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Finding needles (or ants) in haystacks: predicting locations
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Abstract. To eradicate or effectively contain a biological invasion, all or most
reproductive individuals of the invasion must be found and destroyed. To help ﬁnd individual
invading organisms, predictions of probable locations can be made with statistical models. We
estimated spread dynamics based on time-series data and then used model-derived predictions
of probable locations of individuals. We considered one of the largest data sets available for an
eradication program: the campaign to eradicate the red imported ﬁre ant (Solenopsis invicta)
from around Brisbane, Australia. After estimating within-site growth (local growth) and intersite dispersal (saltatory spread) of ﬁre ant nests, we modeled probabilities of ﬁre ant presence
for .600 000 1-ha sites, including uncertainties about ﬁre ant population and spatial
dynamics. Such a high level of spatial detail is required to assist surveillance efforts but is
difﬁcult to incorporate into common modeling methods because of high computational costs.
More than twice as many ﬁre ant nests would have been found in 2008 using predictions made
with our method rather than those made with the method currently used in the study region.
Our method is suited to considering invasions in which a large area is occupied by the invader
at low density. Improved predictions of such invasions can dramatically reduce the area that
needs to be searched to ﬁnd the majority of individuals, assisting containment efforts and
potentially making eradication a realistic goal for many invasions previously thought to be
ineradicable.
Key words: Bayesian models; Queensland, Australia; red imported ﬁre ant; Solenopsis invicta; spread
models; surveillance.

