Can good broiler flock welfare prevent colonization by Campylobacter?
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ABSTRACT Using data on rearing and welfare
metrics of multiple commercial broiler flocks, we
investigate how welfare measures such as hock burn,
mortality, and pododermatitis, among others, impact
the likelihood of a flock becoming colonized by Cam-
pylobacter. Using both logistic regression and Bayes-
ian networks, we show that, while some welfare
metrics were weakly related to Campylobacter coloni-
zation, evidence could not be found to suggest that

these metrics directly exacerbated Campylobacter col-
onization, rather that they were both symptoms of
the same parent variable — the managing company.
Observed dependency on the management of the flock
suggested that yet-undiscovered differences in rearing
practice were the principal factor explaining both
poor bird welfare and increased risk of Campylobac-
ter, suggesting that action can be taken to improve
both these factors simultaneously.
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INTRODUCTION

For several years campylobacteriosis has been the
most frequently observed zoonotic disease in humans
throughout the EU (Westrell et al., 2009), with poultry
meat identified as a leading infection route (EFSA Panel
on Biological Hazards (BIOHAZ), 2011). This acute
form of food poisoning, characterized by diarrhea, fever,
and abdominal pain, is estimated to affect 450,000 indi-
viduals a year in the United Kingdom, approximately
10% of which result in hospitalization (Strachan and
Forbes, 2010). An investigation by Public Health Eng-
land into the extent of Campylobacter within the poultry
industry revealed that 73% of supermarket chicken car-
casses were found to contain Campylobacter and seven
percent of the outer packaging was similarly contami-
nated (Jorgensen et al., 2015). This considerable public
health burden posed by Campylobacter spp. represents
an estimated £50 million annual economic cost to the
UK (Tam and O’Brien, 2016).
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Given the extent to which Campylobacter dominates
commercial chicken flocks, attempting to reduce the pro-
liferation of the pathogen at farm level would have sig-
nificant impacts in reducing disease incidence in
humans. Once Campylobacter is first identified within a
broiler flock (chickens grown specifically for their meat),
colonization of all birds occurs very rapidly (Evans and
Sayers, 2000). In experimental studies, it can take only a
single week for an entire flock to become colonized fol-
lowing the introduction of a single infected bird
(Stern et al., 2001). This speed of proliferation makes
identifying the initial point of entry of Campylobacter
into a flock challenging, and has resulted in a focus on
preventative measures.

To-date, the poultry industry has largely focused upon
on-farm biosecurity measures (Fraser et al, 2010;
Gibbens et al., 2001), such as boot-dips and improved
cleaning of housing. However, little impact in reducing inci-
dence has been achieved with these measures
(Hermans et al, 2011). As such, research has instead
turned to a broad array of preventative measures
(Ghareeb et al., 2013), such as treatment of food and water
(Peh et al, 2020), probiotics (Saint-Cyr et al., 2016), and
bacteriophage therapy (El-Shibiny et al., 2009). Such
measures have thus far had mixed, and at times contradic-
tory, success.
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One area of research still greatly overlooked is the role
of bird welfare in the emergence of Campylobacter
within a flock, both as a potential indicator of Campylo-
bacter colonization, and as a driving factor. Campylo-
bacter spp. was long considered to be commensal within
broiler chickens, but recent studies have begun to sug-
gest they may be pathogenic under some circumstances
(Humphrey et al., 2014; Wigley, 2015). Some variables
have previously been observed to correlate with changes
in the gut microbiota and immune response of birds,
such as stocking density (Gomes et al., 2014;
Guardia et al., 2011), food withdrawal, and heat stress
(Burkholder et al., 2008). More directly, lesions on the
footpad and arthritis have been shown to be strong pre-
dictors of Campylobacter prevalence (Alpigiani et al.,
2017), further supporting findings that flock movement
patterns and behavior can also accurately predict Cam-
pylobacter prevalence (Colles et al., 2016). Our own pre-
vious mathematical modeling studies have highlighted
the potential for stocking density (Rawson et al., 2019)
to impact the population dynamics of Campylobacter
within a flock, and have also shown that the colonization
status of an entire flock is greatly impacted by the most
susceptible birds within the flock (Rawson et al., 2020),
suggesting that attention to individual birds must not
be overlooked.

This study investigates the relationship between
multiple welfare indicators on Campylobacter preva-
lence in flocks using two different mathematical
modeling approaches. We firstly employ a logistic
regression analysis to test for direct relationships
between Campylobacter colonization and predictor
variables, such as weight, mortality, and hock burn
incidence. To further investigate how our considered
variables interact and influence one-another, we com-
bine our logistic regression with a Bayesian network
analysis to demonstrate the network of conditional
dependencies between variables, to investigate more
precisely how variables affect and impact each other.
In combination with the logistic regression analysis,
we are able to posit where welfare directly increases
the likelihood of Campylobacter colonization, or to
what extent colonization by this bacteria is a symp-
tom of the same responsible variable.

