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The research in this Ph.D. dissertation focuses on the relationship between fishery-
dependent catch-per-unit-effort (CPUE) and abundance and how its use when assessing
and managing fisheries may be affected by some of its shortcomings. CPUE data are often
used to provide information on the historical and current stock size, but changes in CPUE
may not be proportional to abundance. Hyperstability is when CPUE declines slower than
abundance and can result in optimistic estimates of abundance and risk of overfishing. Hy-
perdepletion is when CPUE declines faster than abundance and using these data in an
assessment can produce pessimistic estimates of abundance. Assuming a proportional rela-
tionship between CPUE and abundance when CPUE actually has a nonlinear relationship
with abundance can misinform management and result in overfishing or lost yield. Instead,
the nonlinear relationship can be modeled and estimated. Three stand-alone chapters are
presented in this dissertation with methods and results from analyses estimating the amount
of nonlinearity in the relationship between CPUE and abundance and its implications on
fisheries management.

The first chapter investigated the nonlinearity between empirical CPUE data and abun-
dance from orange roughy fisheries in Australia and New Zealand. Data from four orange
roughy stocks were integrated using a Bayesian hierarchical state-space model to estimate
the hyperparameters of a distribution for a nonlinearity parameter in the relationship be-

tween CPUE and abundance. Hyperdepletion was more probable than hyperstability and a






prior distribution for an unknown stock showed a 83% probability of hyperdepletion. This
study is unique because it used data from the beginning of a fishery and created a prior

distribution that may be used in future assessments.

The second chapter used simulation to look at the ability to estimate nonlinearity in
CPUE data using different models, assumptions, and types of data. A deterministic delay-
difference model, a deterministic age-structured model, and a state-space delay-difference
model were used to estimate the nonlinearity parameter of simulated CPUE data with a
hyperstable, proportional, or hyperdepleted relationship to abundance. Estimates of the
nonlinearity parameter were mostly unbiased, but highly variable. Using an informative
prior distribution resulted in lower variance, but higher bias when the prior was not con-
gruent with the true level of nonlinearity. Overall, the state-space model showed the best
performance, and an informative prior distribution was useful as long as it is appropriate,

justifiable, and wide enough to support all possible values of the nonlinearity parameter.

The final chapter performed a management strategy evaluation to determine the con-
sequences of managing a fish stock with and without estimating a nonlinearity parameter
between CPUE and abundance. An age-structured operating model was used to simu-
late a true population from which CPUE and survey data were generated, where CPUE
data were either hyperstable, proportional, or hyperdepleted. Estimation models with the
nonlinearity parameter estimated or fixed at proportionality were used to estimate popula-
tion trajectories from the simulated data. Two-area age-structured operating models with
movement dependent on fishing effort and density-dependence were also investigated. The
benefits to estimates of stock status and yield objectives when estimating a nonlinearity
parameter were dependent on the true underlying relationship between CPUE and abun-
dance. Hyperstable scenarios were especially risky, and should always be accounted for, or
at least acknowledged, in a management strategy. Hyperdepletion scenarios, on the other
hand, may seem to be less of a concern due to reduced conservation risk, but the negative
consequences of reduced yield, at least in the short term, and a pessimistic view of the

stock, and thus the management system, make it worthwhile to at least acknowledge the






potential for hyperdepletion and that not accounting for it is a chosen management strat-
egy. In the long-term, yield was similar whether or not nonlinearity was estimated, but if
when estimating nonlinearity, risk to the stock was reduced when CPUE were hyperstable
and although risk increased when CPUE showed hyperdepletion, stock status was typically
always higher than the hyperstable scenarios.

Nonlinearity in CPUE is common in many fisheries and it was seen that CPUE declined
faster than abundance during the initial development of orange roughy fisheries. The pres-
ence of hyperdepletion can result in pessimistic views of stock status which may result in
lost yield, the closure of fisheries, and conflict amongst user groups. Estimating a nonlin-
earity parameter in assessments and acknowledging that nonlinearity exists can improve

management by bringing catches and stock depletion closer to target levels.
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INTRODUCTION

The effective management of a fishery requires tracking abundance in some way such
that the total fishing mortality can be adjusted to optimize yield and avoid low stock levels.
Management tools include restricting effort through capacity limitations and seasonal/area
closures, imposing gear restrictions, and setting quotas on the harvest. To ensure a sus-
tainable fishery, these management tools require reliable assessments of stock status using
informative data that are representative of changes in abundance. Not only is successful
management more likely when scientists use the best available information to assess a stock,
but policy-makers, stakeholders, and the general community are better informed about the
condition of the stock as well as that of the fishery (Maunder et al. 2006).

