Journal of
Applied Ecology
2000,

37, 77-86

© 2000 British
Ecological Society

Optimal release strategies for biological control agents:
an application of stochastic dynamic programming to

population management

K. SHEA*+i§ and H. P. POSSINGHAM 19

TCRC for Weed Management Systems, §CSIRO Entomology, GPO Box 1700, Canberra ACT 2601, Australia;
Y Department of Applied and Molecular Ecology, Waite Campus, The University of Adelaide, PB 1 Glen
Osmond, South Australia 5064, Australia; and {National Center for Ecological Analysis and Synthesis
(NCEAS), 735 State Street, Suite 300, Santa Barbara, CA 93101-3351, USA

Summary

1. Establishing biological control agents in the field is a major step in any classical
biocontrol programme, yet there are few general guidelines to help the practitioner
decide what factors might enhance the establishment of such agents.

2. A stochastic dynamic programming (SDP) approach, linked to a metapopula-
tion model, was used to find optimal release strategies (number and size of
releases), given constraints on time and the number of biocontrol agents available.
By modelling within a decision-making framework we derived rules of thumb that
will enable biocontrol workers to choose between management options, depending
on the current state of the system.

3. When there are few well-established sites, making a few large releases is the opti-
mal strategy. For other states of the system, the optimal strategy ranges from a few
large releases, through a mixed strategy (a variety of release sizes), to many small
releases, as the probability of establishment of smaller inocula increases.

4. Given that the probability of establishment is rarely a known entity, we also
strongly recommend a mixed strategy in the early stages of a release programme,
to accelerate learning and improve the chances of finding the optimal approach.

Key-words: biological control agent establishment, decision theory, metapopulation
model, optimization, population invasion.
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Introduction

Biological control is one of a number of approaches
that have been used to mitigate or control the nega-
tive impacts of pests and weeds. Biological control
involves introducing natural enemies, biocontrol
agents, to help reduce the harmful impact of a pest.
It is a relatively benign method of pest control
(Waage & Mills 1992), although there are concerns
about non-target effects (Simberloff & Stiling 1996;
Louda ez al. 1997).

Unfortunately, as is frequently acknowledged, we
are far from being able to predict whether introduc-
tions of a species will succeed (Elton 1958; Crawley
1986; Drake et al. 1989; Kareiva 1996; Rejmanek &
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Richardson 1996; Williamson 1996). Certainly there
seems to be little general theory to help the practi-
tioner decide what factors might assist the establish-
ment of biocontrol agents, although some guidelines
do exist (Memmott ezal. 1996). The establishment
failure rates for planned introductions are high. For
example, Hall & Ehler (1979) and Stiling (1990) esti-
mated success rates of approximately 35% for bio-
control agents released to control insect pests, and
Julien, Kerr & Chan (1984) estimated that approxi-
mately 59% of exotic agent introductions for weeds
established successfully. It would be extremely useful
to have robust rules of thumb for those who need to
make decisions in the face of this uncertainty.
Biological control practitioners typically have a
limited number of individual agents with which they
hope to found populations in as many places as pos-
sible as quickly as possible (Memmott ez al. 1996).
The central question we ask here is: What size and
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number of populations should be released to maxi-
mize the overall chance of success? For example, if
there are 1000 insects available for release, and
some number of populations need to be established
in the next few years, should 100 be released at each
of 10 sites, or 10 at each of 100 sites? Or should
some other strategy be used? There is evidence that
larger releases establish more successfully (Hopper
& Roush 1993; Memmott, Fowler & Hill 1998), but
releasing all available agents at only one site runs
the risk of complete failure as a result of one cata-
strophic event (Memmott etal. 1996). This impor-
tant dilemma has rarely been addressed in the
literature (but see Grevstad 1996; Memmott et al.
1996; Memmott, Fowler & Hill 1998). In this paper
we bring decision theory to bear upon the problem.

Ecological theory provides a foundation for
applied population biologists, but it is not couched
within a decision-making framework. Decision the-
ory allows managers to attempt to maximize the
benefits of their actions. By working within such a
framework we can develop a theory of applied
population biology that enables us to choose
between options. The process involves a number of
stages. First, there must be a clear statement of the
objective. Next, the management options must be
listed. The system and its dynamics, including any
constraints, are then described. Even as a verbal
exercise this approach is immensely useful. When
couched in the precise language of mathematics, and
coupled with numerical decision-making tools, it
becomes an even more powerful tool.

