A Service of

ECOMNZTOR pr

Make Your Publications Visible.

Leibniz-Informationszentrum
Wirtschaft

Leibniz Information Centre
for Economics

Kapaun, Ute; Quaas, Martin F.

Working Paper

Does the optimal size of a fish stock increase with

environmental uncertainties?

Economics Working Paper, No. 2012-09

Provided in Cooperation with:

Christian-Albrechts-University of Kiel, Department of Economics

Suggested Citation: Kapaun, Ute; Quaas, Martin F. (2012) : Does the optimal size of a fish stock
increase with environmental uncertainties?, Economics Working Paper, No. 2012-09, Kiel University,

Department of Economics, Kiel

This Version is available at:
https://hdl.handle.net/10419/64812

Standard-Nutzungsbedingungen:

Die Dokumente auf EconStor durfen zu eigenen wissenschaftlichen
Zwecken und zum Privatgebrauch gespeichert und kopiert werden.

Sie dirfen die Dokumente nicht fiir 6ffentliche oder kommerzielle
Zwecke vervielféltigen, 6ffentlich ausstellen, 6ffentlich zugénglich
machen, vertreiben oder anderweitig nutzen.

Sofern die Verfasser die Dokumente unter Open-Content-Lizenzen
(insbesondere CC-Lizenzen) zur Verfiigung gestellt haben sollten,
gelten abweichend von diesen Nutzungsbedingungen die in der dort
genannten Lizenz gewahrten Nutzungsrechte.

WWW.ECONSTOR.EU

Terms of use:

Documents in EconStor may be saved and copied for your personal
and scholarly purposes.

You are not to copy documents for public or commercial purposes, to
exhibit the documents publicly, to make them publicly available on the
internet, or to distribute or otherwise use the documents in public.

If the documents have been made available under an Open Content
Licence (especially Creative Commons Licences), you may exercise
further usage rights as specified in the indicated licence.

Mitglied der

Leibniz-Gemeinschaft ;


https://www.econstor.eu/
https://www.zbw.eu/
http://www.zbw.eu/
https://hdl.handle.net/10419/64812
https://www.econstor.eu/
https://www.leibniz-gemeinschaft.de/

ClAlU

Christian-Albrechts-Universitat zu Kiel

Economics Working Paper
No 2012-09

does the optimal size of a fish
stock 1ncrease with environmental
uncertainties?

by Ute Kapaun and Martin F. Quaas

issn 2193-2476



Does the optimal size of a fish stock increase with
environmental uncertainties?

Ute Kapaun® and Martin F. Quaas

Department of Economics, University of Kiel, Germany

September 25, 2012

Abstract. We analyze the effect of environmental uncertainties on optimal fish-
ery management in a bio-economic fishery model. Unlike most of the literature
on resource economics, but in line with ecological models, we allow the different
biological processes of survival and recruitment to be affected differently by en-
vironmental uncertainties. We show that the overall effect of uncertainty on the
optimal size of a fish stock is ambiguous, depending on the prudence of the value
function. For the case of a risk-neutral fishery manager, the overall effect depends
on the relative magnitude of two opposing effects, the ‘convex-cost effect’ and the
‘gambling effect’. We apply the analysis to the Baltic cod and the North Sea her-
ring fisheries, concluding that for risk neutral agents the net effect of environmental
uncertainties on the optimal size of these fish stocks is negative, albeit small in
absolute value. Under risk aversion, the effect on optimal stock size is positive for

sufficiently high coefficients of constant relative risk aversion.
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Introduction

Environmental uncertainties have important effects on the development of fish
stocks (Hilborn and Walters 1992). Accordingly, stochastic fluctuations in envi-
ronmental variables such as temperature, salinity, or oxygen concentration, have
to be taken into account when discussing optimal fishery management. For risk-
neutral agents, Reed (1979) shows that optimal management of a fish stock is
characterized by a constant escapement policy, i.e. it ensures that a constant pro-
portion of the stock remains in the sea after fishing.! Reed (1979) also shows that
the optimal constant escapement level in a stochastic environment is equal to,
or larger than, the optimal escapement level in a deterministic setting where the
unit harvesting cost function fulfills a number of regularity assumptions. Various
articles have refined Reed’s seminal work by adding multiple uncertainties (Clark
and Kirkwood 1986, Sethi et al. 2005), costly capital adjustments (Singh et al.
2006), choice of regulatory instrument (Weitzman 2002), spatial structure of the
resource, (Costello and Polasky 2008) and management with environmental predic-
tion (Costello et al. 2001). All these studies assume risk-neutral decision-makers.?

One thing that most of these models have in common is that environmental
stochasticity is modeled by an i.i.d. random variable z; multiplied by the average
3

stock-growth function f(x;) of the resource stock x; at time ¢, i.e. zy41 = 2 f ().

The stock-growth function combines the different biological processes of re-



cruitment (young fish entering the harvested stock), survival, and growth in terms
of weight. Multiplying the average stock-growth function by one random variable
implies that all biological processes are equally affected by environmental fluctua-
tions. From a biological point of view, however, it seems more plausible to assume
that the respective processes would be influenced differently by fluctuations in the
environmental conditions. In most ecological stock-assessment models of marine
fish populations the reproduction process is considered to be more sensitive to en-
vironmental fluctuations than the survival of adult fish, which is usually assumed
to be constant.* Accordingly, we split the stock-growth function into two func-
tions describing the processes of recruitment and growth on the one hand and of
adults surviving natural mortality on the other. The recruitment and growth are
assumed to be stochastic, whereas natural mortality is assumed to be fixed.

