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Introduction
Due to their impact on natural systems, 
eradication of invasive species is prefer-
able when possible. Deciding whether a 
species has been successfully eradicated 
is diffi cult because of imperfect detection 
(Morrison et al. 2007). There are two ways 
that the decision to declare eradication can 
go wrong: if the species is declared eradi-
cated when still present, its population 
may grow undetected, incurring large eco-
nomic and environmental costs; alterna-
tively, continuing surveys when the spe-
cies is already gone involves unnecessary 
survey costs (Regan et al. 2006). By analys-
ing this dilemma as an explicit decision 
problem, managers can balance the risk of 
these errors, and above all, make decisions 
that are transparent and justifi able. In this 
paper I summarize current work in the 
development and application of decision 
theory for declaring eradication.

Methods
Decision framework
A decision framework balancing the risks 
of both types of error was developed by 
Regan et al. (2006). They use economic 
value to quantify the consequence of these 
risks. The simplest version is their ‘rule of 
thumb’ formulation, which calculates the 
net expected cost (NEC) of declaring eradi-
cation after d surveys without detection 
(hereafter referred to as ‘absent surveys’): 

NEC(d) = (d − 1)Cs + p(d)Ce

where Cs is the cost of one survey, Ce is 
expected cost of falsely declaring eradica-
tion, and p(d) is the probability that the 
species is present after d absent surveys. 
The optimal decision is the value of d that 
minimizes the net expected cost. This can 
be found analytically, or by plotting the 
NEC for a range of values of d and identi-
fying the minimum (e.g. Figure 1). 

This equation has three components 
that must be estimated: the cost of survey-
ing, the cost of falsely declaring eradica-
tion, and the probability of presence. The 
two cost parameters are constants, while 
the probability of presence depends on the 
number of absent surveys: the probability 
of presence will decrease as the number 
of absent surveys increases. It can be seen 
when graphing the net expected cost and 
probability of presence together that this 
probability function will have a signifi cant 
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infl uence on the optimal result (Figure 1). 
For this reason, work expanding on this 
decision framework has focused on mod-
els for calculating the probability of pres-
ence, and how uncertainty in this prob-
ability affects decision-making.

Models to calculate the probability of 
presence
To calculate the probability the invasive 
species is still present after d absent sur-
veys, Regan et al. (2006) used the model: 

p(d) = [h(1 − q)]d.

where h is the annual probability the spe-
cies persists and q is the probability of 
detection. It is assumed that the annual 
probability of persistence and the prob-
ability of detection, if present, are constant 
over time. Regan et al. (2006) assumed sur-
veys occurred annually, but this could be 
adapted to any time interval i.e. if surveys 
occur monthly, then h would instead be 
the probability the species persists from 
month-to-month.

Using this model to calculate the prob-
ability of presence, the optimal number of 
absent surveys before declaring eradica-
tion (d*) can be calculated directly as (Re-
gan et al. 2006):
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where r = h(1 − q). 

Figure 1. Example showing the relationship between probability of 
presence and net expected cost of declaring eradication after d surveys 
without detection. The dotted line is the probability of presence (left y 
axis), and the solid line is the net expected cost (right y axis). In these 
examples the cost of falsely declaring eradication is 100 times the cost of 
a survey. The probability of presence is calculated using the model from 
Regan et al. (2006), with a) h = 0.5, q = 0.5 and b) h = 0.8, q = 0.2.
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An alternative method for calculating 
this probability was investigated by Rout 
et al. (2009). For species where the param-
eters of the above model are not available 
or reliable, the probability of presence 
can be estimated using only the sighting 
record. Sighting record methods have 
previously been used to test the extinc-
tion of rare or threatened species (Solow 
1993, Roberts and Solow 2003). Rout et al. 
(2009) adapted these methods to an eradi-
cation programme, allowing transparent 
decision-making when only minimal data 
are available.

A sighting record consists of S surveys, 
where the species has been sighted in n of 
these. The most recent sighting was at sur-
vey sn, so d = S − sn. Then, the probability 
the species is still present given its sighting 
record is (Rout et al. 2009):

 p(n,sn,d) = (1 + {(1 −ϖ)/[ϖ(n − 1)/[((sn 
+ d)/sn)n − 1 − 1]]})−1,

where ϖ is the prior probability the species 
is present (see Solow 1993 for model devel-
opment and assumptions). This method 
assumes surveys do not occur with refer-
ence to time, making it suitable for cases 
where surveys have not been performed at 
regular time intervals (Rout et al. 2009).

When using sighting record methods to 
calculate the probability of presence, Rout 
et al. (2009) derived an approximation to 
the optimal number of absent surveys 
because a direct expression could not be 
found:

n
1

d* ≈ sn ⎜
⎝

⎛ (n − 1)2 ϖCe
⎟
⎠

⎞
sn (1 − ϖ)Cs

− sn

They found that this approximation per-
forms well under most circumstances (see 
Rout et al. (2009) for details). 

