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University College Dublin, Dublin, Ireland, ®*Centre for Veterinary Epidemiology and Risk Analysis, School
of Veterinary Medicine, University College Dublin, Belfield, Dublin, Ireland, °Ruminant Animal Health
Division, Department of Agriculture, Food and the Marine, Dublin, Ireland

Bovine tuberculosis (bTB), caused by Mycobacterium bovis, is one of the most
challenging and persistent health issues in many countries worldwide. In several
countries, bTB control is complicated due to the presence of wildlife reservoirs
of infection, i.e. European badger (Meles meles) in Ireland and the UK, which can
transmit infection to cattle. However, a quantitative understanding of the role of
cattle and badgers in bTB transmission is elusive, especially where there is spatial
variation in relative density between badgers and cattle. Moreover, as these two
species have infrequent direct contact, environmental transmission is likely to play
a role, but the quantitative importance of the environment has not been assessed.
Therefore, the objective of this study is to better understand bTB transmission
between cattle and badgers via the environment in a spatially explicit context
and to identify high-risk areas. We developed an environmental transmission
model that incorporates both within-herd/territory transmission and between-
species transmission, with the latter facilitated by badger territories overlapping
with herd areas. Model parameters such as transmission rate parameters and
the decay rate parameter of M. bovis were estimated by maximum likelihood
estimation using infection data from badgers and cattle collected during a 4-
year badger vaccination trial. Our estimation showed that the environment can
play an important role in the transmission of bTB, with a half-life of M. bovis in
the environment of around 177 days. Based on the estimated transmission rate
parameters, we calculate the basic reproduction ratio (R) within a herd, which
reveals how relative badger density dictates transmission. In addition, we simulated
transmission in each small local area to generate a first between-herd R map that
identifies high-risk areas.

KEYWORDS

bovine tuberculosis, environmental transmission, domestic wildlife interface, R map,
next-generation matrix method
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1. Introduction

Bovine tuberculosis (bTB) is one of the most complicated,
persistent, and expensive health issues globally. While its primary
impact is on bovines, it can infect many other mammals, including
humans and wildlife animals (1). bTB is very persistent in livestock
globally due to the involvement of several wildlife species in bTB
transmission. Notable examples include badgers in the UK and
Ireland, brushtail possums in New Zealand, wild boars in Spain
(2), red deer in Austria (3), and African buffalo in South Africa
(4). Although pasteurization of milk can reduce human infection,
Mycobacterium bovis is estimated to cause ~10% of total human
TB cases in developing countries (5, 6). The impact of bTB extends
beyond public health with substantial economic consequences,
costing approximately US$3 billion globally (7). In the Republic of
Ireland (bTB) alone, more than 15,000 cattle have been removed
annually over the last decade. In 2020, the total programme
expenditure cost was €97 million and is rising year-on-year (8).

The Irish national bTB eradication programme is underpinned
by a test-and-removal strategy, leading to the slaughter of all cattle
that are positive to the single intradermal comparative tuberculin
test (SICTT), performed at least annually in each Irish herd (9).
This strategy has been successful in eradicating bTB in some
countries, such as Australia and some northern European countries
(10). In Ireland, however, progress has stalled in the national
eradication programme (11, 12), at least in part due to the presence
of other reservoirs of infection, including badgers (Meles meles;
13). Badger vaccination has proven effective at reducing badger
susceptibility, both in pen and field studies (13-15), and a badger
vaccination programme is now being progressively incorporated
into a national programme (16, 17).

A number of different approaches have been used in recent
studies to investigate the role of badgers in bTB transmission
and persistence. In Republic of Ireland (ROI), badger culling
trials resulted in a significant decrease in cattle incidence in areas
of badger culling compared to reference areas (13, 18, 19). In
Britain, the Randomized Badger Cull Trial (RBCT) found evidence
for decreased risk of bTB breakdown in proactive cull areas;
however, post-hoc analysis suggested that a transitory increased
risk to neighboring areas could occur (20). Using a case-control
design, badger relative abundance in the vicinity of cattle herds
was identified as an important risk factor for bTB herd breakdown
risk in Britain (21) and Ireland (22). In addition, studies of road-
killed badgers found strong evidence that badgers and cattle are
colonized by the same M. bovis strain in the same area (23, 24).
Most recently, genomic epidemiology has been used to understand
transmission direction between species, generally suggesting that
within-species transmission is more common than between-species
transmission in study areas (25-28). The relative importance of
cattle and badgers appears to be context specific (26, 28-30).
Although these studies provide important insight that badger bTB
is associated with cattle bTB, a quantitative understanding of how
relative badger density impacts bTB transmission in this cattle and
badger episystem is still lacking.

The main transmission routes of bTB are believed to be
droplets, aerosols, and fecal to oral transmission (31). These three
transmission mechanisms are intrinsically similar, involving an
environmental vehicle such as droplets, aerosols, feces, urine,
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etc. M. bovis-laden droplets and aerosols may also settle onto
pastures and contribute to the subsequent environment for oral
transmission. The distinction between these transmission routes
lies in the duration between the shedding moment and the
time point of inhaling or ingesting M. bovis. Buddle et al.
(32) have proposed a role for environmental transmission as an
explanation for the variable efficacy observed in an overview of
vaccine trials for the control of tuberculosis in cattle, wildlife, and
humans. Mycobacterium tuberculosis complex (MTBC) has been
demonstrated to be present at the wildlife—environment-livestock
interface in Spain (33) and Italy (34), and more specifically, M. bovis
has been detected in badger feces in the UK (35) and experimentally
infected cattle (36). In recent global positioning system (GPS)
studies, badgers barely have direct contact with cattle, suggesting
that environmental transmission may indeed play an important
role in bTB transmission (37, 38). However, to this point, the
quantitative importance of bTB transmission via the environment
has barely been considered (39).

Therefore, this study aims to gain a better understanding of
the quantitative role of badgers and cattle in TB transmission via
environmental transmission and quantify the impact of relative
badger density on bTB transmission in a spatial context. With this
information, we can identify high-risk areas for transmission where
bTB might sustain locally and assess whether badger vaccination
along with the test-and-removal strategy is sufficient to control
transmission in different areas.

2. Materials and methods

In this study, we aim to understand the local transmission of
bTB in a cattle and badger system. To this end, we develop an
environmental transmission model that incorporates both within-
herd/territory transmission and between-species transmission.

In Section 2.1, we present the structure of an environmental
transmission model for the cattle and badger system. The model
parameterisation, which is partially drawn from existing literature,
is described in Section 2.2, and the estimation of transmission and
decay rate parameters from time-series infection data is presented
in Section 2.3. The infection data used in the estimation are
explained in Section 2.4. With the estimated parameters, we use
the next-generation matrix (NGM) method to calculate the basic
reproduction ratio for the within-herd transmission and investigate
the impact of the relative badger density on the within-herd
R (Section 2.5.1). Furthermore, we use simulation to generate
between-herd R maps (Section 2.5.2).

2.1. Model description

We developed a stochastic compartmental model with
environmental transmission for a cattle and badger system. In this
system, a herd of cattle and a social group of badgers refer to the
animals of interest, whereas a farm and a badger territory each refer
to a spatial unit. A farm is a spatial location for a herd, with all
cattle in the herd registered to the same herd identifier. In Ireland,
a farm can consist of several fragments of land that can be spatially
dispersed, and we assume that cattle spend time on each fragment
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proportionally to its area. A badger territory is an area where a
social group of badgers primarily resides, which usually contains
a main sett and several outlier setts. The model incorporates a
geographic overlay of these two spatial units, where the between-
species transmission and the spatial spread are assumed to occur.

2.1.1. A completely shared area with one farm and
one badger sett territory

To explain this environmental transmission model, we first
look at a conceptual spatial structure in a small local area where
one farm and one badger territory are completely overlapping
(Figure 1). In this local area, individual badgers from one social
group and individual cattle from one herd share the same
environment (light blue circle in Figure 1). Cattle, unvaccinated
badgers, and vaccinated badgers are the three types of animals in
the model, abbreviated as ¢, ub, and vb in subscripts. Vaccinated
and unvaccinated badgers can exist in the same area because of the
ongoing vaccination programme, and they are assumed to differ
in terms of susceptibility but not infectivity (15). All individual
animals are classified into three compartments: susceptible (S),
latent (O), and infectious (I). Susceptible individuals can get
infected by the same species or another species at a certain
transmission rate after being exposed to M. bovis. When infection
becomes established, animals can become infectious, although the
length of the latent period is controversial. Infectious animals can
shed M. bovis into the environment of their spatial units. We
assume that M. bovis in the environment (denoted as E., Ej) are
distributed evenly in the farm and the badger territory, which is the
same area in this example (light blue circle in Figure 1). Since the
vaccination is assumed not to reduce badgers infectivity (15), the
amount of M. bovis shed by infectious badgers is represented by
compartment Ey, regardless of whether the infectious badgers are
vaccinated or unvaccinated.

The transmission rate from cattle to cattle is ﬁf:fsfl%' The B
represents the cattle transmission rate parameter per contact with
one unit of E, per day. Here, we use cattle number N, to represent
the area size, hence for each susceptible bovine, the probability that
the contact with E. is made is equal to 1}\% The same rules apply
to all the other transmission rates. For example, the transmission
rate from badger to cattle is ﬁb)csc% in which the probability that
the contact with Ej, is made for each susceptible badger is f]—i . We
use one denominator in both cattle and badgers to have a unified
representation of the area in this two-host system. In transmission
rate parameter f,, and By, ,p,, we do not distinguish whether the
infection source badger is vaccinated or unvaccinated (the first b of
the subscript) because the vaccination is assumed not to reduce the
infectivity, and environmental contamination from the vaccinated
or unvaccinated badgers is not distinguished in Ey,.

Infected animals (O compartment) can develop further into
infectious state (I compartment) at a rate of A.I. and Aplp.
Infectious animals are removed at a rate of « I, and «}l, caused
by cattle test-and-removal and by bTB-induced badger death,
respectively. We assume the background death rate parameters are
equal to the birth rate of animals (e, o) and that all newborn
animals are susceptible.

Infectious animals can shed M. bovis into the environment,
where it subsequently decays. The shedding and decay of M. bovis
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are modeled deterministically as follows:

dE

Tct(l) = @ley — HEq) (1)
BBoG) 4 ol — wE @)
at = @lup() T Plub) — KEb()

where i, j denote the index for farm and badger territories,
respectively. We assume that the decay of M. bovis has the same
decay rate parameter p despite the different infection source
and strains (uE; for cattle and nE, for badgers). The shedding
rate parameter ¢ is scaled as a function of the decay rate
(ﬁ) (40). The reason for this scaling is that the
shedding rate parameter ¢ and the transmission rate parameter

parameter

B are structurally not jointly identifiable from infection data
(41). Therefore, we choose to fix the shedding rate parameters
and estimate the different transmission rate parameters from
infection data (more details in Egs. 5, 6). With the standardization
(o = ﬁ;_‘_#), the transmission rate parameters represent
the transmission rate from one typical infectious individual to
a susceptible individual during one interval starting in a clean
environment (40).

