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Abstract: Early models of directly transmitted wildlife disease focused on rabies transmission as a travelling
wave, usually in a homogeneous density of wildlife. Such models of epi-enzootic diseases paid little attention
to local-scale disease prevalence. Historical data on bovine tuberculosis (Tb) in cattle indicates that very localised
areas can suffer from frequent repeat breakdowns, indicating that some environmental factors might be the cause.
There are a number of different ways to simulate such local disease ‘hotspots’ in wildlife, and these resultant
hotspots may mean that, overall, wildlife disease prevalence is very low. However, spatial and temporal
persistence of this hotspot is more difficult to model. This heterogeneity in disease prevalence is difficult to
produce in non-spatial models, and is one of the reasons why such models gave poor predictions of disease
dynamics in the field. For example, Nigel Barlow struggled with finding a way to produce this spatial
heterogeneity in mathematical models, culminating in his 2000 paper in Journal of Animal Ecology. This gave
a phenomenological treatment, but not a causative solution. I take a look at the various causative methods of
producing disease heterogeneity in simulation models of Tb, a chronic wildlife disease. These include (1) chance,
(2) model artefacts, (3) population (e.g. demographic, genetic) heterogeneity and (4) environmental heterogeneity.
I further argue that only (4) can be predicted over a medium timescale, and propose methods to assess the
contribution of (1) and (2) in a model. I also discuss how spatial heterogeneity may affect Tb management.
____________________________________________________________________________________________________________________________________
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Introduction
Disease outbreaks and spread are, by definition,
spatially heterogeneous. For directly transmitted
diseases new infections are local, and animals are
discrete. Despite this, early disease models, which
assumed homogeneous mixing, density-dependent
transmission and real numbers, were very powerful
predictors of disease spread in animals and humans
(e.g. Anderson and May, 1979; 1991). Recent work
has highlighted the difference between these general
non-spatial models and models that have a spatial
structure (Keeling, 2005). The now classical models of
Anderson and May use simple differential equations to
model each compartment of the host population:
susceptible, exposed, infectious, and sometimes an
immune or recovered category (SEI or SEIR models).
Many early wildlife disease models focused on
rabies transmission, and represent disease spread as a
travelling wave, usually in a homogeneous density of
wildlife (Lambinet et al., 1978; Anderson, 1982).
Such models of epi-enzootic diseases paid little
attention to local-scale disease prevalence. Attention
soon shifted to modelling chronic enzootic diseases

such as bovine tuberculosis (Tb: caused by
Mycobacterium bovis) by the same approach (e.g.
Anderson and Trewhella, 1985). These simple models
help us understand how a system works. They tend to
be general in construction, and are therefore often
imported relatively unchanged, except for parameter
values, from other areas of epidemiology, biology, or
even physics. They are often analytically tractable,
and give insight into the importance of particular
parameters, regardless of the specific system under
study. These simple models are ‘mean-field’, or
population-level, models, where each parameter of the
model is measured for the whole population (e.g. mean
death rate, mean litter size). These models are usually
based on population density, permitting the use of real
numbers.
These early models utilised density-dependent
transmission (McCallum et al., 2001). Thus, if host
density doubled, then the transmission of disease
doubled. One of the first analytical results derived
from these models is the basic reproductive ratio, R0,
which is the number of new cases of disease caused by
a single infected individual in a population of
susceptible individuals (Anderson and May, 1991).
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Since transmission increases linearly with density, it is
important to note that any measure of R0, must be for
a specific host density. The assumption that underlies
this linear density-dependence is that of homogeneous
mixing. This assumes that any infected animal is
equally likely to contact, and thus infect, any other
animal, i.e. there is no spatial structure. Strictly
speaking, linear density dependence can arise from
spatially localised homogeneous mixing, if within a
homogeneous environment (Begon et al., 2002). Once
a transmission rate has been determined then, for a
particular species, disease dynamics depends almost
entirely on population density. For any territorial
species, homogeneous mixing cannot hold true. It is
therefore likely that these homogeneous mixing models
become less and less ‘correct’ as the amount of mixing
(extra-territorial movements such as dispersal)
decrease. An attempt to deal with the problem of
homogeneous mixing is the use of frequency-dependent
transmission. Here the number of transmissions is held
constant as density changes (McCallum et al., 2001).
Frequency-dependent transmission can occur if animals
adjust their territory size, rather than social group size,
since the number of neighbouring territories would
remain constant. If, however, both social group size
and number of territories can change, then the resultant
disease dynamics would be neither density-dependent
nor frequency-dependent. Although I refer to territorial
animals throughout, the arguments also apply to nonterritorial animals with defined home ranges.
Historical data on Tb in cattle (Bos taurus) (Krebs
et al., 1997), badgers (Meles meles) (Delahay et al.,
2000) and possums (Trichosurus vulpecula) (Hickling,
1995) indicate that disease foci can be localised over
time and space. Such disease clusters can be either
ephemeral, or static in time and space, the latter
indicating that spatial factors (e.g. environmental)
may be the cause. Such spatial correlation in the
structure implies that the simple models are not
adequate. Predictions from the simple densitydependent badger/Tb model included linear correlation
between host density and disease prevalence and
marked suppression of host density (Anderson and
Trewhella, 1985). Neither of these has been found in
the wild (Smith, 2001). Simple models are also not
capable of correctly simulating the low prevalence and
relatively quick recovery of Tb in possum populations
(Barlow, 1991). However, these models rarely consider
the possibility of re-seeding of infection from other
wildlife, for example ferrets (Caley and Hone, 2004) or
deer and other species (Delahay et al., 2001). Spatial
models of Tb in wildlife (e.g. Smith et al., 2001a) can
simulate repeat cattle herd breakdowns, spatial
correlation, lack of a relationship between host density
and disease, and limited suppression of host density.
Thus they simulate reality much more closely, but at

