe the trader networks and
spatial networks representing poultry auction sales occurring through tRe TradeMe

websitén New Zealand.

Network _—
. Definition
statistic
Density Theproportion of all possible links between nodes in the networl
present
Diameter The longest path between any two pair of nodes in the network
In-degree Number of individual trades received by a node in the network

Outdegree  Number of individual trades dispatched by a node in the network

TotatDegree The sum of the-iand ouidegree

Betweenness The frequency a node is found ahtreest path between any othe
pair of nodes in the network

Average path The average shortest path between any pair of nodes in th

length averaged over all pairs of nodes

Clustering For any node in the network the clustering coefficient is the proj

coefficient neighbouring nodes in direct contact with the node that are also connected
to each other.

CcC CC: Connected Components. A set of nodes within the network i
nodes are rually accessible. In a strongly connected component (SCC)
each pair of nodes in the connected component is reachable by following the
direction of the link whereas in a weakly connect component (WCC) the
direction of the link is ignored.

GSCC GSCC: Giant Strongly Connected Component. The largest
connected component (SCC) in a directed network in which all nodes are
mutually accessible by following the direction of the link.

GwWCC GWCC: Giant Weakly Connected Component. The larggs
connected component (WCC) in the network that is an undirected network
in which all nodes are linked.

Reciprocity  The likelihood of nodes to be mutually lirgkele likelihood that any
pair of nodes in the network both receive and dispatch trades between each
other.

Fragmentatiol The proportion of node pairs for which a path does not exist betw
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4.3.2.3. Backyard poultry disease simulation model

Toexplore the potential for an epidemic disease, such as avian influenza, to spread across
New Zealand through the movement of backyard poultry, a Sideeptibte{SI)

network simulation model was created modelling poultry trades between the 134 suburb
nodes found in the largest of the spatial ne®iveksthe limited data to inform
within-suburb transmission dynamics, the objective of this model was to reproduce the
“worst case” scenario assuming maximum transmission between suburbsasuch that, if
movement occurred between an infected suburb to a susceptible suburb the probability
of tranmission was fixed at one with no delay between the time in which a transmission
event occurred and the time it takes for the entire suburb to beJsifedtes!

approach network structures that supportcaeestscenarios can be identified, an
exercise that has been applied to many diseases, such as smallpoxX2(K&pjan et al.
measles, norovirus (Daughton21al) and influenza (Keeling and Danon,f2009),

which the available data precludes accurate prediction of disease spread but models have

still been important decision support tools aiding public health planning.

Fa each model simulation, a single suburb was selected as the primaryerdactious cas
any random day betweehl@huary 2012 andB&cember 2018. The simulation was

then updated on a daily basis with any trades from an infectious source suburb causing
the destination suburb to become immediately infectious. The explioit geatyerns
transactions recorded in the data set were used to model the connections between suburb
nodes. The simulation was stopped either when all the suburb nodes were infected or
when a maximum of seven years had elapsed. If the simulationcalaciuked tiade

of 3% December 2018 before either of those conditions were met, we recycled the data
starting from GUanuary 2012 with a total of 10,000 simulations performed. For each
simulation, the following information was recorded: (i) the date of seeding, (ii) the suburb
in which the disease was seeded, (iii) whether or not an individual suburb node became

infected during the run, and (iv) the number of days from the start of the outbreak until
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each individual suburb node became infected. For each individual suburb node,
descriptive statistics were generated on the mean and median number of days it took fo

the suburb node to become infected across the 10,000 simulation runs.

4.3.3.Migrating wilds birds and waterfowl

Bird observation data was extracted from the citizen science project, eBird (Sullivan et
al2009); an online bird monitoring project in which participants report the time,
location, search effort and count of birds in a standardized manner. New Zealand
presenceabsence checklist data frofhJ@duary 2012 tos‘Tdecember 2018 was
requested for this analysis, with access granted ©@phnié ZBL9. Over 1 million
observations had been recorded, however for the purpose of this analysis only record:
thatcould identify the bird species was used. To begin with, a choropleth map showing
the total number of bird species reported within each TA in each year was created as
proxy measure for bird population and diversity. Those bird species not classified as
migratory birds were then excluded in further analyses. A complete list of bird species
known to migrate to, from or within New Zealand was obtained from the online