Catch-rate data are commonly used as an index of abundance when assessing a stock,
and can be derived from fishery-dependent or fishery-independent (survey) data. Collecting
these data from statistically-designed research surveys is preferred, but for many stocks, suf-
ficient fishery-independent data are not available to adequately track trends in abundance.
Therefore, scientists often rely upon fishery-dependent data, in the form of commercial catch
and effort records, even though these data may violate some statistical assumptions or may
not be as informative as survey data (Maunder et al. 2006; Winters and Wheeler 1985).

Commercial catch and effort data are commonly compiled into a relative index of abun-

dance called catch-per-unit-effort (CPUE) and assumed to be proportional to abundance.

P =v,=m, 1)
where C' and f refer to catch and effort, U is CPUE, ¢ is a catchability coeflicient, and
N is the average abundance, in numbers of fish or more commonly biomass, over one
fishing season (y), which is typically a year. For most fisheries, catch is relatively easy to
measure, but a proper measure of effort can be difficult to obtain (Rothschild 1977). The
standardization of CPUE can solve many of these difficulties (Maunder and Punt 2004),

but assuming a proportional relationship between CPUE and abundance is risky (Hilborn



and Walters 1992).

Fishery scientists have emphasized the use of fishery catch and effort data to provide in-
dices of abundance for over a century (Smith 1994). For example, Garstang (1900) reported
catch rate data for many species of fish caught in the English trawl fishery to support his
hypothesis that the bottom fisheries are exhaustible, and Schaefer (1954) used catch-per-
unit-effort to estimate stock size. Currently, CPUE is one of the most common pieces of
management-useful information from a fishery and is still of interest to scientists, as in-
dicated by Maunder et al. (2006) who discuss methods to overcome some of the common

problems with catch and effort data.

A derivation of CPUE

Baranov (1918) mathematically explained the concept of mortality as the decrease over time
(t) in numbers of a cohort of a fish population (N) due to natural mortality (M) and fishing

mortality (F') using the differential equation

dN
— =—-FN-MN 2
The solution to Equation 2 is
Nt — Noef(F+M)t — N()eiZt, (3)

where Z is the total instantaneous mortality. The average size of the cohort over one season

of fishing (time interval [0,1] and subscripted with y) is then

1
Nt::/1MﬁZWUO—O)
0
— Ny (1 — e ?
y, - D) o
The relationship of catch over time is similar to the relationship of abundance over time,

but is a function of only fishing mortality (F).

dc’
& _FN
dt (5)

The instantaneous fishing mortality rate is a measure of fishing effort that is not easily

interpreted. Therefore, a more meaningful metric for effort, such as boat days or number



of trawls, is often assumed as proportional to the fishing mortality rate,

F =qfs, (6)

where ¢ is the catchability coefficient (Holt et al. 1959), and nominal effort (f) occurs over
one fishing season. Paloheimo and Dickie (1964) defined the catchability coefficient as the
product of the gear efficiency (c¢) and the area swept by a standard unit of gear (a), divided
by the total area occupied by the stock (A).

q= A (7)
Substituting the nominal effort relationship for F' into Equation 5 and rearranging gives
dC = qfi Ndt,

and integrating over one season leads to

Cy 1
/ dC:/ qf:Noe 2Lt
0 0

Cy = %NO (1—e?) (8)

Equation 8 is the Baranov catch equation discussed by Baranov (1918), Ricker (1940),
and Delury (1947), among others and can be further simplified by substituting in Equation
4

Cy = qfyNy 9)
Dividing by f; gives Equation 1, which is a proportional relationship between CPUE and
abundance.

Furthermore, defining density (D) as the abundance of fish per area,

D, =

[

and using Equation 7, Paloheimo and Dickie (1964) showed that the density of the stock is
also proportional to CPUE.
U, = q'Dy,

where ¢’ is the fraction of the overall density reduced by the application of one unit of gear.

q = ca



Assumptions for CPUE to be a proportional index of abundance

The following assumptions that led to the derivation of CPUE above are important when

judging its utility as a proportional index of stock abundance.