the cost of much larger data requirements. The questions
we must ask are (1) are these spatial models actually
necessary or more accurate, (2) what general aspects
relating to spatial heterogeneity do spatial models
predict and (3) which is the best such model?
Modelling spatial heterogeneity
There are a number of different ways to simulate a
temporally persistent local disease hotspot in wildlife,
and this resultant hotspot may occur despite very low
overall disease prevalence. While hotspots due to
chance should emerge from any stochastic model, the
difficulty is in defining what mechanisms may underlie
persistent spatial heterogeneity. This heterogeneity
has been difficult to produce in non-spatial models,
and explains why such models gave poor predictions
of Tb disease dynamics in the field (Smith, 2001). For
bovine Tb, spatial aggregation of disease was first
modelled with a simple two-patch SEI model, which
assumed that increased mortality caused by disease in
one patch was balanced by immigration from the
disease-free patch (Barlow, 1991). However, there
was no mechanistic explanation for the maintenance of
this heterogeneity, although both stochastic effects
and spatial heterogeneity in the carrying capacity (K)
were hypothesised as a cause. A secondary effect of
this model was to remove the potential for temporal
disease oscillations, which were predicted by the
homogeneous models (Anderson and Trewhella, 1985;
Bentil and Murray, 1993), and for which there is now
no field evidence (Barlow, 2000). Although dramatic
changes in disease prevalence have been recorded
(Coleman et al., 1999; Delahay et al., 2000), these may
well be related to extrinsic environmental factors rather
than intrinsic epidemiological factors. A later adaptation
spread the SEI model over a grid of 1-km squares
(Barlow, 1993), and showed that chronic disease, or
lack of juvenile dispersal, gave the slowest spread of
disease. These factors would therefore lead to the
greatest spatial heterogeneity of disease. Indeed, in a
high-density population of the badger it has been
shown that dispersal rates are very low and annual
movement rates are correlated with subsequent disease
incidence (Rogers et al., 1998). Further modelling
involved non-linear contact rates (Roberts, 1996) and
heterogeneous mixing and non-linear contact rates
(Barlow, 2000). These models gave a
phenomenological treatment, but not a causative
solution. In none of the above examples was the reason
for spatial clustering of disease presented.
In a spatial individual-based stochastic model
White and Harris (1995) demonstrated spatial
heterogeneity in badger Tb, within a homogeneous
badger population. These patches were randomly
located and shifted in location over time depending
upon the relationship between within- and between-
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group infection rates. The actual cause of this spatial
heterogeneity was not explicitly stated but appeared to
be due to stochastic chance.
I will use an established individual-based model
of Tb in the badger (Smith et al., 2001a, 2001b;
Wilkinson et al., 2004) to look at the various causative
methods of producing disease heterogeneity in
simulation models of disease. There appear to be four
possible reasons for this heterogeneity:
(1) Since animals are discrete and located in space
(limiting social contacts), random stochastic chance
will give rise to spatial heterogeneity in stochastic but
not deterministic models. This heterogeneity can occur
in a true homogeneous environment, even when seeded
with a homogeneous distribution of disease, and it
appears to be the cause of the spatial heterogeneity in
White and Harris (1995). This form also occurs under
homogeneous conditions with the model of Smith et
al. (2001b). Undoubtedly this form of heterogeneity
occurs in real life, but by definition the spatial
distribution cannot be predicted as it occurs by chance.
If this is the cause of spatial heterogeneity in a model
then two things will follow from this: (i) disease foci
will move over time, dependent on local host density,
transmission rates, dispersal and disease-induced
mortality and (ii) if disease prevalence is averaged
over time, or multiple simulations, then the degree of
heterogeneity will eventually decrease to zero, as all
points will have the same likelihood of disease presence.
(2) Model construction may give rise to spatial
heterogeneity in both stochastic and deterministic
models. This became apparent in the model of
Wilkinson et al. (2004), which was a grid-based
stochastic model with reflecting boundaries. Plotting
the prevalence of disease spatially showed that disease
prevalence declined towards the edge of the grid.
Social groups actually at the edge had a reduced
number of neighbours, and this resulted in a small
decrease in disease prevalence. However, this decrease
radiated three social groups into the simulation grid, so
that the outermost three rings of social groups had a
detectable decrease in disease prevalence. This model
artefact was removed when the model was run on a
torus (the top of the grid was linked to the bottom, and
each side to the other). Another possible model artefact
that could induce spatial heterogeneity is the order in
which grid cells are interrogated and adjusted during
each time step of a simulation for any spatial process
(e.g. dispersal) (Ruxton, 1996; Smith and Bull, 1997).
The latter means of heterogeneity will not occur in real
life, although effects similar to the former may occur
near reflecting boundaries such as coastline or rivers.
If this is the cause of spatial heterogeneity in a model
then two things should follow: (i) disease foci will be
static and (ii) plotting the spatial distribution of disease
(averaged across simulations for stochastic models)
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over a homogeneous landscape will show a distinct