INTRODUCTION
As humans increasingly dominate natural ecosystems,
the invasive organisms people facilitate continue to
establish and spread into new areas, causing large
economic and environmental losses and human health
problems (Mack et al. 2000). If detected early, eradication of invasive species may be possible (Veitch and
Clout 2002). In circumstances in which eradication is
not feasible due to late initial detection, much of the
damages of an uncontrolled invasion can be avoided by
maintaining invading populations at a low density
(Simberloff 2009). Both eradication and successful
control are facilitated by developing methods to ﬁnd
more invasive organisms with available resources. This
makes improved prediction of organism locations a
particularly high management priority.
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In broad terms, there are two main approaches to
model invasion dynamics. One is to gather detailed lifehistory data and use this information to simulate the
spread process (Hastings et al. 2005). This approach is
predicated on selecting the appropriate model form for
spread dynamics and in deriving meaningful parameter
estimates for the models. Use of life-history data from
the species’ native range may not well represent changes
in attributes expressed or encountered in an organism’s
introduced range, especially when natural enemies are
lost (Broennimann and Guisan 2008). Important aspects
of a species’ dynamics, such as its dispersal behavior,
often cannot be observed or are hard to estimate reliably
(e.g., large ‘‘jumps’’ that are rarely observed directly;
Buchan and Padilla 1999).
An alternative approach is to use predictive statistical
models to represent dynamics from data collected during
the course of monitoring or eradication and control
programs (Hastings et al. 2005). Estimating spread
dynamics and predicting invader locations based on a
sequence of positive and negative occurrence data is
challenging because there are many sources of uncer-
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tainty. When some places (‘‘sites’’) that might contain
individuals are not surveyed immediately, uncertainty
arises about whether a given infestation arose from a
surveyed or from an unsurveyed site. More uncertainty
arises from imperfect detectability (Royle et al. 2007). If
control actions are not completely effective, the repeat
detections at a given site might occur because initial
treatment was unsuccessful or because organisms
recolonized. It is crucial to quantify the effects of such
uncertainty on predictions of spread of invasive species
if the predictions are to be used as efﬁcient and effective
guides to direct on-ground control actions.
It is likely that many biological invasions occupy a
large area at a low density, with a relatively small
number of clusters of invading organisms separated by
large distances (Leung et al. 2004). Clustering often
occurs as the result of local dispersal, and large distances
between clusters occur when some organisms make longdistance ‘‘jumps’’ mediated by anthropogenic vectors or
rare natural events (Suarez et al. 2001). In such
circumstances, there may be many unsurveyed sites that
might contain individuals despite surrounding areas
having none, meaning that a large total area needs to be
surveyed at a high cost. This is the form of invasion we
consider here.
Although methods currently exist that can consider
invasions of this form and quantify the effects of
multiple sources of uncertainty based on a sequence of
positive and negative occurrence data, there have been
few applications. This reﬂects that resources for
eradicating or controlling biological invasions usually
are insufﬁcient to be applied over a large area and a long
period. Almost all such programs have failed to achieve
their goals and detailed data typically are not available
on failed eradication programs (Simberloff 2009). In
deciding which of the many available methods to use to
assist surveillance in practice, each method’s predictive
accuracy and computational cost need to be considered.
Hierarchical Bayesian methods (Hooten and Wikle
2008) have a high computational cost that increases
rapidly with both number of sites considered and the
proportion of those sites that have not been surveyed.
Boosted regression trees (Broennimann and Guisan
2008) and maximum entropy models (Phillips and
Dudı́k 2008) have been found to have relatively high
predictive accuracy (Elith 2006), but do not all produce
information required for targeting surveillance efforts.
Although boosted regression trees have been used with
success to identify potential distributional areas for
invasive species (Broennimann and Guisan 2008), the
approach is poorly suited to considering factors such as
directional biases in dispersal because the approach is
inherently nonspatial.
Here, we consider a large data set for an eradication
program, the campaign to exterminate the red imported
ﬁre ant (Solenopsis invicta) from near Brisbane,
Australia. The project is one of the larger eradication
efforts to have been attempted, in terms of its
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spatiotemporal extent and amount of data collected,
reﬂecting that almost AU$250 million has been spent on
the project to date. Fire ants are one of the world’s 100
worst invaders (Lowe et al. 2000) and have the potential
for extensive invasion worldwide (Morrison et al. 2004).
Our model was applied to a study region comprising
657 386 ‘‘sites’’ (each of 1 ha), many more than have
been considered with other spatially explicit stochastic
models of invasion spread. The data are in the form of
point locations where detection of ﬁre ant nests occurred
and where active surveillance activity took place by
Biosecurity Queensland Control Centre (BQCC). In
addition to detections resulting from active surveillance,
many detections were made incidentally by private
citizens, without active searching for nests. Such
‘‘passive detections’’ are most common in urban areas,
so we distinguished between urban and rural areas in
our model.
Our approach, which is Bayesian, has two components: inter-site dispersal and intra-site growth. To
represent longer-range spread, a suitable kernel (a
function describing the relationship between dispersal
distance and probability of dispersal) is centered on each
infested site found in a previous year. The probability of
a site being infested is determined by a base probability
coupled with the proximity of the site to nests found in
the previous year and parameters to account for human
population density (urban vs. rural) and habitat
suitability.
The intra-site growth component accounts for the
increase in the number of nests within an infested site
over time (i.e., immediate local spread of nests). We
assessed the usefulness of model predictions by estimating occupancy probabilities from data for 2004–2007.
The sites of highest predicted probability of occupancy
then were compared with sites known to be occupied in
2008. We also compared the priority order of sites that
would have been searched under two relatively naı̈ve
search strategies, one of which is similar to the strategy
used by the invasion manager in the case study we
consider (proximity-based search). Predictive validation
and comparison with alternative spread dynamic models
and associated search patterns is required to explore
whether use of our model could lead to improved
management (Mac Nally and Fleishman 2004).
The red imported ﬁre ant
in southeast Queensland, Australia
Fire ant nests may contain a single queen (monogyne)
or multiple queens (polygyne) (Ross et al. 1996). Both
forms of ﬁre ants were introduced in the Brisbane area,
with the monogyne form found originally at the
container wharf in Moreton Bay and the polygyne form
found over a large area of the southwestern suburbs of
Brisbane. Individuals from monogyne colonies are
territorial, which results in a wider spacing and,
therefore, lower density of colonies than in the nonterritorial polygyne form of the species (Macom and
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Porter 1996). Monogyne queens have stronger wing
muscles, which allow them to ﬂy longer distances than
the smaller polygyne queens (Ross and Keller 1995).
However, these differences do not necessarily have clear
implications for spread dynamics. For example, it has
not been established which form of ﬁre ant has the
higher rate of long-distance jumps. Although polygyne
queens tend to ﬂy shorter distances than monogyne
queens, they probably are more likely to be transported
long distances by humans (King et al. 2009). This
reﬂects the higher density of polygyne colonies and the
ability of new colonies to form from part of a polygyne
nest, both of which make it more likely that soil picked
up from an infested site will contain viable propagules
(King et al. 2009). Both the monogyne and polygyne
forms are able to be dispersed by ﬂowing water,
facilitating increased spread during the wet season in
places where seasonal ﬂooding occurs (Morrill 1974).
For these reasons, it is possible that ﬁre ant dispersal
dynamics differ between monogyne and polygyne
colonies, but in practice, we could not model the two
forms separately because the available detection data
did not distinguish between them.
Data set
A site represented a 1-ha square block of land within
the area under consideration. A site was deemed infested
if it contained one or more ﬁre ant nests. A site was
regarded as surveyed if it was either searched or treated
(i.e., poisoned) during a year. The area under consideration was divided into a two-dimensional grid with U ¼
707 rows and V ¼ 935 columns, covering a rectangular
area of roughly 71 3 94 km (Fig. 1).
As we are interested in the dynamic behavior of an
invading species, we further extend this grid in time so
that one can refer to a particular site (u, v) at time t.
Using this notation, if a quantity is indexed by three
variables (u, v, t), the ﬁrst two (u, v) denote its position
within the grid and the third, t, denotes the year, while
quantities indexed by only two variables are static. We
also introduce the following shorthand notation:
U X
V
X
X
ðÞ [
ðÞ:
uv

u¼1 v¼1

The data consisted of ﬁre ant nest counts, puvt, which
were the number of nests discovered at site (u, v) at year
t and binary survey information Suvt 2 f0, 1g which
indicate whether site (u, v) had been examined (searched,
treated, or both) during a particular year t.
1) Let xuv, yuv denote the x and y coordinates of each
site.
2) Let huv 2 [0, 1] denote the habitat suitability of site
(u, v). Habitat suitabilities range from 0 (least suitable
for establishment of ﬁre ant nests) to 1 (most suitable),
which have been previously determined statistically by
associations between detected ﬁre ant nests and habitat
attributes (R. George, unpublished manuscript).
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3) Let duv 2 f0, 1, 2g represent the human population
density at site (u, v). This is a categorical variable, where
duv ¼ 0 means a completely unsuitable area (such as
rivers and ocean), duv ¼ 1 means a rural area, and duv ¼ 2
means an urban area.
4) Let mt be the number of surveyed sites in year t, i.e.,
X
mt ¼
Suvt
uv