MATERIALS AND METHODS
Data

Data was provided across 6 yr (2010 to 2015) from
multiple farms throughout the United Kingdom. Each
data point represents a flock of broilers, listing multiple
welfare parameters and rearing information, as well as a
measure of whether the flock tested positive for Cam-

pylobacter. All variables measured for flocks are detailed
and defined below:

e Company—A 2-factor categorical variable, depicting
whether the flock is overseen by company “1” or “2”.
This variable will also therefore capture differences

in company-specific rearing methodologies not repre-
sented by our current list of predictor variables.
Farm—A categorical variable, further delineating
the Company measure, detailing which farm the
flock was located at, so as to investigate trends
unique to certain locations. Company 1 data con-
tained only one farm, ‘C1-F1’, while company 2
data was split across 3 farms: ‘C2-F1’, ‘C2-F2’, ‘C2-
F3'. Data from these 4 farms were further divided
across 6, 4, 4, and 3 separate housing sheds respec-
tively; however, this data level was too sparse to be
considered. All houses on a farm had identical house
size, flock size, number of drinkers/feeders, and age
of slaughter.

Number placed—A numerical variable describing
how many broilers made up the flock. While model-
ing studies have primarily implicated stocking den-
sity as a high Campylobacter risk factor, the total
flock population may also increase the likelihood of
initial flock inoculation (Rawson et al., 2019). Note
that all flocks were grown to a target final stocking
density of 38 kg m 2.

Date placed—The date the flock was first placed into
the house. Campylobacter is well reported to show
seasonal trends, with the warmer, summer months
seeing flocks test positive for Campylobacter more
frequently (Djennad et al., 2019; Nylen et al., 2002).
Breed—A 3-factor variable describing the commer-
cial line of broilers grown. Two fast-growing com-
mercial lines of broiler were investigated, sourced
from 2 respective breeding companies, with flocks
comprised of either: Breed A, Breed B, or a mixture
of Breed A & B. Host-bird genetics have been shown
to impact Campylobacter prevalence
(Babacan et al., 2020; Psifidi et al., 2021;
Stern et al., 1990), hence the consideration of the
genetic line of the flock.

Number of parent flocks—The number of parent
flocks the broiler flock was sourced from. The possi-
bility of vertical transmission of Campylobacter
from parent to chick has been primarily dismissed
based upon culture methods to date (EFSA Panel
on Biological Hazards (BIOHAZ), 2011), however,
more sensitive genetic techniques have recently iso-
lated Campylobacter from chicks less than 8 days
old (Colles et al., 2020; Cox et al., 2012), reopening
the possibility of such a transmission route. The
hypothesis is that a greater number of parent flocks
could increase the number of Campylobacter
sequence types (and thus phenotypic specializa-
tions) that a flock is exposed to at hatch
(Petersen et al., 2001).

Mean parent age—The average age (in weeks) of all
parent flocks sourced from. Parent age has been
shown to impact egg weight and embryo weight
(Shanawany, 1984), and thus could potentially
impact the general health of the chick.
7/14/21/28/35/Total  mortality percentage—Six
different variables, describing the percentage of the
flock that had died after X days.
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® Pododermatitis percentage—What percentage of the
flock suffered from pododermatitis; inflammation
and ulcers on the footpad and toes. This was mea-
sured postmortem by abattoir staff, as the cross-sec-
tional prevalence of any signs of footpad dermatitis,
expressed as percent of that flock.

® Hock burn percentage—What percentage of the flock
suffered from hock burn; areas where ammonia from
the waste of other birds has burned through the
skin of the leg. This was measured postmortem by
abattoir staff, as the cross-sectional prevalence of
any signs of hockburn, expressed as percent of that
flock.

® 7/14/21/28/35/Final day weight—Six variables
showing the mean weight of the flock, in grams, at
weekly intervals.

® Maximum/minimum  temperature—A  variable
describing the maximum and minimum recorded
erternal temperature, in degrees centigrade, for the
duration of time in which the flock was housed, as
sourced from historical records from the Met Office
for the nearest weather station.

e Campylobacter 21/28/35 days—A 2-factor variable
depicting whether a flock was found to be positive
or negative for Campylobacter after 21/28/35 days.
This was sampled via fabric boot swabs in the flock
house at 21/28/35 days. In addition, fresh fecal
samples were collected concurrently on d 28. Cam-
pylobacter prevalence was then tested for in all sam-
ples via culture methods. Full details of this
methodology are given in Colles et al. (2016).

A total of 212 flocks were monitored, however not all
variables could be measured for all flocks due to the
practical difficulties in obtaining all measures from
farms. As such there is some degree of missing data
across all variables, most notably that only 149 of these
flocks have a final record of Campylobacter infection sta-
tus. Before incorporating this data into a mathematical
model, we must consider the detail of data available
given the absence of some variables for some flocks. To
ensure the maximum number of flocks is used in model
fitting, a balance must be found between filtering out
variables to increase data availability, while not overly
limiting the number of variables investigated. We detail
these decisions below.

Data Cleaning

Before beginning the regression analysis, we clean and
simplify our data to aid interpretation. The Campylo-
bacter variables across time points 21, 28, and 35 d were
simplified to a single variable that reads as positive if a
flock was recorded positive on any of the 3 dates
recorded, and negative if the flock was reported negative
on all of the measured dates provided. This was to
increase the data availability, as some flocks were only
measured on certain dates. There were 6 instances of a
flock being recorded as negative after previously testing
positive. These 6 instances were cases where the fecal

samples taken on d 28 tested positive, but the boot swab
on d 35 tested negative. It was considered appropriate to
rely on the more targeted fecal sample for these 6 cases.
There were 8 instances whereby a flock was recorded as
Campylobacter-negative on d 21 and 28, but data was
not recorded for d 35. Since it could not be assured that
these flocks remained Campylobacter-negative, they
were not considered for logistic regression and network
fitting.