pattern. The existence of static disease heterogeneity
in homogeneous models should therefore lead one to
investigate possible artefacts.
(3) Population heterogeneity, e.g. intrinsic
demographic or genetic variation, may also give rise to
spatial heterogeneity of disease. There are a number of
potential causes: (i) true individual-based models may
allow some individuals to consistently produce larger
litters resulting in increased social group size and thus
increased local disease prevalence, (ii) genetic
inheritance of traits such as large litter size, or immunity
to disease, will change local disease prevalence, (iii)
differential pathogenesis or competing disease strains
may also give rise to local variation in prevalence, and
(iv) differential rates of spatial diffusion in multispecies models (e.g. Comins and Hassell, 1996; White
and Gilligan, 1998). In the model of Smith et al.
(2001b), allowing a small proportion of individuals to
have immunity to disease, which can be genetically
inherited, results in areas of reduced prevalence in an
otherwise homogeneous environment. This form of
heterogeneity will occur in real life and will be in
addition to (1). Similar to (1) if this is the cause of
spatial heterogeneity in a model then two things follow:
(i) disease foci will move slowly over time (possibly
taking generations) and (ii) if disease prevalence is
averaged over time, or multiple simulations, then the
degree of heterogeneity will eventually decrease to
zero. However, it is possible to differentiate (3) from
(1), since switching off the causative factor in the
model will result in a reduced level of heterogeneity.
(4) Extrinsic spatial variation may produce spatial
heterogeneity in disease. This may be caused by internal
reflecting boundaries as in (2), variation in carrying
capacity, edge effects between habitats, which may
cause differential immigration, mortality (including
that caused by man) or fertility, or spatial distribution
of chemicals (e.g. pesticides) causing changes to
population parameters. Habitat may also directly affect
transmission rates by adjusting behaviour. Tb in badgers
is known to cluster spatially (Delahay et al., 2000), and
both prevalence and incidence of disease are related to
the number of occupied setts in a social group, but not
the number of badgers (Rogers et al., 2003). The
maximum number of breeding females in a badger
social group varies between territories, and this was
used in Smith et al. (2001b) to set the carrying capacity.
A similar approach, used to simulate the historical
pattern of disease at the Woodchester Park badger
study site gave a high spatial correlation between
model output and reality (Shirley et al., 2003). Again,
this form of heterogeneity occurs in real life and as in
(2): (i) disease foci will be static and (ii) plotting the
spatial distribution of disease (averaged across
simulations for stochastic models) will show a distinct
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pattern. As in (3), this form of heterogeneity can be
distinguished from (2) by switching off the external
spatial factor. It is important to note that any spatially
varying control policy will act to increase disease
heterogeneity. An extreme example of this is the
increased cattle herd breakdown rate associated with
reactive culling in the Krebs trial in the UK (Donnelly
et al., 2003).
In some circumstances a combination of (1) and
(2) can occur where the initial conditions of a spatial
model are randomised (e.g. territorial configuration).
This can become evident if these initial conditions are
used for all simulations. For example, in the model of
Smith et al. (2001b) it is possible to examine an
epidemic outbreak of Tb where qualitatively different
results occur depending upon the exact spatial starting
conditions. This is actually a stochastic result, which
can occur in real life. In this case the epidemic depended
upon a minimum number of neighbouring social groups,
which occurred in some simulations but not others.
However, it is also a model artefact, as it depends upon
the frequency of calling a randomisation procedure to
initiate the starting conditions.
Although (1), (3) and (4) occur in real life, (1) can
never be predicted and (3) can only be predicted where
the causative variation in intrinsic structure (e.g. genetic
profile) is known for the whole population. Therefore
only (4) can be predicted over a medium timescale.
Disease prevalence is not always related to
population size or density. In spatially heterogeneous
patches, for a model of Tb in possums, it has been
noted that disease prevalence may actually be higher in
patches with a lower carrying capacity (Fulford et al.,
2002), due to migration. It is possible that this is only
a special case where individual patches need to be
above a certain size to maintain disease (e.g. greater
than a single social group of badgers), as higher
prevalence is not found in smaller badger social groups
(Rogers et al., 2003), and the patch with the higher
prevalence needs to be a preferred site with a higher
immigration rate. Local mixing of individuals, rather
than homogeneous mixing as assumed in the early
models, also appears to be responsible for a lack of
relationship between host population size and disease
prevalence (Smith et al., 1995). For badgers, the amount
of extra-territorial movement in previous models (Smith
et al., 2001a) may, however, have been underestimated,
as a small but significant proportion of cubs are fathered
by males living more than one social group away
(Carpenter et al., 2005). Indeed to correctly simulate
the recovery time for culled populations, it is necessary
to allow badger movements over more than one social
group distance (Wilkinson et al., unpublished data).
These pieces of evidence suggest that the localised
mixing of badgers, at least, may not be as extreme as
initially thought.

