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Abstract

Most existing methods of analyzing fishery catch-effort data either im-
plicitly assume that the main source of randomness is in the stock dynamics
while ignoring randomness in the catching process or vice versa. In this the-
sis we consider the problem of estimating the parameters of a simple fishery
model from a time series of catch and effort by two methods, one of which
allows for randomness in both processes.

The Kalman filter approach incorporates a stochastic dynamic model with
a stochastic catch model where the only unobservable variable is the stock
size. We considered two models in this instance; one in which we assumed
that there is randomness in the relationship between the escapement and the
stock size and one in which there is none. The main idea is the use of the
Kalman filter to obtain the likelihood function in order to estimate model
parameters.

Unlike the Kalman filter approach, the contagious distribution method
uses a stochastic catch model coupled with a deterministic stock dynamic
model. The basic idea followed in this case is the assumption that the proba-
bility that a given unit of fish is captured in a given time interval is influenced
by other units also being captured.

We applied both methods on real data sets. Data sets were divided into
two parts. One was used to fit the model and the other used to test the
one-step ahead prediction. In both methods model parameter estimates are
numerically obtained by the method of Maximum Likelihood, and where
possible we use the likelihood ratio test procedure to obtain approximate
confidence intervals for the parameters. We also estimated the ‘optimal effort’
using the Kalman filter approach and maximum substainable yield (MSY)
using the contagious distribution method.

In terms of the prediction, the methods did reasonably well. Residual
plots did not show any sign of model inadequacy. However, for the Kalman
filter approach, sometimes we were not able to obtain interval estimates for



some of the parameters. Also we were not able to estimate the ratio of the
variances and needed to assume it. The method also only estimates stock
sizes as fraction of ‘equilibrium’ stock size.
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Chapter 1

Introduction

For many fisheries detailed biological statistics are not available, and the
only reliable data for assessment of potential yields and for management
purposes are in the form of a bivariate time series of annual aggregated
catch {C;} and aggregated effort {E;}, ¢ =1,...,n. The units of C; would
usually be units of mass, while units of F; would be units of aggregated effort
such as boat days or net hours etc., where standardized “boats” or “nets”
are understood. In some cases aggregated effort data are not available; in
others observations of catch per unit of effort (CPUE) from survey trawls are
available for analyzing catch-effort data.

Basically two approaches have been used in analysing catch-effort data:

1. Equilibrium based models (Gulland [1961], Fox [1970], Mendelssohn
[1980]), in which catch {C,} is related directly to effort {F;} without

explicit consideration of transient changes in stock size over time.

Gulland [1961] considered the regression of % on i(Et_l, R, -3

1



Fox [1970] fitted the regression of ln(%f) on =(Ei_1,...,Et-m).

Chayes [1949] and Eberhardt [1970] have shown that scaling the depen-
dent variable catch C; by the independent variable effort £, introduces
artificial correlation into the data, thereby biasing the fit. Also ordi-
nary least squares produces biased estimates and inflated F-statistics
when used with variables lagged on themselves. (Johnston [1984]).
Mendelssohn [1980] used a Transfer Function model (Box and Jenkins
[1976]) on the C; and E; series to forecast the catches. He fitted a
Transfer Function model of the form (1 — 6B — 6 B*—---—6,B")C; =
(wo — w1 B —wyB? — -+ —w;B*)E; + 0y, where 7, is assumed to be an
autoregressive moving average process of normally distributed distur-
bances, and B is the backward shift operator, i.e. B"y; = y;—,. These
methods ignore biological details for the sake of statistical simplicity.

They provide no information on population abundance and its growth.

. Dynamic based models (Deriso [1980], Pella and Tomlinson [1969],
Schnute [1977,1985], Reed [1986], Ludwig, Walters and Cooke [1988],
Berck and Johns [1991]), in which there is an attempt to account for

the effect of stock changes over time on the observed catch-effort series.

Deriso [1980], Pella and Tomlinson [1969], and Schnute [1977,1985 ]
all assumed a deterministic catching process of the form C;, = ¢F; X,
where ¢ is a constant called the catchability coefficient and X, the

stock (population) size at the start of the fishing season in year ¢.



Randomness was implicitly assumed to occur only in the population
dynamics. Their mathematical models describing the population dy-
namics are manipulated so as to obtain equations in the observable
quantities (Cy, F¢) and the parameters of the model. The parameters
are then estimated by Ordinary Least Squares or Non-Linear Least
Squares. These methods tend to ignore the time series structure of the
data and could produce badly biased estimates of production parame-

ters.

Reed [1986] allowed error in the catching process but assumed a de-
terministic reproduction process. He assumed that the total number
of captures (; is a random variable having a Poisson distribution with
parameter A = ¢F; X;. He then fitted a root-normal approximation to
the Poisson model and to the (C}, F;) series. He however stated that
the assumption of a deterministic reproduction process is as unrealis-
tic as that of a deterministic catching process, and suggested that the
“ideal” method should allow randomness in both the catching process
and the population dynamics; however this leads to a model which is

statistically very complicated.

Ludwig et.al. [1988] used two approximate methods to account for er-
rors in both the catching process and the population dynamics in the
analysis of catch-effort data. Their first method (Total Least Squares)

involved augmenting the process error sum of squares with a sum of



squares of estimated observation errors in the effort. Their second
method (Approximate Likelihood) estimated the first and second mo-
ments of the distribution of the stock variable and used this to describe
the joint distribution of the observed catches {C}}, using a linear ap-
proximation from the series expansion of the stock equations. Berck
and Johns [1991] used the extended Kalman filter to estimate the stock
biomass of the Pacific Halibut fishery. They regarded stock size in two
management areas as the state variables and effort to be the endoge-

nous variable.
In this thesis we attempt to analyse catch-effort data by two methods:

1. Kalman Filter Approach

We investigate the use of a Kalman filter to obtain maximum likelihood
(ML) estimates of the parameters of a simple fishery model, in which

effort observations are regarded as exogenous variables.

2. Contagious Catch Model

We broaden the model of Reed [1986] to include a more sophisticated
stochastic model of the catching process in which there is a “contagion”
effect, i.e. units of fish are not treated independently. Instead the event
that some fish are captured will be assumed to increase the probability
that others are likewise captured. However the assumption of deter-

ministic stock dynamics will be retained. This is not the case for the



Kalman filter approach where stochastic dynamics will be assumed.



Chapter 2

Kalman Filter Model

We begin with a brief description of the main ideas of the use of the Kalman
filter to obtain the likelihood function for a given statistical model. Most of

the following material can be found in Harvey [1989] (Chapter 3).

2.1 State Space Form

The general state space form (SSF) applies to a multivariate time series y;
containing N elements. These observable variables are related to an m x 1

vector a; known as the state vector by a measurement equation.
yt:Ztat-th-l—et, tzl,,T (21)

where Z; is an N x m matrix, d; is an N x 1 vector and &; is an N x 1
vector of serially uncorrelated normally distributed disturbances with mean

zero and covariance matrix Hy, i.e.

E(e;) =0 and Var(e,) = H;. (2.2)



CHAPTER 2. KALMAN FILTER MODEL 7

In general the elements of a; are not observable. However, they are known

to be generated by the process
atthat_1+ct+Rt7]t, = 1,...,T (23)

where T} is an m x m matrix, ¢; is an m x 1 vector, I; is an m X ¢ matrix and
n¢ is a g X 1 vector of serially uncorrelated normally distributed disturbances

with mean zero and covariance matrix )y, i.e.

E(m:)=0 and Var(n) = Q. (2.4)

Equation 2.3 is called the transition equation. The specification of the

state space system is completed by two further assumptions:
1. The initial state vector, ag, has a mean of ay and a covariance matrix
P.
2. The disturbances ¢; and 7; are uncorrelated with each other in all time

periods and uncorrelated with the initial state vector.

Equations 2.1 to 2.4 with the above assumptions form a model in what is

called the state space form (SSF).

2.2 The Kalman Filter

The Kalman filter can be applied to models in the state space form. It

is a recursive procedure for computing the optimal estimator of the state
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vector at time ¢ based on the information available at time . If the initial
state vector, ap, and disturbances are normally distributed, application of
the Kalman filter enables the computation of the likelihood function; this
opens the way for the estimation of unknown parameters in the model.