encyclopaedia of New Zealand ltls//hzbirdsonline.org)aFor this analysis, it

wasassumed that seabirds that are known to spend large periods of time flying at sea
returning to land only for breeding, would be a low disease risk and therefore were
excluded including all albatrosses (Diomedeidae family), petrels (Oceanitidae family),
skuas $tercorariiddamily) and gannets (Sulidagly) The remaining migratory bird

species were crossed referenced with the eBird data extract using both their common an
scientific names to excludemagratory birds from the dataset. The remaining records
were then categorised into resident bird species that only migrate within New Zealand
and migratory bird species that migrate to and from New Zealand. These categories wer
used to distinguish between those bird species that present more of a risk for spreadin
endemic diseases within New Zealand versus bird species that present a risk of

introducing an exotic disease from overseas respectively. Records olistandd on the
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surrounding New Zealand coastline including the Auckland Islands, Snares Islands,
Chatham Island, Pitt Island, Campbell Island and Antipodes Island were further excluded

as these observations were also assumed to have little impact on disease risk.

In adlition to the migratory bird species described above, all birds belonging to the family
Anatidae, a biological family of water birds that includes ducks, geese, and swans, that do
not migrate but are known to be found in New Zealand were also ittenbtfididen
encyclopaedia of New Zealand birighs//hzbirdsonline.org)rand crosgeferenced

with the eBird data extract. This family of birds was included in the analysis as they are
recognised as one of the largest natural host reservoirs for low pathogenic Al (Webster et
all1992) that can not only result in severe disease and fatality in chickerZ)(S&)ort et al.

but also presents a major risk for the introduction of highly pathogenic avian influenza
virus H5N1 (HPAI) into New Zealand. Currémlyd5N1 virus has been detected in

many parts of Asia, Europe and Africa with over 800 cases and 400 deaths in humans
reported since 2003 amtlions of deaths in domestic poultry and wild birds as a result

from both the effects of the disease ang effthrtsAlexander2007; Whitworth et

al2007; WHO, 2019). However, the H5N1 virus has yet to be detected in New Zealand
although a number of species within the Anatidae family have been previously found
positive for low pathogenic avian influenkaimgcthose of the H5 or H7 subtype
(Rawdoret ak007) that have the potential to evolve into HPAI virusesefMoone

al2014).

To visualize the spatial distribution of the migratory birds, both resident and exotic, and
the water birds in the eBird data extoagisude and latitude coordinates were used to

plot a map showing the location at which every observation was recorded in each given
year over the sewarar study period. Choropleth maps were constructed using the R
packagggplot?Wickham, 2I6) to identify regions with a high number of observations.

To account for higher detection rates in urban centres with larger populations, maps were
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adjusted by the population density within each TA using population count data from the

2013 census accesgEstatsNZNh({tps://www.stats.govt.nz).

4.3.4.Disease transmission risk between commercial and rsommercial

poultry

To identify regions with a high chance of contact between commercial poultry and either
backyard poultry or wild birds, a range of bivariate choropleth maps were constructed
highlighting those TAs with both a high number of commercial poultry enirprises a

(i) backyard poultry trades, (ii) bird species migrating to and from New Zealand, (iii) bird
species migrating only within New Zealand, and (iv) bird species belonging to the
Anatidae family. Additional bivariate choropleths maps were also consentfgd t

regions with a high number of backyard poultry trades and (i) bird species migrating to
and from New Zealand, (ii) bird species migrating only within New Zealand, and (iii) bird

species belonging to the Anatidae family.

Within each TA the nuertof commercial poultry premises and bird observations were
calculated using the point data described above including all the poultry producers
registered in the PIANEPF database (beth survey responders andresponders).

For backyard poultry trades, the spatial network was used to calculate an annual degre
measure for each TA; that is the total number of trades made to, from or within the region
over a ongear period. For each bivariate maglaas9sequential colour scheme with

each TA beingptegorized in to three classes: low, medium and high such that when
variables were combinieg] {he number of commercial poultry enterprises, the annual
trading degree or the number of wild bird observations) all combination resulted in a 3x3
grid tha could be reflected using tbka8s sequential colour scheme. Toié gaints

within each variable were calculated by dividing the range into terciles, creating the three
classes. TAs could then be grouped by tercile with those in the lowest tercile considere
to have low values relative to the other observations, those in the middle tercile having

medium values and those in the highest tercile considered to have high values.
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4.4.Results