2.1.2. Many farms and many badger territories
that partially overlap

We then consider the spatial structure of badger territories
and farms in the full model. Badger territories can overlap with
several farms; hence, badgers act as vectors that facilitate between-
herd transmission. Similarly, herds can overlap with several badger
territories and facilitate transmission between different badger
social groups (Figure 2). To account for the spatial structure in
the model, the exposure from the other species is weighted by
the ratio of (the total area of overlap between farms and badger
territories) and (the total area of farms or badger territories). The
denominator in the transmission rate for badgers is also adjusted
with the weighted cattle number as a representation of the badger
territory area. The ordinary differential equation version of the
transmission is presented in Egs. 3, 4.

A
dO) Eqi) i1k Pog 15
= BeeSei)y—— + Bu.eSe(i) ———— — 203
dt IBC)C c(i) Nc(i) IBb,c c(i) Nc(i) c c(zﬂ )
dOy: Ep:
7(1) = VC | BowSu(j) 2 i)
i=1.m Ne() 2,
A
Zi:l,..m Eciy %Z,-))
+BebSup(j) = < Ay
i=1.m *Ve() AF;
Epi
+(1 = VO | BrubSun(j) 0 A
. N (if)
i=1.m *¥¢(D) AF;
A
Zi:l,..m Eciy A;-"f,-))
HBewSun() 7, | ~ MO0 (4)

(
i=1.m NC(i) AF ;)

Farms and badger territories are the two spatial units in the
model where i, j denote the index for farm and badger territories,
respectively. A(;;) denotes the total area of overlap between farm
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FIGURE 1

A conceptual diagram of within-herd/territory transmission in a completely shared area with one farm and one badger sett territory.

A
i and territory j. %’3} represents the proportion of farm i that

Aij)
AT

overlaps with territory j. Similarly, is the proportion of

territory j that overlaps with farm i.

Cattle on farm i can get infected by M. bovis on the
farm excreted by cattle (E.;) at rate ﬁf,csf(l')%
by badgers whose territories overlap with the farm i at rate

Zj:l..k Ep(j) %
ﬁb,csc(i)T’
overlap with farm i, so the contribution from these territories (j =

or excreted

. Multiple badger territories (j = 1..k) can

1..k) are summed. For each territory j, only the part of the territory
that is located inside farm i can pose a threat on infecting cattle;
hence, each Ej; is adjusted to Eyj) ﬁ(j’il) .

Similarly, badgers can get infected by badgers in their

own territory j or by cattle in farms that overlap with j. As
mentioned in Section 2.1.1, we use a unified representation of
the area, namely the number of cattle in that area. Therefore,
the area of badger territory is represented by the weighted

A
number of cattle as ), ; . Nc(,-)ﬁ’(’?), as territory j overlaps
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with different farms (i 1.m). A proportion of the

badgers are vaccinated, denoted as VC (vaccination coverage).
Vaccinated badgers are assumed to have reduced susceptibility
but the same infectivity as the unvaccinated badgers. Therefore,

transmission from infectious badgers to vaccinated badgers

E, .
is modeled as (VC)ﬁhvhSVb(j)bi(J)A”

? NeGy (if)
(i) AF
from infectious badgers to unvaccinated badgers as (1 —

Ey(;

VC) Bo,ubSub() 0 e
i=L.m Ne() AF Gy
only part of farm i is located inside the badger territory j, so

Ej) is adjusted with EC(,-)IZ(IZ':. Therefore, the cattle-to-badger

it Ee) j%

Nc(i)j%))
Zit, . ety i%
i=t.m Ne(i Zfr'(],))

and transmission

i=l.m

. For cattle-to-badger transmission,

transmission rate is denoted as (VC)/SC,VbSVbO) for

i=1.m

vaccinated badgers and (1 — VC)BeupS,u(j) for

unvaccinated badgers.
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i [ Farms
© Badger territory

FIGURE 2

farm boundaries.

An example of the spatial structure of farms and badger territories. The blue map represents badger territories, and the red irregular shapes delineate

2.2. Model parameterisation

There are 14 parameters in this model. Six model parameters
were estimated from the literature (Table 1). The details on the
explanation and references for those parameters can be found
in Supplementary Table 1. In addition, the transmission rate and
decay rate parameters of M. bovis in the environment are estimated
by fitting time-series infection data into a dose-response function
(Section 2.3).

2.3. Statistical analysis

We estimate transmission rate and decay rate parameters by
fitting time-series infection data into the model. The core of this
method is to relate exposure to hazards and the hazards to the
infection probability (40). We first reconstruct the exposure in
this two-host environmental transmission model (Section 2.3.1)
and then fit the cattle and badger infection data and exposure to
the statistical model to estimate transmission rate and decay rate
parameters (Section 2.3.2).

2.3.1. Reconstruction of exposure

From Eq. 1, we derive the environmental contamination (E(t))
as a function of time and the number of infectious individuals (Eq.
5). The exposure to the environmental contamination during one
time interval is the integral of E(t) as fol E (t|I, Ep) (Eq. 4).

1—"p s
E (t|l;, E)) = —————1, + ""E 5
(t11, Eo) T 0 (5)
1 1——H
/E(tUz,Eo) = + —E (6)
0 12

Here, Ey denotes the environmental contamination of at the
start of an interval and I; denotes the number of infectious
individuals (cattle or badgers) during this interval. These equations
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TABLE 1 Model parameters.

Parameter Description Value

Bec Transmission rate parameter from Estimated
cattle to cattle

Bbye Transmission rate parameter from Estimated
badges to cattle

Boub % Transmission rate parameter from Estimated
badger to unvaccinated badger

Beub % Transmission rate parameter from Estimated
cattle to unvaccinated badger

Bowb %’: Transmission rate parameter from Estimated
badger to vaccinated badger

Bewb IXTT Transmission rate parameter from Estimated
cattle to vaccinated badger

[ The shedding rate parameter of M. Standardized
bovis

o M. bovis decay rate parameter Estimated

i Infectious period for cattle 101 days

7111 Infectious period for badgers 365 days

i Latent period for cattle 1.8 days

i Latent period for badgers 90 days

o The cattle background death rate 9.13e-4 day~!

ap The badger natural death rate 7.52e-4 day™!

were used to construct E; and Ej, and exposure by integrating each
farm and territory.

2.3.2. Likelihood function

The number of new cases over each observation time
interval (z, 7 + A) follows a binomial distribution with a binomial
total susceptible individual number at each time interval. The
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probability used in the binomial distribution is the probability of
getting infected. From Egs. 3, 4, the probability of getting infected
can be derived for cattle and badgers, respectively, as follows:

T+A
S By (tiye By (0))dt
Ny
A
itk U B Wl Bugy ()" 7750
b,
‘ Ny
S5 By (Wl gyo0 By (©)dt
A
it Net) 1
A
Yt U5 Bey Uiy ey (0))* 762 )dt)
Ag) b®
2i=1.m Net) 775
A
ST By Wy oy ()t
A
Yt Net) 2
Agi
dicim (f,HA (Ec(i)(tllc(i)r,Ec(i)(f))*ﬁg)dt))

Ao
(1)
> i=1.m Neti in)

P.=1- ei(ﬂc,c

Py =1—¢ (Boup

+:3::,ub

Py =1—¢e (Bpw

+/3c,vb (9)

where Ieyc, Ly(j)c> and Iy, represent the I at farm I, I, and
Ip at territory j at the beginning of (,7+). L()r> Lup()r> and
Ip(j)r are integers and change discretely in jumps of 1. E;(t)
and Ej(j)(7) represent E(;) and Eyj) at time 7. E (;)(t) and Ey;(t)
change continuously.

The likelihood as a function of transmission rate parameters
and decay rate parameters is given by:

L (9) — l_[ (P)msesx (1 _ P)(Sxfcasesx) (10)

where P represents either P, Py, or Py, from Egs. 7-9.

2.4. Data

The infection data and geographic data for cattle and badgers
are extracted to quantify parameters as described in Section 2.3.
The new cases in each observation interval are used to calculate
the probability of infection in each interval in Eqs. 7-9 and the
prevalence at the beginning of each observation time interval in
each spatial unit is used to reconstruct the exposure as described
in Section 2.3.

2.4.1. Badger data

The badger vaccination trial ran from 2009 to 2013 in the
Kilkenny area (42). A 750 km? study area was divided into three
zones (A, B, and C) from north to south. Badger setts were
identified and their locations recorded. Badgers were captured
using cages or restraints. Blood samples were collected at each
capture and tested using enzyme-linked immunosorbent assay
(ELISA; (43)). Captured badgers were assigned to the sett closest to
where they were trapped, with most captures taking place directly
outside sett entrances. All the captured badgers in Zone A and 50%
of the captured badgers in Zone B received a placebo. Half of the
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captured badgers in Zone B and all the captured badgers in Zone C
received oral BCG vaccine (Danish strain 1331, at dose 10% cfu).

Details of the badger infection dataset from the vaccination
trial and the location of badger territories were described elsewhere
(15, 44). In total, there were 1759 trapping records. Each record
contains the information from the trapping of a single badger:
badger ID, sett ID, infection status, date of examination, vaccine
status, date of vaccination, vaccine code, etc. From all the trapping
records, we extracted 440 pairs of trapping records from badgers
that were captured more than once. Each pair of capture records
consists of two examination results, namely the serology status at
the beginning and the end of the interval, with the infectious status
being negative at the beginning. Each pair of capture records has
an outcome of 0 or 1 infection, which can be used to calculate the
probability of infection during an interval, namely P,;, and P, in
Eqgs. 7-9.

In addition, the number of infectious badgers in each territory
j at the time x (,(;),) is needed on the right side of Eqs. 7-9.
We calculated Ij,(j), by multiplying the badger bTB prevalence
by the number of badgers per territory. The number of badgers
per territory was calculated using the minimum number alive.
Badger prevalence was calculated from 1759 trapping results. The
spatial and temporal resolution in the model is at territory and
day levels, while the data are limited compared to the resolution
in this model. Therefore, we fitted badger bTB prevalence at the
territory level at different time points with several generalized
additive models (GAMs) and then used the best-fitting GAM
to predict the badger bTB prevalence for each day in each
territory (see details about the GAMs in Supplementary Table 3). In
addition, a sensitivity analysis was conducted to assess the impact of
uncertainty in badger prevalence on the parameter estimation (see
Supplementary Table 4).

2.4.2. Cattle data

Cattle data were extracted from the Animal Health Computer
System (AHCS) dataset and the Land Parcel Identification System
(LPIS) of the Irish Government’s Department of Agriculture, Food
and the Marine (DAFM). The AHCS dataset comprises bTB test
records on more than 98% of herds, including single intradermal
comparative tuberculin test (SICTT), interferon-gamma array,
ELISA test, and slaughterhouse inspection results. Herds are tested
by the SICTT at least once a year. In this study, the sensitivity of
tests was assumed to be 100%. Positive cattle are removed within
2-4 weeks of testing by staff from DAFM. In the AHCS dataset,
each record consists of the number of cattle tested, the date of the
test, the type of the test, the number of positive cattle, the number
of inconclusive cattle, etc. When there are inconclusive tests in
the herd, field veterinarians re-test the cattle or the herd within 3
months. From 2009 to 2013, there were 6787 test records from 1335
herds in this badger vaccination trial area. In all these events, 696
records from 390 herds were positive. In each data line, the number
of new cases in a herd during an interval is the P, in Eq. (7). The
number of infected animals at the start of the interval time x (I.(;);)
is used to construct the exposure (right side of Eq. 7).