We examine the effect of uncertainty on the optimal size of a fish stock un-
der both risk neutrality and risk aversion. Whether or not optimal escapement
increases with uncertainty is connected with the prudence (Kimball 1990) of the
value function. If the value function of the fishery considered exhibits positive
prudence, the optimal policy will involve precautionary savings in the natural cap-
ital stock and hence higher stock size under uncertainty than in the deterministic
case. If the value function exhibits negative prudence, the optimal stock size under
uncertainty will be lower than in the deterministic setting. As the value function
depends on (i) the biomass growth function, (ii) the profit function, and (iii) the

representative fisherman’s utility function, all three have an influence on whether



optimal escapement increases or decreases with environmental uncertainty.

Considering risk-neutral stakeholders first, we show that the overall effect of
uncertainty on the optimal size of a fish stock is ambiguous, depending on the rel-
ative magnitude of two opposing effects, the ‘convex-cost effect” and the ‘gambling
effect’. The ‘convex-cost effect’ reduces optimal escapement under uncertainty over
and against the deterministic case. Because harvesting costs are convex in the fish
stock, expected harvesting costs are larger when fish stock growth is uncertain
than they are at an expected stock level. The ‘gambling effect’, on the other hand,
increases optimal escapement under uncertainty. It comes about because uncer-
tainty is multiplicatively connected to stock growth, so the distribution of the
next period’s resource rents is positively skewed. This effect induces a risk-neutral
fishery manager to ‘bet’ on favorable environmental conditions.

For the case of a risk-averse representative fisherman, we show for a special case
that optimal escapement increases with uncertainty if the coefficient of relative risk
aversion is large enough.

In quantitative terms, we apply the model to Eastern Baltic cod and North
Sea herring fisheries and conclude that under risk neutrality the net effect of envi-
ronmental uncertainties on the optimal size of these fish stocks is negative, albeit
small in absolute value. Under risk aversion we observe a positive effect of uncer-
tainty on optimal stock size for sufficiently high coefficients of constant relative
risk aversion.

The paper is structured as follows: In the next section we set up the model



and solve the corresponding optimization problem. In Section 2 we consider op-
timal harvesting under risk neutrality, identifying the convex-cost effect and the
gambling effect. The case of a risk-averse representative fisherman is discussed
analytically in Section 3. We then apply our model to fisheries for Baltic cod (Sec-
tion 4) and North Sea herring (Section 5), considering both risk neutrality and

risk aversion. Section 6 summarizes and discusses the results.

1 A Fishery Model with Environmental Uncertainty

We consider a simple biomass model with stochastic recruitment in discrete time.

The growth of biomass x; from time step ¢ to ¢t + 1 is described by the equation

Ter1 = g(8t) + 2e7(81), (1)

where s; denotes the escapement, i.e. the biomass that remains in the ecosystem
after harvest h; so that s; = x; — h;. The period between t and ¢+ 1 is divided into
two parts. Harvesting takes place in the first part. In the second, the remaining
fish biomass, i.e. the escapement, reproduces and grows in weight. A fraction of
the fish dies by natural causes. The term g¢(s) represents the survival of adult
fish. The reproduction and growth process is represented as the stock-recruitment
relationship r(s).

Both functions are differentiable and non-decreasing. The expected recruitment
at stock size s; is described by the strictly concave function r(s;). Furthermore,
the recruitment process is sensitive to environmental uncertainty, represented by

the random variable z;, which is independent and identically distributed over time



with an expected value equal to one, E[z] = 1. The survival of adult fish g(s;),
by contrast, is deterministic. It can be concave or linear in s. In the latter case
the natural mortality rate of adult fish is fixed. The assumtion of deterministic
mortality at a constant rate is common in biological stock assessment models
(Hilborn and Walters 1992, ICES 2011a,b). We briefly discuss the case of stochastic
mortality in Appendix D.

The price per unit of fish p is constant, i.e. the fishery is small compared to
the overall market. We assume a generalized Schaefer production function for
the instantaneous harvest rate & in the fishing season, h = ¢(#) K,. We use ¢(%)
to denote the catch per unit of effort, K; to denote the effort of harvesting fish
(which is assumed to be constant throughout the fishing season), and Z to denote
the current stock size. Accordingly, © = x; at the beginning of year t’s fishing
season and T = s; at the end (Reed 1979, Clark 1990). Harvesting costs C; are
proportional to effort K, with ¢ as the costs per unit effort C; = ( K;. Thus we
obtain a unit cost function for harvesting fish, ¢(Z) = (/q(Z). We assume that,
in general, unit harvesting costs are weakly decreasing and weakly convex in the
stock size, i.e. ¢(Z) < 0 and ¢’(Z) > 0. This means that the catch per unit of
effort ¢(z) is non-decreasing with population abundance. Convexity also implies
that the increase of the unit harvesting costs induced by a one-unit decrease in
stock is greater for lower stock abundance than for higher stock abundance. A
common specification of the harvesting cost function is ¢(Z) = ¢Z™X with x > 0.

In that special case T ¢() is strictly concave (for 0 < x < 1), constant (for x = 1),



or strictly convex (for y > 1). For x = 0, catch per unit effort is independent of
stock abundance, the unit harvesting cost is constant with C' = ¢, and Z ¢(7) is
linear in stock. In empirical terms the most relevant case is x € (0,1). In a study
of 297 fisheries, Harley et al. (2001) find typical values of x to be between 0.64
and 0.75.

During the harvesting season, each ton of fish caught reduces the stock by one
ton. Therefore the aggregate annual profit I1; is obtained by integrating the flow of
profits over the whole fishing season 1I; = f;t (p — (%)) dz. The fishery manager
aims to maximize the well-being of the representative fisherman earning his income
from fishing profits:®

0
ms?XE[; p'tu (I1,) dZ| subject to (1). (2)
Here the operator E denotes the expectation over the probability distribution of the
random process {z;:} and p € (0,1) is the discount factor. Fishermen are typically
averse to fluctuations in income. We find this reflected in the management plans
for Baltic cod which contain rules to limit fluctuations in total allowable catches
from year to year.® We take this effect into account by assuming that instantaneous
utility u(I1;) derived from fishing income is increasing and weakly concave, u/(I1;) >
0 and u”(II;) < 0.7 For a risk-neutral fisherman, the instantaneous utility function
is linear, u(Il;) = II;. For a risk-averse fisherman, the instantaneous utility function
is strictly concave, u”(I1;) < 0.