Stochastic dynamic programming (SDP) is a for-
mal mathematical approach to decision theory. It is
a mathematical programming algorithm for solving
complex, stochastic, state-dependent optimization
problems, that are, in general, impossible to analyse
and understand within a purely analytic framework.
It has a long history of use in economics and engin-
eering (Bellman 1957; Intriligator 1971) and, with
advances in computing technology, is being used
more and more in the study of population level pro-
blems (Clark 1990; Possingham 1996). SDP is
invaluable in comparing alternative management
plans, based on both environmental and economic
costs and benefits (Watt 1968; Walters & Hilborn
1978; Kennedy 1981, 1986). It is becoming more
common in the field of conservation (Maguire 1986;
Ralls & Starfield 1995; Possingham 1997) and has
been used in pest and weed control (Watt 1963;
Shoemaker 1982; Plant & Mangel 1987; Pandey &
Medd 1991; J. Moore & H. P. Possingham, unpub-
lished data), fisheries (Walters 1978, 1986; Hilborn
& Walters 1992) and wildlife management (Reed
1974; Anderson 1975; Milner-Gulland 1997,
Possingham & Tuck 1998).

The work we present here uses a rigorous SDP
approach to calculate the optimal strategy set, and

hence to generate rules of thumb for the practitioner
trying to establish a biological control agent in the
field. In addition it indicates which aspects of the
biology of the agent it is most important to under-
stand well, in order to enhance the chance of suc-
cessful establishment.

Methods

The full model involves applying SDP to a stochas-
tic metapopulation model. The model was developed
to help choose the release strategy (how many
insects released at how many sites) that will maxi-
mize the establishment of as many populations of
the agent as possible in up to P sites, by some term-
inal time 7, with only N insects available for release
each year. The measure of success we use is the
number of established sites at the terminal time.

The terminal time, 7, reflects time constraints
imposed by funding bodies. P reflects limited avail-
ability of suitable sites for agent release; such land
must be set aside and protected from other forms of
control for the duration of the programme. We
assume that the practitioner has N insects that have
been cultured for release. These insects can be
released at empty sites, i.e. sites at which no biocon-
trol agents are present. We assume that the releases
are independent (sites are far enough apart that the
populations do not interact) and that all sites are of
equal quality from the point of view of the agent
(e.g. the pest or weed density is the same at each).
We initially allow two types of release, either of
small or of large inocula of the agent. For example,
N/10 insects could be released at 10 sites (all small)
or N/2 at 2 sites (both large). Alternatively, a mixed
strategy could be adopted, where N/10 are released
at each of 2 sites and 4N/10 at each of another 2
sites. We discuss the potential benefits of the latter
strategy below.

To predict the success of a release, we need a sim-
ple model of the dynamics of the population at a
site. Assume that a site can be described as being in
one of three possible states: an empty site, an inse-
cure site or an established site (Fig.1). A site is
described as empty if the agent is absent. At an inse-
cure site, the agent is present, but the population is
small and has a relatively high probability of extinc-
tion. At an established site, the agent is well estab-
lished and is relatively unlikely to go extinct.
Furthermore, the population at an established site
can be used as a source of other individuals to aug-
ment those from the main breeding population in
future releases.

STATE TRANSITIONS

Three separate processes are involved in the transi-
tions between these three states. First, there is the
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Fig. 1. State transitions in the metapopulation model for
an individual site. The system can be in one of three possi-
ble states: empty, insecure or established. Transitions
between these states can occur due to the processes of colo-
nization ( p(x)), extinction (e; and e,) and growth ( g).

process of colonization, in which groups of indivi-
dual agents released at a site may establish. Given
the size of an inoculum (i.e. the number of agents
released), x, we assume there is an associated prob-
ability of establishment, p(x). If the population does
persist, it becomes an insecure site. Secondly, all the
populations in the system have some probability of
going extinct. Established populations have a lower
probability of local extinction, e;, than insecure
populations, e¢,. Thirdly, all insecure populations
have some probability, g, of growing to become
established populations during the course of the
next time interval (g + ¢, < 1). The states and tran-
sitions between them are described in Fig. 1.