The LPIS dataset delineates the land parcels making up each
farm. Many Irish farms consist of several land fragments (45-47).
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For historic and topological reasons, the extent of fragmentation
varies within Ireland. In the region of this study, approximately
20% of farms are single-fragment farms. The remaining 80% of
farms have an average of five fragments, with a mean distance
between same-farm fragments of 3.3 km. The movement within a
herd but amongst different fragments was not recorded. Therefore,
we assume that the time cattle spend on each fragment is
proportional to the area of the fragment.

2.5. Basic reproduction ratio

2.5.1. Within-herd R

The next-generation matrix (NGM) is a commonly used
method to derive the basic reproduction ratio for a compartmental
model (48). With the estimated transmission and decay rate
parameters, we can calculate the basic reproduction ratio
for this cattle badger system in a theoretical local area as:

Rec: Ry, where
N, Ny, |»
Rep 5P Rop iF

R — Beclt Ac 1
o (=14+e "+ pu) (o + ) ae+ ye
R, . — Bectt Ac 1
YT (FTd et ) (et A ap + v
A 1
Rc,b _ VC* .Bc,vb,u b
(—1 + e 1+ ;,L) (ap + Ap) ¢ + Y
A 1
+ (1 _ VC)* IBC,ub//v b
(—1 +e M 4 ;L) (ap + Ap) ac+ vc
A 1
Rb,b - vC* ,Bh,vbl'L b
(=14 e+ ) (ap +rp) @p + v
A 1
+ - VO Boub it b

(=14 e+ p) (ap+rp) ap+vp

% represents the relative badger density compared to cattle in
a local area. We used this term rather than the term relative
abundance because in our model, N, is a proxy of the area under
consideration, with the implicit assumption that cattle density
is spatially uniform. Thus, the relative badger density cannot
be reduced by simply increasing the number of cattle, as such
an increase would mean an enlargement of the land area. VC
represents the vaccination coverage, and (1 - VC) represents the
proportion of unvaccinated badgers. We use VC = 0% and 100%
to calculate the partial reproduction ratio in unvaccinated and
fully vaccinated areas. The largest eigenvalue of this matrix is the
basic reproduction ratio within this local area, which is derived

as follows:

R=1(R. + R
—2 ¢,c b,bNC

1 N 2 Ny, Ny
+ 2\/(Rc,c + Rb,bﬁc) - 4(Rc,cRb,bﬁc - Rc,bRb,cﬁ)

c

(11)

R represents the average number of new infections per case within
this isolated local area, such as a farm with a badger territory lying
completely inside the farm.
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However, in reality, badgers’ territories connect multiple local
areas. Badgers act as vectors in the sense that they get infected by
one herd and transmit infection to cattle in other herds. When an
infectious bovine is introduced to a herd or an infectious badger
comes into contact with a herd, there is a risk that infection will be
spread to neighboring herds by badgers. To control bTB spread, we
need to evaluate both within- and between-herd transmission.

2.5.2. Between-herd R

The average number of neighboring herds infected by a single
newly infected farm is denoted by the between-herd R. To calculate
the between-herd R, a stochastic metapopulation model for each
herd and its neighboring herds was developed with the same
model structure as described in Figure 1 using the SimInf package
in R (49). All the infection and vital dynamic processes are
modeled stochastically using the Gillespie Algorithm, while M.
bovis dynamic shedding and decay in the environment are modeled
deterministically in Egs. 1, 2. The spatial structure was accounted
for according to Eqgs. 3-4. In the Kilkenny area, there are a total of
1335 herds. For each herd, we simulated the transmission between
the herd itself, the connected badger territories, and the herds that
are directly connected (i.e. those that share a connected badger
territory with the initial herd). In total, 1335 different spatial
configurations were simulated, each with 200 repetitions.

Parameter estimations obtained in the analyses in Sections
2.2 and 2.3 were used in this simulation. In the initial state, one
infectious bovine is introduced to a herd. Badgers are considered
fully susceptible, and there is no contamination in the environment.
The resulting distribution for the number of infected neighboring
herds represents the between-herd R distribution. The average
number of infected herds is the between-herd R.

3. Results

3.1. Parameter estimations

The decay rate parameter is estimated as 0.0039 day~! with
CI (0.0036, 0.0041), which means the half-life of M. bovis is 178
days, ranging from 169 to 192 days. Transmission rate parameters
are estimated with a unit of per day for one infectious individual
(Table 2). In addition, our parameter estimation is robust across
the varying assumptions used to calculate badger prevalence
(Supplementary Table 4).

We transform B to a yearly rate per infected individual
((—1&75*%-9-,”*365) for comparison with other transmission models
that use direct contact assumptions. One infectious bovine can
infect on average 1.97 cattle per year in a fully susceptible herd with
CI (1.82, 1.97). This estimation is slightly lower than estimations in
New Zealand, the Netherlands, and Argentina, ranging from 2.2 to
5.2 per year (50-53).

The transmission rate parameter for badgers (Bp.vi> Bevbs Bb,ubs
and B,p) need to be interpreted with a multiplication of the local
relative badger density (see NGM in Section 2.5), hence they cannot
be directly compared with transmission rate parameters for cattle

(Bee» Bu,e)- For example, in an area with % = 0.01, an infectious
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TABLE 2 Parameter estimation.

10.3389/fvets.2023.1233173

Parameter Estimation (per Transformed value (per

day per E unit) individual per year)
Bec 1.01e-5 (9.7e-6, 1.07¢-5) 1.89 (1.82,1.97)
Boc 3.977e-6 (3.78e-6, 4.19¢-6) 0.756 (0.71,0.78)
Bowb 5.14e-5 3¢ (3.34e-5,7.28e-5) {* 9.63 3 (6.26,13.64) 3
Bews N 443e-4 §t (2.64¢-4,6.62¢-4) {- 8295 §t (49.62,124.07) ¢
ﬂb,ub% 9.19¢-5 % (6.44e-5, 1.23¢-4) % 17.22 % (12.09,23.21) %
,sc,ub% 5.07e-4 % (2.98¢-4, 7.62e-4) % 95.13 % (55.83, 142.87) %

bovine can infect on average 0.95 unvaccinated badgers per year
with CI (0.56, 1.42).

3.2. Within-herd R

In an isolated farm that does not connect to other farms, the
within-herd R can be derived based on the methods presented
in Section 2.5.1. When badgers are unvaccinated, the NGM for

0.49,0.59
22.115F,14.04 3¢
badger density in the farm. When badgers are vaccinated, the NGM

0.49,0.59
* | 20,0288, 8220

on this isolated farm, it will infect 0.49 cattle on average during

this farm is |: :|, where % represents the relative

i . When an infectious bovine is introduced

its infectious period. In comparison, when an infectious badger
is introduced, it will infect, on average, 0.59 cattle. The shorter
infectious period of cattle than badgers leads to a smaller R, than
Ry.. However, a relaxation of the test-and-removal strategy will lead
to a longer cattle infectious period and thus increase R,..

The number of infected badgers in this system depends on
the relative badger density (%). In addition, the impact of badger

vaccination on within-herd R depends on the ?\,ﬁ For example, in
a herd with 100 cattle and three unvaccinated badgers, the within-
herd R for this local area is 1.08. If all badgers are vaccinated in
this local area, the within-herd R is 0.97 (Figure 3). For example,
to control R <1 within an isolated area that accommodates
100 cattle, the relative badger density should be less than 2.5
unvaccinated badgers or 3.2 vaccinated badgers. As the relative
badger density and the system R are highly correlated (with a
correlation coefficient of 0.999), we fit them into a linear regression.
In estimated linear relationships, R increases by 0.134 when the
Ny

Ne
being vaccinated, this increase in R per 0.01 %—’E’ is reduced to 0.084.

increases by 0.01 in an unvaccinated area. With all the badgers

3.3. Between-herd R

In real life, herds are not isolated but connected with each other
by badger territories. Even if each isolated area has an R below 1,
bTB might still spread from one local area to another. Therefore,
we used simulations to calculate the average number of herds that
get infected if an infectious bovine is introduced or tested positive
in an index herd.
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In between-herd R maps (Figure4), herds in yellow are
expected to spread bTB to fewer than 1 neighboring herd, while
herds in orange and red are expected to spread to more than 1
neighboring herd. Red areas are mostly clustered on the north and
east sides of the study area due to the higher density of badgers.
Some sporadic red dots lie in the yellow area because of the farm
fragmentation, where high R herds have some land parcels in
the low R herd clusters. By comparing the two maps, vaccination
reduces the average between-herd R from 1.21 to 0.85. It is worth
noting that the average between-herd R is being used to allow a
quantitative comparison between maps but does not infer the bTB
persistence in a whole area. Despite a 10% decrease in herds with R
> 1, there are still 30% of herds that can transmit bTB to more than
1 herd with the badger vaccination (Figure 4).

4. Discussion

The quantification of bTB transmission between wildlife
and cattle is critical for efforts to eradicate bTB. In Ireland
and the UK, recent studies have provided evidence that
badgers are involved in maintaining bTB transmission; however,
a quantitative understanding of how relative badger density
influences transmission in this cattle and badger episystem has
so far been lacking. To address this gap, this study quantifies the
role of badgers, cattle, and the environment in bTB transmission
and disentangles how relative badger density may contribute to
the spatial heterogeneity in bTB transmission. To achieve this
objective, we developed a novel environmental transmission model
that incorporates both within-herd/badger territory transmission
and between-species transmission. This approach is guided by the
overlap of badger territories with cattle herds.

In this two-host transmission system, the partial reproduction
ratio Ry, is higher than R.. This is because badgers likely remain
infectious for a longer period than cattle, given the test and removal
policy in cattle in place. Therefore, any relaxation of the test-and-
removal policy can lead to higher R.. The partial reproduction
ratios RC,(u/v)b% and Rb,(u/v)h%_l: depend on the local relative
badger density (?\,—7‘;). As a result, we quantified the relationship
between local relative badger density and the R for the system.
In unvaccinated areas, within-herd R increases by 0.134 for every
0.01 increase in the II\\;—‘C’ This increase is reduced to 0.084 per 0.01

. Y .
increase in 3 when badgers are vaccinated.
c
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FIGURE 3

Within-herd R in an isolated herd with different relative badger densities (Nb/Nc). The pink line represents the within-herd R without badger
vaccination, and the blue line represents the within-herd R with badger vaccination. The black dashed line represents the threshold R = 1.