Using J(z) to denote the value function associated with the stochastic opti-



mization problem (2), the Bellman equation reads®

J(z) = msax{u (/; (p—c(2)) di) +pE[J(g(s) + 27‘(5))}} (3)

In the following, we use S*(z) to denote the optimal feedback policy obtained as
a solution of (3) for the stochastic case and S*(z) to denote the optimal feedback
policy for the corresponding deterministic model, where z; = 1 for all £. The
question we are asking in this paper is whether, for a given stock size x, the
solution S*(x) for the stochastic problem is larger than, equal to, or smaller than
the solution S(z) for the deterministic model.

To adress this question, we consider the first-order condition for optimal es-

capement

u’ (/w (p — (7)) df) (p—c(s)) =pE %J(g(s) +z7(s)) | - (4)

This condition states that for the optimal escapement level s* at a given stock
size x the current marginal profits of the last unit of fish harvested (left-hand side,
LHS) equal the discounted expected marginal profits of an additional unit of fish
that escapes fishing (right-hand side, RHS). Uncertainty only makes a difference to
the RHS of this equation. As the LHS is monotonically increasing in s, the optimal
escapement level at a given stock size x will increase with the RHS of (4). Thus,
the optimal escapement level will be higher (lower) under uncertainty than with
the deterministic setting if the RHS of (4) is higher (lower) when z is stochastic
than in the deterministic case z = 1. This, in turn, depends on the curvature of the

derivative of the value function with respect to the escapement level, d.J (g(s) +



zr(s))/ds, in z. So the question whether or not optimal escapement increases
with uncertainty is connected to the prudence (Kimball 1990) of the value function
J(g(s) + zr(s)).

Prudence describes “the propensity to prepare and forearm oneself in the face
of uncertainty, in contrast to ‘risk aversion’, which is how much one dislikes un-
certainty and would turn away from uncertainty if possible” (Kimball 1990:54).
A positive prudence of the value function thus implies precautionary savings in
the natural capital stock and hence higher stock size under uncertainty. Positive
prudence is given if dJ(g(s) + z7(s))/ds is convex in the random variable z. The
index of absolute prudence is defined by C;‘l—; (dJ(g(s) + z7(s))/ds). If this index is
positive (negative), we speak of positive (negative) prudence of the value function.
Under positive (negative) prudence the optimal stock size under uncertainty will
be higher (lower) than in the deterministic setting.

As the value function depends on (i) the biomass growth function, (ii) the
profit function, and (iii) the representative fisherman’s utility function, all three
have an influence on whether optimal escapement increases or decreases with envi-
ronmental uncertainty. For the detailed analysis of the combined effect we proceed
in three stages. In Section 2 we study how optimal harvesting is affected by risk
when fishermen are risk-neutral. Section 3 derives analytical results for risk-averse
fishermen, but it requires relatively restrictive assumptions on biomass growth
function, harvesting technology, and preferences to derive a closed-form expres-

sion for the value function. In section 4 and 5 we apply our analysis to the Baltic
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cod and North Sea herring fisheries.

2 Optimal Harvesting under Risk Neutrality

For the risk-neutral case u(Il;) = II;, both the LHS and the RHS of (4) are indepen-
dent of the current stock size x. Thus, the solution of this stochastic optimization
problem is state-independent (see Appendix A). Optimal feedback policy S*(z) is

the most rapid approach to the constant optimal escapement level s*,
S*(x)=s" if x>s and S*(x)=x otherwise. (5)

The optimal escapement level s* is determined by the following condition (see

Appendix B):

p—c(s)=pg(s) [p - E, [c(g(s*) + z 7"(3*))”

+p1'(5") [p= B[zc(g(s) + 20(s) || (6)

This condition states that for the optimal escapement level s* current marginal
profits from the last unit of fish harvested equal the discounted expected marginal
profits from an additional unit that escapes fishing. The expected marginal profit
on the RHS of (6) can be divided into two effects. The first term on the RHS
represents the expected marginal profits from the additional surviving adults. The
second term on the RHS stands for the expected marginal profits from additional
recruits.

In the risk-neutral case, the curvature properties of the marginal cost function
are essential to determine the prudence of the value function. To compare the op-

11



timal escapement level in the stochastic case with the optimal escapement level §*
in the deterministic case (i.e., for z; = 1 in Equation (1)), we consider the following

equivalent to condition (6) in the deterministic setting:
p—cls) = pg (5" [p = cg(s) + 7)) | + (5" [p—e|g() + (9] ()

We obtain a higher (lower) optimal escapement level when the next period’s ex-
pected marginal costs are lower (higher) than the marginal costs at the expected
next period’s stock level (which coincides with the deterministic case as we have
E.[z] = 1). We consider the effects for additional surviving adults and for ad-
ditional recruitment separately. The first term on the RHS of condition (6) in
the stochastic case is smaller than the first term on the RHS of condition (7) in
the deterministic case. This is due to the convexity of the marginal harvesting
cost function. We refer to this effect as the ‘convex-cost effect’. The second term
on the RHS of condition (6) will be larger than the second term on the RHS of
condition (7) if function & ¢(Z) is concave. We refer to this effect as the ‘gambling

effect’.