and nt is the number of infested sites in year t, i.e.,
X
nt ¼
I fpuvt . 0g
uv

and Ifg is the ‘‘indicator function,’’ returning a value of
1 if the condition inside the function is satisﬁed and 0
otherwise.
Intra-site growth model
An intra-site growth model was developed to represent the increase in the number of nests over time within
an infested site. While the proposed model will not
directly affect the dispersal prediction, it allows insight
into rates of reproduction and spread once a site has
been infested. It may also be used to provide an estimate
of how many years a newly discovered infestation had
existed. The only assumption we make (a weak one) is
that once a site has been infested, the average number of
nests within the site increases from year to year:
E½Puvðtþ1Þ  . E½Puvt 

ð1Þ

where Puvt is a particular site at year t under the
assumption that it has previously been infested by at
least one propagule and E [] denotes expectation. When
an infested site is found, it is destroyed, so that sampling
from the growth process removes the nests. If one has
access to a large body of nest cluster counts from within
surveyed infested sites and it is assumed that these nest
counts were sampled from a process satisfying Ineq. 1,
then one would expect to ﬁnd several modes within the
empirical distribution of the nest counts, each corresponding to E [Puvt] for different values of t.
If the search-and-destroy method is effective, one
would expect the mode corresponding to one year’s
worth of growth to be much higher than the mode that
corresponds to two years of growth, and so on. This
partly reﬂects that most nests are discovered in urban
areas, where detection occurs relatively quickly after
initial establishment. Nest clusters detected soon after
establishment usually contain fewer nests than clusters
detected after a longer period because there is less time
for propagules to be produced and for new nests to
form. More generally, the probability of detecting at
least one nest in a cluster increases with time because
cluster size increases and because there has been more
time to ﬁnd nests. Explicit deﬁnition of plausible forms
for the process (Ineq. 1) is difﬁcult given the paucity of
biological information, so a nonparametric approach
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FIG. 1. Detections of the red imported ﬁre ant (Solenopsis invicta) in selected years in the vicinity of Brisbane, Australia. The
invasion is believed to have originated at the port of Brisbane (top right) and to have made an early long distance ‘‘jump’’ to (a) a
central location, after which it spread (b–d) to nearby areas. New nest detections are denoted by black-shaded crosses; previously
detected nests are denoted by gray-shaded crosses.

was taken. The process was approximated by a weighted
mixture of K Poisson distributions
PrðPj Þ ¼

K
X

wk Poiðpj j kk Þ

ð2Þ

k¼1

where wk are the mixture weights satisfying
K
X

wk ¼ 1:

k¼1

Poi( j kk) is a Poisson distribution with rate parameter
kk. The mixture rate parameters k and number of
components K were estimated by a variant of the Snob
unsupervised mixture modeler based on the minimum
message length (MML) principle (Wallace and Dowe
2000, Wallace 2005). The mixture modeler was based on
work by D. Schmidt (unpublished manuscript), which
offers both an improved coding scheme and class
parameter estimates. The mixtures would correspond
to average growth rates expected for various t.
Statistical dispersal model
Although the data consist of nonnegative integers
(i.e., the numbers of nests in each site per year), the

infested sites were sparse and generally distant from one
another. For this reason, we divided growth into two
components: an inter-site dispersal model that represented the spread of ﬁre ant nests due to the dispersal of
propagules beyond the immediate survey location and
an intra-site growth model that represented the increase
in the number of nests within an infested 1-ha site. The
dispersal component of the model need only concern
predicting whether a site will contain at least one nest in
the next time period, which greatly simpliﬁes prediction.
An important issue was to decide which of the data were
to be treated as ‘‘known.’’ Only those sites visited for
search or for treatment within a given year (i.e., those
sites for which Suvt ¼ 1) were regarded as ‘‘known.’’ Sites
that were not visited were considered to be ‘‘missing.’’
The rationale and justiﬁcation for this choice is
discussed below in Treatment of missing data.
Inter-site dispersal model
While nonparametric ‘‘black-box’’ models, such as
artiﬁcial neural networks or boosted classiﬁcation trees,
may offer superior predictive performance, these do not
provide biologically informative interpretation. In contrast, our estimated parameters may be compared with

July 2010

INVASIVE SPECIES SEARCH

expert opinion or existing knowledge to verify plausibility. We chose to construct a model in which each
parameter is related to a biologically important property
of spread.
The main assumption underlying the dispersal model
is that infested sites found in year t þ 1 will be near to
infested sites discovered in year t. This is modeled using
radially decreasing kernels centered on the infested sites
discovered in the previous year. The probability that a
new site will be infested is determined by the probability
that at least one propagule from the infested sites in the
previous year successfully establishes, as well as being
inﬂuenced by habitat suitability and human population
density. Letting h ¼ (k, r1, r2, g, hh, hp) denote the
vector of model parameters and Xt ¼ fu 2 1, . . . , U, v 2
1, . . . , V:puvt . 0g be the set of tuples containing indices
of all infested sites in year t, the probability that site (u,
v) will be infested in year (t þ 1), conditioned on the
discovered sites of previous year t is