This potential lack of a relationship between
population density and disease prevalence makes
control more difficult. In terms of disease eradication,
increased spatial variation in host density gives rise to
an increased risk of disease extinction (Caraco et al.,
1998). However, the optimal immunisation approach
in spatially aggregated populations occurs when the
number of susceptible individuals is uniform (May
and Anderson, 1984), thus control should be focused
on higher-prevalence areas, rather than higher-density
areas. However, the maintenance of Tb in badger
populations may depend upon a minimum group size
of some 6-8 badgers (Smith et al., 1995; White and
Harris, 1995). Badger social group size can be predicted
by the number of active setts (Rogers et al., 2003), by
using faecal DNA fingerprinting (Wilson et al., 2003)
or potentially by using remotely sensed data (French
and White, 2004). This suggest that control can still be
successfully applied to higher-density areas in the
absence of good-quality information on disease
prevalence.
Which is the best model?
Very often the exact choice of which parameters to
include in a model, and which to omit, is made by
individual modellers, based on experience. This is
why modelling is often called an art. The fact is,
computer modelling has not yet elevated itself on a par
with statistics, which is able to examine various topics
without having to defend itself from first principles.
There is no clear consensus on when to use different
types of models (e.g. differential equations, reactiondiffusion equations, interacting-particle models,
cellular automatons or IBMs) and the majority of
authors appear to stick to a single type of model over
many years, and over different topics. I would argue
here that this is tantamount to always using a chisquare test, regardless of the data structure. The choice
of the best model structure will depend on the
availability of data and the nature of the question(s)
being asked. It is vital that the question(s) asked of the
modeller are well thought out. If the initial question is
not concerned with spatial differences, then the resulting
non-spatial model may not be able to answer a later,
and more important, question which involves spatial
structure.
Information-theoretic approaches are being
increasingly used to choose between different statistical
and capture-recapture models (e.g. Burnham et al.,
1995; Anderson et al., 1998) but this approach is also
applicable when choosing between different population
models (e.g. White and Lubow, 2002). Although other
approaches are available, the most commonly applied
in biology is Akaike’s Informations Criteria (AIC).
This is in effect a measure of goodness of fit with a
penalty for the number of parameters in the model, and
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is analogous to fitting the most parsimonious least
squares linear regression. This approach can be used
for fitting the most parsimonious population model(s)
to multiple sources of data (similar to fitting a regression)
(White and Lubow, 2002). However currently, the
comparison of models with different levels of spatial
structure is not straightforward and does not appear to
have been performed to date. For non-spatial models,
or for models with identical spatial structure, I would
like to suggest that information-theoretic approaches
(e.g. Akaike’s Information Criteria) are evaluated
against available field data. This does however, evaluate
a model against the data used to construct it and says
little about a model’s ability to ‘correctly’ predict in
other spatial or temporal locations. There is thus a need
to consider how to choose between competing models,
of different structure or complexity, that make
predictions of, for example, disease prevalence for
which field data is available. In many circumstances
field prevalence may be the only biology data available
— data on the underlying population parameters are
probably not collected. The ability to choose between
models with different structures may be important if
these models predict that different levels of management
are required to eradicate disease.