1. There is no recruitment to the population during the time period of interest (one

year),

2. natural mortality, M, does not vary with time,

3. nominal effort is measured in terms of one standard unit,

4. fishing mortality is linearly related to nominal effort (Equation 6), and

5. catchability (q) is constant over time and space (i.e., within and between seasons).

Assumption 1 can be satisfied if recruitment into the population occurs mainly at one
time of year either before or after the fishery occurs, and 2) although natural mortality
is likely to vary over time, it is commonly assumed to be constant. Ricker (1940, 1944)
discussed cases where recruitment is present during the fishing season, and Quinn and
Deriso (1999) present more complex descriptions of recruitment and natural mortality. The
three assumptions related to fishing mortality and effort (3-5) are critical when assuming
that catch-per-unit-effort (CPUE) is linearly related to abundance, thus is the focus below.

As noted earlier, nominal effort is a more meaningful measure than instantaneous fishing
mortality and introducing a more common measurement of effort can be useful in additional
analyses, especially those related to economics (Rothschild 1977). However, an appropriate
measure, such as boat days, hauls, or searching time, must be defined and standardized.
Hours trawled or number of trawls are typical measures in bottom trawl fisheries and search-
ing time is usually a better measure for purse-seine fisheries (Punsly 1987) or fisheries that
incur a lot of searching and handling time (Cooke 1985b).

A crucial assumption is that catchability remains constant within a season and between

seasons. Many factors that may cause changes in catchability are discussed below, but first,



for a proportional relationship between fishing mortality and fishing effort (Equation 6) to
be satisfied, the area occupied by the stock must remain constant, the units of gear must
operate independently, and fishing must occur in a random manner, at least with respect to
the distribution of fish (Beverton and Holt 1957). In the derivation of the catch equation,
Baranov (1918) assumed a population of immobile fish distributed uniformly over the area
A, and the units of effort were independent and not overlapping. Ricker (1944) satisfied
the assumption of random fishing by thinking of a mobile population that would quickly
repopulate the area fished. However, fishing is not random (Hilborn and Walters 1992)
and the relationship between fishing mortality and fishing effort is not likely to be linear
(Rothschild 1977).

The effect of fish behavior and fishing operations on catchability

The behavior of a fish population and how the fishery responds to that fish population fre-
quently results in catchability changing over time (Hilborn and Walters 1992; Maunder et al.
2006). Change in catchability is often related to abundance, and three general relationships
between CPUE and abundance have been described by Hilborn and Walters (1992): pro-
portional, hyperstability, and hyperdepletion. Proportional is the commonly-assumed linear
relationship between CPUE and abundance. Hyperstability occurs when CPUE declines at
a slower rate than abundance, making it difficult to detect initial declines in abundance.
Hyperdepletion is when CPUE declines more rapidly than abundance, which may result in
a pessimistic view of the stock when using CPUE as an index of abundance. Figure 1 shows
these three relationships between CPUE and abundance.

Many authors have examined reasons why catchability may not be proportional to abun-
dance. First, the total area occupied by a stock often shrinks with declines in total abun-
dance, resulting in an inverse relationship between stock abundance and catchability (Crecco
and Overholtz 1990; Rose and Leggett 1991; Winters and Wheeler 1985). In addition, Palo-
heimo and Dickie (1964) noted that heterogenous schooling behavior may result in CPUE
reflecting changes in fish distributions rather than fish abundance. For example, catchabil-
ity may remain stable for aggregating species as the overall abundance decreases (Hanchet

et al. 2005; Paloheimo and Dickie 1964). Fish behavior, how fish distribute themselves,
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Figure 1: Three possible relationships between CPUE and abundance as de-
scribed by Hilborn and Walters (1992).

has resulted in hyperstability being observed in many fisheries (Crecco and Overholtz 1990;
MacCall 1976; Rose and Kulka 1999), but a prevalence of low densities of fish with few high
densities is likely to result in hyperdepletion (Hilborn and Walters 1992). Hyperdeletion
may also occur when catch and effort data are not analyzed in a proper spatial manner

(Walters 2003).