Prð puvt . 0 j Xt Þ ¼ 1  ð1  gÞUðu;v j Xt Þ
|ﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄ{zﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄ}
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Expression 3 is multiplied by the term I(duv 6¼ 0) to
remove sites that were completely uninhabitable by ﬁre
ants, which primarily were large bodies of water, such as
rivers and oceans.
The constant c is chosen so that the expected number
of infested sites produced by a single nest within the
span of a single year is j, helping with interpretation of
the ﬁnal ﬁtted model. We chose the Cauchy distribution
for the kernel function because it is radially decreasing
and has very heavy tails, allowing it to represent longerdistance spread more robustly than Gaussian or Student
t distributions. The Cauchy has the added advantage of
not requiring evaluation of transcendental functions
such as exp(), and in addition to ﬁtting the data well,
the Cauchy kernel model was substantially quicker to
compute than alternative kernels, such as the Gaussian.
The calibrating constant c was found: for a suitably
large area (which was 5 times the area infested), c is
given by
X
c¼
/ðxuv ; yuv j x ; y ;j ¼ 1Þ
uv

Previous year nests



3 1  hh ð1  huv Þ
|ﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄ{zﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄþ}
Habitat effect

3 ð1  hp I fduv ¼ 2gÞ I fduv 6¼ 0g ð3Þ
|ﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄ{zﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄ}
Population effect

where x* and y* are the coordinates of the center of the
area under consideration. At each site, puvt is a Bernoulli
random variate. This choice of c assists the model
interpretation because the parameter j corresponds to
the expected number of new infested sites:
X
E½ puv 
uv

where g is a base prevalence rate of the ﬁre ant
infestations, ()þ ¼ max(,0), hh controls the effect of
habitat suitability, and hp controls the effect of human
population density. The expression

Y
1  /ðxuv ; yuv j xij ; yij ; jÞ
Uðu;v j Xt Þ ¼
ij2Xt

¼

Y
ij2Xt

1

j
Cð1 þ d2ijuv Þ

!
ð4Þ

measures the contribution of sites thought to be infested
in the previous year to the probability of infestation of a
site in the current year. The quantity
d2ijuv ¼

ðxij  xuv Þ2 ðyij  yuv Þ2
þ
r21
r22

ð5Þ

is the weighted Euclidean distance from (xij, yij) to (xuv,
yuv). The parameters r21 and r22 control the amount of
east–west and north–south spread, respectively, while
the parameter j represents the reproductive rate of the
ﬁre ants. The base rate parameter g has been included to
ensure that the spread model is robust to outlying nests
that arose by unpredictable long-distance dispersal.
Given that the population density covariate duv is
categorical, including an additional explicit effect for
duv ¼ 1 would lead to model identiﬁability problems
because the effect is absorbed into the base rate g.

produced by a single infested site within the span of a
year, in the absence of effects of habitat quality and
human population density.
Likelihood function
The dispersal model can be used to form a likelihood
function for the parameters h by noting that the
probability distribution over each site puvt given h is a
set of Bernoulli variates. The dispersal model is designed
to model establishment of new infested sites for the year
t þ 1, conditioned on the discovered infestations at year
t. Thus, discovery of large groups of nests that have
existed for 1 yr can seriously bias ﬁtted parameters.
We wish to avoid including large numbers of sites that
are older than several years, which may arise through
the discovery and follow-up search around a single
infestation in an area distinct from those areas covered
by the previous year’s search. Removing these sites from
the list of sites to be predicted reduces bias in estimates.
This reﬂects that these large groups of newly discovered,
well-established infestations generally are distinct from
the infested sites found in the previous year and thus
would be highly unlikely to have arisen from propagules
from these previously discovered infestations. All
infested sites are used to form the conditioning set Xt,
irrespective of age: i.e., all sites are always considered
potential sources of propagules. The age of the nest
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simply is used to determine whether they should be
treated as data in the computation of the likelihood.
To estimate the age of a site, we used the nest count,
puvt, in conjunction with the intra-site growth model
described below (see Estimation of the inter-site dispersal
model ). Following the logic driving this model, we need
only to test whether the nest count belongs with highest
probability to the class with the smallest rate parameter
in our mixture model (Eq. 2) to determine whether we
believe it has been in existence for a year. Practically,
this will translate to a simple test of whether puvt is
smaller than some threshold, e, which is estimated from
the data when we ﬁt the intra-site growth mixture model
(see Results). Given the assumptions that the observation (surveying) process is perfect and that unsurveyed
sites are uninfested, the likelihood for data P ¼ ( puvt), u
¼ 1, . . . , U, v ¼ 1, . . . , V, from years t ¼ 1, . . . , T, given
parameters h is
f ðP j hÞ ¼

