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Abstract Colin Clark made seminal contributions in both resource economics and behavioral ecology. In the former, he showed how to link biological and economic factors in
a consistent mathematical framework, virtually creating the field of mathematical bioeconomics single-handedly. In the latter, he was a major contributor of the introduction of state
variable methods for modeling the behavior and life history of organisms. In this paper, we
apply the methods of behavioral ecology to a problem in fisheries management and show
that understanding fisher responses to quota decrements according to fishing area (so that
the decrement in the quota of effort from fishing in a particular area is larger than the actual
effort used there) may be as or more effective for seabird conservation than closing areas. To
begin, we explain state variable methods in behavioral ecology, using insect parasitoids—
Colin’s choice of after dinner talk at the meeting in his honor—making connections between
behavioral ecology and resource economics. We then turn to the pelagic longline fishery off
eastern Australia and show how the same kinds of methods used in behavioral ecology can
provide new insights about this fishery. We provide a model of sufficient detail to compare
the current management practice (closures), no management, and spatial management with
effort decrements that vary over space and show that the latter management strategy is both
environmentally and economically more effective than closures or no management.
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1 Introduction
In 1973, Colin Clark published a paper in Science Clark (1973) that fundamentally changed
the way people thought about the management of natural resources. He did so with a simple
model that was not ‘realistic’, i.e. it did not capture every operational, biological, or economic
detail and did not pertain to a particular fishery, although it had much in common with
many fisheries. Among other things, the 1973 paper showed that it could be economically
optimal (i.e. rational) to drive a renewable resource to extinction, which many people believed
was impossible. In 1976, Colin expanded those ideas in his seminal textbook Mathematical
Bioeconomics, which now has more than 4,000 citations and which appeared in a fully revised
third edition in 2010 (when Colin was 79 years old!).
Happy Birthday Colin!
In the early 1980s, as Colin and one of us tried to understand the behavior of fishing
vessels (Mangel and Clark 1983) we were led to think about problems of animal behavior,
first foraging (Clark and Mangel 1984, 1986; Mangel and Clark 1986) but then a wide array
of topics (Fig. 1; Mangel and Clark 1988; Clark and Mangel 2000). After making many
contributions to behavioral ecology from the mid 1980s until the early twenty-first century,
Colin returned to fisheries, publishing a new book (Clark 2006) and revising his classic book
as mentioned above.
In bioeconomics and behavioral ecology, Colin has taught the virtues of clear thinking
and careful writing. Simple models are not ‘realistic’, but then, of course, no science is or
can be. That is, simple models cannot, by their nature, capture all the details of a particular
natural, economic, or operational system. But if they are good, simple models can capture
the essence of many such systems and thus help us learn about them, to the point that

Fig. 1 A Colin Clark and Marc Mangel discussing dynamic modeling in behavioral ecology (Mangel and
Clark 1988) in Whytham Woods, Oxford, in the spring of 1988. In this book, we explained to biologists that
stochastic dynamic modeling via stochastic dynamic programming was accessible to nearly everyone. B Clark
and Mangel going over the penultimate version of Clark and Mangel (2000) in Kona, Hawaii, in the summer
of 1998. The objective of the latter book was to make it clear that the methods had wide application, much
broader than just behavioral ecology and including problems in fisheries and resource management
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sometimes afterwards we do not need the models at all—the golden rule of bioeconomics
relating discount rate and maximum per capita growth rate (Clark 1976; Mangel et al. 1998)
is a beautiful example of this.
In this paper, we elaborate on the messages of Colin’s career, in particular to show behavioral responses of fishers to regulation can be used to achieve conservation goals (e.g. reducing
by-catch) more effectively than classical measures such as closing areas to fishing. We begin
discussing insect parasitoids—a seemingly strange topic for a paper about fisheries but one
on which Colin chose to speak at the dinner separating the 2 days of meetings in honor of
his 80th birthday, and which will provide a gateway to using state dependent life history
modeling (dynamic state variable models) as implemented by stochastic dynamic programming (Mangel and Clark 1988; Mangel and Ludwig 1992; Houston and McNamara 1999;
Clark and Mangel 2000). We then turn to the pelagic longline fishery off eastern Australia
and show how the methods from behavioral ecology can be applied to gain new insights
about the effectiveness of spatial management.