4.4.1.Commercial poultry network

Overall 414 active commercial poultry premises were identified in thREFHANZ
database with a high density of productions premises located within Auckland, New
Plymouth, Selwyn, Waikato, MataPialeo and Waimakariri (Figurg).4As of

October 2016, 29.0% (120/414) of the poadtngers had returned a completed postal

survey with responses varying by production type such that broiler enterprises
constituted 47.5% (57/120) of the survey responses whilst 19.2% (23/120) were layer
enterprises, 1.67% (2/120) were pullet enteBB&#s(10/120) were mixed pullet and

layer enterprise, 20.0% ( 24/120) were breeder enterprises, 0.83% (1/120) were turkey
enterprise, and 2.5% were duck enterprises. For the purpose of this study a full report of
the survey findings has been omitted, however readers are directed forGhapter 3

comprehensive description of the survey. results

The catact network between the 120 survey respondents had 16,640 edges representing
on and offfarms movements relating to feed (5,453/16,640; 32.8%), live birds and
hatching eggs (7,444/16,640; 44.7%), poultry waste and litter (3,583/16,640; 21.5%) and,
poultry products and table eggs (160/16,640; 9.6%). Network statistics have been shown
in Tablet2 but to summarise, there was a large variation in degmedeith some

farms reporting only a single movement in comparison to other which had 50 on
offfarm movements, however despite this range, the majority of farms only reported a
small number of movements resulting in a skewed degree distrduldibon, the

average shortest path between any two pair of farms in the network was only 2.42 whilst
there was also a high clustering coefficient of 0.824 with geographical clustering and
network hubs surrounding urbanised centres such as Auckland, New Plymouth and

Christchurch (Figure4t.
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Table4.2.Summary network statistics for the New Zealand commercial poultry network
showing the yearly-and offfarms movements relating to feed, liveHatdsing

eggs, poultry wastiead birdstter, andall other poultry products.

Networkstatistics Commercial poultry
Number of nodes 120
Number of links 16640
Density 2.00x10
Diameter 7
Mean degree (nAmrax) 29.00 (B0)
Mean betweenness {max) 81.44 (@40)
Average path length 2.42
Clustering coefficient 0.824
Total number of SCC NA
(Number of nodes in G3CC

Total number of WCC

(Number of nodes in GWCC 3 (188)
Reciprocity NA
Fragmentation 3.32x10

2SCC: Strongly Connected CompeAeset of nodes within the network in which all

are mutually accessible by following the direction of the links. The giant strongly connected
component (GSCC) is the largest SCC.

®WCC: Weakly Connected Componset of nodes within the network in which all nodes

are mutually accessible ignoring the direction of the links. The giant weakl

component (GWCC) is the largest WCC.

NA: network statistics not applicable for an undirected network graph
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Figure4.2.(a) Location of commercial poultry enterprises in New Zealand registered with eititePPBSNE June 2016, (b) choropleth map showing

the density of commercial poultry enterprises within the 67 territorial authorities and (c) commerti@rkdiotathen®r and offfarm

movement of feed, live birdghingeg#/° ,+1(0.5 3 /0(!%00!.'%* /*(( +0%!. ,+1(0.5 ,.+ 1 0/~
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4.4.2.Backyard poultry network

4.4.2.1. TradeM&transactions
Over the sevgear period from 0danuary 2012 to'Bkcember 2018, there were a

total of 137,270 recorded poultry trades between 59,225 unique traders registered on th
TradeM@website. A consistent trading pattern was seen across each of the study years
with only a small majority of the traders trading more than one type ofepoultry (
chickens, bantams or ducks). Over the entire study period, only 2.4% (1,456/59,225) o
traders traded all three types of poultry compared to 6.8% (4,038/59,22%5itnading ban

and chickens, 0.2% (136/59,225) trading bantams and ducks, 5.7% (3,364/59,225) tradin
chickens and ducks, 3.5% (2,126/59,225) trading only bantams, 4.8% (2,856/59,225
trading only ducks, and 76.4% (45,249/59,225) trading only chickens. Descriptive
datistics on the frequency of trades, the estimated lower bounds on the number of
animals traded, and the number of unique traders stratified by poultry type and year are
presented in Tables 4.3, 4.4, and 4.5 respectively. To summarise, the average number
trades made in a year equals 19,610 trades involving 23,768 birds to and from 8,460 acti
traders. The frequency of poultry trades remained relatively consistent between each yee
in the study period with the number of trades peaking during in the summer months of
October through to February (Figure 4.3). On average, 1.38 birds were recorded undel
the number of animals traded with a maximum of 70 birds recorded under a single
transaction although 93.7% (128,627/137,270) of trades had “1” recorded under the
number of animals traded including 89.7% (15,979/17,814) from 01st January 2018 to
31st December 2018.

