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1 Introduction

Human ethics, animal welfare, consumer awareness, and trade regulations demand increasing protection and
a reduced level of risk against specific health hazards, particularly those arising from contagious pathogens.
At the same time, global trade, increasing international travel, and highly specialised production systems
lead to more frequent contacts between producers, service providers and markets both nationally and inter-
nationally. This provides an increased opportunity for the spread of infectious diseases. Recent examples
of large-scale outbreaks of infectious disease include foot and mouth disease, human and avian influenza,
SARS, human immunodeficiency virus, human hepatitis, salmonellosis, E. coli O157, and campylobacteriosis.

Because it is difficult and costly to evaluate risks for human and animal health in the complex socio-economic
systems in which we live, a multifactorial approach is required. For example, how does the effect of population
turnover and how frequently individuals make contact with each other influence how quickly an infectious
disease might spread? Disease modelling provides a low-cost means to estimate the likely impact of disease
in human and/or animal populations and to estimate the impact of interventions designed to control disease.
Disease models help investigators to:

• Better understand a complex system by structuring outcomes and causal components in a logical flow-
chart, pathway style.

• Predict the time course and impact of infectious disease epidemics.

• Identify areas of uncertainty where specific knowledge is required.

• Compare the efficiency of interventions for the prevention of adverse outcomes.

1.1 Generic disease models

A diagram showing the progression of events that occur when an individual is exposed to an infectious agent
is shown in Figure 1. The interval from infection to recovery can then be divided into three phases: (1) the
latent, (2) infectious, and (3) non-infectious periods. The latent period is the interval from the time of infection
to the onset of infectiousness. The infectious period is the amount of time the individual remains infectious
to others (i.e. transmit disease). The non-infectious period is the period from the cessation of the infectious
period to either recovery or death. Following exposure and establishment of infection the period of time that
must elapse before the onset of clinical symptoms (in humans) and signs (in animals) is called the incubation
period.

The somewhat complicated diagram shown in Figure 1 can be simplified into a more general format as shown
in Figure 2. In Figure 2, each of the three boxes corresponds to a state (susceptible, infectious, recovered),
while the transitions between them correspond to events. The prevalence of individuals in each state is
defined by how many members of the population are distributed among the three boxes at a given point in
time. Incidence refers to the flow of individuals from the susceptible to the infected box as a function of time.

The transition from one state to another can be influenced by disease control activities. Preventive measures
reduce the flow of individuals from the susceptible to infectious state. One strategy might be to shift individuals
from the susceptible state to recovered using immunisation. Therapy tries to increase the rate of flow out of the
infectious state. Permanent cure moves individuals from the infectious state to the recovered state. Temporary
cure moves individuals from the infectioius state back to the susceptible state. Variations of the generic model
framework shown in Figure 2 exist. For example, a susceptible-infectious (SI) model might be used for a
disease where recovery does not occur (e.g. bovine spongiform encephalopathy).

3



Figure 1: Susceptible, infectious, recovered model of infectious disease.

Figure 2: A generic model of disease comprised of susceptible (S), infectious (I) and recovered (R) states.

1.2 Populations

Defined and undefined populations

Relating cases of disease to the base population from which they arose is central to epidemiological thinking.
As with case definition, perhaps the most useful way to define a population is to specify the characteristics
that its members have in common and that set them apart from non-members. Characteristics include:

1. Individual attributes (e.g. age, sex, breed);

2. Spatial characteristics; and

3. The time or time period in which cases are identified.

Not every group of individuals constitutes a defined population for epidemiologic purposes. Characteristics
that might define a population might be too vague to determine in practice and in this situation the popula-
tion would be classified as undefined. The population specified by the description ‘the population of dogs
presented to an inner city veterinary clinic’ would be typical of an undefined population.

Open and closed populations

Once the characteristics that define a population have been specified, it is easy (in theory) to determine its
size and composition at a single point in time. Every individual that meets the defining criteria at that time is
a member, and counting them yields the population size. Once we ‘start the clock’ and monitor a population
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over a certain period of time its size and composition may change. If membership of the population remains
constant the population is said to be closed. Such a population is also called a fixed cohort. If membership of
the population changes (e.g. new members are added as birth and/or if individuals who have not developed
disease are removed as deaths) the population is said to be open. Such a population is also called a dynamic
population.

Examples of closed populations: passengers on an airplane for the duration of a flight; participants in a clinical trial in which all study
procedures and observations are completed in a single encounter; soldiers who fought in a war who are monitored for death from any
cause for 25 years after the end of the war (and assuming that ascertainment of deaths is complete).

Examples of open populations: workers employed in a factory during a two-year observation period; residents of Sydney, Australia
during 2001.
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2 Principles of SIR modelling

The susceptible-infected-resistant (SIR) model provides a relatively simple approach for understanding factors
that influence the transmission, spread and time course of infectious disease outbreaks. The components of
an SIR model are described below.

2.1 Compartments

We first recognise that any individual in a population of interest can be allocated to one of three compartments
at any given point in time (Figure 3):

St the number of susceptible individuals in the population at time t.

It the number of infectious individuals in the population at time t.

Rt the number of recovered individuals in the population at time t.

N the total number of individuals in the population.

Correspondingly, we can define the three groups as fractions of the total population N:

st the susceptible fraction of the population at time t.

it the infected fraction of the population at time t.

rt the recovered fraction of the population at time t.

Note that each individual in the population can only be in one of the three groups at any time point so St +
It +Rt = N and st + it + rt = 1.

Figure 3: SIR model described by parameters β and α.

2.2 Transition parameters

The number of new infections developing during one time interval depends on the pool of available susceptible
individuals (S), the number shedding the agent (infectious, I), and the rate of transmission, represented by
a single number called the transmission coefficient, β. The transmission coefficient combines two important
properties: (1) the number of contacts between susceptible and infectious individuals, and (2) the ability of
the agent to infect a new host once contact has occurred.

If actual contact frequencies are known we can split β into its components β = γδ, where γ is the probability
of a contact between susceptible and infectious during the time interval and δ is the probability of transmitting
infection when such a contact occurs. In real life γ will rarely be observable, therefore a single transmission
parameter β is most often used.
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While the rate of changing from susceptible to infectious depends on the transmission coefficient β, the
number of susceptible individuals and the number of infectious individuals, the change from infectious to
resistant depends on the number of infectious individuals (I) and the rate at which they leave the infectious
state, α.

The parameter α is equal to the inverse of the duration of the infectious period before becoming resistant. This
parameter can be obtained from the literature describing the length of the shedding period of an agent (e.g.
infectious bovine rhinotracheitis, bovine virus diarrhoea, avian influenza, rabies) or the period that agents
remain alive and infective in the environment, on fomites or in intermediate hosts if infection is transmitted
indirectly (e.g. Johne’s disease, leptospirosis, babesiosis, and trypanosomiasis).

2.3 Differential equations

If we plot, the number of susceptible, the number of infectious and the number of recovered individuals in a
population as a function of time, we might end up with a set of curves similar to that shown in Figure 4. The
differential of each curve is equal to the slope of the curve at each time point. The slope of the curve tells us
how quickly the number of individuals in each state is changing as a function of time. When the slope of the
curve equals zero it means that the number of individuals entering the state is equal to the number leaving
the infectious state. When the number of individuals entering the infectious state equals the number leaving
the infectious state the system is said to be at equilibrium. In an infectious disease outbreak this is the point
in time when the epidemic has reached its peak.

Figure 4: Line plot showing the number of susceptibles, infectious and recovered individuals in a population as a function of time.

In a simple SIR model, the parameters α and β determine ‘how quickly’ individuals move from one compart-
ment to the next throughout the course of the outbreak. The flow of individuals out of the S compartment and
into the I compartment depends on the number of susceptible individuals, the number of infectious individuals,
and β the transmission coefficient, -βSI. The flow of individuals into the infectious compartment depends on
S, I and β, +βSI; the flow of individuals out of the infectious compartment depends on the number of infectious
individuals and α, -αI. Mathematical expressions for these relationships are shown in Equation set 1.
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dS

dt
= −βSI

dI

dt
= βSI − αI

dR

dt
= −αI

(1)

This approach can easily be extended to reflect a situation in which there is population turnover (the situation
where individuals enter the population as births, transfers or purchases and individuals leave the population
as deaths, culls or sales) and where disease is treated, as shown in Figure 5 and Equation set 2.

Figure 5: SIR model with the provision to account for population turnover and treatment of infectious individuals.

dS

dt
= −βSI + µN − µS

dI

dt
= βSI − αI − γI − µI

dR

dt
= −αI − µR

(2)

2.4 Absolute and relative units

It is important to be aware of the units by which each of the frequencies of change in the above equations
are expressed. So far we have used absolute numbers of S and I to quantify the change in the number of
infectious individuals per unit time, Equation 3.

dI

dt
= βSI − αI (3)

In some situations we may wish to talk in terms of density and frequency dependent transmission (see Begon
et al. 2002 for a review). Since the rate of contact varies with the proximity of individuals to each other, the
use of units of density scales β by the proportion of infectious individuals in the population and population
density, N/A (where A equals the size of the study area). This ‘density unit’ can be expressed as follows:
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dI

dt
= β′S

(
I

N
× N

A

)
− αI

dI

dt
=
β′SI

A
− αI

(4)

An alternative possibility is that the transmission coefficient does not depend on population density but on the
prevalence of infectious individuals (I/N ) alone. This ‘frequency unit’ can be expressed as follows:

dI

dt
=
β”SI

N
− αI (5)

The above expressions can also be readily expressed in terms of population proportions by dividing each of
the above equations by N (and remembering that S = sN and I = iN ):

di

dt
= β̄′siN (density)

di

dt
= β̄”si (frequency)

(6)

Note that our original β based on absolute numbers has changed to β̄, because it is now scaled to the
proportions s and i.

2.5 Estimation of the transmission coefficient, β

Regression

A challenge for available study resources is the estimation of the transmission coefficient β.

If the number of new infections is known for every interval, β can be estimated using linear regression tech-
niques. Hage et al. (1997) describe a study in which weekly whole-herd serum-sampling was carried out
to monitor an outbreak of infectious bovine rhinotracheitis. By interpretation and inference, each cow was
allocated to one of three states S, I, R, in each of 8 weeks, Table 1.

If sero-conversion occurred in subsequent weeks, the time of conversion was estimated as 3.5 days before
the sample with the positive result (estimated sero-conversion). As an average time from contact to sero-
conversion for IBR is about 8 days, the estimated time of effective contact was 8 days prior to the estimated
date of seroconversion. By definition, the animal was susceptible up to this date, then became infectious for
an average of 10 days (based on repeated virus isolation of the three re-activated carrier animals). Finally,
the animal changed over into the resistant state 10 days after the effective contact date. This interpretation
was applied to all animals in the herd.
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Table 1: Infectious bovine rhinotracheitis in cattle. Counts of animals in the susceptible and infectious state, by week.

Week S I R

1 61 0

2 61 1

3 59 2

4 53 7

5 28 30

6 4 45

7 0 11

8 0 1

S <- c(61,61,59,53,28,4,0,0)

I <- c(0,1,2,7,30,45,11,1)

SI <- S * I

res.lm <- lm(I ~ -1 + SI)

summary(res.lm)

beta.500 <- res.lm$coefficient

beta.025 <- confint(res.lm, level = 0.95)[1]

beta.975 <- confint(res.lm, level = 0.95)[2]

beta <- matrix(c(beta.025, beta.500, beta.975), dimnames = NULL); beta

The estimated transmission coefficient is 0.040 (95% CI 0.002 to 0.079).

If the number of new infections per unit time is not normally distributed, Poisson regression may be more
appropriate, possibly with adjustments for repeated measures if the same animals are repeatedly sampled.
Regression techniques allow the adjustment for production system parameters and interactions to estimate
more representative or more specific values of β for various types of management or population strata.

Secondary attack rates

We call the initially identified infectious individuals the primary or index cases. The secondary attack rate
(SAR) is the probability of the occurrence of disease among known (or presumed) susceptible persons follow-
ing contact with a primary case:

SAR =
number of susceptibles who become infected

total number of susceptible, exposed individuals
(7)

The secondary attack rate is actually a proportion (not a rate). It is often defined for exposure to an infective
within some small population unit (such as a herd, household, classroom or school). Within this unit, mixing
and exposure are assumed to be homogenous.

The first step in assessing the SAR is to define for the disease under investigation the time interval after the
index case that would include secondary cases. The presumed beginning of infectiousness of the index case
is defined as time 0 for each population unit. Secondary cases are those with time of onset between the end
of the minimum incubation period E1 relative to the beginning of infectiousness of the index case (t = 0) and
the end of the maximum incubation period E2 relative to the time of the maximum infectious period of the
primary case, t = I. Thus, secondary cases are those occurring in the interval (E1, I + E2). A case with a
recorded onset time less than one minimum incubation period E1, after that of the index case was presumably
no infected by the index case and is called a co-primary case. Tertiary and higher cases are those occurring
after the maximum allowable interval for the secondary cases.
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The second step in assessing the SAR is to determine for each ascertained case within the population unit
whether it is a co-primary, secondary, tertiary or higher generation case. The estimated population unit SAR is
the total number of secondary cases in all population units divided by the total number of at-risk susceptibles
in all population units (as defined above). Co-primary cases are excluded from the denominator. Tertiary or
higher cases are excluded from the numerator but are included in the denominator.

Binomial modelling

The binomial model is often used when susceptibles make more than one potentially infectious contact. The
probability of transmission during contact between a susceptible and an infectious individual is denoted by p.
The probability of the susceptible individual escaping infection during the contact is q = (1−p). If we suppose
that an individual makes n contacts with an infective or different infectives and that the probability of being
infected during any contact is independent of previous contacts, then the probability of escaping infection from
all of the n potentially infective contacts is qn = (1 − p)n. The probability of being infected after n contacts is
1 − qn = 1 − (1 − p)n. The maximum likelihood estimate of the transmission probability under the binomial
model is:

p̂ =
number of susceptibles who become infected

total number of contacts with infectives
(8)

Note the difference with the SAR equation. In the binomial model, we count the total number of potentially
infectious contacts that susceptible individuals make, while in the SAR approach each susceptible individual
is capable of making just one potentially infectious contact with an infective.

Consider a study of HIV transmission conducted on a population of 100 sexually active couples. At the beginning of the study, one
partner in each couple was already infected with HIV and the other partner was susceptible. Twenty-five of the susceptible partners
became infected during the follow up period.

The total number of sexual encounters reported either up until a person became infected or until the end of the study was 1500.
The maximum likelihood estimate of the transmission probability p = 25/1500 = 0.017. The probability of becoming infected after two
contacts with an infected person is 1 - (1 - p)2 = 1 - (1 - 0.017)2 = 0.034.

It is possible to estimate the transmission probability even if the infection status of people making contact with
susceptibles is not known. An estimate of prevalence P of infection in the pool of potential contacts might
be available. The probability of becoming infected from contact with an individual of unknown infection status
chosen at random from a population with prevalence P is Pp. Thus, the probability of infection after n contacts
is 1 − (1 − Pp)n. The transmission probability can be estimated by solving for p, using information on the
proportion becoming infected during the study, the total number of contacts, and the prevalence of infection
in the pool of contacts.

Sometimes information on the exact number of contacts is not available. Study subjects might give information
on the average number of contacts they each make per unit time and from this the expected number of
contacts during the study period can be estimated.
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3 The basic reproductive number

The reproduction ratio, R0, is the expected number of new infectious hosts that one infectious host will pro-
duce during its period of infectiousness in a large, susceptible population. If R0 = 9 for measles in a given
population, then one person with measles introduced into that population can be expected to produce nine
secondary infections before recovering. If the entire population (comprised of N individuals) is susceptible at
the beginning of an outbreak it can be shown that:

R0 = (β/α) ×N (9)

If β and α are scaled to s, i and r then R0 = β/α. Note that if there is more than one pathway leading out
of the infectious state (e.g. culling) then R0 is calculated as [β/(α+ µ)] ×N . R0 is an important measure of
the potential force an agent has to cause an epidemic. If R0 > 1 an epidemic is likely to occur. If R0 = 1 an
epidemic is unlikely to occur and if R0 < 1 an epidemic will extinguish itself. R0 is reduced when:

• β is reduced by a lower contact frequency between susceptibles and infecteds (e.g. application of
movement controls during a foot-and-mouth disease epidemic).

• α increases as the duration of infection is reduced (e.g. by treatment).

• µ increases by a process of testing to identify infected individuals and then removing them.

R0 can be estimated in various ways: (1) using generalised linear models based on observational data, (2)
reviewing initial growth rates of an outbreak, (3) from the final size of an outbreak, and (4) for lifetime infections,
from demographic data.

3.1 Estimation of the basic reproductive number

Generalised linear models

Counts of susceptible and infectious individuals present at given time points during an epidemic can be used
to estimate R0. Recall that the number of new infectious individuals per unit time is given by I ′t = βStIt. If we
know I ′t and StIt then a generalised linear model can be used to estimate β. Because α equals the inverse
of the average duration of infectiousness it will generally be known. R0 can then be calculated using β, α and
N using the expressions described above.
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The following data comes from a study of infectious bovine rhinotracheitis in a 116 cow dairy herd. Details of the number susceptible
and infectious individuals over a seven week period are as follows:

S <- c(61,61,59,53,28,4,0,0)

I <- c(0,1,2,7,30,45,11,1)

Estimate beta using a linear regression model without an intercept term:

SI <- S * I

beta.lm <- lm(I ~ -1 + SI)

summary(beta.lm)

beta.500 <- beta.lm$coefficient

beta.025 <- confint(beta.lm, level = 0.95)[1]

beta.975 <- confint(beta.lm, level = 0.95)[2]

beta <- matrix(c(beta.025, beta.500, beta.975), dimnames = NULL); beta

Our estimate of beta is 0.040 (95% CI 0.002 – 0.079). Now calculateR0. From the literature we know that the duration of infectiousness
is around 10 days.

alpha <- 1/(10/7)

N <- 116

R0 <- (beta / alpha) * N

R0

Our estimate of R0 is 6.71 (95% CI 0.38 – 13.0).

Initial growth rates of an outbreak

If outbreak data are available R0 can be approximated from the initial multiplication of the number of affected
individuals, assuming that a large pool of susceptibles is available:

R0 = 1 +D × ln2

td
(10)

Where D is the length of the infectious period and td is the initial doubling time.

During the winter of 1968 – 1969, the United States was swept by a new strain of influenza, named Hong Kong flu after its place of
discovery. At that time no flu vaccine was available. Shown below are the weekly totals of ‘excess’ pneumonia-influenza deaths in New
York, that is, the numbers of deaths in excess of the average numbers expected from other sources. While relatively few flu sufferers
die from the disease or its complications, even without a vaccine we can reasonably assume that the number of excess deaths in a
week was proportional to the number of new cases of flu say, three weeks earlier.

week <- seq(from = 5, to = 17, by = 1)

n <- c(14,28,50,66,156,190,156,108,68,77,33,65,24)

flu <- data.frame(week, n)

plot(flu$week, flu$n, xlim = c(0, 20), ylim = c(0, 200), pch = 16, type = "b",

xlab = "Week", ylab = "Number of new flu cases")

Initially, the doubling time is one week (7 days). If a person remains infectious for 3 days, then R0 can be calculated as:

inf <- 3; dtime <- 7

R0 = 1 + inf * log(2)/dtime

R0

Our estimate of R0 for this epidemic is 1.3.

Final size of an outbreak

If the proportion of susceptible individuals in a population after an outbreak Se is known then:
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R0 =
1

Se/N
=

1

1 −Re/N
(11)

For example, if 100% of a population were initially susceptible and 20% were unaffected by the end of an
epidemic, R0 = 1/0.2 = 5. This method is applicable to dynamic populations (e.g. when susceptibles are
added to the population as mortality reduces total population size). If equilibrium is not established, the
proportion of susceptibles left after the outbreak will be underestimated and R0 will, as a result, be over
estimated. In the situation where not all individuals are initially susceptible R0 can be estimated as:

R0 =
lnµ0 − lnµ∞

(µ0 − µ∞)
(12)

A population is comprised of 120 individuals. If 30 individuals were vaccinated at the start of an epidemic and the total number of
infections was also 30 then:

mu.0 <- (120 - 30) / 120; mu.0

mu.inf <- (120 - 30 - 30) / 120; mu.inf

The proportion of the population initially susceptible is 0.75 (mu.0). The proportion of the population still susceptible at the end of the
epidemic is 0.5 (mu.inf). R0 is estimated as:

R0 <- (log(mu.0) - log(mu.inf)) / (mu.0 - mu.inf); R0

Our estimate of R0 is 1.62. This result is different from the result obtained if the proportion initially susceptible was 100% because it
assumes a lower contact rate due to some individuals being resistant at the start of the epidemic.

3.2 Herd immunity

Epidemic equilibrium is reached when the rate of new cases is approximately equal to the rate at which cases
are cured or become resistant to disease. This is a steady-state situation where the number of new infectious
individuals per unit of time equals the number of recoveries per unit time (that is, the change in the number
of infectious individuals per unit time is zero). In this case the proportion of the population that susceptible at
the equilibrium state, Se/N , is given by:

βSeI = αI (13)

Se =
α

β
(14)

Se

N
=

α

βN
=

1

R0
(15)

The threshold theorem states that if S0/N (the proportion of susceptible individuals in the population at the
start of the epidemic) is less than 1/R0 then transmission is unlikely to occur, at least not sufficiently to
cause an epidemic. Given S0/N equals the proportion of the population susceptible to disease at the start
of an epidemic it follows that the remainder 1 − S0/N is the proportion of the population not susceptible (i.e.
immune). 1 − S0/N provides useful information in terms of defining what proportion of the population need
to be vaccinated to prevent an epidemic.
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Hong Kong flu deaths in New York, 1968 – 1969. Assume that, on average, for every 2500 cases of flu there will be around one
flu-related death. Also assume that the initial values for the population variables are S(0) = 7,900,000, I(0) = 10 and R(0) = 0. Also
assume alpha = 1/3 (the infectious period for flu is around 3 days) and we guess that each infected would make an infecting contact
every two days, so beta would be 0.5.

week <- seq(from = 5, to = 17, by = 1)

n <- c(14,28,50,66,156,190,156,108,68,77,33,65,24)

flu <- data.frame(week, n)

flu$N <- flu$n * 2500

plot(flu$week, flu$n, xlim = c(0, 20), ylim = c(0, 200), pch = 16, type = "b",

xlab = "Week", ylab = "Number of new flu cases")

Create a function to compute an SIR model. Here we will use the lsoda command in the deSolve package to numerically solve the
differential equations:

library(deSolve)

SIR <- function(t, x, parms){

S <- x[1]; I <- x[2]

with(as.list(parms),{

dS <- -beta * S * I

dI <- +beta * S * I - (alpha * I)

dR <- alpha * I

out <- c(dS, dI, dR)

list(out)

})

}

N <- 7900000; S0 = 1; I0 = 10/N; R0 <- 0; alpha = 1/3; beta = 0.5; dt <-

seq(from = 0, to = 150, by = 0.1)

parms <- c(beta = beta, alpha = alpha)

inits <- c(S = S0, I = I0, R = R0)

sim <- as.data.frame(lsoda(inits, dt, SIR, parms = parms))

Plot the results:

plot(sim$time, sim$S, type = "l", col = "blue", ylim = c(0, 1), xlab = "Days",

ylab = "Number of individuals", lwd = 2)

lines(sim$time, sim$I, type = "l", col = "red", lwd = 2)

lines(sim$time, sim$R, type = "l", col = "darkgreen", lwd = 2)

lines(flu$week * 7, flu$N/N, pch = 16, type = "b")

legend(x = "topright", legend = c("Susceptible", "Infected", "Recovered",

"Actual"), col = c("blue", "red", "darkgreen", "black"), lty = c(1,1,1,NA),

lwd = c(2,2,2,NA), pch = c(NA,NA,NA,16), bty = "n")

What proportion of the population would have needed to be vaccinated to prevent an epidemic?

prop.vacc <- 1 - (S0 / N)

prop.vacc

Virtually the entire population would need to have been vaccinated to prevent an epidemic.
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4 Density and frequency dependent infection transmission

These notes focus spefically on the control of canine rabies. Two main methods are used to control canine
rabies: (1) vaccination; and (2) measures designed to reduce dog population density (usually by culling and/or
sterilisation).

Dog vaccination programmes are often undertaken as annual campaigns that aim to achieve 70% coverage.
This target is underpinned by empirical evidence which indicates that 70% coverage achieved during cam-
paigns should maintain population immunity above theoretical critical levels (between 25% and 40%). Culling
of dogs is also used, alone or with vaccination based on the assumption that a physical reduction in the num-
ber of dogs must reduce the likelihood of rabies transmission and therefore a reduction in the incidence of
rabies. While intuitively culling appears to be a logical approach for rabies control there is a body of evidence
to show that culling (alone) is a largely ineffective approach. Culling continues to be used as a primary ra-
bies control measure by animal health authorities however, partly because it represents a visible response to
public concerns about rabies.

The theoretical basis for rabies control measures involving culling or sterilisation is built on the assumption
that the rate of transmission is density dependent. Density dependent infection transmission is when the
probability of disease transmission increases as the density of the population at risk increases. This scaling
of transmission rates occurs under the assumption that the rate of encounters between susceptible and infec-
tious individuals increases with host population density. Under this assumption, increases in host density is
associated with an increase in the basic reproductive number R0.

Frequency dependent infection transmission is when the probability of disease transmission increases (as
the name suggests) as the number of contacts between susceptible and infectious individuals increases.
With frequency dependent infection transmission rates of transmission are independent of host density and a
threshold density for invasion (that is, a concept analogous to R0) does not exist. Under either frequency- or
density-dependent transmission, vaccination equally reduces both the number and proportion of susceptible
individuals in a host population, and therefore the opportunities for transmission to occur.

Influenza in humans is a disease where transmission is density dependent. The probability of infection transmission increases as the
density of hosts increases.

Sexually transmitted diseases in humans are examples of diseases where transmission is frequency dependent. The probability of
infection transmission does not depend on host density — an individual can exist in a population where the prevalence of sexually
transmitted disease is high without becoming infected. With sexually transmitted diseases, the probability of infection transmission
depends on the number of risky sexual encounters an individual has.

Culling has consistently been shown to be ineffective in controlling rabies in all host species. Rabies persisted
in foxes in New York, USA despite ‘concentrated reduction campaigns’ following an outbreak in 1945. Simul-
taneous vaccination of dogs and foxes in the 1960s resulted in elimination of the disease (Friend 1968). In
response to a rabies outbreak in 1997, nearly 300,000 dogs (approximately half of the population estimated
at the start of the outbreak) were culled in Flores, Indonesia over a period of four years. In 2004, rabies was
still endemic although the total dog population was still considerably reduced (Windiyaningsih et al. 2004).
Culling failed to control canine rabies in Korea (Lee et al. 2001) and Israel (Kaplan, Goor & Tierkel 1954),
whereas subsequent vaccination programmes in both countries managed to control the disease.

There are three likely reasons for the lack of success of culling as a means for controlling rabies in domestic
dog populations:

1. Rabies transmission in dogs is frequency dependent (as opposed to density dependent);

2. Canine rabies can continue to circulate in areas where the densities of dogs are as low as 1.36 dogs
per square kilometre (Hampson 2009) which means that culling programs need to reduce dog densities
to effectively zero in order to be effective; and
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3. In the face of culling programs by animal health authorities, reactionary translocation and concealment
of dogs (Beran & Frith 1988; Denduangboripant et al. 2005; Coetzee & Nel 2007; Kasempimolporn,
Jitapunkul & Sitprija 2008; Zinsstag et al. 2009) seriously undermines population control efforts.
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5 Exercises

5.1 Theory into practice: Simulating the spread of disease

Recall that in infectious disease modelling S denotes a susceptible individual (an individual who can become
infected), I denotes an infectious individual, and R denotes an individual who is recovered (and/or is immune
from infection).

In this exercise we will physically simulate an epidemic. We make two assumptions: (1) no individuals die
from infection, and (2) once recovered, an individual can’t become infected again. We begin our experiment
with three members of the class ‘infected’ with the rest of the class susceptible. Each member of the class will
move around the room having ‘encounters’ with other members of the population. If a susceptible individual
meets an infectious individual during an encounter, there is a chance that infection will be transmitted to the
susceptible individual, as explained below. The score keeper will keep a tally of the number of susceptible,
infectious and recovered individuals on each encounter ‘day’.

Once there are no more susceptible individuals in the population the exercise will be complete. We will then
plot the numbers of susceptible, infectious and recovered individuals as a function of encounter days and
compare our plot to the theoretical plots (as explained in lectures).

Before you start

Before starting the exercise, assign:

• A time keeper, who signals to the class when each encounter should occur.

• A score keeper, who keeps a tally of susceptible, infected, and recovered individuals at each encounter.

Each member of the class should have a coin. When the time keeper anounces START each member of the
class is to move freely around the room. When the time keeper anounces ENCOUNTER you are to pair up
with the person closest to you. Both parties toss their coin and take action according to the following rules:

• Susceptible encounters a susceptible: no change in status.

• Susceptible encounters an infected: if two heads are rolled on the first toss, the susceptible becomes
infected.

• The duration of infection is three encounters. Once an infectious individual passes three encounters
they transition to the recovered state.

• Recovered encounters anyone: no change in status.

At the end of each encounter the score keeper will count the number of susceptible, infected, and recovered
individuals. Counts will be done by a show of hands with eyes closed (to minimise bias). The score keeper
will write these numbers on the board. When the number of infected individuals reaches zero, the experiment
stops.
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Questions

1. Plot the counts of susceptible, infected, and recovered individuals as a function of time. Describe the
results.

2. If we did the experiment again, would we get the same result?

3. What is the estimated value of α and β for this ‘epidemic’?

4. What would happen if the duration of infection was increased to 5 encounters? Run the experiment
again with these new rules to confirm your predictions.

5. What will be the effect of restricting the amount of movement? Run the experiment again with the rule
that you can only take two steps in between encounters. Plot the results to confirm your predictions.

Notes for teachers.

• Don’t assume that all students will have coins in their pockets. Bring a collection of (small denomination) coins, distribute them
and collect them again as the students leave the tutorial.

• Take a count of the number of students present at the start. At the end of each encounter get the susceptible, infected, and
recovered students to stand together (makes counting easier for the score keeper, particularly if you have a big class). Consider
using coloured hats to identify status (some students will change their status randomly).

• Some will have trouble keeping track of the number of encounters they have been infected: tell them to use their fingers as
counters.
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5.2 A simple SIR model using Berkeley Madonna

Consider a measles-like virus spreading in a population of 10,000 (1 × 103) individuals who have never been
exposed to the virus before (that is, all individuals in the population are susceptible to infection). The virus is
readily transmitted primarily by the airborne route, and we assume that the population mixes homogenously,
with no particular subgroup being at increased or reduced risk of infection. Assume the duration of the
infectious period is approximately 3.5 days. To begin with we assume lifelong immunity. The life expectancy
in the population is 75 years, and the case fatality rate is extremely low.

The model

For this situation, a susceptible-infectious-recovered (SIR) model would be an appropriate place to start. If
we ignore the effect of population turnover (i.e. individuals entering the population as births and individuals
exiting the population as deaths) a diagramatic representation of the model is shown in Figure 6.

Figure 6: SIR model decribed by parameters β and α.

The equations quantifying the movement of individuals from the susceptible compartment to the infectious
compartment and the infectious compartment to the recovered compartment are as follows:

dS

dt
= −βSI (16)

dI

dt
= +βSI − αI (17)

dR

dt
= +αI (18)

The parameters

First we choose units. We decide to use weeks, with 1 year = 52 weeks = 364 days. The infectious period
lasts 0.5 weeks so we set α to (1 ÷ 0.5) = 2. The transmission parameter β is less than obvious. Recall the
expression for R0 can be expressed in terms of α and β.

R0 =
β

α
×N (19)

We can rearrange this equation so β can be expressed in terms of R0, α and N .

β =
R0(α)

N
(20)
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Questions

Calculate a value for β assuming R0 = 3, α = 2 and N = 500.

Answer

Our estimate of β is:

β = (R0 × α)
β = 3× 2)000
β = 0.006

Start Berkeley Madonna and in a new equation window enter the following code:

METHOD RK4

STARTTIME = 0

STOPTIME = 52

DT = 0.02

d/dt(S)= -(beta * S * I)

d/dt(I) = +(beta * S * I) - (alpha * I)

d/dt(R) = +(alpha * I)

N0 = 500

I0 = 1

R0 = 3.0

alpha = 2

beta = 0.012

; beta = (R0 * alpha) / N

N = S + I + R

init S = N0 - I0

init I = I0

init R = 0

Run the model by clicking on the RUN button at the top of the equation editor window.

Questions

In which week of the epidemic is there the greatest number of infectious individuals? How many individuals
were infected by week 10?

Answer

The greatest number of infectious individuals occurs between weeks 1 and 2. By week 10, the total number of recovered individuals
was 470.

If you reduce R0 to 1.5, in which week of the epidemic is there the greatest number of infectious individuals?
How many individuals were infected by week 10?

Answer

If you reduce R0 to 1.5, the greatest number of infectious individuals occurs between weeks 4 and 5. By week 10, the total number of
recovered individuals was 286.
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5.3 A simple SIR model accounting for population turnover using Berkeley Madonna

Once again we will consider a measles-like virus spreading in a population of 10,000 (1 × 103) individuals who
have never been exposed to the virus before. The virus is readily transmitted primarily by the airborne route,
and we assume that the population mixes homogenously, with no particular subgroup being at increased or
reduced risk of infection. Assume the duration of the infectious period is approximately 3.5 days and once an
individual recovers from infection, immunity is lifelong. The life expectancy in this population is 75 years, and
the case fatality rate is extremely low.

The model

As for the previous exercies, a susceptible-infectious-recovered (SIR) model would be an appropriate place
to start. Accounting for population turnover (i.e. individuals entering the population as births and individuals
exiting the population as deaths) a diagramatic representation of the model is shown in Figure 7.

Figure 7: SIR model with the provision to account for population entries (births and purchases) and exits (sales and deaths), decribed
by parameters β, α, and µ.

The equations quantifying the movement of individuals from the susceptible compartment to the infectious
compartment and the infectious compartment to the recovered compartment are as follows:

dS

dt
= −βSI + µN − µS (21)

dI

dt
= +βSI − µI − αI − γI (22)

dR

dt
= +αI − µR (23)

The parameters

First we choose units. We decide to use weeks, with 1 year = 52 weeks = 364 days.

The natural per-capita mortality rate is µ = (75 × 52)-1 = 0.00026 = 2.6 × 10-4 per week.

The population size is steady at 10 thousand so the birth rate (b) is 1 × 103 × 2.6 × 10-4 = 0.26 per week.

The infectious period lasts 0.5 weeks so α = 1/0.5 = 2.

The expression for R0 can be expressed in terms of α, β and µ:
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R0 =
β

(α+ µ)
×N (24)

We can rearrange the expression for R0 so β can be expressed in terms of R0, α, µ and N .

β =
R0(α+ µ)

N
(25)

For this exercise we will assume (to start with) that the disease is highly infectious with an R0 equal to 3.

Start Berkeley Madonna and in a new equation window enter the following code:

METHOD RK4

STARTTIME = 0

STOPTIME = 52

DT = 0.02

d/dt(S)= -(beta * S * I) + b - (mu * S)

d/dt(I) = +(beta * S * I) - (mu * I) - (alpha * I)

d/dt(R) = +(alpha * I) - (mu * R)

N0 = 500

I0 = 1

R0 = 3.0

alpha = 2

mu = 1 / (75 * 52)

b = N0 * mu

beta = (R0 * (alpha + mu)) / N

N = S + I + R

init S = N0 - I0

init I = I0

init R = 0

Run the model by clicking on the RUN button at the top of the equation editor window.

Questions

In which week of the epidemic is there the greatest number of infectious individuals? How many individuals
were infected by week 50?

Answer

The greatest number of infectious individuals occurs between weeks 1 and 2. By week 50, the total number of recovered individuals
was 464.

If you reduce R0 to 1.5, in which week of the epidemic is there the greatest number of infectious individuals?
How many individuals were infected by week 50?

Answer

If you reduce R0 to 1.5, the greatest number of infectious individuals occurs between weeks 4 and 5. By week 50, the total number of
recovered individuals was 290.

What modifications would you need to make to this model to allow it to be used to model the spread of rabies
in a population of dogs?

Answer
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Immunization coverage required to 
prevent outbreaks of dog rabies 

Paul G. Coleman* and Christopher Dye*? 

WHO recommends that 70% of dogs in a population should be immunized to eliminate or 
prevent outbreaks of rabies. This critical percentage (p,.) has been established empirically 
from observations on the relationship between vaccination coverage and rabies incidence in 
dog populations around the world. Here, by contrast, we estimate pC by using epidemic 
theory, together with data available from four outbreaks in urban and rural areas of the 
USA, Mexico, Malaysia and Indonesia. From the rate of increase of cases at the 
beginning of these epidemics, we obtain estimates of the basic case reproduction number of 
infection, R,, in the range 1.62-2.33, implying that pC lies between 39% and 57%. The 
errors attached to these estimates of p, suggest that the recommended coverage of 70% 
would prevent a major outbreak of rabies on no fewer than 96.5% of occasions. 

Keywords: Rabies; dog: basic case reproduction number: vaccination coverage; epidemic 

About 95% of all reported animal cases worldwide are in 
dogs, and over 90% of human rabies fatalities are 
attributable to rabid dogs’. Mass vaccination is one of 
the principal methods of dog rabies control (with restric- 
tion of dog movement and the elimination of strays), 
and the critical percentage of dogs which need to be 
vaccinated (@ to prevent or control an outbreak is said 
to be 70%2,-. This criterion apparently originated as the 
consensus among veterinary practitioners in New York 
State during the 1940s4, and is therefore purely empiri- 
cal. Observations worldwide on the relation between 
vaccination coverage and the reduction in rabies inci- 
dence have increased confidence in this figure”, but pC 
obtained by trial-and-error needs to be underpinned by 
calculations based on epidemic theory. 

We begin with a simple compartmental model of dog 
rabies in which all animals (population size Iv) are 
assumed to be susceptible (S), latently infected (L) or 
infective (I). The per capita rate at which susceptibles 
acquire rabies virus from infectives is j?, so newly 
infected animals arise at a rate PSZlweek. Infected 
animals remain in the latent class for a period Z=lla 
weeks (cr is the rate at which latent animals become 
infective), and infective animals have a life expectancy of 
f=l/y weeks (y is the death rate of rabid dogs). Deaths 
from other causes and births are both negligible on the 
timescale of a rabies epidemic, and can safely be ignored. 
The generation time, g, in this model is l+f=lla+lly 
weeks, and the basic case reproduction number of 
infection5, R,, is j3iVlly. R, depends explicitly on N, so 
we expect R, to be greater in larger (and probably 

*Department of Medical Parasitology, London School of 
Hygiene and Tropical Medicine, Keppel Street, London 
WClE 7HT, UK. tTo whom correspondence should be 
addressed. (Received 6 February 1995; revised 31 August 
1995; accepted 12 September 1995) 

higher density) dog populations. If R, varies from one 
population to another then so too will pC, which im- 
mediately questions the view, implicit in much of the 
literature’-. , that the same criterion can be applied to 
dog populations everywhere. 

