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Abstract

Transboundary livestock diseases are a high priority for policy makers because of the seri-
ous economic burdens associated with infection. In order to make well informed preparedness
and response plans, policy makers often utilize mathematical models to understand possible
outcomes of different control strategies and outbreak scenarios. Many of these models focus
on the transmission between herds and the overall trajectory of the outbreak. While the
course of infection within herds has not been the focus of the majority of models, a thorough
understanding of within-herd dynamics can provide valuable insight into a disease system
by providing information on herd-level biological properties of the infection, which can be
used to inform decision making in both endemic and outbreak settings and to inform larger
between-herd models. In this study, we develop three stochastic simulation models to study
within-herd foot and mouth disease dynamics and the implications of different empirical
data-based assumptions about the timing of the onset of infectiousness and clinical signs.
We also study the influence of herd size and the proportion of the herd that is initially
infected on the outcome of the infection. We find that increasing herd size increases the

duration of infectiousness and that the size of the herd plays a more significant role in deter-
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mining this duration than the number of initially infected cattle in that herd. We also find
that the assumptions made regarding the onset of infectiousness and clinical signs, which are
based on contradictory empirical findings, can result in the predictions about when infection
would be detectable differing by several days. Therefore, the disease progression used to
characterize the course of infection in a single bovine host could have significant implications
for determining when herds can be detected and subsequently controlled; the timing of which

could influence the overall predicted trajectory of outbreaks.

Keywords: transboundary livestock disease, foot and mouth disease, within-herd

dynamics, herd size
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e In the FMD system, empirical studies show differing disease progressions in cattle.
e Herd detectability differs by several days depending on assumed disease progression.

e Herd size impacts infectious duration more than number of cattle initially infected.

Introduction

Mathematical models, including agent-based and hybrid models, are part of the tool-
set that policy makers deploy to inform decisions regarding the potential for outbreaks of
transboundary livestock diseases, such as foot and mouth disease (FMD), highly pathogenic
avian influenza (HPAI), and African swine fever (ASF) (Webb et al., 2017; Schoenbaum and
Terry Disney, 2003; Probert et al., 2016; Keeling et al., 2001; Tildesley et al., 2006; Yoon
et al., 2006; Willeberg et al., 2011; Buhnerkempe et al., 2014; Tsao et al., 2014; Savill et al.,
2006; O’Neill et al., 2020; Hill et al., 2017; Retkute et al., 2018; Lange et al., 2018; EFSA
et al., 2018; Hill et al., 2018). These diseases have the potential to spread rapidly across
international borders and cause serious, sometimes catastrophic, economic and agricultural
losses in non-endemic countries (Paarlberg et al., 2008; Thompson et al., 2002). Often these
models focus on transmission between herds (Keeling et al., 2001; Tildesley et al., 2006;
Buhnerkempe et al., 2014; Tildesley et al., 2008; Keeling, 2005; Pomeroy et al., 2015a; Tsao
et al., 2019). However, models of between herd spread often make a simplifying assumption
that herds are either susceptible or infected. The reality is more subtle as within-herd
dynamics impact the force of infection from a herd (Keeling, 2005). Thus, understanding
the outbreak trajectory within a herd can provide important information for understanding
the biology of transboundary disease systems, including the transmission behavior and the
potential for disease detection. This information can also be used to inform decision making
and developing policy, and in parameterizing larger between-herd models.

A primary focus of policy intended to mitigate transboundary livestock diseases in non-

endemic countries has been to reduce the potential for fast spreading infections. Due to their
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fast spread rates, models often make the assumption that once infection is introduced the
entire herd or flock, functioning as a single unit, can be considered infected and subsequently
infectious. This is a justifiable assumption in large-scale outbreak models because inference
is often on large-scale control policies whose implementation occurs over months or weeks
compared to the smaller timescale of within-herd dynamics. Additionally, there is often
limited data on infection dynamics at this scale (Keeling, 2005). The assumption is also
more tractable because it allows herds, flocks or premises to be treated as a single entity.
Assuming the entire herd or flock is a single unit is a simplifying assumption but it provides
policy makers with metrics of interest about potential outbreaks, including the number of
potential herds or flocks infected and the spatial extent. However, some outbreak metrics
of interest to policy makers are influenced by within-herd dynamics, particularly overall
outbreak duration (Chis Ster et al., 2012; Gilbertson et al., 2022), which is important for
understanding potential economic impacts and can be underestimated by models that do
not include within-herd dynamics.

Studies exploring the potential impact of within-herd dynamics on outbreak disease pro-
gressions are often done using information from data collected in outbreaks, which often
includes the day of reporting, the location, control actions taken and, if available, an in-
ferred infection date. These data are invaluable and have been used effectively for numerous
studies (Keeling et al., 2001; Keeling, 2005; Tildesley et al., 2006, 2008, 2009; Keeling et al.,
2003; Hayama et al., 2012, 2013; Perez et al., 2004b,a; Ward and Perez, 2004; Ferguson, 2001;
Ferguson et al., 2001). However, it can be difficult to parameterize within-herd models using
outbreak data. One reason for this is there is uncertainty in the estimated date of infection
for herds and these data are not always collected during outbreak situations (Keeling et al.,
2001; Perez et al., 2004b; Muroga et al., 2012). Additionally during an outbreak, premises
that are identified as being infected or at higher risk from infection are often controlled as
quickly as possible (Anderson, 2002; Muroga et al., 2012; Perez et al., 2004b), which means

that the full progression of infection within a herd or flock is not realized. For instance at
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the end of March in the U.K. 2001 FMD outbreak, herds that were identified as infected
were supposed to be culled within 24 hours, and those that were identified to be at higher
risk (dangerous contacts) were culled within 48 hours (Anderson, 2002), meaning that in-
fected herds were removed from the population before the infection fully progressed through
the herd. In endemic settings, serological data are available (Pomeroy et al., 2015b); how-
ever, the complex interactions between immunology and the different circulating serotypes
can make it difficult to understand the progression of a single strain in an immunologically
naive population. Parameterization through serological data also requires repeated sampling
through time, which is not always available or feasible.

Another difficulty is that outbreak data available to researchers usually report the entire
herd or flock as infected rather than reporting the number of animals that are infected.
This means that even with an inferred infection date, there is little information available to
understand how the route (e.g. fomite, imported animal) of pathogen introduction impacts
the dynamics. For example, it is unknown if a shipment of one or two infected animals
into a herd will result in different dynamics than if twenty percent of the herd or flock
was infected via local spread (i.e. transmission through a non-shipment related event).
Understanding how the number or proportion of the initially infected population within a
herd or flock influences disease dynamics could be important for allocating control strategies
and understanding both within and between entity transmission.

A factor that can further complicate the parameterization of within-herd models is that
estimates of epidemiological parameters from experimental infections are often based on
proxies of infectiousness rather than direct observations of transmission (Clancy et al., 2006;
Bos et al., 2009; Rohani et al., 2009; Mardones et al., 2010; Charleston et al., 2011; Ypma
et al., 2013). Using a coupled experimental design, Charleston et al. (2011) showed that the
timing of clinical signs and the onset of infectiousness of FMD in cattle changes depending
on the methods used to identify infectious animals (Charleston et al., 2011). Results from

a transmission challenge experiment suggest that cattle develop clinical signs shortly before
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they are capable of transmitting the virus to other susceptible cattle; however, if cattle are
monitored using more traditional measures of viremia in various bodily fluids, the results
suggest they are infectious before they show clinical signs. The two differing disease progres-
sions in cattle, one suggested by the transmission challenge experiment, one suggested by
traditional measures, could manifest in different dynamics within a herd and could impact
the length of time a herd is infectious as well as the detectability assumptions about that
herd. The results presented in Charleston et al. (2011) also suggest that FMD progression in
cattle may differ from the progression in pigs (Charleston et al., 2011; Stenfeldt et al., 2016;
Paton et al., 2018). Uncertainty in the timing of disease stages, such as periods when animals
are infectious or showing clinical signs, has also been acknowledged in other transboundary
livestock diseases, including HPAT and ASF (Bos et al., 2007; Backer et al., 2009; Guinat
et al., 2017). Uncertainty in disease stages, both within a species or among different species,
could have ramifications for detection, and possibly control or surveillance, in both endemic
and epidemic disease situations. In outbreaks, the time to detection is considered a critical
factor in minimizing potential losses (Carpenter et al., 2011; Sédnchez-Vizcaino et al., 2013);
therefore, exploring the impact of uncertainty and, in the case of FMD, conflicting findings
on the disease stages would be highly beneficial both for policy makers and modeling groups.