Conclusions
I have argued above that spatial models are necessary
to capture the complexity of disease heterogeneity that
arises from the local contact structure that occurs for
bovine Tb in both the possum and the badger. Only
spatial models are capable of simulating the causative
function(s) that produce spatial heterogeneity of
disease. I have further suggested that there are four
different reasons for such heterogeneity to appear in
models, and that only one (extrinsic heterogeneity) can
be predicted. Recent work in information-theoretic
approaches have begun to be used to choose between
population models, but there is much work to be done
before this approach can be applied to models with
different spatial structure.

Acknowledgements
I thank D. Wilkinson and C. Cheeseman for provoking
some of the ideas presented in this paper.

References
Anderson, D.R.; Burnham, K.P.; White, G.C. 1998.
Comparison of Akaike information criterion and
consistent Akaike information criterion for model

39

selection and statistical inference from capturerecapture studies. Journal of Applied Statistics 25:
263-282.
Anderson, R.M. 1982. Fox rabies. In: Anderson, R.M.
(Editor), Population dynamics of infectious
diseases, pp. 242-261. Chapman & Hall, London,
U.K.
Anderson, R.M.; May, R.M. 1979. Population biology
of infectious diseases: part 1. Nature 280: 361367.
Anderson, R.M.; May, R.M. 1991. Infectious diseases
of humans. Dynamics and control. Oxford
University Press, Oxford, U.K.
Anderson, R.M.; Trewhella, W. 1985. Population
dynamics of the badger (Meles meles) and the
epidemiology of bovine tuberculosis
(Mycobacterium bovis). Philosophical
Transactions of the Royal Society of London B
310: 327-381.
Barlow, N.D. 1991. A spatially aggregated disease/
host model for bovine Tb in New Zealand possum
populations. Journal of Applied Ecology 28: 777793.
Barlow, N.D. 1993. A model for the spread of bovine
Tb in New Zealand possum populations. Journal
of Applied Ecology 30: 156-164.
Barlow, N.D. 2000. Non-linear transmission and simple
models for bovine tuberculosis. Journal of Animal
Ecology 69: 703-713.
Begon, M.; Bennett, M.; Bowers, R.G.; French, N.P.;
Hazel, S.M.; Turner, J. 2002. A clarification of
transmission terms in host-microparasite models:
numbers, densities and areas. Epidemiology and
Infection 129: 147-153.
Bentil, D.E.; Murray, J.D. 1993. Modelling bovine
tuberculosis in badgers. Journal of Animal Ecology
62: 239-250.
Burnham, K.P.; Anderson, D.R.; White, G.C. 1995.
Selection among open population capturerecapture models when capture probabilities are
heterogeneous. Journal of Applied Statistics 22:
611-624.
Caley, P.; Hone, J. 2004. Disease transmission between
and within species, and the implications for disease
control. Journal of Applied Ecology 41: 94-104.
Caraco, T.; Duryea, M.; Gardner, G.; Maniatty, W.;
Szymanski, B.K. 1998. Host spatial heterogeneity
and extinction of an SIS epidemic. Journal of