With these definitions and assumptions, we can write 
down formally a set of coupled, first order, non-linear 
differential equations describing rabies dynamics, as 
follows: 

dS 
-= -/3Lsz 
dtu 

2 = psz- aL 

dZ 
-= CTL-vz. 
dt ’ 

These may be solved to show that the incidence of cases 
is expected to grow exponentially during the early stages 
of an epidemic (when S=Zv) at a rate roughly equal to 
(R, - 1)/g. More precisely, r(t) M kexp(rt), where y(t) is 
the incidence between times t and t - 1, k is a constant, 
and to a good approximation R,=l+r(rZf+g). We can 
therefore estimate r by fitting the first of these two 
equations to data describing the exponential growth in 
incidence during an outbreak, and get R, by using the 
second. The percentage to be immunized then comes 
from the well-known relation5 p,=lOO(l - l/&). Where 
an outbreak occurs in a partially vaccinated dog popu- 
lation, estimates of & and pC obtained this way will be 
too low; R. needs to be corrected upwards by dividing 
by the fraction of dogs (s) which were unvaccinated 
prior to the outbreak. 

Foggin has provided the best estimates of latent and 
infective periods, and therefore generation time, because 
his data come from natural rather than experimental 
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Table 1 Estimates of R,, pc and upper 95% confidence limits for p,, calculated using data from four studies of dog rabies epidemics 

Weeks of 95% upper 
exponential Number of confidence limit 

Study Country Region Setting growth observations r SE.(r) S /3,, S.E.(&) P, for P, 

7 

8 
9 
10 

USA Memphis and Urban 11 11 0.172 0.046 0.840 2.334 0.556 57.1 71.0 
Shelby County, and 
Tennessee rural 

Mexico Hermosillo Urban -22 5 0.175 0.023 1.000 1.981 0.418 49.5 64.5 
Indonesia Central Java Rural 12 12 0.144 0.057 1.000 1.789 0.451 44.1 62.8 
Malaysia Kuala Lumpur Urban -17 4 0.116 0.028 1.000 1.627 0.302 38.5 55.2 

infections. He presents the intervals between biting and 
the appearance of clinical signs for 68 dogs attacked by 
other dogs or jackals, from which we calculate a mean of 
4.18 (SE. 0.27) weeks and a median of 3.45 (S.E. 0.21) 
weeks. We use the mean here because it gives more 
conservative (larger) estimates of R, than the median (it 
is also longer than obtained from most experimental 
infections). Although there is some evidence’ that dogs 
are infective before signs develop, transmission is more 
likely when dogs behave rabidly, so we assume that 
latent and incubation periods are equal. With regard to 
the infective period, Foggin unfortunately gives only the 
mean (0.81 weeks) and range (0.29-1.71 weeks). We 
adopt his mean, but we cannot calculate the variance, so 
our estimates of S.E. (R,) below exclude this source of 
error. 

Four studies of dog rabies epidemics in the USA7, 
Mexico’, Indonesia’ and Malaysia” give the incidence 
of cases through time (Table I). The first of these 
outbreaks occurred despite an ongoing vaccination cam- 
paign, though the data in Ref. 7 suggest that no more 
than 16% of dogs were protected. The regression analy- 
ses leading to estimates of R, and pc were carried out in 
GLIM” assuming a Poisson error distribution, and 
restricting the data to confirmed cases of dogss” or 
animal7 rabies. R, varies from 1.63 to 2.33, and hence pc 

lies in the range 39-57%. None of the estimates in Table 
1 differs significantly from any other (see S.E.s in Table 
1), so the variation could be due to chance alone. There 
is no evidence to suggest, for example, that R, is greater 
in larger dog populations, though we might expect to see 
such an effect in a larger set of data (see above). 

We are interested not only in the point estimates ofp,, 
but also in the upper confidence limits. The upper 95% 
limits fall between 55% and 7 l%, that is, generally below 
70%. Put another way, if the errors surrounding the 
point estimate of R, are roughly normal, we expect a 

coverage of 70% to prevent a major outbreak from 
occurring on no fewer than 96.5% of occasions. These 
data and our analysis therefore suggest that immunizing 
70% of dogs, following the current WHO recommen- 
dation, will indeed be sufficient to prevent or control 
outbreaks of dog rabies. 
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Evidence-based control of canine rabies: a critical

review of population density reduction
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Summary

1. Control measures for canine rabies include vaccination and reducing population density

through culling or sterilization.

2. Despite the evidence that culling fails to control canine rabies, efforts to reduce canine

population density continue in many parts of the world.

3. The rationale for reducing population density is that rabies transmission is density-dependent,

with disease incidence increasing directly with host density. This may be based, in part, on an

incomplete interpretation of historical field data for wildlife, with important implications for

disease control in dog populations. Here, we examine historical and more recent field data, in

the context of host ecology and epidemic theory, to understand better the role of density in

rabies transmission and the reasons why culling fails to control rabies.

4. We conclude that the relationship between host density, disease incidence and other factors

is complex and may differ between species. This highlights the difficulties of interpreting field

data and the constraints of extrapolations between species, particularly in terms of control

policies.

5. We also propose that the complex interactions between dogs and people may render cull-

ing of free-roaming dogs ineffective irrespective of the relationship between host density and

disease incidence.

6. We conclude that vaccination is the most effective means to control rabies in all species.

Key-words: culling, density, dog, sterilisation, vaccination

Introduction

Canine-mediated rabies is a serious zoonosis causing an

estimated 55 000 human deaths per year (Knobel et al.

2005). Mortality from rabies is highest in developing com-

munities in Africa and Asia where domestic dogs are pre-

dominately free-roaming (Ezeokoli & Umoh 1987;

Butler & Bingham 2000; Kitala et al. 2002; Kayali et al.

2003; Windiyaningsih et al. 2004; Kasempimolporn,

Jitapunkul & Sitprija 2008). Social, economic and political

factors contribute to the inadequate control of rabies in

domestic dog populations (WHO 2004), accentuated by

an incomplete understanding of disease dynamics. Knowl-

edge of the factors that drive the transmission of rabies is

needed for the development of effective, sustainable

disease control measures.

Two main methods are used to control canine rabies:

vaccination (Cleaveland et al. 2003; WHO 2004;

Schneider et al. 2005; Cleaveland et al. 2006) and mea-

sures aiming to reduce dog population density, usually by

culling (i.e. the widespread killing of dogs regardless of

infection status) (Beran & Frith 1988; Windiyaningsih

et al. 2004) but also by sterilization (WHO 2004; Reece &

Chawla 2006). Dog vaccinations are often undertaken as

annual campaigns that aim to achieve 70% coverage

(WHO 2004). This target coverage is supported by empiri-

cal evidence and theory, which indicates that a 70% cov-

erage achieved during campaigns should maintain

population immunity above the critical levels (25–40%)

required to interrupt rabies transmission (Coleman & Dye

1996; Cleaveland et al. 2003; Hampson et al. 2009). This

additional coverage above the critical level compensates

for the loss in coverage arising from an increase in suscep-

tible and loss of immune dogs through demographic and

immunological processes (Hampson et al. 2009). Culling*Correspondence author. E-mail: mm675@cam.ac.uk
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of dogs is also used, alone or with vaccination (Kaplan,

Goor & Tierkel 1954; Larghi et al. 1988), based on the

assumption that a physical reduction in the number of

dogs must reduce the incidence of rabies, despite evidence

suggesting that it is ineffective (Beran & Frith 1988;

WHO 2004; Windiyaningsih et al. 2004). Culling is still

used, partly as a visible response to public concerns about

rabies. It is also perceived to be easier to implement than

annual vaccination of 70% of dogs, particularly if many

are free-roaming and poorly socialized, and in areas

where veterinarians and animal health workers have rela-

tively little experience or confidence in handling dogs. In

some areas, sterilizations are carried out together with

vaccinations, on the basis that this is a more humane and

culturally acceptable approach to reducing dog popula-

tion density.

The theoretical basis for rabies control measures involv-

ing culling or sterilization is the assumption that rates of

transmission are density-dependent (Anderson et al. 1981;

Wandeler et al. 1988; Cleaveland 1998; Hampson et al.

2007). This scaling of transmission rates occurs if the rate

of encounters between susceptible and infectious individu-

als increases with host population density. Under this

assumption, we expect that disease incidence will also

increase with host density, as will the basic reproductive

number (R0) that characterizes the maximum reproductive

potential of a pathogen. R0 is defined as the average num-

ber of secondary infections produced when one infected

individual is introduced into a wholly susceptible popula-

tion (Anderson & May 1991). For an epidemic to spread,

R0 must, by definition, be >1. Hence, under density-depen-

dent transmission, there will exist a threshold density

below which disease cannot invade a population. This con-

trasts with frequency-dependent disease transmission

where the rate of contact and subsequent rates of trans-

mission are assumed to be independent of host density and

a threshold density for invasion does not exist (Begon

et al. 2002; Lloyd-Smith et al. 2005).

Under either frequency- or density-dependent transmis-

sion, vaccination equally reduces both the number

and proportion of susceptible individuals in a host popu-

lation, and thus, the opportunities for transmission to

occur. Therefore, the assumption that rabies transmission

is density-dependent has little consequence for the effi-

ciency of vaccination programmes. Conversely, the

assumption is of critical importance with regard to con-

trol measures that aim to reduce dog population density.

The net impact of culling and sterilization on subsequent

rates of rabies transmission depends on the degree to

which transmission scales with population density. Under

the assumption of frequency dependence, density reduc-

tion will have no impact on the rate of transmission. Con-

versely, when transmission is density-dependent, there will

be a threshold for disease invasion, and density reduction

alone has the potential to achieve disease eradication.

However, stochastic effects and antagonistic biological

processes may complicate these simple relationships.

Establishing the relationships between host density,

disease incidence and other processes is therefore not only

important for refinement of epidemiological models for

rabies transmission, but also has serious practical implica-

tions for the utility of density reduction in controlling

rabies. In this study, we review current understanding of

the role of density and other factors in rabies transmission

in dogs to encourage reappraisal of the most appropriate

and effective means of rabies control. Within the litera-

ture, and during the development of policy, extrapolations

are often made between species, in particular between

wildlife and domestic dogs. We therefore extend our

review to rabies transmission in wildlife and highlight the

differences and similarities with dog populations. We also

compare the utility of various lines of evidence between

species. This discussion will focus on fox rabies in particu-

lar, as empirical data on the local transmission of wildlife

rabies are largely confined to this host species.

Evidence for density-dependent transmission
of rabies

It is difficult to determine the direct relationship between

disease incidence, host density and transmission under

field conditions, particularly for wildlife given their inac-

cessibility (Wandeler et al. 1974b; Macdonald & Voigt

1985; Beyer et al. 2010). Consequently, we are left with

interpreting indirect and somewhat conflicting evidence

regarding the role of density in rabies transmission in

wildlife and dogs. In this section, we examine four key

lines of evidence about the functional forms of rabies

transmission.

cycles in disease incidence

Cycles in disease incidence have motivated some of the

most effective applications of population modelling in

ecology (Anderson & May 1991; Begon, Harper &

Townsend 1996). Mathematical models can explore how

different biological hypotheses relate to the expected

amplitude and period of cycles, providing insights into the

drivers of transmission. Perhaps, the most successful

examples of this have been in the study of childhood

infectious diseases (Earn et al. 2000; Altizer et al. 2006)

where detailed historical records have allowed the applica-

tion of sophisticated methods of statistical inference

(Bjornstad, Finkenstadt & Grenfell 2002; Grenfell,

Bjornstad & Finkenstadt 2002). However, even in the

absence of detailed data, models can provide useful

insights simply through the ability of a given mechanism

to generate periodic dynamics.

Cycles have been observed for wildlife (Friend 1968;

Bogel et al. 1974; Childs et al. 2000; Courtin et al. 2000;

MacInnes et al. 2001) and canine rabies (Ernst & Fabrega

1989; Bingham et al. 1999a; Widdowson et al. 2002;

Hampson et al. 2007), although periodicity in incidence is

not a consistent finding (Macdonald & Voigt 1985;
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Zinsstag et al. 2009). The mechanistic driver of these

cycles is widely assumed to be the interaction of density-

dependent transmission, rabies-induced mortality and

other demographic processes (Bogel et al. 1974; Steck &

Wandeler 1980; Anderson et al. 1981; Childs et al. 2000;

Hampson et al. 2007). However, it is important to

determine wether this assumption is correct given its

implications for culling.

Deterministic compartmental models have been used to

describe rabies dynamics in wildlife (Anderson et al. 1981;

Coyne, Smith & McAllister 1989) and domestic dogs

(Cleaveland & Dye 1995; Coleman & Dye 1996; Kitala

et al. 2002; Hampson et al. 2007; Carroll et al. 2010).

These models assume random mixing, neglecting the

spatial and social heterogeneity that exists in real popula-

tions. Within such ‘well-mixed’ models, frequency-

dependent transmission of fatal diseases inevitably leads

to rapid die-out of the host population (Keeling &

Rohani 2008). Under frequency dependence, the average

reproductive potential of the pathogen is unchanged dur-

ing the spread of an epidemic. With no mechanism to

arrest the spread of disease, transmission continues and

the host and parasite populations go extinct. In contrast,

under the assumption of density-dependent transmission,

epidemics will subside when the host density falls below

the invasion threshold (where R0 = 1). The time delay

between epidemic peak and replenishment of the host

population generates damped epidemic cycles through

delayed density dependence. The assumption of density-

dependent transmission is therefore the most parsimoni-

ous mechanism by which stable epidemic cycles for rabies

can be supported within deterministic random mixing

models. However, in structured populations, epidemic

cycles may be generated by alternative mechanisms even

when the transmission rate is frequency-dependent.

Age structure is one such potential mechanism. Attack

rates for rabies appear to vary considerably with age, with

reported incidence in foxes in Europe (Wandeler et al.

1974b) and raccoons in Ontario (Rosatte et al. 2006) con-

centrated within adult age classes. Within an age-struc-

tured model, the net reproductive ratio of rabies will not

only depend on the rates of transmission, but also on the

age distribution in the population (Anderson & May

1991). If the basic reproductive ratio is only above unity

for a core group of high-risk individuals, the epidemic can

recede when this core group is exhausted. The delay

between depletion of the core group and replenishment

through births can generate cycles in incidence that may

be sustained by seasonal birth pulses (Davis & Wood

1959; Lloyd et al. 1976).

Deterministic thresholds are not the only possible

mechanism by which endemic coexistence of rabies could

be maintained within frequency-dependent transmission

models. An important limitation of deterministic models

is that they do not account for the probability of local

extinction of disease following an epidemic. In areas

where rabies in foxes is not actively controlled, 3–4 yearly

cycles in incidence are observed at regional levels [around

1000 km2 in Europe and at the county level in Canada]

(Johnston & Beauregard 1969; Bogel et al. 1974) and are

out of phase between regions (Johnston & Beauregard

1969; Bogel et al. 1974; Macdonald & Voigt 1985).

Epidemics have been associated with considerable reduc-

tions in host populations by up to 50% (Bogel et al.

1974). This reduction in the density of the host species

within a region and the corresponding reduction in the

instantaneous numbers of infective individuals will

increase the chances of rabies becoming locally extinct

before the host population is exhausted. Stochastic popu-

lation thresholds for persistence of rabies can exist irre-

spective of the mode of transmission (Lloyd-Smith et al.

2005). Stochastic extinction and re-introduction of rabies

following the local restructuring of host populations

(Steck & Wandeler 1980; Anderson et al. 1981; Macdon-

ald & Voigt 1985), consistent with metapopulation

dynamics, are also viable alternative mechanisms to gener-

ate these dynamics.

In conclusion, cycles in rabies incidence observed in

wildlife could be supported by density- or frequency-

dependent transmission when stochasticity and the hetero-

geneous structure of real populations are accounted for.

Although deterministic density-dependent models have

been used to describe rabies dynamics in domestic dogs,

reactive vaccination can also drive cycles in incidence

(Hampson et al. 2007). For example, in Zimbabwe

between 1950 and 1995, the amplitude and interval of

peaks in rabies varied (from 75 to 350 cases per year and

interepidemic periods from 4 to 20 years) with the level of

vaccination delivered during national vaccination cam-

paigns (Bingham et al. 1999a). These observations provide

little insight into the processes driving local disease

dynamics for dogs. Rather, other evidence for the

functional forms of transmission of canine rabies will be

considered in the next sections.

the relationship between r0 and host density

As discussed above, R0 is expected to increase with den-

sity for density-dependent transmission and remains con-

stant irrespective of density for frequency-dependent

transmission. R0 may be estimated from the (exponential)

rate of growth early in an epidemic prior to significant

susceptible depletion or implementation of control mea-

sures (Heffernan, Smith & Wahl 2005; Wallinga &

Lipsitch 2007). Using this method, Hampson et al. (2009)

obtained estimates of R0 for canine rabies, across a wide

geographical range, of between 1�05 and 1�72. The range

of these estimates is similar to the statistical uncertainty

in simulated epidemics when the biting behaviour of rabid

dogs is accounted for. Dog population densities were

reported for only four of these locations, ranging from

1�36 dogs km�2 in rural Tanzania to 110 unrestricted

dogs per km2 in urban Mexico. However, other locations

cited in the study are likely to represent even higher

© 2012 The Authors. Journal of Animal Ecology © 2012 British Ecological Society, Journal of Animal Ecology, 82, 6–14
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densities, with the highest reported density in the general

literature being 2388 dogs km�2 in Guayquil, Ecuador

(Beran & Frith 1988). The absence of any correlation

between R0 and host density across such a large range of

densities is consistent with earlier studies (Coleman &

Dye 1996; Kitala et al. 2002) and suggests that if a rela-

tionship between transmission and dog density does exist,

it must be quite weak.

Equivalent data are not available for wildlife. Com-

pared to canine rabies, incidence records generally have a

lower temporal resolution (typically quarterly or annually)

(Macdonald & Voigt 1985; Rhodes et al. 1998; Bingham

et al. 1999b; Rosatte et al. 2006), and the ranges of host

densities are narrower: 0�8–1�2 jackals km�2 during the

breeding season on commercial farmland in Zimbabwe

(Rhodes et al. 1998), 5�4–9�1 racoons km�2 (averaged

over a 4 year period) for rural Ontario (Rosatte et al.

2007) and 0�5–1�8 adult foxes km�2 in central Europe

(Lloyd et al. 1976).

This apparent lack of relationship between R0 and host

density is most consistent with frequency-dependent trans-

mission. However, as previously discussed, random mix-

ing models with frequency-dependent transmission of

rabies predict host extinction as soon as R0 exceeds unity.

This prediction is inconsistent with the very low attack

rates reported for canine rabies compared to wildlife

rabies and with the absence of large declines in popula-

tion densities from rabies-induced mortality (Hampson

et al. 2007). Estimates of the incidence, or average

monthly attack rates, are typically below 0�5% and rarely

exceed 2% (Waltner-Toews et al. 1990; Windiyaningsih

et al. 2004; Zinsstag et al. 2009; Tenzin et al. 2010; Putra

et al. 2011; Tenzin et al. 2011).

This incongruity between attack rates and the apparent

scaling of R0 may be resolved by considering a more com-

plex relationship between rabies dynamics in dogs and

anthropogenic factors than has previously been assumed.

Suspect rabid and in-contact dogs are often identified and

killed swiftly by the community (Hampson et al. 2007,

2009), a practice hereafter referred to as ‘selective removal’.

This reduces the effective infectious period in dogs (Hamp-

son et al. 2009) and could contribute to the relatively lower

incidence as compared to wildlife. The selective removal of

infectious and in-contact dogs was thought to have con-

tributed to the control of rabies in eastern Bhutan (Tenzin

et al. 2011) and the United Kingdom (Pastoret & Brochier

1998). Indeed, euthanasia (WSPA 2012) of infected dogs is

advocated to control rabies (WHO 2004). Such behaviour-

al responses to the spread of epidemics are rarely consid-

ered in epidemiological models (Ferguson 2007; Funk

et al. 2009) but are likely to play a particularly important

role in disease transmission within owned, and managed,

populations. Selective removal may conceal the existence

of density-dependent transmission processes if the rate of

intervention also scales with density.

We thus hypothesize that selective removal itself might

be density-dependent for several reasons. First, rabid dogs

may be more quickly spotted and selectively removed

from areas with more people present. Second, given

that most dogs are owned (WHO & WSPA 1990;

Cleaveland & Dye 1995; Butler & Bingham 2000;

Windiyaningsih et al. 2004), dog and human population

densities are expected to correlate (Oboegbulem &

Nwakonobi 1989; Matter et al. 1998; Butler & Bingham

2000). Finally, other anthropogenic factors that may

interfere with contact processes, such as traffic or urban

infrastructure, are also likely to scale with human and

dog density. Therefore, the effective infectious period, as

reduced by selective removal, could scale inversely with

human, and thus dog, population density. The estimates

of R0 discussed above are conditional on the assumption

of a fixed infectious period. Any systematic variation in

the infectious period with population density could coun-

teract the impact of density-dependent contact rates and

result in R0 appearing density-independent. Under this

hypothesis, density-dependent transmission could not be

ruled out unequivocally for canine rabies.

As a final consideration, stochastic fade-out is expected

with low attack rates. However, rabies often appears to

persist in dog populations. This may be because selective

removal and stochastic processes are offset by the contin-

ual translocation of dogs (some of them infected) by

people (Beran & Frith 1988; Denduangboripant et al.

2005; Coetzee & Nel 2007; Kasempimolporn, Jitapunkul

& Sitprija 2008; Zinsstag et al. 2009) consistent with

metapopulation dynamics (Hanski & Gaggiotti 2004;

Beyer et al. 2010). In conclusion, more intensive study of

the mechanisms underlying rabies transmission and persis-

tence in domestic dog populations is warranted to

understand these empirical patterns.

thresholds for invasion and increasing
incidence with population density

The existence of a threshold in host population density

below which infection cannot spread (i.e. where R0 < 1)

would be direct evidence in support of density-dependent

transmission. Such invasion thresholds in wildlife and

domestic dog populations have been proposed based on a

limited number of studies that compared disease incidence

between different geographical locations with different

host densities (Steck & Wandeler 1980; Beran & Frith

1988; Cleaveland & Dye 1995). However, as discussed

below, it is not possible to establish the relationship

between host density and disease incidence based on these

data.

Threshold densities for invasion have been suggested to

occur where canine rabies is observed to change from spo-

radic disease at lower densities to persistence at higher

densities (Beran & Frith 1988; Cleaveland & Dye 1995).

However, these observations could also be explained by

increased stochastic fade-out of disease at lower densities

where there are lower numbers of infected dogs. In gen-

eral, the probability of stochastic fade-out will decrease
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with an increase in R0 or in the number of infected indi-

viduals (Lloyd-Smith et al. 2005). This effect may be

particularly relevant to dogs where more infected individ-

uals may be introduced into larger or more dense popula-

tions by people (Denduangboripant et al. 2005;

Kasempimolporn, Jitapunkul & Sitprija 2008; Zinsstag

et al. 2009). Consequently, the probability of stochastic

fade-out is predicted to decrease with an increase in popu-

lation size or density. Even when R0 is invariant between

populations of different sizes or densities, stochastic

effects may give the impression of a deterministic thresh-

old for invasion where one does not exist. This is particu-

larly likely when R0 is low. Should a deterministic

threshold for invasion exists, it may be obscured by these

processes and be lower than estimated empirically.

The key data used to support the existence of a

threshold density in foxes are expressed in terms of the

hunting indicator of population density (HIPD) (Steck &

Wandeler 1980). HIPD is an indirect estimate of density,

with well-known biases (Wandeler 1980; Macdonald &

Voigt 1985). However, there are two specific issues with

the use of these data to support a threshold density for

fox rabies. First, HIPD estimates below the purported

threshold density for invasion were not recorded, thus

precluding any conclusion of an invasion threshold. Sec-

ond, the observed positive correlation between the

annual number of animal rabies cases per km2 per year

and the HIPD has been wrongly interpreted as evidence

for density-dependent transmission. Assuming the HIPD

correlates with host density, such a relationship would

be expected whether transmission depends on fox density

or not. Determining the mode of transmission would

require an evaluation of disease incidence as a propor-

tion of the total population size or density (Rothman,

Greenland & Lash 2008), which cannot be inferred from

HIPD.

impacts of density reduction

Density reduction, particularly culling (i.e. the widespread

killing of hosts regardless of infection status), has been

undertaken to reduce the incidence of rabies and therefore

eliminate the disease on the basis that transmission is den-

sity-dependent. As previously discussed, the assumption

of density dependence originates from the interpretation

of cycles in wildlife rabies and thresholds for the invasion

for foxes and dogs. However, the fact that culling has

failed to achieve sustained control of rabies in wildlife

and dogs (Kaplan, Goor & Tierkel 1954; Anderson et al.

1981; Macdonald & Voigt 1985; Anderson 1986; Beran &

Frith 1988; WHO 2004; Windiyaningsih et al. 2004;

Cleaveland et al. 2006) may be the best evidence that a

simple relationship between disease incidence and host

population density does not exist for rabies. We now dis-

cuss evidence from culling programmes (dogs and wildlife)

followed by more limited evidence on sterilization

campaigns.

Culling

Culling has been shown to be ineffective in controlling

rabies in all host species. Rabies persisted in foxes in New

York State despite ‘concentrated reduction campaigns’

following an outbreak in 1945, while simultaneous vacci-

nation of dogs in the State eliminated rabies from this

species (Friend 1968). Similarly, in Denmark in 1964, cull-

ing did not prevent rabies outbreaks in foxes; however,

rabies did not occur where dogs in the same region had

been vaccinated (Muller 1966, 1971). In response to a

rabies outbreak in 1997, nearly 300 000 dogs, approxi-

mately half of the population estimated at the start of the

outbreak, were culled in Flores, Indonesia over a period

of 4 years. However, in 2004, rabies was still endemic

although the total dog population was still considerably

reduced (Windiyaningsih et al. 2004). Culling failed to

control canine rabies in Korea (Lee et al. 2001) and Israel

(Kaplan, Goor & Tierkel 1954), whereas subsequent vac-

cination in both countries controlled the disease.

Culling has been used to control ongoing outbreaks

and to prevent the invasion of rabies in foxes. Declines in

rabies cases have followed outbreaks irrespective of active

culling (Bogel et al. 1974), with stochastic extinction

expected (Anderson et al. 1981) particularly where dis-

ease-induced mortality is substantial (Bogel et al. 1974).

Within a given area, culling might be expected to amplify

these processes, increasing the probability of stochastic

extinction regardless of density dependence. Indeed, rabies

appeared to die-out in some areas where fox dens were

gassed (Wandeler et al. 1974b). However, the limited data

available are unclear regarding how culling interacts with

disease-induced mortality during an epidemic and how it

may change disease dynamics (Wandeler et al. 1974b).

Other processes may also counter the effect of density

reduction on disease incidence. Examples include social

perturbations, as demonstrated in badger populations

(Woodroofe et al. 2006a,b), and interactions between the

level of culling, age structure (Bolzoni, Real & De Leo

2007) and demographic processes (Choisy & Rohani

2006).

Culling has also failed to prevent outbreaks of rabies in

foxes in previously unaffected areas or the recurrence of

the disease in areas where it had died-out, as observed in

southern Denmark (Muller 1971). Where density-depen-

dent transmission has been assumed, invasion thresholds

are reported to vary and to be low (i.e. <1 fox km�2 in

Europe and <0�4 foxes km�2 in Ontario). Thus, even if

transmission were density-dependent, reductions in density

to below an invasion threshold may not be achievable

practically or be sustainable (Wandeler et al. 1974a;

Anderson et al. 1981).

Culling has generally failed to eliminate outbreaks of

rabies in dogs. In our review of the scaling of rabies

transmission rates with density (in the previous sections),

we have found no conclusive evidence to support either

the frequency-dependent or density-dependent assumption
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for canine rabies. We are therefore unable to unequivo-

cally conclude that the ineffectiveness of culling is because

transmission is frequency-dependent. An alternative expla-

nation is that reductions in densities to below invasion

thresholds are not achievable practically. Canine rabies

can circulate where densities are as low as 1�36 dogs km�2

(Hampson 2009), which is substantially lower than the

densities reported for most free-roaming dog populations.

Under the assumption of density-dependent contact rates,

culling and vaccination should have similar impacts on

disease incidence. Thus, given estimated values of R0 < 2,

control should be achieved by culling at most half the

population. Yet, in Flores, Indonesia, rabies persisted

after this level of culling was achieved (Windiyaningsih

et al. 2004). More generally, the stochastic persistence of

canine rabies despite low attack rates and considerable

density reduction is interesting irrespective of the mode of

transmission.

The fact that rabies often persists despite culling may

be a function of human factors. The continual transloca-

tion of dogs (some infected) with people (Beran & Frith

1988; Denduangboripant et al. 2005; Coetzee & Nel 2007;

Kasempimolporn, Jitapunkul & Sitprija 2008; Zinsstag

et al. 2009) may offset the selective removal of infectious

and in-contact dogs and stochastic extinctions. Where

culling occurs simultaneously, translocation may also off-

set any reductions in the incidence of rabies. In addition,

translocation may be exacerbated in response to culling

campaigns. For example, within a few days of a village-

wide cull in Kelusa, Bali, where rabies had not occurred

previously, two residents brought in unvaccinated, poten-

tially infected puppies from outside the village to replace

their culled, vaccinated adult dogs. As attack rates are

typically very low, culling predominately removes healthy

dogs, and some of these may be vaccinated and hence

unlikely to become infected. Other compensatory mecha-

nisms may also offset reductions in host density. These

include concomitant reductions in mortality from reduced

competition for food (although the actual intensity of

competition in free-roaming dogs is unknown), reductions

in the dumping of surplus puppies/unwanted dogs and

improved care of dogs. To address these issues, we are

currently investigating the effects of human behaviour in

response to culling on dog population dynamics and

disease transmission in Kelusa.

The ethics of culling healthy, free-roaming animals in

conjunction with vaccination programmes are also debat-

able. Raccoons have been culled on Wolfe Island,

Ontario, as a means to reduce the number of animals that

needed to be trapped and vaccinated (Rosatte et al.

2007). The same justification may be extended to dogs,

and a variable degree of culling of free-roaming dogs, his-

torically regarded as ‘strays’, has often been undertaken

alongside mass vaccination programs (Wells 1954; Cheuk

1969; Larghi et al. 1988; Ernst & Fabrega 1989).

However, despite appearances, the vast majority of free-

roaming dogs in most societies globally are owned (WHO

& WSPA 1990; Cleaveland & Dye 1995; Butler &

Bingham 2000; Windiyaningsih et al. 2004) and in reason-

able health. Not only are these dogs more accessible to

vaccination than commonly recognized, but culling

healthy animals can result in unintended negative conse-

quences on both animal welfare and disease control.

Sterilization

The use of immunological and chemical sterilization has

been modelled for the control of rabies in wildlife and in

dogs (Suppo et al. 2000; Smith & Cheeseman 2002; Carroll

et al. 2010). However, only surgical sterilization has been

used in dogs under field conditions. Sterilizations are usu-

ally carried out by nongovernmental organizations and

local authorities, which aim to vaccinate and simulta-

neously sterilize at least 70% of the dog population

(Totton 2009). Limited data suggest that these programs

reduce the incidence of rabies and may stabilize or gradu-

ally reduce population density over time-scales of several

years (Reece & Chawla 2006; Totton 2009; Totton et al.

2010). However, the respective impacts of vaccination and

sterilizations have not been assessed. Reductions in popu-

lation density may plausibly reduce the number of dogs

that require vaccination, although timely reductions in

density may be constrained by resources and population

dynamics (Hemachudha 2005). As with culling, the

demand for dogs by communities may result in an increase

in dog importation where local supply has been reduced

by sterilization. Thus, we are studying the effect of human

behaviour in response to sterilization on dog population

dynamics and disease transmission in Antiga, Bali.

Conclusion

There is still considerable uncertainty surrounding the role

of density in the transmission of rabies in animal host

species. Density has been assumed to be the key factor

that drives transmission, with important implications for

the use of population reduction as a means to control

rabies. However, it is evident that the relationship

between host density, disease incidence and other factors

is complex and varies between species. Further research to

determine the factors that drive rabies transmission would

not only enhance development of epidemiological models

but also inform the development of effective, sustainable

disease control measures.

Determining the effect of density in the transmission of

rabies in wildlife hosts is constrained by the lack of high-

resolution data exhibiting sufficient variability in both dis-

ease incidence and host densities. We have discussed how

cycles in the incidence of rabies in foxes and raccoons can

occur under either frequency- or density-dependent trans-

mission, and how both model structures could account

for the failure of culling to control rabies.

Although still limited, better quality data for dogs sug-

gest a more complicated relationship between contact

© 2012 The Authors. Journal of Animal Ecology © 2012 British Ecological Society, Journal of Animal Ecology, 82, 6–14
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rates and host density. The evidence indicates that not

only is reducing dog density ineffective at controlling

rabies, but culling in particular often has unintended neg-

ative consequences. We advocate more systematic investi-

gation of the human factors that could affect the

dynamics of rabies in dogs, to understand possible

contrasts with the situation in wildlife.

In contrast to culling, vaccination programmes against

rabies in dogs (Cleaveland et al. 2003; WHO 2004;

Schneider et al. 2005; Cleaveland et al. 2006; Davlin &

VonVille 2012) and wildlife (Wandeler et al. 1988;

Brochier et al. 1991; MacInnes et al. 2001; Rosatte et al.

2007) have proven efficacy and feasibility across a wide

range of settings and raise far fewer ethical or welfare

issues.
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Feature Series Article

Application of modelling to determine the absence of foot-and-mouth 
disease in the face of a suspected incursion

C Heuer*§, NP French*, R Jackson* and GF Mackereth†

Abstract
AIM: To use disease modelling to inform a response team about 
the number of animals per herd/fl ock to be examined, and the 
start date and duration of clinical surveillance required to be 
confi dent that foot-and-mouth disease (FMD) was not present 
on an island in New Zealand with a population of approximate-
ly 1,600 cattle, 10,000 sheep and a small number of pigs, goats 
and alpacas.

METHODS: Because the probability of detecting clinical dis-
ease in (the) primary case(s) in larger herds and fl ocks was ex-
tremely low, deterministic and stochastic mathematical SLIR 
(susceptible, latent, infectious, recovered) models for the trans-
mission of infection were constructed to estimate the date when 
clinical lesions in herds and fl ocks would be detected with 95% 
confi dence. Surveillance targeted the fi rst wave of infections fol-
lowing a suspect index case.

RESULTS: If 70 cattle in herds of about 400 cattle were exam-
ined it was estimated it would take approximately 13 (90% sto-
chastic range 9–19) days from fi rst exposure before it would be 
possible to achieve 95% confi dence for detecting clinical signs 
for a low-virulence virus, and 9 (7–14) days for a high-virulence 
virus. The duration of suffi ciently accurate clinical detection 
was 17 (15–19) days and 13 (12–14) days for low- and high-vir-
ulence viruses, respectively. A sample of 70 sheep from fl ocks of 
>1,000 would be required to achieve clinical detection at about 
the same time but with a shorter period of detection than for 
cattle. The duration of effective detection could be increased 
by examining a larger sample in most sheep fl ocks, however the 
small size of many cattle herds in the study population limited 
the confi dence of detecting group-level disease in cattle, there-
fore necessitating repeated herd inspections. The model sug-
gested that group-level detection was not feasible if it was based 
on elevated body temperature alone because of short durations 
of fever in infected animals.

CONCLUSION AND CLINICAL RELEVANCE: Simulation 
modelling is a useful and powerful tool for informing ongoing 
surveillance activities in the face of an exotic disease incursion. 
Results of modelling suggested to start clinical inspection activi-
ties at 4 days and to continue regular inspection twice a week 
for about 35 days after the date of fi rst exposure, to satisfy the 
required 95% confi dence threshold of clinical detection of FMD 
in cattle herds and sheep fl ocks.

KEY WORDS: Foot-and-mouth disease, incursion response, sur-
veillance, stochastic state transition modelling

Introduction
On 10 May 2005, a letter was received by the Prime Minister of 
New Zealand stating that FMD virus had been deliberately re-
leased on Monday 09 May 2005 on Waiheke Island, by exposing 
one or more cattle and sheep to virus-contaminated hay. The Ex-
otic Disease Response (EDR) team of Biosecurity New Zealand, 
Ministry of Agriculture and Forestry, New Zealand, immediately 
mobilised all required and available resources to detect and con-
tain any disease and prevent a major outbreak. A contingency 
plan for the detection of disease in sheep or cattle was developed, 
and a sampling plan was issued by the National Centre for Dis-
ease Investigation on 22 May 2005. The plan aimed to detect 
with 95% confi dence clinical signs of infection in so-called man-
agement groups, which were defi ned as mobs of animals which 
were managed separately on each farm. A property could there-
fore have more than one management group. On farms with >100 
sheep, the estimated average number of management groups was 
2.5, and according to offi cial national census data about 99% of 
the island’s sheep were kept on seven farms, ranging from 218 to 
12,000 sheep per farm. Cattle were generally kept as one man-
agement group per farm. However, a census carried out during 
response operations revealed that the actual ruminant population 
of Waiheke Island comprised 1,618 cattle in 30 herds, comprising 
1–454 animals per herd, and 10,491 sheep in 36 fl ocks, compris-
ing 1–5,250 animals per fl ock. A few other domestic livestock 
(pigs, 30 alpacas (Lama pacos), 47 goats) and some susceptible 
wildlife (mainly feral pigs and feral goats) were also present. As a 
sampling approach was applied to sheep and cattle but all other 
susceptible species were clinically inspected, this study aimed to 
develop a surveillance strategy only for these two species.

The initial surveillance plan included a complete description of 
procedures for whole-herd inspection, examination of potentially 
exposed animals, including measurement of rectal temperatures, 
sampling of vesicular fl uid from affected animals, and submission 
of specimens from animals with a fever or clinical signs of FMD. 
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AP Apparent prevalence
EDR Emerging Disease Response
FMD Foot-and-mouth disease
HSe/FSe Herd sensitivity/fl ock sensitivity
Ro Basic dissemination rate
Se Sensitivity
SLIR Susceptible, latent, infectious, recovered
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Herd and fl ock inspections were scheduled to start immediately 
upon arrival of the response team. All animals from small farms 
with up to 40 animals per management group, and 40–70 ani-
mals in larger management groups of 40–1,000 animals, were to 
be clinically inspected.