To define the system dynamics we need to define
the transition probabilities associated with the three
processes of population growth, extinction and colo-
nization. These transition probabilities are then
combined to give the overall probability of moving
from any state to any other state in one time
interval.

TRANSITIONS FROM INSECURE TO
ESTABLISHED SITES DUE TO POPULATION
GROWTH

The number of established sites can increase as a
result of the successful growth of insecure sites. Let
P,(i,n) be the probability that i insecure sites become
established sites, given that there were n insecure
sites to begin with. Using the definition that g is the
probability that each insecure site grows to become
an established site, and assuming independence of
sites:

P = ()l ey can 1

where (;) is the binomial coefficient, i.e.

(3) =5
y) e =t

which is the number of ways of choosing y successes
in x attempts in any order. Note that i > 0.

LOCAL EXTINCTION

Local extinction reduces the number of established
and insecure sites. Let P, ((i,)),(s,n)) be the probabil-
ity that i of s established sites, and j of n insecure
sites, go extinct in one time step. Assuming that the
extinction events are independent we can calculate
that:

Po((i. ). (s.m) = (‘j)e;a - e,g)f*"(’})e{,(l —e)'.

eqn 2
Note that s >i>0andn >j > 0.

COLONIZATION

Finally, we need to estimate the state transition
probabilities associated with the colonization pro-
cess, which is the part over which the manager has
some control. We define the probability of establish-
ment p(x) of an inoculum of size x by the function:

Px) = pu(l — @)}

where p,, is the maximum probability of establish-
ment and « is a constant. This functional form gen-
erates a sigmoidal curve (Fig.2) and represents an
increasing probability of establishment with increas-
ing numbers of insects released. It incorporates an
upper limit to the probability of establishment ( p,,)
as well as the possibility of depensation (an Allee
effect; Lewis & Kareiva 1993). Depensation arises if
there is a greatly reduced probability of establish-
ment at low densities. Biologically, this may arise
because mates are hard to find when there are few

eqn 3

individuals at the site. The constant a determines
the shape of the establishment curve (Fig.2), with
larger values of a shifting the curve to the left and
making it steeper.

Assume that we make z, small releases and z;
large releases, where x; and x; are the sizes of the
small and large releases, respectively. Let P.(i,(s,n))
be the probability of i successful colonizations given
the initial state of the system (s,n). Let j of the new
colonizations be due to the z, small releases, each of
which establish with probability p(x,). Then (i — j)
new colonizations are due to the z; large releases,
each of which establishes with probability p(x)).
Assuming that these colonization events are inde-
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Fig.2. Probability of establishment curves p(x) for inocula of different sizes, x. The curves are defined by
p(x) = p(1 — e=*)?, and the value of a alters the steepness of the curve.

pendent, and summing over all possible values of j
for each i:

Pelis(s.m) = 3 (ZJ )”(xs)-"(l —px))*

J=0

x(,-? ,-)p(xo“'f”(l — pla)y* ), eqn4
Again, z; > j > 0 and z; > (i — j) > 0. Note that the
total number of releases made is constrained by the
number of empty sites available (no releases are
made onto sites that are already occupied).
Equations 1, 2 and 4 were used to construct three
transition matrices for all transitions between all
possible states of the system: a colonization matrix,
C, an extinction matrix, E, and a growth matrix, G.
All three matrices are square matrices of size
(P + 1)x (P +1) (as there are P patches, there are
P + 1 possible occupied states: 0, 1, 2, 3, ... P). We
assume that the sequence of events in a year is
ordered colonization, extinction and growth, i.e.
releases are made, any extinctions that are going to
happen do so, and then any extant insecure sites can
grow. Thus the overall transition matrix, T, for the
transition from one year to the next is the product
of these three matrices. The time interval is chosen
to be 1 year, as this is the usual length of time
between sets of releases (for a univoltine insect).