The Date placed variable was converted to a 4-level
factor variable, denoting the season that the flock was
reared in. This was done as date is known to have a non-
linear effect on Campylobacter  prevalence
(Jorgensen et al., 2011), with incidence in both flocks
and humans more frequently observed in the UK sum-
mer compared to the winter (Louis et al., 2005). Tt is this
effect that we wish to investigate as opposed to variation
between years. Season classification is partitioned by the
dates December 1, March 1, June 1, and September 1,
aligning with the meteorological seasons, which more
accurately capture temperature variation than the
astronomical seasons' classification.

Regression analysis requires that the explanatory varia-
bles be independent of the response variable (and each
other) otherwise predictive power is weakened across all
dependent descriptor variables. In some cases, parameters
of the linear model then become indeterminate due to the
high degree of multicollinearity. For example, the 7/14/
21/28/85/Total mortality percentage variables are, as
expected, all highly correlated with one another; hence,
we use only the 28-d mortality percentage measure, as
this is the one that most data was available for. We do
the same for the average bird weight variables. Likewise,
the Company variable was removed for the logistic regres-
sion, as it is heavily correlated with the Farm variable
(companies do not share farms), however the Farm vari-
able was also then found to have very strong correlation
with the Number placed variable. For this reason the
Farm variable is also removed, as Number placed is a pre-
ferred metric of interest. Similarly, we use only the Mini-
mum temperature, and not the Maximum temperature,
or the Date placed, as these 3 are strongly correlated. By
reducing the number of model predictors, the generalized
variance-inflation factors (GVIF) (Fox and Mon-
ette, 1992) of all variables are less than 3, far less than
the commonly-used threshold of 10.

Finally, the data was filtered to remove any flocks
with missing values for the explanatory variables under
consideration. 76 data points remained for the final
logistic regression model. Flocks with missing data were
later utilised for the parameter learning stage of the
Bayesian network model. A summary table of all varia-
bles considered in the final logistic regression model is
presented in Tables 1 and 2.

Logistic Regression

Multiple logistic regression is an adaptation of multi-
ple linear regression for instances where the response
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Table 1. Factor variable summaries.

Campylobacter Campylobacter

Variable Factor level Total positive negative
Company 1 41 22 19
2 32 17 15
Farm* C1-F1 41 22 19
C2-F1 15 7 8
C2-F2 8 4 4
C2-F3 9 6 3
Breed A 30 18 12
B 41 20 21
A&B 2 1 1
No. Parents 1 36 23 13
2 21 10 11
3 12 5 7
4 4 1 3
Date placed Spring 23 18 5
Summer 16 15 1
Autumn 12 1 11
Winter 22 5 17

*Company 1 has only one farm ‘C1-F1’. Company 2 has three farms: ‘C2-F1’, ‘C2-F2’, ‘C2-F3’.

Table 2. Continuous variable summaries.

Variable Mean Standard deviation
Number placed 27,667 7,006

Mean parent age 38.93 10.07

28-d mortality percentage 3.97 1.41
Pododermatitis percentage 58.59 28.22
Hock burn percentage 21.59 19.66

28-d average bird weight 1,424.8 83.12
Minimum temperature 6.85 3.71

variable of interest is a 2-factor binary output (Y € {0,

1}), in our case where a flock is either Campylobacter
negative or positive. A multiple linear regression model
structures the response variable, Y, as a linear predictor
of a set of explanatory variables, X;, like so;

Y =B+ X1+ BXo+ - + BXu,

for n variables, and where §; are the coefficients to be
determined. A logistic regression instead models p =
P(Y = 1), the probability that Y = 1, as:

logit(p) = By + B X1+ BoXo+ -+ + B.Xn,

where logit() is the log-odds ratio logit(p) = logis
which ensures that p is bounded between 0 and 1. ’Ipo
model the impact of factor variables with m levels, we
use treatment contrasts; m — 1 distinct descriptor varia-
bles within the model. For example, consider a simplified
model which investigated the impact of breed alone on
the probability of a flock being colonized by Campylo-
bacter (p). Breed has 3 factor levels; “Breed A,” “Breed
B, and “Breed A & B,” and therefore, the logistic regres-
sion model would be:

logit(p) = By + By X1 + By X,

where Breed A, is represented by X; = Xs = 0, Breed B
by X; = 1, X3 = 0, and the mixture of Breed A & B by
X, =1,X; =0.

Nine explanatory variables were used for the final
maximal logistic regression fit: Number placed, Breed,
Mean parent age, Number of parent flocks, 28-d mortal-
ity percentage, Pododermatitis percentage, Hock burn
percentage, 28-d average weight, and Minimum temper-
ature. After initially fitting the maximal model of nine
explanatory variables, a step wise simplification is then
performed, removing the least significant term itera-
tively to finally reach the minimal adequate model: a
model composed of only statistically significant explana-
tory variables. The model was fit using the glm package
in R, which fits the model via iteratively reweighted least
squares (IWLS). All code is made freely available at osf.

io/pb62g/.