However, after considering the transmission dynamics of FMD 
it became apparent that detection of the initially exposed index 
case(s) (‘needle in the haystack’) was highly unlikely and that a 
more effective approach would be to focus surveillance activities 
on the most likely time after the release of the virus for the ap-
pearance of clinical signs in secondary cases.

Several detailed reviews of the epidemiology of FMD were avail-
able (Sanson 1994; Hughes et al 2002; Alexandersen et al 2003). 
In the FMD outbreak in the United Kingdom (UK) in 2001, 
only 73% of infected sheep developed clinical signs (which were 
mild and lasted only 2 days), and 93% of the one to four lesions 
per animal were small and occurred on the feet (Hughes et al 
2002). The disease in sheep needed careful clinical inspection to 
be detectable (Hughes et al 2002). It has also been postulated that 
sheep might not shed and disseminate suffi cient virus to prop-
agate infection and cause an outbreak (Donaldson 2000, non-
peer-reviewed). However, recent experimental studies in lambs 
indicated that outbreaks can occur, albeit under artifi cial condi-
tions and following intranasal inoculation of specifi c amounts of 
virus (Orsel et al 2007b). In the latter study, sheep shed signifi -
cant amounts of virus for an average of 4.5 (range 0–14) days, yet 
approximately 50% of in-contact animals became infected and 
only 50% of infected animals showed clinical signs. However, 
this information was not available at the time of the incident on 
Waiheke Island.

Detection of FMD in cattle appears to be much easier. Cattle are 
highly susceptible to respiratory infection and almost all infected 
cattle develop clearly visible clinical signs. Infection via the oral 
route as it was inferred from the letter to the Prime Minister, is 
harder to establish and may result in a longer latent period than 
respiratory infection. Infection acquired orally requires a viral 
dose of 105–106 tissue-culture-infectious-dose-50, which is about 
100–1 million times higher than that required for infection via 
the respiratory route (Sanson 1994; Alexandersen et al 2003).

The incubation time for FMD is highly variable, and depends on 
the strain and dose of virus, route of transmission, animal spe-
cies, and husbandry conditions. The incubation period was de-
scribed as 2–14 days (Anonymous 2005), but may be as short as 
24 h in some animals. When transmission is occurring within a 
herd or fl ock, the incubation period is typically 2–6 days, but for 
between-farm spread it may take 2–14 days from infection on the 
source farm to clinical signs on the target farm (Alexandersen et 
al 2003). Subsequent clinical signs (vesicles and lesions) normally 
last for variable periods of 2–6 days in cattle and sheep, but lasted 
8.5 days on average in lambs in recent experimental studies (Orsel 
et al 2007b). After a latent period of 1–2 days, shedding of large 
amounts of virus starts 2–4 days before the appearance of clinical 
signs. About 50% cattle and sheep become carriers and continue 
to shed virus for more than 4 weeks. A decline in viral excretion 
and load occurs around Day 4–5 of the clinical disease, by which 
time a signifi cant antibody titre may be detectable. Generally, all 
secretions and excretions (except oesophageal-pharyngeal fl uid 
in ruminants) will be free from detectable virus at 10–14 days 
(Hughes et al 2002; Alexanderson et al 2003).

Transmission rates depend in part on the strain of the virus, 
frequency of contact, and conditions of ventilation, since most 
transmission is by the respiratory route. Animals on pasture will 
transmit the virus at a lower rate than animals housed indoors, 
especially when stocking rates are low and no crowding occurs 
(Hughes et al 2002). Whereas the estimation of transmission 
parameters usually requires extensive sampling and testing, 
they can be derived from reported basic reproduction ratios 
(Woolhouse et al 1996).

The purpose of this study was to provide guidance to the EDR 
team on the number of animals per herd/fl ock to be clinically 
examined, the starting date of clinical surveillance, and for how 
long it would be required before being sure that FMD was not 
present on the island. This advice was required within a few days 
after the incident was fi rst reported. Situations like this may occur 
frequently elsewhere, for example when minor outbreaks occur 
that are likely to have originated from a common source, such as 
in early August 2007 in the UK. Thus this approach was assessed 
for its usefulness in informing surveillance policy in the face of a 
potential FMD outbreak.

Materials and methods
Model structure
Density-dependent (assuming constant area) deterministic and 
stochastic SLIR models were developed to estimate changes in 
the prevalence of occurrence of clinically detectable signs (Begon 
et al 2002). The additional state C (clinical) was linked with the 
SLIR model, as described below, to include the rate of develop-
ment of clinical signs in groups of animals within a herd/fl ock. A 
schematic representation of the model is shown below:

S

β*S*I

L

γ*L

I

α*I

R

where β is the parameter of transmission of infection; γ the rate 
of latent animals becoming infectious; α the rate of infectious 
animals that stop shedding and become resistant; and SLIR the 
number of susceptible, latent, infectious, and resistant animals, 
respectively. Because the time period of interest was relatively 
short, a herd/fl ock was assumed to be a fi xed population, and 
there was no consideration of withdrawals or additions. The fol-
lowing coupled differential equations described the transmission 
process:

d/dt (S) = –β*S*I

d/dt (L) = β*S*I–γ*L

d/dt (I) = γ*L–α*I

d/dt (R) = α*I

where d is the number of animals changing from one state to 
the next, dt the time period, and capital letters representing the 
number of animals in each state.

The latent period was assumed to be 2 days for both cattle and 
sheep, resulting in γ = 1/L = 0.5. The infectious period was 6 days 
for cattle and 4 days for sheep, thus α = 1/6 = 0.1667 for cattle, 
and 1/4 = 0.25 for sheep. Referenced estimates for latent, infec-
tious and incubation periods and the duration of clinical signs are 
shown in Table 1.
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In all scenarios, clinical signs were assumed to become evident on 
average 2 days into the infectious period and last for 3 days, thus 
shedding commenced 2 days before the onset of clinical signs. 
The average time from contact to the onset of clinical signs (in-
cubation period) was therefore assumed to be 4 days. The clinical 
state (C) was modelled by assuming that individuals in the infec-
tious state became clinical after 2 days, and remained both clinical 
and infectious for a further 3 days. The transmission parameter, 
β, depended on the species-dependent infectious period (1/α), a 
scenario-specifi c dissemination rate (Ro), and herd size (N), and 
was calculated as β = Ro*α/N.

This model produced the number of animals in a clinical state 
of infection at every time point. Since all cattle but only 73% 
sheep would develop clinical signs (Hughes et al 2002), the true 
prevalence (TP) of clinically affected animals was the number 
affected divided by herd size, multiplied by 1 for cattle and by 0.73 
for sheep. Consequently, the apparent prevalence (AP) of clinically 
affected animals detected by inspection was the TP multiplied by 
the sensitivity (Se) of detection of clinical signs, which was assumed 
to be 1 for cattle and 0.8 for sheep, i.e. AP = TP*Se. The specifi city 
of detection was set to 1 because every animal that was regarded as 
infected with FMD virus based on clinical inspection was followed-
up by sampling and testing for serum antibody (indirect enzyme-
linked immunosorbent assay Bommeli; De Diego et al 1997) and 
virus RNA in swabs from suspected lesions (fl uorogenic real-time 
polymerase chain reaction; Reid et al 2003). In addition, an entire 
random herd/fl ock sample would be re-inspected for clinical signs 
and tested for serum antibody. Finally, the sensitivity of detecting 
at least one infected animal in a sample size of n animals at the 
herd/fl ock sensitivity (HSe/FSe) level was calculated as HSe/FSe 
= 1–(1–AP)n.

The stochastic model assumed that individuals moved from one 
state to another, and the following Poisson-distributed average 
number (µ) changed state in the small time interval t to t + dt, 
where dt = 0.0001 days:

Event Distribution (µ)

(S,L)  (S–1, L + 1) Poisson (β*S*I*dt)

(L,I)  (L–1, I + 1) Poisson (γ*L*dt)

(I,R)  (I–1, R + 1) Poisson (α*I*dt)

The time step was chosen such that only one animal changed 
state (in much less than 1% of the time steps were there two 
events in the same time step). Since the Poisson distribution 
models integers, only entire animals could change states, so the 

model simulated the fate of each animal in the herd/fl ock in each 
0.0001-day interval (8.6 seconds) using stochastic selection of 
inter-event time. It was assumed that a single animal was infected 
on Day 1 (thus in latent stage), as this refl ected the most chal-
lenging scenario for surveillance. The number in the clinical state 
was calculated as for the deterministic model. Berkeley Madonna 
v8.0.1 (RI Macey and GF Oster, University of California, Berke-
ley, USA, 1997–2000), a software package specifi cally designed to 
model transition processes, was used for both deterministic and 
stochastic simulations (code available on request).

The key output parameters of interest were the starting date and 
the length of the period during which the confi dence of detection 
of FMD at the herd/fl ock level was ≥95%.

Sensitivity analysis
The deterministic model was used to evaluate several scenarios. 
Firstly, the small difference between detection in cattle and sheep 
was presumably due to a different sample size or sampling frac-
tion used in the eight scenarios described above (sample/herd size: 
40/50 vs 70/100 in small, 70/400 vs 70/1,000 in large groups). 
Moreover, the minimum sample size required for effective clinical 
detection was of interest for logistic reasons, and prudent and ef-
fi cient use of personnel and fi nancial resources.

Since much lower dissemination rates were proposed recently 
by researchers (Orsel et al 2007ab) than those considered in this 
study, these new fi ndings were evaluated in hindsight, to consider 
them for future incursion events. Thus, the effect of Ro on clini-
cal detection was simulated in fl ocks of 1,000 sheep, and a sample 
of 70 sheep inspected clinically (all other parameters as before).

Reported incubation periods from two infection experiments un-
der different conditions turned out to be remarkably similar to 
each other (Hughes et al 2002; Orsel et al 2007b). Therefore, 
average incubation periods of 2 and 4 days were evaluated, which 
were in reported ranges. Other evaluated parameters were the la-
tent period and the sensitivity of clinical detection.

Results
Figure 1 shows model outputs (fl ock-level confi dence of detec-
tion, TP, AP, and clinical prevalence) for a scenario using Ro=6, 
a fl ock size of 1,000, a random sample of 70 sheep, 73% prob-
ability of sheep developing clinically detectable symptoms, and a 
detection sensitivity of 80%. Table 2 summarises these fi ndings, 
which are explained below in more detail for cattle and sheep.

Table 1. Epidemiologically relevant parameters for foot-and-mouth disease in cattle and sheep.

Parameter Cattle Sheep Reference

Latent period of orally exposed index case 2.5 days 2.5 days Inferred from Sanson 1994

Latent period of in-contact animals 1–2 days 1–2 days Orsel et al 2007ab

Incubation period 2–6 days 2–6 days Alexanderson et al 2003

 4.5 days 4.5 days Orsel et al 2007b

Shedding period 2–6 days 2–4 days Sanson 1994; Hughes et al 2002

Clinical period (skin lesions) 3–6 days 2.2–6 days Alexanderson et al 2003; Hughes et al 2002

  8.5 days Orsel et al 2007b

Duration of elevated body temperature 12–24 h 12–24 h Hughes et al 2002

No. secondary infections per index case 2–12 2–12 Woolhouse et al 1996; Tsutsui et al 2003

     (basic dissemination rate Ro)  1–2 Orsel et al 2007b
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Cattle
The suggested sample sizes of 40 for small herds and 70 for large 
herds were suffi cient to achieve the desired 95% confi dence level 
for the detection of FMD by clinical inspection for both assumed 
dissemination rates (Ro=6 and 12). Ability to clinically detect dis-
ease in large herds was 2–5 days later than in small herds. Across 
ranges of herd size (50 and 400) and dissemination rates (Ro=6 or 
12), detection became feasible about 7–13 days after the release of 
the virus, and the 90% stochastic range was 4–19 days.

The duration of detection lasted for a median of about 11–15 
(90% stochastic range 9–18) days in small herds/small samples, 
and 13–17 (90% stochastic range 12–19) days in larger herds/
large samples. However, the stochastic model showed that the 
duration could be as short as 2 days. The duration was 3.5–4.4 
days shorter when the dissemination rate, Ro, was doubled. Ro 
explained 18%, and sample size 44%, of the variability in dura-
tion. A larger sample size (70 vs 40) increased the duration of 
clinical detection by 1.9–2.8 days.

Not every release of virus resulted in an outbreak. The stochas-
tic model indicated that the probability that one infected animal 
would result in an outbreak was 83–96%, thus there was early 
fade-out or no transmission in 4–17% of the simulations. In sum-
mary, the models supported a strategy of starting clinical surveil-
lance in cattle 4–5 days after the supposed release of the virus and 
continuing for 35 days (19 days for a late start + 16 days average 
duration of detecting a slow-spreading virus), to cover the entire 
period of high-detection probability.

Despite a longer shedding period in cattle than in sheep, clinical 
examination based on signs such as elevated body temperature, 
which would only be present for about 24 h, resulted in herd 
sensitivity being too low for reliable detection. Sampling 70 cat-
tle resulted in too few animals with an increase in temperature, 
which would be present at any given time in herds of 50–400 
cattle. Under such circumstances, reliable detection was possible 
using a 2-fold increase in sample size and inspection at least twice 
a week.

Sheep
Trends seen in cattle generally held for sheep, i.e. larger fl ocks 
took more time until fi rst becoming clinically detectable and had 
higher dissemination rates reducing this interval. Clinical signs 
were detectible 2.9–4.0 days later in large fl ocks than in small 

Table 2. Time after release of the foot-and-mouth disease virus until clinical symptoms were detected with 95% confi dence (‘clinical detection’), and 
duration of detection: median of 100 stochastic model runs (numbers in brackets = 90% credible intervals).

  Herd or fl ock size Herd or fl ock size
Species Ro /sample size /sample size

Cattle  50/40 400/70

Post-release interval to fi rst clinical detection (days)

 6 8.7 (5.0–14.4) 12.6 (8.9–19.3)

 12 6.6 (4.0–11.6) 8.7 (6.5–14.3)

Duration of clinical detection (days)   

 6 14.5 (11.9–17.9) 17.3 (15.4–19.3)

 12 11.0 ( 8.9–13.4) 12.9 (11.8–14.1)

Outbreak probabilitya   

 6 0.83 0.91

 12 0.92 0.96

Sheep  100/70 1,000/70

Post-release interval to fi rst clinical detection (days)

 6 9.2 (6.4–17.2) 13.2 (10.0–19.8)

 12 6.7 (4.4–10.1) 9.6 (7.4–13.8)

Duration of clinical detection (days)   

 6 12.2 (10.6–14.8) 12.5 (11.9–13.2)

 12 9.8 (8.3–11.1) 9.9 ( 9.3–10.4)

Outbreak probabilitya   

 6 0.91 0.83

 12 0.91 0.91

a Defi ned as the number of stochastic model runs that resulted in a noticeable secondary wave of infected animals during a 100-day period post- release of the virus
Ro = basic dissemination rate

Figure 1. Model outputs for a scenario of a fl ock of 1,000 sheep, after 
release of foot-and-mouth-disease virus, comprising a sample size 
of 70 sheep selected randomly. Prevalence of sheep with detected 
clinical symptoms at 80% sensitivity (····), prevalence of sheep with 
clinical symptoms in 73% of infected sheep (– –), prevalence of 
infection ( ), and confi dence of detecting at least one sheep with 
clinical symptoms in the sample ( ). The horizontal line depicts 
the minimum confi dence for detection of 95%.
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Figure 2. Flock sensitivity (FSe) in sheep after release of foot-and-mouth-disease. Distribution of 100 stochastic model runs for four scenarios, 
namely (a) fl ock size (FS)=100, basic dissemination rate (Ro)=6, sample size (n)=70; (b) FS=1,000, Ro=6, n=70; (c) FS=100, Ro=12, n=70; and 
(d) FS=1,000, Ro=12, n=70 (bold line = deterministic model; horizontal line = minimum probability detection required).

fl ocks, and a higher dissemination rate reduced the time until de-
tection by 2.5–3.6 days.

However, due to shorter shedding periods, a lower proportion 
of animals developing clinical signs, and a lower sensitivity for 
detecting them, the sheep model indicated that the duration of 
clinical detection was 2–5 days shorter in sheep than in cattle, es-
pecially in large fl ocks. Ro explained 28% of the variability in du-
ration of detection whereas fl ock size was unrelated to duration.

The data suggested that surveillance should start at the earliest 4 
days after the supposed release of the virus and be continued at the 
most for 32 days (20 days until start +12 days average duration of 
detecting a slow-spreading virus). As in cattle, the fl ock sensitivity 
for the detection of a 24-h elevated body temperature was below 
the threshold of 95%, and only with a high dissemination rate 
was detection possible for 3 days, using body temperature as the 
leading clinical sign. This suggests that to be an effective indicator 
of disease, body temperature would have to be measured from 70 
sheep selected randomly at least twice a week, starting in the sec-
ond week after the release of the virus. Increasing the sample size 
had little effect on fl ock sensitivity based on body temperature.

Figure 2 illustrates the stochastic dispersion of fl ock sensitivity, 
and Figure 3 shows the cumulative distribution of the output of 
the stochastic model (100 model runs). The fi gures reveal that 
small fl ocks would be detected earlier due to a 10-fold higher 
sampling fraction, but that the duration of detection was much 

more variable and shorter in small than in large fl ocks. Thus, 
achieving the same confi dence of detecting disease in small fl ocks 
was more diffi cult than in large fl ocks despite the same absolute 
sample size. A higher dissemination rate increased the speed of the 
intra-herd epidemic, and thus reduced the area under the detec-
tion curve, with the effect of achieving a higher confi dence for 
clinical detection, albeit for a shorter duration.

Sensitivity analysis
The result of the sensitivity analysis (Figure 4) showed that where-
as a sample of n≥20 was required for cattle it needed to be larger 
for sheep fl ocks (n≥30) to provide an adequate duration of detec-
tion. It was clear that the period during which the disease would 
be clinically detectable in a fl ock of sheep was considerably short-
er. Varying the size of the fl ock while holding the sample constant 
hardly affected the confi dence of clinical detection, thus it was 
the larger absolute sample size and not the proportion sampled 
from the herd/fl ock that compensated for the greater diffi culty of 
detection in sheep in the selected scenarios.

Detection with a very low dissemination rate (Ro=2) was feasible 
only for an extremely short period, but for all higher dissemi-
nation rates a sample of 70 sheep per fl ock provided suffi cient 
confi dence of detection of disease at the fl ock level (Figure 5). 
A slight increase of the sample size from 70 to 80 achieved 95% 
confi dence for clinical detection over a reasonable period of time 
at a low Ro of 2.
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The model suggested that short incubation periods of 2 vs 4 days, 
combined with a high dissemination rate (Ro=12), had almost no 
effect on the confi dence of clinical detection. Effects from vari-
ability of latent periods appeared to be relatively small. Latent pe-
riods >2 days slowed the epidemic down and increased the time 
to the start and the duration of clinical detection, but did not 
reduce the confi dence of detection.

Clinical detection depended on the accuracy (sensitivity) of clini-
cal detection. The assumed 80% sensitivity of clinical detection 

in individual sheep provided suffi cient fl ock-level confi dence of 
detection. In fact, a minimum sensitivity of 30% was required in 
the slow-spread scenario for sheep (Ro=6, n=70, 4 days’ incuba-
tion, 27% without clinical signs) to achieve acceptable detection 
at the fl ock level.

Discussion
We evaluated the timing and duration of clinical surveillance as 
part of the process for development of prudent guidelines for sur-
veillance in the face of a deliberate or incidental FMD incursion. 
An initial presumption was that a possible single index case would 
most likely not be detected, but that surveillance would target the 
fi rst wave of secondary cases in any infected herd. State transition 
modelling was used for simultaneous consideration of the most 
important epidemiological parameters. The resulting epidemic 
curve of the prevalence of clinical signs during the critical post- 
release period of the virus was the basis for calculating the confi -
dence of detection of disease at the herd and fl ock level.

The most signifi cant outcome of this exercise was that the guide-
lines initially used for surveillance needed to be revised and be-
come more targeted. Consequently, the confi dence in negative 
fi ndings from the fi eld increased. In this context, modelling was 
the basis for risk-based surveillance in the incursion incident de-
scribed. We believe the approach has wide application. The most 
recent example is an FMD incursion in the UK in early August 
2007, for which a point source was hypothesised and surveillance 
was initiated to investigate freedom from FMD within a surveil-
lance zone. The approach presented here may assist the design of 
such response activities.

State transition models have previously been used and applied 
to FMD situations, both at individual animal (Woolhouse et al 
1996; Tsutsui et al 2003) and herd (Haydon et al 1997) levels. 
Whereas deterministic modelling is useful for evaluating the rela-
tive merits of various components such as detection sensitivity, 
dissemination rate, or sample size, they lack the ability to give an 
accurate account of start and fi nish dates for surveillance teams 
in the fi eld in the event that good prior information about the 
day of the incursion is available. Insights into the variability of 
the assumed parameters and of chance events, such as whether or 
not infection will take place during a time interval, was more re-

Figure 3. Cumulative distribution of the start (left) and end (right) of 
clinical detection of foot-and-mouth disease at the fl ock level in sheep, 
with 95% confi dence (83/100 stochastic model runs with outbreaks; 
basic dissemination rate Ro=6, n=70, fl ock size=1,000).

Figure 4: Effect of sample size on the probability of clinical detection 
of foot-and-mouth-disease by days after the release of the virus for (a) 
cattle, and (b) sheep; samples in steps of 10 from 10 to 100 in a group 
of 100 cattle/sheep (smallest curve at n=10; largest curve at n=100; 
horizontal line = targeted minimum for clinical detection).

Figure 5. Effect of the basic dissemination rate (Ro) of 2 to 12 on clinical 
detection of foot-and-mouth-disease in diseased sheep fl ocks (fl ock 
size=1,000; n=70; curves shifting left with increasing Ro; horizontal line 
= surveillance target).
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alistically approached using the stochastic process, that effectively 
allowed inter-event time to vary. As would be expected in real 
life, this resulted in various proportions of no-outbreak or fade-
out runs, and by moderate differences in the outcome between 
median stochastic and average deterministic models. Moreover, 
the stochastic outcome was not symmetrically distributed around 
the deterministic result. A few stochastic runs revealed outbreaks 
that occurred with a much longer delay than the majority of runs, 
thus simulating situations where the index case did not have a 
suffi cient contact until about 8–10 days after the release of the 
virus (Figure 2).

Our mathematical approach was different from the stochastic 
method used by Tsutsui et al (2003), which was based on an 
@Risk (C Palisade Corporation, Ithaca NY, USA 14850, http://
www.palisade.com) spreadsheet, where stochasticity was approx-
imated by random draws from continuous distributions of para-
meters. Our method used random draws from a Poisson distri-
bution of inter-event time independently for each transition, and 
a short time period that allowed only one animal to change state 
for each transition. On the other hand, the stochastic process we 
used held parameters constant (Ro, α, and γ; β depending on 
herd/fl ock size; proportion of animals developing clinical signs; 
animal-level sensitivity). In the absence of information on para-
meter variability, we decided to use sensitivity analysis to examine 
the impact of parameter changes on model outcomes. These were 
therefore evaluated in the sensitivity analysis, as recommended by 
Christensen and Gardner (2000).

The chance of detecting disease by active clinical surveillance in 
small (cattle) herds was relatively low, even if almost the entire 
herd was inspected. This was simply a matter of too few animals 
with clinical symptoms. Depending on prevalence, a maximum 
of 12 animals with clinical symptoms would be present in a sam-
ple of 40.

The critical prevalence for detection was 5%. Considering the 
scatter of days when animals were in a clinical state, including 
days when there were no animals with lesions despite ongoing 
infection, in theory at least three clinically affected animals were 
required to be present at any point in time to detect disease in a 
herd of 50 cattle for inspection to be suffi ciently accurate. Due 
to biological variation and chance, this critical number of three 
clinical cases may often not be reached. Therefore, when herds 
are small, and much more so at low contact rates (as is often the 
case on pasture), or when Ro is low (e.g. low-pathogenicity virus 
strains), surveillance can fail to detect infected herds, despite 
signs in cattle being easy to detect. This could be compensated by 
repeated inspection of the same herd. However, the confi dence of 
clinical detection in small herds may have been underestimated 
by the model because the formula for herd sensitivity (Martin et 
al 1992) is not continuity-corrected. The approach by Cameron 
and Baldock (1998), who derived an exact but complex, iterative 
probability estimation to be used for small populations, would 
be more appropriate, but it was diffi cult to incorporate into the 
model and would have required extreme processing time because 
the process would have to be repeated at each time step.

The estimated confi dence of detection may in reality be higher 
because people handling animals, especially when alerted about 
the possibility of an imminent outbreak, would be expected to 
report symptoms and thereby increase the chance of detection. 
For example, McClaws et al (2006) found that clinical cases were 

more likely to be laboratory-positive if they were reported by far-
mers (especially dairy farmers) vs active surveillance. We ignored 
this additional pathway to detection because the interest was in 
the worst case scenario, and it would have been hard to quantify 
the probability of farmer-detection.

The speed of the spread of disease, which was a function of Ro, 
and period of shedding in the model, is considered to be much 
greater in cattle than in small ruminants (Hughes et al 2002). In 
New Zealand, however, clinical detection in sheep is not limited 
by sample size because sheep fl ocks are much larger than cattle 
herds. Detection will, theoretically therefore, not be as diffi cult as 
in cattle, except for a relatively low number of small fl ocks.

It is doubtful that ≥80% sensitivity of clinical inspection can be 
realised under fi eld conditions in individual animals because only 
one to three small lesions, if any, can be expected in sheep (Hu-
ghes et al 2002). Since a sensitivity of <30% often led to failure of 
detection in a fl ock, clear instructions are required for the clini-
cal examination of individual animals. Immobilisation, cleaning 
of hooves, and close inspection are probably mandatory if 80% 
is to be achieved. Such an approach would require animals to 
be crowded for fl ock inspection, and thus dramatically increase 
contact rates, and impose stress, and consequently accelerate tran-
smission. For the purpose of surveillance, increased transmission 
induced by crowding would benefi t recognition of disease (and 
thus a higher confi dence in negative fl ock inspections), but in-
spected fl ocks would have to be reinspected after an incubation 
period of 4–5 days at least once to determine whether crowding 
had triggered a dormant infection. Again, this supports repeated 
inspection of the same herd/fl ock about twice a week.

An increase in the dissemination rate (Ro) beyond the chosen 
value of 12 had surprisingly little effect on detection of disease at 
the herd level because large, easy-to-detect outbreaks would occur 
when Ro>12. Whether or not extreme values of Ro>70, as sugge-
sted by Woolhouse et al (1996), are realistic, they did not much 
affect the accuracy of detection. Conversely, low dissemination 
rates of 2 or lower (Orsel et al 2007ab) delayed the time until 
reaching the 95% confi dence level of detection to about 44 days 
after the suspected release of the virus, and detection lasted for 10 
days. To achieve suffi cient confi dence of detection, a slightly lar-
ger sample (n=100) and an extended surveillance period would be 
required, combined with campaigns to increase farmer awareness 
for intensive observations of their fl ocks, and self-reporting.

The stochastic model predicted that 4–17% herds/fl ocks would 
not experience an outbreak even if one infected index case was 
present. Considering the fact that the oral route of infection is hard 
to establish (Sanson 1994; Alexandersen et al 2003), the chance 
of producing an index case was probably quite low. However, the 
enormous economic consequences of an introduction into New 
Zealand would justify any cost and intensity for surveillance, 
especially as the immediate population at risk on Waiheke Island 
was small.

At the onset of surveillance, apparently ill animals were targeted 
for clinical inspection. This may help to identify FMD-infected 
animals and increase the chance of detection. However, such 
an approach may bias away from animals with FMD because 
animals with clinical disease other than FMD may be less exposed 
to contact with others than healthy animals. Their lower contact 
rates would make them less likely to become infected in the 
presence of shedders. Moreover, it was recommended to measure 
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the body temperature of those animals that were apparently ill. 
However, the model suggested that body temperature may not 
lead to detection at the group level because the probability and the 
period of increased body temperature are relatively small (Hughes 
et al 2002; Orsel et al 2007a). We assumed a 2-day latent period 
for the index case. This may not be appropriate, especially for the 
oral route of infection. The period until detection shown in Table 
2 may therefore have to be increased by 1–2 days.

In conclusion, stochastic SLIR modelling was a useful tool to as-
sist ongoing surveillance activities in the face of a suspected deli-
berate incursion in real time. Contrary to initial expectations, it 
suggested that only secondary cases could be detected by clinical 
surveillance, and that measuring body temperature alone was not 
a reliable tool to detect FMD infection in cattle herds and sheep 
fl ocks ranging from 50–400 and 100–1,000 heads, respectively. 
Infection was less likely to be detected in small herds <40 cattle 
than in larger herds, but this could be compensated by repeated 
inspection of the same herd/fl ock about twice a week. Stochastic 
modelling indicated that situations could occur wherein infection 
was not apparent until about 3 weeks after the release of the virus, 
although it may already have passed through other herds or fl ocks 
by that time. Based on the variability of stochastic outputs, clini-
cal inspection activities are best started at 4 days and continued 
for about 35 days after the date of fi rst exposure, to achieve at 
least 95% confi dence of clinical detection of FMD in herds and 
fl ocks.
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Predictive spatial modelling of alternative
control strategies for the foot-and-mouth
disease epidemic in Great Britain, 2001
R. S. MORRIS, J. W. WILESMITH, M. W. STERN, R. L. SANSON, M. A. STEVENSON

A spatial simulation model of foot-and-mouth disease was used in March and early April 2001 to evaluate
alternative control policies for the 2001 epidemic in Great Britain. Control policies were those in operation
from March 20, 2001, and comprised a ban on all animal movements from February 23, 2001, and a
stamping-out policy. Each simulation commenced with the known population of infected farms on April 10,
2001, and ran for 200 days. For the control policy which best approximated that actually implemented from
late March, the model predicted an epidemic of approximately 1800 to 1900 affected farms, and estimated
that the epidemic would be eradicated between July and October 2001, with a low probability of continuing
beyond October 2001. This policy included the slaughter-out of infected farms within 24 hours, slaughter of
about 1-3 of the surrounding farms per infected farm within a further 48 hours, and minimal interfarm
movements of susceptible animals. Delays in the slaughter of animals on infected farms beyond 24 hours
after diagnosis slightly increased the epidemic size, and failure to achieve pre-emptive slaughter on an
adequate number of at-risk farms substantially increased the expected size of the epidemic. Vaccination of
up to three of the most outbreak-dense areas carried out in conjunction with the adopted control policy
reduced the predicted size of the epidemic by less than 100 farms. Vaccination of buffer zones (designed to
apply available vaccine and manpower as effectively as possible) carried out in place of the adopted control
policy allowed the disease to spread out of control, producing an epidemic involving over 6000 farms by
October 2001, with no prospect of immediate eradication.
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THE British foot-and-mouth disease (FMD) epidemic which
commenced with a confirmed outbreak on February 20, 2001,
has devastated the British livestock industries, and it will take
several years for full recovery to occur. Reports of the evolu-
tion of the epidemic have been provided on the Ministry of
Agriculture, Fisheries and Food (now the Department for
Environment, Food and Rural Affairs) website (MAFF 2001)
and in The Veterinary Record (see, for example, Anon 2001 a).
The epidemic was already well established and disseminated
by the time it was diagnosed, and retrospective evaluation of
the epidemiological data shows that at least 29 farms were
infected but undiagnosed at the date of the initial confirma-
tion. This was determined by including all farms with esti-
mated dates of infection before this date and diagnosis dates
after the date of diagnosis of the index case.

In managing such an epidemic and allocating resources
appropriately, modelling can be a very useful tool since it can
separately predict numbers of infected and confirmed farms,
and can predict forward into the future the expected effect
of alternative control strategies (Carpenter and Thieme 1980,
Carpenter and Dilgard 1983, Habtemariam and others 1983,
Barlow 1991, Beal 1993). This can provide decision makers
with guidance on the likely scale and (for geographically
structured models) the spatial pattern of the epidemic under
different control scenarios. Analyses can also be rapidly re-
run in response to new information, which may include
revised parameter settings which make use of data from the
emerging epidemic. Various recent modelling studies have
examined aspects of FMD control (Howard and Donnelly
2000, Ferguson and others 2001, Kao 2001).

As part of the development of the EpiMAN information
system for emergency disease control (Sanson 1993), a fully
spatial national model ofFMD termed 'InterSpread' was devel-
oped in the early 1990s (Sanson and others 1999). It has pro-
gressively been refined and generalised, and during its design
and testing extensive use was made of the detailed epidemi-
ological records of the 1967/68 epidemic of FMD in the UK,
and of a detailed review of published papers and other sources
of epidemiological evidence (Sanson 1993). The model has
been used for FMD policy evaluation in Europe (Jalvingh and

others 1995) and has subsequently been adapted to model
classical swine fever and other contagious diseases (Vonk
Noordegraaf and others 1997, Staerk and others 1998,
Jalvingh and others 1999, Nielen and others 1999).

At the end of February 2001, InterSpread was populated
with the available UK geographical and farm livestock enter-
prise information to enable it to realistically represent the
British livestock population. Epidemiological data for all
farms diagnosed as infected, which were being collated and
stored in the EpiMAN database, were transferred to InterSpread
for modelling studies. This database was maintained by the
FMD Epidemiology Team at the headquarters of the State
Veterinary Service, and will be described in more detail in a
future publication These studies have been conducted as joint
undertakings by Great Britain and New Zealand members of
the team regularly since early March 2001, and are continu-
ing. This paper describes analyses of alternative control strate-
gies which were conducted in late March and early April 2001,
at the time when policy decisions were being made on poten-
tial modifications to the control strategy in place at that time.
The control policies evaluated were those of interest at March
20, 2001, but because a more comprehensive national farms
database became available in early April, were then re-simu-
lated using case reports to April 10, 2001. The results reported
are for this second set of model runs.

MATERIALS AND METHODS

Model description
InterSpread (Sanson and others 1999) is a computer program
which can be used to model a FMD epidemic using Monte
Carlo simulation. This involves representing biological
processes (including their inherent variability) by sampling
on statistical distributions. As its base population InterSpread
uses the spatial location of all farms and animal markets, in
combination with other relevant data such as the coordinates
of any control zones. It can use either the surveyed shape of
farms if these are available - as it is in the AgriBase system in
New Zealand (Sanson and Pearson 1997) - or the easting and
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northing coordinates of a single identifying point on the farm
(such as the centroid) if this is the best information available.
This population of farms in a defined study area is then pop-
ulated with counts of the number of pigs, cattle, sheep, goats
and deer present at the start of a FMD epidemic, as best these
can be estimated at the time. The model run can either be ini-
tiated from the index case in the outbreak, or it can use the
recorded history of the sequence of specific farms already
confirmed with the disease to a chosen date, which represents
the start of the simulation period (Table 1). The model pre-
dicts the spatial and temporal spread of the FMD epidemic by
identifying which of the population of farms at risk are likely
to experience the disease for each day throughout the simu-
lation period.
A synopsis of InterSpread's logic is as follows. The model

provides separate representations of the epidemiological
transmission processes and effects of control measures for
each susceptible species, and represents the interactions
among species which produce the characteristic behaviour of
the disease. For each farm confirmed with FMD, the infection
date (ifknown) is used to commence the simulation of trans-
mission from that farm. Where the date of infection is not

Variable Details

Farm identifier Unique farm identifier
Date infected Estimate of the date that the farm became infected
Source farm identifier Unique identifier for the farm that was responsible for this farm's

infection (if known)
Date of earliest dinical signs Date that clinical signs first appeared on this farm
Date of diagnosis Date that FMD was confirmed on this farm
Date slaughter completed Date on which all susceptible animals on this farm were slaughtered
Stock numbers Estimate of the number of sheep, cattle, pigs, goats and deer

present on the farm when FMD was diagnosed

known, an estimated infection date is determined by sub-
tracting a species-specific incubation period from the date on
which clinical signs were first observed. Each farm is assumed
to begin producing virus (and therefore becomes infectious
to other farms) on or just before the date of appearance of
clinical signs, depending on the species present. Between-
farm spread of the virus occurs by one of four mechanisms:

Item Deais

1 Probability look-up table to define the distribution of the number of days to onset of clinical signs
2 - 4 Probability look-up table to define the distribution of the number of days to diagnosis for sheep, cattle and pigs
5 - 7 Average number of high-, medium- and low-risk movements off farm per day
8- 9 Average number of high and medium- risk movements to saleyards off farm per day
10 Average number of extra farn contac generated by each saleyard movement
11 Probability look-up table to define the distribution of the distance of movement from a source farm to a destination farm
12 - 14 Probabilit of infection occurring on a destination farn from a high-, medium- and low-risk movement
15 Table of probabilties that a neighbouring farm will be infected by an infected farm, given the number of days relative to onset of clinical signs and distance

from the property
16 Local spread multiplier for item 15. Where local spread is the only transmission mechanism in operation, the probabilities in item 15 will be multiplied by this

value
17 - 19 Pig, catte and sheep multiplier for item 15. When the source farm has each of these species, the probabilities in item 15 will be multiplied by this value. If a

form has mnore than one spedes, the largest multiplier of these spedes will be used
20-23 Codes to determine the behaviour of airbome spread
24 Proportion of dairy farms with lactating dairy catte
25 Maximum length of tanker rutes, exessed in metres

26 Probability of farm being seleced for particular tanker route

27 - 28 Mean and standard deviaton of the number of farms on a dairy tanker route in the disease-free zone (that is, in the non-movement-controlled area)
29- 30 Mean and standard deviation of the number of farms on a dairy tanker route inside the infected area

31 Number of days taken to slaughter the animals on an infected farm
32 Number of diagnosed farms th caue a resourcng problem
33 Number of days before the onset of dinical signs that foot-and-mouth disease virus appears in the milk
34-35 Number of days taken for immunity to be reached after vacination for cattle and pigs
36 - 38 Hours taken to trace low-, medium- and high-risk movements
39 Days taken to identify an infected farm by back tracing
40 Number of dairy tanker pick ups per week
41 -43 Probabilitf that a farm manager forgets to report a low-, medium- and high-risk movement
44 -45 Probabily of a farm being infected from a medium- and low-risk dairy tanker contact
46 Code to indicate whether separate local and airbome spread are to be assumed, or the two combined
47 Nunber of days after the onset of clncal signs that disase transmission via medium- or low-risk movements from an infected farm will occur

48 Look-up table to define the distribuibn of the days frnm dinical signs to diagnosis during the period before the first case has been diagnosed
49 Proporton of local spread that connues to occur after a farm has been placed on surveillance
50 code to indicate if ail epidemiologially significant dates or only infection dates are to be used by InterSpread
51 Code to indikate if a separate look-up table to represent the delay to diagnosis before the finding of the first infected farm is to be used by InterSpread
52 -54 Airborne susceptblt moder for cattle, heep and pigs. Whenever airborne spread is modelled, the probability of infecting a farm by airbome spread will be

muplied by this value if the species are present
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Item Details

1 Number of infected areas (disease zones within which blanket movement restrictions
were implemented), their date of activation and the coordinates defining each
infected area

2 Description of vaccination buffers used (number of buffers, their coordinates, species
to be vaccinated)

3 Description of pre-emptive slaughter-by-risk control procedures to be implemented
4 Description of pre-emptive slaughter-by-area control procedures to be implemented
5 Description of within-infected area movement control strategies selected
6 Description of through-infected area movement control strategies selected
7 Description of off-surveillance farm movement control strategies selected
8 Description of off-vaccinated farm movement control strategies selected
9 Description of surveillance level control strategies selected
10 Description of surveillance length control strategies selected
11 Description of patrol zone controls selected
12 Code to indicate if flexible infected areas are used, and if used, their description
13 Description of the size and designated control function of radial control zones

specified to be used
14 Description of pre-emptive slaughter strategy including: whether or not manpower is

to be limited, which species are to be slaughtered, the number of animals able to be
processed per day (if manpower is limited), and the number of days required to
process the pre-emptive slaughter (if manpower is unlimited)

15 Description of vaccination strategy including: whether or not manpower is to be
limited, which species are to be vaccinated, the number of animals able to be
processed per day (if manpower is limited), and the number of days required to
complete vaccination (if manpower is unlimited)

16 Description of movement control strategy including: number of days after initial
diagnosis to activate movement control, number of days to maintain movement
control, list of proportions of movements allowed within the specified zone by risk
(low, medium and high), list of proportions of movements allowed out of the zone by
risk (low, medium and high), list of proportions of movements allowed into the zone
by risk (low, medium and high)

17 Description of surveillance strategy including: number of days after diagnosis to
activate surveillance, number of days to maintain surveillance, proportion of farms
in zone to put on surveillance, level of surveillance expressed as a risk rating (low,
medium and high)

18 Description of vaccination strategy where implemented based on a specific criterion
(if used) induding: aiteria for the initiation of vacdnation (based on the total number
of outbreaks, the interval between outbreaks, outbreaks ratio or epidemic day),
whether or not manpower is unlimited, which species are to be vaccinated, the
number of animals able to be processed per day (if manpower, as specified in item
15, is limited), and the number of days required to complete vaccination (if
manpower, as spedfied in item 15, is unlimited)

19 Number of tracing delay modifiers defined, date that the tracing modifier is activated,
value to multiply the modelled tracing delay for each risk category (low, medium and
high)

(1) movement of animals as a result of sales to other farms
or to markets; (2) local spread to nearby farms on fomites and
personnel; (3) long-distance windborne spread if meteoro-
logical conditions are conducive to this pathway; and (4)
spread from dairy tanker movements. Once FMD has been
confirmed on a farm, infectivity continues until control mea-
sures have been completed, and varies according to the stage
both of the disease process and implementation of control
procedures. InterSpread uses a set of transmission parame-
ters to govern how FMD spreads throughout the area of study
(Sanson and others 1993, Sanson 1994, Sanson and Morris
1994), and a set of control options to define the details of the
proposed control strategy to be investigated. Variables defined
in each of these parameter sets are shown in Tables 2 and 3,
respectively.