In this study, we focus on developing within-herd models for one transboundary live-
stock disease, FMD, which is a highly contagious virus that infects divided hoofed animals,
including important livestock species such as cattle, sheep, and pigs (Haydon et al., 2004).
FMD outbreaks are expensive because of the restrictions on trade that are placed on infected
countries and the control measures implemented by non-endemic countries (Anderson, 2002;
Thompson et al., 2002; Knight-Jones and Rushton, 2013). This makes FMD a policy con-
cern for both countries that are not infected and for countries that are dealing with endemic
spread. The United States (U.S.) has not experienced an FMD outbreak in almost a cen-
tury, and as with many FMD-free countries, preparing for the potential introduction of FMD

means having to rely on information gained from outbreaks in other countries; this includes
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information on between and within-herd spread. Understanding how within-herd dynamics
may be influenced by the factors discussed above will be helpful for informing assumptions
about larger-scale between herd processes and control.

For epidemic FMD, it is rare that models focus solely on within-herd dynamics. More
often within-herd models are embedded in the larger between-herd models that are of more
interest for policy and preparedness. There are a few notable exceptions where within-
herd dynamics or transmission have been specifically studied (Chis Ster et al., 2012; Brito
et al., 2011; Carpenter et al., 2004). These studies have focused on understanding the role
within-herd dynamics or transmission played in previous outbreaks of FMD (Chis Ster et al.,
2012; Brito et al., 2011), and improving our understanding of the epidemiology, detection
(Chis Ster et al., 2012), vaccination (Brito et al., 2011) and diagnostics (Carpenter et al.,
2004). From these studies, it is clear that within-herd dynamics do affect the overall outbreak
trajectory or parameter estimates and that there are a number of unknowns associated with
understanding within-herd dynamics, including a quantitative exploration of the animals
initially infected in a herd (Chis Ster et al., 2012).

Here, we performed a systematic exploration of the impact of herd size, the number of
animals initially infected within herds, and model structure (disease progression) to develop
a better understanding of within-herd FMD dynamics in cattle. We developed a set of three
stochastic compartmental models of within-herd FMD, which are based on the differing as-
sumptions about disease progression that could be made based on experimental studies. By
running simulations with these models across herd sizes from 5-10,000 head and initial in-
fection sizes representing 1-25% of the herd, we quantified how these herd characteristics
impact the length of time a herd is infectious and potentially contributing to onward spread.
Additionally, we investigated the predicted differences in the detectability of infected herds
between model structures. The results from these models provide information about the
length of time herds of different sizes could be infectious and the impact the inclusion of

within-herd dynamics may have on overall outbreak dynamics. By exploring the effect of
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disease progression on predictions, these results show that uncertainty in the progression also
results in uncertainty in herd detectability which could have impacts on decision making.
These results also provide predictions that could be used to inform nation-scale between-herd
outbreak models, including assumptions about the reporting of infected herds and possibly
the timing of control in relation to onset of infectiousness. Together these results provide
information about how herd demographics and assumptions about disease progression im-
pact the predictions about a transboundary disease system and point to the importance of

understanding the underlying biology.

Methods

We developed three stochastic compartmental models to study the within-herd dynamics
of FMD in cattle. The three model structures reflect the differing disease progression results
from empirical studies (Charleston et al., 2011; Mardones et al., 2010) and are all variations
on standard susceptible, exposed, infectious, removed (SEIR) models. For all three model
variants, we make the assumption that we are dealing with a closed population, such that
there are no births, deaths, emigration or immigration. The speed of FMD spread through
a herd is on a faster time scale than the processes affecting the herd size and can therefore
justify this assumption. We also make the assumption that the cattle herd is immunologically
naive, which mimics the situation in an outbreak setting or in an endemic situation with a
novel strain, as there is little cross-immunity between strains (Paton and Taylor, 2011).

We assume that FMD will be introduced into a herd through the exposed class, rather
than through the infectious class. We make this assumption because it is the first disease
stage, and regardless of model variant, the exposed stage is both non-infectious and without
clinical signs. Since there is not clear experimental evidence for within-herd FMD transmis-
sion being density- or frequency-dependent, we built both transmission types for our three
model variants. There is some evidence that between-herd transmission of FMD is density-

dependent (Ferrari et al., 2011), and we therefore present the density-dependent versions
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of the models in the main text and the frequency-dependent versions in the Supplementary
Methods.

The first model, which will hereafter be referred to as the Base model, is an SEIR
model (Figure S1). In this model, we assume that cattle are infectious and clinical in the
infectious stage, such that cattle become infectious and detectable at the same time. This
model represents the simplest assumption regarding relative timing of infectiousness and
clinical signs and is therefore useful as a benchmark for comparing with the other two models

presented below. Cattle move through the compartments of the Base model as follows:

s

— = —B51 (1)
% — BSI—oF (2)
% _ GBI (3)
LEEY: ()

where, S, E, I, R represent susceptible, exposed, infectious, and removed individuals, respec-
tively. The transmission rate is given by [, the transition between exposed and infectious
(infectious rate) is given by o and the recovery rate is given by ~. The stage transition rates
for this model and the following two models are in units of days™ (Table S1). Equations
1-4 show density dependent transmission (see the Supplemental Methods for the equations
describing frequency-dependent transmission).

The second model, which will be called the Clinical First model, includes an additional
compartment for cattle that are showing clinical signs but are not yet infectious. This model
follows the results of the transmission challenge experiment conducted by (Charleston et al.,
2011). The Clinical First model compartments are: Susceptible, Exposed, Clinical Not
Infectious, Infectious & Clinical, Removed (SEAIR) (Figure S2). The model equations are

given by:
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assuming density-dependent transmission. The transmission rate, 3, is the same parameter
as used in the base model. The stages are given by S, E, Ay, I, R, where S, E, and R are
the same as the Base model and A;, and I; represent the clinical not infectious, and clinical
and infectious stages unique to the Clinical First model. The rate of transition from exposed
to clinical not infectious is given by ¢, the rate from clinical not infectious, to clinical and
infectious, is given by w and the recovery rate is given by 6.

The third model will be called the Infectious First model, and follows the results from
measures of viremia in fluid. In this model variant, cattle are assumed to be infectious before
they show clinical signs. The five compartments of the Infectious First model are: Suscepti-
ble, Exposed, Infectious Not Clinical, Infectious & Clinical, Removed (SEIAR) (Figure S3)

and is described by:

dS
- = —BS(L+ A4 (10)
dFE
- BS(I, + Ay) —nE (11)
dl,
— = nFk —pl 12
dt n P12 ( )
dA
d_t2 = ply — pA (13)
dR
— = uA 14
dt 1A ( )

10
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assuming density-dependent transmission. The transmission rate, 3, is the same parameter
as used in the base model. The stages are given by S, E, Ay, I, R, where S, E, and R
are the same as the base model and A,, and I, represent the infectious not clinical, and
clinical and infectious stages unique to the Infectious First model. The rate of transition
from exposed to infectious not clinical is given by 7, the rate from infectious not clinical, to
clinical and infectious, is given by p and the recovery rate is given by pu.

All three model variants were parameterized from the empirical cattle study by Charleston
et al. (2011) (Table S1). We chose to use this study because it experimentally estimates
each model parameter and uses Bayesian inference to estimate uncertainty in each param-
eter estimate, which is used in the sensitivity analysis described below. Charleston et al.
(2011) also allows consistent parameterization methods among models because it coupled a
transmission challenge experiment with measurements of viremia in bodily fluids. Whilst
the results from the transmission challenge part of the Charleston et al. study are differ-
ent from results previously reported, the results from the measures of viremia are consistent
with previous FMD studies (Mardones et al., 2010; Charleston et al., 2011). The Base model
and Clinical First models were parameterized using the transmission challenge experiments;
however, in the Clinical First model, the exposed stage is split into two so that there is
a distinct stage for clinical but not yet infectious cattle. The Infectious First model was
also parameterized using the same experiment, but Charleston et al. (2011) defined the
infectious state based on a commonly used proxy for infectiousness: detection of the virus
in fluids by PCR. Specifically, Charleston et al. (2011) measured viremia in blood, nasal
fluid, and oesophageal-pharyngeal fluid (OPF), which resulted in three estimates for stage
durations (Charleston et al., 2011). Therefore, we used three different parameterizations for
the Infectious First model, corresponding to the different fluids.