The behavior of fishermen can also be the cause of a nonlinear relationship between
CPUE and abundance. Fishing is not a random process and fishermen often compete or
cooperate when searching for concentrations of fish (Hilborn and Walters 1992). Compe-
tition among units of gear, known as interference, results in asymptotic fishing mortality
with increasing effort, causing a breakdown in the proportional relationship between CPUE
and abundance (Gillis and Peterman 1998; Hilborn and Walters 1992; Rothschild 1977).
Conversely, cooperation, or information sharing, between fishermen results in a faster in-
crease in fishing mortality as more units of gear are added (Branch et al. 2006; Hilborn
and Walters 1992; Rothschild 1977). Additionally, changes in catchability can be a result

of changes in the fleet’s spatial extent and the degree of the fleet’s spatial patchiness, as



observed in cod (Salthaug and Aanes 2003; Swain and Sinclair 1994), tuna (Maunder et al.
2006; Punsly 1987), and whale (Cooke 1985b) fisheries.

Knowledge, technology, and gear also play an important role in the relationship between
CPUE and abundance. The efficiency of a fleet is likely to change over time due to increases
in technology and knowledge (Maunder et al. 2006) and from boats and skippers joining or
dropping out of the fishery (Hilborn and Walters 1992). Gear may also have limitations such
as reductions in catchability as the gear becomes full or expeiences similar catch rates at high
abundances, called saturation (Rothschild 1977). These examples result in a violation of
the proportional assumption between fishing mortality and nominal effort seen in Equation

6.
Analyzing and standardizing catch and effort data

The effects of many of the factors leading to a change in catchability can be removed by using
an appropriate measure of effort (Cooke 1985b; Hilborn and Walters 1992), through proper
spatial analysis of the catch and effort data (Hilborn and Walters 1992; Walters 2003),
and by standardizing the catch-per-unit-effort (Maunder and Punt 2004). An appropriate
measure of effort is one that is related to the abundance. For example, if handling time is
significant or fishing vessels search for aggregations of animals, then searching time should
be used (Hilborn and Walters 1992). However, Cooke and Beddington (1984) and Cooke
(1985b) explain that variable catchability can result in lost searching time when catchability
is good and catches must be handled more often than when conditions are bad, thus CPUE
will decline at a slower rate than abundance.

Given that fishing is not random and that fish are not distributed uniformly, catch and
effort data can be stratified into smaller spatial cells which are more likely to show random
fishing behavior (Beverton and Holt 1957; Hilborn and Walters 1992). This is unlikely, even
in somewhat small spatial areas (Hilborn and Walters 1992). When catch and effort data
are spatially stratified, unfished strata must not be ignored and assumptions will have to
be made regarding the unobserved catch rate in these cells (Walters 2003).

Beverton and Holt (1957) suggested choosing a standard vessel and determining the

relative fishing power of all other vessels, but there are other important variables not specif-



ically related to a fishing vessel, such as depth and location. Currently, statistical methods
such as generalized linear models are commonly used to standardize catch and effort data,
and can incorporate qualitative and quantitative variables including vessel characteristics,
time of year, area, and depth (Maunder and Punt, 2004). However, standardizing the catch
and effort data does not ensure that catchability will remain constant over time and other
factors that cannot be accounted for may invalidate the assumed proportional relationship

shown in Equation 1.

Modeling catchability as a function of abundance

Fishery-independent data are not available for all stocks, and discarding the catch and effort
data may not be a solution when the stock size must be estimated. An integrated assess-
ment is one way to use all available information to assess a stock, and can provide insight on
inconsistencies among different data sources, although it may be difficult to reconcile those
differences (Maunder et al. 2006). A more complex model than strict proportionality be-
tween CPUE and abundance can be used in a stock assessment to reconcile inconsistencies in
the CPUE data, and to reduce bias in the estimates of stock size and status. Various meth-
ods have been used to model changes in catchability, including assuming density-dependent
catchability (Harley et al. 2001) and time-varying equations where catchability is random
with or without autocorrelation (National Research Council 1998; Wilberg et al. 2010).

A power function is often used to model the relationship between CPUE and abundance
by assuming that catchability (¢) is a nonlinear function of abundance (N) (e.g., Bannerot

and Austin 1983; Hanchet et al. 2005; Harley et al. 2001).

q = aN?