Simulation models use a random number generator to
determine the outcome of each probability assessment, and
the sequence of random numbers generated is determined by
the 'seed' used to start the generator. In InterSpread each of
the component processes is independently seeded, so the
model is made to produce the same underlying epidemic
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FIG 1: Map of Great Britain showing vaccination bands
defined on March 20,2001. EA Eastern, MW Mid and West,
NO Northern, SC Scotland, SE South east, SW South west,
WA Wales

process, which is then influenced in its degree of manifesta-
tion by the control measures applied. Each replicate simula-
tion for a particular strategy is seeded differently, so that an
element of biological variability is built into the evaluation
process.

Study population
The unit of interest in this study was every farm containing
cattle, sheep, pigs, goats or deer recorded on the 2000 agricul-
tural census conducted by MAFF in England and Wales (MAFF
2000) and the Scottish Executive Rural Affairs Department in
Scotland (SERAD 2000). Census data for each farm included a
unique identifier, the easting and northing coordinate of the
centroid of the farm and the numbers of pigs, cattle, sheep,
goats and deer present on the farm at the date of census (June
30, 2000). For farms in England and Wales, census data was
collected for all farms employing at least one labour unit and
a random sample of farms employing less than one labour
unit. In Scotland, census data was collected for all farms.
Because only the centroid of each farm was recorded, it was
not possible to determine contiguity of farms, and inter-
centroid distance was used as a proxy for close contact.

Control strategies evaluated
Details of FMD-affected farms confirmed up to April 10, 2001,
were used to seed InterSpread and assess the effectiveness of
a series of possible enhanced FMD control strategies, which
operated within the model from March 20, 2001. The impact
of the prior control strategy applied from initial diagnosis was
represented in the initial information provided to the model.
The model thus represented the official movement control
policy, except that it did not consider the MAFF-licensed move-
ments allowed for welfare reasons to represent a risk of trans-
mission (MAFF 2001), and it allowed for the occurrence of a
low level of potentially risky illegal movements.

In the first series of strategies, the effects of varying the
speed of stamping-out, and the number of farms pre-emp-
tively slaughtered around each farm diagnosed as infected
were jointly assessed. InterSpread depopulated infected farms
first, and then progressively slaughtered neighbouring farms
to the scale specified. Pre-emptive slaughter was conducted
radially from each infected farm to eliminate varying num-
bers of surrounding farms specified as level 1 (negligible elim-

The Veterinary Record, August 4, 2001 139



PAPERS & ARTICLES

1200-

1000-

800-

E

.S 600-
0
z

400-

200-

o-

1t 1200-

1000-

800-

=' 600-

z

400-

200-

0-

0 200 400 600 800
Easting (km)

FIG 2: Map of Great Britain showing areas where, for the
period April I to April 15, 2001, there were more than 50
newly confirmed FMD-affected farms per 100 km2. These
contours were used to define areas for implementation of
cattle vaccination, as reported in Table 7. EA Eastern, MW Mid
and West, NO Northern, SC Scotland, SE South east, SW South
west, WA Wales

ination) to level 5 (substantial removal of herds). Because
farm density varies between areas, ratios of pre-emptively
slaughtered farms to infected farms actually achieved in
model runs were calculated from model outputs for compar-
ison with field data. All animals of all susceptible species were
slaughtered on farms subject to the pre-emptive slaughter
policy. In this series, depopulation of the infected holding
occurred within 24 hours of confirmation and depopulation
of farms within the pre-emptive slaughter list occurred within
72 hours of confirmation.

In the second series of strategies, the effect of increasing
the time to slaughter of infected farms was assessed. Pre-emp-
tive slaughter rules around infected farms were applied as
before, but longer delays were built into the slaughter process,
with depopulation of the infected holding occurring within
48 hours of confirmation and depopulation of pre-emptive
slaughter farms occurring within 72 hours.

In the third series of strategies, the effect of vaccination
alone as a control measure was assessed. The spatial distrib-
ution of FMD-affected farms confirmed up to March 20, 2001,
provided the basis for defining a series of FMD vaccination
'bands' across the country, positioned to create a barrier
between FMD-affected and FMD-unaffected areas, on a scale
which was feasible to achieve (Fig 1). At the time there was
public discussion of the merits of abandoning stamping out
and using vaccination to control the disease, and this policy
was defined to realistically assess how such a policy might be
implemented and what its effects might be, given likely sup-
plies of vaccine and manpower to vaccinate cattle. As vacci-
nation of cattle was the policy under discussion, the model
simulated the effects of vaccinating cattle in these defined
areas starting from March 20, 2001, with 8000 head being
processed within each specified area per day, continuing until
the population of cattle in the area was fully vaccinated. No
other species were vaccinated.

In the fourth series of strategies, the effectiveness of a com-
bination of vaccination and slaughter was assessed. Areas of
Great Britain where the incidence of FMD was greater than 50
farms per 100 km2 for the period April 1 to April 15, 2001,
were defined (Fig 2). There were three of these areas: the

0 200 400
Eastng (kmn)

FIG 3: Map of Great
Level 1 Britain showing the

- Level 2 spatial distribution of

Level 4 FMD-positive farms at
Level 5 June 30,2001, predicted

by the 24-hour
slaughter of infected
farms strategy shown in
Table 4. Contour lines
show areas where the
density of FMD-positive
farms was predicted to
be greater than 50 per
100 km2. EA Eastern,
MW Mid and West,
No Northern,
SC Scotland,

600 800 SE South east, SW South
west, WA Wales

first in Cumbria, the second in Devon and the third in
Gloucestershire. Vaccination of cattle was introduced in con-
junction with pre-emptive slaughter of infected farms within
24 hours at the levels described in Table 4. Three variations of
this strategy were assessed: the first where only the Cumbria
high outbreak density zone was vaccinated, the second where
the Cumbria and Devon high-density zones were vaccinated
and the third where the Cumbria, Devon and Gloucestershire
high-density zones were vaccinated. Vaccination of cattle was
carried out in these defined areas starting from April 10, 2001,
with 8000 head being processed within each area per day.
Vaccination was assumed to fully protect farms against
becoming infected from seven days after administration.

Each of the specified strategies was simulated for 200 days
commencing from April 10, 2001, and five iterations of each
variant were produced using five sets of random number
seeds. The effectiveness of each strategy was assessed in terms
of: (1) the total number of farms which became infected
within 200 days; (2) the mean date of eradication (calculated
for replicates where eradication was achieved within the 200-
day modelling horizon); and (3) the proportion of iterations
where eradication was achieved within 200 days.

RESULTS

Table 4 shows the mean number of farms affected, the mean
date of eradication and the number of iterations where erad-
ication was achieved for the 24-hour slaughter of infected
farms strategy. The spatial distribution of FMD-positive farms
at June 30, 2001, predicted by each of the variations of this
strategy is shown in Fig 3.

Pre-~~mptive Meah (range)
sbaughter bev8I Farms affected Eraction date Eradication

1 3604 (2966-3974) Oct 23 (0ct 22-0ct 25) 4of 5
2 2343 (2124-2515) Sept 18(Sept 2-Oct 3) 3of 5
3 1845(172 7) A 9 >UI 14-Oct 1) 5 of 5
4 1768 (162173 Jul e 8-ug 1O) 4 of 5
5 1703 (1625-1896) Ag 16 (June 8-ct 19) 5 of 5
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Pre-emptv 0Mean>(raae
slaugh level Far s Eradicat.ion date Eradcaton

1 5568 (3958-7134) - Oof 5
2 2786 (2477-2997) Sept28 (Sept 12+-t 26) 5 Of 5
3 1995 (1775-2194) Aug 24 (Qly 1-Oct 1 1) 5 OfS
4 1856 (1766-2010) July26 (Jun 20-Aug 21) 4 of 5
5 1769(1622-1998) July29QQe 10-Sept26) 5 of 5

Table 5 shows the mean number of farms affected, the
mean date of eradication and the number of iterations where
eradication was achieved for the 48-hour slaughter of infected
farms strategy. The spatial distribution of FMD-positive farms
at June 30, 2001, predicted by each of the variations of this
strategy is shown in Fig 4, pooled and averaged over five repli-
cates.

Table 6 shows the mean number of farms affected, the
mean date of eradication and the number of iterations where
eradication was achieved for the vaccination-only strategy.
The spatial distribution of FMD-positive farms at June 30,
2001, predicted by this strategy is shown in Figure 5.

Table 7 shows the mean number of farms affected, the
mean date of eradication and the number of iterations where
eradication was achieved for the vaccination plus slaughter
strategy. The spatial distribution of FMD-positive farms at
June 30, 2001, predicted by the variations of this strategy is
shown in Fig 6.

DISCUSSION

Specific roles of different modelling methods
Computer modelling can provide valuable assistance in mak-
ing rapid and informed decisions about the relative merits
of different control strategies in emergency disease control,
provided that the model has been developed and tested, and
is ready for immediate application. Although InterSpread had
not been populated with British farm data before the FMD epi-
demic, prior experience of team members allowed the model
to be populated within a week, and adjusted to handle special
requirements such as the unusually prominent role of sheep
movements in this epidemic (Anon 200 lb).

An alternative approach is mathematical modelling, in
which mathematical equations are formulated to represent
the biological processes, and these are processed repeatedly
through time to predict the behaviour of the epidemic under
different control scenarios (Bailey 1975, Anderson and May

MA-34WIMFIM. ~ ~ ~ ~ M 6r~dt~

Mean (range)
Farms affected Eradication date Eradication

Protective vaccination bands 6423 (4502-7960) - 0of 5

a .66mm

Mean (trange)
Details Farns affeced Eradication date Eradicatiow

Cumbria 1846 (1712-1931) Aug 9 (July 14-Oct 1) 5 of S
Cumbria, Devon 1853 (1720-1937) Aug 9 Quly 14-Oct 1) 5 of 5
Cumbria, Devon, Gloucestershire 1822 (1709-1910) J* 30 Qune 25-Oct 1) 5 of 5
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FIG 4: Map of Great Britain showing the spatial distribution of
FMD-positive farms at June 30, 2001, predicted by the 48-hour
slaughter of infected farms strategy shown in Table 5.
Contour lines show areas where the density of FMD-positive
farms was predicted to be greater than 50 per 100 km2.
EA Eastem, MW Mid and West, NO Northern, SC Scotland,
SE South east, SW South west, WA Wales

1979, 1991, Pech and Hone 1988). Typically, such models are
deterministic - the outcome of any single analysis will always
be the same, because the modelling approach does not have
built-in consideration of variability. This approach has been
used by other workers during this epidemic, and the results
have been reported recently (Ferguson and others 2001). Such
models can be very useful as a source of broad insights into
the biological behaviour of diseases in populations. However,
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FIG 5: Map of Great Britain showing the spatial distribution of
FMD-positive farms at June 30, 2001, predicted by the
vaccination-only strategy shown in Table 6. Contour lines
show areas where the density of FMD-positive farms was
predicted to be greater than 50 per 100 km2. EA Eastem,
MW Mid and West, NO Northern, SC Scotland, SE South east,
SW South west, WA Wales
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they are by their inherent nature simplified mathematical
abstractions of biological reality, and, as such, suffer a range
of limitations as tools for making policy decisions in the face
of a disease which has complex biological interactions among
the various species involved, and for which spatial relation-
ships among farms strongly influence the probability of
disease transmission between them. It is also important to
consider for policy purposes the inherent biological variabil-
ity in disease epidemics, and to provide decision makers with
soundly derived ranges of expected outcomes, rather than sin-
gle predictions which fail to recognise that an outcome which
is favourable on average may have a probability of (say) 20 per
cent of producing a very adverse result, which would lead to
its exclusion from the feasible options.
A method which is widely used to overcome these limita-

tions in standard mathematical modelling is Monte Carlo
simulation modelling. In this approach, a representation of
the biological processes involved is constructed, in which the
outcome of events and decisions is in each case determined
by sampling on probability distributions derived from
epidemiological knowledge of the disease (Marsh 1986).
Multiple runs are carried out to measure the expected varia-
tion in outcome arising from chance influences - just as in
reality. Simulation models can also accurately represent the
geography of the region being modelled (Saarenmaa 1988)
and can incorporate data items from external data sources,
such as true spatial coordinates of farms. Hence, they can
predict the spatial evolution of the epidemic, as well as
its temporal development - the former being much more
challenging to achieve than the latter.

However, simulation models take considerably longer to
develop than mathematical models, and cannot usually be
developed in the face of an immediate need. It is possible to
produce relatively generic models which are applicable to dif-
ferent diseases and different geographical regions and which
can be rapidly applied to new situations in response to a dis-
ease emergency, as was done in this case with InterSpread.
Simulation models are also more complex in design, and
hence need more parameters than mathematical models.
Obtaining adequate estimates of these parameters requires
access to data (which, in this case, was obtained from the
1967/68 FMD epidemic in the UK plus a review of the litera-
ture). It may also be possible to produce very similar results
with different sets of parameter values, because changes
in one parameter may compensate for changes in another.
Validation procedures and sensitivity analysis help to provide
confidence in the robustness of a model, and comparison of
model predictions with subsequent field experience will also
be valuable.

Because models of the type exemplified by InterSpread are
relatively stable in behaviour, five replicates were used to
assess each control policy, in the interests of rapid processing.
Larger numbers of runs would reduce confidence intervals on
the means, and eliminate problems such as chance variation
in the predictions which are not entirely consistent across
control policies (Table 5). However, given the uncertainties in
data and parameter estimates, comparison of different num-
bers of replicates led to the conclusion that five runs would
give adequate estimates of variability, while allowing rapid
processing.

Comparison of alternative control policies
The analyses support historical field experience in reinforc-
ing the crucial value of the slaughter of all susceptible animals
on affected farms as rapidly as possible after diagnosis, and
especially the benefits of pre-emptive slaughter of high-risk
farms before signs of disease can appear. FMD is exception-
ally transmissible because of the large quantities of virus
excreted and the fact that animals commonly become infec-
tious before clinical signs appear (Sanson 1994). This massive
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FIG 6: Map of Great
Britain showing the

- Cumbria, Devon spatial distribution of
- Cumbria, Devon, FMD-positive farms at

Gloucestershire June 30,2001, predicted
by the vaccination and
slaughter strategies
shown in Table 7.
Contour lines show
areas where the density
of FMD-positive farms
was predicted to be
greater than 50 per 100
km2. Contour lines for
the three variations of
this strategy overlap.
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virus production is compounded by the very low infective
dose for susceptible species, the differences in key epidemio-
logical features of the disease between the various species, the
ease with which the virus can be transmitted on fomites and
the capacity for long-distance windborne spread in bursts
when appropriate meteorological conditions coincide with
large-scale excretion of virus, especially by pigs.
A study of FMD outbreaks in unvaccinated European live-

stock populations between 1965 and 1982 by Lorenz (1986)
showed that the median outbreak size was 29 farms, but the
mean size was 1048 farms. Thus, most outbreaks of FMD in
temperate climates can be controlled rapidly, but a small pro-
portion of outbreaks occur under conditions which are excep-
tionally favourable for virus transmission, and in such cases
massive epidemics ensue. The 2001 British epidemic was one
such case, where lengthy delays in the reporting of the appar-
ent source pig herd, combined with extensive movement of
sheep from the area surrounding this farm through markets
and on to a wide area of the country, produced the explosive
epidemic form of the disease. The situation was made
worse by the fact that these events took place in January
and February when environmental conditions were most
favourable for virus survival and transmission. This can be
contrasted with the circumstances in tropical and subtropi-
cal countries in which FMD is endemic, where the disease typ-
ically smoulders continuously with occasional upsurges,
rather than producing a'wildfire' as it did in Britain.

By early March 2001, the scale of the outbreak had seri-
ously outstripped available resources and the options of using
vaccination either instead of or in conjunction with stamp-
ing out were being widely debated. The analyses described
here were undertaken to help make decisions on the true
merits of such policies.

If the goal is to eradicate the disease most rapidly and cost
effectively and to restore normal domestic livestock trading
and export capacity, then the provision of additional
resources to allow intensification of the stamping-out policy
was clearly the best solution identified by the modelling. This
achieved eradication in the model in almost all cases if pre-
emptive slaughter was used on a sufficient scale (at least 1-0
high-risk farm per infected farm), with a total epidemic size
of around 1800 diagnosed infected farms. Eradication was
predicted to be achieved between July and October, although
one of 15 iterations of the model produced an epidemic
which was not eradicated within the 200-day run time. The
number of farms in the model is a mild under-representation
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of the true number of farms because of limitations of the
population-at-risk data which could be used. In addition, the
use of data from the annual agricultural censuses, which are
conducted in June of each year, results in an underestimate of
the number of farms which would have had sheep temporar-
ily agisted from home farms at the time of the ban on move-
ments. This is because a proportion of these would not have
had sheep present at the time of the census in June. Thus, all
model predictions may be mild underestimates in relation to
the true population at risk.

As only point data were available for farms rather than
complete bounding polygons, the pre-emptive slaughter pol-
icy applied cannot be taken as strictly based on distance from
an infected farm, but rather as a measure of increasing scale
of pre-emptive slaughter from negligible (coded as level 1)
to substantial (coded as level 5). A comparison of the ratio
of pre-emptively slaughtered farms to infected farms in the
model with the true ratio from field data is the best way to
interpret the scale of pre-emptive slaughter. Field data to April
18, 2001, gave a ratio of between 1 0:1 and 1-3:1, depending
on the definitions used of what is a true pre-emptively slaugh-
tered farm based on distance from an infected farm (as
against slaughter on suspicion, because of dangerous contacts
and so on). Model runs gave ratios of 0-1 (level 1), 0-5 (level
2), 10 (level 3), 1-4 (level 4), and 2-3 (level 5). Thus, the
policy followed in the field seems to approximate to a pre-
emptive slaughter ratio of level 3 to 4, which implies that on
average 1 to 1-4 farms were slaughtered pre-emptively for
every diagnosed infected farm. Because many infected farms
were in close proximity due to local spread, in numerous cases
farms were slaughtered pre-emptively because of contiguity
to a number of infected farms, so the ratio does not imply that
high-risk farms were missed.

Allowing some infected farms to wait up to 48 hours
between diagnosis and slaughter raised the total number of
farms in the outbreak by about 5 per cent if pre-emptive
slaughter was conducted on an adequate scale, but enlarged
the scale of the epidemic substantially in the absence of effec-
tive pre-emptive slaughter. This represents the situation which
developed early in the epidemic when resources were very
limited, and demonstrates that this would have been a much
larger epidemic had extra resources provided by the British
Army and additional veterinarians not been applied to reduce
the time from reporting to slaughter.

Considerable public discussion took place in March and
April about the merits of switching to a vaccination policy,
as the epidemic grew rapidly. It proved impossible to find a
vaccination strategy which was achievable within an accept-
able time period, and which would have favourably influ-
enced the course of the epidemic to a worthwhile extent.
Substituting vaccination for stamping-out in realistically
achievable buffer zones resulted in a massive epidemic, with
little prospect of achieving eradication in less than several
years. Using vaccination in conjunction with stamping-out
was predicted to reduce the size of the epidemic slightly, but

References
ANON (2001a) Foot-and-mouth disease: waiting for the peak. Veterinary
Record 148, 322-324

ANON (2001b) Foot-and-mouth disease: two weeks and counting. Veterinary
Record 148, 286-288

ANDERSON, R. M. & MAY, R. M. (1979) Population biology of infectious dis-
eases. Part I. Nature 280, 361-367

ANDERSON, R. M. & MAY, R. M. (1991) Infectious Diseases of Humans:
Dynamics and Control. Oxford, Oxford University Press

BAILEY, N. T. J. (1975) The Mathematical Theory of Infectious Diseases and
its Applications. London, Charles Griffin

BARLOW, N. D. (1991) The role of modelling in policy and control decisions.
Proceedings of a Symposium on Tuberculosis. Palmerston North, New
Zealand, April, 1991. pp 251-265

the direct cost was high and the adverse trading consequences
large. Thus, introduction of vaccination would have been a
very high-risk strategy which was unlikely to have yielded a
favourable result either in economic terms or in usefully
reducing the scale or the duration of the epidemic.
Additionally, it would have made it more difficult for Britain
to prove freedom from the disease in the aftermath of the
epidemic.

The results reported here predict a smaller and earlier-
peaking epidemic than that predicted by Ferguson and oth-
ers (2001) and subsequent field evidence has been compatible
with the InterSpread predictions. The differences appear to
be principally due to the lack of species specificity and full
spatial representation in the model reported by Ferguson and
others.

InterSpread was used by Jalvingh and others (1999) in a
retrospective modelling study of the Dutch classical swine
fever epidemic in 1997/98, and in that case produced an
expected epidemic size of 381 farms and 95 per cent confi-
dence intervals of 231 to 1787 farms, in comparison with the
true epidemic size of 429 farms. That study found benefits for
more rapid slaughter after diagnosis, enhanced destruction
capacity and adequate scale of pre-emptive slaughter which
were broadly similar to those reported here for FMD. While all
of these principles are well recognised from past decades of
experience with epidemic disease control, the difficulty in
practice usually lies in gaining approval for marshalling the
required resources before the need for them is clearly demon-
strable - despite the fact that this is when they will provide the
largest payoff. InterSpread has a potential role in aiding early
recognition of the warning signs of an impending major epi-
demic. To do this, an appropriate information system needs
to be in operation from day 1 of the epidemic, to provide data
of sufficient accuracy and completeness to permit forward
predictions to be undertaken with confidence from an early
stage of the disease outbreak.

These studies were undertaken to assist in policy decisions
during the period when the epidemic was rising to its peak.
The model has subsequently been run daily to reassess
progress and results of this later work will be reported at a
future date.

ACIKNOWLEDGEMENTS

The authors would like to acknowledge the assistance provided
by the British Ministry ofAgriculture, Fisheries and Food foot-
and-mouth disease epidemiology team, and by personnel at the
Massey University EpiCentre, New Zealand including Susanne
Karsten and Helen Benard. They would also like to thank
Professor M. E. Hugh-Jones, of Louisiana State University, USA,
for providing the detailed epidemiological records of the
1967/68 FMD outbreaks in the UK. The authors are grateful for
funding from the Department for Environment, Food and
Rural Affairs (formerly MAFF) for this study.

BEAL, V. C. (1983) The use of mathematical models in animal disease program
evaluation. Proceedings of the 87th Annual Meeting of the United States
Animal Health Association. Las Vegas, Nevada, USA, October 16 to 21, 1983.
pp 386-402

CARPENTER, T. E. & DILGARD, P. (1983) An application of computerized
decision analysis in animal health economics. Proceedings of the 3rd
International Symposium on Veterinary Epidemiology and Economics.
Arlington, Virginia, USA, September 6 to 10, 1982. pp 408-414

CARPENTER, T. E. & THIEME, A. (1980) A simulation approach to measur-
ing the economic effects of foot-and-mouth disease in beef and dairy cattle.
Proceedings of the 2nd International Symposium on Veterinary
Epidemiology and Economics. Canberra, Australia, May 7 to 11, 1979. pp
511-516

The Veterinary Record, August 4, 2001 143



PAPERS & ARTICLES

FERGUSON, N. M., DONNELLY, C. A. & ANDERSON, R. M. (2001) The foot-
and-mouth epidemic in Great Britain: pattern of spread and impact of inter-
ventions. Science 292, 1155-1160

HABTEMARIAM, T., RUPPANNER, R., RIEMANN, H. P. & THEIS, J. H.
(1983) Evaluation of trypanosomiasis control alternatives using an epi-
demiological simulation model. Preventive Veterinary Medicine 1, 147-156

HOWARD, S. C. & DONNELLY, C. A. (2000) The importance of immediate
destruction in epidemics of foot-and-mouth disease. Research in Veteritnary
Science 69, 189-196

JALVINGH, A. W., NIELEN, M., MAURICE, H., STEGEMAN, A. J., ELBERS,
A. R. W. & DIJKHUIZEN, A. A. (1999) Spatial and stochastic simulation to
evaluate the impact of events and control measures on the 1997-1998 clas-
sical swine fever epidemic in The Netherlands. I. Description of sinmiLlation
model. Preventive Veterinary Medicine 42, 271-295

JALVINGH, A. W., NIELEN, M., MEUWISSEN, M. P. M., DIJKHUIZEN, A. A.
& MORRIS, R. S. (1995) A computerised decision support system for con-
tagious animal disease control. Pig News and Informnation 16, 9N- 2N

KAO, R. R. (2001) Landscape fragmentation and foot-and-mouth disease tranis-
mission. Veterinary Record 148, 746-747

LORENZ, R. J. (1986) Economic evaluation of foot-and-mouth disease vacci-
nation programme in the Federal Republic of Germany. Tubingen, Federal
Research Centre for Virus Diseases in Animals

MAFF (2000) Agricultural Statistics - United Kingdom. Londonl, The
Stationery Office

MAFF (2001) Ministry of Agriculture, Fisheries and Food (MAFF) website:
http://www.maff.gov.uk. Accessed April 2, 2001, and subseqciently (now
http://www.defra.gov.uk)

MARSH, W. E. (1986) Economic decision making on health and nmanagement
in livestock herds: examining complex problems through computer simula-
tion. PhD thesis, University of Minnesota

NIELEN, M., JALVINGH, A. W., MEUWISSEN, M. P. M., HORST, S. H. &
DIJKHUIZEN, A. A. (1999) Spatial and stochastic simulation to evaluate the
impact of events and control measures on the 1997-1998 classical swine fever
epidemic in The Netherlands. II. Comparison of control strategies. Preventive
Veterinary Medicine 42, 297-317

PECH, R. P. & HONE, J. (1988) A model of the dynamics and control of an out-
break of foot-and-mouth disease in feral pigs in Australia. Joturnial ofApplied

Ecology 25, 63-77
SAARENMAA, H. (1988) Model-based reasoning in ecology and natural

resource management. Proceedings of the International Symposiuimi oni
Advanced lechnology in Natural Resource Manageimient. Fort Collinis,
Colorado, USA, June 20 to 23, 1988. pp 141-158

SANSON, R. L. ( 1993) The Developnment of a Decisioni SuLpport System for anl
Animal Disease Emergency. Phl) thesis, Massey Universitv

SANSON, R. L. (1994) The epidemiology of foot-and-mouth disease: impli-
cations for New Zealand. Neiv 7ealand Veterinatiry Joiurtnal 42, 41-53

SANSON, R. L. & MORRIS, R. S. (1994) The use of survival analysis to inves-
tigate the probability of local spread of foot-and-mouth disease: an exam-
ple study on the United Kingdom epidenlic of 1967-1968. Proceedings of the
7th International Symposium on Veterinary Epidemiology and Economics.
Nairobi, Kenya, August 15, 1994. pp 186-188

SANSON, R. L., MORRIS, R. S. & STERN, NI. XNr (1999) EpiNIAN-FNID a deci-
sion support system for managing epidemics of vesicular disease. Revuec
Scientifiquie et Techn1iquie - Office International des Epizooties 18, 593-605

SANSON, R. L. & PEARSON, A. (1997) AgriBase - a national spatial farm data-
base. Proceedings of the 8th Internationial Symposium on Veterinary
Epidemiology and Economics. Paris, Franice, Jucly 7 to 11, 1997. pp 12.16. 1-
12.16.3

SANSON, R. L., STRUTHERS, G., KING, P., WESTON, J. F. & MORRIS, R. S.
( 1993) The potential extent anid trauismiiissicin of foot-and-mllouth disease: a
study of the movement of animals aind imiaterials in Southlanid, New Zealand.
New Zealand Veterinary Jouirnial 41, 21-28

SCOTTISH EXECUTIVE RURAL AFFAIRS DEPARTMENT (2000)
Agricultural Statistics - Scotland. Edinllcirgh, Departmenit of Agriculture,
Environment and Fisheries

STAERK, K. D. C., MORRIS, R. S., BIENARD, H. J. & STERN, M. W.~(1998)
EpiNMAN-SF: a decision support systemn for imianiaginig swine fever epidemics.
Revte Scietntifique et Technique - Oflice lItterteationial des Epizooties 17, 682-69(0

VONK NOORDEGRAAF, A., BUJITFLS, J. A. A. M., 1)IJKHUIZEN, A. A.,
FRANKEN, P., STEGEMAN, J. A. & VERHOEFF, J. (1997) An epidemiolog-
ical and economic simulatioin imiodel to evaluate the spread anid control of
infectious bovine rhinotracheitis in dairy cattle. Proceedings of the 8th
International Symposium on Veterinary Epidemiologv and Fconomics. Paris,
France, July 7 to 11, 1997. pp 13.(09.1- 13.09.3

Dissecting aneurysm of the carotid artery as a
cause of respiratory distress in adult cattle
K. J. CHANDLER, D. C. BARRETT, H. THOMSON, P. E. MCNEIL, J. L. FITZPATRICK

A two-and-a-half-year-old Friesian cow and a five-year-old Charolais cow developed severe respiratory
distress and palpable swellings to the left of the larynx as a result of a dissecting aneurysm of the common
carotid artery. Neither cow responded to medical treatment. The underlying pathogenesis of the condition
was uncertain, but direct trauma to the carotid artery was a possible contributory factor. Aneurysms of the
common carotid artery should be considered when swelling occurs in the region of the larynx or when
respiratory distress is due to laryngeal compression.

AN aneurysm is a localised and permanent abnormal dilata-
tion of a blood vessel (Robinson and Maxie 1993, Van Vleet
and Ferrans 1995). In man, aneurysms occur most commonly
as a result of atherosclerosis. They can be classified patholog-
ically on the basis of either the composition of the wall of the
aneurysm, that is, true or false, or their gross appearance, for
example, saccular or fusiform, or the pathological mechanism
which results in the formation of the aneurysm, for example,
mycotic, dissecting or congenital (Titus and Kim 1990). A dis-
secting aneurysm is one in which blood enters the wall of an
artery through a tear in the intima, dissects between the
medial layers and creates a cavity within the arterial wall
(Robinson and Maxie 1993, Jones and others 1997).

In domestic animals, the best known cause of aneurysms
is the equine parasite Strongylus vulgaris, which commonly
causes lesions in the cranial mesenteric artery (Urquhart and
others 1996). Another parasite, OCnchocerca armillata, causes
lesions in the aorta of cattle in the Middle East, Africa and
India, although not in the UK (Urquhart and others 1996).
With the exception of these parasitic lesions, aneurysms are
rare and usually restricted to individual cases in domestic
animals.

In ruminants, the commonest aneurysm develops in the
pulmonary artery as a consequence of thrombosis of the pos-
terior vena cava in cattle (Breeze and others 1976). A single
case of an aneurysm of the left internal iliac artery has been
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Abstract

Using the stochastic and spatial simulation model of between-farm spread of disease, InterSpread

Plus, we evaluated the effect of alternative strategies for controlling the 2002 epidemic of foot-and-

mouth disease (FMD) in the Republic of Korea. InterSpread Plus was parameterised to simulate

epidemics of FMD in the population of farms containing susceptible animal species in the Korean

counties of Yongin, Icheon, Pyongtaek, Anseong, Eumseong, Asan, Cheonan, and Jincheon. The

starting point of our analyses was the simulation of a reference strategy, which approximated the real

epidemic. The results of simulations of alternative epidemic-control strategies were compared with

this reference strategy. Ring vaccination (when used with either limited or extended pre-emptive

depopulation) reduced both the size and variability of the predicted number of infected farms.

Reducing the time between disease incursion and commencement of controls had the greatest effect

on reducing the predicted number of infected farms.
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1. Introduction

The Republic of Korea experienced an outbreak of the Type O1 serotype (Pan-Asian

topotype) of foot-and-mouth disease (FMD) during May and June of 2002. The index case

was identified on 2 May 2002 in an 8302-sow piggery in Gyeonggi province,

approximately 65 km south east of Seoul. By 23 June 2002 16 farms (15 piggeries and

one dairy) had been confirmed with the disease and 162 farms had been pre-emptively

depopulated as part of a stamping-out policy (without vaccination) that commenced on 3

May 2002. Although this outbreak was small compared with other recent outbreaks

involving the Type O1 serotype (for example, the 2001 British FMD epidemic where 2030

farm holdings were infected, Anderson, 2002) the post-epidemic phase is an opportune

time to evaluate control policies, the procedures used, and their speed of implementation.

This process firstly helps to identify which aspects of epidemic management could be

improved in the event of future outbreaks and secondly identifies which aspects of

management during the current outbreak were critical for rapid control and eradication of

disease. To achieve these objectives, simulation modelling is a useful tool whereby

alternative scenarios and control strategies can be simulated and predicted outcomes can be

compared (Carpenter and Thieme, 1979; Carpenter and Dilgard, 1982; Habtemariam et al.,

1983; Barlow, 1991; Beal, 1983; Bates et al., 2001). Stochastic simulation modelling offers

further benefits in that repeated simulations of the same strategy allow the variability of

predicted outcomes to be quantified (Taylor, 2003).

Our objective was to use a stochastic simulation model of between-farm spread of

disease, InterSpread Plus, to replicate the temporal and spatial distribution of the 16

infected farms that comprised the 2002 outbreak of FMD in the Republic of Korea. This

reference model was then modified to allow a series of alternative control strategies

(such as those where the speed of commencement and extent of movement restrictions,

extent of pre-emptive depopulation strategies, and vaccination usage) to be evaluated.

The size and duration of predicted outbreaks under each of the alternative strategies

were then compared with the reference model. Given that InterSpread Plus is a spatially

referenced simulation model of disease spread (requiring explicit details about farm

location, animal movement, incubation period and generation time) a secondary

objective was to better define the approach that might be used to ‘fit’ model predictions

to accumulated epidemic data, thereby producing a suitable reference model to be used

as a starting point for further simulation work.

2. Materials and methods

2.1. Outbreak area and study population

The location of the outbreak area, relative to major Korean landmarks, is shown in

Fig. 1. The outbreak area defined by the Korean Animal Hygiene Authority was in the

counties of Anseong and Yongin covering an area of approximately 100 km � 100 km.

The population of interest included the 3731 farms located within the boundaries of the

outbreak area that contained any of the five FMD-susceptible domestic species (pigs,
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Fig. 1. Spatial and stochastic simulation of foot-and-mouth disease in the Republic of Korea, April–June 2002. Map of the eight counties included in the infected area.

Centroids of the 16 infected farms are shown as points (#). Insert: map of the Republic of Korea showing major cities and the location of the infected area.



cattle, goats, deer, or sheep). Details for each farm in the outbreak area were obtained from

regional government records that were collected on an ongoing basis for the purpose of

administration. Farm-level details included a unique identifier, the name of the ri1 in which

the farm was located, and the number of adult domestic animal species present. Centroid

locations for each ri allowed a series of Delaunay triangulations to be defined (de Berg

et al., 2000) which were used to approximate the physical boundaries of each ri. A

Geographic Information System was then used to randomly allocate each farm a location

within the boundaries of its respective ri. On account of the approximations used to define

farm location, we stress that the results presented in this paper are indicative of trend only

and are unlikely to provide precise estimates of the direct losses associated with each of the

alternative control strategies described.

Cases were those farms declared as FMD-infected under the Terrestrial Animal Health

Code of the Office International des Épizooties (OIE, 2001). These were farms where the

clinical signs of FMD were observed by a Korean Animal Hygiene Authority investigating

officer or those farms where infection was confirmed by laboratory investigations made by

the National Veterinary Research and Quarantine Service. Details of case farms were

recorded at the time of diagnosis and included the farm identifier, easting and northing

coordinates of the main farm building (measured using a global positioning device), the

number of stock present of each of the five FMD-susceptible species, and the estimated

date of infection (the date of examination minus the age, in days, of the oldest lesions

identified minus an additional 5 days to represent an incubation period for the disease, after

Gibbens and Wilesmith, 2002). Details of FMD case farms were merged with data obtained

from the regional government records.