Twelve herd sizes ranging from 5 to 10,000 head were selected based on the category
divisions in the NASS Agricultural Census herd sizes (USDA, 2014). For each herd size,

infection was seeded with 1%, 5%, 10%, and 25% of the herd initially infected with the
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virus. For smaller herd sizes, the initial number of animals exposed at the start of the
simulation will either be the stated percentage above or 1 animal, whichever is larger. For
larger herds, the initial number of animals exposed will be the stated percentage above or 100
animals, whichever is smaller. All percentages will be rounded to the nearest whole animal,
see Table S2 for a complete list of herd sizes and the number of initially exposed animals.
All models were stochastically simulated using the adaptive tau-leaping method (Cao et al.,
2007) coded in the R programming language (version 3.0.3) with the adaptivetau package
(Team, R Core, 2014; Johnson, 2019). We ran 1000 simulations for each combination of
model variation, initial condition, and parameter set.

We analyzed the results to estimate the length of time in days herds are predicted to be
infectious. For the Base and Clinical First models, this is the length of time cattle remain
in the infectious (I and I, respectively) class. For the Infectious First model, the length
of time animals are infectious is the total length of time they are in either the Infectious
Not Clinical stage (I3) or the Infectious and Clinical stage (As). As we are interested in
understanding the potential ramifications of when cattle become detectable, for the Clinical
First and Infectious First models we also studied the length of time the cattle could be
detectable before they are infectious and the length of time cattle could be shedding virus
before they are detectable, respectively. For Clinical First model, the length of time before
cattle are clinical but not yet infectious, is the length of time they remain in the Clinical
Not Infectious stage (A;). For Infectious First model, we are interested in the length of time
cattle are in the Infectious Not Clinical stage (I3). For each of these quantities of interest
we found the median and the 2.5 and 97.5th quantiles.

We conducted a sensitivity analysis to assess the relative importance of herd size, num-
ber of initially infected animals, and each epidemiological parameter for the length of time
herds are infectious. Using Latin Hypercube Sampling, we generated 1000 epidemiological
parameter values for the 4 herd sizes between 100 and 1000 head, and 4 initially infected

sizes, resulting in 16,000 parameter sets (Marino et al., 2008). The sensitivity analysis was
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localized to the epidemiological parameter ranges based on the 95% credible interval from
the Charleston et al. (2011) study (Table S1). We calculated model sensitivity based on the
median infection times from 1000 simulations of each parameter set. We define sensitivity
as the change in infection time for one standard deviation change in each parameter and
use a linear regression to assess the contribution of each parameter as well as interaction
terms between parameters (Buhnerkempe et al., 2014; Tsao et al., 2019). We report anal-
yses for each model separately and for the Infectious First model focus on the viremia in

blood parameterization sensitivity results.

Results

The results from all three model variants, the three parameterizations of Infectious First
model and both the transmission types, show that the length of time herds are infectious
increases with increasing herd size (Figures 1 & S4-S5). We see very little difference between
the results from the density and frequency-dependent transmission versions of the models.
Similarly, there are only slight differences between model variants in the predicted length of
time herds are infectious. The largest difference in the predicted duration of infectiousness
is between the blood parameterization of the Infectious First model and all other model
variants and parameterizations. The blood parameterization of the Infectious First model
predicts that at larger herd sizes, the length of time the herds will be infectious is lower than
the predictions from other parameterizations and model variants, such that the slope of the
duration of infectiousness by herd size is lower for the blood parameterization (Figure 1c &
Sdc).

Our results also indicate that the size of the herd is more important in determining
the length of time the herd will be infectious than the number of animals initially infected
(Figures 1 & S4-S5). This is also supported by results from the sensitivity analysis. Herd size
is consistently the best predictor of infection duration while the initial size of the infected

population has a minimal effect (Figure 2 & S6). For example, in the base model assuming
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1% of a herd is initially infected, an increase in herd size from 100 to 1000 individuals is
associated with an increase in the median duration the herd is predicted to be infectious
by 10.4 days. An increase in the initially infected size from 1% to 5% is associated with no
changes in duration. Epidemiological parameters are also more important than the initial
size of the infected population in influencing the duration a herd will be infectious. Longer
exposed and infectious periods are associated with longer infection times.

In the Clinical First model, cattle develop clinical signs before becoming infectious, such
that the virus may be detectable before transmission begins. Our results indicate that the
median estimated length of time that herds could be showing clinical signs but not transmit-
ting is less than half a day for both the density and frequency-dependent models (Figures 3
& S7-S8). The duration that herds show clinical signs is sensitive to epidemiological param-
eters but not herd size or initial infection size (Figure 4). However, there is more variation
at smaller herd sizes than those studied in the sensitivity analysis; the estimated 97.5th
quantile for herds of 20 or smaller being 2 days and for herds of 5 being 3 days. The results
of the Clinical First model suggest that detecting the infection in cattle herds before the

onset of transmission would be unlikely but that the chances increase in small herds.
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Figure 1: The length of time in days herds of 100 to 1000 head are infectious assuming density-dependent
transmission. The top x-axes show the number of animals initially exposed to the FMD virus and the bottom
axis shows the herd size. The Base model results are shown in panel (a), Clinical First model results are
in panel (b) and Infectious First model results are in panel (¢). On the Infectious First model plot (¢), the
round points show results using OPF parameters, triangle points show results using nasal fluid parameters
and square points show results using blood parameters.
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Figure 2: Sensitivity analyses across model parameters. Effect size represents linear regression coefficients
and 95% confidence interval for models fit to the median duration a herd is infectious in the (a) Base model,
(b) Clinical First model, and (c¢) Infectious First model assuming density-dependent transmission. We have
standardized both predictor and response variables for comparison among parameters.
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Figure 3: Median length of time herds of size 100 to 1000 head are predicted by the Clinical First model to
have cattle with clinical signs that are not infectious assuming density-dependent transmission with the 2.5
and 97.5 quantiles. The x-axis shows the initial size of the exposed population. The color of the points and
lines correspond to the herd size, shown in the legend.
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Figure 4: Sensitivity analyses across model parameters for (a) the median length of time herds could be
showing clinical signs but not transmitting and (b) the median length of time herds are transmitting the
virus without clinical signs. Effect size represents linear regression coefficients for models fit to the median
duration a herd is infectious assuming density-dependent transmission. We have standardized both predictor

and response variables for comparison among parameters.

17



291

292

293

294

296

297

298

299

300

301

Clinical First model Infectious First model

1.0 (R?=0.09) 1.0 (R?=0.47)
o 0.57 0.5
N
i —
—
o 0.0 S — 0.0
0
-0.5 -0.5
'10 I I I I I I I '10 I I I I I I I I I I I
TR FFE O w‘b \\5@ X (5@ Kl 8% 8%e®
NCMROE FOSIOIRANG N 6‘@0 P eé“@é‘\o\o
L ELSL L @6\%\\\\00 O S ST
P N G I 2 N e,@«\@«\%\@
2 \_\<\ N ) S (\O 0 <* )
Q9O =3 PR b o 'v G
RN & < GRS
e < o e> PYSOE)
N ) dz} Q)c‘}\ \(\ Q)b%@e e 6‘\%
Q Y (%)

Figure 5: Sensitivity analyses across model parameters for models assuming frequency-dependent transmis-
sion. Model sensitivities are displayed for (a) the median length of time herds could be showing clinical signs
but not transmitting and (b) the median length of time herds are transmitting the virus without clinical
signs. Effect size represents linear regression coefficients for models fit to the median duration a herd is
infectious assuming density dependent transmission. We have standardized both predictor and response
variables for comparison among parameters.