Our transmission model adopts a single transmission route,
incorporating an environmental compartment. We simplified
droplet, aerosol, fecal to oral transmissions to one environmental
transmission route as they are intrinsically similar. The primary
distinction lies in the duration between the shedding moment
and the time point of inhaling or ingesting M. bovis. Shortly
after being shed into the environment, M. bovis cells may
pose an infection risk to other animals. This infection risk
decreases over time because viable M. bovis decays over time
in the environment. We unified these three transmission routes
into one and assumed an exponential decay of M. bovis
with a specified decay rate. This unification simplifies the
model structure while still capturing the significance of historic
infections. In addition, badger-to-badger transmission via biting
may represent a secondary route of infection, which has not
been considered in this study. Previous studies have shown that
transmission via biting can cause a more rapid and progressive
infection with generalized pathology (54). The simplification
of transmission routes might lead to an underestimation of
badger-to-badger transmission and an overestimation of cattle-to-
badger transmission. However, it is not our goal to distinguish
badger infection via biting or the other three mechanisms, as
the data to distinguish the contribution of different mechanisms
are lacking.

Previous studies on the within-herd transmission of bTB have
exploited either frequency- or density-dependent models (50, 52,
55). A study in US dairy herds found that a frequency-dependent
model can predict risk significantly better than a density-dependent
model (55). Additionally, Conlan et al. (56) measured the strength
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of the density dependence of transmission and found a non-
linear dependence with herd size. Therefore, our model adopts
a frequency-dependent model and uses the number of cattle
as a proxy for the area in transmission rates (Eqs. 3, 4). This
approximation is valid in areas where badger territories and
farms dominate a significant portion of the region frequented
by badgers, as in this study area. However, when a significant
portion of the region consists of woodlands, rivers, and urban
areas, it becomes crucial to modify this proxy. This adjustment
is necessary to avoid underestimating the denominator in the
badger-to-badger transmission rate, which could otherwise result
in an overestimation of the badger-to-badger transmission rate
parameter. In addition to using cattle numbers as a proxy for area,
one can consider alternative denominators such as the number of
badgers or the sum of cattle and badgers. Our assessment showed
that models with Nc or Nc + Nb as the denominator in the
transmission rates (in Egs. 3, 4) provided similar results in fitting
the data (see Supplementary Table 5).

The significance of the environment in the transmission of
M. bovis is emphasized in our model, which estimates a half-life
of 6 months. Our estimation of the half-life of M. bovis in the
environment is five times higher in comparison to other modeling
studies (39), although still within the range of experimental studies
(31, 57). We also conducted a sensitivity analysis of the decay
rate using the estimates from (39). A shorter survival time of
M. bovis can lead to an increase in transmission rate parameters,
but the outcome of this study with respect to NGM, R, and the
threshold for relative badger density remain largely unaffected (see
Supplementary Table 6).
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FIGURE 4

Between-herd R maps and R distribution. (A) The between-herd R map without any badger vaccination and (B) the between-herd R map with 100%
vaccination coverage. Yellow herds represent between-herd R below 1, while orange and red herds represent between-herd R >1. (C) The
distribution of between-herd R with and without badger vaccination. Each bar represents the percentage of herds falling within a specific
between-herd R range. For example, the first bar indicates that 70% of herds have between-herd R < 1 in the vaccination scenario and 60% in the

un-vaccination scenario.

The parameters defining the duration of intermediate stages
of the disease (latent periods) were derived from the literature
(see Supplementary Table 1). We did not estimate them from
infection data because previous modeling studies have not been
able to distinguish models with differing assumptions regarding
these intermediate stages (SORI or SOR model) based on model
fit (56). The most debated parameter is the latent period for
cattle. Conventionally, it is believed that M. bovis can cause a
long latent period similar to human TB. However, an animal
challenge study showed that acute infection may occur (58). In
addition, a recent review also suggests that M. bovis can frequently
cause acute infection in cattle (59). Therefore, we also assume a
short latent period for cattle. In this model, assuming a different
latent period for cattle or badgers would impact the transmission
rate parameter estimates. However, such a variation would not
influence the values for R and NGM since the modifications to
these f and A would counterbalance each other within the R
formula as described in Section 2.5.1. In addition, the sensitivity
of tests for cattle and badgers is assumed to be perfect in this
model. Infected but undetected animals shed M. bovis, which
causes an underestimation of environmental contamination. On
the other hand, these hidden infections cause an underestimation
of the new cases. Both the left and right sides of Egs. 7-
9 were underestimated, whose effects are likely to be canceled
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out and therefore have a limited impact on the transmission
rate parameter.

In this model, cattle and badgers are assumed to spend their
time homogenously distributed within their spatial units. This is
a simplification of reality, as some parcels of farms might not be
used for grazing, or not all of the time, and badgers may spend
more time near setts than elsewhere in their territories. However,
as cattle and badger numbers and infection data are available at the
farm and territory level, we used this as the spatial resolution for our
model. Within-farm and within-territory heterogeneity might lead
to an underestimation of the actual densities at the location of an
infected animal, which in turn leads to an underestimation of the
within-herd R by the model. However, heterogeneity in densities
may also lead to less overlap in areas used by cattle and badgers,
which would have the opposite effect. In addition, the assumption
that animals are restricted to their spatial units, might attribute
movement-mediated transmission to between-species transmission
in the model. This can result in an overestimation of the between-
species transmission. Future studies could relax this assumption
and capture the effect of cattle movements using detailed cattle
movement data.

In conclusion, this model disentangles the quantitative
relationship between relative badger density and local transmission
risks. Estimating transmission rate parameters improves our
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understanding of badgers as a vector in this two-host system. In
addition, the model produces the first between-herd R map for
bTB considering badger, cattle, and environment. These R maps
identify high-risk areas as clusters of farms with between-herd R >1
and demonstrate how relative badger density determines the local
transmission risk. Our results suggest that badger vaccination can
maximally reduce the average between-herd R in Kilkenny to 0.85;
however, despite this, 30% of herds will still have an R value >1
and so, if infected, have a high potential risk of transmitting bTB to
their neighbors. Whether these 30% of herds with a high between-
herd R can sustain the bTB spread in a large area, such as the whole
Kilkenny area, is unknown and requires further research.
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Introduction: African swine fever (ASF) is a notifiable disease of swine that impacts
global pork trade and food security. In several countries across the globe, the
disease persists in wild boar (WB) populations sympatric to domestic pig (DP)
operations, with continued detections in both sectors. While there is evidence
of spillover and spillback between the sectors, the frequency of occurrence and
relative importance of different risk factors for transmission at the wildlife-livestock
interface remain unclear.

Methods: To address this gap, we leveraged ASF surveillance data from WB and DP
across Eastern Poland from 2014-2019 in an analysis that quantified the relative
importance of different risk factors for explaining variation in each of the ASF
surveillance data from WB and DP.

Results: ASF prevalence exhibited different seasonal trends across the sectors:
apparent prevalence was much higher in summer (84% of detections) in DP, but
more consistent throughout the year in WB (highest in winter with 45%, lowest in
summer at 15%). Only 21.8% of DP-positive surveillance data included surveillance
in WB nearby (within 5 km of the grid cell within the last 4 weeks), while 41.9% of
WB-positive surveillance samples included any DP surveillance samples nearby.
Thus, the surveillance design afforded twice as much opportunity to find DP-
positive samples in the recent vicinity of WB-positive samples compared to the
opposite, yet the rate of positive WB samples in the recent vicinity of a positive DP
sample was 48 times as likely than the rate of positive DP samples in the recent
vicinity of a positive WB sample. Our machine learning analyses found that positive
samples in WB were predicted by WB-related risk factors, but not to DP-related
risk factors. In contrast, WB risk factors were important for predicting detections
in DP on a few spatial and temporal scales of data aggregation.

Discussion: Our results highlight that spillover from WB to DP might be more
frequent than the reverse, but that the structure of current surveillance systems
challenge quantification of spillover frequency and risk factors. Our results
emphasize the importance of, and provide guidance for, improving cross-sector
surveillance designs.

KEYWORDS

African swine fever, wild boar, domestic pigs, surveillance, wildlife-livestock

1. Introduction

Understanding the risks of pathogen transmission across the wildlife-livestock
interface is key to mitigating threats to human health (1), food security (2), and
endangered wildlife (3).
or the reverse results from a combination of epidemiological, ecological and

Pathogen transmission from wildlife to domestic hosts
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behavioral drivers of pathogen pressure in the reservoir host,
pathogen exposure in the receiving host, and structural barriers
to contact at the interface between them (4, 5). Force of infection
at the interface will depend on the pathogen prevalence in the
donor host population, contact rate between the reservoir and
recipient host, and probability of infection given contact (6).
On the donor host side, pathogen pressure is generated by the
interaction of host ecology (population distribution, connectivity,
and density, host movements and contact structure) and pathogen
ecology (routes of transmission, survival in the environment)
which determine prevalence, persistence and spread (4, 7). If
wildlife and domestic host populations have similar susceptibility
and transmission ability to a particular pathogen, transmission
between the two can be bidirectional (8-10), yet with distinct
disease dynamics in each population due to differences in ecological
context. Surveillance systems that include data from each host
population jointly are important for understanding transmission
risk at the wildlife-livestock interface (7, 11).

African swine fever (ASF) is a highly transmissible viral disease
of swine that impacts global trade of swine and pork products. In
Eurasia, ASF occurs in wildlife (wild boar; WB) and domestic pigs
(DP) (8). In domestic pig populations, circulation is maintained
through direct transmission between pigs within farms (12) as well
as indirect transmission through fomites (e.g., contaminated feed,
material, equipment) (13) or soft tick vectors in areas where the
vectors exist (14). Proximity to infected farms and local density
of DP are risk factors of farm ASF incidence in the Italian
island of Sardinia (15, 16), Nigeria (17), Romania (18), Russia
(19, 20), and globally (21). Between-farm transmission, involving
transport of infected animals (direct transmission), equipment,
feed and other fomites (indirect transmission), is closely related
to trade and contact networks (22). For example, density of
regional road networks is the most important risk factor for
ASF occurrence in DP in Russia (19). Introduction of stringent
regulations regarding domestic pig movements in the infected areas
of the European Union (European Commission Implementing
Regulation 2023/594) has reduced the risk associated with transport
of live animals in relation to transmission through fomites.

In WB, ASF circulation is thought to occur through
host-to-host contacts (direct transmission) and contaminated
environments and infectious carcasses (indirect transmission).
Patterns in ASF surveillance data in WB and modeling of ASF in
WB suggests that the disease can persist endemically in the WB
in some conditions (23-27). WB population density and habitat
quality appear to drive patterns of ASF occurrence (26-30). High
WB abundance enhances direct transmission (26), while carcass-
based transmission is thought to be a key mechanism allowing
low-level and long-term ASF persistence in WB populations,
particularly at low densities (26, 29, 31). Studies in several different
countries estimated an effective or basic reproduction number of
~1.5 between groups of WB from ASF surveillance data (11, 32—
34) supporting the notion of endemic transmission levels in WB.
However, these studies did not consider the potential role of DP in
the estimates of effective reproductive numbers.