2.2. Model description

The simulations described in this study were conducted using a revised version of the

InterSpread model of FMD (Sanson, 1993; Morris et al., 2001) InterSpread Plus, which we

refer to as ‘the model’ in the remainder of this paper. Within the model—and in the absence

of control measures—spread of disease among farms within an outbreak area depends on:

(1) the frequency and distance of movement of animals, humans and fomites from farm to

farm and market to farm (and in the reverse direction), (2) incubation period (defining the

number of days from infection to onset of clinical signs) and virus production for each

susceptible species, and (3) local-spread and airborne-spread probabilities. Once control

measures are applied spread of disease is modified by: (1) surveillance (how quickly case

farms are brought to the attention of authorities, if at all), (2) the nature and timing of pre-

emptive depopulation strategies, and (3) the nature and timing of vaccination strategies

(if used). Within the model the relative effectiveness of the application of each control

measure can be varied over time and may, if required, be subject to resource constraints (for

example, limitations on the number of farms processed per day and/or limitations on the

number of animals processed by each activity per day).

Our first task was to define parameter settings such that, when simulation was initiated

using the location details of the primary case (the first infected farm) an epidemic of similar
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size and temporal and spatial distribution to the observed epidemic was produced. In

addition to replicating the details of infected farms, care was taken to ensure that the

predicted number of depopulated farms was of the same order of magnitude to the number

that were actually depopulated, as reported by the Korean Animal Hygiene Authority. This

reference strategy, once defined, was then modified to reflect each of nine alternative

control strategies that were of interest. The following section describes the approach used

to derive parameter settings for the reference strategy.

2.3. Specification of the reference strategy

To fit the reference strategy three phases of the epidemic were defined: (1) the period

between incursion and detection of the index case (from 22 April to 1 May 2002), (2) the 10

days following detection of the index case (from 2 May to 11 May 2002), and (3) beyond 10

days after detection of the index case (from 12 May 2002 to the end of the epidemic on 23

June 2002). Each phase of the epidemic was considered in turn and parameters applied so

that the epidemic curve predicted by the model matched that observed.

For the first phase, spread of infection was considered to depend on the frequency and

distance of movement among animal markets and farms, incubation period, and local- and

airborne-spread probabilities. Given that this outbreak was due to the same serotype of

FMD responsible for the 2001 epidemic in Great Britain we used incubation periods and

local-spread parameters identical to those that were used for simulation analyses of the

2001 British FMD epidemic using InterSpread (Morris et al., 2001). Meteorological data

for the area of investigation (mean daily wind direction and speed for the eight counties

included in the outbreak area) were obtained from The Korean Meteorological

Administration and used to parameterise airborne spread. With these influences regarded

as known, our approach was then to adjust movement probabilities until the predicted

epidemic for the first phase matched that which actually occurred. As a starting point,

officers from the Regional Veterinary Service stationed in each of the affected counties

were consulted regarding the likely number of off-farm movements that would occur in this

population of farms each day and the likely range of distance over which each movement

would occur. On the basis of this information we parameterised the number of movement

events off farm per day as following a Poisson distribution with a mean of 0.25. In practical

terms this specified the probability of making 0, 1, and 2 or more movements off farm per

day at 47%, 36%, and 17%, respectively. A general distribution was used to parameterise

movement distance ranges (Table 1).

For the second phase (the 10 days following detection of the index case) control

measures were applied, in accordance with those specified by the Korean Animal Hygiene

Authority. Restrictions were placed on animal movement in the outbreak area, surveillance

for disease commenced, and pre-emptive depopulation initiated. The pre-emptive

depopulation policy prescribed that all FMD-susceptible species within a 500-m radius and

all FMD-susceptible species on swine enterprises within a 3000-m radius of infected farms

were culled. Again, with these parameter settings regarded as known, adjustments were

made to the movement and surveillance settings such that the simulated epidemic matched

that which was observed. Korean Animal Hygiene Authority staffs involved in managing

the epidemic were asked to rate the effectiveness of movement controls applied during the

H. Yoon et al. / Preventive Veterinary Medicine 74 (2006) 212–225216



H. Yoon et al. / Preventive Veterinary Medicine 74 (2006) 212–225 217

Table 1

Input data and parameter values used as the reference strategy in a simulation of foot-and-mouth disease in the

Republic of Korea, April–June 2002

Item Details

Farm data Easting and northing coordinates of farms in the outbreak area that

contain at least one of the five FMD-susceptible species. Counts of cattle,

pigs and other FMD-susceptible species on each farm in the outbreak area

Market data Easting and northing coordinates of animal markets in the outbreak area

Epidemic history Easting and northing coordinates and date of infection of the primary

case farm

Zones—infected area Easting and northing coordinates of the vertices of the polygon defining

the boundaries of the outbreak area. Easting and northing coordinates

of the vertices of the polygons defining the boundaries of Anseong,

Yongin and Pyongtaek counties

Zones—radial Defines four radial zones around detected farms. Radial zones: 0 to

<500, 500 to <3000, 3000 to <5000, and 5000 to <10,000 m

Movement—general Defines the background level of movement of animals and fomites

throughout the infected area. Eligible states: all farms in the

outbreak area. Number of movements per time period: �Poisson

(0.25). Number of farm contacts generated from each movement:

1. Movement distance probabilities: 0.30 at 0 to <5 km; 0.55 at 5 to

<10 km; 0.10 at 10 to <15 km, and 0.05 at 15 to <30 km. Probability

of transmission relative to infection date of farm originating each

movement. Probability of transmission, if originating farm infected: 0.65

Local spread Defines the spread of disease between locations when there is no clear

linkage other than geographical proximity. Eligible states: those farms

not depopulated. Daily probability of transmission (constant from 2 days

before date of infection to time of depopulation): lookup table

Airborne spread Defines the spread of disease over distances greater than 5 km

primarily due to prevailing meteorological conditions, particularly

wind. Eligible states: those farms not depopulated. Separate airborne

parameters defined for Anseong, Jincheon, Pyongtaek, and Yongin

counties. For each county, spread probabilities defined for days 1–39

and days 40–69 after simulation start (incursion date). Probability of

transmission (from date of onset of clinical signs): 0.0001 at 0 to

<1000 m; 0.00002 at 1000 to <3000 m; 0.00001 at 3000 to

<5000 m; 0.000025 at 5000 to <10,000 m. Relative susceptibility

to infection from airborne spread: cattle 1.0; pigs 0.0078; other

species 0.0550. Wind direction for each time period dependent on

a probability lookup table based on meteorological data. Probability

of airborne spread occurring on any given time period: 0.02. Directional

weightings (used to modify wind ‘dispersion’ from a source farms):

lookup table based on meteorological data. Relative infectivity from

airborne spread: cattle 0.2; pigs 1.0; other species 0.2

Incubation period Defines how quickly clinical signs appear after infection. Table defining

the probability that clinical signs will appear on an infected farms relative

to the date of infection: 0.01 at 2 days; 0.645 at 4 days; 0.23 at 6 days;

0.07 at 8 days; 0.025 at 10 days; 0.01 at 12 days; 0.01 at 14 days

Resource—depopulation Defines the resources that are available for depopulation. Number of

farms able to be processed per time unit: 100

Depopulation—0 to <500 m Defines the nature of the depopulation strategy applied to farms that

are within 0 to <500 m of detected farms. Species to be depopulated:

cattle, pigs, all other FMD-susceptible species



course of the epidemic on a 0–10 scale (0 indicating no effect and 10 indicating complete

effect). On the basis of this information we specified that movement off farms detected with

disease was reduced by 90% and movement off all other farms was reduced by 55%. For

the third phase (>10 days following detection of the index case) the effectiveness of

movement controls was increased: movement off farms detected with disease was reduced

by 95% and movement off all other farms was reduced by 85%. Surveillance parameters

were set so that after the onset of controls 95% of infected farms were detected with disease

immediately following the onset of clinical signs.

In summary, our approach for parameterising the reference strategy was to regard

incubation period and local-spread parameters as fixed (being dependent on the viral

serotype involved), apply local wind direction and speed data to define airborne-spread

probabilities, and then to use local expert opinion to specify suitable distances and

frequencies of animal movements. The reference strategy was simulated in 1-day time

steps from the date of incursion for 60 days and the simulation repeated for 99 iterations to

generate a distribution of predictions.

2.4. Alternative strategies

Four categories of alternative control strategies were considered: (1) those where the

timing of commencement of control measures was varied, strategies 1–3; (2) those where

ring vaccination was applied to a distance of<3000 or<5000 m around identified infected
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Table 1 (Continued )

Item Details

Depopulation—500 to <3000 m Defines the nature of the depopulation strategy applied to farms that

are within 500 to <3000 m of detected farms. Species to be

depopulated: pigs

Surveillance—epidemic Defines the intensity of surveillance once the index farm has been

detected. Eligible states: all farms in the outbreak area. Detection

probability: cattle 0.95; pigs 0.95; other species 0.95

Surveillance—contiguous Defines the intensity of surveillance for disease on those farms selected

for depopulation. Eligible states: all farms within 0 to <500 m of detected

farms. Detection probability: cattle 0.95; pigs 0.95, other species 0.95

Movement restriction—detected Defines restriction of movement off farms detected with disease. Eligible

states: farms detected with disease. Movement type to be restricted:

movement—general (see above). Source farm state: detected. Destination

farm states: farms not detected with disease. From day 10 to day

20 after simulation start (incursion date) probability movement

restricted: 0.85. From day 21 to day 1000 after simulation start

probability movement restricted: 0.98.

Movement restriction—not

detected

Defines restriction of movement off farms not detected with disease.

Eligible states: farms not detected with disease. Movement type to

be restricted: movement—general (see above). Source farm state:

detected. Destination farm states: farms not detected with disease.

From day 10 to day 20 after simulation start (incursion date) probability

movement restricted: 0.45. From day 21 to day 1000 after simulation

start probability movement restricted: 0.98.



farms, strategies 4 and 5; (3) those using a combination of limited pre-emptive

depopulation and ring vaccination, strategies 6 and 7; (4) those using a combination of

extended pre-emptive depopulation with or without ring vaccination, strategies 8 and 9

(Table 2). Each strategy was simulated in 1-day time steps from the date of incursion for

60 days and repeated for a total of 99 iterations. Outcomes for each strategy are reported

in terms of the distribution of the total number of infected, depopulated and vaccinated

farms, and predicted epidemic duration (defined as the number of days from the

infection date of the primary case farm to the infection date of the last farm infected in

the epidemic).

Total numbers of infected, depopulated and vaccinated farms for each iteration were

natural-log transformed and a two-sided, one-way ANOVA applied to test for

differences in the 99 simulated outcomes for the reference strategy and the 99 simulated

outcomes for each of the nine alternative control strategies. Dunnett’s procedure was

used to compare outcomes from each of the nine alternative control strategies with the

reference strategy. Tests of significance are reported at the alpha level of 0.05.
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Table 2

Details of the reference control strategy and each of the alternative control strategies for foot-and-mouth disease

considered in this study (Republic of Korea, April–June 2002)

Strategy Surveillance Pre-emptive depopulation Vaccination

Start Starta 0 to

<500 mb

500 to

<3000 mc

Start 500 to

<3000 mc

3000 to

<5000 md

Reference 2 May 2 May C S O – – –

Commencement of controls

1. Five days earlier 27 April 27 April C S O S – – –

2. Two days later 2 May 4 May C S O S – – –

3. Five days later 2 May 7 May C S O S – – –

Standard pre-emptive depopulation

4. With ring vaccination

to <3000 m

2 May 2 May C S O S 3 May C O –

5. With ring vaccination

to <5000 m

2 May 2 May C S O S 3 May C O C S O

Limited pre-emptive depopulation

6. With ring vaccination

to <3000 m

2 May 2 May C S O – 3 May C S O –

7. With ring vaccination

to <5000 m

2 May 2 May C S O – 3 May C S O C S O

Extended pre-emptive depopulation

8. With ring vaccination

to <5000 m

2 May 2 May C S O C S O 3 May – C S O

9. Without vaccination 2 May 2 May C S O C S O 3 May – –

Key: C = cattle farms, S = swine farms, O = other farms with FMD-susceptible species present.
a Start of pre-emptive depopulation control measures.
b 0 to < 500 m radius from centroid of infected farms.
c 500 to <3000 m radius from centroid of infected farms.
d 3000 to <5000 m radius from centroid of infected farms.



3. Results

A line plot showing the actual cumulative number of infected farms as a function of

calendar date and the 25th and 75th percentile of the cumulative number of farms predicted

to become infected by the reference strategy is shown in Fig. 2. A contour plot identifying

areas where, for the reference strategy,>80% of farms predicted to become infected where

located is shown in Fig. 3. Descriptive statistics of the predicted number of infected farms

and predicted epidemic duration are presented in Table 3. Descriptive statistics of the

predicted number of depopulated and vaccinated farms are presented in Table 4.

For the reference strategy, the median number of farms predicted to be infected was

15. Starting the controls 5 days sooner or later (strategies 1 and 3) significantly changed

the median predicted epidemic size to 6 and 20 farms, respectively (Table 3). Ring

vaccination applied to a radius of <3000 and <5000 m around identified infected farms

(strategies 4 and 5) reduced the predicted median number of infected farms to 14 and 11,

respectively. The predicted number of infected farms and the predicted number of

depopulated farms for strategies 4 and 5 did not significantly differ from the reference

strategy (Tables 3 and 4).
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Table 3

Predicted number of FMD-infected farms and duration of epidemic (Republic of Korea, April–June, 2002)

Strategy Number of infected farms Epidemic duration (days)

Minimum Q1 Median Q3 Maximum Minimum Q1 Median Q3 Maximum

Reference 1 7 15 28 130 1 51 58 60 60

Commencement of controls

1. Five days earliera 1 3 6 12 43 1 36 53 59 60

2. Two days later 1 6 15 33 125 1 46 57 59 60

3. Five days later 1 11 20 52 202 1 52 59 60 60

Standard pre-emptive depopulation

4. With ring vaccination

to <3000 m

1 5 14 26 100 1 45 57 59 60

5. With ring vaccination

to <5000 m

1 5 11 22 96 1 45 55 59 60

Limited pre-emptive depopulation

6. With ring vaccination

to <3000 m

1 6 14 24 109 1 51 58 59 60

7. With ring vaccination

to <5000 m

1 6 12 24 103 1 45 56 59 60

Extended pre-emptive depopulation

8. With ring vaccination

to <5000 ma

1 3 8 16 71 1 17 46 57 60

9. Without vaccinationa 1 3 10 20 115 1 19 54 58 60

The actual number of infected farms was 16. One infected swine enterprise was comprised of three geographically

separate sites, thus the number of case locations was 18. The actual epidemic duration was 62 days (22 April–21

June 2002).
a Predicted number of infected farms significantly less than the reference strategy at the alpha = 0.05 level.
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Fig. 2. Line plot showing the actual cumulative number of infected farms (thick solid line) and the median

cumulative number of infected farms (thin solid line) predicted by the reference strategy described in Table 1. The

lower and upper dashed lines show the 25th and 75th quantiles of the cumulative number of infected farms

predicted by the reference strategy, respectively. The dashed vertical reference line indicates the date control

measures commenced (2 May 2002).

Fig. 3. Spatial and stochastic simulation of foot-and-mouth disease in the Republic of Korea, April–June 2002.

Map of the eight counties that comprised the infected area. The contour line identifies areas where, for the

reference strategy, >80% of farms predicted to become infected were located. Point locations of the 16 farms

actually infected have been superimposed, for reference.



Strategies involving a combination of limited depopulation and ring vaccination to a

radius of<3000 and<5000 m around identified infected farms (strategies 6 and 7) reduced

the predicted median number of infected farms to 14 and 12, respectively. The predicted

number of depopulated farms for these strategies (45 and 39, respectively) was

significantly less than the 306 depopulated farms predicted for the reference strategy

(Table 4). Where pre-emptive depopulation of all susceptible species was extended to a

radius of <3000 m (strategy 9) the median number of predicted infected farms was 10

(Table 3). Augmenting this strategy with ring vaccination to a radius of <5000 m (strategy

8) produced a median of eight infected farms (Table 3).

4. Discussion

InterSpread is a stochastic spatial simulation model of between-farm spread of disease

suited to infectious agents transferred from farm-to-farm by a combination of mechanical,

local and/or airborne-spread mechanisms (Sanson, 1993). Although the model has

primarily been used to simulate the spread of FMD among animal populations (Sanson

et al., 1991; Sanson, 1993; Morris et al., 2001, 2002) it has been adapted to other infectious
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Table 4

Predicted number of depopulated and vaccinated farms (Republic of Korea, April–June, 2002)

Strategy Number of depopulated farms Number of vaccinated farms

Minimum Q1 Median Q3 Maximum Minimum Q1 Median Q3 Maximum

Reference 60 171 306 430 1106 – – – – –

Commencement of controls

1. Five days earliera 60 116 177 258 572 – – – – –

2. Two days later 60 166 339 506 1150 – – – – –

3. Five days later 60 248 401 664 1366 – – – – –

Standard pre-emptive depopulation

4. With ring vaccination

to <3000 m

60 158 309 481 1101 57 166 323 508 1130

5. With ring vaccination

to <5000 mb

60 158 283 465 1055 316 586 887 1294 2304

Limited pre-emptive depopulation

6. With ring vaccination

to <3000 ma

3 18 45 78 240 57 164 320 490 1123

7. With ring vaccination

to <5000 ma,b

3 20 39 76 242 316 544 917 1236 2354

Extended pre-emptive depopulation

8. With ring vaccination

to <5000 mb

133 270 467 723 1452 186 392 624 1046 1800

9. Without vaccination 133 269 493 675 1396 – – – – –

The actual number of depopulated farms was 162.
a Predicted number of depopulated farms significantly less than the reference strategy at the alpha = 0.05 level.
b Predicted number of vaccinated farms significantly greater than strategy 4 at the alpha = 0.05 level.



diseases of livestock such as Classical Swine Fever (Jalvingh et al., 1999; Nielen et al.,

1999; Mangen et al., 2001) and Infectious Bovine Rhinotracheitis (Noordegraaf et al.,

2000). In this study a revised version of the InterSpread model was used to simulate the

temporal and spatial progression of a FMD epidemic following infection of the primary

case farm in the 2002 epidemic of FMD in Korea.

Our judgement of what constituted an adequate ‘match’ between the actual epidemic

and that predicted by the reference strategy was subjective and involved parameter

adjustment so that: (1) the epidemic curve for the actual epidemic fell within the

interquartile range of the epidemic simulated by the reference strategy (as shown in

Fig. 2); (2) the spatial distribution of the 18 case locations fell largely within the

boundaries of a contour line that delineated 80% of the predicted infected farm locations

from 99 iterations of the reference strategy (Fig. 3); (3) the actual number of farms pre-

emptively depopulated was of the same order of magnitude as that predicted by the

reference strategy. In this case our requirement to precisely match numbers of pre-

emptively depopulated farms was relaxed, given the approximations used to define farm

location. On the basis of the data presented in Figs. 2 and 3 it is our belief that the

parameters used to define the reference strategy provide an adequate representation of the

2002 Republic of Korea FMD epidemic, sufficient to serve as a comparison point for

investigating alternative control strategies. As a result of the approximations to farm

location (and therefore the numbers of farms depopulated and/or vaccinated as part of

control efforts) we emphasise that the simulation results of alternative control strategies

are indicative of trend only and are unlikely to precisely estimate the direct losses

associated with each of the alternative control strategies described.

Of all the strategies evaluated, reducing the number of days between disease incursion

and commencement of controls had the greatest effect on predicted epidemic size. Controls

that were applied 5 days earlier resulted in epidemics that were shorter and had a

significantly smaller number of infected and depopulated farms, compared with the

reference strategy (Tables 3 and 4). Increasing the number of days between incursion

and commencement of controls resulted in epidemics that were larger and more variable.

These results indicate that as the delay in commencement of controls increases the

propensity for a ‘run away’ epidemic increases. When the onset of control measures is

delayed animal-health authorities would be advised to consider additional efforts aimed

at increasing the efficacy of controls that are applied—for example, increasing the

geographical extent of defined outbreak areas and enhancing the degree to which

movement restrictions are enforced.

Ring vaccination to a radius of <3000 m around identified infected farms

accompanied by standard or limited pre-emptive depopulation (strategies 4 and 6)

had little effect on the predicted median number of infected farms but reduced the

variability of predicted epidemic size (Table 3). Ring vaccination to a radius of<5000 m

around identified infected farms accompanied by standard or limited pre-emptive

depopulation (strategies 5 and 7) had little additional effect in decreasing predicted

epidemic size, compared with strategies 4 and 6. The absence of additional benefits from

a<5000-m ring vaccination strategy were most likely a result of the extent of local spread

being limited to a distance of <3000 m in these simulations, resulting in a <3000 m

vaccination ring providing a largely adequate protective barrier of immune animals
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around identified infected farms. These results show that, on the basis of the assumptions

made about local spread of virus outlined in Table 1, restricting pre-emptive depopulation

accompanied by vaccination is a useful control option in some circumstances, for

example the situation where an outbreak is still localised and commencement of controls

has been delayed (as discussed above). In arriving at this conclusion it should be noted

that the beneficial effects of this approach should be weighed carefully against the

associated negative effects on trade and/or the cost of slaughtering vaccinated stock if

prompt restoration of international trade is required.

Extending pre-emptive depopulation to include all species <3000 m of identified

infected farms with or without ring vaccination (strategies 8 and 9, respectively) resulted in

total numbers of depopulated farms that did not differ significantly from the reference

strategy (Table 4). Extended depopulation accompanied by ring vaccination (strategy 8)

resulted in significantly smaller numbers of infected farms, compared with the reference

strategy (Table 3). Although strategy 8 produced a significant decrease in predicted

numbers of infected farms, it was no more effective than strategy 1 where controls where

started 5 days earlier.

5. Conclusions

The comparison of different alternatives to the reference strategy lead to some general

conclusions concerning the management of future FMD epidemics involving the O1

serotype in this area of Korea. Our first conclusion is that the prompt implementation of

control measures (restriction of movement, enhanced surveillance, and pre-emptive

depopulation) is effective in reducing both the size and variability of future outbreaks. Our

second conclusion is that ring vaccination, when used with standard, limited, or extended

pre-emptive depopulation strategies, reduces both the size and variability of predicted

epidemics. Further analyses, more precisely defining local-spread probabilities of FMD

virus, need to be undertaken to provide definitive recommendations on the optimal size of

ring vaccination radii. In addition, economic analyses need to be undertaken to define the

magnitude of savings accrued by limiting the number of farms requiring depopulation

against the negative effects that vaccination holds in terms of adverse effects on

international trade of animal product.
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Feature Series Article

A comparison of predictions made by three simulation models 
of foot-and-mouth disease

C Dubé*, MA Stevenson†§, MG Garner‡, RL Sanson#, BA Corso¥, N Harveyl, J Griffi n€, 
JW WilesmithΩ and C Estradad

Abstract
AIMS: To describe results of a relative validation exercise using 
the three simulation models of foot-and-mouth disease (FMD) 
in use by the quadrilateral countries (QUADS; Australia, Cana-
da, New Zealand, and United States of America; USA).

METHODS: A hypothetical population of farms was construct-
ed and, following the introduction of an FMD-like disease into 
a single farm, spread of disease was simulated using each of the 
three FMD simulation models used by the QUADS countries. 
A series of 11 scenarios was developed to systematically evalu-
ate the key processes of disease transmission and control used 
by each of the three models. The predicted number of infected 
units and the size of predicted outbreak areas for each scenario 
and each model were compared using the Kruskal-Wallis test. 
Agreement among the three models in terms of geographical 
areas predicted to become infected were quantifi ed using Fleiss’ 
Kappa statistic.

RESULTS: Although there were statistically signifi cant dif-
ferences in model outputs in terms of the numbers of units 
predicted to become infected, the temporal onset of infection 
throughout the simulation period, and the spatial distribution 
of infected units, these differences were generally small and 
would have resulted in the same (or similar) management deci-
sions being adopted in each case.

CONCLUSIONS: Agreement among the three models in terms 
of the numbers of premises predicted to become infected, the 
temporal onset of infection throughout the simulation period, 
and the spatial distribution of infected premises provides evi-
dence that each of the model developers are consistent in their 
approach to simulating the spread of disease throughout a popu-
lation of susceptible individuals. This consistency implies that 
the assumptions taken by each development team are appro-

priate, which in turn serves to increase end-user confi dence in 
model predictions.

CLINICAL RELEVANCE: Relative validation is one of a 
number of steps that can be undertaken to increase end-user 
confi dence in predictions made by infectious disease models.

KEY WORDS: Foot-and-mouth disease, simulation, animal dis-
ease modelling, validation

Introduction
Disease models are planning tools that can support decision-mak-
ing by allowing various outbreak scenarios and control strategies 
to be evaluated and compared. They are useful for gaining insights 
into the conditions under which controversial control measures, 
such as when emergency vaccination might become economically 
viable in an FMD epidemic (Burrell 2002, non-peer-reviewed). 
Given the expense of controlling large-scale infectious disease epi-
demics in animal populations (Thompson et al 2002; Mangen et 
al 2004) and the short- and long-term consequences arising from 
decisions made in the early phase of such epidemics, decision-
makers need to be confi dent in the reliability of model predic-
tions when they are to be used as a tool to inform disease control 
policy. Models that are adequately verifi ed and validated provide 
such confi dence.

Model verifi cation is the process that ensures that the explicit de-
scription of how disease is spread from one unit to another (by 
the subject matter expert responsible for model design) has been 
translated accurately into computer code (Taylor 2003; Sargent 
2005; both non-peer-reviewed). Validation ensures that a model 
provides an adequate depiction of the process it is designed to 
represent (Schlesinger et al 1979; Taylor 2003). An infectious dis-
ease model is said to be internally valid when its outputs make 
epidemiological sense given the underlying population dataset 
and the set(s) of parameters used to initiate the simulation(s). 
External validity can only be assessed when model predictions 
are comparable with one or more real epidemics. Validation is a 
diffi cult issue for countries with limited or no recent experience 
with a disease of interest, as it cannot be assumed that experience 
from one outbreak can be used to infer the behaviour of another, 
particularly when it may be based on limited and incomplete data 
from another country.
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Although acknowledged as a critical step in the model-building 
process, well-defi ned methods for validating and verifying dis-
ease models are lacking (Sargent 2005). Law and Kelton (2000) 
proposed a three-step approach: (1) develop a model with high 
face validity, i.e. a model which, on the surface, seems reasonable 
to those who are knowledgeable about the system under study; 
(2) test the assumptions of the model empirically; and (3) de-
termine how representative the simulation output data are. The 
fi rst two steps lead to internal validity, whereas the third step is 
required to establish external validity. An additional approach is 
to carry out what we term ‘relative’ validation. One or more test 
scenarios are defi ned and two or more independently developed 
models simulate the spread of disease using each test scenario. 
Agreement among the participant models in terms of the num-
bers of premises predicted to become infected, the temporal onset 
of infection throughout the simulation period, and in the case 
of spatial models, the spatial distribution of infected premises, 
provides evidence that each of the model developers are consistent 
in their approach to simulating the spread of disease throughout 
a population of susceptible individuals. This consistency implies 
that the assumptions taken by each development team make bio-
logical sense, which in turn serves to increase end-user confi dence 
in model predictions. In addition, such comparison exercises 
are useful in terms of identifying and highlighting differences in 
model assumptions that need to be resolved, identifying areas for 
further research.

We describe the results of a relative validation exercise using the 
three simulation models of FMD in use by the QUADS countries. 
We provide a description of the models and data used for this com-
parison study, the scenarios tested, the statistical tests employed to 
measure differences, and a discussion of the key fi ndings.

Materials and methods
A hypothetical population of farms was constructed and, following 
the introduction of an FMD-like disease into a single farm, spread 
of disease was simulated using each of the three FMD simulation 
models used by the QUADS countries. The models compared 
were AusSpread (Garner and Beckett 2005; Beckett and Garner 
2007), InterSpread Plus (Sanson 1993; Stevenson et al 2003), and 
NAADSM (Schoenbaum and Disney 2003; Harvey et al 2007), 
referred to as the Australian, New Zealand, and North American 
models, respectively. A series of 11 outbreak scenarios was devel-
oped to systematically evaluate the key processes of disease trans-
mission and control within the three models. Our justifi cation for 
using a simulated farm population, rather than actual data, was to 
allow each disease transmission and control process to be individu-
ally evaluated on a population of farms that was unlike that in any 
of the participating countries. Our justifi cation for using simple 
outbreak scenarios was to allow each mechanism of disease spread 
and control to be assessed independently. This would then pro-
vide a clearer picture of the similarities and differences among the 
three models, providing a starting point for understanding why 
the models might behave differently when applied to actual farm 
population data and outbreak scenarios. The study commenced in 
May 2005 and concluded in September 2006.

At the start of the study, each of the three modelling teams pro-
vided copies of their model design document to the Canadian 
team members. This allowed each model to be summarised in 

terms of the epidemiological unit of interest, options for differen-
tiating units of interest, e.g. by production type and size, methods 
for representing the spatial attributes of each unit, disease states, 
mechanisms of disease spread, and disease control measures. A 
summary of the key features of each of the three models is shown 
in Table 1. A description of the capabilities of each model allowed 
a set of scenarios to be devised, such that each team could con-
fi gure their model to represent the same set of epidemiological 
assumptions.

A hypothetical population of 3,960 farm units of varying size 
(median number of animals 163, range 2–990) was created, and 
the physical locations of units randomly distributed within a 
circular study area of 600 km diameter, with some clustering 
(Figure 1).

Scenarios
Five categories of scenarios were compared: (1) those where the 
mechanism of infection transmission was varied (Scenarios 1–3); 
(2) those where the frequency, distances moved and probabilities 
of infection associated with direct and indirect contacts (Bates et 
al 2001) were varied (Scenarios 4–6); (3) a single scenario where 
movement controls were applied (Scenario 7); (4) those where 
ring vaccination was applied (Scenarios 8 and 9); and (5) those 
where ring depopulation was applied (Scenarios 10 and 11). The 
key features of each of the 11 scenarios are outlined in Table 2. 
In some instances, extreme values were specifi ed for transmission 
parameters so that model outputs could be assessed empirically.

For each scenario, epidemics were initiated from the same sin-
gle infected unit located in the centre of the study area (Figure 
1). Epidemics were simulated in 1-day time steps from incursion 
for a pre-determined number of days, and each simulation was 
repeated to generate a distribution of predictions. A preliminary 
evaluation had indicated that 40 replications would provide a rea-
sonable representation of the distribution. Outputs from simula-
tions were submitted to the Canadian team members who pro-
vided summaries to the rest of the group in terms of descriptive 
statistics of the predicted numbers of infected units and duration 
of the epidemics. Where the results of a scenario for one of the 
models differed substantially from the other two, clarifi cation was 

Figure 1. Map showing the study area with the locations of the 3,960 
hypothetical livestock farm units (¤) and the location of the infected 
unit (x) used to initiate each outbreak scenario.
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sought from the particular modelling team regarding the possibil-
ity of any misinterpretation of the specifi ed input parameters for 
that scenario or whether fundamental differences in model design 
were responsible. When parameter-related issues were identifi ed, 
the particular team was given the opportunity to re-simulate the 
scenario and submit the outputs from the second series of itera-
tions for comparison. In the case of model design-related issues, 
differences in results were recorded and quantifi ed. The purpose 
was to ensure that each model was simulating the same scenario 
(parameter set), and that only differences in model design could 
explain the differences in results, if any.

Statistical analysis
Number of units infected
For each of the 11 scenarios, the total numbers of units infected 
by the end of the specifi ed simulation periods were determined, 
and a two-sided, Kruskal-Wallis test applied to test for differences 
in the distribution (rank) of the 40 outcomes for each of the three 
models.

Temporal analysis
Survival (time-to-event) analyses were used to describe the tem-
poral onset of infection among the population of units, using the 
survival package (Therneau and Grambsch 2001) in R (R Devel-
opment Core Team, 2007; R Foundation for Statistical Comput-
ing, Vienna, Austria). Here, the outcome of interest was the day 
of infection for units predicted to become infected. Units that 
were depopulated pre-emptively as part of specifi ed control meas-
ures were removed from the population at risk (right-censored) 
on the day of depopulation. Units that remained free of infection 
throughout the simulation period were right-censored at the end 
of the simulation period. For each simulation day, the median 
number of infected units predicted by each model, across the en-
tire set of 40 iterations, was determined, and these data were used 
to generate a Kaplan-Meier survival curve summarising the tem-
poral onset of infection among units throughout the simulation 
period. Differences in the distribution of time-to-event among 
the three models were tested using the log rank statistic.

Table 1. A comparison of the key features of three simulation models of foot-and-mouth disease used in this study.

                 Country

Item Australia New Zealand North America

Type Stochastic, simulation, spatial Stochastic, simulation, spatial Stochastic, simulation, spatial

Unit of interest  Group of animals Group of animals Group of animals

Spatial attributes of units Point or polygon Point or polygon Point or polygon

Unit class By production type By production type By production type

Unit size  Total stratifi ed by animal type Total stratifi ed by animal type Total

Within-unit prevalencea Infectiousness curve Infectiousness lookup table Not available

Disease states Susceptible Susceptible Susceptible

 Latent Infected Latent

 Infectious Clinical Infectious subclinical

 Immune Immune Infectious clinical

 Depopulated Depopulated Vaccinated immune

   Depopulated

Mechanisms of spread Direct contact Direct contact Direct contact

 Indirect contactb Indirect contactb Indirect contactb

 Airborne spread Airborne spread Airborne spread

Control measures Quarantine Quarantine Quarantine

 Movement restrictionc Movement restrictionc Movement restrictiond

 Stamping-out Stamping-out Stamping-out

 Forward and backward tracing Forward and backward tracing Forward tracing

 Pre-emptive slaughtere Pre-emptive slaughtere Pre-emptive slaughtere

 Vaccinationf Vaccinationf Vaccinationf

 Surveillanceh Surveillanceh Surveillancei

Control zones User-defi ned User-defi ned Not available

Disease detection Passive Passive Passive

 Active Active 

Resources Overall capacity for surveillance,  Overall capacity for surveillance, Overall capacity for depopulation 
 depopulation and vaccination,  depopulation and vaccination and vaccination
 or specify teams for destruction, 
 vaccination and surveillance  

a Accounting for increasing infectiousness over time
b Transfer of disease from one location to another via humans or fomites
c Entire study region or by specifi ed control zones
d Entire study region
e Dangerous contacts and/or contiguous slaughter
f Emergency ring or area vaccination and/or targeted protective vaccination
g Emergency ring vaccination
h Ad-hoc reporting based on clinical signs and surveillance within a defi ned radius of infected units
i Ad-hoc reporting based on clinical signs
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Spatial analysis
The spatial analyses included comparing the physical size of the 
simulated outbreak areas, as well as assessing spatial agreement in 
terms of the specifi c geographical locations of units predicted to 
become infected, recognising that outbreaks of similar size may 
not necessarily match well in terms of the location of units pre-
dicted to become infected.

To measure the size of the spatial extent of the main cluster(s) of 
infection for each simulation, polygon-fi tting techniques devel-
oped for home-range analysis of wildlife (Harvey and Barbour 
1965; Dixon and Chapman 1980; Anderson 1982; Wray et al 
1992) were considered. These techniques defi ne the central or core 
home ranges of individual animals based on sightings recorded 
over a period of time. A modifi ed reduced minimum convex hull 
(MRMCH) method was developed as an adaptation of the mini-
mum convex hull (MCH). For each iteration of each scenario, a 
‘standard’ MCH, which creates a convex polygon by identifying 
and drawing a line through all of the outermost infected units, 
was constructed fi rst. The actual infected units that comprised the 

vertices of this convex hull were then removed, and a new MCH 
computed based on the remaining infected units. This approach 
preserved the shape and extents of the main cluster(s) of infection, 
whilst removing outliers. The area of each MRMCH in square 
kilometres (km2) was then computed. In iterations where there 
were insuffi cient points to generate an MRMCH, the standard 
MCH was used instead. In iterations with only one or two in-
fected units, the area was set to zero. The resultant areas of these 
hulls were compared using the Kruskal-Wallis test.

To evaluate the level of spatial agreement in the location of pre-
dicted infected units, the study area was divided into a regular 
grid of cells 30 km x 30 km in size, producing a total of 314 cells. 
Each model was considered in turn, and for each iteration of a 
given scenario cells were labelled 1 if at least one unit within its 
boundaries was predicted to become infected, and 0 otherwise. 
The mean cell score over 40 iterations for each model, by scenar-
io, was calculated and rounded to 1 or 0. Fleiss’ Kappa was used as 
an index of agreement for the 314 cell scores for each of the three 
models. The analysis was repeated for the core zone of infection 

Table 2. Details of the key features of 11 outbreak scenarios of foot-and-mouth disease used in this study.
     
Scenario Disease statea Mechanisms of spread Control Duration (days)

 1 1 Direct contactb: None 300

   Shipment rate: 1 contact/day  

   Distance: triangular 10–20–30 km  

   Probability of infection: 1  

 2 1 Airborne spread: None 200

   Wind direction: 225°–315°  

   Probability of infection at 1km: 0.98  

   Maximum distance of spread: 50 km  

 3 1 Parameters of Scenario 1 + 2 None 200

 4 1 Direct contactb: None 100

   Shipment rate: 1 per day  

   Distance: triangular 4–5–6 km  

   Probability of infection: 0.5  

   Indirect contactc:  

   Shipment rate: 2 per day  

   Distance: triangular 140–150–160 km  

   Probability of infection: 1  

 5 1 Identical to Scenario 4 None 115

 6 2 Identical to Scenario 1 None 150

 7 2 Identical to Scenario 1 Movement restrictionsd 200

 8 2 Identical to Scenario 1 Movement restrictionsd 200

    Vaccination in 5-km rings 200

 9 2 Identical to Scenario 1 Movement restrictionsd 200

    Vaccination in 35-km rings 200

 10 2 Identical to Scenario 1 Movement restrictionsd 75

    Depopulation: 75

    Stamping-out 75

    Pre-emptive culling in 10-km rings 75

 11 2 Identical to Scenario 1 Movement restrictionsd 75

    Depopulation: 75

    Stamping-out 75

    Pre-emptive culling in 35-km rings 75

a Disease states: 1 = latent (triangular 29–30–31 days), infectious (triangular 59–60–61 days), immune (triangular 99–100–101 days); 2 = latent (triangular 1–3–10 days), 
infectious (triangular 3–12–35 days), immune (triangular 180–240–360 days)

b Direct contact: The physical connection between animals from different locations. If the animal initiating the contact is in an infectious state a direct contact may result 
in the transfer of disease. Direct contacts usually occur as a result of animal movements

c Indirect contact: The physical connection between animals and physical objects (e.g. humans) or fomites (vehicles, equipment) from different locations. If the source of 
the indirect contact contains infectious particles, an indirect contact may result in the transfer of disease

d A progressive reduction in the number of permitted movements per day to 60% by 10 days after detection, and then to 80% by 60 days after detection
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identifi ed by the MRMCH method. Almost perfect agreement is 
said to be present when Kappa is >0.8 (Landis and Koch 1977).