In the Infectious First model, cattle develop clinical signs after becoming infectious,
such that cattle may be transmitting the virus for several days before they are visually
detectable. Our results show that the median length of time herds can be transmitting the
virus without clinical signs is 2 days for the majority of herd sizes, number of initially infected,
and parameterizations (Figure 6 & S9). This also holds for both the density and frequency-
dependent versions of this model, though there is a bit more variation in the frequency-
dependent case (Figures 6 & S9-S10). The variation in the length of time that herds can
be silently transmitting ranges between one and four days, with the variation decreasing
as herd size increases (Figure 6 & S9). The duration of transmission prior to clinical signs
is less sensitive to epidemiological parameters than the duration of clinical signs but no
infectiousness from the Clinical First model. Instead the duration of infectiousness without

clinical signs is slightly sensitive to herd size, number of initially infected, the epidemiological
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parameters and some of the interaction terms (Figure 4 & 5).
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Figure 6: Median length of time herds of size 100 to 1000 head are predicted by the Infectious First model
to have infectious cattle that are not yet showing clinical signs assuming density-dependent transmission
with the 2.5 and 97.5 quantiles. The x-axis is the number of initially exposed animals. The color of the
points and lines correspond to the herd size, shown in left legend. The round points show results using OPF
parameters, triangle points show results using nasal fluid parameters and square points show results using
blood parameters (right legend).

Discussion

The length of time a herd or premises is infectious is important to decision makers and
a parameter common to many livestock disease models (Backer et al., 2009; Buhnerkempe
et al., 2014; Bradhurst et al., 2015; Carpenter et al., 2004; Gulenkin et al., 2011; Jewell
et al.,; 2009; Keeling et al., 2001; Tildesley et al., 2006; Tsao et al., 2019; Hayama et al.,
2013; Ward et al., 2008). This value is often estimated from outbreak data, which can be
difficult because herds are often identified and controlled before the full infection dynamics
are observed such that the estimated infectious times may be too short. Using empirical
studies to parameterize herd-level infection parameters removes the uncertainty and uncon-
trolled elements of infection dynamics observed in outbreaks; however, these data are on the
individual animal-level, which does not necessarily provide a good estimation of a herd-level
duration of infection. Our study provides estimates of the infectious period of FMD at the

herd-level when the infection is allowed to run its course without intervention. Our results
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suggest that if left uncontrolled, herds can transition from having very few infected animals
to many infected animals rapidly. Additionally, once infected, herds may be infectious for
several weeks to over a month for larger herds. From these results, we can see that the
duration of infectiousness is highly influenced by the size of the herd.

Our results also indicate that the size of the herd is more important in determining
the length of time the herd is infectious than the initial size of the infected population
regardless of the model variant or the transmission version of the models. The sensitivity
analysis also supports the importance of herd size in determining the length of time herds
are infectious. This finding suggests that large farms could drive between farm transmission
by being both more transmissible and by staying infectious longer and that therefore, from
a policy perspective, large farms should be considered for targeted control in the event of an
outbreak. This finding also suggests that in larger between-herd spread models, accounting
for herd size may be the most important variable for estimating the length of time herds
will be infectious and is more important for capturing the dynamics than the number of
animals that initiated the infection in that herd. The relationship between initially infected
population and duration is extremely hard to estimate from observed data because of the
many different factors influencing the outbreak. Additionally, while we estimate herd size to
be more important in determining duration than the proportion of the herd initially infected
for cattle only premises that are infected at a single time point, in an epidemic setting
herds may be infected through multiple routes at different times which has the potential to
change the dynamics. Additionally, the presence of multiple species on a single premises may
change the interaction between the proportion of the herd initially infected, the herd size
and the duration. Within-herd FMD dynamics on multi-species premises may be particularly
complex because not all susceptible species have the same disease progression (Charleston
et al., 2011; Stenfeldt et al., 2016; Paton et al., 2018).

The duration of the infectious period chosen in models may not have a substantial impact

on outbreak scenarios that are well controlled; however, this parameter could have measur-
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able impacts on scenarios where control resources are assumed to be limited. In a scenario
with a limited control resource, it may not be possible to control herds as expeditiously as
when the resource is unlimited. For example, in the event of a delay in culling owing to
personnel or disposal constraints, the results from this study could provide an estimate of
the length of time herds may continue to contribute to spread. In this study, we do not study
potential impacts of transmission from asymptomatic carriers because the transmission risk
from these animals has been estimated to be fairly low and potentially context dependent
(Parthiban et al., 2015). Therefore, the estimated length of spread does not account for
potential carriers, which would be an important consideration in the context of uncontrolled
long-term infection dynamics both of FMD and other livestock diseases. Additionally, the
application of control measures, which is not studied here, would alter the length of time a
herd is infected, either by removing infected animals before the infection has run its course
or by changing the susceptibility of a herd through vaccination. However, the estimates
provided in this study give an upper bound on the length of time herds are contributing to
transmission during the non-carrier phase of transmission. Estimates of the potential length
of spread could be used in economic analyses of the cost of allowing animals to remain on
a control wait list for specific lengths of time or investing in additional resources to move
through the wait list more swiftly. These types of economic and epidemic trade-off analyses
are invaluable when creating preparedness plans or estimating the impact different control
strategies would have on outbreaks.

The duration that individual herds contribute to transmission will also be important for
understanding how the composition of premises contributes to the overall outbreak dynamics.
Studies have shown that aspects of demography, including premises clustering, and the
number of large farms in a given area, impact the outcome of potential FMD outbreaks
(Werkman et al., 2016; Tsao et al., 2019; Gilbertson et al., 2022). Using well informed
estimates for the duration of infectiousness for herds of different sizes will help disentangle

the impact of herd size on duration of an outbreak within a herd versus the duration of an
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outbreak across multiple herds. Depending on the demography, it is possible that a single
large farm in isolation will have a shorter outbreak duration than many small farms that
all become infected in a transmission chain. Using herd size-specific infectious durations
may also be helpful in accurately determining high risk regions or areas because of the
livestock demography. This finding that the transmission dynamics of FMD within-herds
contributes to the overall outbreak has also been found by previous explorations of epidemic
FMD outbreaks (Brito et al., 2011; Chis Ster et al., 2012). Chis Ster et al. (2012) points
to the importance of herd size and species composition for understanding the UK 2001
FMD outbreak and how little is known, quantitatively, about the initially infected animals
within a herd. The work we present here builds on these results, focusing on a single
susceptible species, and shows that the herd size is more impactful to the duration a herd
is infectious than the number or proportion of initially infected animals. Additional studies,
exploring the interactions among species within and between-herds will be important for fully
understanding how within-herd dynamics and livestock demography interact to influence
overall outbreak dynamics.

The suggestion that cattle may not be infectious until after they are symptomatic presents
an opportunity to catch, and potentially, control the onward spread of FMD very early in an
outbreak. Additionally, the onset of clinical signs corresponding closely (less than one day)
to the onset of infectiousness, could be used to target efforts in determining which herds
could have been infected by the focal herd by narrowing the search window. The results
from our simulations suggest that the short time window where cattle are not infectious but
are showing clinical signs, does not offer much opportunity of identifying the virus before
transmission has begun; the median for all herd sizes is less than one day. However, at
smaller herd sizes, there is greater variation in this time period and therefore there is more
opportunity for catching it, though logistically the time is short enough that it is still unlikely.

While the Clinical First model suggests that the window of time cattle are symptomatic

but not yet infectious is too short for an actionable difference in detection in comparison
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to the Base model, it does provide a substantial head start in detection in comparison to
the Infectious First model. The Infectious First model, that follows the traditional idea of
cattle silently transmitting FMD before developing symptoms, suggests that visual detection
is not possible until after several days of viral shedding. The difference between a few days
of silent spread (median 2 days, Figure 6 & S9) and simultaneous or closely timed onset of
clinical signs and infectiousness could result in substantial differences in assumptions about
detection. Rapid detection of FMD outbreaks is considered to be an important aspect of
containing spread and mitigating the impacts of the outbreak (Carpenter et al., 2011). Gen-
erally in models the first few herds to be infected take longer to be reported than subsequent
infections; an assumption that follows data from FMD outbreaks and results from the in-
tensification of surveillance after the outbreak has been officially reported. Models assuming
that FMD spreads silently could predict longer detection times and unchecked transmis-
sion than those models assuming transmission with clinical signs. Given the importance
of the FMD disease progression in determining herd detectability and outbreak dynamics,
additional research on the timing of infectiousness and clinical signs would be beneficial.
Additionally, empirical research suggests that unlike cattle, pigs do transmit FMD before
developing clinical signs (Paton et al., 2018; Stenfeldt et al., 2016). Research into the bio-
logical aspects of FMD infection across serotypes and susceptible species, and more broadly
into the timing of disease stages in other transboundary livestock diseases would be useful for
informing decision making and parameterizing mathematical models. Additional research is
of particular importance for diseases that infect more than one species because these can, as
has been found with FMD, have differ between susceptible species (Charleston et al., 2011;
Paton et al., 2018; Stenfeldt et al., 2016).