Bayesian Network

Bayesian networks are probabilistic graphical models
that display the network of conditional dependencies
between a collection of variables. Each variable in the
model is visually represented as a node, with directed
edges, called “arcs,” between nodes representing a
directly dependent relationship. A— B indicates that B
depends on A. Since arcs are directed, there is a from-
and-to relationship between variables. A node with an
arc directed toward another node is called a "parent"
node to the respective “child” node. Each node’s output
is then explicitly detailed by a probability distribution
that is dependent on any and all parent variables. This
highlights the 2 greatest strengths of Bayesian networks
as tools to investigate relationships between variables:
firstly, the Markov property imposed by the network of
conditional dependencies, means that the global proba-
bility distribution of the system can be expressed as a far
smaller product of dependent probabilities. As such, a
large and complicated probabilistic system can be sim-
plified by knowledge of how some variables do or do not
influence one another. Second, these types of models
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provide a straightforward way of visually conveying how
certain explanatory variables influence (or do not influ-
ence) each other, something that would otherwise
require the analysis of a large variety of logistic regres-
sion models, and could easily overlook certain dependen-
cies. As a result of this architecture, “cycles” are by
definition not allowed within a Bayesian network, mean-
ing a path cannot be drawn from any node back to itself.
Such a structure is called a directed acyclic graph
(DAG). We provide a short example below to under-
stand how such networks are calculated, but greater
insight can be found in Nagarajan et al. (2013).

Calculating a Bayesian network model is separated
into 2 tasks. First, structural learning: learning the net-
work model of dependencies (i.e., identifying all arcs in
the system), followed by parameter learning: finding the
specific parameters of probability distributions linking
parent to child nodes. Consider an example of a dataset
of 3 discrete variables in a broiler flock we wish to
explore: Mortality (low, average, high), Age (young,
adult, old), and Feather condition (good, average, poor).
We start by learning the structure between these 3 vari-
ables. Many algorithms and approaches exist for finding
the structure of a Bayesian network (Bouchaala et al.,
2010), however within this paper we utilize the hill-
climbing algorithm (Bouckaert, 1995), a score-based
structure learning algorithm. The algorithm starts with
a randomly chosen graph (though usually the empty
graph made up of no arcs), and calculates a network
score that ascertains how effectively such a graph
describes the data. It then iteratively adds, removes and
reverses one arc at a time, altering the global probability
distribution via the introduction (or removal) of a
dependency, selecting the alteration that increases the
network score the most. This process is then repeated
until no further improvement can be found. Multiple
network scores can be used, but we use the Bayesian
information criterion (BIC) (Bhat and Kumar, 2010), a
variation on the traditional likelihood function. After
using this algorithm on our example data, we discover
the “best” network as being the network of 2 arcs shown
in Figure 1.

We see from Figure 1 that Age is a parent variable to
both Mortality and Feather condition. This indicates
that, from this imagined example data, Age directly
informs the mortality rate of a bird and the feather con-
dition of the bird (this result was directly demonstrated
by Comin et al. (2019). An important insight gained
from this network analysis would be that Mortality and

Age
. Feather
Mortality Condition

Figure 1. Bayesian network for the example problem posed. Two
conditionally dependent relationships are found, from Age to Mortality
and from Age to Feather condition. This example relationship was dem-
onstrated by Comin et al. (2019).

Feather condition would likely be found to be correlated
via a logistic regression analysis. However, Feather con-
dition itself does not affect Mortality, rather they are
both impacted by the same parent variable; Age. This
illustrative example shows the objective of the Bayesian
network approach to our particular question; what
directly influences the Campylobacter status of a flock,
rather than just what is correlated with Campylobacter
colonization. Another advantage of such a model means
that inference can be made even with missing data. The
network of Figure 1 presents a structure whereby the
mortality of a bird can be predicted with data on their
feather condition, as this gives important indication of
what the age of the bird may be. In Bayesian terms, this
informs our prior belief as to the age of the bird, thus
impacting our posterior belief as to the mortality of the
bird. In contrast, the logistic regression approach would
require an assumption on the age of such an individual,
usually the mean of the training data, but no such
requirement exists for Bayesian networks. Note, how-
ever, that if the age of a broiler is known, the prediction
of their relative mortality rate is not improved by fur-
ther information on their feather condition, as mortality
is found to be predicted by age alone.

Note also from Figure 1 the mathematical advantage
of such a network for expressing the joint probability
distribution of the system. By definition the arcs indi-
cate that P(Age, Mortality, Feather Condition) can be
expressed as

P(Age, Mortality, Feather Condition)
= P(Age) P(Mortality | Age) P(Feather Condition | Age).

Since each variable has 3 factor levels, this reduces a
distribution of 27 (3”) parameters, to 21, where each arc
indicates that the child variable is modeled by a multi-
nomial distribution dependent on the parent variable.

Indeed, for the second step, parameter estimation, we
treat each node as being described by a multinomial dis-
tribution, and fit these using 2 separate well-known
techniques, the maximum likelihood estimator (MLE),
and a nested Bayesian approach, using uninformative
uniform priors. See Appendix 1 for a brief introduction
to Bayesian statistical inference.

A further benefit to a Bayesian network model is that
we do not need to test for multicollinearity, which
required us to remove several variables from consider-
ation in the logistic regression, as structure learning spe-
cifically investigates these inter-variable correlations. As
such we are able to include Company, Farm, and Date
placed within our Bayesian network model. We also
include the 7-d bird weight, and 7-d mortality percentage
variables, alongside the 28-d measures, to serve both as
a sanity check (we would expect these 2 variables to be
linked), but also to investigate the potential of age-spe-
cific effects of weight and/or mortality on Campylobac-
ter status. This decision did however reduce the number
of available structure-learning data from 76 to 73. The
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addition of 41 flocks with low levels of missing data
meant that a total of 114 flocks were used for the param-
eter-learning stage.