Results
Descriptive statistics of the predicted numbers of infected units, 
the median number of days of active spread of infection, and the 
sizes of the predicted outbreak areas for the 11 scenarios are shown 
in Tables 3, 4, and 5, respectively. Also shown are the test statistics 
and the p-values for the Kruskal-Wallis tests for signifi cant differ-
ences in predictions made by each model, for each scenario. Table 
6 lists the Fleiss’ Kappa statistics for spatial agreement for each of 
the 11 scenarios.

Changes to specifi cations of each scenario produced biologically 
plausible changes in the outcomes of interest. Direct contact as 
the only means of spread from the index unit (Scenario 1) re-
sulted in successive rings of infection moving outwards from in-
fectious units; distances corresponded to the movement distances 
specifi ed. Modelling airborne spread alone with a prevailing wind 

Table 3. Descriptive statistics of the predicted number of infected units 
for 11 scenarios described in this study, and p-values for Kruskal-Wallis 
tests (K) for signifi cant differences between the number of infected 
units predicted by each model, for each scenario.

Scenario Model Median (range) K P-value

 1 AU 1,539 (1,386–1,720) 43.0 <0.01

  NZ 1,492 (1,377–1,697)  

  NA 1,444 (1,298–1,573)  

 2 AU 741 (728–753) 86.0 <0.01

  NZ 749 (733–770)  

  NA 681 (662–695)  

 3 AU 1,346 (1,315–1,384) 79.6 <0.01

  NZ 1,354 (1,305–1,422)  

  NA 1,279 (1,235–1,324)  

 4 AU 97 (75–114) 66.0 <0.01

  NZ 82 (70–98)  

  NA 76 (64–99)  

 5 AU 460 (341–607) 2.51 0.28

  NZ 468 (340–611)  

  NA 500 (319–689)  

 6 AU 3,958 (3,956–3,959) 7.07 0.03

  NZ 3,959 (3,957–3,959)  

  NA 3,959 (3,957–3,959)  

 7 AU 250 (0–521) 7.50 0.02

  NZ 202 (0–398)  

  NA 268 (0–601)  

 8 AU 237 (0–420) 0.65 0.72

  NZ 227 (0–482)  

  NA 230 (0–369)  

 9 AU 132 (0–217) 0.01 0.99

  NZ 129 (0–220)  

  NA 133 (0–205)  

 10 AU 1,714 (1,385–2,052) 22.5 <0.01

  NZ 1,803 (1,656–2,091)  

  NA 1,846 (1,598–2,279)  

 11 AU 796 (617–1,001) 0.78 0.68

  NZ 793 (575–1,087)  

  NA 795 (643–1,055)

  
AU = Australia; NZ = New Zealand; NA = North America

Figure 2. Detail of the study area, showing the location of units predicted 
to be in the susceptible ( ), immune (¤), infected (*) and latent ( ) state 
at Day 200 of Iteration 2 of Scenario 2 by the (a) Australian, (b) New 
Zealand, and (c) North American model.
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direction from the east (Scenario 2) resulted in infected units oc-
curring under the plume in a westerly direction from the index 
unit (Figure 2). Combining direct contact spread with airborne 
spread (Scenario 3) produced larger epidemics than either of these 
mechanisms on their own, and the spatial pattern of outbreaks 
was consistent with a mix of movement and airborne spread.

Increases in the length of the simulation period (Scenarios 4 and 5) 
produced a corresponding increase in the predicted numbers of 
infected units, and was attributed to a second wave of infection 
resulting from the reversion of previously immune units to a sus-
ceptible state. A simulation period of 100 days with no control 
measures resulted in 64–114 infected units (Table 3; Scenario 4); 
increasing the simulation period to 115 days increased the predict-
ed numbers of infected units to 319–689 (Table 3; Scenario 5). 
It also increased the size of the predicted outbreak area from 
70,000–112,000 km2 in Scenario 4 to 209,000–269,000 km2 in 
Scenario 5 (Table 5).

Table 4. Descriptive statistics of the median period (in days) that 
infection was active in the population (excluding the unit that initiated 
each epidemic) for 11 scenarios described in this study, and p-values 
for log rank tests for signifi cant differences between the period of 
active infection predicted by each model, for each scenario.
   
Scenario Model Median (range)a Log rank statistic P-value

 1 AU 213 (32-300) 6.80 0.03

  NZ 211 (31-300)  

  NA 208 (30-300)  

 2 AU 127 (32-200) 4.00 0.14

  NZ 125 (31–200)  

  NA 124 (30–200)  

 3 AU 129 (32–200) 5.30 0.07

  NZ 127 (31–200)  

  NA 127 (30–200)  

 4 AU 73 (52–100) 3.60 0.17

  NZ 72 (51–100)  

  NA 71 (50–100)  

 5 AU 110 (52–115) 1.10 0.59

  NZ 110 (51–115)  

  NA 109 (50–115)  

 6 AU 87 (5–149) 43.8 <0.01

  NZ 80 (4–150)  

  NA 75 (2–142)  

 7 AU 45 (4–200) 4.10 0.13

  NZ 39 (4–199)  

  NA 47 (3–200)  

 8 AU 41 (4–200) 0.400 0.81

  NZ 47 (4–200)  

  NA 41 (3–200)  

 9 AU 29 (4–96) 0.200 0.90

  NZ 33 (4–162)  

  NA 32 (3–87)  

 10 AU 27 (4–75) 3.70 0.16

  NZ 31 (3–75)  

  NA 31 (2–75)  

 11 AU 18 (4–75) 2.50 0.28

  NZ 20 (3–75)  

  NA 20 (2–75) 

 
a In Scenarios 1, 2, 3, 4, 5, 8, 10 and 11, the maximum day of infection for all 
models was equal to the length of the simulation period (Table 1)
AU = Australia; NZ = New Zealand; NA = North America

Table 5. Descriptive statistics of predicted outbreak areas (× 1,000 
km2) for 11 scenarios described in this study, and p-values for Kruskal-
Wallis tests (K) for signifi cant differences between the outbreak areas 
predicted by each model, for each scenario.

           Modifi ed reduced minimum convex hull

Scenario Model Median (range) K P-value

 1 AU 98 (92–107) 54.1 <0.01

  NZ 95 (87–102)  

  NA 92 (87–97)  

 2 AU 45 (43–47) 81.7 <0.01

  NZ 45 (43–48)  

  NA 38 (36–40)  

 3 AU 87 (84–91) 76.9 <0.01

  NZ 86 (81–94)  

  NA 80 (76–84)  

 4 AU 70 (67–72) 55.4 <0.01

  NZ 68 (62–70)  

  NA 67 (62–75)  

 5 AU 240 (184–255) 14.1 <0.01

  NZ 230 (186–249)  

  NA 237 (193–250)  

 6 AU 275 (275–275) – –

  NZ 275 (275–275)  

  NA 275 (275–275)  

 7 AU 29 (0–58) 9.20 <0.01

  NZ 16 (0–56)  

  NA 23 (0–80)  

 8 AU 24 (0–58) 0.54 0.76

  NZ 20 (0–68)  

  NA 20 (0–54)  

 9 AU 14 (0–30) 6.33 0.04

  NZ 11 (0–24)  

  NA 11 (0–29)  

 10 AU 129 (104–156) 26.3 <0.01

  NZ 137 (127–151)  

  NA 138 (120–163)  

 11 AU 64 (42–86) 1.47 0.48

  NZ 67 (43–106)  

  NA 62 (41–91) 

 
AU = Australia; NZ = New Zealand; NA = North America

Table 6. Agreement of the Australian, New Zealand, and North American 
models for 11 scenarios described in this study, in terms of the spatial 
location of predicted infected areas.

                                                              Fleiss’ Kappa

Scenario All infected units MRMCH

 1 0.96 0.96

 2 0.93 0.95

 3 0.93 0.94

 4 0.88 0.87

 5 0.61 0.67

 6 1.00a 1.00a

 7 0.85 0.86

 8 0.89 0.88

 9 0.94 0.90

 10 0.92 0.93

 11 0.94 0.93

a All units predicted to become infected by each of the three models
MRMCH = modifi ed reduced minimum convex hull
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Using parameters that more closely refl ected the behaviour of 
FMD and allowing direct contact to occur at shorter distances re-
sulted in all susceptible units being infected (Table 3; Scenario 6). 
Vaccination that commenced when 50 units were detected (Sce-
nario 8) in combination with spread by direct contact, detection, 
quarantine, and movement restrictions, resulted in fewer infected 
units (0–482 secondarily infected units) than in Scenario 7 where 
vaccination was not applied (0–601 secondarily infected units) 
(Table 3). Increasing the size of the vaccination area (Scenario 9) 
halved the predicted number of secondarily infected units (0–220) 
(Table 3). Depopulation as a control strategy (Scenarios 10 and 
11) had a similar effect; for each of the three models, larger rings 
of depopulation led to smaller epidemics, i.e. fewer infected units 
and smaller outbreak areas.

The predicted numbers of infected units differed signifi cantly 
(p<0.05) among the three models in 7/11 scenarios (Table 3). In 
four of these scenarios, the North American model predicted the 
fewest median outbreaks. The period of active infection differed 
signifi cantly in 2/11 scenarios (Table 4). The predicted median 
size of each outbreak area differed signifi cantly among models in 
8/11 scenarios (Table 5). Apart from Scenario 5, there was close 
agreement in the predicted locations of infected units using an 
inferential grid cell size of 30 x 30 km (Table 6).

Discussion
The relative validation process described in this study is, we be-
lieve, one of a number of steps that can be undertaken to increase 
end-user confi dence in infectious disease model predictions. In 
this study, the simulation of disease spread using a series of simple 
outbreak scenarios allowed specifi c mechanisms of the spread and 
control of disease in each of the three models to be evaluated and 
peer-reviewed. Given the greater understanding of factors infl u-
encing model predictions that has resulted from this study, we 
believe the QUADS team is well placed to carry out studies to 
evaluate the external validity of each model using actual popula-
tion data and outbreak scenarios.

Although there were statistically signifi cant differences among the 
numbers of infected units and the temporal and spatial spread 
predicted by the three models in each of the scenarios, the ab-
solute differences were small and from a practical perspective 
would have resulted in the same (or similar) management deci-
sions being adopted in each case. Differences in the spatial extents 
of simulated epidemics were expected, as the process of selecting 
direct and indirect contact units from each source unit involved 
randomly generating directions and distances from the prescribed 
probability distributions for each scenario. There were differences 
in the way each model conducted a search for recipient units. 
The New Zealand model randomly selects a distance band based 
on the predefi ned distance distribution, calculates the distance 
from the source unit to all potential recipient units, fi nds those 
within the relevant distance band, then randomly selects a unit in 
that distance band. The Australian model, in contrast, randomly 
selects a movement distance and direction, generates a point at 
that location and then searches around that point for a candidate 
recipient unit up to a specifi ed distance.

By default, the Australian and New Zealand models allowed the 
transition of a unit from susceptible to latent (following successful 
exposure) to take place on the day of infection, while the transi-

Figure 3. Simulation outputs from the North American model, using 
parameters from Scenario 1. Line plots showing the cumulative number 
of new infections as a function of simulation day when a unit changed 
state from susceptible to latent on the day contact occurred (…) and 
on the following day (–).

Figure 4. Simulation outputs from the North American model, using 
parameters from Scenario 7. Line plots showing the cumulative number 
of new infections as a function of simulation day when detected units 
could (…) and could not (–) receive direct contacts.

Figure 5. Simulation outputs from the North American model, using 
parameters from Scenario 7. Line plot showing the cumulative number 
of new infections as a function of simulation day when detection was 
allowed to occur before the simulation of disease spread (…), and 
when the simulation of disease spread occurred before the detection 
of disease (–), on any given day.
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tion to a latent state occurred on the day after infection in the 
North American model. This meant that the North American 
model produced consistently smaller outbreaks (Figure 3) than the 
other two models until this issue was identifi ed and accounted for 
in the parameterisation of the Australian and New Zealand models. 
An additional important difference in model design was highlight-
ed in scenarios that included detection of infected units (Scenarios 
7–11). Once detected, units are normally placed under quarantine 
and are therefore ineligible to receive further contacts. In the Aus-
tralian and New Zealand models, a direct contact with a detected 
unit was still permitted to occur, although it did not have any 
impact on that unit’s disease status, i.e. it was a ‘wasted’ contact. 
The North American model, however, always selected recipients 
that were not under quarantine and so a new infected farm could 
result from those contacts to produce signifi cantly larger outbreaks 
(Figure 4). Finally, the order in which events occurred in a simu-
lation day had important impacts on the results of all scenarios. 
For example, implementing the spread of disease prior to detection 
on each simulation day produced larger epidemics compared with 
those where spread occurred after detection (Figure 5). A conclu-
sion of this study was that all models should allow events such as 
spread and detection to occur in a random order throughout each 
simulation day, to mimic the fact that in a real-world outbreak, de-
tection teams would be operative throughout each day and there-
fore could fi nd disease at any time.

Developing parameters for each of the 11 scenarios forced each 
of the modelling teams to take an in-depth look at the way core 
functions were implemented in their models, and generated some 
useful insights. For example, in Scenario 1, the Australian model 
was initially run in its default mode, which was to allow the infec-
tivity of a unit to increase with time (refl ecting within-herd spread 
of FMD). This resulted in signifi cantly fewer new infections than 
when infectivity was kept constant (assuming a 100% intra-unit 
prevalence from the fi rst day of infection), indicating that this was 
an important issue to explore. Although not included in some 
of the mathematical models used in the FMD epidemic in the 
United Kingdom in 2001 (Ferguson et al 2001; Keeling et al 
2001), it was accepted that there was within-herd transmission of 
FMD (Hutber and Kitching 2000). Accordingly, it is likely that 
farm-level infectiousness would increase over time as the number 
of animals infected increased (Taylor 2003; Haydon et al 2004; 
Honhold et al 2004; Kitching et al 2006). Future comparisons 
should assess the impact of within-herd spread in more complex, 
realistic scenarios.

The use of relatively simple population structures and outbreak 
scenarios was intentional as this was the only practical method 
for testing the core mechanisms of what are three relatively com-
plex simulation models. The parameters for each scenario were 
developed to provide easy checks that models were performing 
as expected and adequately represented the features being tested. 
Although descriptions of the models used in this study have been 
published previously (Sanson 1993; Schoenbaum and Disney 
2003; Garner and Beckett 2005; Stevenson et al 2006; Beckett 
and Garner 2007; Harvey et al 2007), it was not possible, from 
the information provided in those papers, to compare details of 
disease transmission and the impact these differences would have 
on model outputs. The differences identifi ed in the model de-
signs revealed the importance of documenting model-building as-
sumptions, and testing alternative approaches to determine their 
impact on simulation results. Having demonstrated the utility of 

relative validation, future studies to compare model predictions 
in more complex populations and under more realistic outbreak 
conditions are planned.
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Foot-and-mouth disease (FMD) is a highly contagious and economically important viral

disease of cloven-hoofed animals. Australia’s freedom from FMD underpins a valuable

trade in live animals and animal products. An outbreak of FMD would result in the loss of

export markets and cause severe disruption to domestic markets. The prevention of, and

contingency planning for, FMD are of key importance to government, industry, producers

and the community. The spread and control of FMD is complex and dynamic due to a

highly contagious multi-host pathogen operating in a heterogeneous environment across

multiple jurisdictions. Epidemiological modeling is increasingly being recognized as a

valuable tool for investigating the spread of disease under different conditions and the

effectiveness of control strategies. Models of infectious disease can be broadly classified

as: population-based models that are formulated from the top-down and employ

population-level relationships to describe individual-level behavior; individual-based

models that are formulated from the bottom-up and aggregate individual-level behavior

to reveal population-level relationships; and hybrid models which combine the two

approaches into a single model. The Australian Animal Disease Spread (AADIS) hybrid

model employs a deterministic equation-based model (EBM) to model within-herd

spread of FMD, and a stochastic, spatially-explicit agent-based model (ABM) to model

between-herd spread and control. The EBM provides concise and computationally

efficient predictions of herd prevalence and clinical signs over time. The ABM captures

the complex, stochastic and heterogeneous environment in which an FMD epidemic

operates. The AADIS event-driven hybrid EBM/ABM architecture is a flexible, efficient

and extensible framework for modeling the spread and control of disease in livestock on

a national scale. We present an overview of the AADIS hybrid approach, a description

of the model’s epidemiological capabilities, and a sample case study comparing two

strategies for the control of FMD that illustrates some of AADIS’s functionality.

Keywords: AADIS, FMD, epidemiological model, hybrid model, spatiotemporal model

Introduction

An outbreak of foot-and-mouth disease (FMD) in Australia would have a major economic and
social impact. This includes disruption of the domestic market for livestock and products, loss
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of access to international markets, severe production and income
losses in livestock and related industries, and the financial, polit-
ical and social pressures of eradicating the disease (Carpenter
et al., 2011; Matthews, 2011; Rushton et al., 2012). The present
value of total direct economic losses from an outbreak of FMD
in Australia are estimated at $5.6 to $52.2 billion AUD over 10
years, depending on the size of the outbreak and the effectiveness
of control (Buetre et al., 2013).

Disease managers are faced with a number of challenges
when responding to incursions of serious disease such as FMD.
These include: what control measures to adopt; trade and eco-
nomic implications of different control measures; how to man-
age resources such as personnel, equipment and vaccine; access
to appropriate technology such as diagnostic tools; animal wel-
fare issues; consumer concerns, and possible public health ram-
ifications (Garner et al., 2007). The choice of control measures
can be a compromise between the requirement for large-scale
implementation and what is logistically and economically feasi-
ble (Tildesley et al., 2006). Disease models are increasingly being
employed as decision support tools for outbreak planning and
response (Garner and Hamilton, 2011). Models are especially
useful when a country has not recently experienced the disease
of concern (Bates et al., 2003b), for example, the last outbreak of
FMD in Australia occurred in 1872 (Bunn et al., 1998).

Models of disease spread range from simple deterministic
mathematical models (Haydon et al., 1997), through to com-
plex spatially-explicit stochastic microsimulations (Garner and
Beckett, 2005; Harvey et al., 2007; Stevenson et al., 2013).
Models can be distinguished on the basis of how they handle
time (discrete/continuous), space (spatially-explicit/non-spatial),
and chance and uncertainty (deterministic/stochastic) (Taylor,
2003). Another way of classifying models is whether they are
population-based, individual-based or a combination of both. A
population-based model is formulated from the top-down and
employs population-level relationships to describe individual-
level behavior. An example is a traditional equation-based model
(EBM) which uses a system of ordinary differential equations
(ODEs) to prescribe ratios of infection states in a population over

Abbreviations: AADIS, Australian Animal Disease Spread model; ABARES, Aus-

tralian Bureau of Agricultural and Resource Economics and Sciences; ABM,

Agent-based model; ABS, Australian Bureau of Statistics; AUD, Australian dollar;

AUSVETPLAN, Australian Veterinary Emergency Plan (Animal Health Australia,

2014a); CA, Control Area—a controlled area enclosing an RA and subject to lower

levels of movement restrictions than those applied in RAs; CSV, Comma-Separated

Values; DADS, Davis Animal Disease Simulation model (Bates et al., 2003a); DCP,

Dangerous Contact Premises—a premises that, based on a risk assessment, is con-

sidered highly likely to contain an FMD-infected animal(s) or contaminated ani-

mal products, equipment or other material.; DTU-DADS, Technical University of

Denmark—Davis Animal Disease Simulation model (Boklund et al., 2013); EBM,

Equation-based model; FMD, Foot-and-mouth disease; GIS, Geographic Infor-

mation System; GSAM, Global-Scale Agent Model (Parker and Epstein, 2011);

HPAI, Highly Pathogenic Avian Influenza; HPC, High-Performance Computing;

ISP, InterSpread Plus (Stevenson et al., 2013); IP, Infected Premises—a premises

where infection has been confirmed.; NAADSM, North American Animal Disease

Spread Model (Harvey et al., 2007).; NLIS, National Livestock Identification Sys-

tem; ODE, Ordinary Differential Equation; RA, Restricted Area—a controlled area

surrounding an IP and subject to the highest level of movement restrictions; SEIR,

Susceptible Exposed Infectious Recovered; SO, Stamping Out; SORV, Stamping

Out plus suppressive Ring Vaccination; SQL, Structured Query Language.

time (Keeling and Rohani, 2008). The model concisely and effi-
ciently describes how a population ‘flows’ between Susceptible,
Exposed, Infectious and Recovered (SEIR) compartments. Com-
partmental EBMs carry a general assumption of homogeneous
contact rates and susceptibility, i.e., individuals mix uniformly
and randomly, and have an equal likelihood of contracting a
disease.

While simple mathematical models can provide useful
insights into disease dynamics and epidemic behavior they tend
to ignore the spatial, environmental, and social dimensions
of epidemiology (Perez and Dragicevic, 2009). Assumptions of
homogeneous mixing of the population and model parameters
not varying over the solution interval understate the complexity
of an epidemic. From a disease manager’s perspective, outbreaks
occur in a physical, economic, technological, management, and
socio-political context (Garner and Hamilton, 2011). An epi-
demic environment is irregular and subject to probabilistic events
that dynamically reshape the spread of disease (Bansal et al., 2007;
Garner and Hamilton, 2011). Spatial effects, population hetero-
geneity, contact structures and social behavior all influence the
course of an outbreak (Caraco et al., 2001; Hagenaars et al., 2004;
Galvani and May, 2005; Lloyd-Smith et al., 2005; Bansal et al.,
2007; James et al., 2007).

An individual-based model is formulated from the bottom-up
and aggregates individual-level behavior to reveal population-
level dynamics. Relationships between individuals emerge over
time, as opposed to a population-basedmodel where the relation-
ships are prescribed as inputs. An example is a spatially-explicit
agent-based model (ABM) where autonomous individuals with
independent infection states interact within an environment. In
this case, the emergent behavior of the model is the spatio-
temporal spread of disease across a population. Individual-based
models are well-suited to complex environmental systems due
to their affinity for capturing heterogeneity, stochasticity, spa-
tiality, social systems, and policy (Hare and Deadman, 2004),
and subtle interactions between individuals that are especially
important during the initial and final stages of an outbreak (Ger-
mann et al., 2006; Bansal et al., 2007). A data-driven, individual-
based, modeling approach has proven popular in the field of ani-
mal health policy development with stochastic, spatially-explicit,
state-transition microsimulations such as AusSpread (Garner
and Beckett, 2005), InterSpread Plus (ISP) (Stevenson et al.,
2013), and the North American Animal Disease Spread Model
(NAADSM) (Harvey et al., 2007).

In this paper, we describe the Australian Animal Disease
Spread (AADIS) model. AADIS is a national-scale hybrid model
of livestock disease spread and control designed to support emer-
gency animal disease planning in Australia. For this context, we
narrow the definition of a hybrid model to one that employs both
population-based and individual-based modeling techniques.
AADISmodels within-herd spread with a deterministic EBM and
between-herd spread with a spatially-explicit stochastic ABM.
The model architecture and software architecture were specif-
ically developed for efficient handling of the national livestock
population. Computational efficiency is especially important for
large-scale stochastic models. It is often desirable to re-run a
particular scenario hundreds, possibly thousands, of times to
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see if patterns emerge from the underlying stochastic processes.
Although the AADIS architecture supports any pathogen, FMD
is the development test-case.

Modeling Context

Foot-and-Mouth Disease
FMD is an acute, highly contagious viral disease of domestic and
wild cloven-hoofed animals. The disease is clinically character-
ized by the formation of vesicles and erosions in the mouth and
nostrils, on the teats, and on the skin between and above the hoofs
(Meyer and Knudsen, 2001; Animal Health Australia, 2014a).
The FMD virus spreads between hosts through direct contact
(e.g., movement of live animals between farms, and between
farms and markets), indirect contact (e.g., livestock products,
byproducts, and fomites), and aerosol (Meyer and Knudsen,
2001). Australia is a significant livestock producer and a major
exporter of livestock, livestock products, and livestock genetic
material. An outbreak of FMD would have severe economic con-
sequences for the economy, in particular the loss of export mar-
kets (Buetre et al., 2013). Because of the serious consequences
of an FMD outbreak, Australia invests considerable resources in
prevention and planning.

Australia’s approach to managing an incursion of FMD
is described in the Australian Veterinary Emergency Plan—
AUSVETPLAN (Animal Health Australia, 2014a). In brief, the
policy is to eradicate the disease as quickly as possible using
stamping out, which involves culling and disposal of infected and
exposed animals. Standard zoo-sanitarymeasures andmovement
restrictions are also applied, with a minimum 3-day national live-
stock stand-still and the establishment of control zones around
infected premises (IPs) and dangerous contact premises (DCPs).
Vaccination is identified as an option under some circumstances
in AUSVETPLAN.

Livestock Production Systems
Livestock production in Australia is largely based on exten-
sive grazing and is dominated by wool, sheepmeat, beef, and
dairy. Australia also has smaller intensive pig and poultry indus-
tries (Animal Health Australia, 2014b). The livestock industry is
diverse and extends from the beef cattle areas of tropical north
Queensland to the sheep areas of temperate southern Tasma-
nia, and from the dairying areas of coastal New South Wales
to the merino wool producing areas of Western Australia (Gar-
ner et al., 2002). The main industries that would be directly
affected by FMD are beef, dairy, wool, sheepmeat, and pigs.
Australia has approximately 74 million sheep, 28 million cattle
and 2 million pigs on approximately 78,000 commercial farms
(Australian Bureau of Statistics, 2012), with a further estimated
104,000 smallholder/lifestyle farms. From a disease transmission
perspective, the key unit of interest is a herd, defined as a group
of animals of the same species that is managed as a single group.
Commercial farms in Australia can be large and may consist
of more than one herd of the same or different species, e.g.,
sheep-beef farms.

Australia is a federation made up of six states and two main-
land territories. The Australian Government is responsible for

quarantine, disease reporting, export certification, and trade gov-
ernment. State and territory governments are responsible for
animal health services within their respective jurisdictions. This
means that while there are national policies for managing dis-
eases like FMD, the actual control measures are administered by
the jurisdictions under their own legislation. For disease control
purposes, it is the farming enterprise rather than the herd that is
the key unit.

AADIS Hybrid Approach

To study FMD in Australia on a national scale, a model needs
to handle approximately 240,000 herds across a variety of species
and production systems, as well as incorporating regional het-
erogeneity in disease transmission and jurisdictional variations
in control measures and resourcing. To address this complex-
ity, AADIS employs a hybrid model architecture that combines
population-based modeling with individual-based modeling.
This approach provides computationally efficient within-herd
spread and captures the rich heterogeneous environment in
which between-herd spread operates. For modeling purposes, the
Australian livestock population has been categorized into 11 herd
types and 10 farm types (Table 1). A herd has static attributes
such as type, size, location, jurisdiction, and local government
area, and dynamic attributes such as infection status. A farm is
made up of one or more herds. Spatially, a farm and its con-
stituent herds are defined as a point identified by latitude and
longitude. The herd population is synthesized from agricultural
census data (Australian Bureau of Statistics, 2012) and industry
reports and data.

Equation-Based Modeling of Within-Herd
Disease Spread
AADIS considers a herd to be well-mixed from a disease trans-
mission point of view, i.e., all members of the herd are equally
likely to contract a disease. This is a reasonable simplifica-
tion for modeling the spread of disease at a national-scale, and
one that lends itself to a population-based approach (Bradhurst
et al., 2013). AADIS employs a non-spatial, deterministic SEIR
compartmental EBM to represent within-herd spread of FMD
(Figure 1). The approach is similar to that described by Keeling
and Rohani (2008).

Each herd has its own ODE system customized for the herd
type and the pathogen under study (Figure 2). AADIS simplifies
a herd’s size by considering it to be constant in the absence of
culling. When a susceptible herd becomes infected the ODE sys-
tem is solved numerically via a fourth-order Runge Kutta method
(Cash and Karp, 1990), to yield the SEIR compartmental ratios
over time. The EBM generates curves describing the prevalence
and clinical signs of the infected herd. The EBM approach is com-
putationally efficient as the solution remains in place up until an
external asynchronous event acts upon the herd. If a herd is vacci-
nated and immunity levels increase, the EBM reacts by resolving
the ODE system to yield updated SEIR compartment ratios from
that point in time onwards (Figure 3). The EBM thus adapts and
provides a dynamic representation of the within-herd infection
state and presence of clinical signs.
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TABLE 1 | Herd and farm types used in AADIS.

Farm type Number of farms Mean farm population size (min–max) Herd type Number of herds

Extensive beef 1331 1909 (1200−46,575) Extensive beef 3993

Intensive beef 51,383 280 (30− 7436) Intensive beef 51,383

Feedlot 508 1825 (100−39,963) Feedlot 508

Mixed beef/sheep 21,556 242 (30− 5700) Mixed beef 21,556

Mixed sheep 21,556

Dairy 8675 298 (40− 2742) Dairy 8675

Small pigs 1873 244 (40− 4850) Small pigs 1873

Large pigs 333 4922 (1000−17,896) Large pigs 333

Sheep 22,150 1649 (20−44,000) Sheep 22,150

Small holder 103,641 5 (1− 14) Small holder 103,641

Total 202,775 235,668

FIGURE 1 | ODE system used by AADIS to model within-herd spread of FMD.

Agent-Based Modeling of Between-Herd Disease
Spread and Control
Whilst a herd is viewed as a population for within-herd
disease spread, it is somewhat paradoxically also viewed as
an individual for between-herd spread (Figure 2). Aggregated
herd-level infectious, latent (exposed), and clinical prevalence
generated by the EBM, are inputs for modeling disease spread
between herds. This is a sensible simplification for a model of
national-scale, especially for a highly contagious disease such as
FMD that when introduced into a susceptible herd will typi-
cally progress unchecked (Meyer and Knudsen, 2001; Carpen-
ter et al., 2003). A herd is thus viewed as an atomic agent
participating in an ABM for the purposes of between-herd
spread.

While within-herd disease spread is deterministic and
non-spatial, between-herd disease spread is highly stochastic
and spatially-explicit. This is achieved through a rich ABM

environment comprising disease spread pathways and control
measures. The spread of disease is modeled with the following
pathways:

• Direct contact – movement of live animals between premises,
• Market/saleyard spread – movement of live animals in and out

of markets/saleyards,
• Indirect contact – movement of animal products, byproducts

or fomites between herds,
• Local spread – proximity-based contact, e.g., over a boundary

fence shared by adjoining premises,
• Airborne transmission – virus excreted by animals in aerosol

form that remains viable in the air.

Each spread pathway has an algorithm that determines on any
given simulation day whether disease transfers from an infec-
tious herd to susceptible herd(s). AADIS introduces stochastic-
ity through Monte Carlo sampling of probability distribution
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functions (Vose, 2008). The spread of disease between heteroge-
neous herds is well-suited to an individual-based model such as
an ABM.

The control of disease is also part of the ABM environment.
This includes movement restrictions, surveillance and tracing,
IP operations, resource management and vaccination. The emer-
gent behavior of the ABM is the spatiotemporal spread of disease
across the population and the subsequent activities to control and
eradicate the disease. The disease spread pathways and control
measures can be thought of as components of the ABM environ-
ment. A component has autonomous logic, its own thread of exe-
cution and a blocking queue for receiving asynchronous events.
Each component of the AADIS ABM environment operates
independently and concurrently.

AADIS Functional Description

Transmission Pathways
AADIS models five independent means by which FMD can be
transmitted between herds:

Direct Contact Spread
Direct contact spread is driven by the movements of live ani-
mals between herds. The expected number, size and destination
of daily movements into and out of herds, stratified by month, is
derived from various reports and industry sources (AusVet Ani-
mal Health Services, 2005, 2006; Hassall and Associates, 2006;
Kokic andMues, 2006; East and Foreman, 2011; East et al., 2014).
AADIS only models movements from infected herds since it

FIGURE 2 | Each herd instance has a customized SEIR ODE-based EBM. The ABM stochastically establishes infection connection paths between herds

(Bradhurst et al., 2013).

FIGURE 3 | The prevalence curves on the left depict the

EBM solution for a non-vaccinated beef herd. Infection starts

on day 35, peaks at 53% prevalence on day 48, and ends on

day 69. The prevalence curves on the right show the same

herd, but with vaccination occurring on day 37. Susceptible

animals in the herd achieve immunity on day 43 resulting in a

greatly diminished peak prevalence of 14% and an earlier end to

infection on day 57.
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would be computationally prohibitive to consider all movements
from all herds. For each infected herd, the daily likelihood of a
movement, the type of herd the movement is directed to, and
the movement distance and direction is determined stochasti-
cally. This is based on configuration data that includes movement
frequencies, distance distributions and contact matrices.

Transmission depends on the prevalence of infection in the
source herd and the consignment size. The probability that a con-
signment contains at least one exposed or infectious animal is
given by:

pi = 1−
[

1− p(t)
]n

(1)

where, pi = probability of infection, p(t) = prevalence of infec-
tion in the source herd at time t, where prevalence is defined as
the proportion of infectious and exposed animals in the herd (per
the EBM), n= consignment size.

When a susceptible herd becomes infected an EBM is cre-
ated and solved with initial conditions based on the proportion
of infectious and exposed animals in the consignment, and the
size of the destination herd.

Saleyard/Market Spread
Markets and saleyards have the potential to greatly amplify
an outbreak prior to the disease being recognized and con-
trols implemented (Gibbens et al., 2001; Mansley et al., 2003).
This is because disease transmission is greatly facilitated by the
large number of susceptible animals, and the degree of mix-
ing and partitioning of animals into consignments. Outgoing
consignments may then be moved to multiple, widely dispersed
locations.

AADIS provides two options for simulating saleyard spread,
depending on the availability of data. A simplified module takes
into account the frequency and destination of consignments from
different herd types. On any given day the likelihood that an
infected herd sends animals to a saleyard is determined stochasti-
cally. Each infected consignment to a saleyard generates multiple
infected outgoing consignments based on beta pert distributions.
A more explicit representation of saleyard spread is available
which takes into account the type, frequency and timing of live-
stock sales. This approach is driven by specific buying and sell-
ing patterns at individual livestock sales (Hassall and Associates,
2007). AADIS models plausible sale events during a simulation.
If a sale happens to involve an infected herd, then a series of
stochastic decisions are made to determine the number of out-
going infected consignments, the consignment destination types
(herd, feedlot or abattoir), and destination locations. Infection is
transmitted to the destination herds with a force relative to the
viral load in the consignment.

Indirect Contact Spread
Indirect contact transmission arises from the movement between
herds of contaminated animal products, byproducts, and fomites
such as equipment, people and vehicles. Potential sources include
veterinarians, shearing contractors, artificial insemination tech-
nicians, milk tankers, and feed delivery vehicles. Indirect contacts
can be categorized as high, medium or low according to their
potential for transmitting infection (Nielen et al., 1996; Bates

et al., 2001; Sanson, 2005; Noremark et al., 2013). In the interests
of computational efficiency, AADIS only uses a single category of
indirect contacts with a specified average (baseline) probability
of transmission. The user can parameterize this to represent dif-
ferent risk profiles. Compared to direct contacts, there is limited
data on indirect contacts. The type and location of exposed herds
is determined stochastically using a contact matrix and distance
distributions by herd type.

If a herd is exposed through indirect contact, the probabil-
ity of transmission depends on the viral load of the source herd,
the relative infectiousness of the source herd (based on species
and herd size), environmental conditions that influence virus
survival, biosecurity practices, and relative susceptibility of the
exposed herd (based on species and herd size).

pi = Pb p(t) wi ws wb wx (2)

where, pi = probability that an indirect contact results in an infec-
tion, Pb = baseline probability that any indirect contact results in
infection, p(t)= normalized prevalence of the source herd at time
t, wi = infectivity weight of the source herd, ws = susceptibility
weight of the destination herd, wb = biosecurity weight of the
destination herd, wx = seasonal weight.

Local Spread
Local spread covers the transmission of disease from an infected
herd to susceptible herds in close proximity (default within 3 km).
The actual means of transmission is poorly understood and could
involve local aerosol spread across fences, straying of stock, vehi-
cles, people, run off, sharing of equipment between neighbors,
etc. (Gibbens et al., 2001). AADIS uses a spatial kernel approach
to represent local spread, with all susceptible herds inside the
local spread radius at risk. The probability of transmission for
at-risk herds is decided stochastically taking into account infec-
tious prevalence in the source herd, infectivity of the source herd
(based on species and size), susceptibility of the destination herd,
biosecurity measures in place at the destination premises, and
distance between the source and destination herds. The influence
of distance between the source herd and target herds is described
by a linear decay function—the closer a herd is to the source,
the greater the probability of transmission. Local spread can also
occur between herds that are co-resident on the same farm, with
the probability of transmission increased to reflect the higher
potential for local contact between herds managed on the same
farm.

pi = Pb p(t) wi ws wb wx wd wn (3)

where pi = probability that a local contact results in an infec-
tion, Pb = baseline probability that a local contact between farms
results in infection, p(t) = normalized prevalence of the source
herd at time t, wi = infectivity weight of the source herd, ws =

susceptibility weight of the destination herd, wb = biosecurity
weight of the destination herd, wx = seasonal weight, wd =

distance weight, wn = detection weight.

Airborne Spread
Airborne spread is the infection of susceptible animals by virus
conveyed on the wind. Pigs pose the greatest threat for airborne
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spread because of their potential to excrete large quantities of
virus relative to other species. Airborne spread requires a con-
centrated source of virus, appropriate weather conditions and
susceptible animals downwind (Donaldson and Alexandersen,
2002). AADIS assumes that only pig herds are capable of trans-
mitting FMD by airborne spread beyond a distance of 3 km.
Aerosol transmissions within 3 km are captured by the local
spread pathway. For each simulation day, the weather station
closest to each infected pig herd is queried for conditions con-
ducive to airborne spread (Garner et al., 2006). If suitable, a
sector is constructed at the infected herd’s location in the prevail-
ing wind direction, subtended by a configurable angle (Figure 4).
The sector radius represents the extent of the viral plume on that
day and is determined by the number of infectious pigs in the
source herd (Donaldson et al., 2001). Susceptible herds within the
sector are identified, excluding those within 3 km. The probability
of transmission takes into account the susceptible herd species,
the size of the herd, and the distance of the susceptible herd from
the infected herd.

pi =
[

1−
(

1− Psp
)n]

wd (4)

where, pi = probability that a susceptible herd will become
infected, Psp = probability that a single animal of the suscepti-
ble species will become infected, n= size of the susceptible herd,
wd = distance weight.

The distance weight models the diffusion of the plume over
distance from the source herds, and hence the diminishing risk
of transmission. Distance weight is configurable as either a linear
or exponential decay function.

