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Nomenclature

ACF
AIC
ARIMA
ARMA
AUC
Cv
DSP
EML
JD
JML
LEP
MAP
PACF
SARIMA

Autocorrelation Function

Akaike Information Criterion

Autoregressive Integrated Moving Average
Autoregressive Moving Average

Area Under the€Curve

Coefficient of Variation

Deer Slaughter Premises

Enlarged Mesenteric Lymph node

Johneds Disease

Johneds Management Limited
Longitudinal Enlarged mesenteric lymph node Prevalence
Mycobacterium aviursubspecieparatuberculosis

Partial Autocorrelation Function

Seasonal Autoregressive Integrated Moving Average
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CHAPTER 1

Introduction

1.1 Deer Industry in New Zealand

Deer has been domesticated in New Zealand since 1970s with the emendation of regulation to
designate deer as a farming animal from the ffestlard, 1993) Since the establishment of deer
industry, New Zealand has become one of the world leading countries for deer farming with annually
producing over 20,000 and 400 tonnes of venison anaiekspectivelfDINZ, 2015) In early of
1990s, the estimated number of deer in New Zealand was over 1 million from more than 6,000 farms,
and itincreased up to 1.7 million deer until the peak of ZB@Aonymous, 2005; Geoffrey W. de Lisle,

Yates, & Collins, 1993)However, deer industry in New Zealand has been in downturn after 2004, a
current total number of deer is estimated as 0.9 mi(lidacPherson, 2014Also, the number of deer
farm has reduced and is estimated less than 2,000 in 2014, however, the accurate figure is unknown

because of the lack of monitoring or tracking system for entire deer farm.

12 Johnedos di seadelandn deer i n New

Johnebts disease (or Par atMybobacteriunh avisnsubspeciesc a u s e d

paratuberculosigMAP), is granulomatous enteritis inducing diarrh@eweight loss and even death in



ruminant(Collins, 2003) After ingeston of MAP, the agent is absorbed via Hegunal epithelium and

migrates to reginal lymph node captured by macrophage. As MAP can avoid immune mechanism of

the infected host, it proliferates in lymph nodes causing enlargement of mesenteric lymph hade wit

without necrosis, which is predominant pathological symptom in(daerie C. Hunnam, 2011After

the first diagnosis of Johneamsindd7%Garabsel, 1986)a deer w
series of Johne &werepubksked, canfirning the endeimin statlie @& the disease
throughout the country. At the beginning, Johneod
as a byproduct of national tuberculosis surveillance progremAccording to de Lisle et alGeoffrey

W. de Lisle et al., 199321 MAP isolates were found from the lymph node of farmed deer with positive

to tuberculin skin test from 1970 to 1991. The same research team also reported the steadily increasing
trend of MAP isolation, resulting in isolating MAP from 390 farmed deer id 2B@offrey W. de Lisle,

Cannon, Yates, & Collins, 2005%tringer et al. (2013jonducted a study to describe the population

based national prevalec e o f Johnebts disease by analysing n
abattoirs in the country. The study suggested3B8& ofdeerherdwere infected by MAP witle7 %

individual deer being infecteith thoseherds. Using the results of previous studyrasr parameters,

Verdugo et al. (20143urveyed 97 deer herds by pooled culture and ELISA testing;amdlicted a
Bayesian estimation t o cal cudease, esulinga haideet tiueo n a | pr
prevalence at 46 % with significant difference betwieiNorth Island andhe South Island (33 % vs.

54%). However, there have been no attempts so far to describe the longitudinal pattern of disease which

is continuosly changing over time.

1.3 Johneds disease surveillance system

Johneos Management Li mited rpelfhded byi iedustey s ur v e
stakeholders for monitoring Johneds disease of d
information of every slaughtered deer has been recorded at Deer Slaughter Premises (DSP) since
December of 2006. The informationngainly focused on the size of mesenteric lymph sod®ng

with the age and weight ofcarcass f ar m i denti fi er and farmds geog



slaughter process, meat inspector visually measures the size of mesenteric lymph nodeksaad mar

deer as abnormal if a circumference of mesenteric lymph node is over 55 mm. Enlarged mesenteric
lymph node (EML) over 55 mm is presumidbe an indicator ofMAP infection which might be
regarded as a sign of subdleiemi owalt h) olvreaeds cdii e &<
disease are removed before slaughtedagnie C. Hunnam et al. (201@ported that the prevalence

of MAP culturepositve mesenteric lymph node among EML classified by meat veovkas 92.2%.

However, according t8tringer et al. (2013%5% of all carcasses without EML were also MAP culture

positive. Hence, EML is certainly not a sensitive indicator of MAP infection, but may indicafészt

of subclinical Johnedés disease and be used as a
al so appear in the abs e n claberoufosisMAYRrsiraosiderrelt,Sleey e 6 s di
& Robertson, 1990; Robinson, Phillips, Stevens, & Storm, 198%jis would give rise to a lack of
specificity of EML,causi ng false indication of MAP/ Johneos
actually not present . Al t hough EML may have me
surveillance programefor the disease using EML may be considered as syndromidliange as it

lacks diagnostic accuracy.

The EML based surveillance systems send notification letters teulgaies flagging apossible
J o h ne 6 sprodlémi & keasteonearcass ithe mobwas EML positive Notified deer farmers are
encourageda reduce the prevalence of the diseas® mentioned abovesisual EML inspection at
sl aughter may be typical but ar e diaghostipatutacygn o mo n
It indicates the limit of the JML programe that the notificatioretter to suppliers could have wrong
information caused by false positivédn evidence is currently available about the association between
EML at sl aughter and Johneds dTosmpeew dheabaitairi d e nc e
monitoring andnotification systeminaccuracy oftie JML data should be removed,asto identify

thet r ul y J o h n e 6 farmdthapessiby earbaufingsapertsteeddsiof MAP.



1.4 Dissertation Aim and Structure

This thesis is comprised &bur chaptersThe material presented in Chapter 2 is to provide an
overview on application of syndromic surveillance in veterinary field, and concepts of time series
analysis and spadéme scan statistics that applied in the field using surveillance data. Chapter 3 is
intended for descriptive purpodéven though the overall number of deer in New Zealand is estimated
and updated annually, there is no accurate figure for the number of deer farms in this country. Also, no
studies havbeenconducted to describe the demaygjnic characteristics of deer industry or to identify
Acommercial 06 far ms constant | ySo Ghapten3idescribesghe veni s
demographicsahed eer i ndustry in New Zeal and using John
Acommer diaalms def B flaemdwith ancorSistentphigle level of MAP infectionare
identified using a novel statistical approdoghevaluatinghe prevalence of EML in ChaptérChapter
5 provides the analysis on spaome cluster of commercial deéarms in terms of EML occurrence

using spac¢ime scan statistic.






CHAPTER 2

Literature reviewof the analysis of rich surveillance

2.1. Syndromic surveillance

Syndromic surveillance is a novel way of monitoring health indicators before the definitive
diagnosis is mad@andl et al., 2004)By seeking for the change in individual or population behaviour
information, such as over the counter medicine sales or school absenteeism, an abnormal pattern or
signal of possibladiseaseoutbreak can be captured in earbage. As development of syndromic
surveillance was mainly driven by the agitation of bioterrorism after 9/11, syndromic surveillance in
veterinary medicine also has relatively short history of establishbérdga, Sanchez, and Revie (2011)
reviewed the application of syndromic surveillance in veterinary field, with reporting a variety of data
sources, inluding management data, laboratory data, abattoir data, and zoological data, for detecting
disease aberration. Among variable sources, abattoir data is a unique source for surveillance that only
achievable in veterinary field. Abattoir data, compared witier sources, have advantages in; 1)
Increasing the chance of detecting disease indicators, such as enlargement or necrosis of internal organs,
and 2) Avoiding animal ethics issues that need to be approved for collecting blood or tissue samples in
antemortem inspection. Application of abattoir data in syndromic surveillance can be identified from

multiple sourcesDupuy et al. (2013nvestigated a list of implemented syndromic surveillance system

under the umBrpltbpeof ofiTni Eueope using survey an



research team, there were nine surveillance systems fronugipdeountries that using abait data

for the purpose of general health monitoring and disease outbreak detection.

2.2. Time Series Analysis

Time series is a set of data collected for multiple times from each sample throughout the time
(Diggle, 1990) Because the observations from each sample are correlated based on the adjacency in
the time, classical statistical analysis that assurtiagndependence of each observation is no longer
applicable. In order to analyse the time series data, time series analysis has been used, and it is based

on the dependence among the observations in sequence.