The relationship between CPUE and abundance can be derived by substituting this model

for nonlinear catchability into Equation 1.
U = aN?N

U = aNPt!



Simplifying notation, the relationship can be defined as
U = aN? (10)

where o and (§ are parameters. A hyperstable relationship occurs when 8 < 1 and g > 1
indicates hyperdepletion. A proportional relationship occurs when g = 1.

In a few cases, the relationship between CPUE and abundance has been modeled with
equations allowing more flexibility. Peterman and Steer (1981) used the Michaelis-Menten
equation to allow for gear saturation. Richards and Schnute (1986) also modeled catchability
as density-dependent, but with an even more general and flexible model. Rindorf and
Andersen (2008) extended the power function in Equation 10 to include the possibility of
biomass remaining in refugia and being unavailable to the fishery.

Regardless of the functional form used to model the relationship between CPUE and
abundance, it is important to understand the relationship at different levels of abundance.
First, CPUE is defined to be zero when abundance is zero. Second, for the case of this
argument, assume that CPUE is one when the abundance is equal to the equilibrium un-
fished abundance. If CPUE declines slower than abundance at high abundance, then it must
decline faster than abundance at low abundances for the relationship to equal zero when
abundance is zero (and vice versa if CPUE declines faster at high abundances). This, of
course, assumes that the relationship between CPUE and abundance is a smooth function
and, for example, doesn’t suddenly drop to zero with an infinite slope at some low biomass
or CPUE doesn’t become zero before the abundance is equal to zero.

This can be investigated further using the power function presented in Equation 10. We
scale the CPUE (U) such that it has a value of 1 at the unfished equilibrium abundance,
noted as K.

1=aK? (11)

Then, solving for alpha,
of =KP (12)

provides us with the proper scalar. This allows us to make a direct comparison between

CPUE and abundance because the slope for the proportional relationship (U = aN) is 1/K.
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The derivative of the relationship between CPUE and abundance with the slope defined
in Equation 12 is
daUu

= KAgN(B-Y (13)

And, solving for the abundance () where the slope is equal to 1/K.

1
K 88N

)1/(571)

N = (Kﬁ /KB (14)

Furthermore, if abundance is rescaled such that K =1 (N’ = N/K), then

1 1/(B-1)
v=(5) 5)

As seen in Figure 2, using the hypothetical example described above, the abundance at
which the slope equals « is less when § < 1 than when 8 > 1. As § approaches 1, the abun-
dance at which the slope equals 1 approaches 0.37. Therefore, over the range of abundance
between zero and K, CPUE is more commonly decreasing slower than abundance.

Even though the slope of the relationship between CPUE and abundance changes over
the range of abundance, estimates of § remain constant with subsets of data, as long as
the true abundance is known. For example, if CPUE data showed hyperdepletion, but were
available only for the range of abundances between 0.1 and 0.3 where CPUE is declining more
slowly than abundance, the estimate of 8 would not, in fact, be less than one (indicating
hyperstability), but would be the same as if you had the CPUE data over the entire range
of abundance. This can be shown in two ways. First, the second derivative of the power

function indicates the curvature of the line,

40— K5 - 1)aN ) (16

And given that N is always positive, the second derivative shows that the relationship is
concave up when 8 > 1 and concave down when § < 1, as expected. Therefore, even
though the slope of the relationship between CPUE and abundance changes in relation

to the true abundance, the concavity remains the same, which is determined by 5. A
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Figure 2: Areas where CPUE is declining faster than abundance (blue long
dashes) and declining slower than abundance (red short dashes) in the power
function aN?, with a=1 and 5=0.4, 1, or 2.5.

second demonstration can be seen by taking the natural log of CPUE. This makes a linear
relationship between the natural log of CPUE and the natural log of abundance, where
is the slope.

In(U) =In(a)+ S1In(N) (17)

Because this is a linear relationship, 5 remains constant throughout the range of abundances,
and « is adjusted as K changes, as in Equation 12. This result is important because even
if K is estimated with error, the estimate of 8 will not change, given that all other factors
are constant.