Let a;—; denote the optimal (in the sense that it minimises the mean
square error) estimator of a;_; based on the observations up to y;—;. Let
P;_; denote the m x m covariance matrix of the estimation error. Denote
the estimate of the state vector a; at time ¢ given all observations on y up to
and including time ¢ — 1 by ay,_; and its covariance matrix by P;_y. Given

a—y and P;_y, the optimal estimator a;_, of a; is given by
agp—1 = Thae—q + ¢ (2.5)
while the covariance matrix of the estimation error is
Py = TP T} + ROQWR;,, t=1,---,T (2.6)

(where a (7) denotes the transpose of the matrix).
Equations 2.5 and 2.6 are known as the prediction equations.
Once a new observation becomes available at time ¢ the estimator a,_; of

oy and its covariance matrix can be updated. The updating equations are
a = Q- + Pt|t—1ZtlFt_l(3/t — Zyayp—1 — dy) (2.7)

and

Py = Py — Pt|t—1Z¢IFf1ZtPt|t—1 (2.8)
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where

Ft ZtPt|t 1Z + Ht (29)

and its inverse is assumed to exist. The estimators a; and P, are optimal
given observations up to and including time £.

Taken together Equations 2.5 to 2.9 make up the Kalman filter. Given initial
conditions, the Kalman filter delivers the optimal estimators of the state

vector as each observation becomes available.

2.3 Maximum Likelihood Estimation

From the definition of the conditional probability density function, it is pos-

sible to write the joint density function of the observations as

ﬂ

p(ylay2a"'ayT H yth 1 (210)

where p(y;|Y;—1) denotes the distribution of y; conditional on the information
set at time ¢t —1, that is, on Y;—1 = (y1—1,¥4—2,...,y1). Regarded as a function

of the parameter vector ©, this gives the likelihood function

T
L(@,y) :P(ylay%---,ZIT HP Jllit l (211)
=1

If the disturbances and the initial state vector in the state space model are
normally distributed, the distribution of y; conditional on Y;_; is also normal

and its mean and covariance matrix are given directly by the Kalman filter.
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[ts mean is

Yeji—1 = Ze@yi—1 + dy (2.12)

and its covariance matrix is F} given in Equation 2.9.

The log likelihood function can thus be written as

NT |- L 5
I=logLl = - = log 27 — §Zlog |Fy| — 52 v, F; vy (2.13)
= t=1 t=1
where
v:=yt—f1:|t-1, t=lyeen, T (2-14)

and ;-1 given in Equation 2.12 is the minimum mean square estimator of
y¢. This form is sometimes known as the prediction error decomposition
of the likelihood.

Once the likelihood function has been found it can be numerically maximized

with respect to the unknown parameters in the model.

2.4 The Simple Fishery Model

In this and the next section, two models of a fishery with observed catch-effort
data are formulated in state space form.

Model One

Since we cannot observe the actual stock of fish in the sea, we use an
observable statistic as a proxy. Such an observable proxy is catch-per-unit
effort(CPUE). Using catch-per-unit effort as a proxy for stock size has a long
pedigree in the fisheries literature (e.g. Schaeffer [1954], Gulland [1961] ).
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Suppose that the population dynamics can be described by the log-linear

form

Xt+1:aS:)8Zt7 tzlvaT

where X; denotes total fish biomass at the start of the fishing season in year

t and S; denotes the escapement in that year; z; is a random error term
Zg ~ N(Ov 0’3)

and a and b are unknown parameters with 0 < b < 1, @ > 0. Thus we are
assuming multiplicative, log-normal randomness in the population dynamics.

Suppose also that the escapement S; is related to X; through the equation
St = G_th Xt.

This model assumes that mortality is proportional to fishing effort. It ignores
natural mortality during the fishing season but is appropriate for a fishery
with a relatively short fishing season. The constant ¢ is known in the fisheries
literature as the catchability coefficient. Substituting the escapement

equation into the stock equation we have

Xiy1 = ae™ 9B Xbex, (2.15)

Taking the natural logarithm of Equation 2.15 and writing x4 for In X4
we get

Tigr = bry+1na — bgE; + 2. (2.16)
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This is a Gaussian linear model.
We shall think of Equation 2.16 as the state equation because it describes
the evolution of the state variable, (log) fish stock z;, whose value is never
directly observed.

Although we cannot observe X; directly, at least for past years we can
estimate it using the standard proxy catch-per-unit effort, U; = %’:

Suppose we assume that U, is related to X; through the equation
U; = ke X,

where £ > 0 and

Ep o~ N(0,0'Z)

Then
yy=lnU;=z;+1Ink +e;. (2.17)

Equation 2.17 is the measurement equation because the dependent vari-
able is observable and depends on the unobservable variable z;.

The constant In k in the measurement equation could be treated as part
of the state z; (Harvey [1989], p104). We however maintain it as a separate

term. Thus, our measurement equation is

yt=x¢+lnk+€t, tzl,,T (218)
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and the state equation is
Tyl = bil,'t 4+ a — bQEt + z; (219)

where a = Ina.

Suppose we further assume that ¢; and z; are uncorrelated with each other
in all time periods and the initial unobservable log stock zo has mean a¢ and
variance Py, then Equations 2.18, 2.19 and the above assumptions provide a
fishery model in state space form with observation y;.

Following Harvey [1981,1989], we let

ot = o?
and
2
0’2
A=
13
so that
E¢ ~ N(Ovaz)
and

zi ~ N(0,)\0?).

Thus, we have parameterized the model in terms of o2, the ratio A of the

variances and the other parameters of the model, (a, b, ¢, k).
In specifying the mean and variance of the initial stock we assume that

prior to fishing, the stock population is in a stochastic equilibrium (i.e. sta-
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tionary state) so that

E(z;41) =E(z,) =ao
Var{zsy1) =Var(z,) =5

for negative values of 7 (i.e. before the start of fishing).

Taking expectation of Equation 2.19 for such values gives
ag = bag + «

i.e.

and taking variances, gives

or
o? Ao?

*

1o 1-8

Py

Now that we have put our simple fishery model into a SSF we can apply
the Kalman filter. By letting the variance of the disturbances be propor-
tional to a positive scalar o2 and similarly specifying the initial variance as
proportional to 02 we can run the Kalman filter independently of o2. (Harvey
[1981,1989])

If we let the best estimate of the stock at time ¢ given all observations
(on y) up to and including time ¢ — 1 be denoted by x4,_; and its associated
variance by Py,_; then the prediction equations for the fishery model are

Ty—1 = bri_y + a — bgk,
Py, = BP_i + A
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The updating equations are
Ty = Tyjg-1 t Ptlg—lft_l(yt — Typ—1 — Ink)
P
. . t|t—1
P = Ptlt—l 1+Pje—

where

Ji =14 Py

is a scalar and

Uejt—1 = Teje—1 + Ink

vz=yt—z71|t-1, b= 1,0n0, T

Reparameterising the univariate model so that Var(e,) = 62 and Var(z) =
Ao? enables o2 to be concentrated out of the likelihood function. To see this

we first observe that the prediction error decomposition yields

.
ZT'

T
log L = —Zlog 2r — Zlog o? — lz log f; —
2 2 2i4

Since vy and f; do not depend on o2, differentiating the log likelihood with

respect to 02 and equating to zero gives

B )

T
ZU.

=1

%IH
=|

Substituting back into the expression above for the log-likelihood yields con-

centrated log likelihood function

1(530) = —L(log 2 +1) - 13 log fy — Log 5

f |
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where O is a vector of the other parameters in the model (0’ = (o, b, ¢, k)).
To obtain maximum likelihood(ML) estimates one maximizes numerically
the concentrated log likelihood [ over the parameters ©. Alteratively one

can minimise

T
—21(6%,0") = _log f, + Tlog &2.

=1

Since one cannot compute derivatives of the concentrated log-likelihood one
needs to use a minimization routine which does not depend on derivatives.

One such routine widely used in statistics is the simplex algorithm of Nelder

and Mead [1965].

2.5 A More Complex Fishery Model

Model Two
In Model One it was assumed that the escapement S; was functionally
related to the initial stock size X; (i.e. no randomness in the relationship

between S; and X;). We relax that assumption here and assume that
S, = X,e llato1Z0)Ed] (2.20)

where Z; is a standard normal (N(0,1)) random variable and oy is a standard
deviation parameter.

We also assume that the catch C; is related to X; by

Ct = IYt[l — 6(_ch_01EtZt)]. (2.21)
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Thus since C; + S; = X, we are assuming that there is no natural mortality
or growth over the fishing season. Such assumption would be reasonable for
a seasonal fishery with short fishing season.

The stock dynamics will be assumed to be the same as in Model One
i.e.