Disease Control
Australia’s FMD policy is to eradicate the disease in the shortest
possible time using a combination of strategies, while minimizing
economic impact, (Animal Health Australia, 2014a). Mandatory
control strategies include:

FIGURE 4 | Downwind extent of airborne spread for an infected pig

herd.

• quarantine and movement controls of animals, animal prod-
ucts and fomites in declared areas in order to minimize the
spread of infection

• tracing and surveillance to determine the source and extent of
infection

• valuation and destruction of animals on infected premises and
potentially on dangerous contact premises

• disposal of destroyed animals and infected ani-
mal products, and decontamination of depopulated
premises.

Optional control strategies include:

• vaccination to reduce susceptibility of animals to infection and
clinical disease, and potentially reduce virus excretion

• pre-emptive destruction of susceptible animals in order to
minimize the spread of infection

• zoning and/or compartmentalization (to support trade)
• risk-based movement controls.

The farm is the population unit of interest for disease control.
An AADIS farm has static attributes such as type and constituent
herds, and dynamic attributes such as premises classification
and declared area. The main simulated control strategies are
movement restrictions, surveillance, tracing, IP operations and
vaccination. The control and eradication phase of an outbreak
commences after the declaration of the first infected premises.
The day of first detection is either determined stochastically
(using pre-configured probabilities of reporting by herd type,
and clinical prevalence), or occurs on a fixed day at a specific or
randomly selected farm.

Movement Restrictions
A national livestock standstill (minimum of 3 days), is imple-
mented immediately following detection of the first IP. AADIS
models livestock standstill by restricting the direct and saleyard
spread pathways. The level of restriction depends on standstill
status, type of control area, and the spread pathway being throt-
tled. A compliance percentage for each pathway is defined in
the AADIS configuration data to allow for the possibility of ille-
gal movements during the standstill. The AADIS configuration
data defines the length of the national standstill by jurisdiction.
This reflects how individual jurisdictions may extend a standstill
beyond the initial 3-day national period.

Controlled areas are established around each infected
premises in order to restrict the movement of livestock, products
and other material. The controlled areas are defined and enforced
per-jurisdiction, and may be designated areas (local government,
state/territory), or radius-based per IP. There are two levels of
control: Restricted Areas (RAs) that immediately enclose IPs, and
Control Areas (CAs) that enclose RAs. RAs have the highest level
of control while CAs have a lower level of control (Animal Health
Australia, 2014a). AADIS models the imposition of controlled
areas in a staged manner. Larger controlled areas are enforced
at the start of an outbreak. As the control program progresses,
the dimensions of the controlled areas are reduced according to
per-jurisdictional preferences. A radius-based controlled area is
clipped to fall within the jurisdictional boundaries of the subject
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IP. When IPs are clustered a meta-RA and meta-CA are formed
from the union of the constituent RAs and CAs.

Surveillance and Tracing
Surveillance is the process by which new infections are identified
and declared. During an FMD outbreak, surveillance is used to
detect new outbreaks, define the extent of infection, and demon-
strate freedom in uninfected areas (Animal Health Australia,
2014a).

AADIS allows for reporting of suspect cases on an ad hoc
basis by owners/inspectors or others. This represents one of the
most important mechanisms for finding new IPs (McLaws et al.,
2007). AADIS commences suspect case reporting the day after
the first IP has been declared, and allows for both true positive
and false positive reports. False positive reports identify herds
that are exhibiting symptoms but are not actually infected with
FMD. True positive reports are generated stochastically based on
an infected herd’s clinical prevalence, the probability of report-
ing and the expected time to report. The latter two parameters
are defined per herd-type in the AADIS configuration data. The
number of false positive reports generated is proportional to
an n-day (default 3), moving average number of true positive
reports. The default ratio of false to true reports is 2.34 based
on McLaws et al. (2007). The modeling of both true and false
reports facilitates more realistic modeling of surveillance, i.e.,
team resources are consumed regardless of whether a surveillance
visit yields a positive assessment or not. AADIS also models the
active inspection of premises within RAs. All farms within a des-
ignated distance of IPs are subject to a configurable inspection
schedule (number and frequency of inspections).

Tracing is the identification of movements onto and off IPs
in order to ascertain where infection may have come from, or
gone to. AUSVETPLAN provides minimum periods over which
tracing should be carried out (Animal Health Australia, 2014a).
Tracing includes animals, products, equipment, vehicles and peo-
ple. Traced premises may be true cases (and thus infected), or
false (not infected). AADIS can readily identify true traces by fol-
lowing infection chains during a simulation, allowing for variable
tracing effectiveness by herd type and pathway (direct contact
vs. indirect contact), and tracing duration. False forward traces
are obtained by applying the direct and indirect spread path-
ways to a premises of interest within the forward tracing win-
dow. False backward traces are obtained by reversing the direct
and indirect spread pathways over the backwards tracing window
(i.e., modeling movements onto the premises of interest). This
approach results in a set of plausible false traces, i.e., premises of
a suitable type and location that could well have been sources or
destinations of movements of concern.

Premises that require visits by surveillance teams are identi-
fied through tracing, active inspection of premises within RAs,
and reporting of suspect premises. Laboratory samples are taken
when needed. Surveillance visits are prioritized according to risk
(Animal Health Australia, 2014a). AADIS maintains a resource-
constrained dynamic queue of premises awaiting a surveillance
visit. Visits are prioritized according to a configurable scheme
that takes into account premises classification, declared area and
herd type. If multiple premises have the same priority, then

arbitration is based on how long a premises has been waiting
for a visit. The visit duration (based on herd type), visit fre-
quency (based on priority), and overall surveillance period are
configurable.

IP Operations
IP Operations is comprised of the valuation, destruction and
disposal of animals (stamping out), and decontamination of
premises. Stamping out is Australia’s default initial policy for con-
trolling an outbreak of FMD (Animal Health Australia, 2014a). It
is considered the fastest way to reduce viral excretions on IPs and
thus dampen spread. Stamping out is implemented on all IPs, and
potentially on DCPs, subject to risk assessment.

Premises undergoing IP Operations transition through the
following states: cull pending, cull in progress, disposal pending,
disposal in progress, decontamination pending, decontamination
in progress, and resolved. Each jurisdiction has separate pools of
teams for culling, disposal and decontamination. When a pool is
exhausted (i.e., all of the teams are on assignment), pending jobs
are held in a queue. Visits to premises are prioritized based on
premises classification, herd/species priority, herd size, time in
queue, and proximity to an IP. The times required for a premises
to undergo culling, disposal and decontamination are defined by
herd type in the AADIS configuration data.

Vaccination
Vaccination is one of the available options to support stamping
out of an FMD outbreak. The decision to vaccinate and the spe-
cific role of vaccination in an FMD response varies according to
the specific outbreak scenario (Animal Health Australia, 2014a).
Vaccination strategies include:

• Suppressive – vaccination is carried out inside known infected
areas (RAs) in order to suppress virus production in at-risk
and exposed herds to reduce further spread.

• Protective – vaccination is carried out outside known infected
areas in order to protect susceptible animals from infection.

• Mass – vaccination is carried out across a broad area to large
numbers of animals. This strategy could be applied if an
outbreak is not under control and there is a risk of spread
escalating.

AADIS provides two triggers for commencing a vaccination pro-
gram: on a configurable day into the control program, or once
a configurable number of IPs has been declared. AADIS models
all vaccination policies with an annulus of configurable inner and
outer radii. The inner radius is set to zero for suppressive and
mass vaccination. A vaccination annulus is established around
each target IP, and eligible premises inside the annulus are sched-
uled for vaccination. The user can select to only vaccinate around
IPs found on or after the day the vaccination program begins,
or around all new and previously identified IPs. The vaccination
candidates inside each annulus are prioritized according to herd
type, herd size, and proximity to the nearest IP. It is also possi-
ble to omit certain herd types from vaccination. The direction of
vaccination (from the outside in, or from the inside out), is set in
the AADIS configuration data.
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The effect of vaccination is to increase herd immunity (i.e.,
reduce a herd’s susceptibility to infection) over time. When a par-
tially immune herd is exposed to infection, the virus production
profile generated by the EBM reflects that some of the animals
have protective immunity.

As with surveillance and IP operations, the ability to imple-
ment a vaccination program depends on the availability of
resources. Each jurisdiction has a separate pool of vaccination
teams. When a pool is exhausted (i.e., all of the teams are on
assignment), pending jobs are held in a queue. Visits to premises
are prioritized according to herd type, herd size, time in queue,
and proximity to an IP. The time required for a premises to
undergo vaccination is defined by herd type in the AADIS con-
figuration data.

Resourcing
The resources required to manage an emergency animal disease
outbreak include personnel (e.g., veterinarians, animal health
officers, control center staff), equipment (e.g., vehicles), facilities
(e.g., laboratories) and consumables (e.g., vaccine, disinfectant).
Some aspects of disease control and eradication are resource-
intensive and the lack of resources can severely hamper the
response to an outbreak (Matthews, 2011; Roche et al., 2014).
AADIS models the personnel resources required for key opera-
tional activities: surveillance, culling, disposal, decontamination,
and vaccination. As state and territory governments are responsi-
ble for emergency animal disease management within their own
boundaries (Animal Health Australia, 2014a), the teams are orga-
nized into pools by jurisdiction, i.e., each jurisdiction has five
pools. It is anticipated that resource levels ramp up over time, so

initially the pools are small and increase in a linear manner up to
the maximum size. The starting point, duration of the ramp-up
and maximum pool size are defined in the AADIS configuration
data by resource type and by jurisdiction. AADIS tracks the avail-
ability and allocation of resources to provide immediate feedback
as to whether/where the control program is resource constrained
(Figure 5).

Model Implementation

AADIS is implemented in Java (Oracle, 2014) and employs open-
source products such as PostgreSQL (PostgreSQL, 2014) and
OpenMap (BBN, 2014). AADIS runs under either Linux™ or
Windows™ and has an asynchronous software architecture with
concurrency achieved through Java threads. This takes good
advantage of the inexpensive parallelism available on the quad-
core x64 target machine. Although C and C++ are perhaps
more typical language choices for computationally intense appli-
cations, Java offers the advantage of platform-independence and
a rich collection of utility libraries. Parker and Epstein (2011)
describe how the Java-based GSAM pandemic model scales up to
6.5 billion agents distributed across a 32-node high-performance
computing (HPC) cluster.

AADIS is able to run complex disease spread and con-
trol scenarios across the entire Australian population of FMD-
susceptible herds efficiently on a single desktop platform. For
example, a 100-day national outbreak with all disease spread
pathways enabled, all control measures deployed, dynamic
resourcing, report writing, and real-time visualization takes
around 10 s to complete on a quad-core laptop with 16 GB RAM.

FIGURE 5 | Dynamic visualization of outbreak dynamics.
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This is achieved through several strategies including the hybrid
model architecture, asynchronous software architecture, a grid-
based spatial indexing system (in lieu of geospatial Structured
Query Language (SQL) exchanges with the database server),
and lightweight agents. Implementation and performance details
of interest will feature in a future paper. Figure 6 provides a
summary of the AADIS subsystems and the main relationships
between them.

Simulation Flow
AADIS operates in discrete time steps of a day. At the start of a
simulation day, the disease spread components and the control
components access the herd/farm initial conditions for the day.
All components then independently and concurrently proceed
with their daily processing, making various stochastic decisions
on the spread and control of disease. As each component finishes
its daily processing, a set of herd/farm update requests are sent

FIGURE 6 | AADIS subsystems.
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asynchronously to the ABM component scheduler where they
are queued. When all updates have been received, they are col-
lated and submitted to the cohort of herd/farm agents. The new
herd/farm reality is then available for all components at the start
of the next simulation day. This concurrent approach is compu-
tationally efficient and reflects the reality that spread and control
proceed independently and in parallel during an outbreak. The
scheduler arbitrates whenever one or more components attempt
to act upon the same herd/farm on the same day. The arbitra-
tion may be random or rule-based. For example, if the direct and
indirect spread pathways both attempt to infect the same herd on
the same day, then the scheduler randomly selects one pathway
to succeed. On the other hand, if for example, the IP Operations
component and the Vaccination component both attempt to con-
trol the same farm on the same day, then the scheduler always
gives priority to IP Operations.

Configuration Data
AADIS has three levels of configuration:

• Project data for the study at hand includes the herd popula-
tion, weather data, movement patterns and pathogen specific
parameters. This data typically does not change often and may
be large with cross-dependencies. The project data is stored
in a relational database (PostgreSQL, 2014), and any changes
require a database rebuild (which ensures referential integrity).

• Scenario-specific data is stored in a Java properties file that is
persistent across multiple invocations of the model. The data
is stored outside the database and so changes do not trigger a
database rebuild.

• The graphical user interface can be used to make short-term
adjustments of selected configuration data. The changes only
last for the current invocation of the model.

Outputs
As AADIS is a stochastic model, it generates a range of possi-
ble outcomes when run with the same starting parameters. When
modeling a specific scenario, multiple model runs (iterations)
are used to generate a probability distribution of potential out-
comes. Results of individual runs and summaries of groups of
runs are produced. AADIS provides both tabular and graphical
outputs.

Tabular
The formal outputs of an AADIS scenario run are comma-
separated values (CSV) files. These contain a range of metrics at
the herd, farm and scenario level, and are used for subsequent
epidemiological analysis.

Graphical
AADIS provides three modes for visualizing an outbreak in
progress:

• Within-herd spread (EBM) – infected herds are represented as
heat-colored dots reflecting the viral load.

• Between-herd spread (ABM) – infected herds are represented
as color-coded dots reflecting the particular pathway that trig-
gered the infection. There is an option of displaying each path-
way connection as a vector – thus depicting the entire infection
network.

• Control (ABM) – farms are represented as color-coded dots
reflecting the current premises classification.

AADIS provides a range of graphical utilities for the dynamic
display of herd prevalence curves, epidemic curves, convex hull
of infection, controlled areas, traces, resource usage, resource
backlog, and peak resource levels (Figure 5).

Sample Case Study

The following simple epidemiological case study is provided to
illustrate how AADIS can be used to address policy issues.

Outbreak Scenario
The south-east of Australia is an agriculturally intensive area
that has previously been identified as vulnerable to an FMD out-
break (East et al., 2013). The Goulburn Valley is a 14,287 km2

sub-region of Victoria with significant cattle and horticultural
sectors (Regional Development Victoria, 2010). The dairy indus-
try in this region comprises around 3000 farms and accounts for
approximately 13% of Australia’s milk production (Department
of Environment and Primary Industries, 2015). Other livestock-
based sectors in the region include beef, wool, sheepmeat, and
pigs.

We assume FMD is introduced into the Goulburn Valley with
the primary case occurring on a pig farm with a population of
3209 pigs. The farm has 20 neighboring farms within a 3 km
radius. The outbreak occurs in May when the usual cool weather
favors the survival of FMD virus outside a host. Detection of the
index case occurs 21 days after the primary infection. Table 2 lists
some of the key EBM parameter values.

Two strategies for controlling the outbreak were assessed:

(1) Stamping out of infected premises (SO),
(2) Stamping out of infected premises plus suppressive ring

vaccination (SORV).

TABLE 2 | Selected EBM ODE parameters.

Herd type Effective contact Latent period Infectious period

rate (days) (days)

Extensive beef 0.7 2 4

Intensive beef 2 2 4

Feedlot 8 2 4

Mixed beef 2 2 4

Mixed sheep 0.8 2 7

Dairy 6 2 4

Small pigs 6 1 4

Large pigs 8 1 4

Sheep 0.8 2 7

Small holder 2 2 5
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Selected parameter settings for the control strategies are provided
in Table 3. Note that this is a simplification of the model setup as
only a subset of key parameters are described.

Method
The simulation was run 500 times for each control strategy and
the following outputs compared:

• duration of the outbreak (defined as the number of days from
when the index case was declared to when the last infected
premises was resolved)

• cumulative number of infected premises
• cumulative number of culled premises
• cumulative number of culled animals
• cumulative number of vaccinated premises
• cumulative number of vaccinated animals

TABLE 3 | Selected control program parameter settings.

Control parameter Value

National livestock standstill 3 days

Restricted area (RA) Circle of 3 km radius enclosing each IP

Controlled area (CA) Circle of 10 km radius enclosing each IP

Num days to report suspect premises

after clinical signs

0–19 days (herd type-dependent)

Probability of reporting suspect

premises

70–100% (herd type-dependent)

Ratio of false suspect premises

reports to true reports

2.34:1

Forward tracing window 14 days

Backward tracing window 14 days

Time needed for a direct trace 0–4 days (species-dependent)

Time needed for an indirect trace 1–5 days (species-dependent)

Effectiveness of direct tracing 70–100% (species-dependent)

Effectiveness of indirect tracing 70–90% (species-dependent)

Non-compliance with direct

movement controls inside RA

2%

Non-compliance with direct

movement controls inside CA

2%

Reduction of indirect movements

inside RA

15%

Reduction of indirect movements

inside CA

50%

Surveillance visit duration 0.5 day (herd type-dependent)

Max number of surveillance teams 20 Per jurisdiction

Max number of culling teams 20 Per jurisdiction

Max number of disposal teams 20 Per jurisdiction

Max number of decontamination

teams

20 Per jurisdiction

Max number of vaccination teams 200 Per jurisdiction

Days to cull a herd 0.5–14 (herd type-dependent)

Days to dispose a herd 0.5–18 (herd type-dependent)

Days to decontaminate a premises 1–28 (herd type-dependent)

Start of vaccination program Seventh day of the control program

Days to vaccinate a herd 0.5–7 (herd type-dependent)

Vaccination annulus radii (km) 1, 3

Vaccination direction Outside-in

In addition, a simple sensitivity analysis was carried out on
selected parameters under strategy SO.

• time to first detection (7, 14, 21, 28 days)
• duration of the national standstill (0, 3, 7, 10 days)

The test hardware platform was a quad-core laptop with 16 GB
RAM running 64-bit Kubuntu Linux™.

The Stata/IC statistical package (Stata, 2014) was used to anal-
yse the distributions of the key model outputs. Data sets were
imported into Stata and checked for normality. Non-parametric
statistical methods were used throughout this analysis as some
data sets were non-normal and could not be transformed to nor-
mality by standard transformation techniques. The number of
infected premises, outbreak duration, number of culled animals,
number of vaccinated premises and number of vaccinated ani-
mals were analyzed using the Kruskal-Wallis test for compari-
son of multiple independent groups of data. Post hoc analysis
to identify differences between strategies was conducted using
the Kruskal-Wallis test with the significance level adjusted per
the Bonferroni correction for multiple pairwise comparisons.
Model outcomes were expressed as medians with 90% confidence
intervals.

Results
Figures 7–9 provide visualization snapshots at day 21 of run
number 1 (of 500) of the baseline stamping out scenario. Figure 7
shows how within-herd spread is represented as heat-colors
reflecting prevalence levels generated by the EBMof each infected
herd. Figure 7 also illustrates the optional display of the con-
vex hull area of infection, in this case 33 km2. Figure 8 shows
the infection network generated by the ABM, with color-coded
vectors reflecting the particular spread pathway that triggered.
At this stage in the outbreak there is only local (green) and air-
borne (cyan) spread emanating from the primary case pig herd.
Figure 9 shows the outbreak from a disease management point
of view. Despite there being 13 infected herds on day 21, there
is only one known infected premises (red). Figure 9 also shows
two optional popup windows: the prevalence curves for a herd
(in this case the index case), and the epidemic curve depicting
declared infected premises vs. actual infected premises. These
outputs demonstrate the potential of AADIS as a training tool
that provides various visualizations of disease transmission, and
also contrasts a disease manager’s incomplete view of an outbreak
(what is known), with the physical reality (infected herds in the
population).

In this study we investigated the effect of incorporating sup-
pressive ring vaccination into the control program for an FMD
outbreak. Strategy SORV was effective in reducing both the size
and duration of an outbreak when compared to the baseline SO
strategy. There were significantly less IPs, significantly shorter
outbreaks, and significantly less culled animals than stamping out
alone (p < 0.05) (Figure 10 and Table 4). SORV was particularly
effective in reducing the likelihood of a very large outbreak, which
could be an important consideration for a disease manager.

The sensitivity analyses showed that findings are significantly
influenced by the time to first detection. Varying the time to
detection for strategy SO produced strongly correlated changes
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FIGURE 7 | Visualization of within-herd prevalence as heat-colors.

to the number of IPs, outbreak duration, and number of culled
animals (p < 0.05) (Table 4). The findings were less sensitive to
the duration of the national livestock standstill with only a 0-day
standstill and a 10-day standstill producing significantly differ-
ent outcomes (p < 0.05). This suggests that for the outbreak
scenario, there is perhaps not a significant advantage in extending
the default 3-day standstill.

Discussion

An incursion of FMD into Australia would have severe economic
consequences and Australia thus invests heavily in prevention
and contingency planning. The control and eradication of FMD
is challenging due to the complexities of a highly contagious
and multi-host pathogen operating in a heterogeneous environ-
ment across multiple jurisdictions. Models of disease spread and
control are increasingly recognized as valuable tools for inform-
ing policy. Population-based approaches and individual-based
approaches have both been used to model the spread and con-
trol of FMD and inform policy makers and disease managers.
The hybrid approach of AADIS combines the advantages of
population-based and individual-based approaches in order to

efficiently model the spread and control of FMD on a national
scale.

Advantages and Disadvantages of
Population-Based Modeling
Livestock epidemics can occur in highly heterogeneous environ-
ments. Take for example, an outbreak of FMD within an exten-
sive beef production system in a northern Australian jurisdiction,
compared to one in an intensive dairy production system in a
southern Australian jurisdiction. Despite the same pathogen and
the same host species, there are significant differences in live-
stock density, farming practices, market systems and climate.
The probability of disease detection and reporting varies with
the level of contact between owners/inspectors and livestock.
State/territory jurisdictions are responsible for their own dis-
ease control policies and resourcing. This results in distinct dis-
ease spread dynamics and control environments between the two
regions.

Population-based models carry a general assumption of
homogeneous contact rates and susceptibility. In the case of a
compartmental SEIR EBM, individuals within any given com-
partment are indiscernible. The subtle contributions of specific
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FIGURE 8 | Visualization of between-herd spread as an infection network.

individuals to the dynamics of an outbreak are thus lost in
a population-based model. This is a limitation if the popula-
tion and environment being modeled is heterogeneous. Com-
plex environmental systems are typically multi-scale, non-linear
and heterogeneous—characteristics that are ill-suited to an aggre-
gated population-based modeling approach (Bansal et al., 2007;
D’Souza et al., 2009; Parker and Epstein, 2011; Vincenot et al.,
2011a). Although computationally efficient, an EBM can become
complex and less tractable as more variables are factored into
the mathematical abstraction (Miller, 1976; Parunak et al., 1998;
Bobashev et al., 2007).

Advantages and Disadvantages of
Individual-Based Modeling
Individual-based models are better suited to complex environ-
mental systems due to their natural affinity for capturing het-
erogeneity, stochasticity, spatial relationships, social systems and
policy (Hare and Deadman, 2004). The ability to distinguish
between individuals in a population is especially important dur-
ing the initial and final stages of an outbreak (Germann et al.,
2006; Bansal et al., 2007). A data-driven, individual-based mod-
eling approach has proven popular in the field of veterinary

epidemiology with stochastic, spatially-explicit, state-transition
models such as AusSpread, ISP and NAADSM. Individual-based
models tend to be complex with a large number of parameters for
which data may not always be available. Individual-based models
may not scale well for large populations. Consider individual-
based models of human pandemics in populations of millions
or even billions. Such models have considerable computational
requirements and typically require highly parallel platforms such
as HPC clusters (Carley et al., 2006; Germann et al., 2006) or gen-
eral purpose computing on graphics processing units (D’Souza
et al., 2009) and custom software implementations (Parker and
Epstein, 2011).

Advantages of Hybrid Models
Hybrid epidemiological models incorporate a population-based
approach and an individual-based approach into a single model.
Epidemics across a meta-population are multi-scale in the sense
that the mechanisms and rates of within-site spread are distinct
from those of between-site spread. In the case of a livestock
epidemic, once infection is introduced into a farm the rate of
within-farm propagation is dependent on the specifics of the
pathogen and the farm. Factors include the host species, livestock
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FIGURE 9 | Visualization of controlled premises.

FIGURE 10 | Effect of control strategy on outbreak duration, outbreak size, and number of culled animals.
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TABLE 4 | Case study results.

Control Detection Standstill Outbreak Number Number of Number of Number of Scenario

strategy day duration duration of IPs4,5 culled animals4,5 vaccinated farms4 vaccinated animals4 runtime (s)4

(days) (days)3,4,5

SO1 21 3 89 (60–220)a 49 (18–231)a 38,875 (9838–185,996)a 0 0 5.5 (3.3–16.1)

SORV2 21 3 77 (55–129)b 32 (13–95)b 26,388 (7688–118,036)b,c 192 (70–561) 51,102 (15,442–153,972) 4.8 (3.1–9.6)

SENSITIVITY ANALYSIS OF THE TIME TO DETECTION

SO 7 3 73 (51–107)b 20 (9–48)b 13,385 (7201–61,081)b 0 0 3.0 (2.0–4.8)

SO 14 3 78 (57–146)b 32 (14–98)b 19,323 (7448–92,393)b 0 0 4.3 (2.9–8.6)

SO1 21 3 89 (60–220)a 49 (18–231)a 38,875 (9838–185,996)a 0 0 5.5 (3.3–16.1)

SO 28 3 103 (63–380)c 78 (23–732)c 72,275 (13,314–738,018)d 0 0 7.5 (4.0–46.6)

SENSITIVITY ANALYSIS OF THE DURATION OF THE NATIONAL LIVESTOCK STANDSTILL

SO 21 0 90 (61–215)a 53 (19–241)a 45,683 (10,163–208,485)a 0 0 5.6 (3.3–17.0)

SO1 21 3 89 (60–220)a 49 (18–231)a 38,875 (9838–185,996)a 0 0 5.5 (3.3–16.1)

SO 21 7 86 (59–184)a 48 (17–184)a 37,111 (9919–165,532)a 0 0 6.1 (3.9–15.1)

SO 21 10 85 (60–189)a 46 (19–176)a 39,130 (10,754–148,028)a 0 0 5.2 (3.4–13.7)

1 Baseline stamping out policy.
2Baseline vaccination policy (stamping out plus suppressive ring vaccination).
3Time from detection of index case to resolution of final IP.
4Median (90% confidence interval).
5Within each column, values with a different superscript are significantly different.

density, livestock numbers, production system, and biosecurity
measures. The spread of disease between farms is influenced by
more irregular factors such as contact networks between farms
(direct and indirect), market practices, distance between farms
and environmental conditions (including weather).

Bobashev et al. (2007) describe a stage-based hybrid model of
global human influenza that dynamically switches between an
ABM and an EBM based on the number of cases. Within-city
spread is initially simulated by an ABM in order to capture sub-
tle interactions between individuals early in an epidemic. When
a cases threshold is reached, the ABM is halted and a snapshot of
agent states is used as initial conditions for an EBM. Although the
granularity of modeling decreases to population-level, it occurs at
a point in the outbreak when the number of cases is sufficient to
support a population-averaged approach. Moreover, the overall
performance of the model is maintained due to the computation-
ally efficient EBM.When the number of cases in a city falls below
a threshold value, the model switches back to an ABM in order to
capture subtle interactions between individuals as the epidemic
wanes.

Network-based hybrid models employ a multi-scale approach
to modeling the spread of disease across a meta-population. A
population-based model handles the spread of disease within
each meta-population site while an individual-based model han-
dles the spread of disease between sites. An example is provided
by Vincenot andMoriya (2011b) where a system dynamics-based
EBM is used for within-site spread and a contact network is
used for between-site spread. A compartment-based EBM is a
good match for a closed homogeneous site while a data-driven
spatially-explicit individual-based model captures heterogeneity
in the epidemic environment. The edges of a contact network
topology are formed from the potential conduits of disease across
the meta-population. Network-based hybrid models have proven

tractable in the study of human pandemics—driven by local and
international mobility patterns derived from such sources as cen-
sus data, surveys and the International Air Transport Associ-
ation (IATA) database (Bansal et al., 2007; Balcan et al., 2009;
Yu et al., 2010; Parker and Epstein, 2011; Van den Broeck et al.,
2011; Yoneyama et al., 2012). Hybrid models used in the field of
veterinary epidemiology include:

• The Davis Animal Disease Simulation Model (DADS) (Bates
et al., 2003a) and DTU-DADS (Boklund et al., 2013) where
within-herd spread of FMD is modeled with a Reed-Frost
EBM (Fine, 1977), and between-herd spread modeled with a
stochastic spatially-explicit contact network.

• The Netherlands FMD model (Backer et al., 2012) where
within-herd spread is handled by an SEIR-based EBM and
between-herd spread is modeled with a spatial kernel driven
by probabilities derived from the 2001 outbreak in the Nether-
lands.

• Nickbakhsh et al. (2013) where within-flock spread of highly
pathogenic avian influenza (HPAI) is modeled with a SEIR-
based EBM and between-flock spread with a stochastic contact
network.

• LaBute et al. (2014) where within-herd spread of FMD and
HPAI are modeled with a compartmental SIR EBM and
between-herd spread with a spatially-explicit contact network.

How AADIS Differs from other Hybrid Models
AADIS extends the network-based hybrid approach by employ-
ing an event-driven ABM in lieu of a contact network. The
meta-population under study is heterogeneous, reflecting the
multiple species of domestic cloven-hoofed animals that are sus-
ceptible to FMD. The network by which meta-population sites
(i.e., herds) can ‘connect’ is multi-layer, reflecting how FMD
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spreads via direct contact (animal movements between herds and
between herds andmarkets), indirect contact (livestock products,
by-products and fomites) and aerosols.

The AADIS ABM also models the control and eradication of
FMD. Each disease spread pathway and control measure operates
as an autonomous concurrent ‘component’ of the ABM environ-
ment. The decoupled component approach is robust, flexible and
extensible. Components can be added/removed/modified with
minimal impact on other components.

How AADIS Differs from Other Major Models of
FMD Spread and Control
The AADIS EBM predicts a herd’s prevalence and clinical signs
over time based on the pathogen, herd type and herd size. These
values dynamically feed into ABM decisions on the spread of dis-
ease between herds, the probability of detection, and the control
of disease. In its role as an agent in the ABM, a herd reacts to envi-
ronmental events such as culling and vaccination by resolving
the EBM ODE system which in turn yields updated predictions
for prevalence and clinical signs (Figure 3). The decoupling of
within-herd spread and between-herd spread reflects the multi-
scale nature of livestock epidemics (Carpenter et al., 2003; Keel-
ing, 2005). Stochastic state-transition microsimulations such as
AusSpread, ISP and NAADSM simplify intra-farm transmission
as transitions through atomic infection states according to dura-
tions sampled from probability distributions. A state-transition
approach to within-herd spread doesn’t naturally capture the
dynamics of intra-herd transmission. A simple herd state of
‘infectious’ doesn’t distinguish between the infectiousness of a
herd with 1% of the animals infected and that of a herd with
100% of the animals infected. This leads to a loss of prevalence
information that is relevant to between-herd spread, and a loss
of information on clinical signs that influences the detection and
control of disease (Carpenter et al., 2003). It is possible to aug-
ment infection states with transmission probabilities that vary
over time (Stevenson et al., 2013). However, this is less intuitive
than the AADIS organic EBM approach. An architectural advan-
tage of decoupling within-herd spread and between-herd spread
is that alternative EBMs can be readily employed as required for
the specific pathogen under study. This is awkward to accomplish
when intra-herd spread and inter-herd spread are tightly cou-
pled in a pure individual-based model such as a state-transition
microsimulation.

Other distinguishing functional features of AADIS include:

• The configuration and deployment of control measures are
decentralized to the separate state/territory jurisdictions. This
permits realistic modeling of an epidemic that may spread
across borders and require control at the jurisdictional level.

• The resources available for disease control and eradication
are configurable by jurisdiction. This improves model real-
ism as resource levels and priorities may vary considerably
between jurisdictions. The AADIS ABM also allows resource
requirements to emerge from a scenario as opposed to a
top-down modeling approach that prescribes resourcing lev-
els ahead of time. The inclusion of false positive suspect
premises reports and traces provides more realistic modeling

of surveillance as it reflects how resources are consumed
regardless of the result of a surveillance visit.

• AADIS provides detailed graphical visualization modes that
allow a user to dynamically view an outbreak unfolding in ‘real’
time. The graphical user interface allows a user to interact with
an epidemic, for example to pause a scenario and view details
of any herd/farm in the population. It is also possible to manu-
ally adjust the declared state of any farm. AADIS has potential
as not only a predictive tool that informs policy, but also as a
vivid training tool for disease managers.

• The multi-threaded asynchronous AADIS architecture offers
significant performance improvements over a single-threaded
state-transition approach. As all AADIS spread and control
tasks proceed concurrently the length of a simulation day is
only limited by the longest individual task. Computational effi-
ciency is an important consideration for a stochastic model of
national-scale as complex scenarios are re-run hundreds if not
thousands of times to allow trends to emerge.

• Most of the current microsimulation models use a farm as the
epidemiological unit of interest. AADIS’s use of the herd cap-
tures heterogeneity in the spread of disease involving farms
with co-located but separately managed herds, for example
mixed beef/sheep farms.

• The national set of herds can be viewed abstractly as nodes in a
network (Dube et al., 2011; Noremark et al., 2011). A network
topology forms over time when spread pathways trigger and
create edges (Figures 2, 8). The topology takes the form of a
directed acyclic graph, until such time as recovered herds lose
their immunity. Network paths can subsequently be traversed
forward to determine the downstream impact of an infected
herd, and backward to trace the historical infection route. The
network topology thus captures the spatiotemporal history of
the simulated epidemic. The infection network can be math-
ematically analyzed to identify topological features of interest
such as sinks and spreaders.

It should be noted that specific functional advantages of
one model over another can be short-lived. Models such as
AusSpread, ISP, NAADSM, DADS, DTU-DADS, and the Nether-
lands model (Backer et al., 2012) are active and continue to
evolve. The principle innovation of AADIS is perhaps archi-
tectural, i.e., the movement away from the state-transition
microsimulation approach of AusSpread, ISP and NAADSM
to a hybrid EBM/ABM model. Network-based hybrid mod-
els tend to have single species meta-population and single
layer contact network. AADIS expands this genre of models
to a multi-species meta-population and a multi-layer contact
network.

Limitations
The realism of data-driven models of disease spread hinges
on the quality of the underlying data. This includes popula-
tion data, contact structures, environmental data and pathogen
data. Inadequate data can be replaced with assumptions/expert
opinion but this has the potential to introduce bias into a
model. In countries such as Australia where agriculture is of
great importance to the economy, there is increasing availability
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of spatially-based data on livestock and livestock products. An
example is the National Livestock Identification System (NLIS)
which tracks livestock from property of birth to place of slaugh-
ter/export (Meat and Livestock Australia, 2011). The NLIS
database is a rich source of livestock movement data and takes
into account species, production system and region. For AADIS
to be used in a jurisdiction with a paucity of data, the spread and
control components would need to be simplified. For example, a
complex spread pathway based on animal movement data could
be replaced with a simple distance kernel-based spread module.

AADIS has extensive configuration data spread across 40
tables in a relational database and three ASCII configuration files.
This allows for detailed configuration of a heterogeneous envi-
ronment and population, and pathogen under study. A result
of this complexity is that the parameterization of the model
requires a good understanding of the epidemiological system
being modeled.

An artifact of the concurrent architecture adopted by AADIS
is that thread scheduling arbitrarily influences the order that
components request random numbers. This means that it is not
possible to replay scenarios by specifying the pseudo-random
number generator seed (and thus control the stream of random
numbers used to sample from probability distributions). The
ability to control the random number stream makes a stochastic
model temporarily deterministic, and allows specific aspects of a
scenario to be isolated. For example, a specific control measure
such as vaccination can be varied and the impact on the scenario
outcome directly observed (in the absence of variability intro-
duced through stochasticity). The implication of this for AADIS
is that a greater number of scenario runs may be required before
results converge.

Concluding Remarks
Disease managers have to take into account technical, socio-
political, economic and logistical issues when developing policies
for disease control. Often there are conflicting objectives to bal-
ance, for example, to eradicate the disease as soon as possible and
regain export markets, while minimizing the costs of control and
compensation, and reducing impacts on other industries. Epi-
demiological modeling is emerging as an important contributor
to the complex task of policy development.

Population-based models represent the spread of disease in
a closed homogeneous population in a concise and computa-
tionally efficient manner. Individual-based models have a natural
affinity for incorporating stochasticity, population heterogeneity,
spatial effects, social factors and jurisdictional differences. This
flexibility and realism has led to a strong interest in microsim-
ulations for the purposes of informing official policy on dis-
ease control. Hybrid models have the modeling advantages of an
individual-based approach but are also computationally efficient,
which is particularly important when dealing with large livestock
populations. The AADIS assumption that a herd is homogeneous
is reasonable given that livestock are typically managed as sin-
gle species cohorts that share a single contact network whilst on
a farm. The AADIS SEIR-based EBM provides computationally
efficient and adaptive predictions of herd prevalence and clinical
signs over time. The AADIS ABM is well-suited to the complex,

stochastic and heterogeneous environment in which an FMD
epidemic operates.

There is an increasing availability of livestock movement and
marketing data (including spatially-referenced data), through
livestock identification, and tracing systems. This allows data-
driven disease models such as AADIS to realistically simulate
production system dynamics and contact structures.

The AADIS asynchronous hybrid EBM/ABM architecture has
thus far shown itself as a flexible, efficient and extensible frame-
work for modeling the spread and control of FMD in livestock on
a national scale.
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a b s t r a c t

Agent-based models (ABMs) are well suited to representing the spatiotemporal spread and control of
disease in a population. The explicit modelling of individuals in a large population, however, can be
computationally intensive, especially when models are stochastic and/or spatially-explicit. Large-scale
ABMs often require a highly parallel platform such as a high-performance computing cluster, which
tends to confine their utility to university, defence and scientific research environments. This poses a
challenge for those interested in modelling the spread of disease on a large scale with access only to
modest hardware platforms.

The Australian Animal DISease (AADIS) model is a spatiotemporal ABM of livestock disease spread and
control. The AADIS ABM is able to complete complex national-scale simulations of disease spread and
control on a personal computer. Computational efficiency is achieved through a hybrid model archi-
tecture that embeds equation-based models inside herd agents, an asynchronous software architecture,
and a grid-based spatial indexing scheme.

© 2015 Elsevier Ltd. All rights reserved.