While DP and WB populations could each maintain ASF
independently, bidirectional cross-cycle transmission is thought
to occur (35). A primary mechanism of emergence of ASF in
WB in new areas likely occurs through inappropriate disposal
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of infectious domestic pig carcasses or pork products in WB
habitat followed by transmission among WB (12, 36). Once ASF
occurs in WB populations, it is thought that the most likely
routes of transmission from WB to DP is through contaminated
feed or environments, and through direct contact depending on
husbandry practices (12). Several studies have pointed to WB
as an important risk factor for outbreaks in DP (13, 37), both
in low-biosecurity backyard farms (18, 38) and high-biosecurity
commercial farms (39). But, two important gaps remain: (1)
determining if repeated transmission from DP to WB is important
for explaining the patterns of detection in WB populations and,
if so, how much transmission is important for persistence in
WB (26, 40), and (2) whether transmission from WB to DP
occurs and, if so, at what frequency. For example, Lange et al.
(40) found little evidence of spatio-temporal clustering of WB
detections suggesting lack of autonomous persistence in WB
populations while Podgorski et al. (27) found substantial evidence
for spatio-temporal clustering of detections in WB suggesting
endemic transmission within WB populations. Pepin et al. (26)
found autonomous persistence was likely in WB but depended on
WB density and the frequency of carcass-based transmission, but
this study did not include the potential for transmission from DP
throughout the study area.

Few studies have examined surveillance data from WB
alongside DP (e.g., 20, 32, 39) making it difficult to understand
the occurrence and drivers of transmission dynamics among these
host populations. While transmission from WB has been often
implicated in ASF outbreaks in DP (18, 39), transmission from
DP to WB has been rarely studied (20). Here, we integrate
ASF surveillance data from WB and DP populations to better
understand potential transmission between these host contexts.
Our main objectives were to characterize risk factors of ASF
occurrence in WB and DP populations and determine the relative
frequency of transmission in each direction: WB-to-DP vs. DP-
to-WB. We addressed these objectives by considering risk for WB
and DP separately using covariates from the other population. We
expected to observe greater transmission risk from WB to DP
than the reverse based on the numerous reports of transmission
risk from WB to DP, widespread occurrence of detections in
WB, and free-roaming lifestyle of WB. Our analysis highlights
important considerations for surveillance design at the wildlife-
livestock interface.

2. Materials and methods

2.1. Surveillance data

ASF surveillance in Poland is regulated by international and
national legislation [e.g., European Commission Implementing
Regulation (EU) 2021/605 of April 7, 2021]. Intensity of
surveillance and control measures follows a zoning system of
restricted areas: zone III (ASF in DP and WB), zone II (ASF
in WB), zone I (ASF high risk area, bordering zone II or III).
Obligatory testing of all hunted (active surveillance), found dead,
and road-killed (passive surveillance) WB is implemented in zones
I (PCR test), II and IIT (PCR and ELISA/IPT tests), where our
study area is contained (41). DP are tested in zones I, II and III
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TABLE 1 Number of data points within 2 x 2 km grid cells for different temporal aggregations.

Aggregation >1WB >1DP >1WB&1 >1WB > 1DP >1WB&1
sample sample DP sample positive positive DP positive

2 x 2km grid cell 516,105 127,835 403,813 16,121 5,457 279 12

by serial week

2 x 2km grid cell 152,405 91,873 94,975 34,642 3,979 191 23

by year and season

2 x 2km grid cell 21,136 20,552 15,727 15,153 2,881 182 55

across all time

A Locations of all samples and positives

Sampled at least once (WB or DP)
Positive WB

Positive DP =
Positive WB & DP ever *

Positive WB & DP same season e Al agie
Positive WB & DP same week

[

FIGURE 1

scales (gray and black).

Maps of data included in the analysis. The inset map of Europe illustrates the location in Poland of the surveillance data using a red circle. (A) Includes
all grid cells within 20 km (Euclidian distance) of a grid cell that was positive at some point during 2014-2019 (the entire time frame of our
surveillance data). Small gray circles indicate a grid cell that was sampled at least once but never found to be positive. Light blue circles are locations
of at least one positive WB sample during the 6 years. Orange squares are locations of at least one positive domestic pig. Black triangles are grid cells
where at least one positive WB and one positive domestic pig was found at some point during the 6 years, not necessarily during the same time. (B)
Shows the sampling design for grid cells that had sampling of both WB and DP at different time scales. The three colors distinguish the time frames
within which at least one sample from each of WB and DP was collected: ever (gray, 106,247 unique grid cells), same season (black, 86,336), same
week (blue, 7590 unique grid cells). The distribution of WB and DP samples collected in the same week (blue) is similar to that over broader temporal

B Locations of grid cells with both WB and DP samples

@ Sampled at least once ever (WB & DP)
®  Sampled at least once same season (WB & DP)
®  Sampled at least once same week (WB & DP)

(PCR) when moved from the holding to abattoir (all animals)
and randomly within the holding (number of animals sampled
scaled by holding size according to “Procedure for collecting
and sending samples for laboratory diagnostics for African swine
fever,; Chief Veterinary Officer, Poland, April 2020).Samples
collected by veterinary services and hunters were analyzed by the
National Reference Laboratory for ASF diagnostics at the National
Veterinary Research Institute in Pulawy, Poland. All positive results
were confirmed by the European Reference Laboratory for ASF
in Valdeolmos, Spain. We used surveillance data collected in
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2014-2019 which totaled 1,244,117 test results of DP (including
2,184 ASF-positive results from 261 focal outbreaks, i.e., pig
holdings) and 196,800 test results of WB (including 9,213 ASF-
positive results, i.e., individual cases). Geographic coordinates were
available for all domestic pig samples and positive WB samples.
Negative WB samples were available aggregated at the level of
commune, the smallest administrative unit in Poland. To make
this subset of data compatible with the rest, we created a number
of locations equal to negative WB tests in a given commune and
assigned them randomly-generated geographic coordinates.
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TABLE 2 Covariates used in the analyses.

Variable

Description and mechanism

Processing

10.3389/fvets.2023.1295127

References for
source data

Area developed

Description: surface of the developed area in
each grid cell Mechanism: drives contact
rates between WB and DP

Total surface area of all built-up and
developed areas within the cell (km?)

Topographic Objects
Database (BDOT10k), Head
Office of Geodesy and
Cartography (https://bit.ly/
3JilMdh)

Human population density

Description: density of human population in
each grid cell Mechanism: contamination
between WB and DP through humans as

a vector

Each grid cell was assigned with a density of
human population (ind/ km?) from the
commune (mean size of 126.2 km?) the cell
was in

Statistics Poland (https://stat.
gov.pl/en/)

and biosecurity over more
land)

and DP

'WB habitat suitability Description: quality of available habitats Average value of QAH was assigned to each (28)
(QAH) based on global land cover grid cell. Input database categorized QAH
vegetation (GLOBCOVER) Mechanism: into 7 levels at 300 x 300 m resolution.
higher quality habitats will sustain higher
‘WB numbers and drive transmission
Extensive farming of DP Description: density of pigs bred in an Pig density (ind./km?) assigned to each grid Food and Agriculture
(more land to increase yield — extensive system. Mechanism: extensive pig cell from the FAO database available at the 5 Organization (FAO) Gridded
e.g., holdings at lower density farming facilitates transmission between WB minutes of arc (49.3 km?) Livestock of the World;

Global pigs distribution in
2015 (43, 44)

Hunter harvest

Description: number of WB harvested in
each year and each grid cell. Mechanism:
high WB numbers and hunting activity
drive transmission

Each grid cell was assigned a hunting bag
from the hunting ground the cell was in
(mean size of a hunting ground was 6128
km?).

Forest Data Bank (https://bit.
ly/3WDVInJ)

Season

Description: Season that the sample was
collected. Mechanism: transmission is higher
at particular times of the year.

A level 1-4 was assigned to each data point.
1) December-February (weeks 49-53, 1-9)
2) March-May (weeks 10-22)

3) June-August (weeks 23-35)

4) September-November (weeks 36-48)

See Processing step

Sample size

Description: Number of surveillance samples
submitted. Mechanism: Affects detection
probability.

The count of surveillance samples submitted
by grid and week for the response variable

Derived from surveillance
data

Prevalence in neighborhood
DP

Description: Recent prevalence in DP in
neighboring grid cells. Mechanism:
Proximity to infectious individuals
drives infection.

The number of PCR+ samples from DP
within the last 4 weeks within 5 km of the
grid cell divided by the total number of
samples in the same time/space scale.

Derived from surveillance
data

Prevalence in neighborhood
WB

Description: Recent prevalence in WB in
neighboring grid cells. Mechanism:
Proximity to infectious individuals
drives infection.

The number of PCR+ samples from WB
within the last 4 weeks within 5 km of the
grid cell divided by the total number of
samples in the same time/space scale.

Derived from surveillance
data

positive detections in WB. Mechanism:
Proximity to infectious individuals
drives infection.

and the location of a PCR+ WB sample
within the last 4 weeks.

Closest positive in DP Description: Closest distance of recent Minimum distance between a focal grid cell Derived from surveillance
positive detections in DP. Mechanism: and the location of a PCR+ domestic pig data
Proximity to infectious individuals sample within the last 4 weeks.
drives infection.

Closest positive in WB Description: Closest distance of recent Minimum distance between a focal grid cell Derived from surveillance

data

All variables were continuous except for season which was categorical variable with 4 levels.

2.2. Data processing excluded an isolated western cluster in Lubuskie Voivodeship
because it was small and contained and not thought to be involved
Surveillance data (number of positives by PCR and number  in driving the dynamics in the eastern side of Poland (42). This
of samples collected) were aggregated at a weekly scale on a  resulted in 516,105 grid-cell-by-week combinations of data. DP
2km by 2km grid cell resolution across all of Poland. Only grid ~ samples were collected in 403,813 grid-cell-by-week data points,
cells that were ever positive themselves during the time frame  while WB samples were collected in 127,835 grid grid-cell-by-
of surveillance (2014-2019) or within 20km of a positive were ~ week data points (Table 1). There were 21,136 unique grid cells
included in the analysis to control for biased weighting of landscape ~ with at least 1 surveillance sample of any kind, and 15,153

covariates that were never in the vicinity of disease. We also  of these unique grid cells had at least 1 surveillance sample
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N is the number of data points in the model; PCR+ are the number of samples that tested positive for ASFv with the PCR assay.

10.3389/fvets.2023.1295127

collected from each of DP and WB during the 6 years of data
(Table 1, Figure 1).

The independent variables used in the analyses, rationale for
including them, and data sources are presented in Table 2. The
response variable (binary) was the presence of positive samples
within grid cell k in week ¢ — a 0 if none of the samples in grid
cell k in week t were positive and a 1 if at least one sample
in grid cell k at week ¢ was positive. We analyzed the data at
different temporal scales of aggregation (week, season, or over all
time) because timescales of disease persistence in carcasses remain
poorly understood and we wanted to examine how the effects of
covariates depended on the temporal aggregation of the response
data. For the weekly aggregation, we created 4 response variables
that we analyzed separately: all samples from WB (WB full model),
all samples from DP (DP full model), samples from WB that
occurred within 5km of a PCR+ sample in DP in the last 4 weeks
(WB submodel), and samples from DP that occurred within 5km
of a PCR+ sample in WB in the last 4 weeks (DP submodel).
The last two responses allowed us to test for potential factors
driving transmission between host populations (WB submodel,
DP submodel) without noise from data points that were too far
away to be linked to transmission. We chose 5 km distance because
between-sounder contact and transmission is most likely within
this distance (45, 46). For the season aggregation, we summed
surveillance data for 4 separate seasons as specified in Table 2.
Finally, we analyzed the data by summing over all time, thus only
effects of spatial covariates were tested.