2.2.1. Frequency Domain

Time series analysis has been frequently used in veterinary epidemiology and public health as
well. The aim of time series analysis in those fields was mainly in describing the longitudinal pattern
of iliness in population, with partial attribution to piettbn of the future trajectory of diseases as well.
In 1986, Carpenter and Hird (1986jonducted a study to describe the longitudinal pattern of
mycolacteriosis in pigs from 1977 to 1981 using the Serfling me(Bedfling, 1963) The Serfling
method, also called as spectral analysis, is one way of time series analysis using the perspective of
frequency domain to describe the longitididata. By using the combination of trigonometric function
(e.g. sine and cosine), spectral analysis can describe the time series in mathematical way. Since then, a
variety of research topics, ranging from the production of animal to the incidence osmydmas been
covered using spectral analysis in veterinary epidemiology or public health(Jaell et al., 2010;
Sargeant, Shoukri, Martin, Leslie, & Lissemore98p Another domain of time series analysis is based
on the linear regression, with using the previous and current observation as predictor and outcome,

respectively.



2.2.2. Autoregressive Moving average

One of tke analyses in regression domain is Autoregressive Moving average (ARMA) model,
accommodating the correlation between observations to the model by incorporatinegagssion of
past values and partial averaging of prior er(Sraumway & Stoffer, 2010)n other words, the ARMA
model describes the time series as a contibimaf lagged terms on the series itself and the lagged
terms on the white noise (e.g. Gaussian error). General formulation of ARMA réc¥d), & , for

stationary time series), can be shown as below:

€
=]
€
=]
e
Th
=]
€

[ — E (2.1)

, Where the mean ab is zero,m and—respectively indicate autoregressive and moving average
operators, p is the autoregressive order, q is the moving average orderjsamthite noise. White
noise is a random variable that having zero mean and constant variance with showing n@norrelat
between its valueBecketti, 2013)In order to simplify the formula above, backsluiperator, B, can

be used. Previous observation of the time series by k period can be expsgsseslich thad w

@ . Using backshift operator, equati¢h 1) can be shown as:

w "énw Nn6w E 6w T 9 —Of —67 E —067 (2.2

, therefore:

p 6 nd6 E nd o p —6 —6 E —b6 (2.3)

Formula(2. 3) can be more simplified as:

N 6w —OfF (2.9

The orders of lag foautoregressivand moving averagearts are determined based on the
significant values in partial autocorrelation function (PACF) and autocorrelation function (ACF),

respectively. Interestingly, ARMA model has not been widely used in veterinary epidemiology. The



firstappearance ofreseahes using ARMA model in veterinary
the longitudinal prevalence of fasciolosis @staris suunmfection in condemned ruminants and pigs,
respectively, using data retrieved from abat{@oodall, McLoughlin, Menzies, & Mcllroy, 1991;
Mcliroy, Goodall, Stewart, Taylor, & McCracken, 1990lore recent research was conducted by
Benschop, Stevenson, Dahl, Morasd French (2008hat using ARMA model to fit the Salmonellosis

surveillance data from Denmark.

2.2.3. ARIMA and SARIMA

ARMA model can be extended to Autoregressive Integrated Moving average model (ARIMA)
or additive/multiplicative Seasonal Autoregressive Integrated Moving average (SARIMA) model.
ARIMA model, 6 'Y 00 §HOM , can be used if the series is not statignin ARIMA, the time series
should be differenced by d order firstly to achieve the stationarity, then analysed as the same method
with ARMA model. More advanced extension is SARIMA model that incorporates a seasonal
fluctuation of the series by inserg additional differencing on the series. Multiplicative SARIMA
model can be expressed™¥® 'Y "O0M OHOR , where P is a seasonal autoregressive order,
Q is a seasonal moving average order, subscript s is the length of seasonahpeidd the order of
seasonal differencing. For instance, s is 12 if the series was observed in every month and had annually
repeating pattern. Equation of multiplicative SARIMA model based on the for@uwhis shown as

below:

ndn 8 4 —8—2b6 § (2.5)

, Where

, Wheren indicates the differencing.

ep



10

2.2.4. Time series analysis and Syndromisurveillance

For the syndromic surveillance that dealing with longitudinal data, time series analysis is applied
in order to reduce the noise and detect the anomaly. In this case, fitted or estimated value from the time
series analysis is working as a Has® and any observation over the baseline is defined as abnormal
status. Several studies have been published for time series analysis in terms of establishing the baseline
in syndromic surveillancd.sui, Wagner, Dato, and Chang (200thducted a study to detect the early
signature of influenza epidemic in United States. In the study, the research tec®eittegl method
to fit the serial observations of influenza, then applied upper limit of 95 % confidence interval of the
fitted value repeatedly to remove the outlier. When there was no observation being exceeding the upper
confidence limit, it was used asbaseline to compare and identify the signal of outbreak. Few years
later, one statistical study was published to suggest a guideline on a way to fit the time series as a
baseline for establishing the automated biosurveillance sy&erkom & Murphy, 2007)According
to the study, historical disease pattern can be estimated by the regression models, ARIMA model
frameworks, or exponentially weighted moving average (e.g-Waoiter smoother), and the estimated
value can be used foomparison. More advanced times series models, such as SARIMA, can be used
for the establishment of baseline in surveillance system, especially when the longitudinal data are not
able to be explained by those smanteinfithessevithldaiad s . Ev
of SARIMA model, however, the advanced model is rarely used in syndromic surveillance. This is
because the syndromic surveillance is generally aiming for early detection of disease outbreak with
automated manner. As time seriesdal becoming complex, automated system is hardly achievable
because the parameters of the model should be updated manually along with the new data being

uploaded.

2.3. Spacetime Cluster

One of the goals of retrospective analysis of data that acquired feassunveillance system is to

describe temporal and/or spatemporal pattern through statistical modelliitphle, Paul, & Held,
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2009) This is also true even the surveillance system is targeting the syndromes of specific diseases.
However, in order to describe the pattern and define the cluster of disease based on the syndromes,
removing noisethatembd ded i n the data should be preceded.
longitudinal data can be analysed for disease cluster in space and time, if the data contains geographical
information of diseaseKulldorff (2001) suggested a spatiene scan statistic, which is a statistical
method to detect spatiene clustering of disease. Thaidy described spatial clusters of disease in a
certain point of time as circular windows with varying radii, of which each circle can contain up to 50 %

of the population at risk. As a large number of circles can be created with each of them representing a
spatial cluster, those circles can be overlapped. Then, theitmensional circle is extended into
cylinder in three dimensions, with the base and height representing the space and time, respectively.
The number of disease events in interest assumeslddHer Poisson or Bernoulli distributed, each of
distribution respectively applying in case of the observation is recorded as summed figure (e.g. positive
cases in certain peopliene at risk), or individual level (e.g. positive vs. negative). The stiafined

that the disease is clustered in space and time if the observed number of events in a cylinder is larger
than expected. Null hypothesis of the test is no clustering in space and time, and Poisson generalized

likelihood ratio that a cylinder haviren outbreak can be shown as:

A 6 @

, Where® is the number of observed events in cylindet Ajs the expected number of events in
cylinder A based on the null hypothesis, @nid the total number of observed events during the study
period in study region. The likelihood ratios are inspected for cylinders with various sizes of base and
height, and as a lot of cylinders with different sizes being obtained and jointly coverstgdiieegion

the cylinder with the maximum likelihood ratio is selected as the most likely cluster. Statistical
significance of the clusters with the maximum likelihood ratio can be estimated by Monte Carlo

simulation(Kulldorff, 2001). Conceptual illustration of spatine cluster is presented kigure 2. 1.



12

After the development of free software, SaTi8¥aKulldorff, 2015), that able to condtic
Kul | dor ftimestan statistic, epidemiologic researches that describing-speceluster of
disease using the statistics have been actively published. In Gautam, Guptill, Wu, Potter, and
Moore (2010konducted a study to determine if seropositive to Leptospirosis test in dogs was clustered
in space and time using longitudinal dataBojears.Marthez-L6pez, Rrez, and Sanche#izcano
(2011) conducted a study identifying the horse premises at high risk of introducing African horse
sickness virus based on a sp#o®e analysis of the cluster @iulicoidesspp. mosquitoes. Although
data acquired fromthe syndoo mi ¢ surveill ance are altnescanppl i ca
statistic, no research has been studied to detect-spseelustering using those type of data. However,
as mentioned above, adjustment of data would be necessary in order totheapsedime clustering

using syndromic data owing to the nature that the data containing a lot of noise.
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Space Time Scan Statistic

January, 2011

December, 2010

November, 2010

&

October, 2010

September, 2010

™~
N

Figure 2.1. lllustration of concept for spagiame clusters. Red dot indicates the locationlisEase
outbreak (e.g. farm, hospital), and each cluster is recognized as cylinder shape. The mc
cluster is selected based on the maximum likelihood ratio, and statistical significance is estin

the Monte Carlo simulation.
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CHAPTER 3

Demographic changes of deer industry in New Zealan
from 2007 to 2014 wusing

data

3.1. Introduction

Since the 1970s of domestication of deer in New Zealand for the first time, deer industry in this
country has become one of the important business with annually producing over 20,000 and 400 tonnes
of venison and velvetrespectively(DINZ, 2015; Pollard, 1993)In early of 1990s, the estimated
number of deer in New Zealand was over 1 million from more than 6,008,fand it increased up to
1.7 million deer until the peak of 20Q4nnonymous, 2005Geoffrey W. de Lisle et al., 1993)owever,
deer industry in New Zealand has been in downturn after 2004, and current total number of deer is

estimated as 0.9 milliofMacPherson, 2014)

Even though the number of deer in this country has been updated annually, the accurate
demographic characteristics, suahs t he number of deer farms or

constantly submitting venison to the market, have not been described so far.aslshose
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characteristicchangeover time, description of demographic in longitudinal perspective should be
conducted in order to overview the overall pattern.

