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de h«abitat para zorros ( Vulpes macrotis mutica). Con nuestro presupuesto anual estimado para el manejo
del tigre de Sumatra, el tiempo medio hasta la extinci «on fue de 32 a÷nos aproximadamente. Con nuestro
presupuesto anual estimado para el manejo de V. m. mutica, el tiempo medio hasta la extinci «on fue de 24
a÷nos aproximadamente. Nuestro marco de referencia permite que los manejadores aborden la pregunta de
c«omo asignar recursos escasos para la conservaci«on entre subpoblaciones de cualquier especie amenazada.

Palabras Clave: asignaci«on de recursos financieros, especies amenazadas, manejo«optimo, principio general,
programaci«on estoc«astica din«amica, teor«õa de decisiones, Tigre de Sumatra,Vulpes macrotis mutica

Introduction

Worldwide, threatened species have been affected ad-
versely by habitat loss and fragmentation. These changes
can be caused by short-term human impact, such as
land clearing, or by long-term impacts, such as climate
change. The resulting habitat fragmentation means that
many threatened species tend to exist in a small number
of relatively isolated subpopulations (Harrison & Bruna
1999). Although a number of ecological theories provide
conservation biologists with general principles for con-
sidering the persistence of threatened species remaining
in scattered subpopulations, for example, island biogeog-
raphy theory, metapopulation theory, and the sourceÐ
sink paradigm (Andrewartha & Birch 1954; MacArthur
& Wilson 1967; Pulliam 1988; Hanski 1999), their use in
providing practical and economically astute management
plans for conservation management is limited (Possing-
ham et al. 2001).

A number of researchers have used population via-
bility analysis to look at the effect of different manage-
ment options on the persistence of threatened species
(Beissinger & McCullough 2002); however, this approach
rarely considers the cost associated with management or
constraints on conservation budgets. With finite time and
resources to implement conservation strategies for threat-
ened species, managers need a quantitative framework
to aid in decision making that explicitly incorporates the
costs and benefits of management options, allowing re-
sources to be optimally allocated to achieve conservation
objectives efficiently and transparently.

The use of decision theory to determine optimal re-
source allocation among different actions has been ad-
dressed in a number of different conservation contexts,
including conservation planning for reserves, habitat re-
construction, and optimal management of threatening
processes (Margules & Pressey 2000; Shea & Possing-
ham 2000; McCarthy et al. 2001; Tenhumberg et al.
2004). Most work, however, considers variation in time
or space but not both simultaneously. Spatial allocation of
resources has been considered widely through systemic
reserve design and spatial prioritization of conservation
projects (Guikema & Milke 1999; Margules & Pressey
2000). Nonetheless, such decisions are essentially irre-
versible. For example, if a manager decides to protect

habitat for a subpopulation by declaring a reserve in
the area then that decision does not change as subse-
quent events occur. In threatened-species management
there are many situations in which strategies need to
vary over time and as the state of the system being man-
aged changes (Shea & Possingham 2000; McCarthy et al.
2001; Tenhumberg et al. 2004). There is limited research
in conservation that considers both spatial and temporal
resource allocation (but see Wilson et al. 2006).

The question of how to allocate conservation ef-
fort over time among several spatially isolated sub-
populations is common. Numerous management pro-
grams worldwide distribute resources in this manner
to ensure the persistence of threatened species. Exam-
ples of this can be found in many taxonomic groups
and range from iconic species such as the Sumatran
tiger (Panthera tigris sumatrae) (Linkie et al. 2006)
to species such as GunnisonÕs Sage Grouse (Centro-
cerus minimus ) (Oyler-McCance et al. 2001), the golden
lion tamarin (Leontopithecus rosalia) (Pinto & Rylands
1997), Caribbean staghorn coral (Acropora cervicornis)
(Vollmer & Palumbi 2007), and Japanese woodland prim-
ula (Primula sieboldii ) (Washitani et al. 2005).

We addressed optimal decision making in terms of
both spatial and temporal allocation of resources. We for-
mulated the problem within a decision theoretic frame-
work and explicitly considered the consequences and
costs of each management decision (Shea & Possingham
2000; Possingham et al. 2001; Maguire 2004). Thus, we
took an economic approach to the problem and posed
the question: Given a threatened species restricted to
a small number of isolated subpopulations, how many
subpopulations should we manage to maximize the ex-
pected number of extant subpopulations (NEP) and min-
imize expected costs? We addressed this question in 3
ways. First, we derived a simple rule of thumb. We then
found the exact optimal strategy for how many subpop-
ulations to manage through stochastic dynamic program-
ming (SDP) (Mangel & Clark 1988), which allows discrim-
ination among alternative management policies based on
both conservation and economic costs and benefits (Watt
1968; Walters & Hilborn 1978). Finally, we compared the
performance of the rule of thumb and the exact optimal
strategy (SDP) to simple heuristic management scenar-
ios that require no calculations or complex algorithms.
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We present this as a general framework for allocating
resources to management options both temporally and
spatially. We then applied our framework to 2 case stud-
ies: the reduction of poaching of Sumatran tigers (P. tigris
sumatrae) and land acquisition for the recovery of the
San Joaquin kit fox (Vulpes macrotis mutica).