2 Insect Parasitoids at a Conference Called “Developments and Challenges
in Fisheries Economics”?
Colin was asked to give the after-dinner talk at the meeting and began by noting that life
is dynamic and variable, so that dynamic, stochastic models are needed, and that averaging models can be misleading, even though it is often easy to derive elegant mathematical
results from them. He then asked the question: ‘But dynamic, stochastic behavioral models
are extremely complex, right?’, answered ‘Not necessarily’ and then proceeded to explain
a simple model for insect parasitoids (which deposit their eggs on or in the eggs, larvae,
or adults of other insects, called hosts, and whose offspring use the resources of those
hosts to fuel development), which he called ‘Parasitoid Economics 101’. This may seem
a strange choice to resource economists, so we pause and explain a bit about parasitoids here,
because they help illustrate how to think about stochastic, dynamic problems in resource
economics.
Resource economists are generally familiar with the method of Stochastic Dynamic Programming (SDP), most likely through the famous Linear-Quadratic-Gaussian (LQG) system
for which we assume linear state dynamics, a quadratic cost function, and normally distributed stochasticity. In such a case, analytical results are obtained in a relatively direct
manner (Mangel 1985) assuming that one can solve a Ricatti differential equation. However,
state dynamics are often non-linear, costs are not quadratic, and stochastic factors are not
Gaussian. What to do then? One choice is to make assumptions about the system that force it
into the LQG framework, for example by assuming that we are not too far from steady state
so that Taylor expansions for the dynamics and cost apply and that the central limit theorem
guarantees approximate normality. An alternative is to seek special cases in which analytical
solutions can be found (e.g. Dixit and Pindyck 1994).
In the mid-1980s, it became clear that SDP could provide enormous insight into the end
points of evolution by natural selection, and was a natural framework for linking physiological
state and environment within a Darwinian framework. That is, natural and sexual selection
act to optimize from available variants, which are products of previous optimization events
(Thompson 2013). SDP is the most appropriate way to formally analyze the outcomes of
living systems at any point in evolutionary history. However, in general, the assumptions of
the LQG or analytically tractable SDP models do not apply to living organisms.
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Colin chose insect parasitoids as an example because some of the models are simple
enough to be well-suited for an after-dinner discussion; details about them can be found
in Mangel and Clark (1988), Clark and Mangel (2000), and Mangel (2006). He used the
time after dinner to explain how such a model is constructed, based on four key features. We
describe them here in the context of insect parasitoids, hoping that the reader will find such
wonderful animals at least a little bit interesting. In the next section, we make the translation
to the pelagic longline fishery off eastern Australia.
The Environment
Organisms—and fishing vessels—respond to the environment, so it must be described. In the
case of insect parasitoids the environment is characterized by the rate of encounter with hosts
of different kinds (pay-offs from laying eggs in them described below) and by the rate of
mortality experienced by the parasitoid. For example, hosts might vary in size, thus providing
different levels of resource to the offspring and the rate of mortality may vary in time or with
host type, determined by the suite of predators present.
Physiological State and Its Dynamics
Many insects are born with all of their eggs already matured, so that a natural state variable is
the number of eggs a female harbors at the current time. If a female encounters a host and lays
eggs, then her state is reduced by the number of eggs laid. In other cases (see Mangel 2006;
Ch. 4 for more details) females mature new eggs as life progresses, so the physiological state
is characterized by both the number of mature eggs she currently harbors and the number of
future potential eggs that she can make. In each period of time, the number of mature eggs
is decremented by the size of the clutch laid and increased by the number of potential eggs
matured and in the simplest case the number of potential eggs declines by the number of
eggs matured. In other cases, females may acquire resources (protein, fat, carbohydrate) by
feeding in the environment and convert these resources to potential eggs, which are turned
into mature eggs at some time later (Clark and Mangel 2000; Ch 4).
The Fitness Increment and Lifetime Fitness
Biology is well-suited for economic thinking because there is a natural pay-off from behavior:
the representation of genes in future generations. Often, a proxy is used and in the case of
insect parasitoids, this proxy is most effectively the expected number of grand offspring