In the | ate of 2006, Johneb6bs Management Li mi t e
for monitoring Johneb6és disease of deer meta New Z
follow the trendf the diseasby gathering information of every slaughtered deer from Deer Slaughter
Premises (DSP). The information is mainly focused on the size of mesenteric lymph node, along with
the age and weight of carcass, identifier gadgraphical coordinate$ farms During the slaughtering
process, meat inspector visually measures the size of mesenteric lymph node, and marks a deer as
abnormal if a circumference of mesenteric lymph node is over 55 mm. Enlarged mesenteric lymph node
(EML) over % mmiis presud as apossiblen di cat or of subcl asopplieraff Johne
deerreceivsa not i ficati on | et t problemiffatlgasoeesarchslmongtioeh ne 6 s
mob that sent to DSP waBML positive. It is a motivating strategy for qmucers to reduce the
prevalence of the disease. Howeverthas ML progranme collects general information of slaughtered
deer and farms that deer were originated, data can be used to describe and analyse the demographic

pattern of deer industry in New Zkand.

Therefore, the aims of this studyereto 1) Describe the demographic characteristics of deer
industry, such as the number of deer slaughtered, number of deer farms or commercial deer farms, and
the mob size, in New Zealand between 2007 and 20l4nhu3 J ohnebs di sease sur ve
Cleanse and manipulate the data for further analysis, including description of longitudinal EML pattern

or identification of farms at high level &ML occurrence

3.2. Materials and methods

3.2.1. Data Integration
For ths study, two datasets were retrieved fiinJML; 1) Data recorded deer slaughtered from
December 2006 to December 2012, and 2) Data recorded from July 2012 to January 2015. The first

dataset comprised of age, sex of slaughtered deer, date of slauglaednvhether the deer had EML.
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It also contained the locational information on farm that deer slaughtered originated from, DSP
identifier where the deer slaughtered, and destination of venison consumption (local or export). The
second dataset had the gaminformation with additional value on the maturity of deer, coding whether

the deer was young or mature. For the analysis, two data were concatenated into a single JML dataset.
Before merging two data sets, observations of the second half of 20 l@atatasets were compared

to prevent the overlapping of observation. If observations were presented in both datasets, only one
observation was useAlso, observations with unrealistic carcass weight with less than 20 kg or more

than 250 kg were removeand datavith missing value on farm identifier, sex, or age were discarded.

3.2.2. Age and Maturity

In this studyage of deer should be unified before any analgsithere were different levels of
age coe (e.g. 2, 2+,3 3, 3+, 4, 4+, etc.)So we decided toategorse the age ofleerinto a binary
variable (young/ adul) based on their ageode. Hbwever,each DSP had its own coding of age.
Therefore artificial cutoff value of agecodefor maturity categosation was set up. In order to ate
the binary agevariable, DSPs were categsmil into 3 groups based on their age coding system; 1)
Single age code group, 2) Dichotomous age code group, and 3) Multinomial age code group. The values
of age code of DSPs in the same age code group aligol.vRor instance, among dichotomous age
coding DSPs, five DSPs categed deer slaughtered as either 2 or 2+, while eight DSPs used either 3
or 3+. To standarde the age of deer, distribution of weight in each age code in different sex from each
DSP was analysed. It was assumed that the distribution of carcass weight from young deer could not
vary widely as they had limited time for growing. So deer with age coddading lower mean of
carcass weight than the ones from the other age code, anMth2joefficient of variation (CV) of
weight being less tha@ 16 for hinds and).20 stags, were categeed as young for deer slaughtered
from dichotomous age code group DSPs unless the distritnftieightitself indicated the mixture
of distribution(e.g. bimodal) If a distribution of lower age code (e.g.i&tween 3and 3+) suggested
the mixture of deer from different age (e.g. large CV or bimodal), all deer from the age code were

categorsed asadulteven though it had lower mean weight. For DSPs used multinomial age code, stags



18

were categosed based on the mean weight and OX(). For hinds from those DSPs, however, the

mean carcass weight al/ values were not distinctively different between gguand old deer, as

there was only a slight variation in weight. In this casepthturity ofthosehinds was followedby the

stagbs maturity in the same age code. Observati c
was impossible to compareetimean weight and C\After the maturity value was given to each

observation, two datasets were merged. Overall data integration process is illustragaceid. 1.

3.2.3. Farm categorisation

For the purpose of this study, deer suppligese categosed intotwo binary groups based on
their mob size of young deer in orderdetectstable deer suppligin industry The tvo categories
were; 1) Active status diusinesdased on the mob shipping in the latest year in study p@tdidt)
If a farm hal not supfied any young deen 2014, the farm was classified as inactive, otherwise it was
active. 2) Stability of sbmission A farm was considered as stable farni)ifrhe farm supplied young
deer to DSP every year aftbe first appearance of the farm on Jetitasetand ii) The farm supplied
young deer to DShore than twoears With the categogation result of active status and stability of
submission farms were grouped further as either commercial or casual farm. If a farm was both active
and stable, théarm was classified as commercial farm, otherwise it was casual fdithe data
manipulation and analysis in this study was performed using the Postg(@B&RostgreSQL Global
Development Group, 2015nd the STATA(StataCorp, 2013)Graphs were plotted with the R

statistical softwar dRCoeiTeam, 20ldde package fAggpl ot 20a
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Figure 3.1. lllustration of data integration process. The proportion of data in the final dataset is 98.9 %

of entire raw data from two datasets.
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3.3. Results
3.3.1. Data validation

Two dataetswere concatenated into a single JVitaket. Before mergingbservations of the
second half of 2012 fronthe datasets were compared because of the overlapping. Based on the
conparison, overall size of the observations in the last half of 2012 was larger in the second dataset
than the first one. Nevertheless, some observations were missing in the second data while being
presented in the first data. Those observations were edrant updated into the second dataset, and
updated second dataset was used for concatenation. Uniqueness of farm identifier was evaluated after
merging, based on the coordinates of the farm. Only two farms shared the satoeatjeonal
information (i.e. Two ids in one location)resulting in the records of two farms being united into a

single farm.

For the analysis, the study period was narrowed from January 2007 to December 2014, as the
records of December 2012 and January 2015 were partial informdtideep slaughtered irach
corresponding montturing the eight years, information of 3,587,264 slaughtered deer that originated
from 4,201 farms (including missing value in farm identifier) were recorded at 21 DSPs. 36,923
observations were removed besawf the extreme carcass weight or missing saleditional 2,193
observations were discarded as they were slaughtered fromu3Bigsingle age code, resulting in

analysing3,548,148 observations from 4,195 farms with 19 DSPs during the study period.

3.3.2. Demographics
A General description

The number of farm and deer slaughtered throughout the study period is illuistreadde 3. 1.
Therewas slight incrasingin the number of farms and desrthe beginninghoweverthey showed
decreasing trend after 2008. The number of farms appeared on the JML dataset for the first time was

decreasing from 2008 to 2014, while more number of farms showed the last appearance on JML dataset

(right censored fr omsydtamhdurengthe sdniepadieds e sur veil |l anc
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Table 3.1. Number of farm and deer slaughtered during the study period. The number of new and

censored farms in 2007 and 2014, respectively, are omitted as the date of data stauds anthose

years.
Variable Year
2007 2008 2009 2010 2011 2012 2013 2014
# Farms 2,860 2,874 2,522 2,227 2,186 2,054 1,861 1,760
# Deer slaughtere( 528,998 572,949 455,747 381,653 405,767 402,821 403,220 396,993
# New farms - 592 239 137 124 114 81 48
# Farms censored 392 499 358 242 273 305 366 -

#, the number of, not available
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Figure 3.2. Description of the number of deer slaughtered stratified by the sex and maturity during the

studyperiod.
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Figure 3.3. lllustration of the mob size per month during the study period. Green line indical
median, and red and blue lines are the first and third quartile of the mob size, respectively.
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Among 21 DSPs, there were twiogle age code DSP$5dichotomousagecode DSPs, anfdur
multinomial age code DSPBor DSPs with dichotomous age codes, mean weight and CV were 55.3
kg, 0.17 for young stag, and 49.6 kg, 0.15 for young hind, respectiv@ipdult deer, mean carcass
weight and its CV were 86.1 kg, 0.28, 54.3 kg, and 0.17, respectively, for stags and hinds from those
DSPs. For multinomial age coding DSPs, mean weight of young and old stags were 56.1 kg and 89.4
kg, respectively. For hindsnean carcass weight were 48.8 kg and 53.3 kg for young and adult deer,
respectively. Mean CV dftags wer@®.17 and 0.24young and old)whereas 0.16 and 0.2#oung and
old) for hinds, respectively, for deer from those DSPs. Numbeaafasseduringthe study period is
described irFigure 3. 2 based on the sex and maturity. During the study period, 78.1 % of deer were
labelled as young, of which the proportions of stags and having EML were 54.9 % and 0.9 %,
respectively. Inadultdeer, the proportions of stag and deer with EML were respectively 26.1 % and

0.2 %.