Xt+1 = }?(St)ea?vvt

where F(S;) = aS? is the log-linear form, W, is a standard normal random

variable independent of 7Z; and o3 is a standard deviation parameter. i.e.
Wy~ N(0,1)

< b< 1 og 210,

This model is the same as the “normal error” model of Ludwig, Walters and
Cooke [1988, p460] developed under the assumption that there are errors in
the observation of the “effective effort”, (the functional form F' corresponds
to one of their two possible forms).

Another way of justifying this model is through assuming that effort
is measured accurately, but that there is randomness in the relationship
between catch and effort (see Reed [1986]). In the above equation for the
catch and escapement the catchability can be thought of as a random variable
q+017Z. An intra-season stochastic model of the population dynamics which

can yield the above relationship is given in Appendix A.
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If we substitute the escapement equation into the stock equation we have

Xiig = axf(e[(—q—al Zt)bE,])e@w,_

Taking logs and writing z; for In X, gives
Tiy1 = Ina + bxy — bgFy + oo Wy — 012, E.
or
Tip1 = Ina + by — bgEy + ny (2.22)
where
ne = oWy — 0y Z1 By
This is our transition equation with
ne~ N(0,0} + ol E}).

From the catch Equation 2.21 on dividing both sides by F; we get

C 1= (—qEt—01E¢Z¢)
=t =X, -
Et Et

as the equation relating the proxy catch-per-unit effort to the unobserved

stock size X;. Taking logs gives

C; 1 — e(~9Et—01E:Z)

ytzln(E)::L't—{-ln( 7 )-

If we assume that o7, is small, then, if we take the first order Taylor series

expansion of the second term about Z = 0 we get

1 — e 9B E;e~E
Et ) + 1— e“iEt

yr = x¢ + In( 01%;.
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or
Yy = + Ay + Bio1 Z.
where
D —qE;
p, = B
1 — e—ak
and
1 — e 98
A, =1
t H( B,

If we let ¢, = B,o1Z; then our measurement equation is
yt=x+ A+ & (2.23)

and

€ iV N(O,BEO’?)

However the measurement and transition equation disturbance ¢; and 7, are

correlated
Cov(et, i) = Cov(01BiZ;, 03W; — 01EZ;) = —0i B E;.
Summarizing we have the SSF for this fishery model:
Yye=a + A + &
as the measurement equation, and
Ty = Ina + bxy — bgFEy +
as the transition equation, where

gt~ N(0, oiB?)
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ne~ N(O, o} +o07Ef)

2
- —UlBtEt t =S
E(et,n,) = { 0 otherwise

Following Chan et al. [1984] we can transform the SSF to an alternate SSF
in which the measurement and transition equation disturbances are uncorre-
lated. Taking the transition equation and adding the measurement equation

gives a new transition equation

E E
Ty =Ina+ (b+ ﬁ)rt —bgE; — Bz(yt — A+ (2.24)
where
E;
nt = 77t + Bt €t

Our new system consists of the original measurement equation 2.23, together
with the transition equation define above. The inclusion of y; in the new
transition equation does not affect the Kalman filter, as 1, is known at time

t. By this construction E(n;,es) = 0 for all t, s and
Var(n;) = o3.
Suppose we let 02 = 02 and 0 = Ag?. Then
e~ N(0, o2AB?)
n; ~ N(0, o7).

Using the same prior assumption as Model One the mean ag and variance
Py of the initial stock is

«

E(l‘o):ao:l_b
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and

Va,I'(CE()) = PO = 1_()2

We can now run the Kalman filter for the transformed SSF independently
of o2. If we let z,;,_y and Py;_y have the same meaning as that in Model

One then the prediction equations of Model Two are

Tye—1 =Ina+ (b+ %f)fﬂt—l — bl — %(yt — Ay)
Pyj—r =(b+ %f)zpt—l + 1.

The updating equations are

Ty = Tyjg—1 + Pt|t—1ft_1(yt — Tyjpy — Ap)
P2
P = Pt|t—1 - —tftlu

where

fi= /\Bt2 + Py

is a scalar and

@tlt—l = Tyj¢—1 + Ay
Ve =Yt — gt|t—1’ t= ]-7"'5T'

Like Model One o2 can be concentrated out of the likelihood function yield-
ing a concentrated log-likelihood of similar form to that of Model One.
The simplex algorithm can again be used to obtain the MLEs of the param-
eters. Computations were performed by generating FORTRAN code for the
concentrated log-likelihood using the simplex algorithm (Nelder and Mead
[1965]), EO4CCF in the NAG library. (Harvey [1981a, Chapter 4]).



Chapter 3

Results from The Kalman
Filter Models

The method was applied on two real data sets; (1) The North At-
lantic Redfish (Sebastes marinus) of ICNAF division 3L from 1959 — 1991
(Power[1992]) and (2) Rock sole (Lepidopsetta bilineata) from area 5C in
British Columbia from 1956 — 1989 (Fargo and Leaman[1991]).

Plots of catch versus effort (Fig. C1 and Fig. C3) show a tendency not
only for the occurrence of higher levels of catch at higher levels of effort but
also for greater variability in catch at higher levels of effort.

Figs. C4 and C6 show time series plots of catch and effort for the two data
sets. Solid lines join the effort and dashed lines join the catches.

[t soon became apparent when attempting to maximize the concentrated
log-likelihood that one could not maximize simultaneously over the param-
eters @ and A. Attempts to do this led to convergence to different maxima

with similar values of the objective function using different starting values.

22
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Further investigation indicated that simultaneous changes in the parameters
a and A led to very small changes in the concentrated log-likelihood. The
parameter a is simply a scale factor and since direct observations on the
stock-size variable X; are not available, the parameter a (or @ = Ina) is
not estimable. Because of this, o was set to zero (@ set equal to one) in
both Model One and Model Two. This implies that the median equilib-
rium stock size before fishing was 1, and the estimates X, of the stock size
subsequently are expressed as proportions of this median equilibrium stock
size. Thus the estimates X, are dimensionless quantities. Using this method
implies that for Model Two we need a multiplicative constant on the right
hand side of the catch Equation 2.21 to change the units of the catches, thus
there will be an extra term (log(constant)) in the measurement equation.
Attempts to maximize the concentrated log-likelihood with respect to A
led to a failure of the optimization routine to converge. It led to larger and
larger values of A with very small changes in the objective function. It is not
surprising that A cannot be estimated by Maximum Likelihood. A similar
situation arises in estimating the parameters of the structural or functional
relationship between variable X and Y when both are observed subject to
error (Kendall and Stuart Vol2, 1967, p375 ). A customary resolution of
this difficulty in such “error-in- variables” problems is to assume that the
ratio of the two error variances is known (Kendall and Stuart ibid, p380)

and subsequently to investigate the sensitivity of the estimates of the other
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parameters to the assumed value of this ratio.

This was the method followed by Ludwig, Walters and Cook [1988] in
their ‘Total Least Squares’ method and it is this procedure which we shall
follow here. It turns out that the value of the concentrated log likelihood is
not very sensitive to the assumed value of A (For example when we applied
the model on redfish data for A = 10 the value of the concentrated log-
likelihood is 97.24 while for A = 100 the value is 97.27). In reporting
results estimates will be given for three values of A (0.5,1.0,10.0) which were
considered to cover the plausible range of the ratio of the two variances.

The likelihood ratio test procedure (Cox and Hinkley [1974]) was used to
obtain approximate confidence intervals for the parameters for various choices
of A. Details of the likelihood ratio test procedure are given in Appendix Al.
This procedure, although computationally cumbersome, is more likely to
produce better confidence intervals for shorter data series than approximate

confidence intervals of the form

Estimate + ZaSE(Estimate)

(where Zga is § precentage point of a standard normal distribution), since
such intervals are based on a quadratic approximation to the likelihood func-
tion which may be far from accurate for shorter time series. Since the esti-
mates of the various parameters may be correlated, and it is not feasible to
present joint confidence regions for more than two parameters, the reported

confidence intervals are for the given parameter ignoring the estimates of the
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other parameters. The correlation between the parameters b and ¢ is stronger
in one data set than in the other(see Fig. C10 for that of rock sole and Fig. 11
for that of redfish for Model One with A = 1 for the profile log-likelihood
contours of the two parameters). The contours in Fig. C10 and Fig. C11 are
at levels of one, two, three, four and five units below the maximum value.
They can thus be interpreted as approximate 63%, 86%, 95%, 98%, 99%
confidence regions for parameters ¢ and b. (Kalbfleisch [1985b, p121])

The numerical results reported in this chapter are for three choices of .