U;V
T Y
Y

Prð½puvt . 0 j Xt ÞIuvt  Prð puvt ¼ 0 j Xt Þ1Iuvt:

t¼1 uv1

ð6Þ
This yields a negative-log likelihood of
log f ðP j hÞ ¼ 

U;V
T X
X
t¼1 u;v1

½I

uvt

log Prð puvt . 0 j Xt Þ



þ ð1 Iuvt Þlog Prð puvt ¼ 0 j Xt Þ



ð7Þ
where Iuvt ¼ Ifpuvt . 0 ^ puvt , eg indicates whether a
site (u, v) at year t is infested.
Estimation of the inter-site dispersal model
A Bayesian approach (Box and Tiao 1973) was taken
to estimate the model from the data. The complete
model prior p(h), with h ¼ (j, r1, r2, g, hh, hp) was
composed of the following densities chosen for the
model parameters:
pðr1 ;r2 Þ }

1
r1r2

pðg;hh ;hp Þ } 1
pðjÞ } expðajÞ:

ð8Þ
ð9Þ
ð10Þ

The priors for the two scale parameters r1 and r2
were chosen to be scale invariant, while uniform priors
were deemed suitable for the base rate, habitat, and
human population density parameters. The kernel scalar
(reproductive capability) parameter was given an
exponential prior with a ¼ 1/50, yielding an a priori
expectation that a single infested site had the potential to
produce many new infestations within a year. All priors
were chosen to be near uninformative.

Using the likelihood function 6 and priors 8–10, we
formed the posterior distribution p(h j P) } f(P j h)p(h)
of h given the observed data P and priors p(h). The
normalization constant is difﬁcult to compute analytically, so a Markov chain Monte Carlo (MCMC)
approach was employed. Sampling from the posterior
distribution was performed using the MetropolisHastings algorithm (Robert and Casella 1999). The
proposal distribution chosen was a multivariate normal
distribution centered at the maximum a posteriori
estimate, ĥMAP of h:
ĥMAP ¼ arg maxf f ðP j hÞpðhÞg
h

ð11Þ

with covariance matrix proportional to the inverse of the
Hessian of Eq. 7 evaluated at ĥMAP, the constant of
proportionality being adjusted to achieve a 40%
acceptance ratio.
Model selection
Model complexity can be controlled by ﬁxing various
parameters. For example, both population and habitat
effects can be removed by setting hh ¼ 0 or hp ¼ 0, and
the model can be reduced to isotropic spread by forcing
r1 ¼ r2. This property is very helpful if one were
performing model selection or were to test a hypothesis
such as whether habitat suitability plays a signiﬁcant
role in the spread of the invasive species.
The penalized ﬁt of the model may be used to guide
whether one should include or remove parameters in the
dispersal model. The Bayes factor is a common method
to compare two models, which accounts for both model
ﬁt and model complexity. Bayes factors often are difﬁcult
to compute from posterior samples, but an approximation to the marginal probability is given by the Bayesian
information criterion (BIC) (Schwarz 1978):
Z
k
log f ðP j hÞpðhÞ dh ¼ log f ðP j ĥMAP Þþ log n þ Oð1Þ
2
ð12Þ
where ĥMAP is the MAP estimator (Eq. 11), k is the
number of free parameters, n is the number of data
points, and O(1) denotes terms of order unity (and hence,
independent of n). Once a model structure has been
chosen by minimizing the BIC score, one may use
posterior sampling to derive Bayesian credible sets
characterizing model parameters.
Treatment of missing data
Justiﬁcation.—The model was estimated from the
data with unsurveyed sites, i.e., those for which Suvt were
treated as uninfested. That is, the ﬁre ant is treated as
being absent from the site, while for sites that are
surveyed, we used the observation obtained for the site.
This allowed us to model the entire area currently
delimited by the BQCC for management of the ﬁre ant
invasion at a sufﬁciently ﬁne spatial scale (1 ha) to
inform surveillance efforts. Had we taken a fully
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Bayesian approach in which occupancies of unsurveyed
sites were treated as random variables, the computational cost would have been prohibitive. Over the ﬁve
years used in model building, only 437 536 of a possible
3 305 225 sites were surveyed by the BQCC. Even if
surveying were perfect, the status of only approximately
one-sixth of the potential sites was known. While it may
seem disingenuous to treat unsurveyed sites as ‘‘uninfested,’’ there are several reasons for this choice. These
areas were not surveyed because they were deemed
unsuitable habitat (lakes, dense forest) or because there
were no passive detections. Passive surveillance in urban
areas has a high probability of ﬁnding ﬁre ant nests
when present (BQCC, unpublished data), and such areas
occupy approximately half of the region. If no nests are
detected in such areas, there probably are no nests there.
This, coupled with a low occurrence rate of infested sites
in comparison to total sites, suggests that there were
very few infested sites within unsurveyed urban areas.
Another reason is the surveying procedure implemented by the BQCC. Every time an infested site was
discovered, all nearby sites within a radius of 500 m or
1000 m were surveyed. If new infestations were
discovered, a radius was drawn around the newly
discovered infestation and the process continued.
Thus, in the BCQQ data set, there was consistently a
large buffer of uninfested sites between any discovered
infestation and the unsurveyed sites. Given that we can
only expect to learn about local (i.e., short-to-medium
range) dispersal, even if there were unknown populations of ﬁre ants in the unsurveyed areas, knowledge of
this would be of little use because these populations
must have either (1) arrived by unpredictable, rare, long
dispersals or (2) be from short-range dispersal completely within the unsurveyed sites. In either of these
scenarios, knowing (or suspecting) that the populations
exist in these unsurveyed sites, which are, by the nature
of the surveying process, a large distance from any
known infestation, will contribute almost nothing to the
estimation of the short-to-medium range dispersal
behavior of the populations that were discovered. The
simple assumption of ignorance should lead to a
negligible loss of information, while taking the steps to
construct a fully Bayesian model will lead to manifold
increased complexity for marginal expected gains.
Impact on inferences.—Does treating unsurveyed sites
as uninfested have a large impact on inference? Again,
the nature of the data and the surveying process means
that there is essentially no effect on estimation of the
parameters, irrespective of how large the modeled area is
taken to be and, hence, how much missing data there
are. It is undesirable and unrealistic if inferences were
affected by the amount of missing data included. The
spread parameters, j, r1, and r2, are invariant to the
amount of missing data because of the large buffer of
surveyed empty cells surrounding any infested site. The
habitat and population parameters, hh and hp, are also
largely invariant to the amount of missing data if one
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TABLE 1. Estimated intra-site growth in the number of red
imported ﬁre ant (Solenopsis invicta) nests per year, Brisbane,
Australia.
Class
1
2
3
4