2.1 Convex-cost effect

If marginal harvesting costs are convex in the fish stock, they will also be convex in
the random variable. Expectation £ [c(g(s*) + z r(s*))] is over a convex function
of the random variable, so expected marginal harvesting costs are greater than
the marginal costs at expected stock growth c(g(s*) 4+ 7(s*)) as E[z] = 1. The

convex marginal cost function implies that the increase in marginal harvesting
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costs for a stock growth below the mean is greater than the decrease in marginal
harvesting costs for a stock growth above the mean. Accordingly, the expected
marginal harvesting costs are greater under uncertainty than in the deterministic
case. We refer to this effect, which tends to reduce the optimal escapement level,
as the convex-cost effect.

Intuitively, the effect of convex marginal harvesting costs is similar to the effect
of risk aversion, so it is optimal to invest less if the asset is risky. Accordingly, it
is also intuitive that under uncertainty the convex-cost effect will reduce optimal
escapement over and against the deterministic model. More precisely, the con-
vexity of marginal harvesting costs reduces the prudence of the value function. If
the convex-cost effect were the only effect present, the prudence of the value func-
tion would be unambiguously negative, and the optimal escapement level would

decrease with environmental uncertainty.

2.2 Gambling effect

If the function T ¢(Z) is convex, the second term on the RHS of condition (6) will
be lower than the second term on the RHS of (7). The prudence of the value
function would be unambiguously negative, so the optimal escapement level under
uncertainty would be unambiguously lower than in the deterministic setting.

As set out earlier, the more relevant case in empirical terms is where 7 ¢(Z) is

concave in Z. Here the expression z c(g(s*) + 2 r(s*)) is a concave function in the

random variable z;. The expected marginal costs £ [zt c(g(s*)+z T(s*))] will then

13



be smaller than the marginal costs at expected stock growth ¢(g(s*) + E[z] 7(s*))
(which coincides with the deterministic case).

The economic intuition for this effect is as follows: As uncertainty is multi-
plicatively connected with stock growth, the distribution of next period’s resource
rents is positively skewed and has a fat tail at high rents. Under favorable en-
vironmental conditions, a marginal increase in current escapement will result in
a strong marginal increase in the fish stock, producing both a large harvest and
low marginal harvesting costs in the next period. Under adverse environmental
conditions, marginal harvesting costs in the next period will be high because of
the low fish stock, but this effect is dampened by the fact that the harvest is small.
So the expected marginal increase in harvesting costs with a marginal increase in
escapement is lower than the marginal increase in harvesting costs under expected
stock growth. In other words, a risk-neutral fishery manager will tend to bet on
favorable environmental conditions. This is why we call this effect the gambling
effect.

The gambling effect tends to increase the prudence of the value function, i.e.
to increase the optimal escapement level under environmental uncertainty.”

Since the convex-cost effect and the gambling effect work in opposite directions,
the overall result is ambiguous. The optimal escapement level could be either

higher or lower than in the deterministic case.!”
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2.3 A special case: when survival is proportional to recruit-
ment

In our model, a special case arises if survival is proportional to recruitment, i.e. if
there exists some x € [0,1) such that (1 — k) g(s) = £7r(s). In this case, biomass

growth (equation 1) can be written as

Tpy1 = 2 f(St), (8)

where Z = k4 (1 — k) z is a random variable with mean 1 and f(s) = r(s)/(1 — k)
is the expected biomass growth function. This special case deserves attention, as
the model for it is equivalent to the model studied by Reed (1979). In the latter

case the optimality condition (6) simplifies to
p—cls”) = pf (s") (p = Bz |2 (2 £(s)]). (9)

If the function Z ¢(Z) is concave in Z, the optimal escapement level in the stochastic

' Tn other

model will be unambiguously higher than in the deterministic case.!
words the gambling effect will outweighs the convex-cost effect.
If we further specify the unit cost function c¢(x) = cz™ with x € (0,1)

and assume a log-normal distribution of environmental stochasticity Z with mean

pz = 1 and standard deviation oz, condition (9) can be written as follows (see
Appendix C):
] " cf(s")X
p—c@>:pf@><p———ij%r;>, (10

(1+ o2

The left hand-side of this equation increases with the degree of uncertainty, as
measured by the variance o2. Accordingly, the optimal escapement level increases

15



monotonically with uncertainty. In quantitative terms, the influence of uncertainty
on the optimal escapement level will typically be small. It is maximal for x = 1/2,
as then the exponent of the factor (14 02)¥(1=/2 on the RHS of (10) reaches its
maximum for all values of x € (0,1). But even in this case and for an unrealistically
high degree of uncertainty o2 = 1, this factor changes the RHS of (10) by less than

ten percent, as (1 + ¢2)X(1=)/2 = 21/8 <1 10.

3 Optimal Harvesting under Risk Aversion

In the case of risk aversion, it is in general not possible to solve the Bellman equa-
tion (3) analytically. For special cases an analytical solution is however feasible.'?
To study the case of a risk-averse representative fisherman analytically, we thus
have to further specify the model.

First, we neglect harvesting costs in this section, i.e. we assume ¢(z) = 0. This
not only simplifies the analysis, it also enables us to better isolate the effect of risk
aversion. The point is that in the absence of harvesting costs, both the convex-cost
effect and the gambling effect vanish, and optimal escapement for the risk-neutral
case would be independent of uncertainty.

Second, we focus on the case where survival is proportional to recruitment and
the biomass growth function is given by (8). We furthermore assume that the

biomass growth function f(s) has the functional form
f(s)= (as'?4+ap=?)? (11)

with positive constants a, 3, and ¢. A special case of this biomass growth function

16



is the Beverton-Holt function f(s) = (s/a)/(1+ (s/8)) obtained by setting ¢ = 2.
Third, we assume an instantaneous utility function with constant relative risk

aversion v > 0,

(x—9)"", (12)

with v > 0. This model is analytically solvable for the special case ¢ = ¢. In

Appendix E we show that the value function is
J(l’) = miﬂl_ﬁ +¢2 (13)
with some constants ¢; > 0 and ),, and that the optimal escapement rule is
1
s*= (paE[Z'7])7 a. (14)

It is obvious that if ¥ < 1 (¢ > 1), optimal escapement will be lower (higher), the
higher the uncertainty is. ¥ < 1 means not only that risk aversion is relatively low
but also that the curvature of the biomass growth function is relatively high.!?
We can again connect this result to the prudence of the value function J(Z f(s)).
In this case, the function inside the expectation operator on the RHS of (4) is
dJ(Z f(s))/ds = 1y 21 7% a1V, It is concave (convex) in ¢ if ¥ < 1 (¢ > 1). Thus,
a value function that exhibits negative (positive) prudence will give rise to a lower

(higher) optimal escapement for ¢ < 1 (¥ > 1).