To test the significance of the fit structure, structure
learning was also performed with a tabu search algo-
rithm, and by introducing random network restarts into
the hill-climbing algorithm (10, 100, and 1,000 random
restarts were all performed), all of which resulted in the
same network structure. We also performed a hill-climb-
ing structure learning algorithm using the logarithm of
the Bayesian Dirichlet equivalent score (BDE)
(Castelo and Siebes, 2000), as opposed to the BIC, a
Bayesian-based score equivalent to the Dirichlet poste-
rior density (and initialized with uniform priors).

When calculating conditional probabilities from the
completed network structure between variables, we
present results based on both a MLE and via Bayesian
inference. When calculating these values via Bayesian
inference, we assume uniform priors upon the values,
and must define an “equivalent sample size,” a parameter
representing our weighting toward our initial prior
assumptions. We choose a relatively low value of 10 in
line with the recommendations of Scutari and
Denis (2014).

All of these introduced methodologies are imple-
mented using the bnlearn package in R (Scutari, 2009),
and all code used in the model analysis is provided at
osf.io/pb62g.

Discretization

While we have displayed the many inherent strength
of Bayesian network models, one considerable weakness
is the implementation of models consisting of both dis-
crete and continuous variables. While methodologies
exist for the assessment of such “hybrid” Bayesian net-
works (Scutari and Denis, 2014), the approaches are
considerably more computationally demanding, and
require a greater amount of data to give a robust fit to a
Bayesian network. Given the comparatively smaller size
of our training data (n = 73), we instead take the com-
monly used route of discretization, whereby our continu-
ous variables are converted into discrete bins. Of the
many approaches to discretization, a wide-ranging com-
parison by Kohavi and Sahami (1996) found the best
approach to be the supervised, entropy-based minimal
description length (MDL) (Fayyad and Trani, 1993)
method, whereby each variable is discretized based upon
its informative potential on a variable of interest. This
approach was undertaken on our data, in relation to the
Campylobacter variable, using the FSelectorRcpp pack-
age in R. However, only Minimum temperature was
found to be able to discretized in such a way (foresha-
dowing our later results). As such, we instead used a
quantile binning (equal-frequency) approach, to sepa-
rate out our continuous variables into 3 bins of equal fre-
quency, and confirming against the histograms for each
variable that no obvious separation was missed. These
bin intervals are provided in Table 3. Three bins were

Table 3. Discretization intervals of continuous variables for the
Bayesian network model.

Variable Bin 1 intervals  Bin 2 intervals  Bin 3 intervals

Number placed [11.77, 22] (22, 33.5] (33.5, 34.65]
(thousand chicks)

Mean parent age [25, 31] (31, 44| (44, 58]
(wk)

7-d mortality (0.7, 1.25] (1.25,1.92] (1.92,7.26]
percentage

28-d mortality [1.98,3.18] (3.18,4.27] (4.27,9.61]
percentage

Pododermatitis 1, 48] (48, 78] (78, 95
percentage

Hock burn [0, 11] (11, 21] (21, 90|
percentage

7-d average bird [144, 171] (171, 184] (184, 213
weight (grams)

98-d average bird [1.14, 1.39] (1.39, 1.48] (1.48, 1.57]
weight (kilograms)

Minimum tempera- [1.3,4] (4,8.7] (8.7,13.8]

ture (degrees
centigrade)

chosen as opposed to 4 or greater, to ensure a suitable
degree of variable mixing within bins.

Banned Arcs

To both aid the structure learning process, and to dis-
allow erroneous network structures, we also introduce a
list of banned arcs, defining all arcs which are not to be
considered by the algorithm, based on logical reasoning.
For example, we do not allow any arcs directed toward
the Company variable, as this is clearly not affected by
any other variables. While the company that a flock
belongs to may in turn affect the mean parent bird age
for example, it is illogical to say that the mean parent
bird age could affect which company the flock is man-
aged by. Company is a variable that is predetermined
before the flock even hatches, and as such cannot be
influenced by factors that occur during the lifespan of
the flock. A full list of these banned illogical arcs is pro-
vided with all associated code in the online repository.

RESULTS
Logistic Regression

The results of the logistic regression for the minimal
adequate model are presented in Table 4, alongside a
variety of model evaluation metrics. Appendix 2 shows
the analysis of the original maximal model comprised of
all explanatory variables, and describes the reduction
steps taken to reach the minimal adequate model.

Three variables were found to be statistically signifi-
cant in relation to the Campylobacter status of a flock
via the Wald-test: Breed, Hock burn percentage, and
Minimum temperature. Note that for the minimum ade-
quate model, while Breed B flocks were found to be sta-
tistically significantly different to Breed A birds with
relation to Campylobacter incidence, the mixed breed
flocks were not found to differ from Breed A flocks. As
such, the “Breed A” and "Breed A & B" flocks were
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Table 4. Logistic regression analysis of the minimal adequate model for 84 broiler flocks using the glm function in R.