(Mangel and Clark 1988; Clark and Mangel 2000; Mangel 2006). That is, the number of
mature eggs a female can hold is generally determined by her size, and her size is determined
often by the number of other eggs with whom she had to share the host in which she developed.
Thus, encounter with a single host produces a fitness metric determined by the number of
eggs the focal parasitoid lays in that host, which determines the size of her offspring, which
determines the number of eggs that her female offspring can lay.
The behavioral problem to be modeled is then: when a female encounters a host of a
certain type, how do we predict the number of eggs laid in this host, taking into account the
increment in fitness from this host and all future fitness, given that her physiological state
changes and that mortality discounts future expected reproductive success? The equations of
SDP allow us to formalize this question mathematically and derive many predictions—both
quantitative and qualitative—that both can be tested empirically and provide insight into the
biological world.
Thinking, Analysis, and Numerical Implementation
The description we just gave is sufficient to derive an equation of SDP and in doing so one
is forced to think deeply about the biology. Often, some kinds of preliminary analysis can
be conducted on the model. However, and especially in the twenty-first century, numerical
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solution of the SDP equation can provide exceptional insight—both qualitative patterns and
detailed numerical predictions. Furthermore, in a world in which every researcher has access
to incredibly powerful computing, the limitation that numerical methods are required for SDP
is mitigated by the ability to conduct sensitivity analyses and through them develop the same
kinds of intuition that mathematical analysis often provides. Indeed, as noted in Mangel and
Clark (1988) and Clark and Mangel (2000), very often the intuition from a numerical model
can be so powerful that one no longer needs the model to understand the phenomenon. And
that, of course, is what we are aiming for—understanding of the world.
3 A Behavioral Model for Pelagic Longline Fishing Vessels off Eastern Australia
3.1 Overview
The Eastern Tuna and Billfish Fishery (ETBF) operates in the boundary current off the east
of Australia from the tip of Cape York to the South Australia-Victoria border. Fishers in
the ETBF target top-level predators, with a total catch of around 6,500 tonnes annually.
Principal target species include yellowfin tuna (Thunnus albacares, Scombridae), albacore
tuna (Thunnus alalunga, Scombridae), and broadbill swordfish (Xiphias gladius, Xiphidae).
The fishery interacts with threatened species of seabirds, turtles and sharks, and with the
southern bluefin tuna commercial and striped marlin recreational fisheries; by-catch of these
species typically occurs in distinct spatial regions (Hartog et al. 2011; Trebilco et al. 2010;
Griffiths et al. 2010). The ETBF is therefore an ideal case study for spatial management.
Recent modifications to the ETBF management plan allow for the use of spatial incentives
as an alternative to closures, which are currently used to manage the fishery. The management
plan based on spatial incentives allows for the reduction of annual effort allocations to operators in response to their fishing locations. For instance, fishing in a sensitive area could lead
to a higher rate of reduction of the operator’s remaining effort quota. We evaluated whether
the behavioral responses of the fishing fleet to effort incentives would result in a reduction
in fishing-induced mortality of threatened seabird species.
Dowling et al. (2012) used SDP models of the form described above to predict how spatial
incentives will affect fisher rent and location choice. They modeled a single species fishery
with three vessel types operating out of two ports (mimicking the major ports of Mooloolaba,
Queensland, and Sydney, New South Wales). Here, we review the salient features of that
model, generalize it to multi species, and present new results, emphasizing how it can be
used for conservation. In doing so, we show how the methods developed by Colin and others
for behavioral ecology have direct application in resource economics.
3.2 The Environment
We assume the abundance of fish of species s in region with latitude i longitude j at day t of
the current fishing season, Ni, j (t, s), (Table 1) is given exogenously and is constant within
any quarter of the fishing season, changing between quarters as the empirical data indicate
(Dowling et al. 2012). We inferred the spatial distribution of the stock from standardized
catch-per-unit-effort proxies, derived using a Generalized Linear Model (GLM) that included
year, quarter, location, the Southern Oscillation Index, moon phase, the use of light sticks, bait
type, and time of setting as explanatory variables. The GLM standardized for the confounding
effects of environmenland targeting practice, to obtain seasonal abundances.
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Table 1 Variables in the model and their interpretation
Variable