kk
1.73
7.46
15.29
33.72

(0.001)
(0.07)
(0.662)
(5.403)

wk

P

0.9275
0.0569
0.0123
0.0033

1–5
6–13
14–24
25þ

Note: Abbreviations are: kk, mean number of nests per class;
wk, proportion of sites in each class; k, a manually selected
number of years that partitions the data into two classes, one
from year 2001 to year 2001 þ k and the other from year 2001 þ
k to year 2007; P, the number of nests that are classiﬁed as
being in a particular class, and thus, of a particular age. Values
for kk are expressed as mean with SE in parentheses.

considers the behavior of the model (Eq. 3) in the
unsurveyed cells. Any unsurveyed cell will be a large
distance from a surveyed, infested site, and so the term
due to the radially decreasing spread kernels, U(), ﬃ1.
For simplicity, we let duv ¼ 2 at the cell of interest. If we
consider the partial derivative of Eq. 3 with respect to hh,
we have


]Prð puvt ¼ 0 j Xt Þþ
¼  1  ð1  gÞUðu;v j Xt Þ ð1  hp Þ
]hh


] 1  hh ð1  huv Þ
3
:
ð13Þ
]hh
As noted, due to the distance from the unsurveyed cells
to the closest member of Xt (i.e., the closest surveyed
site), U(u, v j Xt) ’ 1, and the overall gradient will be ;0.
A similar expression is obtained by differentiating with
respect to the population effect hp. Thus, setting the
missing data to empty does not lead to bias in estimation
of the population and habitat effect parameters because
they only have an effect for those sites for which U() is
not too near unity. Due to the buffer, these will generally
only correspond to the surveyed sites.
RESULTS
Intra-site growth model
The Poisson mixture model for intra-site growth, Eq.
2, was estimated from a data set formed by aggregating
all 1882 nonzero values of puvt for all years. Intra-site
growth was assumed independent of the behavior of
inter-site dispersal so the difference in dispersal patterns
in years t ¼ 1 and t ¼ 2 from t ¼ 3, . . . , 5 was
unimportant.
Parameter estimates (and approximate standard
errors) for the selected four-component mixture model
are summarized in Table 1, the components being
ordered by decreasing class weight wk. The class weights
decrease with increasing class rate parameter, with most
of the weight assigned to the class with the smallest rate
parameter. The hypothesis that the rate parameter of
class k (the classes being sorted by decreasing relative
abundance wk) represented average growth expected
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TABLE 2. Dispersal component of the model: details of posterior probability distributions for model parameters.
Parameter

Interpretation

Mode

Mean

SD

r1
j
g
hh
r2
hp

east–west spread
reproductive rate
outliers
habitat effect
north–south spread
urban effect

4.97
1.91
0.000010
1.40
2.35
0.24

2.34
2.01
0.000009
1.39
4.74
0.24

0.32
0.12
0.000005
0.015
0.67
0.03

Notes: North–south and east–west are expressed in the same units and are directly comparable. The reproductive rate is the
number of new nests produced per nest.