Each data set was split into two parts, one part was used to fit the model;
one step predictions were then made for later years and then compared with
actual values in the other part.

Estimates and standard errors of the stock biomass were constructed from
the log biomass estimates and their variance which were obtained from the
Kalman Filter. Since the conditional and updated estimates of the log of
stock biomass in each time period is distributed normally with mean z; and
variance P;, the conditional and updated estimates of the stock in each time

period X;, has a log-normal distribution with mean
E(X,) = em+iF

and variance

V(X)) = e¥*th(ePt — 1),

The biomass estimates z; obtained by using part of the data were used to

obtain one step ahead predictions of future observations of catch-per-unit of
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effort (CPUE) which were compared with actual observations.
For each data set and with A = 1 and for both models plots of the
“residuals” (e, r) were performed. The residuals for Model One were calcu-

lated using the equation
eqr = Yt — Ty — In k (3.1)

where z,7 is the fixed-interval smoother of z; given by

ZTyr = Tt + Pt*(It+1|T - I;Tt) (3.2)
and
bP
Py = i A O P (3.3)
1+ b2P,

with 277 = 7 and Ppr = Pr. (Harvey [1989]). Similar equation was used
for the calculation of the “residuals” of Model Two.

Using the dynamic model the estimated optimal effort to maximize ex-
pected catch in equilibrium was calculated. If the parameters of the model
were known, the optimal effort could be obtained as follows:

Assume a constant effort E in every year. Let w = e~ 9, then in the stock

dynamic model we have

Xiy1 = awatbez’ .

or

InX;py =bInX;+Ina+blnw + 2.
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(a stochastic difference equation).

If we write a few iterations we have

InX; =blnXo+Ina+blnw+ 2
InX, =b0InXo+ (b+b*)Inw+ (1+b)Ina+ bzo+ 2

InX, =b"lnXe+(b+b2+ - +b")nw+(1+b+---+bIna+

zbnlnXo—Jrﬂ%llnw—{-%lna—l-C

where ( = 0" 120+ b" %2, +--- + 2,1 and

] = fn
(NN(O,O'?

).

Alternatively we can write

o b(1 — b 1 — b [1— b2
lan—b lnXo—i-ﬁlnw—l- l—b lna+az 1_—sz

where 7 is standard normal random variable.

Taking limits as n approaches infinity gives In X, converging in distribution

b 1 1
1Mblnw—i— 7 —bllla+02”m2’

i.e. when in a stationary state the stock size is a random variable given by

to

the corresponding catch is also a random variable given by
b 1 o152
C = (1 —w)wi-taT-%e :

Its expected value is maximized with respect to w at

w = b.
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The corresponding effort which will maximize the steady state catch is

5= ——1-ln b. (3.4)

q

The maximum likelihood estimate £ of E is —élni) in effort units. We
obtain a confidence interval for the “optimal” effort by reparameterizing the
log-likelihood in terms of E, and use the profile likelihood to obtain the

confidence interval for [

3.1 Results of Model Fitting

Model One

For both redfish data and rock sole data with A fixed beforehand the
maximization of the log-likelihood function converged satisfactorily.

(a) Redfish

Redfish data for the years 1959-1987 were used to fit the model. Obser-
vation (catch-per-unit effort) prediction for the years 1988-1991 were made
later and compared with actual catch-per-unit effort. The parameter esti-
mates and their approximate confidence intervals (in brackets) for the redfish
data are given in Table 3.1. Residual plots were performed for A = 1, and
this showed no lack of fit.

We were not able to obtain a confidence interval for the parameter ¢
using the likelihood ratio test procedure since the graph of the profile log
likelihood of ¢ was highly skewed and at the upper end did not drop below

1.92(=1/2x3 505) units below the maximum. (see Fig. C7 for the plot of
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the profile likelihood for ¢ and compare with that for In k& (Fig. C8) for the
redfish data). Thus the likelihood ratio interval for ¢ is open-ended. However
unboundedly large values of the catchability ¢ are obviously not possible.
In consequence we give little credence to this result. We could not obtain
a confidence interval for the “optimal” effort since the graph of its profile

likelihood has the same form as that of ¢.

Redfish data

=05 X=1.0 ) =10.0
q 0.000037 0.000042 0.000053
[0.00001— ) 0.00002— ) (0.00001— )
b 0.26845 0.23774 0.19009
[0.06 —0.64]  [0.07—0.58]  [0.08 — 0.45)]
In k 7.3061 7.3042 7.3014
[7.22 —7.45]  [7.22—7.44]  [7.24 — 7.44]
o2 0.023179 0.01735 0.00317
[0.019 — 0.032] [0.013 — 0.026] [0.002 — 0.005]
E 35543 34204 31326

Table 3.1: Maximum likelihood estimates for Model One parameters for
redfish data and 95 percent confidence intervals (in square brackets). k is in
CPUE units, o? is dimensionless. Units of ¢ are per thousand hours, while b
is dimensionless.

(b) Rock sole
As with redfish data, the rock sole data for the years 1956-1985 were
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used to fit the model and data for the years 1986-1989 were used later to
compare with the predicted CPUE. Residual plot for A = 1 again showed no
lack of fit. Using the likelihood ratio test procedure we obtain the interval
(2000 — 12400) as the 95% confidence interval for the “optimal effort” with
& =1,

Table 3.2 shows parameter estimates and their confidence intervals in brack-
ets for rock sole. A look at Tables 3.1 and 3.2 shows that for each data set
and for each of the values of A chosen, the parameter estimates are in fairly
close agreement, except for the stock dynamic parameter b. Since, for the
redfish data, large values of ¢ are plausible, while for both data sets the con-
fidence intervals for the estimate of b are wide estimation of “optimal effort”
will not be very precise. For both data sets the narrower confidence interval
for In k£ seems to indicate that the CPUE seems to be a good proxy for the
stock X. Because large values of ¢ cannot be excluded and because estimate
E of the “optimal effort” seems to be too big, we can infer that the data
sets are not sufficiently informative for us to assign £ with confidence. The
presumption is that higher effort might be appropriate but we can give no

indication of how high these should be chosen.

3.2 Predictions

Once the maximum likelihood estimates of the parameters based on data

up to time ¢ = T have been obtained, we can obtained a one-step-ahead
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prediction for the unobservable stock size and for the CPUE. For our fishery
model given the effort at time 7'+ 1 the one-step-ahead prediction of the log

stock size is
Trpr = by — bGET 4
with estimation error

Priyr = P+ A

where z7r = z7 and Prir = Pr. Also a one-step-ahead prediction of the

observation (log CPUE) is

Yr41 T = Tr4r +1nk

with the variance of the prediction error given by
MSE(jryyr) = (Pryyr + 1)52*-

Here gr4q)7 is the conditional expectation of the observation (log CPUE) at
time 7'+ 1.

A 100(1 — a)% prediction interval for §piqj7 is

yryyr £ Z2RMSE(jr447)

where Za is § percentage point of the standard normal distribution and

RMSE is the root mean square error. From the predicted log CPUE and

its prediction interval the predicted CPUE and its corresponding prediction

intervals can be computed.
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The MSE given above under estimates the true MSE because it does not
take into account the extra variation due to estimating the parameters of the
model (i.e. it ignores sampling error). Therefore we do not necessarily expect
the observed catch-per-unit effort to lie within plus or minus two estimated
standard deviations of the predicted catch-per-unit effort with probability of
about 0.95.

Tables 3.3 and 3.4 show one step-ahead prediction of CPUE and their 95%
prediction intervals for Model One. Like the parameter estimates, the one-
step ahead predictions and their prediction intervals did not change much for
the different values of A\. The predictions and the prediction intervals on the
whole are satisfactory except for the year 1991 for redfish and the year 1986
for rock sole where the observed CPUE does not lie within the estimated
prediction interval; however if one takes into account the fact that sampling
error in the estimates were not included in the calculation of the prediction
interval, the overall the prediction performance may be better than they look

at first sight.

MODEL TWO
Model Two was fitted to the same data sets as Model One. Asin fitting
in Model One it was assumed that A was known beforehand. It became

apparent that for different values of A the objective and all the parameter
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estimates except o2 did not change however, A\o? was always constant.
The numerical results reported are for the value of A = 1.

We were not able to obtain approximate confidence intervals using the
likelihood ratio test procedure for the redfish data. The graphs of the profile
likelihood for the parameters and the ‘optimal’ effort for this data set were
basically flat to the right of the maximum point and did not drop below 1.92
units below the maximum.(see Fig. C7). Thus it appears that a large range
of the parameters values are plausible.