4 Quantitative Example I: Baltic Cod Fishery

Our first quantitative example is the Baltic cod fishery. The water in the Baltic
Sea is brackish, making it a marginal area for cod. The fish population depends

17



on fluctuating fresh water inflows from the North Sea to increase the salinity level
to a degree where their eggs can hatch (Rockmann et al. 2007). Accordingly,
the recruitment process for Baltic cod is highly uncertain and represents a useful
example for the stochastic recruitment model.

To estimate the biological growth function we use stock assessment data (years
1966-2009) from the International Council of the Exploration of the Sea (ICES
2011). We combine the data for total stock biomass in year ¢, X;, total harvest H,
(as the sum of official landings and discards) and natural mortality (assumed to
be fixed at M = 0.2, as in the ICES stock assessments) to obtain the escapement

S; and the recruitment biomass R; as follows

St :Xt _Ht7

Rt = Xt+1 — 6_0'2515.

The recruitment variable R; thus encompasses both the reproduction process and
growth in weight. It is calculated as the total stock biomass at the beginning
of period ¢ + 1 minus the fraction of period t’s escapement that survives natural
mortality. We assume that recruitment follows a stochastic Beverton-Holt (1957)

14

stock-recruitment function r(s;) = z;aq 84/(1 + ags;).'* Using the Levenberg-

Marquardt algorithm for nonlinear least squares, we estimated the equation

In(R,) = In (O‘l—st) +e, (15)

assuming that ¢; is an independent and identically normally distributed random

variable with zero mean.'® We obtain estimates &; = 1.189 with a standard error

18



of 0.111, as = 1.525 million tons with a standard error of 0.496 million tons, and

an estimate 62

= 0.083 million tons for the standard deviation of z; = exp(e).
Because of the logarithmic specification of (15), estimate &; is biased. For our
numerical computations, we use the adjusted value a; = &; exp(—0.552) = 1.140.

To estimate the parameters of the harvesting function, we specify the cost

function C' = (K and ¢(Z) = gy X. With this specification, total fishing effort in

year t is Ky = [ q(7)7'd(7) = (117x) (217X — s'7X] (Clark 1990). We use data
on effort as days at sea for the Danish fleet from (Fiskeriregnskabsstatistik 2007,
Fiskeridirektoratet 2007) and (ICES 2009) data for total biomass and escapement.
Using the Levenberg-Marquardt algorithm for nonlinear least squares we obtain
go = 5.162 tons per days at sea (standard error 2.173), and x = 0.953 (standard
error 0.213). For prices and unit effort cost ¢, we use the estimate from Kronbak
(2002; 2005) and Quaas et al. (2010). Normalizing the price of a million tons of
harvest to unity, we obtain a unit effort cost parameter of ( = 0.554, measured in

billions of Euros at million days at sea. For the unit harvesting cost parameter we

thus have (/qo = 0.107 Euros/kg.

19



In sum, the functional specifications we use are

g(St) — 6_0'2 S
1.140 St
T(St) =
1+ 15255,

z o« LOGN(1,0.083)

p—c()=1-0.107% %93

B 1
~ 1+40.05

p

Our first step in the quantitative analysis for Baltic cod is to consider the opti-
mal escapement levels for a risk-neural representative fisherman. To determine the
optimal escapement levels in the deterministic and stochastic recruitment models,
we solve conditions (6) and (7) using these specifications numerically. For our sen-
sitivity analysis, we use random samples of 1000 sets of parameter values for aq,
s, qo and ¢, assuming that the parameter values are independently normally dis-
tributed with means and standard deviations as obtained from the estimations (or
variance-covariance matrix from the estimation for ay and ay). For each parameter
set, we compute the optimal escapement and determine the standard deviation of
the sample of optimal escapement levels thus obtained.

The optimal escapement level for the deterministic model (where z = 1) is
5* = 0.904 million tons, with a standard deviation of 0.257 million tons. For the
stochastic model we obtain s* = 0.902 million tons as the optimal escapement, with
a standard deviation of 0.255 million tons. Thus we have a slightly lower optimal
escapement level in the stochastic model than its deterministic counterpart, but

the difference of 1619 tons (with a standard deviation of 657 tons) is small. This
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indicates that while model uncertainty is substantial, it is not so large as to make
the quantitative results completely unreliable.

Next, we analyze how risk aversion influences the results. For this purpose,
we assume an instantaneous utility function with constant relative risk aversion
u(Il;) = II} 77 /(1 — ¥) and use the same biomass growth function, marginal cost
function, and discount rate as before. We solve the stochastic optimization prob-
lem (2) numerically for different risk-aversion coefficients ¢ by numerically com-
puting the value function J(z). To do so, we use the collocation method (Miranda
and Fackler 2002), where the value function J(x) is approximated by a finite linear
combination of Chebychev polynomials.!®

The results are shown in Figure 1.