Predictor B (5/95% CI) SE B Wald-test z-score p e? (Odds ratio) (5/95% CI)
(Intercept) —1.085 (—2.163 / —0.007) 0.647 —1.677 0.0935 NA

Breed (1 =B, 0 = Other) —1.274 (—2.328 / —0.220) 0.632 —2.015 0.0439 0.280 (0.097 / 0.803)
Hock burn percentage —0.042 (—0.072 / —0.011) 0.019 —2.277 0.0228 0.959 (0.931 / 0.989)
Minimum temperature 0.418 (0.246 / 0.590) 0.103 4.056 << 0.0001 1.519 (1.279 / 1.804)
Test x P

Overall model evaluation

Likelihood ratio test' 28.742 2.54 x107¢

Goodness of fit
McFadden’s R? 0.298
Cox & Snell’s R® 0.336

Boldface indicates statistically significant P-value (P < 0.05).
!Compared against null model.

collapsed into one variable for the minimal adequate
model. Table 4 shows that flocks of Breed B birds were
found to test positive for Campylobacter with probabil-
ity 0.219 (odds ratio 0.28) compared to any other flock
breed-composition. Hock burn percentage was, unintui-
tively, found to have a negative correlation with Cam-
pylobacter colonization. Minimum temperature was very
strongly correlated, with an odds ratio showing that an
increase of 1 degree to the minimum recorded tempera-
ture corresponded with a flock being 1.519 times more
likely to test positive for Campylobacter. The general-
ized variance-inflation factors (GVIF) (Fox and Mon-
ette, 1992) of all variables in the minimal adequate
model was less than 2, and all variables of the maximal
model (Appendix 2) had a GVIF of less than 3, far less
than the commonly used threshold of 10.

Bayesian Network

Figure 2 displays the final global network structure, fit
using the hill-climbing algorithm, and with networks
scored via BIC. The strength of individual arcs (as mea-
sured by BIC) is represented by arrow-width in Figure 2.
Table 5 also explicitly provides these arc strength scores.

Mean
Parent Age

Number of
Parent Flocks

Table 5. Arc strengths of the Bayesian network shown in
Figure 2.

Parent Child Arc strength
Company Breed —13.497
Company Farm —43.608
Company Number placed —38.784
Company 7-d mortality percentage —11.506
Company Hock burn percentage —2.551
Company 7-d weight —4.134
Company Date placed —1.738
7-d mortality percentage 28-d mortality percentage —15.683
7-d weight 28-d weight —3.660
Date placed Minimum temperature —41.370
Date placed Campylobacter colonization —12.976
Minimum temperature Pododermatitis percentage —0.639

Arc strength is measured by Bayesian information criterion (BIC),
where a lower value indicates a stronger link.

Scoring potential networks by BDE instead of BIC
resulted in a very similar optimum network structure
which we present in Appendix 3. The only differences
were that, 1) Pododermatitis percentage was no longer
connected to any other node. 2) Minimum temperature
had an additional arc from itself to Campylobacter colo-
nization, suggesting that Campylobacter could also be
impacted by temperature variation throughout the

Company

Number Date Hock Burn 7-Day 7-Day
Breed || ‘piceg | Farm laced  Percentage  Mortality ~ Weight
Minimum Campylobacter 28-Day 28-Day
Temperature Coloniszien Mortality Weight
Pododermatitis
Percentage

Figure 2. Bayesian network structure showing the interrelationships between multiple welfare and rearing practice factors in a flock of broilers.
Campylobacter colonization is directly impacted by the season the flock is grown in. Structure was learned using a hill-climbing algorithm, and sam-
pled networks scored using the Bayesian information criterion (BIC). Arrow-width indicates arc strength as scored by BIC, the values of which are

given in Table 5.
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season; and finally, 3) an additional arc was introduced
from Date placed to Number placed, simply representing
a degree of correlation between the size of flocks grown
at different times of year.

Other results to be noted from Figure 2 is that neither
the number of different parent flocks that a broiler flock
was born from, nor the mean age of these parent was
found to have any correlation to any other variable.
Pododermatitis was interestingly found to be influenced
by the minimum temperature recorded during the rais-
ing of the flock. We also see that many variables are
directly influenced by the Company variable, suggesting
that many observed differences are due to, yet unob-
served, differences between management practice.

Figure 2 shows that the season (Date placed) in which
a flock is reared is the sole parent node to Campylobacter
status. This means that Date placed alone captures the
uncertainty and probabilistic distribution of whether or
not a flock is likely to test positive for Campylobacter.
This means that while data on any other variable
(except for the number and age of parent flocks) can
inform whether or not a flock is Campylobacter positive,
this data is superfluous when one has knowledge of the
Date placed. The conditional probability table for Cam-
pylobacter colonization is given in Table 6. These model
parameters can be fit either via MLE or through Bayes-
ian inference. Model parameters via both methods are
provided in Table 6. Note that one advantage of the
Bayesian inference method is that this approach can
learn parameters from data containing missing values.
Hence while the MLE parameters are fit from the 73
data points used in structure learning, the Bayesian
inference method uses 114 data points, incorporating
those that were removed from structure learning due to
missing values.

Conditional probability tables for Campylobacter
dependent on all other wvariables, assuming the
absence of data on any other variable, are provided
in Appendix 4.

Table 6. Conditional probability tables for Campylobacter colo-
nization status.

Bayesian inference

Date placed
Campylobacter colonization ~ Spring  Summer  Autumn  Winter
Negative 0.273 0.071 0.878 0.802
Positive 0.727 0.929 0.122 0.198

Maximum likelihood estimator

Date placed
Campylobacter colonization ~ Spring ~ Summer  Autumn  Winter
Negative 0.257 0.034 0.938 0.828
Positive 0.743 0.966 0.062 0.172

We present values calculated by Bayesian inference using uniform pri-
ors, and an equivalent sample size of 10. Below that we present values cal-
culated via a maximum likelihood estimator.