4.4.2.2.Backyard poultry networks

The trader network constructed from poultry trades betweend@y 2018 and' 31
December 2018, had a total of 16,453 unique edges between 13,291 uniquely identifie
traders whilst the spatial network constructed from poultry trades within the same

timeframe had 2,712 unique edges between 134 unique suburbs. Network statistics fo
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Table 4.3Frequency of poultry trades occurring through the online auction website

TradeM&n New Zealand stratified by the type of bird (n = 3) and year of trade.

2012 2013 2014 2015 2016 2017 2018 Total

Poultry
Chickens 16,895 17,176 16,074 16,632 15,918 15,436 15,113 113,244

Bantams 2,494 2,179 1909 1,681 1,618 1,494 1,105 12,480
Ducks 1,508 1,598 1,749 1,779 1,715 1601 1596 11,546

Total 20,897 20,953 19,732 20,092 19,251 18,531 17,814 137,270

Tabk4.4.Estimated lower bounds on the number of poultry traded through the online
auction website TradéMeNew Zealand stratified by the type of bird (n = 3) and year

of trade.

2012 2013 2014 2015 2016 2017 2018 Total

Poultry
Chickens 18,455 19,157 19,060 21,160 22,956 21,483 21,320 143,591

Bantams 2,574 2,373 2,019 1821 2,048 1,711 1,252 13,798
Ducks 1526 1,637 1,900 1979 1949 1867 2,069 12927

Total 22,555 23,167 22,979 24,960 26,953 23,194 22,572 166,380

Tabk 4.5.Number of uniquely identified poultry traders utilizing the online auction

website TradeMe New Zealand stratified the type of bird (n = 3) and year of trade.

2012 2013 2014 2015 2016 2017 2018 Total

Trader
Sellers 3,540 3,827 3,785 3,774 3,485 3,289 3,288 14,812

Buyers 11,075 11,625 10,909 11,239 11,091 11,079 10,944 53,268

Total 13,232 14,051 13,371 13,755 13,470 13,422 13,291 59,225
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the trader network and sgatietwork have been summarised in Tables 4.6 and 4.7,
respectively, with additional statistics for the subsequent study years presented in
AppendiC (Table€1 and €). To summarise, all the trader networks for the different
poultry typei g, chicken, bantams and ducks) in 2018 only had a small proportion of all
possible connections actually realised with a density ®ffd®.3k&0 network
constructed from all poultry trades. Networks varied in their diameter, ranging from 5
24 and their axage path length ranging from8.5% emphasising the difference
between the number of traders and frequency at which chickens are traded in comparison

to bantams and ducks.

The regqrocity, fragmentation and clustering coefficients between the networks were
reasonable similar. Reciprocity equalled zero for the trader networks showing the
transaction of bantams and ducks whilst being only slightly above zero for the chicken
trader network. This indicates that only a small fractatirecfibnal links are present

in the networkzragmentation was slightly below one for all the networks whilst the
clustering coefficients all ranged between 0.001 and 0.006 indicatihia@nadveral
cohesiveness between all the traders in the networks. This result is further emphasised by
the small number of traders identifidtte GSCCs in each graph. For example, when all
poultry transaction acensidered the network contains 13,200 SCC with the largest
GSCC only containing 0.6% (89/13,291) of traders however, when the direction of the
trade is ignored the network con@@&VCC with the largest GSWC containing 89.1%
(11,847/13,291) of traders (Tab)lehis highlights tlmited number of bidirectional

trades and emphasises the fragmentation in the network.
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Table4.6.Summary network statistics for the trader network showing poultry trades
occurring through the online auction website Tfadlk\e Zealand fronf@nuary

2018 to 3'December 2018.