Interpretation

Nominal value (units or unitless)

s

Species

i, j

Latitude and longitude

Yellowfin or albacore tuna,
broadbill swordfish
Varies

Di, j

Distance from port to cell (i, j)

Varies

t

Time within the fishing season

t = 1 to t = 120 = T (days)

Ni, j (t, s)

Abundance of fish of species s in region with
latitude i longitude j at day t
Catchability on day t within the season

Constant within quarters
statistically determined
Equation 2

v

Vessel speed

v = 667, 356, or 356 (km/day)

xmax

xmax = 26, 20, or 17

ρ

Maximum number of longline
shots available to a vessel in
a single fishing trip
Maximum number of longline
shots allocated to a vessel
in a the fishing season
Unit cost of travel in the fishing season

ρ = 3, 2, or 1.4 ($AUD/km)

k

Targeting strategy for species mix

Table 2

r (k, s)

The proportional of species obtained
with targeting strategy k

Table 2

Environment

q(t)
Vessel characteristics

E max

E max = 100

State dynamics
E(t)

Effort remaining at the start of period t

Equation 2

x

Shots deployed on the current trip

Decision variable

δi, j

Effort multiplier in cell (i, j)

δi, j = 1, 1.66, or 3

Components of the SDP
p(t, s)

Unit price of landed species s at time t

Equation 6

V (t, s)

Model output

f

Total volume V (t, s) of
species-specific landings
Mean species-specific price
across the season
Mean species-specific catch
per trip across the season
Price flexibility parameter

pb (t)

Price used in the solution of the SDP

Model output

pc (t)

Price generated in forward
simulation based on the SDP
Metric for stabilization of price

Model output

The cost of laying a single
shot for vessel type b
The rent associated with setting x shots in
region (i, j), for vessel type b operating
out of port h using targeting strategy k
Maximum expected rent accumulated
between the current time t and the end of
the season, T , for vessel type b operating
out of port h given that E(t) = e

500, 400 or 200 ($AUD)

p̄
V¯s

S
cb
πi, j,k (t, x, b, h)
F(e, T | b, h)
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Dowling et al. (2012) assumed that catchability was a spatially ubiquitous, given by
q(t) = 0.1 sin(0.2t) + 1

(1)

to approximate moon phase, consistent with the ETBF operators actively targeting swordfish
around the full moon (Campbell and Hobday 2003). Thus one full cycle of catchability occurs
approximately every 30 days across a 120 day season.
For simplicity, here we assume no risk to going fishing. This assumption is lifted and its
implications explored in Dowling et al. (2013).
3.3 Vessel Characteristics
This fishery is regulated by a quota system in which each vessel receives an allocation of
longline shots at the start of the season. A longline shot comprises one set and haul of the
longline gear. We assume that the number of hooks is constant for any shot, meaning that the
effort quota could alternatively be allocated in terms of hooks.
The maximum number of shots for a trip is a fixed quantity set by vessel capacity. Since
one shot typically takes 1 day to complete, lower-capacity vessels with shorter maximum
trip durations have a corresponding lower maximum number of longline shots that can be
undertaken during a trip. We assume that there are three kinds of vessels, characterized by
the velocity of the vessel (km/day), v; the maximum number of longline shots x max available
to a vessel in a single fishing trip; the maximum number of shots per season allocated to each
vessel, E max (which we assume to be the same for all vessel types); and the unit travel cost
per vessel, ρ (Table 1 for detailed values).
3.4 The State Variable and Its Dynamics
For the state variable, we choose the number of longline shots remaining at any given day in
the fishing season, denoted by E(t) (to remind us that it is remaining effort).
We determine the dynamics of effort as follows. Imagine that a vessel with speed v for
which E(t) = e travels to cell (i, j) at distance Di, j from port. Even before doing any fishing,
2D
this travel requires time vi, j . Once on the fishing ground, deploying x shots requires x days.
2D

Thus, a trip to cell (i, j) in which x shots are deployed requires time vi, j + x. For example,
a 12-day trip may involve 4 days of travel on which no fishing occurs, and 8 days of fishing
activity. The vessel is then able to commence a new trip on the 13th day after the start of a
trip on day t. Consequently, time is incremented non-uniformly.
In order to capture spatial management, we assume that fishing in some locations leads
to decrements in remaining effort that are greater than the actual number of shots used. We
call this the effort decrement multiplier and denote it by δi, j . In a cell where δi, j = 1 laying
x shots reduces remaining effort by x. In a cell where δi, j > 1 using x shots reduces effort
by an amount larger than the actual number of shots laid. Thus, for a vessel that has current
remaining effort e and lays x shots in cell (i, j), the remaining number of shots at the end of
the trip will be e − δi, j x.
Combining these arguments about time and state shows that conditioned on where the
vessel fishes and the number of shots laid