The results we present here are based on simple compartmental models exploring within-
herd infection dynamics of FMD independently of between herd transmission, control or
immune dynamics. The simplicity of the model limits our ability to fully study the potential

impacts of the different model assumptions, parameters, and herd sizes on overall outbreak
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trajectory. Additionally, the models presented here are for a single species and FMD infects
multiple important livestock species. As a result of this, we were not able to study the
potential dynamics of mixed species herds. The cattle only scenario does however cover
the most commonly observed outbreak scenario as 72.1% of FMD outbreaks internationally
have been in cattle only (USDA APHIS VS Center for Epidemiology and Animal Health,
2017). Additionally, approximately 71% of FMD outbreaks in non-endemic countries have
been first suspected in cattle (McLaws and Ribble, 2007). To the best of our knowledge,
cattle are the only livestock species, at least so far, where the silent spread portion of the
FMD infection has been brought into question (Charleston et al., 2011; Paton et al., 2018).
If the almost concurrent appearance of clinical signs and transmission is unique to cattle,
then herds that are mixed or consist solely of non-cattle divided hoofed species would silently
transmit the virus and detection on these premises would be delayed. Another assumption
we make is that herds are uniformly mixing. While we feel this assumption is justifiable
because of the high degree of infectivity, we do recognize that there are certain production
types (e.g. U.S. dairy) that could lead to non-uniform mixing. In such situations, the
differences resulting from assumptions regarding onset of infectiousness and detectability
may have greater impacts on the predicted results than those presented here. The models
used in this study are limited in scope, but they still provide information that can point to
additional studies and new avenues of research. These models could also be easily adapted
to study other livestock species susceptible to FMD.

The implications of the difference in potential for detection on overall outbreak trajectory
and the potential for control are beyond the purview of this study; however, it is a very in-
teresting finding that could be studied further by larger between-herd models. As mentioned
in the previous paragraph it is unclear if cattle are the only species affected by FMD that
can be detected before or at the same time as infectiousness begins. Should it be found for
FMD or more broadly for any livestock infection that certain species are detectable earlier

in infection than others, it opens up new possibilities for surveillance and control strategies.
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For example, one common control tactic in highly infectious agricultural pathogens, is to
assign a higher risk status for herds that have had an epidemiologically relevant contact
with infected herds. Higher risk herds are controlled preemptively or given more stringent
movement restrictions than lower risk herds (Tildesley et al., 2009; Perez et al., 2004a). In
situations where certain species transmit silently and others do not, control prioritization of
high risk herds could be optimized taking this information into account.

The importance of within-herd dynamics to overall outbreak dynamics is not always
apparent, particularly in non-endemic settings where herds are fully susceptible and the
spread between them is rapid. However, there are a number of aspects about FMD that
cannot be understood in the absence of within-herd dynamics. In this study, we used a
series of compartmental models to gain a better understanding of how changes to the most
basic assumptions, such as the ordering of the infection stages, can alter the predicted within-
herd dynamics of FMD. Our findings suggest that regardless of the model structure and type
of transmission, herd size is more important in determining the length of time herds remain
infectious than the size of the initially infected population. We also found that the differences
in disease progression lead to a two day difference in detectability; which results either in
silent spread or detection concurrent with transmission. The magnitude of this difference
could have interesting implications for larger between-herd transmission models and could
influence surveillance and response plans. The information gained from this study can be
used to inform herd-level parameterizations for models and provide a basis for incorporating
herd demography data into outbreak simulations to guide future surveillance and response
plans. Additionally, the results of this study demonstrate the importance of understanding
the within-herd dynamics of fast-spreading livestock diseases and could be applied to other

systems, such as HPAI and ASF.

25



475

476

477

478

479

480

481

482

483

484

485

487

488

490

491

492

493

494

495

496

497

Declaration of Competing Interests

The authors declare that they have no known competing financial interests or personal

relationships that could have appeared to influence the work reported in this paper.

Acknowledgements

This work is supported by funding provided by the U.S. Department of Homeland Se-
curity Science and Technology Directorate under contract number D15PC00278. We thank
Katie Portacci, Tom Lindstrom, Amanda Minter, Stefan Sellman, Peter Brommesson and
Uno Wennergren for useful discussion and comments. The findings and conclusions in this
preliminary publication have not been formally disseminated by the US Department of Agri-
culture and should not be construed to represent any agency determination or policy. The
analyses, views and conclusions contained in this document are those of the authors and
should not be interpreted as necessarily representing the regulatory opinions, official poli-

cies, either expressed or implied, of the U.S. Department of Homeland Security.

CRediT authorship contribution statement

Lindsay M. Beck-Johnson: Conceptualization, Methodology, Software, Formal anal-
ysis, Validation, Investigation, Data Curation, Writing - Original Draft, Writing - Review
& Editing, Visualization Erin E .Gorsich: Conceptualization, Software, Formal analysis,
Data Curation, Writing - Review & Editing, Visualization Clayton Hallman: Concep-
tualization, Methodology, Writing - Review & Editing Michael J. Tildesley: Conceptu-
alization, Methodology, Writing - Review & Editing Ryan S. Miller: Conceptualization,
Methodology, Writing - Review & Editing Colleen T. Webb: Conceptualization, Method-
ology, Resources, Supervision, Funding acquisition, Writing - Review & Editing, Project

administration

26



498

499

500

501

502

503

504

505

506

507

508

509

510

511

512

513

514

515

516

517

518

519

520

521

522

523

524

525

526

527

528

529

530

531

532

533

534

535

References

Anderson, 1., 2002. Foot and Mouth Disease 2001: Lessons to be Learned Inquiry. Technical
Report. London.

Backer, J.A., Hagenaars, T.J., van Roermund, H.J.W., de Jong, M.C.M., 2009. Modelling the
effectiveness and risks of vaccination strategies to control classical swine fever epidemics.
Journal of The Royal Society Interface 6, 849-861.

Bos, M.E.H., Nielen, M., Koch, G., Bouma, A., de Jong, M.C.M., Stegeman, A., 2009.
Back-calculation method shows that within-flock transmission of highly pathogenic avian
influenza (H7N7) virus in the Netherlands is not influenced by housing risk factors. Pre-
ventive veterinary medicine 88, 278-285.

Bos, M.E.H., Van Boven, M., Nielen, M., Bouma, A., Elbers, A.R.W., Nodelijk, G., Koch,
G., Stegeman, A., de Jong, M.C.M., 2007. Estimating the day of highly pathogenic
avian influenza (H7N7) virus introduction into a poultry flock based on mortality data.
Veterinary Research 38, 493-504.

Bradhurst, R.A., Roche, S.E., East, [.J., Kwan, P., Garner, M.G., 2015. A hybrid modeling
approach to simulating foot-and-mouth disease outbreaks in Australian livestock. Frontiers
in Environmental Science 3.

Brito, B.P., Perez, A.M., Cosentino, B., Rodriguez, L.L., Konig, G.A., 2011. Factors As-
sociated With Within-Herd Transmission of Serotype A Foot-and-Mouth Disease Virus
in Cattle, During the 2001 Outbreak in Argentina: A Protective Effect of Vaccination.
Transboundary and emerging diseases 58, 387-393.

Buhnerkempe, M.G., Tildesley, M.J., Lindstrom, T., Grear, D.A., Portacci, K., Miller, R.S.,
Lombard, J.E., Werkman, M., Keeling, M.J., Wennergren, U., Webb, C.T., 2014. The

impact of movements and animal density on continental scale cattle disease outbreaks in
the United States. Plos One 9, €91724.

Cao, Y., Gillespie, D.T., Petzold, L.R., 2007. Adaptive explicit-implicit tau-leaping method
with automatic tau selection. The Journal of chemical physics 126, 224101.