Network statistic Chickens  Bantams Ducks All Poultry
Number of nodes 11,804 1,087 1,647 13,291
Number of links 14,000 1,002 1,512 16,453
Density 1.01x1® 8.49x10 558x10 9.32x10D
Diameter 24 5 5 20
Meanlirdegree (mimax) 1.19 0.92 0.92 1.24
(0-42) (0-10) (0-15) (1-50)
Mean outlegree (mimax) 1.19 0.92 0.92 1.24
(0-395) (0-63) (0-39) (0-395)
T TR T 364.30 1.72 0.47 538.40
(0-266,038) (0-521) (0-123) (0-382,789)
Average path length 8.55 191 1.37 7.56
Clustering coefficient 124x1® 157x10 533x1® 1.62x1D
Total number of SCC 11,738 1,085 1647 13,200
(Number of nodes in G3CC (64) 3) D (89)
Total number of WCC 587 161 229 630
(Number of nodes in GWCC (10,428) (677) (1,004) (11,847)
Reciprocity 5.714 x 10 0.00 0.00 8.509 x 10
Fragmentation 1.00 1.00 1.00 1.00

2SCC: Strongly Connected CompeAeset of nodes within the network in which all

are mutually accessible by following the direction of the links. The giant strongly connected
component (GSCC) is the largest SCC.

®WCC: Weakly Connected Componset of nodes within the network in which all nodes

are mutually accessible ignoring the direction of the links. The giant weakl
component (GWCC) is the largest WCC.
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Table4.7.Summary network statistics for the spatial network showing poultry trades
occurring through the online auction website Tfatlk\e Zealand fronfQanuary

2018 to 3'December 2018.

Network statistic Chickens  Bantams Ducks All Poultry
Number afodes 132 112 118 133
Number of links 2424 447 636 2712
Density 1.40x14 3.60x12 4.61x12 1.54x14
Diameter 6 8 6 4
Meanlirdegree (mimax) 1.19 0.92 0.92 1.24
(0-42) (0-10) (0-15) (0-50)
Mean outlegree (mimax) 1.19 0.92 0.92 1.24
(0-395) (0-63) (0-39) (0-395)
R R ESTEES T 364.30 1.72 0.47 53.40
(0-266038)  (0-521) (0-123) (0-382789)
Average path length 2.04 3.06 2.85 2.00
Clustering coefficient 0.480 0.243 0.298 0.504
Total number of SCC 27 45 39 23
(Number of nodes in G3CC (106) (68) (80) (111)
Total number of WCC 1 1 1 1
(Number of nodes in GWCC (132) (112) (118) (133)
Reciprocity 0.446 0.246 0.311 0.476
Fragmentation 0.36 0.63 0.54 0.30

a SCC: Strongly Connected Compohaet of nodes within the network in which all

are mutually accessible by following the direction of the links. The giant strongly connected
component (GSCC) is the largest SCC.

b WCC: Weakly Connected Compareset of nodes within the network in which all

nodes are mutually accessible ignoring the direction of the links. The giant weakly connected
component (GWCC) is the largest WCC.

Within each network, there was a huge range in the node degree although the vast
majority of poultry traders only had a degree of one. For example in the trader networks
showing transactions for all poultry 69.9% (9,284/13,291) and 14.5% (1,924/13,291) of
traders had a degree of one or two, respectively, compared to a smaller proportion with
degrees ranging between 3 to 10 (1,732/13,291; 13.0%), 11 to 25 (218/13,291; 1.6%), and
26 to 395 (133/13,291; 1.0%). This skewed degree distribution saggresit that

majority of the nodes are responsible for the majority of commeciiosdikely to

leado the formation of network hubs. Highly connected individuals acting as hubs in the

poultry trader network are highlighted in Figur8idilar variatian the network
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Figured.4.Trader contact networks for (a) chicken*, (b) bantam, (c) duck and (d) all
poultry* trades occurring through the online auction website “inadei&ealand

from 0% January 2018 to®*¥lecember 2018. Node colour andigidghts those

nodes with a degree centrality measure 50 for bantam and duck trades (red: degree 50,
orange: degree <50) and 100 for chicken and all poultry trades (red: degree 100,
orange: degree <100). To improve clarity in the visualizatonneaiipns to and

from nodes with a degree 100 are shown in the networks showing (a) chicken and (d)

all poultry trades.

statistics was seen between all spatial networks for the different poultry type however al
the spatial networks appeared to hayleea level of cohesiveness. For example, when
considering all poultry transactions, the observed network reciprocity was 0.4,

fragmentation was 0.3, the clustering coefficient was 0.5 and 82.8% (111/134) of the
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suburbs formed the GSCC. Figbréuthe highlights the number of connections
between all regions of the country with particularly strong linkages between the major

urban centres in New Zealand.