2Di, j
+ x = E(t) − δi, j x
E t+
(2)
v
In order to determine fishing location and effort, we require the SDP formulation and
calculation, but before doing so need to consider targeting strategy.
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Table 2 Relative proportions of
each species, comprising six
targeting strategies, rounded to 2
decimal places

Cluster number

Yellowfin tuna

Albacore

Broadbill swordfish

1

0.04

0.94

0.02

2

0.92

0.05

0.03

3

0.34

0.55

0.10

4

0.12

0.11

0.77

5

0.13

0.44

0.43

6

0.37

0.24

0.39

3.5 Interlude: A Third Decision
Thus far, we have framed the decisions facing the fisher as (1) where to fish among the areas
into which the fishery is divided (with remaining in port also being an option) and (2) how
many shots to lay once location is determined. However, as we have described earlier, this is
a multi species fishery and different targeting strategies yield different proportions of species,
r (k, s) (Table 2). The targeting strategies in Table 2 were determined by a cluster analysis
of log-book data. Here, we assume that they are fixed, in that once on the fishing ground
and given an abundance level of Ni, j (t, s), the third decision is which of the six targeting
strategies (denoted by k) to use.
3.6 The Increment in Economic Rent and Accumulated Rent
To determine the increment in rent from a single trip, conditioned on location, targeting
strategy and number of shots laid, we also require species-specific unit price for landed fish
of species s at time t, p(t, s) (described below in more detail) , and the cost per shot for
vessel type b, cb (Table 1).
Then the rent associated with setting x shots in region (i, j), for vessel type b operating
out of port h, using targeting strategy k, πi, j,k (t, x, b, h), is


p(t, s) · r (k, s) · q(t, s) · Ni, j (t, s) · x − ρb · Di, j − cb · x
(3)
πi, j,k (t, x, b, h) =
s

We let F(e, T | b, h) denote the maximum expected accumulated rent between the current
time t and the end of the season for each vessel type b operating out of port h given that
E(t) = e. Assuming that the last trip can commence at time T , we have the end condition


F(e, T | b, h) = max πi, j,k (T, x, b, h)
(4)
i, j,k;x≤e

If the maximizing value of x = 0, the vessel stays in port.
For preceding times, F(e, t | b, h) satisfies the dynamic programming equation


2Di, j
F(e, t | b, h) = max πi, j,k (t, x, b, h) + F e − δi, j x, t +
+ x | b, h
i, j,k;x≤e
vb
2D

(5)

where F e − δi, j x, t + vbi, j + x | b, h is the cumulative future rent, accumulated after
the current trip. As we solve Eq. 5 backwards in time, we determine, conditioned on the
effort remaining at time t, the optimal fishing region (i ∗ (e, t), j ∗ (e, t)), the optimal targeting
strategy k ∗ (e, t), and the optimal number of shots x ∗ (e, t) to yield the maximum accumulated
rent from the current plus all future trips.
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Once Eq. 5 is solved, forward projections allow us to calculate the total remaining effort,
the accumulated value, the location choice associated with each trip, and the by-catch effects
on other species all depending upon the characteristics of the vessels. That is, we specify a number of vessels following the behavioral rules generated by Eq. 5. Each vessel is
characterized by home port and size. The rules determined by Eq. 5 allow us to predict
where the vessel will go during the season, which combination of stocks it will target,
and how its effort will be decremented. The solution of Eq. 5 is not a simulation; rather
it is the numerical solution of an equation for which analysis would otherwise be very
limited.
3.7 The Dynamics of Price as an Internal Game
Dowling et al. (2012) showed how to determine the dynamics of price, p(t, s) as an internal
game. In behavioral ecology this is called the stabilization of the dynamic programming
equation (Houston and McNamara 1999; Clark and Mangel 2000); it is analogous to the
trembling hand equilibrium (Selten 1975).
1. We specify the number of ports and the vessel types operating from each port.
2. We solve Eq. 5 for each vessel type from each port, using the species-specific price
trajectories, p(t, s).
3. Given the optimal fishing locations and number of shots to lay for each vessel type from
each port, we iterate behavior forward in time to generate landings under the current
price trajectory. We assume that price is a function of the total volume V (t, s) of speciesspecific landings by all vessels each day and generate a new price trajectory according
to