Carpenter, T.E., O'Brien, J.M., Hagerman, A.D.; McCarl, B.A., 2011. Epidemic and eco-
nomic impacts of delayed detection of foot-and-mouth disease: a case study of a simulated
outbreak in California. Journal of veterinary diagnostic investigation : official publication
of the American Association of Veterinary Laboratory Diagnosticians, Inc 23, 26-33.

Carpenter, T.E., Thurmond, M.C., Bates, T.W., 2004. A Simulation Model of Intraherd
Transmission of Foot and Mouth Disease with Reference to Disease Spread before and
after Clinical Diagnosis. Journal of Veterinary Diagnostic Investigation 16, 11-16.

Charleston, B., Bankowski, B.M., Gubbins, S., Chase-Topping, M.E., Schley, D., Howey, R.,
Barnett, P.V., Gibson, D., Juleff, N.D., Woolhouse, M.E.J., 2011. Relationship between
clinical signs and transmission of an infectious disease and the implications for control.
Science (New York, N.Y.) 332, 726-729.

27



536

537

538

539

540

541

542

543

544

545

546

547

548

549

550

551

552

553

554

555

556

557

558

559

560

561

562

563

564

565

566

567

568

569

570

571

572

Chis Ster, 1., Dodd, P.J., Ferguson, N.M., 2012. Within-farm transmission dynamics of
foot and mouth disease as revealed by the 2001 epidemic in Great Britain. Epidemics 4,
158-169.

Clancy, C.F., O’Callaghan, M.J.A., Kelly, T.C., 2006. A multi-scale problem arising in a
model of avian flu virus in a seabird colony. Journal of Physics: Conference Series 55,
45-54.

EFSA, E.F.S.A., Boklund, A., Cay, B., Depner, K., Foldi, Z., Guberti, V., Masiulis, M.,
Miteva, A., More, S., Olsevskis, E., Satran, P., Spiridon, M., Stahl, K., Thulke, H.H., Vil-
trop, A., Wozniakowski, G., Broglia, A., Cortinas Abrahantes, J., Dhollander, S., Gogin,
A., Verdonck, F., Amato, L., Papanikolaou, A., Gortazar, C., 2018. Epidemiological anal-
yses of African swine fever in the European Union (November 2017 until November 2018).
EFSA Journal 16, e05494.

Ferguson, N.M., 2001. The Foot-and-Mouth Epidemic in Great Britain: Pattern of Spread
and Impact of Interventions. Science (New York, N.Y.) 292, 1155-1160.

Ferguson, N.M., Donnelly, C.A., Anderson, R.M., 2001. Transmission intensity and impact
of control policies on the foot and mouth epidemic in Great Britain. Nature 413, 542-548.

Ferrari, M.J., Perkins, S.E., Pomeroy, L.W., Bjornstad, O.N., 2011. Pathogens, Social Net-
works, and the Paradox of Transmission Scaling. Interdisciplinary Perspectives on Infec-
tious Diseases 2011, 1-10.

Gilbertson, K., Brommesson, P., Minter, A., Hallman, C., Miller, R.S., Portacci, K., Sellman,
S., Tildesley, M.J., Webb, C.T., Lindstrm, T., Beck-Johnson, L.M., 2022. The importance

of livestock demography and infrastructure in driving foot and mouth disease dynamics.
Life 12.

Guinat, C., Porphyre, T., Gogin, A., Dixon, L., Pfeiffer, D.U., Gubbins, S., 2017. Inferring
within-herd transmission parameters for African swine fever virus using mortality data
from outbreaks in the Russian Federation. Transboundary and emerging diseases 65,
€264-e271.

Gulenkin, V.M., Korennoy, F.I., Karaulov, A.K., Dudnikov, S.A., 2011. Cartographical
analysis of African swine fever outbreaks in the territory of the Russian Federation and
computer modeling of the basic reproduction ratio . Preventive veterinary medicine 102,
167-174.

Hayama, Y., Muroga, N., Nishida, T., Kobayashi, S., Tsutsui, T., 2012. Risk factors for
local spread of foot-and-mouth disease, 2010 epidemic in Japan. Research in Veterinary
Science 93, 631-635.

Hayama, Y., Yamamoto, T., Kobayashi, S., Muroga, N., Tsutsui, T., 2013. Mathematical
model of the 2010 foot-and-mouth disease epidemic in Japan and evaluation of control
measures. Preventive veterinary medicine 112, 183-193.

28



573

574

575

576

577

578

579

580

581

582

583

584

585

586

587

588

589

590

591

592

593

594

595

596

597

598

599

600

601

602

603

604

605

606

607

Haydon, D.T., Kao, R.R., Kitching, R.P., 2004. The UK foot-and-mouth disease outbreak -
the aftermath. Nature Reviews Microbiology 2, 675-681.

Hill, E.M., House, T., Dhingra, M.S., Kalpravidh, W., Morzaria, S., Osmani, M.G., Brum,
E., Yamage, M., Kalam, M.A., Prosser, D.J., Takekawa, J.Y., Xiao, X., Gilbert, M.,
Tildesley, M.J., 2018. The impact of surveillance and control on highly pathogenic avian
influenza outbreaks in poultry in Dhaka division, Bangladesh. PLoS Computational Biol-
ogy 14, 1-27.

Hill, E.M., House, T., Dhingra, M.S., Kalpravidh, W., Morzaria, S., Osmani, M.G., Yamage,
M., Xiao, X., Gilbert, M., Tildesley, M.J., 2017. Modelling H5N1 in Bangladesh across
spatial scales: Model complexity and zoonotic transmission risk. Epidemics 20, 37-55.

Jewell, C.P., Kypraios, T., Christley, R.M., Roberts, G.O., 2009. A novel approach to real-
time risk prediction for emerging infectious diseases: A case study in Avian Influenza
H5N1. Preventive veterinary medicine 91, 19-28.

Johnson, P.; 2019. adaptivetau: Tau-Leaping Stochastic Simulation. R package version
2.2-3.

Keeling, M.J., 2005. Models of foot-and-mouth disease. Proceedings of the Royal Society B:
Biological Sciences 272, 1195-1202.

Keeling, M.J., Woolhouse, M.E.J., May, R.M., Davies, G., Grenfell, B.T., 2003. Modelling
vaccination strategies against foot-and-mouth disease. Nature 421, 136-142.

Keeling, M.J., Woolhouse, M.E.J., Shaw, D.J., Matthews, L., 2001. Dynamics of the 2001 UK
Foot and Mouth Epidemic: Stochastic Dispersal in a Heterogeneous Landscape. Science
(New York, N.Y.) 294, 813-817.

Knight-Jones, T.J.D., Rushton, J., 2013. The economic impacts of foot and mouth disease -
what are they, how big are they and where do they occur? Preventive veterinary medicine
112, 161-173.

Lange, M., Guberti, V., Thulke, H.H., 2018. Understanding ASF spread and emergency
control concepts in wild boar populations using individual-based modelling and spatio-
temporal surveillance data. EFSA Supporting Publications 15, 1521E.

Mardones, F., Perez, A.M., Sanchez, J., Alkhamis, M., Carpenter, T.E., 2010. Parameteri-
zation of the duration of infection stages of serotype O foot-and-mouth disease virus: an

analytical review and meta-analysis with application to simulation models. Veterinary
Research 41, 45.

Marino, S., Hogue, 1.B., Ray, C.J., Kirschner, D.E., 2008. A methodology for performing
global uncertainty and sensitivity analysis in systems biology. Journal of Theoretical
Biology 254, 178-196.

29



608

609

610

611

612

613

614

615

616

617

618

619

620

621

622

623

624

625

626

627

628

629

630

631

632

633

634

635

636

637

638

639

640

6

&

1

642

643

McLaws, M., Ribble, C., 2007. Description of recent foot and mouth disease outbreaks in
nonendemic areas: Exploring the relationship between early detection and epidemic size.
The Canadian Veterinary Journal 48, 1051.

Muroga, N., Hayama, Y., Yamamoto, T., Kurogi, A., Tsuda, T., Tsutsui, T., 2012. The 2010
Foot-and-Mouth Disease Epidemic in Japan. The Journal of Veterinary Medical Science
74, 399-404.

O’Neill, X., White, A., Ruiz-Fons, F., Gortazar, C., 2020. Modelling the transmission and
persistence of African swine fever in wild boar in contrasting European scenarios. Scientific
reports 10, 5895.