4.4.2.3.Backyard poultry disease simulation model
Out of the 10,000 simulation runs, 9,642 (96.4%) resulted in all 134 suburb nodes

becoming infected while the remainder were generally outbreaks that were seeded on
suburb nodes with only inwards contacts. The time it took for any individual suburb node
tobecome infected during an outbreak ranged between 0 to 2,555 days with a mean equal
to 176 days. The full summary data on the number of days until infection for each
individual suburb node is presented in AppérdixbleC3). Across all 10,000
simulatbns, the number of suburb nodes that became infected during the first 14 days
ranged between 1 to 103 suburbs, with a mean equal to 24, whilst the number of suburb
nodes that became infected during the first 30 days ranged between 1 to 123 suburbs, with
amean equal to 51. The top 5 suburbs most frequently infected within the first 14 days of
a simulation were Manukau City, Auckland City, Waitakere City, Hamilton, and North

Shore.

4.4.3.Migrating wilds birds and waterfowl
In total 983,257 reports ideimigfpird species had been documented ttire idgw

Zealand eBird monitoring website fréidadliary 2012 td'8cember 2018, overall

sighting 304 bird species including migratory amdigratory birds. The top five

regions with the highest number of reported species were Southland (202 species), Far
North (186 species), Taupo (185 species), Waitaki (185 species) and Marlborough (163
species) (Figuréd When reports were crossed reference with the list of migratory birds
retrieved from the onliBacyclopaedia of New Zealand birds 73,990 reports remained
sighting 80 different bird species known to migrate to, from or within New Zealand. The

majority of these migratory bird species belonged to the order Charadriiformes: a diverse
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Figure4.5.Spatial networks for (a) chicken, (b) bantam, (c) duck and (d) all poultry

trades occurring through the online auction website TiralieMeZealand from 01st

January 2018 to 31st December 2018. Edge colour indicates the frequeargy of trades (

the umber of days between two consecutive trades going to and from the same two

nodes).
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order of birds containing coastal seabirds and wading birds, however for this analysis, a
large proportion (48/80; 60.0%) of the species in this order were excluthest from fu
analysis resulting in a final data extract containing a total of 72,749 reports sighting 32
different bird species (Appendix C, Tdpleom across 10,000 unique locations. Out

of these species only three; the South Island oystdiemtctatodus finschihe
doublebanded ploveCharadrius bicincjusind the wrybilAfarhynchus frontalis

were identified as resident birds that migrate only within New Zealand with sightings of
these three species accounting for 2ZRB%2(72,749) of the observations in the
extracted data. From the online Encyclopaedia of New Zealand birds an additional 24 bird
species belonging to the Anatidae fapylgr{dixC, Tabl€5) were identified of which

91.7% (22/24) had been reported to eBird at least once with a total of 90,768 observations.

During the period betweefi Zdnuary 2018 and'Becember 2018, a total of 29,080

reports had been documented in eBird including 8,109 sightings of resident bird species
known to migrate within New Zealand, 20,970 sightings of exotic migratory bird species,
and 24,182 sightings of water birds belonging to the Anatidae family. Observations had
been made across New Zealand however the top three regions with the highest number
of bird reports acradbkspecies was Auckland, Hauraki, and Waimakariri with a similar
pattern seen when the species are grouped such that Auckland had the highest count of
resident bird species, exotic bird species, and water birds. However, after taking into
account the regional population density the top three regions were Southland, Mackenzie,
and Westland for all bird species known to migrate to, from or within New Zealand, and
Southland, Mackenzie and Clutha for water birds (B)géreifilar pattern can be

seen across all the study years although the total number of reports made each year can

been seen to dramatically increase (Appendix CCBigB)es
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Figure4.6.Choropleth map; showing the number of t:ird sighting reported to eBird in
each of the 67 territorial authorities from 01st January 2018 to 31st December 2018 witl
(a) indicating the total number of bird species reported, (b) the number of resident wild
birds that are known to migrate within New Zealdhd,niginber of exotic wild birds

known to migrate to and from New Zealand, and (d) the number of resident water birds
within the Anatiddamily. The raw point data is presented alongside each map, with t

choropleth maps adjusted for by the population density in each region.
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4.4 .4 Disease transmission risk between commercial and reommercial