MANAGEMENT STRATEGIES

We now define the possible management strategies
more explicitly. Strategy 1 (S1: many small releases)
involves releasing x, = X/s,; insects at s; = min(s,

empty) sites (i.e. sy sites, or fewer if there are less
than s, empty sites remaining). Strategy 2 is a mixed
strategy, incorporating aspects of both strategies 1
and 3, and we return to it in a moment. Strategy 3
(S3: few large releases) involves releasing x; = X//;
insects at /; = min(/,empty) sites (again, with the
same caveat if fewer empty sites remain). The para-
meters s; and /; are the default numbers of small
and large releases for the strategies, and X is the
total number of insects available.

The mixed strategy 2 (S2: mixed) is slightly more
complicated. In this case, there will be z; sites with
‘large’ inocula and z, sites with ‘small’ inocula
where:

1,, = min(/,empty) eqn 5

Sm = min(lz/’empty - Z/)

i.e. the number of ‘large’ sites is chosen first. Here
the strategy is to release 4/10 of the insects available
at each of 2 sites, and 1/10 of those available at
each of 2 other sites. In other words, the number of
insects at small sites is X/(5 s,,), while at large sites
4X/(5 1,,) are released.

The number of empty sites is a constraint on the
number of releases that can be made. For example,
if the small release tactic is ‘release N/5 insects at
each of 5 sites’ and there are only four sites empty,
then we have a problem. In this work we have
defined the number of small sites as the minimum of
the default value or the number of empty sites (in
this example s, = min(5,4) =4 and X/4 insects
would be released at each site). When there are very
few empty sites, s; and /; are equal and strategies 1
and 3 are identical. In this case the model has been
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defined so that if there are /; sites or less, the strat-
egy is S3.

PARAMETERS AND ADDITIONAL
FUNCTIONS

The parameters used in the baseline scenario are
presented in Table1. The values in this scenario
were chosen to provide a reference point representa-
tive of a general weed or insect pest control pro-
blem. However, all parameters were varied
systematically —across plausible ranges. This
approach covers the realistically possible state space,
and ensures the general applicability of our results
to a wide range of situations.

In a real system, there is a pay-off to early and
successful establishment of well-established sites.
This comes as an augmentation of the number of
agents available for release, as extra insects can be
collected from a well-established site. These extra
insects are added to the N available from rearing to
increase the total number, X, released. In this study
we have used a step function. As soon as we have
one established population we have f{s) extra insects
available to add to the N we have reared from cul-
tures, i.e.:

X=Nifs=0 eqn 6

X=N+f(s)if s> 0.

In the baseline scenario we have set f{s) equal to a
constant, reflecting the situation when the cost of
visiting extra sites to collect more insects restricts
the number of sites visited to 1 (but see later for a
relaxation of this assumption).

Now it is necessary to determine the value func-
tion, J{(s,n), after T years, i.e. the value attributed
to being in any of the possible states at the end of
the release programme. Thus J(s,n) is an end condi-
tion. Let the value, V, of having s established and n
insecure sites (i.e. of being in any state (s,n) of the

system) be:
s+ n
4
=T 7
v P eqn

where P is the number of sites. In this formulation
we have attributed a value of 1/P to each established
site, and each insecure site is worth 25% of that
value. We also investigated other possible forms,
including step functions and monotonically increas-
ing linear and curvilinear (s-shaped) functions.

MODEL SOLUTION

Finding the optimal solution involves backwards
iteration in time (Mangel & Clark 1988). If we know
the value of any of our final system states at the end
time 7, we can calculate the values associated with
any state at the previous time interval (the product
of the transition probability from that state to a
final end state, multiplied by the value of that final
state and then summed over all possible final states).
This process can then be iterated back from T,
through 7 — 1, T — 2, to find the optimal strategy
set at t = 0. Thus for each backward transition, the
value function, J, _ ,(s,n), at time -1 is determined
by that at time ¢ by:

P P—i

Ja(s,m) = max ¥y Trl(s, ) )i )),

=0 j=0
eqn 8

where Ty is the transition matrix when you use
strategy K (K = 1,2,3) (Mangel & Clark 1988).

Results

We used the model to calculate the long-term,
steady-state optimal strategy set for the system. The
optimal decision set settles down very rapidly, and
seems to be largely independent of the time frame,
T, over which we wish to establish the agent.