Paarlberg, P.L., Seitzinger, A.H., Lee, J.G., Mathews, K., 2008. Economic Impacts of Foregin
Animal Disease. Technical Report ERR-57.

Parthiban, A.B.R., Mahapatra, M., Gubbins, S., Parida, S., 2015. Virus Excretion from
Foot-And-Mouth Disease Virus Carrier Cattle and Their Potential Role in Causing New
Outbreaks. Plos One 10, e0128815.

Paton, D.J., Gubbins, S., King, D.P., 2018. Understanding the transmission of foot-and-
mouth disease virus at different scales. Current Opinion in Virology 28, 85-91. Emerging
viruses: intraspecies transmission Viral Immunology.

Paton, D.J., Taylor, G., 2011. Developing vaccines against foot-and-mouth disease and some
other exotic viral diseases of livestock. Philosophical Transactions of the Royal Society B:
Biological Sciences 366, 2774.

Perez, A.M., Ward, M.P., Carpenter, T.E., 2004a. Control of a foot-and-mouth disease
epidemic in Argentina. Preventive veterinary medicine 65, 217-226.

Perez, A.M., Ward, M.P., Carpenter, T.E., 2004b. Epidemiological investigations of the 2001
foot-and-mouth disease outbreak in Argentina. The Veterinary record 154, 777-782.

Pomeroy, L.W., Bansal, S., Tildesley, M.J., Moreno-Torres, K.I., Moritz, M., Xiao, N.,
Carpenter, T.E., Garabed, R.B., 2015a. Data-Driven Models of Foot-and-Mouth Disease
Dynamics: A Review. Transboundary and emerging diseases .

Pomeroy, L.W., Bjornstad, O.N., Kim, H., Jumbo, S.D., Abdoulkadiri, S., Garabed, R.,
2015b. Serotype-Specific Transmission and Waning Immunity of Endemic Foot-and-Mouth
Disease Virus in Cameroon. Plos One 10, e0136642.

Probert, W.J.M., Shea, K., Fonnesbeck, C.J., Runge, M.C., 2016. Decision-making for
foot-and-mouth disease control: Objectives matter. Epidemics 15, 10-19.

Retkute, R., Jewell, C.P., Van Boeckel, T.P., Zhang, G., Xiao, X., Thanapongtharm, W.,
Keeling, M., Gilbert, M., Tildesley, M.J., 2018. Dynamics of the 2004 avian influenza H5N1
outbreak in Thailand: The role of duck farming, sequential model fitting and control.
Preventive veterinary medicine 159, 171-181.

30



644

645

646

647

648

649

650

651

652

653

654

655

656

657

658

659

660

661

662

663

664

665

666

667

668

669

670

671

672

673

674

675

676

677

678

679

680

Rohani, P., Breban, R., Stallknecht, D.E., Drake, J.M., 2009. Environmental transmission
of low pathogenicity avian influenza viruses and its implicationsfor pathogen invasion.
Proceedings of the National Academy of Sciences 106, 10365-10369.

Sénchez-Vizcaino, J.M., Mur, L., Martinez-Lépez, B., 2013. African swine fever (ASF): Five
years around Europe. Veterinary Microbiology 165, 45-50.

Savill, N.J., St Rose, S.G., Keeling, M.J., Woolhouse, M.E.J., 2006. Silent spread of H5N1
in vaccinated poultry. Nature 442, 757-757.

Schoenbaum, M.A., Terry Disney, W., 2003. Modeling alternative mitigation strategies
for a hypothetical outbreak of foot-and-mouth disease in the United States. Preventive
veterinary medicine 58, 25-52.

Stenfeldt, C., Pacheco, J.M., Brito, B.P., Moreno-Torres, K.I., Branan, M.A., Delgado, A.H.,
Rodriguez, L.L., Arzt, J., 2016. Transmission of foot-and-mouth disease virus during the
incubation period in pigs. Frontiers in Veterinary Science 3.

Team, R Core, 2014. R: A Language and Environment for Statistical Computing. Vienna,
Austria.

Thompson, D., Muriel, P., Russell, D., Osborne, P., Bromley, A., Rowland, M., Creigh-Tyte,
S., Brown, C., 2002. Economic costs of the foot and mouth disease outbreak in the United

Kingdom in 2001. Revue scientifique et technique (International Office of Epizootics) 21,
675-687.

Tildesley, M.J., Bessell, P.R., Keeling, M.J., Woolhouse, M.E.J., 2009. The role of pre-
emptive culling in the control of foot-and-mouth disease. Proceedings of the Royal Society
B: Biological Sciences 276, 3239-3248.

Tildesley, M.J., Deardon, R., Savill, N.J., Bessell, P.R., Brooks, S.P., Woolhouse, M.E.J.,
Grenfell, B.T., Keeling, M.J., 2008. Accuracy of models for the 2001 foot-and-mouth
epidemic. Proceedings. Biological sciences / The Royal Society 275, 1459-1468.

Tildesley, M.J., Savill, N.J., Shaw, D.J., Deardon, R., Brooks, S.P., Woolhouse, M.E.J.,
Grenfell, B.T., Keeling, M.J., 2006. Optimal reactive vaccination strategies for a foot-
and-mouth outbreak in the UK. Nature 440, 83-86.

Tsao, K., Robbe-Austerman, S., Miller, R.S., Portacci, K., Grear, D.A., Webb, C.T., 2014.
Sources of bovine tuberculosis in the United States. Infection, genetics and evolution:
journal of molecular epidemiology and evolutionary genetics in infectious diseases 28, 137—
143.

Tsao, K., Sellman, S., Beck-Johnson, L.M., Murrieta, D.J., Hallman, C., Lindstrom, T.,
Miller, R.S., Portacci, K., Tildesley, M.J., Webb, C.T.; 2019. Effects of regional differ-
ences and demography in modelling foot-and-mouth disease in cattle at the national scale.
Interface Focus 10, 20190054.

USDA, N.A.S.S., 2014. 2012 Census of Agriculture. . Technical Report AC-12-A-51.

31



681

682

683

684

685

686

687

688

689

690

691

692

693

694

695

696

697

698

699

700

701

702

703

USDA APHIS VS Center for Epidemiology and Animal Health, 2017. State-by-State ranking
of risk pathways for informing foot-and-mouth disease surveillance in commercial swine.

Ward, M.P., Maftei, D., Apostu, C., Suru, A., 2008. Estimation of the basic reproduc-
tive number ( RO) for epidemic, highly pathogenic avian influenza subtype H5N1 spread.
Epidemiology and Infection 137, 219.

Ward, M.P., Perez, A.M., 2004. Herd demographics correlated with the spatial distribution
of a foot-and-mouth disease epidemic in Buenos Aires province, Argentina. Preventive
veterinary medicine 65, 227-237.

Webb, C.T., Ferrari, M., Lindstrom, T., Carpenter, T.E., Durr, S., Garner, M.G., Jewell,
C.P., Stevenson, M., Ward, M.P., Werkman, M., Backer, J., Tildesley, M.J., 2017. Ensem-
ble modelling and structured decision-making to support emergency disease management.
Preventive veterinary medicine .

Werkman, M., Tildesley, M.J., Brooks-Pollock, E., Keeling, M.J., 2016. Preserving privacy
whilst maintaining robust epidemiological predictions. Epidemics 17, 35-41.

Willeberg, P., Grubbe, T., Weber, S., Forde-Folle, K., Dube, C., 2011. The World Organisa-
tion for Animal Health and epidemiological modelling: background and objectives. Revue
scientifique et technique (International Office of Epizootics) 30, 391-405.

Yoon, H., Wee, S.H., Stevenson, M.A., O’Leary, B.D., Morris, R.S., Hwang, I.J., Park, C.K.,
Stern, M.W., 2006. Simulation analyses to evaluate alternative control strategies for the
2002 foot-and-mouth disease outbreak in the Republic of Korea. Preventive veterinary
medicine 74, 212-225.

Ypma, R.J.F., van Ballegooijen, W.M., Wallinga, J., 2013. Relating Phylogenetic Trees to
Transmission Trees of Infectious Disease Outbreaks. Genetics 195, 1055-1062.