2.3. Analyses

All analyses were conducted in Matlab R2021b (The Mathworks
Inc, Natick, Massachusetts) using the Statistics and Machine
Learning Toolbox. We modeled the data using boosted regression
trees with a least-squares boosting loss function. We chose this
approach because we expected complex interrelationships among
independent variables in their effects on the response data and
non-linear relationships. We optimized hyperparameters for each
regression ensemble model using Bayesian optimization and 10-
fold cross-validation aimed at minimizing the mean squared error
implemented in fitrensemble using the Optimize Hyperparameters
option. We co-optimized the following hyperparameters using the
following specified prior ranges: number of learning cycles [50,
2000] (except DP week full model was [50, 1000] for computational
feasibility), learning rate [0.0001, 0.1] (except DP week full model
was [0.001, 0.1] for computational feasibility), minimum leaf size
[50, 100], maximum number of splits [1, 60] (Table 3). The small
range on maximum number of splits and high minimum value
on minimum leaf size was chosen to reduce overfitting. The
optimization was run for 5000 iterations on each data set except
for the DP full model that was run for only 1000 iterations
(because the dataset was very large and preliminary runs showed
early convergence).

We then fit the final models with the optimal hyperparameters
to estimate variable importance and make inferences about
the effects of independent variables on the responses for
each model.
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3. Results

3.1. Spatial and temporal trends in cases

Of the 15,153 unique grid cells that had at least one surveillance
sample from each of WB and DP during the 6 years of surveillance,
2,881 cells had at least one positive WB sample, while only 182 cells
had at least one positive DP sample (Table 1). Only 55 grid cells
found at least one positive WB and DP sample in the same grid
cell during the 6 years of surveillance. Of the 16,121 surveillance
data points that involved collection of at least 1 WB and 1 DP
sample in the same grid cell on a given week, 5,457 grid cell-
by-week data points had at least one WB positive sample, while
only 279 had at least one positive sample for DP. There were only
12 grid-cell-by-week data points and 23 grid-cell-by-season data
points that had at least 1 positive sample for each of WB and DP
samples (Table 1, Figure 1). Thus, given the wide spatial extent of
WB positive samples (2,881 unique grid cells), and numerous data
points where at least one WB and one DP sample were collected
in the same grid cell in the same week (16,121), most WB positive
samples did not temporally overlap with the unique grid cells where
positive DP samples were found. Only 6.6% (12/182) occurred in
the same grid cell in the same week, 12.6% (23/182) occurred in the
same grid cell in the same season, and 30% (55/182) occurred in the
same grid cell ever (across 6 years).

Of the 279 grid-cell-by-week data points that had at least one
DP positive sample, there were only 61 (21.8%) with at least one
surveillance sample from WB within 5km of the grid cell within
the last 4 weeks, and only 15 of those instances (25% of WB samples,
5.4% of the DP-positive grid-cell-by-weeks) had at least one positive
WB sample. There were 217 DP-positive grid cells that had at least 1
DP surveillance sample in the vicinity (77.8%), but only 10 of those
had a DP-positive sample (10/217 = 4.6% of DP-positive samples
with DP surveillance samples or 3.6% of the total DP-positive grid-
cell-by-weeks). Thus, the large majority of DP positive surveillance
data did not include surveillance in WB nearby, despite including
DP surveillance nearby, but when surveillance did occur nearby it
was more likely that the WB samples were positive relative to the
DP samples.

In contrast, of the 5,457 grid-cell-by-week data points that had
at least one WB positive sample, 2,287 (41.9%) had at least one
surveillance sample from DP within 5 km of the grid cell within the
last 4 weeks, but only 12 (0.52% of DP samples, 0.22% of the WB-
positive grid-cell-by-weeks) had at least one positive surveillance
sample from DP. Thus, the surveillance design afforded twice as
much opportunity to find DP-positive samples in the recent vicinity
of WB-positive samples compared to the opposite (compare 41.9 to
21.8%), yet the reverse occurred - the rate of positive WB samples
in the recent vicinity of a positive DP sample was 48 times as likely
than the rate of positive DP samples in the recent vicinity of a
positive WB sample (divide 25% for WB-positive samples collected
in the recent vicinity of a DP positive by 0.52% of the DP-positive
samples collected in the recent vicinity of a WB-positive sample).

Cases in WB were detected throughout the year at similarly
high levels with the highest detection rates occurring in winter
(45%; 4150/9198) and spring (25%; 2351/9198) relative to summer
(14.9%; 1366/9198) and fall (14.5%; 1331/9198) (Figures 2A, C). In
contrast, cases in DP showed a distinct seasonality with most cases

Frontiers in Veterinary Science

10.3389/fvets.2023.1295127

(84.2%; 1832/2174) occurring in summer despite a similar number
of samples being collected during each season with the most being
collected in the fall (Figures 2B, D).

3.2. Correlation with potential risk factors

The distribution of cases in WB tracked the distribution of
independent variable values closely (Figures 3A-D, H, ]) except
there were: (1) a small number of very high values for DP extensive
and hunter harvest where WB cases were not found (Figures 3E, F),
(2) visible trends of more cases at closer distances of recent cases
in WB and higher neighborhood prevalence in WB (Figures 3G,
1), and (3) visible trends of higher prevalence at larger sample size
(Figure 3K). The distribution of cases in DP showed similar trends
relative to independent variables except that cases clustered toward
the closer distances of cases in both WB and DP (Figure 4).

3.3. Risk factors involving DP were not
important for predicting ASF detection in
WB

In the WB week submodel, which limited the data only to WB
samples that occurred within 5km of a PCR+ sample in DP in the
last 4 weeks, the number of WB harvested and closest distance to
the nearest WB-positive detection were the most important risk
factors, followed by sample size (Figure 5A). However, when all the
WB samples were considered in the model, the only important risk
factor of WB positivity was the neighborhood prevalence in WB
(Figure 5C). When aggregating the data at seasonal scale both the
neighborhood prevalence in WB and distance to the nearest WB
sample were important risk factors (Figure 5E), whereas when all
data was pooled, only distance to the nearest WB sample was an
important risk factor (Figure 5G).

3.4. Risk factors involving WB were
important for predicting ASF detection in
DP

In the DP week submodel, which limited the data only to DP
samples that occurred within 5km of a PCR+ sample in WB in
the last 4 weeks, the number of WB harvested (a proxy for WB
density) was the most important risk factor, followed by distance
to the closest DP-positive sample, recent neighborhood prevalence
in WB, sample size, and season (Figure 5B). However, in the full
model for DP, the most important variable was neighborhood
prevalence of DP, followed by neighborhood prevalence of WB
(Figure 5D), although the best full model did not fit the data very
well (AUC = 0.61). When aggregating the data to the season
scale neighborhood prevalence in WB was the strongest risk factor,
followed by neighborhood prevalence in DP and sample size
(Figure 5F), whereas when the data were aggregated across all time,
only proximity to DP-positive samples was an important risk factor
(Figure 5H).
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ASF surveillance data over time.

4. Discussion

Our analysis revealed surprisingly few surveillance data
containing samples for both WB and DP (12.6% for WB
and 4.0% DP data) on spatial and temporal scales that are
most relevant to transmission (e.g., within 4 km? and the
same week). This emphasizes that active surveillance of WB
around DP premises might be needed in addition to passive
surveillance to understand transmission routes and frequency
between WB and DP host populations from ASF surveillance
data. We addressed the surveillance design issues by examining
effects of risk factors across a variety of spatial and temporal
scales. At all scales, positive samples in WB were predicted by
WB-related risk factors (e.g., recent proximity to WB-positive
samples, hunter-harvest samples - a proxy for WB density, WB
sample size), but not to DP-related risk factors. In contrast,
WB risk factors were important for predicting detections in DP
on a few spatial and temporal scales. These trends occurred
even though the sampling design afforded more opportunity to
detect DP as a risk factor of ASF detection in WB relative
to the ability to detect WB as a risk factor of ASF detection
in DP.

In several studies, the presence of ASF-infected WB in
close vicinity to DP holdings has been cited as a main risk
factor for ASF outbreaks in DP (47). Our results are consistent
with these findings. However, we also addressed the gap (48,
49) of whether DP pose a risk of transmission to WB. Our
results in eastern Poland suggested that the WB were almost 50
times more likely to pose a transmission risk to DP than the
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other way around. Experimental infection data show that WB
and DP are equally susceptible to ASF virus when inoculated
through similar routes (50) thus these differences are likely
due to ecological or behavioral factors at the wildlife-livestock
interface (51). For example, WB are social and disruptions of/in
social structure affects movement behavior (52). It is possible
that in areas with wide circulation of virulent strains of ASF
or high hunting pressure WB change their movement behavior
and seek interaction with other swine, even DP (51), or escape
disturbance (53, 54). This could lead to higher rate of transmission
among WB and from WB to DP. Also, studies that investigated
interaction frequency between WB and DP have documented
a wide range of interaction rates depending on the husbandry
practices, biosecurity levels, and ecological context (49, 51, 55).
Some of these studies documented high rates of direct contact
while others mainly indirect contacts. It is also likely that indirect
contact routes pose different transmission risks between WB to
DP relative to the reverse. Accounting for variation within these
contextual factors in analyses of ASF surveillance data would be
valuable for quantifying the frequency of WB-DP transmission by
different routes.

Similar to previous work we found that seasonal peaks of
ASF detections in WB and DP were not synchronized (winter-
spring for WB vs. summer for DP) (15, 56), but quantitative
information on how much transmission varies seasonally is
currently missing. Our results in eastern Poland suggest that
85% of transmission among DP occurred in summer, while only
15% of transmission in WB occurred in each of summer and
fall. The low rates of detection in DP in fall and winter but
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Distribution of DP samples and positive tests by PCR within the range of each independent variable.
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high rates of detection in WB in winter further supports our
finding of a low rate of transmission from DP to WB. In contrast,
detections in DP were highest in summer, which follows the highest
season of detections in WB and supports the higher frequency
of transmission from WB to DP. It has been hypothesized that
summer peaks in DP are driven by indirect transmission from the
surrounding environment (through movements of contaminated
feed, bedding, equipment during intensive field work) (39) while
winter-spring peaks in WB are driven by seasonal factors, such
as longer carcass persistence and birth pulses that introduce
susceptible individuals.