The implication of this thought experiment is that the absolute change in CPUE (the
difference between two values) is dependent on absolute abundance (i.e., where the CPUE
was observed relative to unfished abundance). However, the proportional change in CPUE

is independent of what absolute abundance is, but is a function of the proportional change

Uy+1 Nyi1 g
= 1
Uy < Ny (18)

in abundance.
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For example, if § = 2 and the abundance (relative to 1) declines from 1.0 to 0.9, the CPUE
declines from 1.0 to 0.81. However, if abundance declines by half from 0.2 to 0.1, the CPUE
declines from 0.01 to 0.0025, an absolute value of 0.0075, but a ratio of 0.25. Additionally,
if abundance declines by half from 1.0 to 0.5, the CPUE declines from 1.0 to 0.25, which
is an absolute value of 0.75, but the same ratio of 0.25. In other words, the ratio of the
differences in log space equals 8, which is the slope of Equation 17.

This thought experiment applies only when the true relationship between CPUE and
abundance is density-dependent and described by the power function in Equation 18. This
is likely a simplistic assumption useful for describing specific time periods of CPUE, and not
the entire time that fishing has occurred. It is likely that there are other factors contributing
to a non-proportional relationship, which, depending on the state of the population, may
change the relationship between CPUE and abundance (e.g., the stock is heavily fished
and decreasing as opposed to lightly fished and possibly increasing). If CPUE is nonlinearly
related to abundance because fish are disturbed by fishing and migrate away from the fishing
areas, it may not be practical to assume the same level of nonlinearity when the stock is

lightly exploited and fish are migrating back to the fishing area.

Evidence of departures from a proportional relationship between CPUE and
abundance

Regardless of all the warnings, fish population abundance is often estimated using catch and
effort data while assuming that CPUE is proportional to abundance (Harley et al. 2001;
National Research Council 1998). This can lead to misinforming scientists, managers, the
fishing industry, and the general public about the status of fisheries (Maunder et al. 2006).
For example, Myers and Worm (2003) concluded that the biomass of tuna, billfishes, and
swordfish has severely declined based on the observation that catch-rates quickly fell when
first exploited. But, Polacheck (2006) and Hampton et al. (2005) explained that catch rates
of tuna are most likely not a proportional index of abundance in the early years of the fishery,
and Walters (2003) suggested that calculating CPUE over a wide area may artificially
introduce hyperdepletion. An example of hyperstability causing misleading advice occurred

in the northern cod fisheries. Rose and Kulka (1999) noted that northern cod (Gadus
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morhua) were assessed in the 1980’s under the assumption that CPUE was linearly related
to abundance, but found that although CPUE was locally related to abundance, it was not
regionally because of hyperaggregation.

Many studies on the relationship between CPUE and abundance have found empirical
evidence of CPUE declining slower than abundance. Hyperstability has been observed in
pelagic fisheries for herring ( Clupea harengus) and sardine (Sardinops sagax) (MacCall 1976;
Ulltang 1980; Winters and Wheeler 1985) and groundfish fisheries for cod (Gadus morhua)
and haddock (Melanogrammus aeglefinus) (Crecco and Overholtz 1990; Rose and Leggett
1991; Swain and Sinclair 1994). Additionally, Chinook salmon (Oncorhynchus tshawytscha)
(Peterman and Steer 1981), American shad (Alosa sapidissima) (Crecco and Savoy 1985),
and yellowtail snapper (Ocyurus chrysurus) (Bannerot and Austin 1983) fisheries have seen
an inverse relationship between catchability and abundance. Harley et al. (2001) compiled
CPUE and independent abundance data collected by the International Council for the
Exploration of the Sea (ICES) and performed a meta-analysis to test the hypothesis that
CPUE is proportional to abundance. They found evidence supporting hyperstability for
all of the stocks included, although one stock was weakly supported. Finally, recreational
fisheries targeting spawning aggregations of barred sand bass (Paralabraz nebulifer) and
kelp bass (Paralabraz clathratus) have also shown stable or slowly declining CPUE (Erisman
et al. 2011).