Mob size, which is the aggregated numbegastassesom each farm in monthinterval, varied
dynamically, ranging from one to sometimes more than 2080 right skeved distribution. Mob size
showed seasonal fluctuation, repeating peaks in both summer and winter, and there was a slight
increasing tendency in mob size after 2011. Median and interquartile range of the number of mob size

in respect of time is plotted mthy in Figure 3. 3.
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Figure 3.4. Time series plot of the number of casual and commercial farms that submitted

deer slaughtering premises for venison production.
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A Commercial farm

In the final dataset, 2,772,044 observations from 3,931 farms were younguo@264 farms
submittedadult deeronly to DSP during the study period. Among those 3,931 farms, 1,654 farms
(42.1 %) sibmitted a mohin 2014, and 1,660 farms (42.2 %) submitiednob more than two
consecutivey ear s since their first appearance on the
criteria above, 1,060 among 4,195 farms (25.3 %) were defined as commercial farm, from which
2,530,360 deer were submitted to DSPsmdyitive study period. The numbers of casual and commercial
farm, and the number of deer from those farms are illustrated as time serieshptré3. 4 and
Figure 3. 5, respectively. The number of both casual and commercial farm showed regularifiactuat
with the peak in summer and trough in winter. There was a decreasing trending of the number of casual
farm, while the commercial farm remained constantly. The number of deer submitted to DSPs also
showed the same seasonal pattern with the numbemuafBafference of the number of submitted deer
between casual and commercial farms was larger in summer than winter, indicating casual farms tended

not to submit deer in winter season.

3.4. Discussion

This study analysed the Johnebés disease surve
describe the demographic pattern of farmed deer in New Zeaandiding to Jaimie C. Hunnam,
Heuer, Stevenson, and Wilson (2009)t he proportion of deer sl aught
disease surveillance system approached to 100 % after the a00&fIt indicates that the JML data
thatwe used contained almost every farmed deer that killed in New Zealand. Therefore, it is totally
plausible to assume that the demographic change on this study represents the demographic

characteristics of New Zealdmleer industry.

For categoriation of deeiage we used both the mean and coefficient of variation of weight for
each age code stratified by year and sex. The criteria of CV of carcass weight for beingsedtagori

adult stag and hind were 0.20 and 0Q.i€spectively. Those criteria were chosen based on the
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distribution of weight in JML data itself and could not work universally throughout the different DSPs.
However, the inspection of CV values was a tool for aiding the casagon process based omet
mean carcass weight, and, furthermore, there was no substantial difference of overall weight and CV

values between DSPs with different age coding system in young and adult deer.

In this study, commercial farms were defined as being constantly submiigiango DSP with
the record in the most recent year. For the stable submission, farms should have a record of submission
on the dataset for at least three consecutive years. However, thedhseeutiveyear was an arbitrary
chosen criterion. Another iterion of having the submission record in 2014 for being a commercial
farm was also an arbitrary decisidttiowever, the basic concept for being commercial waxttude
any farmthat had one or more years ofsugpply, indicating it was a casual suppli@ihis assumption
is legitimate when considering the facts that; 1) Deer is a seasonal breeder that mating and calving
around April and December, respectively, in southern hemisphere in every year, and 2) Most farms of
venison production operate-b@onth \enison system, which gives optimum profitability and efficiency

in New Zealand deer industry contéBarry, Wison, & Kemp, 1999)

Mob size showeda slightly increasing trend with seasonal fluctuatiédthough it varied
dynamically, mob size increased in both summer and winter, generally. The large mob size in summer
can be explained by the breeding pattefradeer in New Zealand, while peak in winter can represent

deer removed from the farm for the efficient use of grass.

According to the result of this study, the number of casual farm showed decreasing trend. It could
represent the diminishing trend of tea deer industry in New ZealanfAnnonymous, 2005;
MacPherson, 2014t also could be an aritfial effect caused by the definition of the commercial farm
itself. This is because the farms that appeared on the JML data for the first time in later of the study
period have more chance to be catesgalias commercial farm than the farms appearecthofitst
time earlier. However, the former explanation seems more legitimate as the number of new farms that
appeared on the dataset showed decreasing pafioie 3. 1). Another reason that the industry is

diminishing is that the numbers of slaughteyeding stags and hinds were becoming closer as time
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goes by(Figure 3. 2), indicating that more young hinds were submitted for venison production, rather

than remained for breeding stock.

3.5. Conclusion

This studydescribed the demographic pattern of farmed deer in New Zealand by analysing the
longitudinal JML data. We suggested a method to unify the age code using the carcass weight, and
criteria forclassifying suppliers asommercialor casuableer farners Eventhough this study focused
merely on data cleaning / selexttiprocess and descriptive statistics, it was the first studggoribe
demographic characteristics thfe New Zealand deer industwyith a longitudinal perspective using
abattoir data. Also, thistudy made the further analypisssible;such as describing the national level

of EML in deer or detecting a cluster of EML positive deer
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CHAPTER 4

A novel approach to identify commercial deer farns with
a high level ofMycobacterium aviunsubspecies

paratuberculosignfection in New Zealand

4.1. Introduction

Johnetés disease (or Par at ub e r Myoobasteriung dviumm n de e
subspecieparatuberculosigMAP), is a therapy resistangranulomatous enteritis inducing diarrhae
weight loss andiltimately deathor culling (Collins, 2003) After ingesion, MAP is phagocysed by
macrophages and transportedegbnal lymph nods. It proliferates inside the lymph nodesdmading
immune reaction ahehost, resulting itissue reaction, such aslargement of mesenteric lymph node
with or without necreis, which isa predominant pathological symptom in dééamie C. Hunnam,
2011) Since the first report of(Guinbrélinl68s)a sedes sfe as e i
studies confirmed that the country has been in endemic status ditdase throughout the country
(Geoffrey W. de Lisle et al., 2005; Geoffrey W. de Lisle et al., 1998 1d&tr et al., 2013; Verdugo et
al., 2014) I n order to decrease the burden of t he di
establishd by the industry stakeholders. The aim of the progtams t o moni t or the | e
disease in slaughtered farmed deer in New Zealand by collecting information of the size of mesenteric

lymph node at Deer Slaughter Premises (DSP). Based on the resekichi@C. Hunnam et al. (2009)
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anindividual carcass is recorddwhving one or morenlarged mesenteric lymph ned&ML) if the

node circumferences over 55 mm. If atdast one deef amob submitted t@ DSP is EML positive,
thedeesupplier wildl receive a notification |l etter
motivating producers tmitiate control practices faredué n g J o h n @révalenceA sriticals e
assumption, for which no evidence exists to date, is that EML positive mobs come from theffarens

J o h n e 6 scaudd sigyrefiaast @roduction loss.