Table 1. Baseline parameters used in the model. In order to generate the results, we varied these parameters systematically

across plausible ranges

Parameter Definition Baseline value
P Number of sites under consideration 10

T Time horizon Sor 10
N Total number of insects available from quarantine 1000

e Extinction probability of established sites 0-0

e, Extinction probability of insecure sites 0-6

g Growth probability of insecure sites 0-2

a Shape parameter in probability of establishment curve, p(x) 0-000014
Sq The default number of small releases 6

ly The default number of large releases 2

f(s) Extra insects available for release if at least one established site is established 400

DPm Maximum probability of establishment of any released inoculum 1-0




82 However, the best decision clearly depends on the We now describe our results, using Fig. 3 to illus-
Optimal release state of the system (i.e. it depends on the number of trate the important points. Each part of the figure
strategies for established and insecure sites; Fig. 3). (a, b, c) depicts the optimal strategy set for a parti-
biocontrol agents

(a) a = 0-000008

- Strategy 1: many small
Strategy 2: mixed

Strategy 3: few large
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(b) a = 0-000014

O = N W A~ OO N X ©

Number of established populations, s

01 2 3 4 5 67 8 9

(c) a = 0-000020

O = N W~ OO N ®©® O

0 1 2 3 4 5 67 8 9
Number of insecure populations, n

© 2000 British Fig.3. Optimal strategy sets for a increasing from (a) a = 0-000008 to (b) @ = 0-000014 to (c) @ = 0-000020. All other para-
Ecological Society meters are as defined for the baseline scenario (Table 1). Each box represents a possible state of the system, and the key
Journal of Applied indicates the optimal decision to make for that particular state. Note that when there are no empty sites available, no

Ecology, 37, 77-86 releases can be made.
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cular combination of parameters. Each box repre-
sents a possible state of the system, and the key indi-
cates the optimal decision to make for that
particular state. For example, in the case when
a=28x10"% (Fig.3a) the optimal decision for a
system in which there are 2 insecure populations
and 5 established populations is S1 (many small).

BASELINE SCENARIO

Consider first the baseline scenario (Table!l and
Fig. 3b), which uses parameter values that lie in the
middle of the ranges considered. In this case, the
optimal strategy is to make a few large releases
when the number of established populations is zero,
regardless of the number of insecure populations, 7.
This reflects the benefit to be obtained from having
one established population. When the total number
of populations (established or insecure) is four or
less, then a mixed strategy is optimal. At higher
numbers (up to seven) of populated sites, then S1
(many small releases) is best. The fact that S3 (few
large) is again optimal when the total number of
established and insecure sites is close to P (in this
case P = 10) reflects the constraint on the system
that there are few empty sites available at all. If P is
increased, say to P = 20, it can be seen that this
result is an artefact of the limit on the number of
sites available, and would be less likely to arise in a
real field situation.

PARAMETERS OF IMPORTANCE IN THE
MODEL

As the value of the parameter, «, is changed from its
baseline value, the optimal strategy set changes. If a
is reduced to 8 x 10 ~° (Fig. 3a), then we see that the
optimal strategy set for nearly every combination of
established and insecure sites is S3; a few large
releases. This is because at this value of a, the prob-
ability of establishment of small inocula is so small
that only larger releases have any chance of estab-
lishment. At higher values of a (¢ =2x 1073
Fig. 3c), however, the probability of establishment
of smaller inocula increases sufficiently to make the
optimal strategy, in most cases, to release many
small inocula. Note, however, that it is still optimal
to make fewer, larger releases when there are no
well-established sites.

The model indicates that one of the most impor-
tant considerations for the practitioner is the rela-
tionship between inoculum size and probability of
establishment. As the parameter a increases, we see
a marked shift in the optimal strategy set
(Fig.3a,b,c). It is vital to know the probability of
establishment of inocula of different sizes in order to
choose the best release strategy for the agents.
Clearly, in the initial stages of a release programme

this is not going to be well-defined, and we will
return to this point later.