Methods

Rule of Thumb

Consider a system ofN isolated subpopulations of a
threatened species. Assume that action can be taken in
each subpopulation separately to increase its chance of
persistence. A reasonable conservation objective is to
maximize the number of extant subpopulations over a
given management period. Given real-world limitations,
such as the fixed costs of establishing management op-
erations at a subpopulation, a cost to management ef-
fort, and a fixed budget, a management agency should
ask the question, How many subpopulations should be
managed? At one extreme one subpopulation could be
managed exceedingly well, risking the extinction of all
others. At the other extreme all subpopulations could be
managed at a reduced level, risking the extinction of all
of them.

To formulate the problem we first needed to know the
relationship between resource allocation and a subpop-
ulationÕs probability of extinction. We let the probability
of extinction of a subpopulation be a decreasing function
of the budget allocated to it for the planning periodb:

P (b) =
P0

�

�
b Š c f

cm

�
+ 1

(1)

where Po is the probability of extinction of the species in
a subpopulation that is not managed, and� is a shape pa-
rameter. Small values of� indicate that the initial benefit
of increasing the budget allocated to the subpopulation is
small, whereas large values of� mean there is a large ben-
efit to a budget increase. We letcf be the average fixed
cost of management of a subpopulation andcm be the av-
erage cost of an individual management Òitem.Ó A fixed
cost of management might include, for example, travel
to the subpopulation or legal costs associated with the
decision to take management action at a subpopulation.
A management item could be any quantifiable cost asso-
ciated with management intensity, for example a poison
bait, a tree for a revegetation program, or the cost of rein-
troducing an individual back into a subpopulation. Thus,
the probability of extinction of a subpopulation
can be reduced by a product of the management effi-
ciency in a subpopulation (�) and the number of man-
agement ÒitemsÓ that can be afforded with a given budget
once the fixed cost of managing a subpopulation is de-
ducted (the management intensity).

We assumed that the total budget,B, was allocated
evenly among a number of managed subpopulations,n,
with the intensity of management per subpopulation de-
creasing as the number of subpopulations managed in-
creases and that the total budget must be spent in any
one management period. Hence, the probability of ex-
tinction of a single subpopulation is a function ofn:

P
�

B
n

�
=

P0

�

� B�n Š c f
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�
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, where n = 1, 2, . . . , N .
(2)

To develop a simple rule of thumb, we needed to
choose the number of subpopulations to manage that
maximizes the expected number of extant subpopula-
tions (NEP) in one time step. The function to be maxi-
mized is thus the sum of the number of subpopulations
that are managed that persist and the number of subpop-
ulations that are not managed that persist:

NEP=
n�

i= 1

�
1 Š Pi

�
B
n

��
+

N�

i= n+ 1

(1 Š P0,i ), (3)

where Pi (B/n) is the probability of extinction of sub-
population i if one spendsB/n dollars in i , andP0,i is the
probability of extinction of subpopulation i if we do noth-
ing in i . In this system it is assumed that dispersal among
subpopulations is not significant and thus the probabil-
ity of extinction of each subpopulation is assumed to be
independent. Equation 3 can therefore be restated as:

NEP= n
�

1 Š P
�

B
n

��
+ (N Š n)(1 Š P0). (4)

The number of subpopulations to manage that maxi-
mizes the number of extant subpopulations,n� , can be
calculated by maximizing Eq. 4 and solving forn (see
Supplementary Material):

n� =
�c f Š (c f �cm)1/2B

c f (�c f Š cm)
. (5)

To interpret this result we created some logical, nondi-
mensional combinations of parameters from the expres-
sion for n� . We let � be the cost of halving extinction
probability relative to fixed costs and� be the total bud-
get scaled in units of the fixed cost of operating at a
subpopulation (Òscaled budgetÓ), that is

� =
cm

�c f
(6)

and

� =
B
c f

. (7)

Thus, Eq. 5 can be restated in terms of� and � (see
Supplementary Material):

n� = �
1

1 + �1/2
. (8)
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Hence, in words, the optimal number of subpopula-
tions to manage is the number of fixed costs,cf , that can
be covered with the total budget,B, multiplied by 1

1+ � 1/2 ,
which means if one can cover more fixed costs, then one
should manage more subpopulations, and if the cost of
halving the extinction probability relative to fixed costs
in subpopulations gets bigger, then one can effectively
manage fewer subpopulations. Of course, if the optimal
strategy is greater than the number of subpopulations
remaining one would manage all of them.