For population health monitoringgbattois are data sources for syndromic surveillanice
veterinary field(Dérea et al., 2011)Abattoir data, compared with other sources, have advantages in
respect to applying on syraimic surveillance system as they have characteristics of; 1) Increasing the
chance of detecting disease indicators, such as enlargement or necrosis of internal organs, and 2)
Avoiding animal ethics issues that need to be approved for collecting bloisdu@ samples in ante
mortem inspection. Several studies were conducted to describe the trend of disease index using
syndromic surveillance data from the abattoirs. In 2012, one research team published studies describing
the longitudinal pattern of hepatamd pneumonic lesions in slaughtered pigs in Eng(&ashchez
Vazquez, Nielen, Gunn, & Lewis, 2012a, 2012al and Reist (20143onducted a study to describe
trends of whole carcass condemnation rates in Swiss and to evaluate the capability of data using for
early detetion of any animal diseas€he JML programme, which is collecting data at slaughter stage
as well, can be categeed as syndromic surveillance with abattoir data, and data retrieved from the

surveillance programec an capture the change of Johneds dise

A critical issueabout the]ML surveillance system thatfarmers are notified abotite possibility
that) o h n e 0 sis niy be a prablem on their farhoneor moredeer slaughtered among the mob
is EML positive. AEMLi s not a definitive diagnosis for the
of the systenaresubject to error, such as otlitness or false positve3 ohne6s di sease at
Especially wien the prevalence &ML is low,iti s | i kely to be a poor prec
disease on farm. An advisable initial approach may be that JML notifies farms that have a high
prevalence of EML in their slaughter stock. This migitdrease the seitisity of the system and

decrease the burden of the disease more effectikelthe purpose of the JML surveillance system is
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to intervene and contr ol Johneobds di sease, detect

being better able to canto | MAPRs Msdipeerrs 0 and reduce Johneds di

In the IML progranme, tracingback of surveillancéindings (e.g. EML) to farmsvith a high
level of the disease can be achieved @pmparing the pattern ofEML in mobswith the normal
daseined E ML .faetchalengin the IML programme as well as otlsgndromic surveillance
is in defining thenormalbaselinebecausé contains a lot oinherent variationWith the aim to reduce
variability innormal patterg several studies have suggested a variety of methods that mainly based on
control chart or time series analy@irkom & Murphy, 2007; Serfling, 1963; Tsui et al., 2001; Yahav,
Lotze, & Shmueli, 2011)Another more crucial challenge is that no attempts have been made to
establish the statistical methods for comparing and identifying the surveillance unit with high level of
the disease. Most of analysis using surveillance data has been mainly focustdctinglpossible
outbreak signatures at aggregated level @malysingregional or nationalevel outbreakwhen the
surveillance unit is farm). Athe purpose of this study was to identifpmmercial deer farmé.g.
surveillance unityvith a high level oMAP infection in New Zealandhere was a necessity to establish

a statistical approach to compare and identify the deer farms with high level of the disease.

So the aims of this study werg) To descrite the longitudinal EML patterrof deer in New
Zealand,and 2) To develop a novel wayor identifying likely supershedders oMAP in deerby

detecting outlier farms bgomparson with the longitudinal pattern

4.2. Materials and Methods

4.2.1 Data preparation

In this studytheJML datacollectedfrom 2007 to 2014 were used. Any observation with missing
value or duplicated information was diinsteddor ded. T
only includeobservations from commercial farnfs.commercial farm was defined as a farm havin

submitted deer to deer slaughtering premises (D&Rg thartwo consecutive year3 he extraction
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process is described in the previous chapter. In this study, we decided to analyse only the young deer
for estimating the prevalence of enlarged lymph node (EMith, the aim of decreasing false positve

which could occudue to a higher risk of otheradiases causing EML during the adult productive life
Therefore,observations of adult deer were removed. Also, in order to increase the precision and to
prevent the overestimation of prevalence, observations from mob size less tiesam@éreexcludel.

Mob size was defined as the aggregated number of deer submitted to DSP from a farrodlendah

month. To describe the longitudinal pattern of young deer with EML, observations were agdoggated
monthly intervas and plotted as a time series graph. Tiagonal prevalence of EML in young deer

was calculated by dividing the number of young deer with EML by the number of young deer

slaughtered during each month.

4.2.2 National EML prevalence
Two different models were established to describe the national EdMialeince. The first model
used a multivariate linear regression, while the second modahultiplicativeseasonal autoregressive

integrated moving average (SARIMA) model.

A Linear regression

National EML prevalence was modelled using linear regrassimonthly interval. Outcome of
the regression was the EML prevalence in each month, and explanatory variables were year (e.g. 2007,
2008, and so on) and month (e.g. January, February, and so on). Partial F test was used to examine the
significance leve(P value < 0.0pof those variables. Standarelisresidual of the model containing
only the significant covariates was inspected to examine the violation of homoscedasticity assumption.
Linearity assumption was inspected using quawfilantile plot. Regrssion was performed using the

STATA (StataCorp, 2013)
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A Ti me series analysis

SARIMA model is an extension of Autoregre®s Moving average (ARMA) model,
incorporating a seasonal fluctuation of the series by differencing the lsgieder ofseasonal period
(e.g. 12 order differencing for monthly observed datim) order to conduct the SARIMA model, the
time series should be stationary, indicating that the series should have a constant mean and variance. If
the series is not stationary, the time series should bprpoessed by differencing or subtracting the
generaltrend. First, in order to stabilize the series, the time series of national EML prevalence was de
trended by fitting polynomial regression. To conduct the polynomial regression, month was centred and
polynomials of centred month were created. Tighést degree of polynomial was estimated by the
visualization of the overall time series. After conducting polynomial regression, the P value of the
highest polynomial degree was inspected. If the P value was not significant (> 0.05), the model was re
fitted based orhe polynomial regression witthe highest order being one degree lower thtiaa
previous model. To identify the presence of seasonalitthede-trended national EML prevalence,
seasonal suberies plot was examined. Alsa,periodogram was lptted to identify whether the
frequency for seasonality was statistically significant. Significant frequency was defined by comparing
lower confidence limit of spectral density of the period with spectral densities of other periods. Lower
confidence limitof the spectral dernyi was calculated using the eftuare distribution with the two
degree of freedontShumway & Stoffer, 2010)If the lower confidence limit of certain period was

higher tharthatofany ot her peri odsdé spectral density valu

To fit the detrended data witlseasonality, multiplicative SARIMA (Seasonal Autoregressive
Integrated Moving Average) model was established. The autocorrelation function (ACF) and the patrtial
autocorrelation function (PACF) of deended national EML prevalence that differenced by the
significant period were inspected to decide the orders of seasonal aisdasmnal AR and MA. After
fitting the SARIMA model with the estimated parameters, the order with insignificant coefficient with
alpha level 8% was dropped out from the model manyailstepwise manner. To select the final model,
Akaike information criterion (AIC) was assessed, and residual was inspected by cumulative

periodogram and Ljungox test for the model diagnostics. Time series analysis was conducted using
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the STATA (StataCorp, 2013)and the results were reported back into the R for displaying with

Aggpl ot 2(R CpeaTeadma2@lel)

4.2.3 Longitudinal EML Prevalence (LEP) Scoring system

For identification of the farms at high than expectegrevalence of EML in longitudinal
perspective, longitudinal prevalence of EML in each farm during the study period was compared with
the baselingrevalenceacquire from the models. The baselinEs comparison ere estimated as

below:

6 GOi QaRID QEHO AWO A QE OEBt w "E08

, Where 3.09 is the appramate value of the ormil 99.9% point of the standarskd normal distribution,

and S.E. is thetandard error of the modektimatel prevalence calculatdoly the model residual. As

the frequency of the mob submission to DSP in a year and the mob size in each submission for a farm
varied, those differences were adjusted for the comparison. In ordejust the mob size in each
submission, the concept of statistical power for binomial distribution was appkeahob had a higher
prevalence of EML than the baseline, a binomial distribution with mob size (n) was appthad

mo b 6 s o0 b s e of ZMLdThena vatiialdineof the expected number of EML positive deer in

the mob was plotted on the distribution. The expected number of deer with EML in the mob was
calculatedas the product adhe baseline prevalence and thelnsize. If the expectatumberwas not

an integer, it was rounded uphe area under the curve (AUC) of the binomial distributrovethe

vertical lineindicated likelihood fothe prevalence of EML in the mob being higher than9$&%

upper limit of themodel estimategrevalenceatthat point of timeThe maximum score of each point

was one. Al availablescoresof the mobs of a given farmere summed and divided by the number of
mobs supplied byhe farm duringentire geriod until the point of analysisThe total number omobs

also included mobs with EML prevalence lower than or same as the baseline or zero. The resulting

mean scoréi.e. LEP scorejvas designated to each farm to indicate the degree of prevalence of EML
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since having participated in the JML surveillancegoaome The process of calculatinje LEP score

for each farm is illustrated iRigure4. 1. Based on the LEP score, farms were caiegdrinto either

low, moderate, or high level AP infection A low level of MAP infectionwas definedasthe LEP

score being zero. Farms not included in low levetecategorsedas moderate levelf MAP infection

if they were within the third quartile of scores larger than zero (< 75% of scores that > 0). Farms in the
remaining upper quartile were idengifi as a high level dfIAP infection To quantify the degree of
agreement between scoring systems wusing two dif:

(Cohen, 1960)All the analysis related to LEP score wagfprmed using the STAT{StataCorp, 2013)



38

Binomial Distribution at each mob supply @
) /’\ Score adjusting o T i
&1 / the mob size i LEP Score i
. / 1 _ Y Score; |
° / < P # Mob supply i
g | / tmmmeme e ATTTTTTTTTTTTTTT
(=) (/
C‘l h S 10 15 20

# Expected deer of EML positive @

based on the baseline
L ]

1
I
I

50 |
1 m
1

EML Prevalence

® e | 1]
* i i
i\ I it I i

0. e Mgl M\ Lol aee I, ", 1 ]

e 1
1
1
1

2007 2008 2009 2010 201 2012 2013 2014 2015
Year

Mob level EML prevalence of one farm

Figure 4.1. lllustration of the process of calculating longitudinal enlarged mesenteric lymph
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value was calculated for representing the overall degree of EML prevalence exceeding the
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4.3. Results

4.3.1. Study population

The number of the deer during the study period was 2,092,451 from 1,017 farms, and it was the
58.9 % and 82.7 % of the raw data without missing values and the data from commercial farms,
respectively. Proportion of the stag and the EML positive amondutig gopulation were 56.1 % and
1.0 %, respectively, and when stratified by sex, stags showed slightly higher proportion of EML positive

than hinds (1.1 % vs. 0.8 %).