The parameter estimates and their approximate confidence interval
(where applicable) are in Tables 3.5 and 3.6. The parameter estimates for the
redfish data using Model Two are different to those obtained using Model
One, however the estimates of Mlodel Two seem to indicate large values of
effort are possible just like Model One. For both data sets the estimate of
o? using Model Two was 0.0', apparently indicating that there is a large
negative correlation between the transition error and the state error or that
the model is misspecified.

The estimates for rock sole using Model Two seem to agree to some ex-
tent with those of Model One. The estimate of the “optimal effort” using
Model Two lies within the range of the observed effort series. We used the

likelihood ratio test procedure to obtain a 95% confidence interval for the

“optimal effort” for rock sole with A = 1 by reparametering the model in

lestimated values are 0.120e — 12 and 0.21e — 10
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terms of £. The interval is (180 — 3050) for Model Two.
It should be noted that the parameter In k& in Tables 3.5 and 3.6 for Model
Two is the multiplicative constant that changes the units of the catches after
the modification mentioned in the first part of this chapter. It is different
from the constant k in the equation relating the (CPUE) U, to the stock X
in Model One.

For Model Two the one-step ahead prediction for the log stock is

1

7 ET 1 &% ET 1 A A
erur = (b+ =—=)zrr — biBri1 — =——(yr41 — Arg1 — Ink)
T+1 IT+1

with estimation error

e Eryy?
Progyr = (b+ 5 )Prir + 1.

T+1

The one step prediction of the observation (log CPUE) is given by the formula
yrear = T4z + Argr +Ink
with mean square error
MSE(yr117) = (Proar + Bi,y)o2.

Tables 3.7 and 3.8 show the one step predictions for the observation for
Model Two and their prediction intervals for the two data sets. Like Model
One, all of the observed CPUE except that of the year 1991 for redfish
and the year 1986 for rock sole do lie within the one-step ahead prediction

intervals, however the prediction intervals using Model Two are narrower
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than those of Model One. To compare the predictive performance of Model
One and Model Two for A = 1 we calculate a prediction error sum of
squares statistic H = Y77, (uy — t;)* for both models and for each data
set, where 1, is the one-step ahead prediction of CPUE.

In terms of prediction Model One performs better than Model Two for
the redfish data. H is 0.399 for Model One and 0.416 for Model Two,
however it is the other way around for the rock sole data. H is 0.064 for

Model One and 0.047 for Model Two.
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Rock sole data

X=05 = 1.0 X =10.0
q 0.000087 0.000101 0.000144
[0.00004 — 0.0002]  [0.00004 — 0.0002]  [0.00001 — 0.0004]
b 0.77684 0.71028 0.475699
(0.58 — 0.90] [0.46 — 0.87] [0.21 — 0.73]
In k 6.16613 6.12242 6.00935
[5.96 — 6.48] [5.99 — 6.35] [5.86 — 6.28]
o2 0.023420 0.018682 0.00406
[0.018 — 0.035] [0.015 — 0.028] [0.003 — 0.006]
)2 2903 3387 5159

[2000 — 12400]

Table 3.2: Maximum likelihood estimates for Model One parameters for
rock sole data and 95 percent confidence interval( in square brackets). k is in
CPUE units, o2 is dimensionless. Units of ¢ are per thousand hours, while b

is dimensionless.
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Estimated CPUE

Year Catch Effort Observed CPUE A=05 A=1.0 =10.0

1988 26267 20205 1.300 1.150(0.79 — 1.66] 1.161[0.80 — 1.68] 1.178[0.82 — 1.70]
1989 19847 12267 1.618 1.265[0.88 — 1.82]  1.242[0.86 — 1.79] 1.284[0.89 — 1.84]
1990 17704 17409 1.017 1.166[0.81 — 1.68] 1.274[0.88 — 1.84] 1.256[0.87 — 1.87]
1991 11642 14171 0.821 1.244[0.86 — 1.80] 1.236[0.85 — 1.79] 1.222[0.85 — 1.76]

Table 3.3: One step-ahead prediction of CPUE and their 95 percent predic-
tion interval in parentheses of upcoming CPUE for the years 1988-1991 for
redfish with Model One. Units of catch are in of metric tons. Units of
effort are in hours.

Estimated CPUE

Year Catch Effort Observed CPUE A=05 A=1.0 A=10.0

1986 86 497 0.173 0.362[0.24 — 0.54]  0.359[0.23 — 0.54]  0.347[0.22 — 0.53]
1987 209 496 0.421 0.274[0.17 — 0.44]  0.265[0.16 — 0.42] 0.257[0.15 — 0.41]
1988 189 545 0.347 0.351[0.22 — 0.57]  0.361[0.22 — 0.59] 0.357[0.21 — 0.58]
1989 406 1476 0.275 0.339[0.21 — 0.54]  0.343[0.21 — 0.55]  0.342[0.21 — 0.56]

Table 3.4: One step-ahead prediction of CPUE and their 95 percent predic-
tion interval in parentheses of upcoming CPUE for the years 1988-1991 for
rock sole with Model One. Units of catch are in metric tons. Units of effort

are in hours.
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Redfish data
q 0.00000171

b 0.6207

Ink  20.5117

A

o? 0.0

*

E 278914

Table 3.5: Maximum likelihood estimates for model parameters in Model
Two for redfish data. k is in CPUE units, o? is dimensionless. Units of ¢ are
per thousand hours while b is dimensionless. Meaningful confidence interval

were not possible for this data set
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Rock sole data
q 0.000024
[0.000009 — 0.00005]

b 0.9546
0.86 — 0.99]

In k 16.798
[16.3 — 17.9]

o2 0.0

E 1957
[180 — 3050

Table 3.6: Maximum likelihood estimates for model parameters in Model
Two for rock sole data and 95 percent confidence intervals (in square brack-
ets). k is in CPUE units, o2 is dimensionless. Units of ¢ are per thousand
hours while b is dimensionless.
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Year Catch Effort Observed CPUE  Estimated CPUE

1986 86 497 0.173 0.327[0.224 — 0.478]
1987 209 496 0.421 0.279[0.184 — 0.424]
1988 189 945 0.347 0.303[0.197 — 0.467]
1989 406 1476 0.275 0.305[0.199 — 0.465]

Table 3.7: One step-ahead prediction of CPUE and their 95 percent predic-
tion interval in parentheses of upcoming CPUE for the years 1988-1991 for
rock sole with Model B. Units of catch are in metric tons. Units of effort
are in hours.

Year Catch Effort Observed CPUE  Estimated CPUFE

1988 26267 20205 1.300 1.29[0.875 — 1.911]
1980 19847 12267 1.618 1.30[0.886 — 1.918]
1990 17704 17409 1.017 1.35[0.916 — 1.991]
1991 11642 14171 0.821 1.31[0.884 — 1.940]

Table 3.8: One step-ahead prediction of CPUE and their 95 percent predic-
tion interval in parentheses of upcoming CPUE for the years 1988-1991 for
redfish with Model B. Units of catch are in of metric tons. Units of effort
are in hours.



Chapter 4

Use of a Contagious
Distribution

Reed [1986] considered a method of analyzing catch-effort data which as-
sumed randomness in the catching process, with deterministic stock dynam-
ics. The rationale for this was, that in the past, randomness in the catch
process had been ignored. In developing his model, Reed [1986] assumed
that captures of distinct units of fish constitute independent events. Hence
he proposed that the number of units of fish caught in a unit of time has a
binomial distribution and that over the fishing season has a distribution well
approximated by a Poisson distribution. In this thesis we broaden his model
by dropping the independence assumptions.

For most fish species it is reasonable that the event that a unit of fish
is caught in a given time interval will increase the probability that a unit
“adjacent” to it will also be caught in that interval. The basic idea followed in

this chapter is to employ a distribution that takes into account this contagion

41
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effect. One possibility is to use a distribution based upon Polya’s Urn scheme
(Johnson and Kotz [1977]). This was used by Reed [1993] in a completely
different context of estimating the historical forest fire hazard.

In its multivariate form, Polya’s Urn scheme assumes that initially there
are bg, by, ...,bx balls of colours 0,1,...,k, respectively, in an urn. Balls are
drawn at random with replacement. Furthermore, if a ball of colour j is
drawn, ¢ additional balls of that colour are put into the urn before the next
draw. This of course increases the probability of drawing a ball of the same
colour on the next draw - a contagion effect. The multivariate distribution of
the proportions yo, y1, ...,y of balls of colours 0,1,..., %k drawn in the limit
as the number of draws approaches infinity is a Dirichlet distribution
(Johnson and Kotz [1977]) with parameters by/c, by /c, ..., bi/c.