The sampling design made it difficult to estimate the relative
frequency of transmission from WB to DP and the reverse.
One gap is that locations of negative WB samples are imprecise
- georeferenced to the commune instead of GPS coordinates
of collection. GPS coordinates for negative WB samples would
allow for more precise estimates of the distance between DP and
WB samples. It is important to understand the spatial sampling
design for all samples for quantifying risk. Secondly, for DP
premises with ASF outbreaks, it was uncommon for WB samples
to be collected within 5km, making it challenging to assess the
potential role of WB in seeding DP outbreaks. Epidemiological
investigations that coordinate veterinary and wildlife agencies in
surveillance sampling around DP premises will help to better
understand potential transmission routes between WB and DP.
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Relatedly, a mechanism for capturing husbandry practices or
biosecurity actions around premises would provide additional
information for inferring transmission routes. These gaps in
surveillance design are not due to a lack of WB presence near
DP. For example, there were > 16,121 grid-cell-by-week data
points and 34,642 grid-cell-by-season data points that had at
least one DP and one WB sample. Thus, it appears there is
opportunity to conduct targeted surveillance in WB and DP
populations around positive cases. Another valuable approach
could be to conduct targeted risk-based surveillance where higher
numbers of DP and WB samples would be collected on and
around premises where outbreaks have a higher likelihood of
occurring based on historical data or other risk assessments
conducted at a fine spatial resolution (e.g., premises-level and
within 5km of premises). These surveillance approaches could
be paired with other important metadata (i.e., husbandry and
biosecurity practices).

A challenging gap to address is the poor understanding of long-
range movements in both DP and WB populations. Our analysis
does not address long-range connectivity in either WB, DP, or their
interface. Most WB movement and contact is thought to be close
(45) but there may be some longer distance WB movements (57)
or other mechanisms (fomites, contaminated meat products) that
spread ASF over longer distances in WB (42). However, DP may
be moved over longer distances more regularly. Data describing
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these movements are important for quantifying the role of WB in
outbreaks in DP and potential for the reverse.
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multi-factorial (41). Based on previous work in Corsica (16) and other
pig farming locations (42-44), we first identified key zootechnical
practices involved in the occurrence of different types of interaction
and defined a method based on the clustering of farming practices.
The main steps to comply with this process were the following: (i)
Implementation of interviews with key informants in order to collect
regional data on formal and informal pig production; (ii) Creation of
a reliable database combining information collected through
interviews with existing data and technical knowledge; (iii)
Hierarchical clustering on principal components (HCPC) based on
multiple correspondence analysis (MCA) to identify a preliminary
typology of farming systems (clusters) based on the use of distinct pig
farming practices; (iv) Adjustment of our preliminary farm typology
by a group of local experts (38) to determine the main factors that
describe the clusters and determination of the IPI associated to each
cluster; (v) Validation of a new classification of the clusters undertaken
with local stakeholders and a classification tree method; (vi)
Evaluation and mapping of IPI related to pig farming at the municipal
scale, using pig density and the IPI in each cluster. A summary of the
methodology is shown in Figure 1.

2.2.1 Data collection
Data collection was organized on semi-structured interviews with

-
J

key informants (30, 45) in two different periods: the first from
February to April 2019 and the second from September 2019 to
February 2020. The questionnaire was designed to gather regional
information on formal and informal data on pig production farms
from local key informants, including pig density, land area occupied
by pigs, and the main pig farming practices. All the semi-structured
interviews were conducted by the same interviewer at the place where
the key informants lived or worked. Key informants were selected on
the basis of their experience in livestock farming, their involvement
in local farming organizations, and on the recommendation of other
informants or stakeholders in pig farming. The interviews allowed to
compile a final list of 176 farms (106 farms during the first period and
70 farms during the second). After the first period, only 103 of those
farms had sufficient quantity and quality of data to perform the HCPC

10.3389/fvets.2024.1253060

analysis, including 84 farms from the first data collection period and
19 farms from data available from a previous study (16) were retained
(Figure 1).

2.2.2 Selection of farming practices

We focused our selection of factors on free-range pig farming, the
permeability of fences and management of feed and waste taking into
account direct and indirect wild-domestic pig interactions (25).
Because direct interactions are often driven by sexual and agonistic
behavior, we focused on farming practices linked with reproductive
management, such as castration or spaying of pigs not intended
for breeding.

For the MCA analysis, we selected 16 categorical factors among
the farming practices hypothesized to have an influence on
interactions with wild boars (9, 12, 15, 46). The selection criteria and
categorical factors used for these variables are provided in
Supplementary material S2.

2.2.3 Study area and spatial scales

From an administrative point of view, Corsica is a region divided
into two departments, “Haute-Corse” (Northern Corsica) and “Corse
du Sud” (Southern Corsica). We collected data in two micro-regions
in Southern Corsica, including “Haute Gravone” and “Secteur Ajaccio”
and six micro-regions in Northern Corsica including “Cap Corse,”
“Nebbiu,” “Balagne;”
“Plaine Orientale” (Supplementary material S1). The choice of these

» «
>

Haute Corse Intérieure,” “Castagniccia” and
micro-regions was not only based on the possibility of collecting
information from different geographic locations but also, on the
possibility to test our approach on a representative and diverse sample
of farming systems, land uses and vegetation types of the island.

In France, municipalities represent the smallest administrative
level. Although not ideal because the land used by pigs does not
always coincide with administrative boundaries, we considered the
municipal scale to be the most practical and appropriate to represent
the distribution of the pig population. The data collected on each pig
farm was converted to the municipality scale on the basis of the ratio
of the extent of land used by each herd in each municipality to the

FIGURE 1
Summary of the methodology used and the number of farms covered.
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total area of land used by each herd. By combining this ratio with the
size of the herd, we calculated the number of pigs in each herd in
each municipality.

2.3 Exploring the diversity of pig farming
systems in Corsica

The diversity of farming system based on reported practices was
explored following three steps.

2.3.1 Identification of clusters
The MCA was
(Supplementary material 52) describing the farming systems’ practices

performed on 16 categorical factors
to summarize the information in a lower-dimensional Euclidean space
(five dimensions) where distances represent similarity (16). Next,
using Ward’s method, hierarchical clustering was performed of the
MCA results to identify groups of farmers who use similar practices,
subsequently termed “H-clusters” Both operations were performed in
R version 3.5.3 using the package FactoMineR for MCA (47) and
HCPC (48). In the hierarchical clustering process, we considered the
inertia gain ratio as the parameter determining the variance gain when
the number of clusters increased.

2.3.2 Validation and ranking of the clusters by
local experts

A meeting was organized with a group of nine pig farming experts
from different micro-regions to present our methodology and results
and validate the conformity of our farm classification. The group was
made up of four breeders and five technicians from pig farming
-related organizations with a solid background knowledge of the
Corsican pig sector, based on their activity, experience and training.
During the meeting, we combined three types of participatory exercises
selected for their complementarity (49) and their ability to capture and
leverage local knowledge and expertise (50): focus-group discussion
(51), cluster ranking, and proportional piling (32). The details on these
participatory methods can be found in Supplementary material S3.

2.3.3 Classification tree for cluster classification
We performed a classification tree (52), called “T-cluster;” with the
Rpart R-package (53) to classify individuals not included in the initial
HCPC analysis and farms identified in other data collection into specific
clusters. We considered tree combinations of the different factors
mentioned by experts as having the strongest impact on interactions
and compared their percentage of correspondence with the HCPC
attribution (called “H-cluster”). In this way, we selected trees with the
least divergence between the “H-cluster” and “T-cluster” classifications.

2.4 Quantification of an index of potential
interaction (IP1) per municipality

We selected the 155 municipalities for which we had sufficient
data to characterize at least 50% of the farms, accounting for 144 farms
and 21,807 pigs. To quantify the index of potential interaction (Y) due
to pig farming based on its presence and practices in each municipality,
we used a weighted average of the five cluster-specific pig-densities
(X, to X;):

Frontiers in Veterinary Science

10.3389/fvets.2024.1253060

YZZW,'X,'

where the set of weights wy,..., ws , verify > w; =1 determined by
experts depended on whether the interaction Y is direct or indirect.
The IPI could thus be interpreted as an effective number of animals at
risk, and used to compare municipalities with different distributions
of farming systems.

2.5 Characterization of municipalities

A principal component analysis (PCA) was performed on the
number and density of pigs in each of the five clusters and on the
surface area of the 155 municipalities included in the study (11
variables in total), to identify their main patterns of variation. The
PCA provided a reduced representation of the profiles of municipalities
on a two-dimensional Euclidean space, and allowed us to explore and
investigate cases with different characteristics but similar levels of risk
of interaction between domestic pigs and wild boars.

3 Results
3.1 Pig farm typology

Based on the results of the MCA, the distribution of dimensions
explained 38.9% of the total variance with each dimension
contributing to at least 5% of this value. In our case, evaluation of the
inter-cluster inertia gain revealed that the best cut-off values were
three and five. Based on this statistical evaluation and on our field
observations, we chose five clusters (Supplementary material 54). All
the variables in the analysis were identified as significant (p-value
<107?) except the period of domestic boar castration (p=0.0068).
Among the 103 farms studied, 16 were in H-cluster 1, 21 in H-cluster
2,20 in H-cluster 3, 39 in H-cluster 4, and seven in H-cluster 5.

Table 1 summarizes the main characteristics of the five farm types
identified. A detailed description isavailable in Supplementary material S5.
Clusters 1 to 3 represented farms where pigs were allowed to free-range
all or part of the year. Conversely, clusters 4 and 5 represented farms
where pigs were fenced in all year round, either outdoors for cluster 4 or
in a building for cluster 5. The main differences found between clusters 1
and 3 were in terms of free-ranging time, partial for cluster 3, and
reproduction management, which was more controlled in cluster 2 than
in cluster 1.

3.2 Use of local knowledge for validation of
our farm typology and assessment of
interactions between wild and domestic

pigs

3.2.1 Validation of farm typology using local
knowledge

During focus group sessions, experts readily agreed on the
definition and representativity of the five farming clusters of pig
farming systems occurring in Corsica. When talking about the
H-clusters and factors of interest, experts tended to focus on direct
sexually driven interactions, but when considering a wider range of

frontiersin org
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interactions, they drew their attention to three major factors, including
sow reproduction, fence and carcass management:

- Reproductive Management: The key factor reported in order to
minimize sexually driven interactions was the availability of
receptive reproductive females in free ranging systems. The
experts considered spatial compartmentalization of reproductive
females and surgical neutering of animals not intended for
reproduction as the two major strategies likely to have a positive
impact in reducing the attraction of wild boars toward farmed
sows and hence potential interactions.

- Fence management: the experts emphasized the fencing material
used and its maintenance were the two major limiting factors for
impeding wild boar incursions. In their opinion, only building
welded mesh and electric fences, although not perfect, under
regular maintenance could potentially contain wild boar
incursions in the farm and prevent interactions with their
domestic pigs. The use of adequate and well-maintained materials
was considered instrumental to avoid spaying females
non-targeted for reproduction. In all other cases, the absence of
spaying necessarily led to incursions and subsequent interactions,
particularly sexually driven ones.

- Management of carcasses and offal: experts regretted in Corsica
this aspect was overlooked and becoming an increasing concern
because some parts of pig carcasses are no longer processed and
wild boar meat is less frequently consumed by hunters.

Concerning free ranging systems, experts identified a strong
influence of the season during which animals were widely kept free
ranging (autumn) in the number and length of interactions.

This local knowledge and expertise enabled us to refine our
classification and agree on a final cluster typology concerning
zootechnical practices.