Mean mob submission rate was 3.1 times per year per farm during the study periotlewith t
median being 2.6 times (Interquartile range from 1.5 to 4.4). Mob size per each submission showed
right skewed distribution, with the mean and median being 94.0 and 55.0, respectively. The minimum

and maximum numbers of EML positive deer in the mobev@eand 11, respectively.

4.3.2. National EML prevalence
A Linear regression

The result of the multivariate linear regression is describ&thble 4. 1. Partial F test of the
explanatory variables in the multivariate linear regression showed both year ahdaneogignificantly
associated with the prevalence of EML in each month. AdjustegqLRred value of the model was 0.74,
indicating substantial proportion of the outcomasexplained by the model. Though the distribution
of residual in quantilguantileplot showed some deviation from the 45° diagonal line, most of the
standardied residuals were laying betwedn96 and 1.96 (not presenteéflgure 4. 2 illustrates the

national EML prevalence from 2007 to 2014 and fitted value of the model.
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Table 4.1. Results of the multivariate linear regression on national enlarged mesenteric lymph node

prevalence in slaughtered from commercial farms.

Variables Coefficient Standard Error P value 95 % Confidence Interval
Year <0.001
2007 Reference
2008 0.195 0.005 0.185i 0.204
2009 0.293 0.005 0.284i 0.302
2010 0.300 0.005 0.292i 0.309
2011 0.366 0.004 0.358i 0.375
2012 0.022 0.004 0.013i 0.030
2013 -0.218 0.005 -0.226i 0.209
2014 -0.120 0.005 -0.129i 0.111
Month <0.001
January Reference
February 0.035 0.005 0.0261 0.045
March -0.025 0.005 -0.034i 0.015
April -0.132 0.005 -0.143i 0.122
May -0.145 0.006 -0.1561 0.134
June -0.366 0.006 -0.378i 0.354
July -0.478 0.006 -0.4901 0.466
August -0.292 0.006 -0.3041 0.281
September -0.274 0.005 -0.2851 0.264
October 0.084 0.005 0.0751 0.093
November 0.263 0.004 0.2541 0.272
December 0.163 0.005 0.1547 0.172
Constant 0.910 0.005 <0.001 0.9011 0.920

Interpretation: National enlarged mesenteric lymph node prevalence in slaughtered comr
farmed deer in April 2012 is 0.8 % (0.910.132 + 0.022).
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A S ArRdeM A

As overall trend of EML prevalence showed cubic curvature shapegpittiied and secordrder
polynomial regressions were fitted into the data initially. As P value of coefficient ofctded
polynomial was 0.15, secormtder polynomial regresgiowas applied for removing ndimear trend.

Coefficient and P value of the secemidler polynomial regression model are describethinie4. 2.

To estimate the presence of seasonality, seasonal subseries plot and perioEiggram. Q)
were visuallyexamined. Among the three frequencies with distinctive spectral densiigure 4. 3,
only the lower limit of spectral density at frequency 1 was higher than any other spectral densities,
resulting in only the 12 month being considered as the peridmificant seasonality. ACF and PACF
of 12" order differenced EML prevalence suggested the parameter efeasonal and seasonal AR
and MAas 1,1, 1, and 1, respectivefiglre 4. 4). By removing covariates of P value being over 0.05
in backward stepise manner, two SARIMA models, (1, 0, 0) x (0, X,&hd(0, 0, 1) x (0, 1, Ly were
remained. Among them, SARIMA model with (1, 0, 0) x (0, 1z \Whas selected for describing the EML
prevalence trend because of the lower AIC3(2 vs.-11.5). P valuef Ljung-Box test for the model
was 0.92 and cumulative periodogram of residuals were lying within the confidence interval, indicating
that the model was valid. Coefficient and its P value of SARIMA model are describatle®. 2 and
fitted value of SRIMA model is illustrated irFigure 4. 2 along with the national EML prevalence.
Because of the differencing of larder for adjusting the seasonal effect, the fitted value of the first
year was not able to be predicted. As a result, the fitted valtieeffirst year in the model was replaced
to the original EML prevalence. The fitted values of both the polynomial regression and the SARIMA

model were summed to calculate the model fitted value of overall trend of EML prevalence.
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Figure 4.2. lllustration of longitudinal prevalence of national enlarged mesenteric lymph nod
its predicted values based on multivariate linear regression (Top) and multiplicative se

autoregressive integrated moving averagett@n) models. Baselines of each model are estim

with the alpha level of 0.001.
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Figure 4.3. Periodogram of polynomial regression adjusted national enlarged mesenteric lymph node
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Table 4. 2. Results of the secoratder polynomial regression and multiplicative seasonal

autoregressive integrated moving average model.

Second order polynomial regression SARIMA

Month (139 Month (2") Intercept AR SMA
Coefficient -0.04 -0.03 1.07 0.45 -1.00
S.E. 0.01 0.01 0.05 0.10 0.32
P value <0.01 <0.001 <0.01 <0.001

Key: S.E., standard error of the coefficient; AR, autoregressive; SMA, seasonal moving a
1%, first order; 29, second order
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4.3.3. LEP Scoring system
A Baselines

The baselines for comparison of longitudinal EML prevalence for each farm are illustrated in
Figure 4. 2 for the linear model (Top) and the SARIMA model (Bottom). Standard errors of the linear
and the SARIMA model were 0.17 and 0.19, respectively, indicating the residual of the SARIMA model

being slightly more dispersed.

A LEP Score

Among 1,017 commerdidarms, 465 farms (45.7 %) showed no evidence of having higher EML
prevalence than the baseline estimated by linear regression, suggesting those farms weseaaegori
having alow level of MAP infection The nedian LEP score among the commercial faam®ng the
remaining 552 commercifdrms was 0.13, withninterquartile range from 0.06 to 0.2dmong them,
138 (13.6 %)farms werecategorsed as being at high level AP infectionin the scoring system

usingthe linear regression baseline.

In comparison fo the scoring system using the SARIMA modelven baseline, 478 farms
(47.0 %) were categaead as low level oMAP infection For the other 539 commercial farms, median
LEP score was 0.12 (Interquartile range: 0.06 ~ 0.22). The numbentf €ategosed as high level
of MAP infectionin the SARIMA baseline scoring system was 134 (13.2Mgure4. 5 andTable4.

3 show the number of farms and LEP scores of each strafsl A infection level. Figure 4. 6
demonstrateexamples of using thEML prevalencescore for one commercial farms in each of the

three categories (low, moderate, highMAP infection

The observed agreement between two scoring systems using the baselines from the linear
regression and SARIMA model was 0.97, while the etgubagreement was 0.40, resulting in the kappa

statistics of 0.96 with the P value of < 0.001.
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Figure 4.5. Distribution of LEP scores of each stratum of MAP infection lergatg linear regression
(Top) and SARIMA (Bottom) driven baselines. -Axis indicatesthe accumulated number of
commercial farmsLine at zero of LEP score indicates farms in low level of MAP infectémeen and

blue area indicate moderate and high level of MAP infection, respectively.
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Table 4.3. The number of farms and LEP scores of each stratum of MAP infection level. The MAP
infection level is based on the comparisons with the baselines from linear regression and multiplicative

seasonal autoregressive imeggd moving average (SARIMA) models.

MAP Linear Baseline SARIMA Baseline
infection  Cutoff of Number Median LEP Cutoff of  Number Median LEP
LEP score of farms score (IQR) LEP score of farms score (IQR)
Low 0 465 - 0 478 -
(45.7 %) (47.0 %)
Moderate 0.01L 414 0.09 0.01L 405 0.09
<0.24 (40.7 %) (0.05, 0.16) 0.22 < (39.8 %) (0.05, 0.15)
High | 0.24 138 0.32 | 0.22 134 0.30
(13.6 %) (0.27,0.41) (13.2 %) (0.27, 0.38)

Key : LEP, longitudinal enlarged lymph node prevalence; IQR, interquartile rakigfe?,
Mycobacterium aviursubspecieparatuberculosis
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Figure 4.6. Example deer commercial farms in each category of MAP infection level.liGeeig
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4.4. Discussion

Asthe described o hne 6 s di s esgstemis @ example dfigndranmiccserveillance,
the EML scoring system rgturallyassociated with diagnostic uncertainty which may also be described
as st anvidgdERbhbertsen] Neldon, Ying C. MacNab, & Lawson, 2010hdicates thtthe system
may be limited and, consequently, thatdtification lettes to suppliersmay not provide accurate
information to farmers due to false positive scoring. With the aim of using the available binary EML
signals for the development of a robust fdewel b h n e & s mahitosing aystam, we used a novel

approach for removing some of the statistical noise inherent in the JML data.