V (t, s) − V̄s
p(t, s) = p̄ 1 − f
(6)
V̄s
In this equation, p̄ is the season-wide average price of all species, V̄s is the mean speciesspecific catch per trip, calculated across all trips during the season for each forward
iteration and f is the price flexibility, relating to the price dependent demand curve (i.e.
price adjusts to the quantity supplied) (Jaffry et al. 1999). For calculations, we set | f | =
0.1, consistent with Hannesson and Kennedy’s (2009) conclusions about the economics
of the tuna fishery that is our focus. Equation 6 generates a new price trajectory as a
function of time, p(t, s), as the simulated vessels return to port with their catches; thus
p(t, s) = p(V (t, s)).
4. We repeat Steps 2 and 3 until the price trajectory that is used to solve the dynamic
programming equation matches the one that comes out of the forward iteration. As a
metric for comparison of the two trajectories we use (with species index suppressed)
S=

T



2
pb (t) − p f (t)

(7)

t=1

where pb (t)is the price trajectory used in the SDP and p f (t) is the price trajectory generated by in the forward iteration. We considered that price had stabilized
when S << 1, so that the within-season price trajectory used to generate behavior
is the same as that generated by the forward iteration of the behavior of the fishing
vessels.
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We used this state-dependent fleet dynamics model to evaluate (1) the economic effects
of spatial incentives versus spatial closures for reducing seabird by-catch; (2) the costs of the
two methods; that is, the rent relative to no management measure; and (3) the effectiveness
of the method for conservation of seabirds, where seabird encounters per shot per area were
predicted using statistical models from historical data.

4 Results
4.1 Overview
The focus of conservation efforts in this fishery is the 5-degree region immediately offshore
from Sydney (30–35◦ S, west of 155◦ E). In the past, this region has been closed at times by
the Australian Fisheries Management Authority (AFMA). Thus we set δi, j = 1 everywhere
except the management area and consider effort decrement multipliers 1.66 or 3.00 of effort
per unit spent in the management area. We chose these values to represent a moderate and
a strong decrement in effort. We also considered outcomes of a no management alternative
and those under the current closure policies.
We analyzed the fishery using the spatial distribution of stocks corresponding approximately to 2003 and 2007 (Fig. 2). These years had two very different distributions of
fish. Thus, they differed in longline set types (as characterized by various targeting practices, such as the number of hooks used, depth of fishing, bait configurations, the use of
light sticks, and the time of setting) and catch compositions. Offshore expansion of the
fishery peaked in 2003 as a result of inshore depletion of swordfish, with the majority of
the catch being yellowfin, swordfish and albacore. In 2007, reduced swordfish availability, high operating costs and shifting market demand resulted in vessels shifting to deepsetting techniques to target lower-value, but highly abundant, albacore in more northern
latitudes.
4.2 By-Catch Reduction Through Spatial Management
Although the application of hook decrement multipliers in the 5-degree square redistributes
effort to adjacent 5-degree squares (and some further to the north), considerable effort remains
off Sydney, even at higher decrement multiplier levels (Fig. 2). The timing of landings drives
the differences in price and rent, so that the outcomes depend on competition between fishers.
A 3.00 hook decrement multiplier applied to the 5-degree area immediately offshore from
Sydney shows a difference in catch compositions and spatial distributions for the distribution
of fish in 2003, versus that in 2007. Thus, vessels are predicted to shift differently according
to fish abundance and distribution, and targeting practices.
We show relative rent by decrement strategy for each year and port in Fig. 3a. The relative differences in overall rent are low, with the greatest decrease being approximately
15 % under the 3.00 decrement multiplier, assuming the pattern of abundance and distribution in 2003. Low-level decrements were generally cheaper than closures, while higher
decrements were generally more expensive to the fisher. That is, both years of abundance
and distribution of fish generally showed a higher rent with a lower (1.66) decrement multiplier and a lower rent with a higher (3.00) decrement multiplier. There were slight differences
between years in the direction and magnitude of the rent change. For example, rent was higher
under low decrements than under closures only for the abundance and distribution of fish
in 2007.
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No management