3.2.2 Final T-cluster classification

The selected tree based on the above-mentioned criteria included
19 results that diverged from the results of the HCPC of the total 103
farms (Figure 2). Such rate was considered to be acceptable given that
the number of divergences most frequently observed for trees obtained
with Rpart was 15 out of 103. Moreover, unlike the original tree (9/15
cases), our designed tree respected the precautionary principle in 17 out
of 19 cases, meaning that, in the event of divergence, the farms were
classified in a higher-risk T-cluster than the original H-cluster. Hereafter,
all the results presented are based on the T-cluster classification.

As shown in Figure 3, cluster 4 is the biggest, representing 37% of
the pig population, whereas cluster 5 only represents 2%; clusters 2
and 3 represent equivalent proportions (23 and 22%) and cluster 1
represented 16% of the pig population. Although not all the
municipalities in the selected micro-regions were accounted for,
coverage of the main breeding micro-regions of our selection,
Castagniccia and Haute-Gravone, was almost complete.

3.2.3 Weighting of the index of potential
interaction (IPI) for each cluster

A consensus on the ranking of H-clusters was easily reached by
the focus groups on the case of direct interactions. However, the
concept of indirect interactions required more discussion to reach a
consensus on ranking results. The results of the focus group on the
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main factors defining clusters (see 1.2) were subsequently confirmed
in the discussions concerning ranking.

Concerning direct interactions (Table 2), higher numerical values
were revealed for clusters 1 and 3 than for the other clusters. The main
factors that influenced ranking and piling by experts were reproductive
management, spaying of sows, and seasonality of free ranging animals.
Moreover, although cluster 3 had less probability of interactions
occurring during the free-ranging period than cluster 2, experts
agreed that spaying of sows non targeted for reproduction was the
most important factor influencing direct interactions, which explains
why cluster 3 was considered to have more direct interactions than
cluster 2.

Concerning indirect interactions (Table 2), two experts disagreed
with the order proposed in the proportional piling ranking exercise.
In their opinion, clusters 1 and 2 had the same weight because free
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ranging and waste management practices had a similar impact on
interactions. However, they all agreed that free ranging facilitated the
sharing of food resources such as pastures (but also carcasses or offal)
and water points. This explained the lower value for cluster 3 and the
similar values for clusters 4 and 5.

3.3 Data visualization

3.3.1 The spatial distribution of pigs and types of
practices

Densities of pigs and absolute numbers were closely
correlated and independently of the area in the first PCA factorial
plane, meaning that high densities tend to be explained by large
numbers rather than by small surface areas. In contrast, the
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TABLE 2 Weighting and ranking of clusters by local experts based on the occurrence of direct and indirect interactions in pig farms.

Rank

(1=highest) Cluster

Main arguments for ranking

(compared with a lower-ranked cluster)

Numerical weight of the IPI
(mean of expert’s results)

Direct interactions
No management of reproduction
1 Cluster 1 Spaying of sows not intended for reproduction: none 43.7
Pigs allowed to range free all year round
Management of reproduction
2 Cluster 3 Spaying rate of sows not intended for reproduction: 35.0% 29.5
Free ranging part of the year
3 Cluster 2 Spaying rate of sows not intended for reproduction: 57.1% 16.5
4 Cluster 4 No free ranging 7.4
5 Cluster 5 Type of fencing 2.9
Indirect interactions
| Cluster 1 Free ranging all year round 368
Carcasses and leftovers left on the ground outdoors
2 Cluster 2 Better management of reproduction: reduced attraction of wild boars 31.2
3 Cluster 3 Free ranging part of the year 19.6
4 Cluster 4 No free ranging = very few resources shared 74
5 Cluster 5 Better management of carcasses and leftovers 5

density of pigs in cluster 3 was explained to a large extent by
smaller areas. Density thus enabled an accurate representation of
the number of pigs at the scale of the island. A number of
municipalities could be distinguished by the number of pigs,
especially in the case of Castagniccia micro-region (Figures 4A,B).

The different types of farming practices were distributed across
the island, even if some municipalities stood out among the
dominant clusters. Clusters 1 and 2, characterized by year-round free
ranging, were more frequent in mountain and piedmont
municipalities (Castagniccia, Plaine Orientale), while Clusters 3 and
4 were found in most regions, but specially in municipalities with
high pig densities, such as Castagniccia and Haute-Gravone. Clusters
3 and 4 were dominant in the Haute-Gravone, whereas fewer farms
mainly corresponding to 4 and 5 cluster types, were located in
Cap Corse.

The PCA results showed that 42% of the variability of
densities and number of pigs in each cluster and the surface area
of municipalities can be explained in two dimensions. The first
principal component (PC1) measured volume (i.e., number and
density of pigs regardless of the cluster), while the second
component (PC2) measured specificity (i.e., concentration either
in clusters 1 and 2 or in clusters 4 and 5). The municipalities
could be reasonably well characterized using only two quantitative
variables, such as the densities of pigs in clusters 1-2 and 4-5, or
equivalently, principal components one and two. The different
colors in Figure 4C identified municipalities with similar profiles
in terms of cluster distribution. The visible contrast between
different aggregations of municipalities suggests a neighborhood
effect or the use of similar practices depending on the
characteristics of the area, such as valleys as opposed to
mountains. This effect is particularly relevant in Haute-Gravone
and in the western part of Castagniccia where clusters 4 and 5
were predominant, while in the central part of Castagniccia,
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profiles of municipalities were primarily composed of clusters
1 and 2.

3.3.2 The spatial distribution of the IPI based on
pig farming practices

In general, direct and indirect IPI co-evolved within municipalities
as shown in Figure 5. The spatial projection (logarithmic scale) of
these indexes per municipality made it possible to qualify them
according to their IPI and to distinguish hotspots of potential
interaction between domestic pigs and wild boars.

These hotspots mainly concern municipalities or groups of
municipalities with both a high density of farms and number of pigs
raised in them. A major hotspot was located in the north central part
of Castagniccia, which also showed a more variable IPI than other
more homogeneous microregions such as Haute-Gravone.

3.3.3 Heterogeneous farm profiles despite similar
IPI

In our results IPI seemed to correlate roughly with pig density.
However, farming practices, through cluster attribution, could have
had a significant influence in IPI values. For example, the municipality
of Lano encompassed 315 pigs raised on a cluster 4 farm and although
the density of pigs was high (61.3 pigs/km?), the IPI remained
relatively low (9.04).

Figure 5 showed that interactions varied from one municipality
to another. In this case, IPI alone was not sufficient to qualify the
interaction as some municipalities had similar IPI values, but
different configuration in terms of clusters and thus, of practices
(Supplementary material S6). Thus, the map shown in Figure 5
allowed the identification of hotspots of high interaction risk in pig
farms despite the municipality cluster distribution profile concerned
provided a better understanding of the parameters that could
influence interactions.
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L7

FIGURE 4

Maps of the number (A) and density (B) of pigs per municipality investigated. There are higher concentrations of pigs in the Haute Gravone and
Castagniccia micro-regions. (C) Map of profiles of municipalities according to the principal components 1 and 2. Purple shades show a predominance
of cluster 4 or 5 farms, while red shades show a predominance of cluster 1 or 2 farms.

4 Discussion

4.1 Outlining the diversity of farmers’
practices to assess the interaction

Research to understand wildlife-livestock interfaces has gained
increasing attention in the last decades (54). Such interfaces
represent complex and dynamic socio-ecological systems influenced
by several components including pathogens, hosts and human
behavior. Considering that the environment and land use can
influence human activities and that pig farming practices can have
a major impact on wild boar-domestic pig interactions, our work
proposes a territorial large-scale approach to provide an index of
the risk of interactions based on predominant pig farming practices.
The advantage of our approach is that it allows the development of
different options for the management of infectious interactions
from a regional policy perspective (identification of hotspots), as
well as from a farming system perspective (major drivers of
interactions in pig farming practices). Finally, the spatialization of
our results required making choices at the administrative level
(municipality scale) that can be useful for decision making in the
management of shared infectious diseases affecting the pig industry
or public health.
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As based on previous literature (29, 41), a farming practice is not
merely a simple technical choice disconnected from the farmer’s
overall logic. A specific practice is often linked to the implementation
of other practices used to pursue the same goal. For example, in our
study, farmers who wanted to avoid wild boar intrusions in their farm
could choose between improving biosecurity by building a fence to,
spaying all young sows not intended for reproduction, or a
combination of both methods. The selected clusters managed to
capture this diversity of practices targeting the same goal rather than
a series of disconnected practices. However, in our analysis, the
division of practices in clusters shaped by key practices could have
hidden the overall logic of farmers’ choices. Farmers’ logic is better
considered using the “systems of practice” concept highlighted by
some pioneering work on rural sociology from last century (55). More
recent publications suggested that the “systems of practice” approach
allows a better understanding of farms complexity in a region as it
connects the object of the study (here biosecurity) to other dimensions
of farming systems and to farmers’ overall logics (56). Hence in our
study, farmers identified seasonal feed resources and reproduction as
major drivers toward which their practices should be targeted to
manage individual risk. One possible explanation is that in autumn,
the availability of abundant resources such as chestnuts and acorns,
coincides with the rutting period of adult wild boars, and the period
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Map of IPI based on potential direct and indirect interactions as estimated by the custom weighted averages of cluster densities.

of oestrus period sows. Autumn thus represents the most suitable
moment of the year for the occurrence of direct interaction. This may
explain the importance of reproduction practices underlined by pig
farmers in contrast to observations reported in drier Mediterranean
areas, where sources of water in spring and summer appear as
predominant drivers of interaction (18). An originality of our
approach is that the quantification of our proxy of interaction (IPI) is
not based on biosecurity measures and standards as in other studies,
but rather on the farmers’ perception of the local drivers and available
methods to address the problem. In this case, spaying sows
non-targeted for reproduction, despite being discouraged by animal
health professionals and questionable in terms of animal welfare, is
frequently practiced in Corsica and perceived as an important factor
for mitigating sexually driven interactions with wild boars (16, 17, 25).

Several authors have underlined the advantage of using clustering
to process local knowledge collected by experts (57, 58) as well as
organizing the information in systems based on their statements and/
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or opposing perceptions (59). Cluster analysis is always a
representation of reality in response to a specific research question (in
this case pig farming practices). Other attempts to analyze and classify
pig farming in Corsica produced different representations of the same
reality based on different zootechnical, sanitary or socio-economic
perspectives (16, 60, 61), the typology of Relun et al. being the closest
to our results. Comparable pig farming adaptations can be found in
other Mediterranean islands or regions (61) with in some cases, an
accepted level of risk, as illustrated by regular outbreaks of African
swine fever reported for decades in neighboring Sardinia (5, 22, 62).
Clusters 2 and 3 can be distinguished from cluster 1 by their
implementation of more restrictive practices in terms of domestic
pig-related behavior and its interactions with wild boar. In the opinion
of the local experts, cluster classification could be influenced by the
priority given by each farmer to avoid direct (for cluster 2) or indirect
(for cluster 3) interactions. These practices were common, and often
associated with the occupation of agriculturally abandoned areas.
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