Theoretical Biology 192: 351-361.
Carpenter, P.J.; Pope, L.C.; Greig, C.; Dawson, D.A.;
Rogers, L.M.; Erven, K.; Wilson, G.J.; Delahay,
R.J.; Cheeseman, C.L.; Burke, T. 2005. Mating
system of the Eurasian badger, Meles meles, in a
high density population. Molecular Ecology 14:
273-284.
Coleman, J.D.; Cooke, M.M.; Jackson, R.; Webster,

40

NEW ZEALAND JOURNAL OF ECOLOGY, VOL. 30, NO. 1, 2006

R. 1999. Temporal patterns in bovine tuberculosis
in a brushtail possum population contiguous with
infected cattle in the Ahaura Valley, Westland.
New Zealand Veterinary Journal 47: 119-124.
Comins, H.N.; Hassell, M.P. 1996. Persistence of
multispecies host–parasitoid interactions in
spatially distributed models with local dispersal.
Journal of Theoretical Biology 183: 19-28.
Delahay, R.J.; Cheeseman, C.L.; Clifton-Hadley, R.S.
2001. Wildlife disease reservoirs: the
epidemiology of Mycobacterium bovis infection
in the European badger (Meles meles) and other
British mammals. Tuberculosis 81: 43-49.
Delahay, R.J.; Langton, S.; Smith, G.C.; CliftonHadley, R.S.; Cheeseman, C.L. 2000. The spatiotemporal distribution of Mycobacterium bovis
(bovine tuberculosis) infection in a high density
badger population. Journal of Animal Ecology 69:
428-441.
Donnelly, C.A.; Woodroffe, R.; Cox, D.R.; Bourne, J.;
Gettinby, G.; Le Fevre, A.M.; McInerney, J.P.;
Morrison, W.I. 2003. Impact of localized badger
culling on tuberculosis incidence in British cattle.
Nature 426: 834-837.
French, N.P.; White, P.C.L. 2004. The use of GIS in
modelling the spatial and temporal spread of animal
diseases. In: Durr, P.A.; Gatrell, A.C. (Editors),
GIS and spatial analysis in veterinary science, pp.
177-203. CABi Publishing, Wallingford, U.K.
Fulford, G.R.; Roberts, M.G.; Heesterbeek, J.A.P.
2002. The metapopulation dynamics of an
infectious disease: Tuberculosis in possums.
Theoretical Population Biology 61: 15-29.
Hickling, G. 1995. Clustering of tuberculosis infection
in brushtail possum populations: implications for
epidemiological simulation models. In: Griffin,
F.; de Lisle, G. (Editors), Tuberculosis in wildlife
and domestic animals, pp. 174-177. University of
Otago Press, Dunedin, N.Z.
Keeling, M. 2005. The implications of network structure
for epidemic dynamics. Theoretical Population
Biology 67: 1-8.
Krebs, J.R.; Anderson, R.M.; Clutton-Brock, T.;
Morrison, I.; Young, D.; Donnelly, C. 1997. Bovine
tuberculosis in cattle and badgers. MAFF
Publications, London, U.K.
Lambinet, D.; Boisvieux, J.F.; Mallet, A.; Artois, M.;
Andral, L. 1978. Modèle mathématique de la
propagation d’une épizootie de rage vulpine. Revue
Epidémiologie et Santé Publ. 26: 9-28.
May, R.M.; Anderson, R.M. 1984. Spatial
heterogeneity and the design of immunization
programs. Mathematical Biosciences 72: 83-111.
McCallum, H.; Barlow, N.; Hone, J. 2001. How should
pathogen transmission be modelled? Trends in
Ecology and Evolution 16: 295-300.