The distribution has joint p.d.f

I'(1/p) y{o/o=1), (02/p=1)

on the simplex yo +y1 + -+ yr =1, 0 <y, <1, where I'(a) is the usual

f(y07y1""ayk) = .“y’i@k/p—l) (41)

gamma function defined by

['(a) = /Ooo ket (4.2)

The parameter p is ¢/3°%_, b;, the number of extra balls added as a fraction
of the number of balls initially in the urn, and 0; is b,-/Zle b;, the initial

proportions of balls of different colours. The parameter p(> 0) represents
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the degree of contagion present. With p near zero, the probability of a ball
of a given colour being drawn is only slightly affected by the results of the
previous draws. If p is large, however, the contagion effect is strong. Thus the
Dirichlet distribution can be thought of as representing the probability
distribution of the proportions of objects falling into different categories,
when there is dependence between the objects. Given that one object is in
a given category increases the probability that there will be others in that

category (a contagion effect).

4.1 A Fishery Model with Contagion

In Appendix 1 Reed [1986] showed using a simple model of a fishery that
pr(unit caught in fishing season) = 1 — e~ = ¢,

pr(unit not caught in a season) = e~ = 0.

He went on to derive the distribution of the total catch '), assuming that
units are captured or not captured independently of one another. If we
relax this assumption and instead assume that the probability of a given
unit being captured is influenced by other units being captured, we could
model the proportions captured and escaping by a Dirichlet distribution
with k£ = 2. Here we ignore natural mortality and assume with this model
that throughout the fishing season, fish are either captured or escape, this

would be appropriate for a fishery with short fishing season. It follows that
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the univariate distribution of proportion y, = C;/X; captured has a Beta

distribution with p.d.f

L(1/p)y "™ D(L = o) Oole—D
D0 /)T (0] p) (4.3)

0 <y; <1;p>0isthe contagion parameter reflecting the lack of indepen-

flye) =

dence. Using the properties of the Beta distribution the expected proportion
caught is

E(y) =1—e
with variance

V(p) = T (1= e P)eem

We use the method of maximum likelihood to estimate the unknown param-
eters in the model.

Given an observed sequence of catches and effort (Cy, F;);=1,...7 and as-

suming the stock sizes X; are known, the log likelihood function is

— e—1E
TlogI'(1/p) — Zlog[‘ e~9E [ p) — ZlogF Loe _—)
i=1
T o—qE: T 1 _ ek C
F 3 —Dlog X +Z - Dlog(xh)  (44)
t=1 P )‘t

We cannot simply maximize the log-hkehhood over the parameters of the
model since the likelihood involves X, an unobserved variable. If we however

assume a deterministic model for the stock dynamics of the form

Xt+1 = F(Sg, @)
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where S; = X; — C} is the escapement and © is a vector of parameters
of the stock dynamic model, the log-likelihood can then be expressed as a
function of p, ¢, © and the initial stock size. For a given data set and a given
deterministic dynamic model we seek, numerically, values of the parameters
that maximize the log-likelihood function subject to the constraint C; <
Xy, t=2,3---,T. The simplex algorithm (Nelder and Mead [1965]) was

used to obtain the numerical results.

4.2 Parameter Estimation and Results

Since this method is an extension of Reed’s [1986] model, the model was
applied to the same data set as that used by Reed, viz. North Atlantic
redfish (Sebastes marinus) (Huang and Redlack [1981]) for ICNAF division
3P from 1955 — 1976. Even though the data is not up to date, the reason it
was used was to see how well this model compared with that of Reed [1986].
Here also, plots of catch versus effort (Fig. C2) reveal the tendency not only
for the occurrence of higher levels of catch at higher levels of effort but also
greater variability in catch at higher levels of effort. Fig. C5 is a time series
plot of catch and effort. Solid lines join the effort and dashed lines join the
catches.

Since there was no prior information regarding the appropriate parametric

form of the dynamic model, we used the Ricker [1954] dynamic model used
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by Reed. The Ricker model is

S,
1-%5)

Xt+1 = Steﬁ( e (45)

where X, represent the unfished equilibrium stock level and 3 is a parameter
related to the intrinsic growth rate.

Estimates of the model parameters were made using data for the years
1955 — 1971. The data for the years 1972 — 1976 were reserved for com-
parison with the one step-ahead predictions. We again used the likelihood
ratio procedure to obtain approximate confidence intervals for the parameter
estimates. Using the invariance property of maximum likelihood estimates

we can obtain the maximum likelihood estimate of the maximum sustainable

yield (MSY). For the Ricker model, the MSY is given by

S() Cﬁ(l_%) . S() (46)
where Sy is a solution to
dF g
75 ={1- BSI X, )eP1=5Xe) = 1, (4.7)

To obtain the maximum likelihood estimate for MSY, maximum likelihood
estimates 3 and X, were substituted for parameter values in the above equa-
tion.

Using the expected value and variance of the proportion for the Beta

distribution, we can write

E(Ct) = (1 e e_"E’)Xt
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with variance

V(Ct) = ﬁ;(l — €_th)€_th‘Yt2.

Therefore given data up to year 7" and the effort Fr4, and the estimated stock
size XT+1 in year 7'+ 1, the maximum likelihood estimate of the expected

catch in year T' + 1 is
E(C) = (1 — e~y X,
and the estimated variance of the catch in year 7'+ 1 is given by

A

—§E —GE7p41 12
(1 — emiPren)eiBro {2,

T+7
where ¢ and p are maximum likelihood estimates using the data up to year 7.
These estimates of the variance of the expected catch will underestimate the
true variance because they do not take into account the sampling variation
in estimating the parameters of the model.

A statistic analogous to the coefficient of determination R? in regression was

calculated as

Cii(C—=C)
Zie1(Ce = 0)
where C; = (1 — e~ X, and €' = (1/T)", C;. As in linear regression,

R*=1-

(4.8)

R? represents the proportion of the total variation in catch which can be
explained by the variation in the effort. A large value of R? indicates that,
through the model, much of the variation in catch can be explained by the

variation in the effort. Plots of the residuals (C;, — () against year, against
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effort, against X; and against fitted value did not show any signs of model
inadequacy.
Also we followed Reed and calculated the prediction error sum of squares for

CPUE (also used in Chapter3)

22 2
G g
= —_—— = 4.9
t;S(Ei Et) ( )

to measure the predictive power of the model. Table 4.1 shows the maximum
likelihood estimates and their approximate confidence intervals, in addition
to values of the statistics R* and H.

The parameter estimates are comparable with those of Reed [1986]. How-
ever the confidence intervals are narrower than those obtained by Reed. The
ML estimate of MSY is 31400 metric tons which tends to agree with Reed’s
estimates (34500 metric tons) and with the suggestion that the stocks might
be under exploited during the period considered i.e 1955 — 1976 since during
those times annual catch exceeded 30000 only three times. The value of R? is
high though not as high as that of Reed (97.4%). Since the 95% confidence
interval for p does not contain zero, one would reject the null hypothesis
Hy : p =~ 0 at 5% level. The observed value? of the maximum likelihood ratio
statistic yielded a significance level, p < 0.005, thus, assuming the model is
correctly specified, there is evidence of a contagion effect. Table 4.2 gives
the estimates of the mean and standard deviation of the catch in year T'+ 1

given effort in year 7'+ 1, XT+1, and catch-effort data up until year T'. For

2we tested Hy : p = 0.le — 6
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the fitted model the observed catches all lie within two standard deviations
of the estimated expected catch even though the sampling variation was not
taken in account in the estimation of the upcoming catch.

Using H as a measure of prediction performance the model has a better
predictive power for the years 1972 — 76 than that of Reed (0.192) (see
Fig. C14). Like Reed, we noticed that the years 1960 — 1964 are somewhat

anomalous since these years all produced negative residuals.
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q 0.0172
[0.0008 — 0.019]
X 58.67
[55.1 — 97.0]
X, 51.62
[47.25 — 60.1]
3 1.616
[1.32 — 1.87]
i 0.0118
[0.008 — 0.026]
MSY 31.44
R? 94.00%
H 0.1340

Table 4.1: Maximum likelihood estimates and 95% confidence limits (in
square brackets) for the model parameters for redfish data. Units of X, X,
and MSY are thousand of metric tons. Units of ¢ are per thousand hours,
while 3 is dimensionless
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Year FEffort observed catch FEstimated expected catch
1972 38.35 26.04 28.15(3.146)
1973 30.01 18.37 23.74(3.063)
1974 4495 22.16 31.10(3.213)
1975 55.72  28.25 35.51(3.499)
1976 39.15 19.97 28.01(3.777)

51

Table 4.2: One-step-ahead estimates of the expected catch and standard
deviation(in brackets) of the upcoming catch for the years 1972 — 75 for
redfish in division 3P. Units of catch are thousand of metric tons. Units of
effort are thousand of hours.