FIGURE 1 about here

The upper panel shows the optimal feedback policies S*(x) under uncertainty
(02 = 0.0834) and S*(x) in the deterministic case for three different coefficients
of risk aversion: the risk-neural case ¥ = 0, slight risk aversion v = 0.1, and
stronger risk aversion 9 = 0.5. For the risk-neutral case, the optimal policy is the
most rapid approach to constant escapement (cf. section 2). The higher the risk
aversion, the smoother the optimal policy becomes: escapement is relatively lower
(harvest is higher) at relatively low stock sizes, and relatively higher (harvest is
lower) at higher stock sizes.

For all three coefficients of risk aversion, there is hardly any difference between

the optimal policies under uncertainty and in the deterministic setting. The lower
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panel in Figure 1 shows the difference S*(z) — S*(z) for three different stock levels,
z € {0.15,0.50, 1.8} million tons. Note that the scale of the y axis in the lower
panel is in thousands of tons, while in the upper panel it is in millions of tons.
This shows that the difference is well below 1 percent of the optimal escapement.
Although the overall effect is small, the effect of increasing risk aversion is unam-
biguous. The higher the coefficient of risk aversion is, the higher is the difference
in optimal escapement under uncertainty and in the deterministic case. The two
lower stock sizes considered (z = 0.15 and x = 0.50 million tons) are smaller
than the optimal escapement s* in the risk-neutral case. For these stock sizes, the
optimal escapement for ¥ — 0 is the same with and without uncertainty, as it
simply equals the current stock size. The higher stock size x = 1.8 million tons
is above s*. In this case, the optimal escapement for a risk-neutral representative
fisherman is lower under uncertainty than in the deterministic case (see above).
With increasing risk aversion, the difference also becomes positive for this stock

size .

5 North Sea Herring Fishery

Our second case study is the North Sea herring fishery. Here we use the same
functional specifications as for the Baltic cod fishery. For North Sea herring,
we use the price and cost function from Nostbakken (2008), where p = 2.465
NOK/ kg, ¢ = 1,189,565 NOK /per vessel-year and a catchability per vessel-year

of go = 0.0011. We again normalize the price to unity and obtain {/(p*qy) = 0.439
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Euros/kg and y = 1 as parameters of the cost function.

To estimate the parameters of the biological growth function, we use ICES
(1998; 2007) data for the period 1947-2005 to calculate the escapement S; as the
product of the total biomass X; and e~F, where F is the mean fishing mortality rate
for age classes from 2 to 6. We again assume a deterministic natural mortality with
a rate of M = 0.16 (as in the ICES stock assessments for herring) and a Beverton-
Holt function for the stock-recruitment relationship. Using the same model (15)
and regression method as for cod, we obtain estimates &; = 2.048 (standard error
0.266), &y = 0.956 million tons (standard error 0.204 million tons), and 62 = 0.104
million tons for the standard deviation of z; = exp(e;). Again, we use the adjusted
value a; = @y exp(—0.562) = 1.9445 for our numerical analysis.!”

For the risk-neutral case we compute an optimal escapement level s* = 2.769
million tons (with a standard deviation of 0.302 million tons) in the stochastic
model. In the deterministic model the optimal escapement level is 5* = 2.780
million tons.Thus we again observe a slightly lower optimal escapement level in
the stochastic case. The difference is larger than with the Baltic cod fishery but

at 10356 tons (with a standard deviation of 4 784 tons) still quite small.

In Figure 2 we show the optimal policies for risk-averse fishermen.

FIGURE 2 about here

The results are similar to those obtained for Baltic cod. The differences in optimal
escapements between the stochastic and deterministic cases are small in absolute

value. The unambiguous effect of risk aversion is that difference increases and,
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for sufficiently high degrees of risk aversion, optimal escapement is higher under

uncertainty than in the deterministic case.

6 Discussion and Conclusion

In this paper we studied the effects of environmental uncertainties on optimal fish-
ery management for both risk-neutral and risk-averse fishermen. To account for
natural mortality and recruitment, we split the stock growth function of the fish
stock into two processes. Following the biological approach taken in stock assess-
ment models, we assume that natural mortality is fixed at a given value. The
recruitment process, by contrast, depends on stochastically fluctuating environ-
mental conditions.

We have demonstrated that the optimal escapement level can be higher or lower
than in the deterministic setting, depending on the prudence of the value function.
This in turn depends on (i) the biomass growth function, (ii) the profit function
and (iii) the representative fisherman’s utility function. Positive prudence gives
rise to higher optimal escapement, whereas negative prudence results in a lower
optimal escapement level.

For risk-neutral fisherman we showed that the question whether or not the
optimal escapement increases with uncertainty is influenced by two counteracting
cost effects: the convex-cost effect and the gambling effect. The convex-cost effect
results from higher expected marginal costs due to the convexity of the cost func-

tion and tends to reduce optimal escapement. Intuitively, the convex-cost effect
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means that optimal investment is smaller when the asset is risky. The gambling
effect results from lower expected marginal costs under uncertainty because the
harvestable biomass increases more strongly under favorable environmental condi-
tions than under adverse environmental conditions. The gambling effect thus tends
to increase optimal escapement. The finding that the effect of uncertainty on the
optimal size of the fish stock is ambiguous under risk neutrality is in contrast to
Reed’s (1979) unambiguous result that that the optimal constant escapement level
in a stochastic environment is equal to, or larger than, the optimal escapement
level in a deterministic setting. This is because we have allowed that the processes
of recruitment and adult survival are affected differently by environmental uncer-
tainties. In the paper we have considered the case where recruitment is uncertain,
but survival is deterministic. In Appendix D we show that the effect of uncertainty
is ambiguous also in the case of stochastic survival. Under risk aversion, the effect
of uncertainty on optimal escapement is still ambiguous, depending on the stock
growth function parameter and the coefficient of constant relative risk aversion.
To quantify the effect of uncertainty both under risk neutrality and risk aver-
sion, we applied the model to the Baltic cod and the North Sea herring fisheries.
Under risk neutrality we observed in both fisheries lower optimal escapement in
the stochastic environment than in the deterministic setting, but the difference is
small in absolute value. In the setting with risk-averse fishermen we found higher
optimal escapement levels for sufficiently high coefficients of constant relative risk

aversion. Again, the difference is very small, and well below one percent of optimal
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escapement.