1. Introduction

Mathematical models of disease spread have been in use since at
least the 18th century (Dietz and Heesterbeek, 2002). An example is
a Susceptible, Exposed, Infectious and Recovered (SEIR) compart-
mental equation-based model (EBM) that uses a system of ordinary
differential equations (ODEs) to predict infection state proportions
in a population over time (Keeling and Rohani, 2008). The popu-
lation is dynamically disaggregated into the SEIR compartments;
however, individuals within any particular compartment are
indistinguishable. Models such as this are termed population-
based, in that top-down population-level relationships provide
insight into individual-level states. Population-based models can
be concise and computationally efficient, but generally assume
homogeneous contact rates and susceptibility, i.e., individuals mix
uniformly and randomly, and have an equal likelihood of con-
tracting a disease. The homogeneous 'well-mixed' assumption of an
aggregated population-based model is a limitation if the popula-
tion is heterogeneous and mixes heterogeneously (Hethcote, 2000;

Keeling et al., 2001; Kitching et al., 2006; Bansal et al., 2007; Grassly
and Fraser, 2008).

Agent-based models of disease spread are formulated from the
bottom-up, whereby population-level relationships emerge
organically from the aggregation of individual-level behaviours.
Agent-based models are well suited to capturing population het-
erogeneity, stochasticity, spatial relationships, adaptivity, social
systems and policy elements (Parunak et al., 1998; Davidsson, 2001;
Hare and Deadman, 2004; Crooks and Heppenstall, 2012). The
explicit modelling of individuals in a population, however, can be
computationally intensive, especially for large populations.
Computational efficiency is important for models that employ
Markov chainMonte-Carlo (MCMC)methods (Hamra et al., 2013). A
stochastic model may be called upon to re-run a scenario with the
same initial conditions thousands of times to allow trends to
emerge from the underlying probabilistic mechanisms (Driels and
Shin, 2004). Spatiotemporal models have additional computa-
tional challenges of efficiently managing spatial objects, spatial
relationships and spatial queries (Kennedy et al., 2009). Large-scale
agent-based models can require custom software implementations
(Parker and Epstein, 2011), and highly parallel platforms such as
high-performance computing (HPC) clusters (Carley et al., 2006;
Germann et al., 2006) or general purpose computing on graphics
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processing units (Lysenko and D'Souza, 2008; D'Souza et al., 2009;
Welch et al., 2014). Access to HPC clusters is largely in the hands of
university, defence and scientific research organisations. This poses
a challenge for those interested in modelling the spread of disease
efficiently on a large scale with access to only standard hardware
platforms.

Epidemiological models are used in Australia to support plan-
ning and policy development for exotic animal diseases such as
foot-and-mouth disease (FMD) (Garner et al., 2007, 2014; Roche
et al., 2014). FMD is a highly contagious disease of cloven-hoofed
animals that significantly impacts livestock production and trade
in livestock and livestock products (Buetre et al., 2013). Modelling
the spread and control of FMD is complex as the virus has multiple
serotypes, and spreads via multiple pathways (direct contacts, in-
direct contacts and aerosol plumes), to multiple host species
(including cattle, sheep, goats and pigs). The environment of a
potential outbreak is also complex as there is considerable het-
erogeneity in Australian livestock production systems, market
systems, geography and climate (Animal Health Australia, 2014a).
Further, disease control in Australia is managed by the individual
states and territories (Animal Health Australia, 2014b), so for na-
tional planning purposes, a model needs to handle jurisdictional
differences in the implementation of control programs. AusSpread
is a spatially-explicit, farm-based state-transition microsimulation
developed by the Australian Department of Agriculture and Water
Resources to study FMD (Garner and Beckett, 2005). It is based on
the MapBasic/MapInfo geographic information system (GIS) plat-
form (Pitney Bowes, 2015). Runtime constraints limit AusSpread's
practical use to studying disease at a regional level.

The Australian Animal DISease (AADIS) model is a national-scale
epidemiological model developed by the Australian Department of
Agriculture and Water Resources (Bradhurst et al., 2013, 2015). The
AADIS model is written in Java (Oracle, 2015), and employs open-
source products such as OpenMap (BBN, 2015), PostgreSQL
(PostgreSQL, 2015) and SQL Power Architect (SQL Power Group,
2015). A national-scale epidemiological model must be computa-
tionally efficient while addressing the needs of disease managers in
terms of capturing the disease epidemiology, regional variability in
transmission (for example, due to different livestock movement
patterns, production systems and climates), and jurisdictional ap-
proaches to control. In this paper we present the key design fea-
tures that allow the AADIS model to run complex national-scale
simulations efficiently on a personal computer: a hybrid agent-
based model (ABM) architecture that embeds EBMs inside herd
agents; an asynchronous software architecture that features light-
weight agents in an active concurrent environment; and grid-based
spatial indexing. We describe the performance gains achieved
through the use of uniform grid-based spatial indexing instead of
R-Tree-over-GiST spatial indexing provided in the PostGIS (OSGeo,

2015) extension to PostgreSQL. We also compare the runtime per-
formance of the AADIS ABM with the AusSpread microsimulation
and discuss some advantages and disadvantages of concurrent
processing over the sequential approach taken by many micro-
simulations such as AusSpread.

2. Material and methods

2.1. Hybrid model architecture

The main Australian industries vulnerable to an FMD outbreak
are beef, dairy, wool, sheep meat, and pigs. This implies an FMD-
susceptible national population in excess of 100 million animals
(Australian Bureau of Statistics, 2014). It is possible to derive real-
istic individual-based contact networks from identification and
tracing systems such as the Australian National Livestock Identifi-
cation System (Meat and Livestock Australia, 2014). Australian
cattle, for example, undergo mandatory tagging with a radio fre-
quency identification ear tag or rumen bolus that facilitates per-
animal tracking from property of birth to place of slaughter/
export. It is, however, computationally infeasible for a personal
computer to accommodate an ABM with 100 million agents. The
AADIS ABM, instead, employs the herd as the modelling unit of
interest, yielding a national population of approximately 236,000
FMD-susceptible herds. This is a reasonable simplification as live-
stock are typically managed as single-species herds that effectively
share a single contact network whilst on a farm (Kostova-
Vassilevska, 2004). A herd is assumed to be homogeneous with
respect to species and farming practices, and well-mixed from a
disease transmission point of view. This implies that any one
member of a herd has the same likelihood of contracting a disease
as any other member. The number of animals in a herd is simplified
to be constant over time, that is, births and incoming consignments
are assumed equivalent to natural deaths and outgoing consign-
ments. Modelling the spread of disease on a per-herd basis captures
heterogeneity within multi-species farms. For example, farms that
manage both sheep and cattle can be modelled as comprising
multiple independent herds with distinct disease dynamics and
animal management practices. An example national dataset of
FMD-susceptible herd and farm types is presented in Table 1.

Each herd agent has an embedded ODE-based SEIR EBM that
deterministically predicts the infected, infectious and clinical
prevalence of the herd over time. The parameterisation of the EBM
ODE system is dependent on the strain of FMD, the relative infec-
tiousness and susceptibility of the species, and the production
system (which influences the degree of contact between animals).
Modelling the spread of disease within a herd deterministically is
reasonable for such a highly contagious disease as FMD, that once
introduced into a susceptible herd will typically progress

Table 1
Farm and herd types used in the AADIS ABM.

Farm type Number of farms Number of animals mean
(min e max)

Herd type Number of herds

Extensive beef 1331 1909 (1200e46,575) Extensive beef 3993
Intensive beef 51,383 280 (30e7436) Intensive beef 51,383
Feedlot 508 1825 (100e39,963) Feedlot 508
Mixed beef/sheep 21,556 242 (30e5700) Mixed beef 21,556

Mixed sheep 21,556
Dairy 8675 298 (40e2742) Dairy 8675
Small pigs 1873 244 (40e4850) Small pigs 1873
Large pigs 333 4922 (1000e17,896) Large pigs 333
Sheep 22,150 1649 (20e44,000) Sheep 22,150
Small holder 103,641 5 (1e14) Small holder 103,641
Total 202,775 235,668
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unchecked (Meyer and Knudsen, 2001; Carpenter et al., 2003). The
SEIRODE-based EBMwas chosen as it is well-understood and easily
solved using standard numerical techniques (Cash and Karp, 1990).
An ODE-based EBM is computationally efficient as the system is
solved once to yield compartmental proportions over the entire
solution interval. The solution remains in place up until an external
ABM event (such as culling or vaccination), acts upon the herd
agent. For example, if a herd is vaccinated the EBM reacts by
resolving the ODE system to reflect increasing levels of immunity
from the day of inoculation through to effective immunity. The EBM
thus adapts and provides a dynamic representation of within-herd
prevalence.

A herd is both a population for the purposes of within-herd
disease spread and an individual agent for the purposes of
between-herd disease spread. The EBM-generated predictions of
infected, infectious and clinical prevalence over time, feed into ABM
decisions on the spread of disease between herds and the control of
disease. The AADIS ABM environment is comprised of disease
spread pathways (direct, indirect, local, airborne, saleyard), and
control measures (detection of the first infected premises, move-
ment restrictions, surveillance, tracing of direct/indirect move-
ments on/off an infected premises, reporting of suspect premises,
culling, disposal and disinfection of infected premises, and vacci-
nation) (Bradhurst et al., 2015). The spread pathways and control
measures can be thought of as components of the ABM environ-
ment. Each component operates independently which in turn
provides flexibility for the modeller. Individual components can be
disabled/enabled/modified with minimal impact on other compo-
nents. For example, the five discrete spread pathways can be
seamlessly replaced with a single jump diffusion spread pathway.

Epidemics are multi-scale when the mechanisms and rates of
disease spread within a sub-population are distinct from those
between sub-populations (Carpenter et al., 2003; Balcan et al.,
2010). Whereas the spread of disease within a homogeneous herd
is governed by species, pathogen and production system, the
spread of disease between farms is influenced by more heteroge-
neous and irregular factors such as contact networks, market
practices, distances between farms, geography and weather. The
AADIS hybrid model architecture captures this by decoupling the
EBM and ABM spreadmechanisms. The ABM simply requires a herd
agent's EBM to predict infected, infectious and clinical prevalence
over time. This means that alternate EBMs such as the Reed-Frost
approach (Bates et al., 2003), can be employed with minimal
impact on the ABM.

2.2. Asynchronous software architecture

An ABM is comprised of autonomous agents that interact with
each other, and with an environment. The relative complexity of
the agents and the environment depends on themodelling domain.
An ABM environment can be as simple as a two-dimensional lattice
or as complex as a nation. An agent can be as simple as a cell, or as
complex as the resident of a large city. A livestock epidemic exists in
a complex, heterogeneous and irregular environment with respect
to climate, geography, biosecurity levels on individual farms, pro-
duction systems, market systems, jurisdiction-dependent disease
control policies and resourcing. In a similar spirit to Claude Ber-
nard's counter to Louis Pasteur's germ theory, that the 'pathogen is
nothing, the terrain is everything' (Longmore et al., 2014), an agent
outside the context of an environment is 'effectively useless' (Odell
et al., 2003). If the environment is ‘removed’ from an outbreak all
that is left is a disconnected meta-population of susceptible herds
that will never interact with virus carrying animals, plumes or fo-
mites, and thus never become infected. The importance of the
outbreak environment is reflected in the AADIS ABM design with a

detailed environment that is spatial, stochastic, active and con-
current, and herd agents that are simplified and lightweight. The
components of the AADIS ABM environment have independent
threads of execution and operate concurrently. The AADIS ABM
simulates the spread and control of disease in discrete time steps of
a day.

The need for agent autonomy in an ABM often leads to a soft-
ware implementation where each agent has a separate thread of
execution. This approach, however, does not scale well for large
populations as platform thread/process limits are quickly reached
(Bellifemine et al., 2001; Shi et al., 2014). In the absence of a spe-
cialised parallel hardware platform it is simply not feasible for a
model to have large numbers of threads/processes. Strategies for
handling large populations include lightweight agents that share
pools of threads (Kim et al., 2007), custom memory management
(Parker and Epstein, 2011), and aggregated 'super-individuals'
(Parry and Evans, 2008). Each herd agent in the AADIS ABM has
autonomous state and logic but is not threaded. At the start of a
simulation day the ABM environment components independently
and concurrently proceed with their daily processing, making
various stochastic decisions on the spread and control of disease
amongst the herd population. During this phase the cohort of herd
agents is read-only. As each component finishes its daily processing
a set of herd/farm update events are sent asynchronously to the
ABM ‘scheduler’ where they are queued. When all updates for the
day have been received they are collated and submitted to the
cohort of herd agents. All herd agent updates are processed on the
ABM scheduler's thread of execution. If, for example, a herd agent
receives a vaccination message it reacts by resolving its EBM ODE
system which yields updated within-herd prevalence predictions.
Once all the queued herd/farm updates have been processed the
new herd/farm reality is released back into the environment for the
start of the next simulation day.

As the environment components are independent and concur-
rent it is inevitable that at some stage one or more components will
attempt to act upon the same herd/farm on the same day. In such
cases it is the job of the ABM scheduler to arbitrate and choose a
particular update to succeed. The arbitration may be random or
rule-based. For example, if the direct and indirect spread pathways
both attempt to infect the same herd on the same day then the
scheduler randomly selects one pathway to succeed. On the other
hand, if for example, the culling component and the vaccination
component both attempt to control the same farm on the same day,
then the scheduler always gives priority to culling.

There are parallels between the AADIS ABM architecture and the
blackboard design pattern that is sometimes employed in artificial
intelligence applications (Corkhill, 1991; Buschmann et al., 1996).
The blackboard pattern stems from the analogy of multiple pro-
fessors (knowledge sources), working on a complex problem and
sharing a single chalkboard. Each professor works independently
on a sub-problem specific to their individual specialisation. Whilst
individual professors cannot solve the greater problem alone, the
iterative sharing of partial solutions on the blackboard contributes
to the group's overall understanding of the problem. In a similar
vein, each ABM component is an independent source of knowledge
for a specific aspect of an epidemic. The cohort of herds/farms is the
'blackboard' from which the ABM knowledge sources obtain their
view of the epidemic ‘problem’. ABM components work indepen-
dently and concurrently on a sub-problem of the epidemic with no
knowledge of, or assistance from, other components, and iteratively
contribute daily ‘partial solutions’ onto the blackboard. The ABM
scheduler is the blackboard 'controller' and arbitrates when com-
ponents submit conflicting partial solutions. Over time, a solution
to the greater problem emerges on the blackboard. In the case of a
livestock epidemic, the emergent solution is the spatiotemporal
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spread and control of disease in the population of herds/farms.

2.3. Grid-based spatial indexing

The AADIS ABM is data-driven and makes constant and inten-
sive use of the underlying data. This includes the national herd
population of FMD-susceptible livestock, livestock movements,
weather data, pathogen specific transmission characteristics, con-
trol measures, and resources (Bradhurst et al., 2015). The compo-
nents of the AADIS ABM environment issue a range of spatial
queries involving herds, farms, weather stations, saleyards and
jurisdiction-based regions. Examples of spatial queries are: 'locate
all susceptible herds within 3 km of a specific infected herd', and
'calculate the distance and bearing between an infected herd and a
specific susceptible herd'. Incorporating spatially-referenced data
enhances the realism of a model, but this comes with increased
computational complexity. Efficiently managing spatial objects,
spatial relationships and spatial queries in a large-scale simulation
model can be challenging. One-dimensional indexing techniques
such as primary and secondary keys do not extend naturally to
higher-dimensional geographic data (Guttman, 1984). A spatial
query may involve data not explicitly stored in the database, for
example, the intersection of spatial objects (Samet, 1995). In the
absence of some form of spatial indexing, spatial queries can result
in the sequential scanning of database records. The performance of
spatially-based models then becomes heavily dependent on the
size of the underlying population.

The AADIS ABM employs an in-memory database in conjunction
with a custom grid-based spatial index scheme to efficiently handle
spatial queries over the national population of FMD-susceptible
herds. During model initialisation all data are retrieved from a
disk-based relational database (PostgreSQL, 2015), and cached in a
simple custom in-memory database. Records can be fetched from
the cache based on primary and secondary keys. This provides

indexed data access in terms of microseconds rather than in terms
of milliseconds through Structured Query Language (SQL) ex-
changes with the PostgreSQL server. Also during model initialisa-
tion, a national grid is created based on configurable latitude and
longitude boundaries, and cell dimensions (default 10 km� 10 km).
In effect, a cellular automata-style lattice is superimposed over the
continuous geographical environment (Fig. 1).

The grid cells are numbered in row-major order and each herd is
assigned a home grid cell according to its latitude and longitude.
Fig. 2 depicts the Moore neighbourhood with radius r ¼ 1
(Weisstein, 2015) of cell ID 13. The red (in the web version) dots
represent herds located in the cells.

A grid lookup table (Fig. 3) is constructed that maps the ID of
each populated cell to a list of the constituent herd IDs. The empty
cells contain Java null references and are effectively just place-
markers in the addressing scheme described herein.

As the cells are uniformly sized and the IDs contiguous, the
Moore neighbourhood for any cell is derived through simple
arithmetic on the cell ID. For any cell ID i, the cell IDs of the im-
mediate Moore neighbourhood (r ¼ 1) are given by:

west ið Þ ¼ i� 1 1< i � n; imodðcÞs1ð Þ (1)

east ið Þ ¼ iþ 1 1 � i<n; imodðcÞs0ð Þ (2)

northðiÞ ¼ i� c ðc< i � nÞ (3)

south ið Þ ¼ iþ c 1 � i � n� cð Þ (4)

northwest ið Þ ¼ i� c� 1 c< i � n; imodðcÞs1ð Þ (5)

northeast ið Þ ¼ i� cþ 1 c< i � n; imodðcÞs0ð Þ (6)

Fig. 1. AADIS dynamic outbreak visualisation with optional display of the grid used for spatial indexing.
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southwest ið Þ ¼ iþ c� 1 1 � i � n� c; imodðcÞs1ð Þ (7)

southeast ið Þ ¼ iþ cþ 1 1 � i � n� c; imodðcÞs0ð Þ (8)
where

n ¼ number of cells in the grid
c ¼ number of columns in the grid

Equations (1)e(8) are used as primitives to obtain the IDs of cells
in the extended Moore neighbourhood (r > 0). For example, the
northerly neighbours of cell i within radius r are determined by
simply iterating over r in a northerly direction:

create a list to hold the neighbouring cell IDs;

int neighbour = i;

for (int row = 0; row < r; row++) {

neighbour = north(neighbour);

add neighbour to the list;

}

Consider, for example, the spatial query ‘find all herds within x
km of a particular infected herd’. The grid-based spatial indexing
scheme addresses this with a blend of table lookups and simple
arithmetic:

1) An extended Moore neighbourhood is defined for the home cell
of the infected herd that fully encloses the circular search area
(Fig. 4). The required radius r of the neighbourhood is easily
determined as the cells are uniform.

2) The herd IDs corresponding to all cells in the Moore neigh-
bourhood of radius r are retrieved from the grid lookup table.

3) The herds that lie outside the circle but inside the Moore
neighbourhood are discarded from the set. Distances between
herds are dynamically calculated using the Haversine formula
on the points of latitude and longitude (Williams, 2011).

4) The set of candidate herd IDs is returned to the client. The client
then uses the herd IDs to retrieve herd data as required from the
herd table in the in-memory database.

2.4. Evaluation of performance gains

Two studies were conducted to assess the computational effi-
ciency of the AADIS ABM. Firstly, the spatial query response time of
the grid-based spatial indexing scheme was compared with an R-
Tree-based spatial indexing scheme. Secondly, the scenario run-
time performance of the AADIS ABM was compared with the
AusSpread microsimulation in the context of a regional simulation
of FMD spread and control.

2.4.1. Comparison of grid-based and R-Tree-over-GiST spatial
indexing

The response time of spatial queries using grid-based spatial
indexing was compared to that of the R-Tree-over-GiST (General-
ised Search Tree) spatial indexing provided in the PostGIS extension
to PostgreSQL. When the AADIS ABM (optionally) employs R-Tree-

Fig. 2. Visualisation of the Moore neighbourhood for a cell.

Fig. 3. The grid lookup table maps grid cell IDs to lists of herd IDs.

Fig. 4. Moore neighbourhood enclosing a spatial query search radius.
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over-GiST spatial indexing, PostGIS geometric point objects are
precomputed for each herd and spatial queries are carried out via
SQL exchanges with the PostgreSQL server. When the AADIS ABM
employs grid-based spatial indexing, the location of a herd is
defined by a point of latitude and longitude, and the PostgreSQL
database is not involved in spatial queries. R-Tree-over-GiST spatial
indexing was used as a baseline for assessing the performance and
scalability of the grid-based spatial indexing system. To illustrate
the importance of spatial indexing, the response time of PostGIS
spatial queries with no spatial indexing was also recorded.

The test scenario was a 21-day uncontrolled outbreak of FMD
starting in a medium-sized pig herd. The scenario was run 100
times for each of the three spatial query approaches (no spatial
indexing, R-Tree-over-GiST and grid-based). This was repeated
across 10 herd populations ranging from 21,617 up to 235,668 FMD-
susceptible herds. The test hardware platform was a quad-core
laptop with 16 GB RAM, running 64-bit Kubuntu Linux™. The

Stata/IC statistical package (Stata, 2015) was used to check for sig-
nificant differences between the following model outputs for each
of the three spatial indexing methods:

� total number of infected premises,
� number of infections by disease spread pathway (direct, indi-
rect, local, saleyard, airborne),
� size of the infected area based on the convex hull of all infected
premises.

Data sets were imported into Stata and checked for normality.
Non-parametric statistical methods were used throughout this
analysis as some data sets were non-normal and could not be

Fig. 5. Spatial indexing vs. no spatial indexing.

Fig. 6. R-Tree-over-GiST vs. grid-based spatial indexing.

Fig. 7. Mean scenario run times for R-Tree-over-GiST vs. grid-based spatial-indexing.

Fig. 8. Effect of spatial indexing method on the number of infected premises.
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transformed to normality by standard transformation techniques.
The number of infected premises, convex hull area, spatial query
response time, and scenario run time were analysed using the
KruskaleWallis test for comparison of multiple independent
groups of data. Post hoc analysis to identify differences between
strategies was conducted using the KruskaleWallis test with the
significance level adjusted per the Bonferroni correction for mul-
tiple pairwise comparisons. The proportions of disease spread by
each of the five spread pathways were compared using Pearson's
chi-squared test. Results are presented as box plots (Figs. 7e9),
where a box represents the interquartile range, the horizontal line
inside the box represents the median value, and the whiskers
represent the extents of the 95% probability interval.

2.4.2. Comparison of the AADIS ABM with the AusSpread
microsimulation

The AADIS ABM herd dataset was temporarily reduced from
235,668 to 42,217, corresponding to the livestock population of the
state of Victoria. FMD was introduced into five herds of different
types (small pig, medium pig, dairy, sheep and beef), and allowed to
spread up until fixed detection on the 21st day. At this point the
standard Australian control measures for an FMD outbreak were
applied per the Australian Veterinarian Emergency Plan (AUSVET-
PLAN) (Animal Health Australia, 2014b). These include:

� The establishment of a national livestock standstill that imposes
total movement controls on all species susceptible to FMD for a
minimum of three days.
� Quarantine and movement controls of animals, animal products
and fomites in declared areas in order to minimise the spread of
infection. A ‘restricted area’ (RA) of minimum radius 3 km is
established around each ‘infected premises’ (IP) and ‘dangerous
contact premises’ (DCP). An RA imposes the highest levels of
surveillance and movement controls. A ‘control area’ (CA) of
minimum radius 10 km is also established around each IP and
DCP. A CA is intended to be a disease-free buffer between the
(known-to-be infected) RAs and (the believed to be uninfected)
areas outside the controlled areas. A CA imposes lower levels of
surveillance and movement controls than an RA.
� Tracing and surveillance to determine the source and extent of
infection. A ‘trace premises’ (TP) is a temporary classification for
a premises that has been identified through tracing has having
been potentially exposed to the FMD virus, and is awaiting
surveillance. A ‘suspect premises’ (SP) is a temporary classifi-
cation for a premises that has been reported as containing
susceptible animal(s) that are exhibiting clinical signs consistent
with FMD, and is awaiting surveillance.
� Valuation and destruction of animals on IPs and potentially on
DCPs.
� Disposal of destroyed animals and infected animal products, and
decontamination of depopulated premises. An IP is re-classified
as a ‘resolved premises’ (RP) when all IP operations have been
completed.

Each of the five scenarios was run 1000 times under the AADIS
ABM and 100 times under AusSpread, and the following outputs

Fig. 9. Effect of spatial indexing method on the area of infection.

Fig. 10. Effect of spatial indexing method on disease spread mechanism.

R.A. Bradhurst et al. / Environmental Modelling & Software 77 (2016) 1e12 7



compared:

� average runtime per iteration,
� duration of the outbreak (defined as the simulation day when
the last infected premises was declared),
� cumulative number of infected premises,
� cumulative number of culled premises.

The test hardware platformwas a quad-core desktop with 16 GB
RAM, running 64-bit Microsoft Windows 7™. Results are presented
as box plots (Figs. 11 and 12), where a box represents the inter-
quartile range, the horizontal line inside the box represents the
median value, and the whiskers represent the extents of the 95%
probability interval.

3. Results

3.1. Spatial indexing comparison

Fig. 5 illustrates that the mean response time of spatial queries
in the absence of spatial indexing was O(n), i.e., linearly dependent
on the size n of the population. This is because each spatial query
triggered a sequential scan over all herd records. Fig. 5 also shows
how R-Tree-over-GiST spatial indexing improved the mean
response time of spatial queries to O(log n). Fig. 6 illustrates how
the AADIS ABM grid-based spatial indexing scheme provided
approximately an eight-fold improvement in the mean spatial
query response time over R-Tree-over-GiST spatial indexing, and
was less sensitive to the size of the herd population. The whiskers

Fig. 11. AADIS ABM vs. AusSpread microsimulation: outbreak duration.

Fig. 12. AADIS ABM vs. AusSpread microsimulation: number of infected premises.
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in Figs. 5 and 6 are error bars and represent ±one standard devia-
tion of the mean value.

Fig. 7 illustrates how grid-based spatial indexing provided a
three-fold improvement in the mean runtime of a 21-day outbreak
across all population sizes, compared with R-Tree-over-GiST spatial
indexing. Over the course of 100 iterations of a 21-day outbreak
across the national herd population, approximately 80,000 spatial
queries were made. The runtime performance of the AADIS ABM
was highly dependent on the response time of spatial queries. The
simulation took 3 h to run when spatial indexing was not
employed, 10 min when R-Tree-over-GiST spatial indexing was
used, and 3 min when grid-based spatial indexing was used.

The effects of spatial indexing method on outbreak metrics are
shown in Figs. 8e10. There were no significant differences
(p > 0.05) in total number of infected premises, spread pathway
mix, and size of the infected area.

3.2. AusSpread comparison

The AADIS ABM and the AusSpread microsimulation produced
broadly similar outbreaks for each of the five scenarios (Table 2,
Figs. 11 and 12). Minor outcome variations between the twomodels
were to be expected given the differences in the way the spread of
disease within a herd/farm is handled. The AADIS ABM explicitly
models within-herd spread with an SEIR mass-action EBM that
takes into account herd type and size. The probability of trans-
mission for an infectious consignment depends on the prevalence
of the source herd and the consignment size. AusSpread on the
other hand does not explicitly model the spread of disease within a
farm. An infected farm transitions through atomic infection states
according to durations sampled from probability distributions.
Relative infectivity varies over time according to a simple step
function that applies to all farm types, and does not take outgoing
consignment size into account. Therewas greater statistical error in
the AusSpread results, with the sampled mean number of IPs
within 18%, 126%, 15%, 12% and 34% respectively of the theoretical
population means (with 95% confidence). The AADIS ABM on the
other hand generated sample means that were within 12%, 9%, 9%,
14% and 12% respectively of the theoretical population means. This
can be explained in terms of the number of runs completed per
scenario for each of the models e 100 for AusSpread and 1000 for
the AADIS ABM. The convergence of the AusSpread results would
have improved with increased runs; however, the slow runtime
effectively precluded this.

The key result (from a computational perspective), was that the
AADIS ABM conducted comparable simulations on the same

computing platform up to 750 times faster than the AusSpread
microsimulation. To put this into perspective, the AADIS ABM was
able to complete 1000 iterations of the small pig herd scenario in
23 min whereas AusSpread would have taken approximately five
days to complete the same number of iterations.

4. Discussion

4.1. Concurrent vs. sequential processing

As the AADIS ABM components operate concurrently, the
execution time of a simulation day is effectively limited by the
longest time taken by any one component. The AADIS ABM con-
current approach takes advantage of the inexpensive parallelism
available on a multi-core hardware platform. Concurrency also re-
flects the epidemiological reality that spread and control proceed
independently and in parallel during an outbreak. In contrast, the
constituent tasks of a simulation day in the AusSpread micro-
simulation are carried out sequentially, i.e., disease is given the
opportunity to spread in turn over each pathway followed by the
various control measures in turn. The execution time of a simula-
tion day is largely the sum of the times needed for each constituent
task. As each AADIS ABM component has its own independent
thread of execution it is easy to identify computational bottlenecks.
To this end, computationally intensive components can be opti-
mised and/or assigned higher runtime thread priorities. The
approach of lightweight agents in an active concurrent environ-
ment scales well with population size. Increasing the number of
herds does not increase the number of threads in the system.
Although not yet explored, it is likely that the AADIS ABM can
comfortably extend beyond the Australian population of approxi-
mately 236,000 herds.

An advantage of a sequential processing approach is that it is
possible to replay a scenario by specifying the pseudo-random
number generator seed (and thus controlling the stream of
random numbers used when sampling from probability distribu-
tions). This temporarilymakes a stochasticmodel deterministic and
allows specific aspects of a scenario to be isolated. For example, a
particular control measure such as vaccination can be varied and
the impact on the scenario outcome directly observed (in the
absence of variability introduced through stochasticity). In a con-
current architecture, thread scheduling arbitrarily influences the
order that components request random numbers. Such an
approach introduces additional stochasticity (beyond the model's
innate stochasticity), and a larger number of scenario iterations
may be required for model outcomes to statistically converge.

Table 2
AADIS ABM vs. AusSpread microsimulation: runtime performance.

Small pig herd
(ID ¼ 42189, size ¼ 110)

Medium pig herd (
ID ¼ 7779, size ¼ 1945)

Dairy herd (ID ¼ 33812,
size ¼ 256)

Sheep herd (ID ¼ 98,
size ¼ 3065)

Beef herd (ID ¼ 315,
size ¼ 532)

Model AADIS AusSpread AADIS AusSpread AADIS AusSpread AADIS AusSpread AADIS AusSpread
Number of iterations 1000 100 1000 100 1000 100 1000 100 1000 100
Outbreak lengtha,b 51(21e100) 54(39e97) 52(27e109) 47(31e88) 47(21e104) 51(31e101) 21(21e29) 22(22e28) 29(21e68) 36(22e64)
Median IPsb 15(1e127) 31(14e118) 19(4e124) 18(8e126) 12(1e98) 20(5e65) 1(1e2) 1(1e2) 3(1e21) 4(2e23)
Mean IPsc 33 ± 2 40 ± 4 36 ± 2 90 ± 58 25 ± 1 24 ± 2 1 ± 0 1 ± 0 6 ± 1 8 ± 1
Convergenced 12% 18% 9% 126% 9% 15% 14% 12% 12% 34%
Number of culled farmsb 15(1e127) 31(14e118) 19(4e124) 18(8e126) 12(1e98) 20(5e65) 1(1e2) 1(1e2) 3(1e21) 4(2e23)
Total elapsed runtime 23 min 755 min 21 min 683 min 19 min 718 min 5 min 376 min 8 min 526 min
Mean time per iteration 1.4 s 7.55 min 1.3 s 6.83 min 1.2 s 7.18 min 0.3 s 3.76 min 0.5 s 5.26 min

a Day that the last IP was declared.
b Median with 90% probability interval.
c Sample mean ± standard error of the mean.
d Percentage standard error of the sample mean with 95% confidence per Driels and Shin, 2004.
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4.2. Grid-based spatial indexing

There are several characteristics of the AADIS ABM data that are
a good fit for a uniform grid-based spatial indexing system:

� There is no requirement to dynamically write data back into the
PostgreSQL database. Epidemiological outputs are written to
comma-separated value files for external statistical analysis. As
the data are static and modestly sized, once the database has
been initialised, all tables are cached, and the database is no
longer referenced. As there is no need to access the database for
non-spatial queries, it is a natural extension to not access the
database for spatial queries as well.
� All spatially-referenced data (herds, farms, saleyards and
weather stations) pertain to stationary entities. Although con-
signments of animals may move between herds, abattoirs and
saleyards, herds are considered to have constant size over time,
and a fixed location. Stationary spatial objects suit the simplicity
of a uniform grid-based spatial indexing scheme, as there is no
need to dynamically maintain the grid. Mobile spatial objects
require a more complex dynamic indexing scheme to efficiently
update object location mappings without impacting overall
database performance (Kwon et al., 2002; Xia and Prabhakar,
2003; Lee et al., 2003).
� It is anticipated that the AADIS ABM will incorporate raster-
based data sources such as weather, vegetation, wild animal
and insect vector distributions. A lattice such as that used in a
grid-based spatial indexing scheme is a natural fit for these data
(Doran and Laffan, 2005).
� The data driving the AADIS ABM are specifically structured to
eliminate the need for spatial objects. Herds and farms are
represented as points rather than polygons. This simplifies
spatial queries from polygon intersections to simple distances
and bearing calculations. Weather stations, saleyards, local
government areas (LGAs) and states/territories are also not
represented as spatial objects. Each herd has attributes identi-
fying the IDs of its jurisdictional area, LGA and closest weather
station. A spatial query as to whether a herd is in a particular
state/LGA, is thus simplified from the intersection of a point
with an irregular area to a simple herd attribute read. When, for
example, the model determines if an infected herd poses an
airborne threat to a susceptible herd on a particular day, the
prevailing weather conditions at the closest weather station are
a simple indexed lookup based on the weather station ID. As
part of this ID cross-referencing scheme, the model maintains
various lookup tables (similar to the grid lookup table in Fig. 3),
that map LGA IDs to lists of herd IDs, and jurisdiction IDs to lists
of farm IDs.

One criticism of uniform grid-based spatial indexing is the non-
efficient handling of skewed population densities (Lettich et al.,
2014). The AADIS ABM herd population mapped onto a uniform
grid indeed presents highly variable density. The default grid cell
dimensions of 10 km� 10 km result in herd densities ranging from
0 to 264 with a median of four herds per cell. Further, of the 167,028
total cells approximately 86% of the cells are devoid of herds. The
desire to efficiently handle variable population densities lead to the
development of variable grid cell size schemes such as quad trees
(Finkel and Bentley, 1974). High density cells are disaggregated into
four sub-cells, and so on, until all populated cells are in the desired
density range. The downside of variable cell sizes is an increase in
the complexity of cell addressing and grid search schemes. A uni-
form grid with contiguous IDs is, however, accessed via simple
arithmetic. It is trivial to calculate the home grid cell for any given
point of latitude and longitude, and also to identify the extended

Moore neighbourhood cells of any given cell.
An alternative approach to spatial indexing is to satisfy spatial

queries through 'neighbour lists' (Dominguez et al., 2010). For
example, all neighbouring herds within 3 km, 10 km, 50 km and
100 km can be precomputed for every herd. This approach may be
appropriate when there is limited variability in spatial query dis-
tances, and when populations are moderately sized. However for
highly stochastic models with large populations this approach is
memory intensive and not particularly granular. A grid-based
spatial indexing scheme is in effect a generalisation of neighbour
lists with granularity determined by the cell size.

AusSpread is an example of a traditional approach to spatially-
explicit modelling whereby the storage and querying of spatial
objects is delegated to an underlying GIS platform, in this case
MapInfowhich employs R-Tree spatial indexing. The AADIS ABM on
the other hand through a customised strategy of preprocessed data,
caching, lookup-tables and a grid-based spatial indexing scheme, is
able to avoid spatial objects entirely. The uniform grid-based spatial
indexing scheme offers an eight-fold improvement in mean spatial
query response time over the PostGIS R-Tree-over-GiST spatial
indexing system. This in turn yields a two to three-fold overall
improvement in the mean runtime of a scenario. The spatial query
response time of PostgreSQL/PostGIS could likely have been
improved through techniques such as server optimisation and
server prepared SQL statements. However, the optimisation of
relational databases, servers and SQL for geospatial efficiency is
quite a specialised area. The AADIS ABM uniform grid-based spatial
indexing scheme is simple to implement, test and maintain, and
requires no specialised knowledge of mathematics, PostgreSQL and
PostGIS. The tactic of eliminating spatial objects is possible as the
entire database is easily cached in memory and spatial entities are
stationary. Models with larger populations, more complex spatial
requirements and/or the need to dynamically update data may be
better suited a more database-centric approach to spatial
processing.

5. Conclusions

ABMs have a natural affinity for capturing population hetero-
geneity, stochasticity, spatial relationships, social systems and
policy elements. An example of a field where an agent-based
approach works well is animal health policy development and
disease planning. The ability to incorporate livestock population
heterogeneity, regional variation, jurisdiction-dependent control
policies, logistics and socio-political aspects into decision support
tools, brings realism to the study of complex disease ecosystems.
However, when populations are large, the associated computa-
tional load may require highly parallel hardware platforms and
custom software implementations. This tends to limit large-scale
modelling to universities, defence departments, and scientific
research organisations.

We have described three strategies that allow the AADIS ABM to
complete complex scenarios of disease spread and control in the
national Australian population of FMD-susceptible livestock on a
personal computer:

� A hybrid model architecture that reduces the ABM agent pop-
ulation from over 100 million animal agents to approximately
236,000 herd agents. Each herd agent has an embedded deter-
ministic EBM that simulates the spread of disease within the
herd. The spread of disease between herds and the control of
disease are modelled stochastically and spatially with an agent-
based approach.
� An asynchronous software architecture that features light-
weight agents and a rich concurrent ABM environment.
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� Grid-based spatial indexing that offers a significant improve-
ment in the mean spatial query response time over the standard
PostgreSQL/PostGIS R-Tree-over-GiST spatial indexing.

The AADIS ABM is able to complete one thousand iterations of a
national-scale FMD outbreak in less than an hour on a quad-core
laptop, with an iteration having on average 40 IPs. This scenario
includes local, direct, saleyard, indirect and airborne spread, pas-
sive first IP detection, movement restrictions, surveillance, direct,
indirect and saleyard tracing, suspect premises reporting, culling,
disposal, disinfection, suppressive ring vaccination, dynamic
resource management, detailed report writing, and 'real-time'
graphical visualisation of the outbreak. When a stochastic ABM is
computationally efficient it is possible to complete large numbers
of iterations, which in turn improves statistical convergence.

The approach of embedding EBMs in lightweight agents, and an
ABM environment that is active and concurrent, may have utility in
other modelling domains that deal with large populations. Further,
if a spatially-explicit ABM has simple stationary spatial objects,
then uniform grid-based spatial indexing may offer computational
advantages over R-Tree-over-GiST spatial indexing.
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