The number of insects available also has a big
effect on the optimal strategy choice. This is a
related point, as release sizes ‘small’ and ‘large’ are
relative. For a fixed probability of establishment
curve, the number of insects in a release dictates the
establishment probability just as much as changing
the probability curve does. However, larger releases
usually have a higher establishment probability
(Memmott etal. 1996). The number of extra insects
available from established sites also contributes to
determining the optimal strategy; if there is a large
benefit to having an established site, then there is a
greater value to establishing at least one large popu-
lation early on in the release programme. Thus
when there are few or no established sites, the opti-
mal strategy is S3 (Fig.3a,b,c), but once sites are
established, S1 is often better (Fig.3c). The mixed
strategy, which serves as a bet-hedging mechanism
(including some of the benefits of having a larger
number of releases, with the benefit of having some
larger inocula in case of adversity), appears to be a
relatively poor choice, appearing only at intermedi-
ate values of «a (Fig. 3b).

PARAMETERS OF LITTLE OR NO EFFECT

In decision-based modelling, it is also vital to know
what is unimportant with respect to the best deci-
sion. In this case, other parameters and variables
have little or no effect on the optimal strategy. The
optimal strategy is a stationary one (using 7' = 5, 10
or 20 generates the same optimal strategy set).
Extinction and growth probabilities for established
and insecure sites make little difference (the excep-
tion being that the mixed strategy is less common at
high e¢,). We investigated a number of different
forms for the value function, V, including step func-
tions and monotonically increasing linear and curvi-
linear (s-shaped) functions, and none of these made
a significant difference to the qualitative trends. In
addition, the maximum probability of establishment,
P (the asymptote in Fig. 2) does not affect the opti-
mal strategy set because this is a linear equation.

The release strategies were defined to be flexible
with respect to the number of empty sites available.
Thus the number of potential sites for establish-
ment, P, only affects the optimal strategy for certain
states near the boundary where very few sites are
empty (Fig.3a; Sl is the optimal strategy). If the
number of sites overall is increased, the line of Sls
moves out towards that boundary. In a programme
with a great many (or infinite) possible release sites,
it seems clear that the optimal strategy for all these
scenarios would be S3.

How much better is it to use the optimal strategy
instead of a fixed one? Comparison of the values of
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different terminal states indicates that the optimal
strategy can be twice as good as the worst strategy
for some states over 5years. However, the relative
benefit does depend on the state of the system, and
simulations comparing fixed with variable strategies
show that S3 (a few large releases) can often be
nearly as good as the optimal strategy.

Discussion

For established populations, there has been some
very sophisticated theoretical work addressing the
spread of invaders (Okubo 1980; Lewis & Kareiva
1993; Kot, Lewis & van den Driessche 1996), in par-
ticular the different modes of spread as embodied in
stratified diffusion (Shigesada, Kawasaki & Takeda
1995). There are also a number of theoretical and
comparative studies that address the factors affect-
ing small population establishment (Richter-Dyn &
Goel 1972; Lande 1988; Pimm, Jones & Diamond
1988; Hopper & Roush 1993; Haccou & Iwasa 1996;
Veltman, Nee & Crawley 1996). However, while
they provide general insight, none of these directly
addresses the management decisions that face bio-
control practitioners. Some recent experimental
work has begun to examine and make predictions
about optimal establishment for particular species
introductions (Grevstad 1996; Memmott eral. 1996;
Memmott, Fowler & Hill 1998), although there are
insufficient studies to be able to draw generaliza-
tions. The work we present here complements this
experimental approach with an applied theory fra-
mework.

The optimal strategy set is most sensitive to the
relationship between the probability of establish-
ment and the release sizes (Fig.3), which indicates
that it is very important to have a clear idea about
this process (e.g. is there depensation?). Often, such
information is not available, although we can see
that there are some emergent rules of thumb. For
example, it is clear that if there are no well-estab-
lished sites in the field, the pay-back in extra insects
for future releases that is gained from establishing
such a site means that a few larger releases should
be recommended, rather than many small ones (see
the bottom row in Fig. 3a,b,c). However, the impor-
tance of knowing the functional form of the estab-
lishment probability curve for an agent is
paramount for most other states of the system (com-
pare Fig. 3a,b,c). If the shape of this curve is known,
then an optimal strategy can be used, but if not,
what is a manager to do?