DISCUSSION

Here, through a combination of both logistic regres-
sion and Bayesian network analysis, we have investi-
gated the interrelationships between a selection of
welfare and rearing practice explanatory variables for
multiple commercial broiler flocks. At the inception of
this work, our hypothesis was that poor welfare indica-
tors such as low weight and hock burn, among others,
would result in an increased risk of colonization by Cam-
pylobacter due to poor health compromising the immune
response of birds in the flock (Humphrey, 2006). Social
stress (Mohamed and Hanson, 1980), heat stress
(Burkholder et al., 2008), and overcrowding stress
(Gomes et al., 2014), have all been shown to increase
susceptibility to disease in chickens by compromising
the immune response (Heckert et al., 2002;
Hirakawa et al., 2020), and in many cases have been cor-
related with increased risk of colonization with Salmo-
nella (Alhenaky et al., 2017; Gomes et al., 2014). As
such it was initially assumed that similar measures may
increase incidence of Campylobacter in broiler flocks.
While our work has revealed some level of correlation
between poor welfare metrics and Campylobacter inci-
dence (see the conditional probabilities of Appendix 4),
these relationships were not found to be statistically sig-
nificant via a logistic regression model, and our Bayesian
network model suggests that poor bird welfare, as
judged by the measures used here, is not in fact a cause
of increased Campylobacter colonization. Despite this,
our model reveals many yet-unconsidered relationships
between rearing variables, provides evidence against
multiple existing hypotheses, and highlights multiple
promising new lines of enquiry toward identifying the
source of Campylobacter colonization in commercial
poultry flocks.

Our logistic regression analysis shown in Table 4,
identified 3 statistically significant explanatory varia-
bles; Breed, Minimum temperature and Hock burn per-
centage, with P values of 0.0439, 5 x 107, and 0.0228,
respectively. Seasonal variation in Campylobacter inci-
dence has long been observed in broiler flocks
(Jorgensen et al., 2011; Louis et al., 2005), with mini-
mum,/maximum temperature and sunshine hours signifi-
cantly correlated with both the incidence and total
bacterial load found in chicken flocks (Wallace et al.,
1997). The warmer summer months see greater Cam-
pylobacter prevalence, yet despite the large body of
research confirming this phenomenon, the precise mech-
anism for this increase remains unclear. While the
growth rate of Campylobacter is found to vary in rela-
tion to temperature (Doyle and Roman, 1981), the mini-
mum temperature required for Campylobacter survival
is estimated to be around 30 degrees centigrade, some-
what precluding the impact of UK seasonal tempera-
tures. Previous studies have suggested that the seasonal
increase of flies (Hald et al., 2004, 2007), rodents
(Meerburg and Kijlstra, 2007), and wild birds
(Colles et al., 2008) as vectors of Campylobacter trans-
mission may be responsible, while seasonal patterns in
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country-wide clonal complex incidence potentially point
to  genetic adaptation to  seasonal  trends
(Jorgensen et al., 2011). Investigating this trend in
human incidence of campylobacteriosis,
Djennad et al. (2019) conducted a rigorous statistical
assessment of spatial and weather factors, concluding
that the correlation between incidence and temperature
was “likely to be indirect.” Our above results reach the
same conclusion for broiler colonization. While our logis-
tic regression shows the strong correlation between tem-
perature and Campylobacter colonization, our Bayesian
network analysis shows in Figure 2 that the 2 variables
are conditionally independent upon the date placed,
that is, the correlation is indirect.

Hock burn, the dark discoloration and ulceration of
the lower leg of birds, was also found to be statistically
significantly correlated with Campylobacter prevalence,
however, this relationship was curiously found to be neg-
atively correlated. These painful lesions are considered a
sign of poor bird welfare, usually caused by litter unsuit-
ably saturated with chicken waste (Allain et al., 2009).
As such, the suggestion that more instances of hock
burn in a flock are linked with less cases of Campylobac-
ter is surprising, considering that the bacteria are trans-
mitted via the fecal-oral route. One hypothesis is that
the presence of Campylobacter may in turn limit coloni-
zation of the flock by more pathogenic bacteria that
could more easily trigger diarrhoea within a host-bird,
thus impacting the litter quality and the resulting devel-
opment of hock burn. Alternatively this relationship
may be an artifact of how the Hock burn percentage vari-
able was defined. Namely it was recorded as the cross-
—sectional prevalence of any signs of hockburn in the
flock (Dawkins et al., 2017), as opposed to the more
detailed 5-point scale introduced by Michel et al. (2012),
which measures both the area affected and the severity
of the lesion. Our measure only captures how many birds
showed signs of hock burn, and not a measure of the
extremity of these burns. Bull et al. (2008) observed this
same effect, whereby the flock-wide presence of hock
burn was generally higher in Campylobacter negative
flocks, however, the number of birds in the flock rejected
from consumption due to extreme cases of hock burn
was positively correlated with rates of Campylobacter
colonization. Figure 2 also concludes that this correla-
tion between Campylobacter colonization and hock burn
prevalence is conditionally independent upon the man-
aging company.

An extensive study of the influence of housing, rear-
ing, and welfare on Campylobacter status in Icelandic
poultry flocks by Seman et al. (2020) found a correlation
between the amount of footpad dermatitis recorded in a
flock and the overall size of the flock (Number placed), a
relationship that our model was unable to identify. How-
ever, similar to our own study, of the many variables
considered by Seman et al. (2020), only the season and
likewise the average external temperature was found to
statistically correlate with Campylobacter prevalence.
They did however observe that almost all welfare indica-
tors scored higher in Campylobacter-positive flocks.