Either of these models could be used 
within the decision framework to fi nd out 
when to declare successful eradication. Or 
neither of them need be used—instead a 
custom model could be developed and 
substituted. Ramsey et al. (2009) applied 
the decision framework to declaring suc-
cessful eradication of feral pigs on Santa 
Cruz Island, California. They did not use 
either of the above models, but instead 
modelled the sensitivity of their two sur-
veillance techniques, and determined the 
level of surveillance effort (rather than 
number of absent surveys) that would 
minimize the net expected cost of declar-
ing eradication. Although contractual 
obligations meant the decision to declare 
eradication was ultimately based on meet-
ing a threshold probability of presence 
(<5%), applying this framework was still 
helpful as it allowed consideration of the 
risks on both sides of the decision (Ramsey 
et al. 2009). 

Uncertainty in the probability of presence
Uncertainty is pervasive in ecology, and 
must be considered when applying this 
decision framework to real-life problems. 
One way that this uncertainty can be con-
sidered explicitly is through an info-gap 
analysis (Ben-Haim 2006). Instead of fi nd-
ing the decision that will minimize cost 
for a specifi c model, info-gap asks the 
question: how wrong could this model be 
before costs are unacceptably high? The 
focus of the optimization is shifted from 
fi nding the decision with minimum costs 
to fi nding the decision with maximum ro-
bustness to uncertainty.

The ‘best guess’ or nominal model for 
the uncertain parameter is a starting point 
around which uncertainty is propagat-
ed. Rout et al. (in press) did an info-gap 
analysis of this decision framework, and 
found the decision that was relatively ro-
bust to uncertainty in the probability of 
presence. Rout et al. (in press) fi rst used 
the model from Regan et al. (2006) as the 
nominal model for how the probability 
of presence declines with the number of 
absent surveys. They then derived a gen-
eral result for any convex nominal model: 
the robust-optimal solution will always be 
greater than the optimal solution with that 
nominal model. In other words, if man-
agers are uncertain about their model of 
the probability of presence, they should 
survey for longer than specifi ed by the op-
timal solution. 

Discussion
I present here several different ways to 
model the probability the invasive species 
is present. When applying this framework 
to a target species, choice of a suitable 
model for probability of presence will 
depend on the amount of information 
available. Eradications are more likely to 
be successful when the species invaded 
recently (Rejmánek and Pitcairn 2002), but 
this means there may be little information 
about the infestation, or the species’ life 
history in a novel environment. Sighting 
record methods can be used when there 
is only a bare minimum of data available 
(Rout et al. 2009). With information of per-
sistence and detectability of the species, 
the model from Regan et al. (2006) can be 
used. If managers are fortunate enough 
to have very detailed information about 
the species, a case-specifi c model can be 
formulated, as in Ramsay et al. (2009). Un-
certainty surrounding the choice of most 
suitable model can be dealt with by com-
paring results from multiple models, or by 
using a method such as info-gap analysis 
(Rout et al. in press). 

The work summarized in this paper 
has focused on the probability of presence 
as a source of variability and uncertainty. 
However, there are other parameters with-
in this framework that could be diffi cult to 
estimate, in particular the cost of declaring 

eradication prematurely (Ce). For example, 
Regan et al. (2006) applied their framework 
to bitterweed (Helenium amarum), an inva-
sive species to central Queensland, Aus-
tralia, that was declared eradicated in 1992 
(Tomley and Panetta 2002). Regan et al. 
(2006) estimated Ce as the expected cost of 
bitterweed escaping the area of infestation 
and becoming widespread. This cost was 
a signifi cant impact to the dairy industry, 
as bitterweed makes dairy cows produce 
bitter, undrinkable milk when ingested. 
As it happens, bitterweed was not success-
fully eradicated, and was rediscovered at 
the site of reinfestation in 2007 (Csurhes 
and Zhou 2008). It had not spread out of 
the original infestation site, and so did not 
impact on the dairy industry as predicted. 
The cost of declaring eradication prema-
turely was instead the cost of re-starting 
the eradication programme; although, as it 
took 39 years of control before eradication 
was declared the fi rst time, this cost could 
also be substantial.

Ramsey et al. (2009) also cited concerns 
about estimating Ce for their application to 
feral pig eradication. They felt that many 
of the potential indirect costs of falsely de-
claring eradication, such as political costs 
or opportunity costs, were both unknow-
able and likely to be substantial. Under-
estimating Ce by leaving out these costs 
could lead to underestimating the optimal 
number of absent surveys before declaring 
eradication. If this is a concern, it could 
be investigated (e.g. through sensitivity or 
info-gap analysis) how decisions are af-
fected by uncertainty in this estimate.