poultry

Overall, the bivariate map showing spatial overlap between commercial poultry premises
and backyard poultry trade highlights a number of regions distributed across New
Zealand that have a high annual degrea high number of movements over a single

year) suggesting that there is a lot of backyard poultry moving to, from or within the
regon and a high density of commercial poultry premises; including the Far North,
Kaipara, Waipa, South Waikato, Kapiti Coast and Waitaki {J-iguremparison to

backyard poultry, the spatiarlap between commercial poultry premises and wild
birds, both resident and exaotic, is far more limited with many regions with a high number
of wild bird observations having very few or no commercial poultry premises present
although, out of those limited number of high risk regions most have been identified on
the North Island and are also those regions with a high number of backyard poultry trades
including; the Far North, Whanagarei, Waikato, Hauraki, Whanganui and Hastings

(Figured.7).

For backyardoultry, there is a greater number of regions on the South Island; including
the Tasman, Dunedin, Timaru, and Waimakariri, that have been identified as having a
high risk of contact between backyard poultry and resident wild birds in comparison to
the risk of contact with exotic wild bird, for which there is a greater number of high risk
regions in the North Island (Figute Bastly, the bivariate maps showing spatial overlap
between water birds and both commercial poultry and risk regions fetweatact b
backyard poultry and water birds than commercial poultry and water birds including; the
Tasman, Dunedin, Waimakariri, WaikatoAac#tland, although there are also a
number of regions with a high number of water bird observations and a farly modera
density of commercial poultry enterprises (FRjurehé. bivariate maps showing the

spatial overlap between water birds and migratory birds, highlight large areas across New

Zealand where these populations may come into contacts with ns&mgdiayis
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Figure4.7.The spatial overlap between (a) the commercial poultry network (yellow
edges) and the backyard poultry trade network (recaeddasariate choropleth

maps showing further overlap between (b) commercial poultry enteqs)isa@x
backyard poulttyade (yaxis), (c) resident migratory wild birdi§&) and backyard
poultry trade (gxis), (d) exotic migratory wild birelx(g) and backyard poultry trade
(y-axis), (e) commercial poultry enterprisessxand resident migratory wild birds (y-
axis), and (f) commercial poultry enterprags)yand exotic migratory wild birds (y-

axis). All data extracted frofid@thuary 2018 td'Blecember 2018.
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Figure4.8 Bivariate choropleth maps showing the spatial overlap between resident water

birds in the Anatidae famihagys) and (a) commercial poultry enterprags)x(b)
backyard poultry tradeais), (c) exotic migratory wild biresx{(g), and (d) resident
migratory wild birds. All data extracted fréda0dary 2018 td'Blecember 281
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across the South Island for both exotic and resident migratory bird species and severa
more regions in the North Island with overlap between water birds and exotic migratory

birds.

4.5, Discussion

This study is the first to our knowledge that combines data from ¢h@ackgesid|

and wildlife to estimate the risk of disease transmission through avian.populations
Analysis of the online auction data in New Zealand revealed highly active backyard
poultry trade networks with strong spiakafes. This spatial pattern is similar to that
identified in the New Zealand commercial poultry network with the major population
centres acting as network hubs including Auckland, New Plymouth and Christchurch.
These hubs, with a high network degree, account for a large proportion of the movement:
in both the backyard and commercial network, a characterisficeefistateks that

has been associated with both an increased risk and shorter time to infection in simulatec
outbreaks (Christley et28l05; Gates and Woolhouse, 2015), and suggests that these

morecentralegionsnay bédealo locatalisease surveillaaoel control strategies

Within the commercial poultry network the existence of hubs may be explained by the
limited number of businesses supplying all the major poultry producers with the majority
of these small businesses operating out of the lacgatueisamhere a large proportion

of the country’s retail and trade is focused, however, the existence of hubs in the trade
networks is not so easily explained. One possible reason is that some commercial laye
farms will sell spent hens at the end of a laying cycle, which may be distributed to a larg
number of neeommercial farmers looking to raise backyard poultry. In fact, out of the
survey respondents, 69.2% (83/120) of producers indicated selling eftlagr groint-
endof-lay birdsof which afge majority sighted Tradeddea means of advertising

birds for salén addition to TradeMe®, producers also reported other methods including

word-of-mouth or local newspapeith customers picking birds up directly from the
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