after t ¼ k years of growth in a site was thought to be
plausible by experts at BQCC so the model was deemed
suitable. Therefore, simulation of growth in a site in year
(t þ 1) may be done by sampling from puvtþ1 ; Poi(ktþ1).
The intra-site growth model allows one to estimate the
number of years that a site has been infested based on
the nest count for that particular site. The rightmost
column of Table 1 (P), which shows the range of nest
counts that would classify a site as being in a particular
age group, provides an estimate of the number of years
that a newly discovered site has been infested.
Preprocessing of the data
While the data provided by the Queensland government agency covered seven years, 2001–2007, we only
made use of data from years 2003–2007 when estimating
the dispersal model parameters. This was done because
the data for the ﬁrst two years exhibited dissimilar
dynamics to those observed from year 2003 onward. The
data were divided into two segments, one from year 2001
to year 2000 þ k and one from year 2000 þ k to year
2007. Models were ﬁtted to both sets of data and we
chose a value of k of 2 because that yielded the minimum
combined BIC score (penalized negative log-likelihood)
of the two models. Parameter estimates when ﬁtted to
years 2003–2007 were relatively stable but changed
considerably when years 2001 and 2002 were included.
Thus, the choice was made to focus on the data for years
2003–2007 to better represent dynamics of the controlled
invasion, with years 2001 and 2002 being more
representative of unchecked invasion dynamics. For
convenience, we calibrate the t variable such that t ¼ 1
denotes year 2003, t ¼ 2 year 2004, and so on.
The second preprocessing step was to determine which
sites were likely to have been infested for a single year.
Given the discovered intra-site growth model, classifying
a site to be one year old may be done by setting e ¼ 6,
i.e., testing whether puvtþ1 , 6, as one year of growth was
expected to produce between one and ﬁve colonies.
Fitting the dispersal model
The statistics of the posterior distribution are shown
in Table 2. The data suggested a greater tendency for
spread to occur in the east–west than in the north–south
directions. The habitat effect and the urban effect are on
similar scales, so the habitat suitability index score had a
greater effect on ﬁre ant spread than did the urban or

rural classiﬁcation of the site. The posterior standard
deviations for the urban effect, reproductive rate, and
the habitat effect are small compared to the maximum a
posteriori (MAP) point estimates, found by solving Eq.
11. This indicates that there is small uncertainty about
these parameters. An illustration of the spread of the ﬁre
ant invasion is given in Fig. 1. There appears to be an
east–west bias of spread identiﬁed by the model (Table
2, Fig. 1).
Future validation for 2008 and comparison against
BQCC strategy
To test the effectiveness of the estimated model, a
simulated targeted search was undertaken on the 2008
data, conditioned on the nests found in 2007. The 2008
data were obtained after the model was developed and
estimation was completed and therefore represent newly
collected validation data. To evaluate the practical
utility of our model we compared the number of nests
found using the model with the number found using the
current method of the BQCC, which we refer to as
‘‘proximity search.’’ That method is to search a
predetermined radius around each detected nest (whether it be detected with passive surveillance or by BQCC
staff ). This can be described as a naı̈ve method because
it does not account for dispersive jumps, as our model
does. Under the simulated search strategy carried out by
BQCC in 2008, an equal area is searched around each of
the nests detected in 2007. We considered 15 different
resource levels, ranging from 1975 to 85 316 ha. Each
total resource level corresponds to a given search radius
around each nest detected in 2007. For example, a total
search area of 1975 ha corresponds to a search radius of
two cells (;20 ha), while a total search area of 85 316 ha
corresponds to a search radius of 30 cells (;2900 ha). To
compare the BQCC search strategy with our model, we
ranked sites according to their probability of being
infested and ‘‘searched’’ the sites with the highest
probabilities, subject to the constraint on the total
search area.
In 2008, BQCC searched 43 811 ha and 187 infested
sites were found. The majority of those discoveries were
due to passive detection in which members of the public
reported ant infestations, and most of the remaining
discoveries were made in follow-up searches conducted
in the area of reported infestations.
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The BQCC search strategy can be interpreted as
search over a probability map generated by a variant of
our model. In that model variant, one ignores the effect
of habitat and population density and chooses a kernel
function that is constant inside a square centered on
each of the previously infested sites in the set Xt, with
probability zero outside. The primary difference between the BQCC version of our model and our own
variant is that such square ‘‘kernels’’ do not interact in
the former version. Rather, intersection between square
kernels that may arise due to close proximity of several
sites discovered in the previous year does not increase
the probability of infestation in the areas in which the
kernels overlap. This is in contrast to our model, in
which proximity of several infested sites in the previous
year will increase the probability of infestation in the
areas that they overlap and thus raise the search priority
of these areas.
DISCUSSION
Predicting locations of individuals of a given species is
critical to many areas of ecology and conservation
biology (e.g., invasive species, Peterson 2003; habitat
suitability models, Fleishman et al. 2001; endangered
species management, Lindenmayer and Possingham
1996; biodiversity assessment, van Jaarsveld et al.
1998; restoration ecology, Thomson et al. 2009). The
prediction problem for invasive organisms is difﬁcult
because invader locations are generally in a state of
relatively high ﬂux, so models are nonstationary in
character (Suarez et al. 2001). Many existing (statistical)
models consider multiple sources of uncertainty, includFIG. 2. Sites selected under a standard proximity-based
search (blue shaded) and sites selected using our jump dispersal
model (green shaded). Sites selected under both strategies are
highlighted in red, and nests actually detected in 2008 are
marked with 3 symbols. Total search areas were (a) 20 846 ha
and (b) 53 290 ha.