This paper summarizes the main fi nd-
ings of recent work on decision-making 
methods for declaring eradication. I urge 
anyone interested in applying these meth-
ods to read the source papers for a full 
explanation of the model development 
and assumptions. Formulating this ques-
tion as an explicit decision problem has 
several advantages. All decision-makers 
use models to predict how their systems 
will respond to different management 
options, but most often these are mental 
models rather than explicit mathematical 
models (Sterman 1991). Mental models 
are not easily understood by others, and 
the assumptions on which they are based 
are diffi cult to examine (Sterman 1991). 
By formulating an explicit mathematical 
model of how the system works, the ideas 
and assumptions that infl uence decision-
making are made transparent. Also, by 
explicitly considering the different risks 
involved, managers can provide justifi ca-
tion for their decision, which may help 
with accountability and funding requests. 
This being said, decision tools should not 
dictate precisely what action will be taken, 
but  should act as decision support to help 
managers understand and communicate 
the consequences of their decisions, and 
weigh competing outcomes. 
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Summary 
In this paper I present a spreadsheet that 
implements the spatial surveillance pri-
oritization methodology developed by 
Hauser and McCarthy (2009). They couch 
surveillance planning within a cost-
benefi t framework to identify both how 
much investment is justifi able to detect a 
weed and how that investment should be 
distributed across a heterogeneous land-
scape. The methodology partitions the 
landscape into homogenous sites with 
the optimal allocation depending on the 
probability that the weed is present, the 
ease of weed detection, and the benefi ts 
of weed detection at each site. A surveil-
lance plan can be calculated for an arbi-
trarily large number of sites, limited only 
by the spreadsheet’s row capacity.

Introduction
Early detection of and response to weeds 
is crucial for their feasible eradication or 
containment (Panetta and Timmins 2004, 
Cacho et al. 2006, 2008). However it is only 
recently that the cost of surveillance has 
been traded against its inherent conse-
quences, such as the probability of suc-
cessful eradication or the damage caused 
by the weed (Regan et al. 2006, Mehta et al. 
2007, Bogich et al. 2008, Rout et al. 2009). 
Increased investment in surveillance is ex-
pected to increase the proportion of weeds 
detected and thus, decrease the impact of 
the weed. Though the rate of weed detec-
tion is rarely well understood, these stud-
ies highlight its importance for planning 
cost-effective surveillance; furthermore, 
methods exist to estimate detection rates 
(Garrard et al. 2008).

Hauser and McCarthy (2009) model 
the surveillance of a weed that is thought 
to be at a low density in a heterogenous 
landscape. In such circumstances, strate-
gic planning is vital for identifying where 
and how much surveillance effort is jus-
tifi ed. By partitioning the landscape into 
homogeneous sites, Hauser and McCarthy 
determine the survey intensity at each site 
that (A) optimally trades the surveillance 
cost against the expected benefi ts of early 
detection, and (B) minimizes expected 
weed impact subject to a fi xed surveillance 
budget.

Although Hauser and McCarthy’s 
equations appear complicated, it is possi-
ble to implement them in a spreadsheet to 

obtain the optimal solution. In this paper I 
present such a spreadsheet.

Materials and methods
Hauser and McCarthy (2009) modelled a 
heterogeneous landscape as set of n con-
tiguous sites, each of equal area, with the 
weed being either present or absent within 
each site. Each site can be searched, with 
the probability of detecting the weed de-
pending on the presence or absence of the 
weed, the search effort invested, and the 
local terrain. This search effort incurs a 
cost. Weed detections trigger control ef-
forts in the neighbourhood of the incur-
sion, which may continue over some time. 
In this way, weed detections also incur a 
cost. The failure to detect a weed in some 
sites is expected to incur the greatest costs 
of all, given that the weed is expected to 
spread and cause further damage before 
being detected and controlled at some 
later date.

Selecting an objective
Hauser and McCarthy (2009) consider two 
surveillance planning scenarios. First, they 
assume that the impacts of the weed can 
be measured in the same currency as sur-
veillance effort. In this case it is possible 
to identify an optimal trade-off between 
the surveillance costs and weed impacts 
(objective A); as surveillance investment 
increases, we expect successful weed de-
tections to increase and weed impacts to 
decrease.

The second scenario assumes that a 
non-negotiable surveillance budget is 
available; then the objective is to distribute 
that budget amongst the n sites such that 
the expected weed impacts are minimized 
(objective B). In this scenario it is not 
necessary that the surveillance costs and 
weed impacts be expressed in the same 
currency, and it is possible to calculate the 
expected impacts under a range of budg-
ets to assess the trade-off between unlike 
currencies. 

Partitioning a landscape into sites
To maintain consistency of results, Hauser 
and McCarthy’s model requires that all 
sites be of the same area. Thus, dividing 
the landscape into a square grid can be 
convenient. It is important to select an 
appropriate spatial scale upon which to 
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