The Bayesian network structure displayed in Figure 2
reveals a wide variety of insight into the various interrela-
tionships of the included variables. First, we see that the
number of parent flocks a broiler flock is sourced from,
and the mean age of these parent flocks, had no meaning-
ful impact on association with any other variable. The fea-
sibility of vertical transmission of Campylobacter from
parent to broiler flock is still discussed in the literature,
and the inclusion of this variable was based upon the
hypothesis that a greater number of parent flocks may
challenge a broiler flock with a greater genotypic variety
of Campylobacter isolates (Petersen et al., 2001). Parent
age has also been shown to influence egg weight and
embryo weight of chicks (Shanawany, 1984). Given the
potential importance of maternal antibodies in sup-
pressing Campylobacter in the first few weeks of age
(Rawson et al., 2019), parent age could potentially
impact the likelihood of Campylobacter colonization.
Our results however indicate that factors relating to
the parent flock have no effect on any of the metrics
considered in this study.

The logistic regression analysis of the minimum ade-
quate model found statistical significance in the relation-
ship between Breed and Campylobacter colonization,
where flocks of Breed A birds were more frequently
observed to become colonized than Breed B birds.
Caffrey et al. (2021) recently identified a correlation
between breed and Campylobacter, with flocks com-
prised of Cobb birds, or a mixture of Cobb and Ross
birds 4.75 times more likely to test positive for fluoro-
quinolone resistant Campylobacter jejuni than flocks
comprised of just Ross birds. Further to this, Cobb birds
have been found to be more frequently colonized by
Campylobacter than Hubbard birds by
Babacan et al. (2020), however, they were unable to sep-
arate this association from other rearing factors such as
age-of-slaughter. Our Bayesian network analysis, similar
to the hock burn conclusions, was unable to detect any
direct arc of causation between Breed and Campylobac-
ter colonization, suggesting that the breed of chicken is
indicative of the company managing the flock, and not
necessarily an indicator of a breed-specific susceptibility.
Host-bird genetics have however previously been shown
to cause differences in host-resistance to Campylobacter
challenge (Connell et al., 2013; Li et al., 2008;
Stern et al., 1990), with such resistances shown to be
inheritable under experimental conditions (Boyd et al.,
2005). Conventional fast-growing broiler lines, while
demonstrating superior feed conversion ratios, have
been shown by Abeyesinghe et al. (2021) to display
poorer health outcomes regarding pododermatitis,
feather coverage, mortality, and gait. Likewise, fast-
growing genetic lines have also been noted to demon-
strate less “positive welfare” behaviors such as play and
ground-scratching among others (Rayner et al., 2020).
Further linking breed and welfare measures,
Humphrey et al. (2014) found that faster-growing breeds
of broiler showed evidence of prolonged inflammation in
the intestines in response to Campylobacter jejuni, sug-
gesting that the impact of breed is yet a plausible route
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of further study. Allain et al. (2009) and
Martins et al. (2016) both observed that bird genotype
was closely correlated with severity of footpad dermati-
tis, and while such a direct link was not observed in our
Figure 2 network, we were able to identify an arc from
Breed to Pododermatitis percentage if we relaxed our
data assumptions. Above we described a data cleaning
step whereby flocks that tested negative for Campylo-
bacter on d 21 and 28, but were not measured on d 35,
were not considered within the study. If the assumption
was made that such flocks were Campylobacter-negative,
this allowed us to add 8 further flocks to our structure
learning stage, resulting in the arc between Minimum
temperature and Pododermatitis percentage being
replaced by an arc from Breed to Pododermatitis per-
centage.

The primary conclusion of our work, as shown in
Figure 2, was that our network of variables was closely
related by yet-unobserved factors concealed within the
Company variable. Company was found to be a parent
variable to 7 factors; Breed, Farm, Number placed, Date
placed, 7-d mortality, Hock burn percentage, and 7-d
weight. This indicates that these seven factors signifi-
cantly vary, due to which of the 2 companies considered
within this study they are managed by. This suggests
that choices made within the complex decision network
relating to the rearing of these flocks, encompassing fac-
tors such as diet, water provision, housing, thinning pro-
tocols, cleaning regimens, antibiotic usage, and stocking
density among others (Sibanda et al., 2018), will have
the significant potential to both decrease incidence of
Campylobacter and may simultaneously improve the
welfare of the flock. While disappointing to not ascertain
the primary root cause of increased Campylobacter prev-
alence from within our considered set of variables, the
work has revealed a key network of dependencies within
commonly recorded and studied metrics. While far from
the first study to examine the contributions of multiple
health factors toward Campylobacter colonization
(Babacan et al., 2020; Frosth et al., 2020;
Humphery et al., 1993; Rushton et al., 2009;
Seman et al., 2020), our work is the first, to our knowl-
edge, to utilize the powerful methodologies underlying
Bayesian network analysis in studying the spread of
Campylobacter. Such approaches, in combination with
more traditional logistic regression analyses, greatly
increase the descriptive power of gathered datasets, and
it is our hope that this work will help expedite their
adoption throughout the field of Campylobacter risk
management. Bayesian networks have had some early
success already in specifically implicating welfare meas-
ures with specific housing variables (Comin et al., 2019),
we now further our attempts to identify the variables
that exacerbate the spread of Campylobacter.

This study illustrates the need to investigate, more
thoroughly, management decisions in the broiler indus-
try, so as to reduce Campylobacter incidence while
improving bird health and welfare, to provide the con-
sumer with a better product whilst reducing the impact
of campylobacteriosis on human health.
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