32



Supplementary material for
An exploration of within-herd dynamics of a
transboundary livestock disease: a foot and mouth
disease case study

Lindsay M. Beck-Johnson?, Erin E. Gorsich®!, Clayton Hallman”, Michael
J. Tildesley®, RyanS. Miller”, Colleen T. Webb?

®Department of Biology, Colorado State University;

YUSDA APHIS Veterinary Services, Center for Epidemiology and Animal Health;
¢Zeeman Institute for Systems Biology and Infectious Disease Epidemiology Research
(SBIDER), School of Life Sciences and Mathematics Institute, University of Warwick,

! Present address: 1. Zeeman Institute: Systems Biology and Infectious Disease
Epidemiology Research (SBIDER), University of Warwick, Coventry, CV4 7TAL, United
Kingdom. 2. School of Life Sciences, University of Warwick.

Supplemental Methods

SusceptibleH Exposed H Infectious]—)[ Removed

Figure S1: Base model structure. The within herd cattle population is closed and moves sequentially through
four compartments: Susceptible, Exposed, Infectious, and Removed.

Susceptible Exposed

Clinical Infectious Removed

Figure S2: Clinical First model structure. The within herd cattle population is closed and moves sequentially
through five compartments: Susceptible, Exposed, Clinical, Not Infectious, Clinical And Infectious, and
Removed.
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Figure S3: Infectious First model structure. The within herd cattle population is closed and moves sequen-
tially through five compartments: Susceptible, Exposed, Infectious, Not Clinical, Clinical And Infectious,
and Removed.

The three model variants were also run with frequency-dependent transmission. The base
model variation is given by the following equations.

g S, o
% = ob—~l (S3)
o= (54)
N = S+E+I+R (S5)

Where, S, E, I, R represent susceptible, exposed, infectious, and removed individuals,
respectively. N represents the total number of animals in the population. The transmission
rate is given by [, the transition between exposed and infectious is given by ¢ and the
recovery rate is given by 7.

The frequency-dependent version of the Clinical First model, which describes the situa-
tion where cattle develop clinical signs before they become infectious, is given by:



ds _BSI,

.~ N (56)
% = _5]5[1—¢E (S7)
% = GF —wA, (S8)
% — WA -0l (S9)
% — 09I, (S10)
N = S+E+A+L+R (S11)

The transmission rate, (3, is the same parameter as used in the base model. The stages
are given by S, F, Ay, I, R, where S, E, and R are the same as the base model and Aj,
and I; represent the clinical, not infectious and clinical and infectious stages unique to the
Clinical First model. N represents the total number of animals in the population. The rate
of transition from exposed to clinical, not infectious is given by ¢, the rate from clinical, not
infectious, to clinical and infectious, is given by w and the recovery rate is given by 6.

The Infectious First model, in which cattle become infectious before clinical signs, with
frequency-dependent transmission is described by the following equations.

% _ —BS(IXZJF Aj) (S12)
B ) g (513)
% — nE -l (S14)
dd—A; = ply — pAs (S15)
U= (16)
N = S+E+L+A+R (817)

The transmission rate, [, is the same parameter as used in the base model. The stages
are given by S, E, Ay, I, R, where S, E, and R are the same as the base model and As,
and Iy represent the infectious, not clinical and clinical and infectious stages unique to the
Infectious First model. N represents the total number of animals in the population. The rate
of transition from exposed to infectious, not clinical is given by 7, the rate from infectious,
not clinical, to clinical and infectious, is given by p and the recovery rate is given by .

The herd sizes and the size of the initially infectious cattle on a premises are shown
in Table S2. Each model variant and herd size and initial exposed population size were
simulated 1000 times.



Table S1: Parameter Values

Model Parameter Description Value Range
Base model 6] Transmission Rate 21.84 | 0.34-141.62
o Infectious Rate (Days™') 0.22 0.32-0.14
~y Recovery Rate (Days™!) 0.77 3.33-0.21
Clinical First model 6] Transmission Rate 21.84 | 0.34-141.62
o Clinical, Not Infectious Rate (Days™!) | 0.25 0.34-0.17
w Infectious Rate (Days™) 1.92 | 6.25-0.77
0 Recovery Rate (Days™) 0.77 | 3.33-0.21
Infectious First model 6] Transmission Rate 21.84 | 0.34-141.62
OPF v Infectious, Not Clinical Rate (Days™!) | 2.17 | 5.56-1.19
P Clinical Signs Rate (Days™!) 0.27 3.6-0.19
i Recovery Rate (Days™!) 0.22 0.27-0.18
Infectious First model 6] Transmission Rate 21.84 | 0.34-141.62
Nasal Fluid v Infectious, Not Clinical Rate (Days™!) | 0.39 0.59-0.22
p Clinical Signs Rate (Days™!) 0.65 | 0.75-0.57
U Recovery Rate (Days™!) 0.20 0.30-0.12
Infectious First model 6] Transmission Rate 21.84 | 0.34-141.62
Blood v Infectious, Not Clinical Rate (Days™') | 0.43 0.67-0.26
P Clinical Signs Rate (Days™!) 0.58 0.69-0.43
i Recovery Rate (Days™!) 0.41 0.48-0.37




Table S2: Herd sizes and number of animals in the herd infected at the start of the simulations.

Percent Infected
Herd Size | 1% | 5% | 10% | 25%
5 1 1 1 1
10 1 1 1 3
15 1 1 2 4
20 1 1 2 5)
50 1 3 5 13
100 1 5 10 25
200 2 | 10 | 20 50
500 5 | 25 | 50 | 100
1000 10 | 50 | 100 | 100
2500 25 | 100 | 100 | 100
5000 50 | 100 | 100 | 100
10000 100 | 100 | 100 | 100
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(c) Infectious First model

Figure S4: The length of time in days premises are infectious assuming density-dependent transmission. The
x-axes show the size of the herd before the period and the number of animals initially infected with the
FMD virus (after the period). The top x-axis is the number of animals that are initially infected and the
bottom x-axis is the total number of animals in the herd. The base model results are shown in panel (a), the
Clinical First model results are in panel (b) and the Infectious First model results are in panel (¢). On the
Infectious First model plot (c¢), the round points show results using OPF parameters, triangle points show

results using nasal fluid parameters and square points show results using blood parameters.
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Figure S5: The length of time in days premises are infectious assuming frequency-dependent transmission.
The x-axes show the size of the herd before the period and the number of animals initially infected with the
FMD virus (after the period). The top x-axis is the number of animals that are initially infected and the
bottom x-axis is the total number of animals in the herd. The base model results are shown in panel (a), the
Clinical First model results are in panel (b) and the Infectious First model results are in panel (¢). On the
Infectious First model plot (c¢), the round points show results using OPF parameters, triangle points show
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Figure S6: Sensitivity analyses across model parameters for models assuming frequency-dependent trans-
mission. Effect size represents linear regression coefficients for models fit to the median duration a herd
is infectious in the (a) Base model, (b) the Clinical First model, and (c) the Infectious First model as-
suming frequency-dependent transmission. We have standardized both predictor and response variables for
comparison among parameters.
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Figure S7: Median length of time premises are predicted by the Clinical First model to have cattle with
clinical signs that are not infectious assuming density-dependent transmission with the 2.5 and 97.5 quantiles.
The top x-axis is the number of animals that are initially infected and the bottom x-axis is the total number
of animals in the herd.
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Figure S8: Median length of time premises are predicted by the Clinical First model to have cattle with
clinical signs that are not infectious assuming frequency-dependent transmission with the 2.5 and 97.5 quan-
tiles. The top x-axis is the number of animals that are initially infected and the bottom x-axis is the total
number of animals in the herd.
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Figure S9: Median length of time herds are predicted by the Infectious First model to have infectious
cattle that are not yet showing clinical signs assuming density-dependent transmission with the 2.5 and 97.5
quantiles. The top x-axis is the number of animals that are initially infected and the bottom x-axis is the
total number of animals in the herd. The round points show results using OPF parameters, triangle points
show results using nasal fluid parameters and square points show results using blood parameters.
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Figure S10: Median length of time herds are predicted by the Infectious First model to have infectious cattle
that are not yet showing clinical signs assuming frequency-dependent transmission with the 2.5 and 97.5
quantiles. The top x-axis is the number of animals that are initially infected and the bottom x-axis is the
total number of animals in the herd. The round points show results using OPF parameters, triangle points
show results using nasal fluid parameters and square points show results using blood parameters.
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