State-Dependent Optimization

The rule of thumb given by Eq. 8 does not take a long-
term view of management as it does not account for the
effect of current decisions on possible future decisions
and states. The use of stochastic dynamic programming
(SDP) provides a solution that considers all possible fu-
tures; it is a state-dependent model of the system that
incorporates time. Stochastic dynamic programming is a
mathematical optimization method that can be applied to
any stochastic system that can be modeled by a Markov
chain and described as a finite set of states in which
a series of sequential decisions must be made (Bellman
1957; Mangel & Clark 1988; Lubow 1996; McCarthy et
al. 2001). Stochastic dynamic programming determines
the exact optimal strategy for the number of subpopu-
lations to manage,n� , depending on the management
objective, time, and the current state of the system. It is
therefore important that a model of the state dynamics
of the system be developed (McCarthy et al. 2001). In
this case states are the number of extant subpopulations
remaining in the system; hence, there areN + 1 possible
states. As with the rule of thumb, the probability of ex-
tinction of each subpopulation given n subpopulations
are managed,P(B/n), is given by Eq. 2.

Stochastic dynamic programming works by stepping
backwards from the terminal time T, in which the Òter-
minal reward,Ó a value given to each state based on the
extent to which it satisfies the objective, is received. For
each time step all possible decisions (represented by the
number of subpopulations managed,n) are evaluated for
every possible number of extant subpopulations remain-
ing. Thus, the SDP depends on defining probabilities of
transition from one state to another and the value of be-
ing in that state. In this case we assigned the value of the
strategy as the number of extant subpopulations (NEP)
at the terminal time, T. Because there was no dispersal
among subpopulations and thus no chance of coloniza-
tion, the only process involved in the transitions was that
of local extinction. Local extinction reduces the num-
ber of subpopulations in the system and can occur when
subpopulations are managed or unmanaged. We letP(k,
j |n, N) be the probability that k of n managed subpop-
ulations, andj of N Š n unmanaged subpopulations, go
extinct in one time step. Assuming the extinction events
are independent, we calculated that

P (k, j |n, N ) =
�

n
k

�
P

�
B
n

�k �
1 Š P

�
B
n

��nŠk

×
�

N Š n
j

�
P j

0 (1 Š P0)NŠnŠ j , (9)

where n � k � 0 and N Š n � j � 0, and P (B/n) is
derived from Eq. 2.

The N transition matrices are generated, one for every
possible management decision. The optimal decision for
each time step,t, and each state,s, is determined by the
dynamic programming equation:

VtŠ1(NEP)= max
n= 1,2,..,N

N�

s= 1

Vt (NEP, s)Dn(s), (10)

where V is the value of the function andDn is the transi-
tion matrix when n subpopulations are managed (n = 1,
2, . . ., N) (Mangel & Clark 1988).

Simulations of Simple Management Options

We used forward simulation to compare the rule of
thumb and the optimal strategy determined by the SDP
with some simple management strategies. We examined
5 scenarios we thought were straightforward and plausi-
ble: (1) manage all extant subpopulations, (2) manage half
the extant subpopulations, (3) manage one extant sub-
population, (4) manage half the original number of
subpopulations if NEP is half the original number
of subpopulations; otherwise, manage all extant subpop-
ulations, and (5) a random number of extant subpop-
ulations. Simulations were run over 10,000 iterations.
Strategies were assessed by their performance over time
and their robustness to uncertainty. We assessed perfor-
mance by calculating the mean number of extant sub-
populations at each time relative to the optimal strategy.
Robustness was investigated by examining the standard
deviation of the NEP at each time step.

Sensitivity to Changes in� and�

The performance of all management strategies were as-
sessed for their sensitivity to� and �. This allowed us
to assess the sensitivity of our conclusions to changes in
the cost efficiency of management,�, and scaled budget,
�. Initially we considered parameter values for� and
� at low, medium, and high levels. Nevertheless, high
and medium parameter values for� and � generated
similar results, so we only present low and high param-
eter values (low, � = 2 and � = 1; high, � = 50 and
� = 10).