EML prevalenceghat analysed in this studyay be undereported by meat inspectogsccording
to Glossop et a[Glossop et al., 200/thesensitivity of meat inspectofsr the detection of EMlwas
68.0% using photographs of normal and abnormal mesenteric lymph nodes. Howevesenditarnity
was again examined by parallel scoring by experienovegktigators in selected DSRise sensitivity
was only 13.3 %%Jamie C. Hunnam, Wilson, Heuer, Stringer, & Mackintosh, 2008} research team
explainedhatthefi r st st udy est abl capdiility df ddtebtiag EME, svliereasthe pect o
second study addressed the actual-lialdetection rate. These studies empsabsithat) o hne 6 s
surveillance datavill have to be interpreted with great cautifmm estimatingboth farm anchational
level prevalence bDMAP infection, and even more so h n e 6 s indiéessNe&ertheless, a crucial
assumption in syndromic surveillance is that the data reflect the change in the level oiodisetis®e
not theexact prevalence per.sehus, theJML progranmeis an example forsyndromic surveillance,
as data acquired for the surveillance are not presumetldct the true and totddurden of disease in
the population(Dérea et al., 2011)Also, undefreporting can be treated as a random error as it is not
limited within the specific period adime. We therefore concluded thad h n e 6 s suwiveilamca s e
using the JML system is likely to be a useful tool for monitoring temporal trertie diseasén the
population, but that it may be limited with regardthie diseasen individual farms. Agointed out
earlier, latter aspect will have to be subjected to validation by comparison eliefahEML scores

with Jo h n e 6 s indderseoa theesame farm.
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The $udy population of this study was restrictedhe mob sizeover20deer and to commeial
farms. This was ararbitrary decision to reduce variation in the migvel prevalence of EML
Consequently, approximately 25 % of commercial faupplying deer to DSPs during the study period
were excluded. The benefit, however, was that statistaiak wasubstantially reducedadm the raw
EML prevalence of the remaining farms, resulting in more precise estimathfinfectionon farm.
Moreover, in oder to reduce the noise, onfgung deer wreincludedin the analysis. Studies have
suggestd that mature deer athose surviving MAP infection, hence may be mugistant against
clinical progression toalh n e 6 s thaniyeaurgalegdaimie C. Hunnam et al., 2009ri8ger et al.,
2013) This would explain why the EML prevalence is lower in mature than young Alieough
mature deer could be infected with MAP in early life and remained at subclinicalws&abelieve that
discardinginspection datdrom old deelincreased the power of the scoring system as an identifier of

farms inhigh level of MAP infectionand hence the possible extentofiln e 6 s ondfdrns e a s e

Unlike other researchvith far lower statistical powe(Stringer et al., 2013}he prevalence of
EML in the JML datavas slightlybut significantlyhigher in stag(1.1 % vs. 0.8 %)Though statistical
method would indicate a significant difference, the difference was only 0.3 % ssingghat from a

clinical perspectiveEML prevalenceof stags and hinds were similarthis study.

For describing the national EML prevalence usiegsonamodels, we aggregated the number
of deerin monthly intervas. While aggregating the informatminto certain period of times captdre
the overall pattern of EML prevalenagentire industry level, #tamethoddid not adequately consider
the uncertainty oEML prevalencedue tobetween and withifarmsvariation In order to incorporate
those variaces, mixed effedinear regression could have besplied.That analysis would hayEeML
prevalence in each mas an outcomeand the samexplanatory variableasin the linear modebf
this study while including farm as a random effeBly doing sothe expected national EML prevalence
would be describeddjustingfor differentsourcesof varidion caused by clusteringf bothcarcasses
in mob and mobs infarm. However, the predicted value of the random effect mdueh is an
approximation of the neweighted national EML prevalence. In other words, thé mob-level

prevalenceestimatesn a certain month are treated equally, because the unit of observation in random
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effect model ismob-level EML prevalence. As a result, the random effect cannotrjiccate the
contribution of mob size into the national EML prevalefi@eovercome this issue, mixed effect logistic
regression witltarcasdevel EML status as an outcome variable could have been used. However, the

logistic model was not able to be coryed because of the computational limit.

In this study, the baselineascalculated by the multiplication @he standard error with 3.09.
Roughly speaking, using 3.09 indicates that estimated national EML prevalence based on the model
should be under theaseline in 999 out of 1,000 times. So any value over the baseline can be assumed
as an obvious sign @&n unexpectedihigh monthly prevalence of EML This method reduced the
statistical noise in the data. The next step was calculating a score whicldjalsted for the chance
effect that a mob was an outlier due to a small group size (few carcasses). These scores would be low
for small, and potentially high for large mol#sh average score over all supplied mobs would indicate
that a farm supplied deeritlv consistently high EML prevalence, and this may be associated with a
high incidence oMAP infection and possiblyjo h n e 6 s onddarns. Ecavever, no evidence exists to
date that EML at slaughter is associated withhdn e 6 s ordfarms. é@arslgoritin of identifying
high MAP infectionfarms shouldhow be used to validate the systég. Monitoring MAP infection

and John édidencalan &amena with high and low averadge score3.

For the estimation of the longitudinal EML prevalence scorel Bkévalence in each month
from a farm was compared with the baseline. Similar techaigaesusedto developcontrol charg of
production processes syndromichealthsurveillance(i.e. By identifying outliers form expected time
series)Burkom &Murphy, 2007; Yahav et al., 201 However, thexpected time series are commonly
based orthe longitudinal pattern in the past by removing apgcial event as, for exampledigease
outbreak. Alsothose studiesompared the baselinegith either newy observed values or simulated
values, notvith each component of the past patternitsgle cor di ng t o t he authoré
has been npreviousattemptin veterinary surveillance fiela identify an outlier by comparg overall
pattern with thepattern of each componeQur scoring systeno identify farms at higtevel of MAP
infectionwas based otihebinomialy distributed probability of EML prevalence of a mob being above

the baseline, and then summarizing these probabilities accumulaengime for every farm. By
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applying this novel approach, it was able to incorporate both the frequentlyeanagnitude of EML
prevalencein repeated mobs from a farm contributed to the probability of the éxceeding the
baselineEML prevalenceWe therefore believe that this study provided a novel approach to detecting

consistent source of outliers in longitudinal surveillance data using learned patterns from past records.

Based on the LEP score of each farm, we concluded that there were more than 130 commercial
farms showed high level ®AP infection in longitudinal aspect. The longitudinal pattern of EML in
each farm does not necessarily represent the longitudinal prevade of Johnedés di sease
if the pattern of EMLwould indeedeflect the level oMAP infection and furthertothto hneds di sea
on farm describingthe level of EML beyond the estimated national average with alpha level of 0.001,
would beasafeindicationt hat t he | evel of Johnedos di Gwense i n t
the latter was true, such farms could then be labelled asu-pheddesd f or t he propag:
infection between herd#daving high LEP scoralsomeans thiatheywould be consistent, possibly

long term sources of MAP infection addo h n e 6 sin thkipap@atian e

The two different baselinesisedfor the scoring systerdid not differ significanty. On the
contrary, there was a high level of agreement batitkem( Cohends kappa: 0. 96, P
hence their merit for scoring EML was similam&®advantage of using linear regressias that the
model is less complex than the SARIMA modéiereforeJinear regression modetay the preferred
tool to aralyse time series forgyndromic surveillance systesych as JMLespecially wena simple
system foifrequentautomatecautputsis required. However, using linear regresdionthe time series
may violate the assumption of independence betwewls, indicating that variances might be
underestimatedAlso, in this studythe scoring system usinthe SARIMA baseline extracted higher
number ofow level MAP infectionfarms (465 vs. 478hence a lowemumber of farmsvith highlevel
of MAP infection (138 vs. 134), suggesting that the SARIMA model might be roonservativeo

identify farmswithafi h i g h 6 MARIMeetionoodd hneds. di sease
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4.5. Conclusion

This study descritsethe longitudinal EML prevalence of commercial farmed deer in New
Zealand Overall thenationalcarcasdevel EML prevalence fluctuad around % withstrongseasonal
variation between 2007 and 2014. We suggest a novel method to id@mtifwith a consistently high
EML prevalence by comparing thengitudinal pattern of da from each source with the baselarel
adjusting for uncertainty due to small mob siz@ear regression and SARIMA mod&ere used for
estimating the baselinbpth with similar quality of detecting farms at risk for MAP infection. This
system may bapplicable to different types of surveillance or monitoring data. This study found that
aboutl3 % of commercial deer farrhsd a high level of EML prevalence, hence probably a relatively
high level of MAP infectionHowever, further research is requiredlcompare farms with a high EML

prevalence withtheehar m i nci dence. of Johneds disease
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CHAPTER 5