This finding is in line with previous results of Sethi et al. (2005) who analyze the
effect of multiple uncertainties on optimal fishery management. Their simulations
show that stock growth uncertainty has only minor effects on the optimal fishery
management. Our paper completes their findings: By introducing the two cost-
effects and refering to the notion of prudence, we provide a deeper understanding
and an intuitive explanation of the influence of environmental uncertainties on the
optimal fishery management. We extend the analysis to the case of risk aversion,
both analytically and numerically. Furthermore by applying our model to two real
fisheries, incorporating the estimated variance in stock growth and the estimated
cost function, we provide valid results for fishery management.

Our quantiative results show that the optimal feedback policy is not very
strongly affected by environmental uncertainties. Our results suggest that even
if fluctuations in environmental conditions would increase, for example due to cli-
mate change, there is little need to adapt fishery management recommendations.
One should keep in mind, however, that other forms of uncertainty may have a
much stronger effect, including measurement uncertainty with regard to the size of
the fish stock (Sethi et al. 2005), or the possibility of regime shifts (Polasky et al.

2011, de Zeeuw and Zemel 2012).
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Notes

'Reed assumes an objective function that is linear in harvest, which implies that neither the
consumer nor the fishermen show risk aversion

*Pindyck (1984) studies the management of renewable resources under uncertainty in con-
tinuous time by adding a stochastic differential equation of the Ito type, assuming a downward
sloping demand function. This can be interpreted as reflecting risk-aversion of consumers.

3Costello et al. (2001) do not restrict the disturbance to be multiplicative to the stock growth,
but still assume that z; is i.i.d with mean one, which implies that z; is somehow multiplicatively
connected.

“The influence of environmental conditions differ for different species. For Baltic cod and
North Sea herring see ICES Advice 2010a, 2010b, Books 6 (herring) and 8 (cod).

5We follow the convention of the previous literature and chose the escapement as the control
variable.

6Council Regulation (EC) No 1098/2007 of 18. September 2007.

“The assumption of a strictly concave utility function is sensible if fishermen have imperfect
access to capital markets. Experimental evidence suggests that a typical value for the coefficient
of relative risk aversion is about 0.74 (Andersen et al. 2008).

8Because the optimization problem (2) is autonomous, the value function J(z) does not
depend on time.

9Tt may appear contradictory that the ‘gambling effect’ leads to a higher degree of prudence.
However, the term prudence has been coined because of its effect — a higher degree of prudence
induces higher precautionary savings — and not because of a particular motivation why an agent
saves more under uncertainty.

10Under constant unit harvesting costs both the gambling and the convex-cost effect vanish
and the optimal escapement level in the stochastic and deterministic model are the same.
HReed’s (1979) intuitive explanation for a higher optimal escapement level is that “the marginal

average annual harvesting cost in the stochastic model resulting from an increase in the escape-
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ment level [...] is, because of the averaging process, less than the corresponding marginal cost in
the deterministic model.”

12To our knowledge, no analytically solvable model has been available for the discrete-time
model so far. For a similar problem in continuous time, Pindyck (1984) provides three examples
of analytically solvable models.

13Tf we again assume that z is log-normally distributed with variance o2, we obtain (E[z'~Y])!/¥ =
(1 + 02)(1=9)/2 (see appendix C).

14We also estimated the more general growth function of r(s;) = (a si? + aﬂ1*¢’) ﬁ, but
found the parameters to be not significant.

15 A Durbin-Watson test shows no autocorrelation in the error terms (DW = 1.718, p = 0.312).

Y6For cod (herring), we use 101 (212) collocation nodes on the interval = € [0.1, 5] million tons
(x € [0.1, 8] million tons). The optimization routines were implemented in Matlab. All program
codes will be made available as online supporting material.

17 The Durbin-Watson test revealed autocorrelation in the error term (DW = 1.014, p =
3.647 x 107°). As Nostbakken (2008) states, “[sjome problems of autocorrelation are [...] in-
evitable when using a simple surplus growth model to explain the complex dynamics of the fish
stock”. Considering an autoregressive model for the error term means that another stock variable

has to be included in the model. This would greatly increase the complexity of the stochastic

optimization problem, which is becond the scope of the present paper.

28



Appendix

A Dynamic Programming and Constant Escapement Policy

We consider the problem for a finite time horizon 7. The result for an infinite
time horizon is then obtained by letting 7" — oo. The risk neutral fishery manager

faces the following maximization problem:

T o
max F [Z Pt / p—c(z) dfi‘] (16)

st =1 rt—he
st Ty = g(se) + 27 (st). (17)

By letting (x4, s;) = () — 7(s;) = [2' 7' (v) dv and 7'(v) = p — ¢(v) equation

St

(16) can be also expressed as

max F [Z P () — W(St))i| :

St

To demonstrate that the optimal management approach is of the constant es-
capement type analogous to Reed (1979) we solve the Bellman equation by back-

ward induction:

Tnlar—en) = max {(w(@r_ @) = Tsr-)) + pE[Jucr (er)] }, (18)

ST—(n—1)

where the operator F denotes the expectation over the probability distribution of

the random variable z;. First we solve the problem for the last period 7'
Ji(xp) = max[r(zr) — 7(Sx0)],
sT

where sp is assumed to be the escapement level corresponding to the open-access
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fishery s... Now we consider the problem for the penultimate period:

Jo(xr_1) = max{(w(x;p_l) —7(sr-1)) + pE[m(x7) — T(S00)] },

St_1

where s, is a constant and x7 = g(sr_1) + zr(s7_1), such that the previous

equation can be written as

Jo(xp_q) = max{ (W(ZET_l) — 7T(ST_1))

St_1

+ pE[r(9(sr-1) + zer(sr-1))] } + const. (19)

Under the assumptions on the curvature properties of g(-), r(-) and ¢(-), this
problem has a unique maximum at an escapement level which we denote by s*.
This escapement level is optimal if the stock at the beginning of the period (z;)
is greater than s*. The optimal policy is a most rapid approach strategy to s*.
This can be validated by inserting s* in Jo(z7r_1) and substituting the result in

Jg(xT_Q)Z
Jo(xr-1) = (w(zp_1) — w(s%)) + pE[m(g(s*) + zer(s*))] + const.