Chapter 5

Conclusion and Discussion

In the first part of this thesis we have shown that filter methods provide a
reasonable basis of estimation of the parameters of a simple fishery model.
Though the method did not estimate the unobservable stochastic variable
(stock size) directly, we were able to give a one-step ahead prediction of
the CPUE which overall looked reasonably good. Both Model One and
Model Two estimated the “optimal effort” for the redfish data as consid-
erably higher than historical levels of effort. This might indicate that, over
the period considered, the fishery was not fully exploited. If one looks at
Figs. C1 and C3 there seems to be little evidence of a non-linear relationship
between catch and effort. However the anomaly could be due to a weakness
in the model. As noted in Chapter 3 the standard error of the estimate of
the optimal effort will be large (because of the wide confidence interval for
b)

Use of the contagious distribution (Chapter 4) assuming deterministic
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stock dynamic did not have much effect on the estimates of the other pa-
rameters which were comparable to those of Reed [1986]. The estimate of
the contagion parameter p appears small but significant. Using the pre-
diction error sum of squares statistic H as a measure of performance, the
contagious distribution model performs better than that of Reed [1986]. One
could therefore say that the contagious distribution model has promise as an

improvement to that of Reed [1986].

5.1 Discussion

In the first part of this thesis we have used a combination of the methods
of maximum likelihood and the Kalman filter to provide a way to estimate
the parameters of the stochastic difference equation assumed to govern the
evolution of stocks in fisheries. The method uses the log-linear relationship
for the stock dynamics and accounts for both errors in the stock dynamics
and the observable catches.

One weakness of the method is that it did not provide an effective way
to estimate A (the ratio of the variances). However a look at the one-
step predictions and their prediction intervals obtained in Chapter 3 seems
to indicate that the consequence of an incorrect choice of A is not severe.
Another limitation is the need to use a log-linear form of the stock dynamic
model. However, the extended Kalman filter (Harvey [1989], and Speed

[1993]) can be used with other forms of non-linear stock function. In using
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the Kalman filter method, we have assumed that prior to fishing the state
variable (log stock) is stationary and that the initial stock z¢ has a proper
prior distribution with known mean and variance. This is only to simplify
the model since before the collection of data, fishing would have been going
on for some time in the remote past and therefore the initial stock will have a
distribution with unknown mean and variance. The initial conditions under
such situations are normally given in terms of a diffuse prior. (Harvey [1989]).
It might be interesting for future work to consider such a situation, and also
to consider a case where the initial stock size is fixed. Unlike most other
methods to date the Kalman filter method produces a procedure which allows
explicitly for randomness in both the catching process and the population
dynamics.

The Kalman filter method can also incorporate other stock abundance
estimates (which for many fisheries are available from survey vessel sampling
etc.). In this case the observations y; would be a vector of (logarithms) of
abundance estimates. This introduces no major difficulties into the model.
In fact, use of the Kalman filter may provide the best way of combining
abundance estimates from different sources. The Kalman filter approach
can also be generalized to a system in which the disturbances are no longer
normally distributed. (Harvey [1989], and Speed [1993]).

Using the assumption that units of fish are not caught independently of

one another, we also used a method of analysis of catch-effort data that al-
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lows randomness in the catching process but not in the population dynamics.
This method also used the method of maximum likelihood to provide esti-
mates and confidence intervals for the parameters of the model. Unlike the
Kalman filter approach, there is much flexibility in the specification of the
deterministic stock dynamic equation; in particular models exhibiting over-
compensation (Clark [1990], p215) such as the Ricker model can be used. On
the basis of the estimated MSY and the catch predictions, the method per-
forms comparably to that of Reed, however the method is computationally
more complex than that of Reed.

For both methods, we have used a simple aggregated biomass model for
stock dynamics. An alternative might be to use an age-structured or size-
structured model (see e.g. Deriso [1980]). Of course, there is a gain in
information if such data are available, but there is also a cost due to an
increase in model complexity. In many areas of statistics, it has been shown
that with respect to parameters, parsimony is often the best policy, and it is
usually better to use the simplest model that will do the job. (Ludwig and
Walters [1985])

The ultimate validation of any statistical model is to see how well it fits
observed data and how well it can predict future observations. In this case
the results (predictions and prediction intervals) obtained on the sample data
sets examined indicate that the methods perform reasonably well. This might

not be the case for other data sets, and therefore future work is needed to
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conduct performance trials on the methods on other data sets and to test the
model with simulated data where the parameter values are known in advance,
since accuracy and consistency cannot in principle be determined from real
data where the parameters are unknown. For the Kalman filter method, one
would want to do this to see how well the method performed under a variety of
scenarios including various stock dynamic models, various values for the ratio
of the variances, observation errors in catch and effort statistics, etc. Only
in this way, using simulated data, could one really assess the seriousness of
the limitations of the method, such as the assumption of log-linear dynamics,
and a known value of the ratio of the variances. Also by varying the variance
parameters when simulated data is used, one could get an idea of the point
at which the method would break down, or in other words, for what ranges
of noise the method would perform adequately. Similarly, as in Ludwig and

Walters [1985], one could assess the use of age-structured models, etc.
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Appendix A

A Stochastic Model of
Intra-Season Fishing Dynamics

We use lower case letters to denote variables within a season. Thus we let
n(t) denote the biomass of the population at time ¢. The initial value n(0)
is the population size X at the start of the season. If the season is of length
T then n(T) is the escapement S at the end of the season. We denote the
effective effort at time ¢ (number of boats fishing, or nets in the water etc.
at time ¢) by e(t). (To distinguish from the base of natural logarithms we
shall always use the notation ‘exp( )’ for the exponentials in this Appendix)

A standard intra-season fishing model is

d
d_’; = —(M + qe(t))n, n(0) = X. (A.1)

where M is natural mortality rate. The effort ¢(?) is related to the fishing

mortality by multiplication by the catchability coefficient, ¢, assumed

constant.
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The incremental catch in (¢,¢ + dt] is assumed to be
de = qge(t)n(t)dt (A.2)

Thus the model assumes a deterministic relationship between the level of
effort applied and the catch. Clearly this is a fiction, as anyone who has
ever gone fishing will testify. A more reasonable assumption would be that
the incremental catch is a random variable with expected value equal to
ge(t)n(t)dt and a variance which grows with effort e(t) (see Reed [1986, p176]

for a discussion of this issue) Thus in place of Equation A.1 we shall assume
dn = —[M + qoe(t)|ndt — one(t)dw (A.3)

where dw(t) is a “white-noise” process (see e.g Karlin and Taylor [1981,
p342]). In effect we are assuming that the catchability fluctuates randomly

about a mean value ¢q i.e that
q(t) = qo + odw(t) (A4)

Equation A.3 is a stochastic differential equation(SDE). It can be solved

explicitly by considering the transformed variable

p(t) =1In(n(t)) (A.5)

However in integrating an SDE a choice must be made as to the nature
of the stochastic integral employed - the It6 integral or the Stratonovich

integral (Karlin and Tyalor [1981, p346]). Here we choose the Stratonovich
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integral on the grounds that variations in the catchability are likely to be
serially correlated in time (for example when fishing boat finds a school of
fish it will experience good catches of over a period of time) and the white-
noise model Equation A.3 which assumes independent increments is only a
convenient approximation (see Turelli [1977] for the discussion of the choice
of stochastic integral in modelling).

Using the Stratonovich calculus we have
dp = —[M + qoe(t)]dt — oe(t)dw (A.6)
which can be integrated to give
p(0) = p(0) =~ [ M+ goels)lds — o [ els)duls)  (A)

which is also equal to

—(Mt + qo/ot e(s)ds) — ou(t)

hare
u(t) ~ N(O, /Ot ¢2(s)ds) (A.8)

Thus
n(t) = noexpl—(Mt + goBe) — ou(t)) (A.9)

where
By = /Ot e(s)ds (A.10)

is the total effort over the season.
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We note that the median of n(t) (which is log-normally distributed) is
noexp{—(Mt + Eg)} which is the solution to A.1. In other words the deter-
ministic model A.1 is correct for the median of the stochastic model.