Spacet i me cl ustering of
mesenteric lymph node pathology in commercial dee
farm in New Zealand from 2007 to 201-

5.1. Introduction

J o h n e 6 s(JD} cassedadgirfection dflycobacterium aviursubspecieparatuberculosis
(MAP), is an incurable, chronigranulomatous enteritis inducing diasda, weight loss and deatif
cloven hoofedanimalspecieqCollins, 2003) As MAP canevade thémmuneresponsef the host, it
proliferates in lymph nodes after absorption and causes enlargement of mesenteric lymph node with or
without necrosis, which ithe predominanthistgpathological symptom in deddamie C. Hunnam,
2011) Since the first confirmation od case in 1979, New Zealand has been one of the endemic
countries with D infection in farmed dediGeoffrey W. de Lisle et al., 2005; Geoffrey W. de Lisle et
al., 1993; Stringer et al., 2013; Verdugo et al., 20TAus for the purpose of decreasing the burden of
the diseasef the industy Johneds Management Limited (& ML) wa
of the rolls of JML is conducting the surveil!/l
mesenteric lymph node at slaughter. By monitoring the disease and nofifyingrs, theJML

programme motivates producers faitiate disease control faedudng the prevalence of the disease.
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In chapter 4 we presented a methodology for identification of commercial deer farms with
consistently high prevalence of enlarged mesenteric lymph nodes (EML) of young deer at slaughter
which may indicate that therg a relatively high rate of MARfection in the slaughter mdBaimie C.
Hunnam et al., 2013nd possibly also a high incidence of JD on the source Fomever, no evidence
is currently available for the latter. By comparing thegitudinal EML prevalence of each farm with
the modelestimated baseline of national EML prevalence, we examined the temporal trend of the EML
prevalence in each farm. The definition of a high féemel MAP infection was based on the
accumulated EML score exceeding the baseline over time. However, the previous chapter did not

consider and adjust for spatial factor.

The analysis of spactime interactios aims toexamine the tendency efvents toclusterin
space andime. With the aid of statistical and computational improvement in recent \tbars,
investigation of spacBme interaction of infectious disease has been widely eghipliboth human and
veterinary medical fieldgAlton, Pearl, Bateman, McNab, & Berke, 201@ne obvious advantage of
investigating the spad@me clusteringof infectious disease is that it can cope with both spatial and
temporal trengof disease transmission, reflectitg patterrs of disease spreadore realisticallyThus,
more insight can be gained about disease oernce and spread from considerisgacetime

interactiors when analysing diseaserveillance data.

Therefore, the aims of this study were; 1) To detect spanee clusters ofarm-level EML
prevalence by combining time series with spatial models, 22n@io adjust time trends in EML

surveillance data for potential spatial effect

5.2. Materials and methods

5.2.1. Data

JML manages surveillance programe of JD in deer in New Zealand, monitoring individual

carcass WithEML at deer slaughtering premises (DSP). During the slaughtering process, meat



58

inspectors investigate the size of mesenteric lymph node, and record whether its size being over 55 mm

in circumference along with the age and weight of carcass, farm identifler gnar més geogr aj
coordinates. As EML (> 55 mm) issociated with MAP infection of carcasses and was suggested to

be atypical sulxlinical signof JDin farmeddeer, farms submitted deer with at least one EML positive

deer among the maturrentlyreceve a notification lettealerting the farmer that JD may be a potential

problem. However, EML is not pathognomonic for JD as it can be caused bydisthase such as

bovine tuberculosisr yersiniosigJerrett et al., 1990; Robinson et al., 198&%an therefore be a false

positive signal inIML surveillance programe, which is based ononspecificfisyndrong s 0

Therefore, the definition of a possible 6JD i
preval ence from an expected Oprevalence noised c
pattern of EML in deer should remove the noise in tha.dEhe noise cahe reduced by extracting
observations from commercial farms watsufficiently largemob size. In this study, JML data from
2007 to 2014 were usedn observation was discarded if it had missing valoiewas aduplicate A
commercial fam was defined as having submitted deer to @ERast three consecutiyears until
2014. Among the observations frammmercial farms, we decided to use the data of only young deer
with the aim of decreasing the false posisivecause EML due to otheauses is more likely to occur
in adult than young deétaimie C. Hunnam et al., 2009; Mackintosh et al., 200®j)ncrease precision,
observations from mobs smaller ti2hdeerwereexcluded Mob size was defined as ttetal number
of deer submittedy a farmto DSP in one monthFarms were categegd as havingeither low,
moderate, or high level dfIAP infection based on théongitudinal frequency and magnitude of
exceeding the expected baseline of national EML prevalence. Daftétile methodology adescribed

in the previous chapteffarmswithout geespatiallocation information were removedifn spacetime

analysis.

5.2.2. Statistical analysis
Kul | dor ftiméscan statistic was used to detect and locate the significanttspace

clusters. Spaeeme scan statistic is performed by describing a cluster of event as a cylinder in three
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dimensions, with the base and height representing teesgnd time, respectivelithin a cylinder,

spatial circles withvarying radus are projected on the maphich can contain up to 50 % of the
population at riskTheheight of the cylindereflects time and can be ranfgem zero up to 50 % of the

study period. Hypothetically,the events of interest are clustered in space and time if the observed
number of events in a cylinder is larger than expected, assuming the number of events is either Poisson
(count)or Bernoulli(positive/negativedlistributed.The respective distributiois chosen depending on
whether an observation is recorded as an aggregated fegggreount of EML of a farm in a calendar
month), or atindividual level (e.g. positive vs. negative). The expected number of events is estimated
based on the null hypothesis that the events are randomly distributed in space and time. The likelihood
ratio of the probability othaving clustedivided by the probability of thaull hypothesisletermines

the significance for a givenluster among variaisimulatedcylinders. The P valuefor a cluster
associated with maximum likelihood ratio can be estimated by Monte Carlo simuldtiengiven by
theRank/(lteration + 1), where Rank is the rank of the test statistmsaifserved value, and Iterati

is thetotal number of iteratiogin theMonte Carlo simulation.

In this study, the event of interest wii® number oEML positive youngdeerin each mob,
where the mob was defined as an aggregated number of deer in monthly intervals for each farm. T
reduce statistical noise and thereby the false positive rate, the number of EML positive in each mob was
adjusted forthe expectedmnodelestimated baselineumber The expected modelstimated baseline
numberwas calculated by the product of each mob size and EML baseline prev@déineel by time
series analysig he number of EML positive deer in each mob was estimated by subtraction of observed
EML positives by the estimated baseline numbee adjusteciumber of EML deer in each matbas
assumed tdollow a Poisson distribution. Illustration ¢fie EML data projected fothe spaceandtime
scan statistic ishownin Figure 5. 1. As there were no precedisgudies describing the spatial cluster
of J o heeaselbirsfarnded deer, we arbitrarily restricted the maximum r&alii®0 km while
containing no more than 50 % of the population at &skilarly, amaximum temporal cluster size of
50 % of the study period was usétbwever, the minimum temporal clusigas set as 12 months. The

number of replicatiosifor the Monte Carlo simulation waset t0999, indicating the lowest achievable
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P value was 0.00@.e. 1/(999 + 1)) for the highest possible raflksignificant spacéime cluster was
defined as the clust with P value less than 0.05 in this study. For secondary clusters, only clusters that
did notoverlapgeographically with a primary cluster weawported in order to describe trsize and

location of clustergAbatih, Ersbgll, Wong, & Emborg, 20Q9)

After a list of farms within significant spad¢ene cluster generated by spao®ee scan statistic
above was retrieved, the number of farms were inspected in respect to longitexihalf MAP
infectionof each farmDatawere manipulate in th8TATA (StataCorp, 2013pndthespacetime scan
statistic test was carried out with the SaTS¥a9.4.1(Kulldorff, 2015). The result ofhe spacetime

scan statistic was readdk into the RR Core Team, 2014pr reporting anglotting of map



61

Figure 5.1. Conceptual illustration of EML surveillance data being projected for the-$ipaescan
statistic. Orange solid lines (Bottom graphs) indicate the numbexpefcted enlarged mesente
lymph node (EML) positive deer based on the model. Red dots are submission of mob in eacl
and dashed vertical lines are the number of EML positive deer in each mob. The number
positive deer adjusted for the bagelin each submission is projected tdifensional space (To
right figure). Dotted circles indicate the absence of an unusually high number of EML positiv

due to the adjustment for the baseline.




