Unfortunately, many practitioners release the
same number of agents at all sites, even when they
have little or no idea of the likelihood of establish-
ment. If no sites establish, then failure is complete.
Not only do no agents establish, but no real infor-
mation (other than that too few were released!) is

gained. Furthermore, even successful establishment
may not be optimal. If there is establishment, who is
to say that fewer agents might not have fared just as
well? In practice, often if one release size works, the
same number of insects is used at every subsequent
release with no certainty that opportunities are not
being wasted. Given the cost of rearing agents, this
can be a waste of resources. Making smaller releases
would increase the number of successful releases,
and hence the efficiency with which the landscape is
provided with control agents.

This observation brings us to an additional moti-
vation for using a mixed rather than a single strat-
egy approach in the initial stages of a release
programme. As a bet-hedging tool, the mixed strat-
egy performs relatively poorly for a particular prob-
ability of establishment curve; S2 is optimal only
over a very narrow range of values of a (Fig.3D).
However, the mixed strategy (generating two data
points) will allow an unknown curve for p(x) to be
defined much more precisely than a single strategy
(generating only one data point) will. It is always
possible to get single strategies that are better than
mixed strategies but, at least initially, these will be
unknown. There is tremendous scope for learning
about the system by having a spread of initial
release sizes. Once the establishment curve has been
defined, then future releases can converge on the
optimal size.

Such an approach is an example of using active
adaptive management; management with a plan for
learning about the managed system (Walters 1986;
Parma et al. 1998). Clearly, there will be a trade-off
between learning and achieving the desired result
(Mangel & Clark 1988). However, in situations
where management actions are to be repeated many
times, either in space or in time (e.g. in biocontrol
redistribution programmes) then such an approach
can be extremely profitable.

Unfortunately, explicitly modelling the learning
process is relatively complicated, and has not been
included in the model presented here. Modelling
learning often involves a Bayesian approach, with
each time step allowing the update of prior prob-
abilities by the individual that is making decisions
(Stephens & Krebs 1986; Hilborn & Mangel 1997).
There are some SDP models that incorporate learn-
ing (Walters 1986, Mangel & Clark 1988) but it
quickly becomes computationally costly to include
(Kennedy 1981; Mangel & Clark 1988). Note that
learning requires monitoring, so that if there is a
cost associated with monitoring, there may be a
downside to many ‘small’ releases.

There are a number of caveats pertaining to our
work. For example, we have assumed that all sites
are equally hospitable, but spatial variation in the
quality of sites might incline us more to a risk-redu-
cing strategy (more small introductions). The model
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is pseudospatial and hence we do not explicitly
address the question of how far apart releases
should be. Nevertheless, an underlying assumption
is that these inocula are released far enough apart
that they do not interact with each other. This will
obviously depend on the biology of the agent con-
cerned, but it seems likely that the assumption that
they do not interact is conservative from the point
of view of understanding establishment. In addition,
we have not addressed issues of population genetics
and the risks of inbreeding in small isolated popula-
tions (Lande 1988). Finally, there will always be
considerations that are particular to the species in
question. These may include choice of safe sites with
suitable soil type and climate where the pest is
healthy and where there is easy access for redistribu-
tion and monitoring. It is also important that the
site has low priority for other types of control (a
common problem is farmers mowing or spraying
weeds where releases have been made).

Finally, we make a plea for more cross-disciplin-
ary interactions between conservationists and pest
control workers (Shea eral. 1998). The process of
biocontrol agent release is analogous to reintrodu-
cing a threatened species. If experiments are con-
strained by the number of available individuals for
release in biological control, how much more
restricted are conservation efforts? Insights from
biocontrol release, and studies of invasive species,
can provide guidance to conservationists dealing
with rare and endangered species.

MANAGEMENT IMPLICATIONS

We present guidelines that can improve the design
and efficiency of biocontrol release programmes.
The optimal strategy depends on the success of pre-
vious releases and the relationship between inocu-
Ium size and probability of establishment. Given the
importance of knowing the probability of establish-
ment of inocula of different sizes, we advocate using
mixed strategies in the initial stages, in order to
facilitate learning. Once this information has been
gained, the practitioner can move towards making
optimal decisions based on the current state of the
system: larger releases when there are few estab-
lished sites (in order to augment the numbers avail-
able for release in future years) or when the
probability of establishment of small releases is low;
and more, smaller releases at other times.
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