Sumatran Tiger Case Study

We applied our method to a case study of Sumatran tigers
in the 36,400-km2 Kerinci Seblat National Park. We used
information from a recent study of habitat preferences,
population viability, and conservation management op-
tions for tigers in this area (Linkie et al. 2006). Kerinci
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option for making efficient and beneficial management
decisions. Managers confronted with decisions regarding
how many subpopulations to manage will usually find
it too difficult or time-consuming to find the exact opti-
mum solution through SDP. Our analytic approach pro-
vides managers with a rule of thumb that is much easier
to use and interpret (Regan et al. 2006).

We also tested some other straightforward decision
rules for management that did not take economics into
account. The performance of these simpler management
strategies worked well under some circumstances but
were never robust to changes in the model parameters.
Therefore, the benefit of the simplicity gained from not
considering economic factors is lost due to an increased
risk that the strategy could be drastically wrong. This
further highlights the need for management decisions to
be based on resource availability and assessed within a
decision-theory framework in which the costs and bene-
fits of management can be clearly incorporated. Our rule
of thumb allows decision makers to quickly examine how
sensitive their decisions are to changes in parameter val-
ues (e.g., how an increase in travel cost may affect the
recommended number of subpopulations managed) and
enables a systematic evaluation of the factors that will
affect management.

Applying the rule of thumb to the conservation man-
agement of the Sumatran tiger and the San Joaquin kit
fox showed that this rule performed well for real-world
scenarios and is therefore a plausible management tool
even though the circumstances and suite of management
actions for these 2 species are very different. The viability
of the Sumatran tiger population was very responsive to
budgetary changes, but the kit fox population was not.
Our rule can be used to investigate the relative benefit of
current management investment and proposed changes
to this investment by looking at how the expected time
to extinction changes with the available annual manage-
ment budget.

Our work highlights the need to consider the availabil-
ity of financial resources as a key limiting factor to con-
servation management. It provides a tool for considering
the allocation of resources within species management,
demonstrating where subpopulation triage may be neces-
sary. It also enables managers to determine the return on
investment for increased spending on a particular action
or species. That is, conservation budgets may not match
the long-term objectives of the recovery program for a
given threatened species and resources directed to this
species may need to be reassessed or even redirected to
species that may yield a better return on investment.

The rule of thumb provides an accessible decision-
support tool that can be easily implemented by decision
makers to explore different scenarios and situations, pro-
vided they are aware of the modelÕs limitations. Two of
our main assumptions were that subpopulations are iso-
lated and the functional form of the relationship between

the availability of financial resources and the probability
of subpopulation extinction is known. For simplicity we
assumed that the subpopulations in our system were not
linked, that dispersal among subpopulations was negligi-
ble, and that every subpopulation was the same. This may
seem an oversimplification, but in reality many species
have limited dispersal ability because of the inability of
species to survive movement between subpopulations,
immobility of individuals, or the absence of dispersal vec-
tors for sedentary species such as plants. As a result of
this, many threatened species exist in isolated subpop-
ulations in patchy habitats, such as mainland islands of
habitat (Pinto & Rylands 1997; Kinnear et al. 1998), iso-
lated water bodies (Bradford et al. 1993; Pister 2001),
offshore islands (Crouchley 1994), and on isolated coral
reefs where dispersal is limited (Leis 1991).

Although historical data may be available to estimate
the probability of a unmanaged subpopulation going ex-
tinct ( P0), data to estimate the change in probability
of extinction with changes in management intensity are
scarce for natural systems. This issue is common to many
resource-allocation problems in conservation (Ferraro &
Pattanayak 2006). The value of a well-defined problem
and a rule of thumb that provides a simple solution is
that it requires decision makers to be explicit about the
parameters used within the decision process, making de-
cisions transparent and quantifiable.

The simplicity of this approach reveals many possible
extensions, for example, incorporating dispersal among
subpopulations and looking at allocation when subpop-
ulations differ in size or habitat quality. It is important to
incorporate optimal monitoring strategies into any con-
servation program so that agencies can either audit their
current approach or learn about the uncertainty in their
system and update their decisions on the basis of this in-
creased understanding. We believe the transparency and
reality of the assumptions of this approach highlight the
need to consider active adaptive management within a
conservation program (Walters & Hilborn 1978; Walters
1986).

Our framework can be applied to the conservation
management of any species that exists in habitat patches
where dispersal ability is limited and thus recruitment
from dispersal has an insignificant impact on species re-
covery. It allows managers to deal with the important
question of how to allocate scarce conservation resources
among subpopulations.
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