1.66 decrement multiplier

Management area

3.00 decrement multiplier

closure

B
“2003” 3.00 decrement multiplier

“2007” 3.00 decrement multiplier

Management area

“2007” no management

Fig. 2 A Spatial distribution, magnitude and composition of modeled catch for the 2003 scenarios, where the
management area is that immediately offshore from Sydney, where the size of the circles is proportional to the
magnitude of the catch, and yellow = yellowfin tuna, green = albacore, blue = broadbill swordfish. B Spatial
distribution, magnitude and composition of modeled catch for 2003 versus 2007 when the effort decrement is
3.00. (Color figure online)
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Fig. 3 A Relative rent by decrement strategy for each port (M = Mooloolaba; S = Sydney) and year B Seabird
encounter rate (relative to that under no management) by management scenario and year

In Fig. 3b, we show that seabird encounter rates decreased with the increasing strength of
the management measure for the abundance and distribution of fish in 2003. Encounter rates
were actually lower under the 3.00 decrement multiplier than for the closure scenario, with
less effort redistributed to the south of Sydney (an area of high modelled seabird abundance)
under the former. Encounter rates showed little change under the abundance and distribution
of fish in 2007, due to the different fish distributions and targeting, and hence different effort
re-distributions relative to the 2003 model.
Combining the two panels in Fig. 3 allows us to illuminate the trade-off between
biodiversity (in terms of seabird conservation) and rent (Fig. 4; Table 3). A 3.00 hook
decrement multiplier in 2003 saves most birds, but this scenario for both years resulted
in a strong decrease in rent. For both years, the smaller decrement multiplier was
the preferable management measure. Our results show that closures were not necessarily superior to decrement multipliers in terms of their ability to protect seabirds, and
that the outcome depended on year through the abundance and spatial distribution of
fish
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Fig. 4 The trade-off between biodiversity (where a lower seabird encounter rate means to a preferable outcome
in terms of biodiversity conservation) and rent to the fishery

Table 3 Cost per bird of different management strategies
Year

Management strategy

Cost per bird ($AUD)

2003

Closure

−7.87E+05

2003

1.66 multiplier

−1.89E+06

2003

3.00 multiplier

1.85E+06

2007

Closure

3.57E+06

2007

1.66 multiplier

−7.50E+06

2007

3.00 multiplier

5.30E+07

Fewer seabirds are predicted to be encountered in every scenario when hook decrements were applied, so a
negative sign means higher rent relative to that under no management, while a positive sign means lower rent
relative to that under no management. The best scenario both from an environmental and economic point of
view was the 1.66 effort decrement multiplier in 2007, while the worst was the 3.00 effort decrement in the
same year

5 Discussion and Conclusion
In this paper, we have illustrated how the state variable methods that Colin Clark developed
for behavioral ecology have a natural translation into problems of resource economics. We
have intentionally made the paper short and thus, for example, did not consider the bigger
maximization problem of choosing the best hook decrement multipliers δi,i over the entire
region. For example, making some of them <1 would be a means of encouraging fishing in
areas that might otherwise be ignored. We have also intentionally ignored the risk of going
fishing, which would discount future expected rent in Eq. 5 since that is treated in Dowling
et al. (2013) and allowed us to focus on a simpler problem, in the spirit of what Colin has
taught over the years.
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There is much scope for analyses of the kind we have illustrated here in fisheries. For
example, these methods enable the evaluation of the effects of reorganizing fisheries to
embrace a spatial or regional management system. This includes the exploration of management measures such as bonding or offsets, in addition to environmental incentives such as
those considered here. The approaches used here could be more generally applied in a marine
zone management context, with a focus on estimating the true costs of spatial management
in addition to biodiversity benefits. The outcomes of such modeling can also feed into socioeconomic impact analysis, as for example, in assessing proposed marine protected areas.
That is, the methods that we have described here are particularly appropriate for Ecosystem
Based Fishery Management (EBFM). One of the great challenges in EBFM is dealing with
trade-offs among non-commensurate values such as targeted catch and by-catch or targeted
catch and the reduction in chick production by seabirds (Richerson et al. 2010) or the density
of grizzly bears (Levi et al. 2012). Richerson et al. (2010) suggest, and Levi et al. (2012)
apply, a solution that balances the relative catch (catch at a fishing level below MSY divided
by catch at MSY ) and relative population production or size (production or size at no fishing
divided by that at MSY ). Defined this way, relative catch is an increasing function of fishing
mortality and relative population production or size is a decreasing function of fishing mortality, so that one can consider how these balance. Our results in Fig. 4 provide another way
of computing such relative values.
To be sure, there is much work still to be done, but we all owe Colin Clark a great debt of
thanks for having started one field and contributed so deeply to another.
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