Roberts, M.G. 1996. The dynamics of bovine
tuberculosis in possum populations, and its
eradication or control by culling or vaccination.
Journal of Animal Ecology 65: 451-464.
Rogers, L.M.; Delahay, R.; Cheeseman, C.L.; Langton,
S.; Smith, G.C.; Clifton-Hadley, R.S. 1998.
Movement of badgers (Meles meles) in
Woodchester Park, south west England: individual,
population and disease effects. Proceedings of the
Royal Society of London B 265: 1269-1276.
Rogers, L.M.; Forrester, G.J.; Wilson, G.J.; Yarnell,
R.W.; Cheeseman, C.L. 2003. The role of setts in
badger (Meles meles) group size, breeding success
and status of TB (Mycobacterium bovis). Journal
of Zoology, London 260: 209-215.
Ruxton, G.D. 1996. Effects of the spatial and temporal
ordering of events on the behaviour of a simple
cellular automaton. Ecological Modelling 84: 311314.
Shirley, M.D.F.; Rushton, S.P.; Smith, G.C.; South,
A.B.; Lurz, P.W.W. 2003. Investigating the spatial
dynamics of bovine tuberculosis in badger
populations: evaluating an individual-based
simulation model. Ecological Modelling 167: 139157.
Smith, G.C. 2001. Models of Mycobacterium bovis in
wildlife and cattle. Tuberculosis 81: 51-64.
Smith, G.C.; Bull, D.S. 1997. Spatial and temporal
ordering of events in discrete time cellular automata
- an overview. Ecological Modelling 96: 305-307.
Smith, G.C.; Cheeseman, C.L.; Clifton-Hadley, R.S.;
Wilkinson, D. 2001a. A model of bovine
tuberculosis in the badger Meles meles: an
evaluation of control strategies. Journal of Applied
Ecology 38: 509-519.
Smith, G.C.; Cheeseman, C.L.; Wilkinson, D.; CliftonHadley, R.S. 2001b. A model of bovine
tuberculosis in the badger Meles meles: the
inclusion of cattle and the use of a live test.
Journal of Applied Ecology 38: 520-535.
Smith, G.C.; Richards, M.S.; Clifton-Hadley, R.S.;
Cheeseman, C.L. 1995. Modelling bovine
tuberculosis in badgers in England: preliminary
results. Mammalia 59: 639-650.
White, G.C.; Lubow, B.C. 2002. Fitting population
models to multiple sources of observed data.
Journal of Wildlife Management 66: 300-309.
White, K.A.J.; Gilligan, C.A. 1998. Spatial
heterogeneity in three-species, plant-parasitehyperparasite,
systems.
Philosophical
Transactions of the Royal Society of London B
353: 543-557.
White, P.C.L.; Harris, S. 1995. Bovine tuberculosis in
badger (Meles meles) populations in southwest
England: the use of a spatial stochastic simulation
model to understand the dynamics of the disease.

SMITH: MODELLING PERSISTANCE OF Tb

Philosophical Transactions of the Royal Society
of London B 349: 391-413.
Wilkinson, D.; Smith, G.C.; Delahay, R.J.; Cheeseman,
C.L. 2004. A model of bovine tuberculosis in the
badger Meles meles: an evaluation of different
vaccination strategies. Journal of Applied Ecology
41: 492-501.
Wilson, G.J.; Frantz, A.C.; Pope, L.C.; Roper, T.J.;
Burke, T.A.; Cheeseman, C.L.; Delahay, R.J.
2003. Estimation of badger abundance using faecal
DNA typing. Journal of Applied Ecology 40: 658666.

41