Since s* is constant, in particular note, that s* is independent of stock, z;, the

function can be rewritten as
Jo(xp_1) = m(xr_1) + const.
Now we consider Js(zr_2):

J3($T_2) = max{ (7T(37T_2) — W(ST_Q» + pE [JQ(Q:T_]_)} } (20)

St—_2
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Inserting Jo(zp_1) = m(xp_1) + const yields

J3(xr_9) = max{ (m(zr—2) — 7(s7-2))

St—2

+ pE[r(g(sr—2) + 27 (s7-2))] } + const. (21)

Since J3(zr—_2) is equivalent to Jy(zr_1) in (19) except for the constant the constant
escapement strategy s* is also valid for the period T — 2. By complete induction

the same holds for all periods.

B Optimal Escapement Level

We now consider the optimal escapement level in the stochastic growth model. By

differentiating equation (18) with respect to sp_¢,_1) we get the following condition:
m(s*)=pFE [7T/ (9(s*) + ze7(s")) (¢ (s*) + 2 r’(s*))} :
Substituting p — ¢(v) for 7’(v) and rearranging we get
p—c(s") = pg'(s”) <p —E [6(9(8*) + 2 7"(S*))])
+ pr'(s) (p - F [zt c(g(s*) + zr(s*))}) . (22)
C Increasing uncertainty when survival is proportional to

recruitment

Inserting the cost function ¢(Z) = ¢ X in equation (9) and rearranging we get

p—cls’) = pf () (p = T2 Eel2).

¢
fs*)x
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With Z as a lognormally-distributed random variable the expectation can be cal-

culated as
N < 1 (Inz —ms3)?
Es[31~x :/ | — exp(——z>dz.
= 0 2\/27s2 257
With pz = 1, the parameters are m; = —iIn(1 + 0?) and s2 = In(1 + o2).

Substituting In(z) = ¢ we get

B[ = / " exp((1- ) ﬁlﬂ_

which yields

x(1—x)

B2 = (1+02)

For y € (0,1) the expectation decreases with increasing variance 0. This results
in lower expected costs and higher expected profits and gives thus an incentive to

choose a higher escapement level.

D Optimal escapement with both mortality and recruit-
ment stochastic

In this appendix we briefly consider the case where both processes, survival and

recruitment, are stochastic, i.e. we replace (1) by

Ty = wi g(8¢) + 2 7(54), (23)
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with two i.i.d. random variables w; and z;. The condition for the optimal escape-

ment level (6) under risk-neutrality then generalizes to

p—cl(s) = pg(s") [p = Eus[wrc(wig(s”) + 2n(5)] |

+pr'(s*) [p —E,. [zt c(weg(s*) + 2’7’(8*))” . (24)

If w; and z; are perfectly correlated, this model is equivalent to Reed’s (1979)
model, and the optimal escapement level under uncertainty is unambiguously
larger than in the deterministic case. If w; and z; are not perfectly correlated, the
effect of uncertainty on the optimal escapement level is ambiguous. This holds in
particular for the case where w; and z; are independent. To show this, we consider
the example of the Baltic Cod fishery considered in Section 4. The only modifi-
cation is that we assume that the two random variables z; oc LOGN(1,02) and

w; < LOGN(1, 02) are independently distributed with o

2 _ 2 _
. > 0. For 07 = 0, = 0,

2
we obtain §* = 0.904 million tons (see Section 4). For the example considered
here, we set o2 = 0.5, slightly higher than the empirical value. For o, = 0.1, we

get s* = 0.901 < §*. For o, = 0.5, we get s* = 0.911 > 5*. Thus, the effect of

uncertainty is ambiguous.

E Optimal escapement with risk aversion

Using ¢(Z) = 0, the biomass growth equation (8) with the specification (11),

u(ll) = vII*"Y/(1 —49), and ¢ = ¥ in (4), the first-order condition for optimal
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escapement, becomes

ypl_ﬁ d

@) =pE [£J <z (as'™? -I—aﬁl_ﬁ)li”)} (25)

Guessing s = d & with some 0 > 0 and (13) for the value function, condition (25)

becomes

1-9

mljf)w =ph B[z a(6z)™’ (26)
0
= vp'=? (%_5) =pa B[] ¢ (27)
The Bellman-equation reads
vp'™’ 1-9
J@) =75 (1=0)x) " +pE[J( f(02))]

Using the guess (13) again, we obtain

1-9
— Qflﬁ 'y = T (1= 6)2) 4o B fﬁ A0 (@ (0a) 4 a B 4y
v =vp T (1= 6)" 4 p Bl ad ™ gy (28)
Yo = P B a B (29)

1—p

Using (28) in (27), we obtain (14).
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Figure 1: Optimal escapement for Eastern Baltic cod as a function of the rep-
resentative fisherman’s coefficient of risk aversion . Note that the scale on the

y-axis in the upper panel is in millions of tons, while it is in thousands of tons in

the lower panel.
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Figure 2: Optimal escapement for North Sea herring as a function of the represen-
tative fisherman’s coefficient of risk aversion . Note that the scale on the y-axis

in the upper panel is in millions of tons, while it is in thousands of tons in the

lower panel.
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