Simulated search was undertaken by ignoring passive
detections and performing a targeted search of 43 800
ha, guided by the probability map produced by the
dispersal model. The simulation revealed that 148 of the
187 infested sites would have been discovered by
targeted searching guided by the probability map.
Thus, ;80% of nests discovered in 2008, largely by
passive detection, would have been found using our
model (Fig. 2). In comparison, a random search of the
area under consideration would be expected to ﬁnd ;11
infested nests, with the BQCC’s proximity-based search
method (described in Future validation for 2008. . .)
expected to ﬁnd ;90 nests. Within the range of search
effort typically available to BQCC (20 000–40 000 ha/
yr), there is a large advantage in using our model to
choose where to search for ﬁre ant nests, with the BQCC
search protocol ﬁnding less than half the number of
nests (Fig. 3).

FIG. 3. Within the range of search effort that typically is
available to Queensland Biosecurity Control Centre (20 000–
40 000 ha/yr), there was a large advantage in using our model
(triangles) compared with the standard approach (circles) to
choose where to search for ﬁre ant nests, with almost twice the
detection rate.
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ing process and state uncertainty, but are not well suited
to representing invasions occupying a large area at low
density, in which many sites have not yet been
scrutinized.
The key characteristics of the ﬁre ant invasion were:
(1) an invasion in its relatively early stages and (2) a
comparatively rich data set with a sequence of yearly
information. We also assumed that the biology of the
focal species involves intra-site population growth
(accretion to nearby nests) and saltatory inoculation of
distant sites, but is otherwise poorly understood. Under
these circumstances, our model was demonstrably much
more effective at predicting locations of ﬁre ant
locations than a simple proximity-based model, which
had been the approach relied upon by management until
the creation of our model. Because most invasion
processes probably include both local dispersal and long
distance ‘‘jumps’’ and many invaders have poorly
understood biological attributes, our modeling structure
has wide potential application.
Our method considered multiple sources of uncertainty in invasions occupying a large area at low density.
The latter condition allowed us to make a simplifying
assumption that there were no nests in unsearched areas.
Given that the probability of occurrence at any
^ 0 ¼ 0.0016 (probably a
randomly selected site was g
substantial overestimate given that this estimate excludes unsearched sites), this simpliﬁcation was reasonable and offered huge beneﬁts in the extent and grain
(sensu Wiens et al. 1987) of the problem one could
address within computational limits. Moreover, parameter inference should be invariant to inclusion of missing
data about which nothing is known (i.e., an arbitrarily
large overall area of consideration, the spatial extent). In
our formulation, only known data contributed to
parameter estimates. We also speciﬁed that the effects
of habitat suitability and human population density
enter in a multiplicative fashion, scaling the probability
of infestation determined by the spread kernel model.
Given the average distance of the unsurveyed sites from
the set of known infested sites, the probabilities
determined for the spread kernels are very low and the
habitat and human population density parameters have
little inﬂuence in probability estimates for the unsurveyed sites. This is advantageous because the habitat
and human population density values at the sites of
unsurveyed data will not contribute to the estimation of
the habitat and human population density parameters.
One of the reasons for the great superiority of our
model over the proximity-based search method was that
many of the sites ranked relatively highly by our model
did not fall within the search radius used in the latter,
currently used approach. For example, in the leftmost
cluster of infested sites (Figs. 1 and 2), there are ‘‘subclusters’’ separated by a distance greater than the search
radius under proximity-based search. Those sub-clusters
were not searched under that strategy. It seems likely

that there would be some infestations between such subclusters, assuming that nests are dispersed according to a
Cauchy kernel (as we built into our model).
While our model clearly is much superior to the
existing method used for this program of eradication, it
is not clear whether the gains from using the model
would be sufﬁcient to increase the probability of
eradication. Fig. 3 illustrates that if the area searched
is between 20 000 and 40 000 ha, large savings can be
made in search effort by using our model instead of the
current search method. When resources are limited such
savings can be of critical importance in controlling,
rather than eradicating the invasion, because the savings
would help the invasion manager to maintain population densities at a low level with available resources.
However, eradication may still be infeasible. In our case
study, a small proportion of ﬁre ant nests result from
unpredictable long-distance jumps. Such nests would
not readily be found using a predictive model such as
ours and may only be found by conducting an
exhaustive search of a much larger area (Fig. 3). Such
an exhaustive broad-area search effort would probably
have a prohibitive cost when conventional search
methods are used, implying that alternative surveillance
methods need to be considered to achieve eradication.
Using the model presented here, BQCC decided to
change its eradication strategy to include improved
predictions made with our model and a new search
method, remote sensing, to ﬁnd nests whose locations
are difﬁcult to predict. Remote sensing can cover a much
larger area than can be searched with the current ground
surveillance methods but has lower sensitivity. It is not
yet known whether the combination of remote sensing
and improved ground surveillance using our model
would increase eradication probability. This important
question is left to future research.
Our modeling structure offers much potential beneﬁt
in identifying areas of high probability of occurrence of
individuals in systems experiencing rapid ﬂux, including
not only biological invasions but also shifts in species
ranges under anthropogenic change. Improving the
efﬁciency of detection of invasive or threatened organisms at low densities, when management intervention is
often most crucial but relevant information is sparse or
expensive to collect, will greatly enhance our capacity to
manage sensitive systems so as to mitigate negative
impacts in environmentally sensitive areas.
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