The biomass de caught in time (¢, ¢ + dt] is
de = (qo + odw)e(t)n(t) (A.11)
Using A.3 and A.11 we get
dn + de = —Mn(t)dt (A.12)

This is essentially a conservation of biomass equation expressing the fact that
the loss in biomass (—dn) is equal to that lost through fishing (dc) plus that
lost through natural mortality (Mn(t)).

From Equation A.12 we can find an expression for the accumulated catch
¢(t) by time ¢

c(t)=ng—n(t)— M /Ot n(s)ds (A.13)

the integral on the r.h.s involves the integration of a geometric Brownian
motion(Karlin and Taylor [1981, p359]) which cannot be evaluated in general
in closed form. In order to proceed we shall assume that the fishing season

is short. This will enable us to
1. ignore natural mortality. (i.e set M = 0)

2. neglect variation in effort over the season (i.e set e(t) = €)
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Using these assumption gives (from Equation A.9)
n(t) = noexp{—qoFo + cew(t)} (A.14)

where {w(t¢)} is a standard Wiener process (The integral of the white-
noise process {dw(t)} with E(w(t)) = 0, Var(w(t)) =t i.e w(t) ~ N(0,t));

and from Equation A.13
c(t) = no(1 — exp{—qofio + cew(t)}) (A.15)

Thus the total catch C (= ¢(7')) and the escapement S (= n(T")) can be
expressed as

C=X(1-exp{—(qo+ 012)Fo} (A.16)

S = Xexp{—(qo+ 012)Ep} (A.17)

where Z ~ N(0,1) and the variance parameter oy is equal to o /v/T.

These are the relationship used in the Model Two

A.1 Maximum Likelihood Ratio Test Proce-
dure for Obtaining Confidence Intervals

The method (Cox and Hinkley [1974]) is based on the fact that for testing
Hoy : 0 =00 vs. Hy : 0 # 0y, with or without nuisance parameters present,

asymptotically the statistic

W =-2InA (A.18)
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has a x? distribution under Hy, where A is the maximum likelihood ratio

statistic:
maxgq, L(0; X)

N=
maxq L(0; X)

(A.19)

where ) is the parameter space and ) is the subset of Q for which 0 = 6.

Suppose the model has k parameters,ie. © = (0q,02,---,0)) then a
100(1—«)% confidence interval for say 0; is given by the set of null values of 6,
which would not be rejected at the level a using the maximum likelihood ratio
test. From the asymptotic distribution of W, it follows that an approximate

100(1 — «)% confidence interval for 6, is given by

~ ~ NN N 1
{01 : 1(917027' sy ok) > 1(013()21 o iwey ()k) - §X¥, a} (A20)

where él, Oy, ..., 0) are the maximum likelihood estimates of 0y, 0,, . .., 0 and
0~2, R ék are the maximum likelihood estimates of 04, ..., 0, when 0, is fixed
at a given valua, x? _ is the 100a% point of the x? distribution.
Computationally this procedure is fairly lengthy because it involves choos-
ing a grid of values of 6, and for each obtaining the ML estimates of the
other parameters. The function {(6,, 0y, ..., 01) can be plotted against 6; and
the set of values of 6, satisfying A.20 can be found graphically. A similar
procedure can be used to obtain confidence intervals for the other parame-
ters. It should be noted that the method is not appropriate in the case where
the likelihood surface is irregular. The advantage of the method is that it is

invariant under parameter transformation, thus if there is a parameter trans-
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formation which makes the likelihood surface close to a quadratic, then the

method will provide accurate confidence interval.
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Data Sets
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YEAR CATCH EFFORT

1959
1960
1961
1962
1963
1964
1965
1966
1967
1968
1969
1970
1971
1972
1973
1974
1975
1976
1977
1978
1979
1980
1981
1982
1983
1984
1985
1986
1987
1988
1989
1990
1991

34107
11463
8349
3425
8191
3898
9451
6927
7684
2348
927
1029
10043
3095
4709
11419
3838
15971
13452
6318
5584
4367
9407
7870
8657
2696
3677
27833
33917
26267
19847
17704
11642

30648
9040
4652
2638
5024
1912
8379
5833
4265
1430
680
794
7294
2059
2684
14503
3986
12450
11205
6386
4775
2984
6622
5339
5794
2063
2539
16856
25799
20205
12267
17409
14171

70

Table B.1: Total annual catch and effort for redfish for ICNAF division 3L

for the years 1959-91. Units of catch are in metric tons and units of effort

are in hours.
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YEAR CATCH FEFFORT

1956 397 794
1957 726 2305
1958 368 814
1959 249 616
1960 471 1066
1961 110 345
1962 322 638
1963 155 408
1964 244 528
1965 539 1485
1966 961 2355
1967 948 1615
1968 811 1959
1969 1053 3510
1970 694 2810
1971 376 1614
1972 134 439
1973 186 514
1974 288 766
1975 383 1178
1976 277 45
1977 272 829
1978 356 1319
1979 647 1668
1980 432 1511
1981 126 457
1982 70 326
1983 60 210
1984 64 149
1985 28 92

1986 86 497
1987 209 496
1988 189 545
1989 406 1476

Table B.2: Total annual catch and effort for rock sole in area 5C for the years
1956-89. Units of catch are in metric tons and units of effort are in hours.
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YEAR CATCH EFFORT
1955 4.601 4.800
1956 3.275 3.211
1957 2.387 2.392
1958 3.510 3.853
1959 3.774 5.149
1960 9.225 16.099
1961 9.776 16.000
1962 13.439 26.248
1963 13.747 20.157
1964 13.807 19.952
1965 18.733 20.699
1966 20.868 23.876
1967 31.991 39.789
1968 13.884 17.800
1969 32.051 43.548
1970 37.370 52.716
1971 27.500 44.426
1972 26.037 38.346
1973 18.368 30.013
1974 22.158 44.945
1975 28.250 55.720
1976 19.967 39.151

Table B.3: Total annual catch and effort for Redfish for ICNAF in division
3P for the years 1955-76. Units of catch are in thousand metric tons and
units of effort are in thousand of hours.
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Figure C.1: Plot of catch versus effort for redfish in area 3L. Units of catch
are in metric tons and units of effort in hours.
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Figure C.2: Plot of catch versus effort for redfish in area 3P. Units of catch
are in thousand metric tons and units of effort in thousand hours.
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Figure C.3: Plot of catch versus effort for rock sole in area 5C. Units of catch
are in metric tons and units of effort in hours.
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Figure C.4: Time series plot of catch(dashed lines) and effort(solid lines) for

redfish in area 3I. Units of catch are in metric tons and units of effort in

hours.
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Figure C.5: Time series plot of catch(dashed lines) and effort(solid lines) for
redfish in area 3P. Units of catch are in thousand metric tons and units of

effort in thousand of hours.
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Figure C.6: Time series plot of catch(dashed lines) and effort(solid lines) for
rock sole in area 5C. Units of catch are in metric tons and units of effort in

hours.
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Figure C.7: Plot of log-likelihood maximized over the other parameters versus
the parameter ¢ for A = 1 for Model One with redfish data in division 3L.
The horizontal line is 1.92(= 3xi ,05) units below the maximum.
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Figure C.8: Plot of log-likelihood maximized over the other parameters versus
the parameter In k for A = 1 for Model One with redfish data in division
3L. The horizontal line is 1.92(= X% ;) units below the maximum.
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Figure C.9: Plot of log-likelihood maximized over the other parameters versus
the parameter In k. The horizontal line is 1.92(= $x} (05) units below the
maximum for Model Two for A = 1 with redfish data in division 3L.
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Figure C.10: Profile log-likelihood contours for ¢ and b for Mlodel One with
rock sole data with A = 1.
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Figure C.11: Profile log-likelihood contours for ¢ and b for Model One with
redfish data with A = 1.
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Figure C.12: Plot of predicted CPUE and observed CPUe the years 1988-91
for redfish for both models for A = 1; Model One(x), Model Two(<).
Units of catch are in metric tons and units of cpue are in metric tons per
hour.
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Figure C.13: Plot of predicted CPUE and observed CPUE the years 1986-89
for rock sole for both models for A = 1; Model One(x), Model Two(<).
Units of catch are in metric tons and units of cpue are in metric tons per
hour.
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Figure C.14: Plot of predicted catch and observed catch the years 1972-76

for redfish in division 3P for both the contagious distribution model (x) and
that of Reed [1986](0). Units of catch are in thousand of metric tons and

units of effort in thousand of hours.
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