Hyperdepletion is also believed to occur in the CPUE data from some fisheries (Hilborn
and Walters 1992; Walters 2003). The meta-analysis performed by Harley et al. (2001)
showed support for hyperdepletion in hake (Merluccius merluccius) fisheries. Ahrens and
Walters (2005) reported that even after correctly analyzing spatial longline catch and ef-
fort data for tuna and billfish species, hyperdepletion was still present. Sosa-Lopez and
Manzo-Monroy (2002) came to a similar conclusion after analyzing yellowfin tuna (Thun-
nus albacares) catch and effort data. Furthermore, Fonteneau and Richard (2003) reported
that trends in CPUE are likely to be overly pessimistic for bycatch species such as bill-
fishes. Surprisingly, Davies and Jonsen (2011) found evidence of hyperdepletion in the
fishery-independent survey index of cusk (Brosme brosme), although parameter estimates

were uncertain.



14

Despite this evidence that CPUE is not always proportional to abundance, some data
indicate that CPUE is a good indicator of abundance. Dunn et al. (2000) concluded that
proportionality is a reasonable assumption for many New Zealand stocks, although the
variability in their results was high. Hanchet et al. (2005) found that CPUE tracked the

abundance of an aggregating species, southern blue whiting (Micromesistius australis).

Motivation

As can be seen, fish and fisheries behave in different ways and the relationship between
CPUE and abundance not only depends on behavior, but also on how the catch and effort
data are analyzed. Therefore, determining how CPUE relates to abundance should be done
on a case by case basis to determine the possibility of using CPUE for the assessment and
management of a specific species or type of fishery. Simulation techniques and management
strategy evaluation (Butterworth et al. 1997; Sainsbury 2000) may also be used to determine
how CPUE can best be used.

Fishery-independent catch-rate data are more likely to be proportional to abundance
than fishery-dependent CPUE because surveys are typically well designed and appropriate
for the stock being surveyed, and it may seem appropriate to simply omit the questionable
fishery-dependent CPUE. However, there is a benefit to using CPUE data in an assessment.
CPUE data are often available for more years than survey data and can provide insight into
historical time periods. Fishers are most familiar with catch-rates and often appreciate their
use in assessments. Survey data may not be proportional to abundance (Davies and Jonsen
2011) and simply omitting CPUE would imply that the survey data are the representative
dataset. Finally, it is useful to use CPUE and survey data in an assessment to further
understand the relationship between CPUE and abundance, which can then be applied
to the assessment and management of stocks that have only CPUE data or are using a
CPUE-based control rule.

The research in this Ph.D. dissertation focuses on the relationship between CPUE and
abundance and how its use when assessing and managing fisheries may be affected by some
of its shortcomings. Three stand-alone chapters are presented with methods and results

from analyses estimating the amount of nonlinearity in the relationship between CPUE and
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abundance and its implications on fisheries management. The first chapter looks at the
nonlinearity of empirical CPUE data from orange roughy fisheries in Australia and New
Zealand. The second chapter investigates the ability to estimate nonlinearity in CPUE
data using different models, assumptions, and types of data. The final chapter performs a
management strategy evaluation to determine the consequences of managing a fish stock
with and without estimating nonlinearity. Finally, the results presented in this dissertation

are summarized and discussed.
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Chapter 1

A META-ANALYSIS OF NONLINEARITY IN THE RELATIONSHIP
BETWEEN CATCH-PER-UNIT-EFFORT AND ABUNDANCE IN
ORANGE ROUGHY (HOPLOSTETHUS ATLANTICUS) STOCK
ASSESSMENTS

Abstract

Catch-rate data are commonly used as an index of abundance when assessing a stock, and
can be derived from fishery-dependent or fishery-independent data. Commercial catch and
effort data are commonly standardized into a relative index of abundance called catch-
per-unit-effort (CPUE) and are often assumed to be proportional to abundance. However,
there are many reasons for a departure from a proportional relationship. This study used
fishery CPUE data from four orange roughy fisheries in a hierarchical state-space model
to estimate the hyperparameters of a distribution for a nonlinearity parameter in the rela-
tionship between CPUE and abundance. A prior distribution for the nonlinear parameter
was developed and showed that hyperdepletion (CPUE declines faster than abundance) was
more probable than hyperstability (CPUE declines slower than abundance). Although hy-
perdepletion was unexpected for an aggregating species, explanations include depletion of
localized aggregations, natural variation in the size of spawning aggregations, and disruption
due to fishing. This prior distribution may be used to improve assessments of orange roughy
and other similar species where fishery-dependent catch-rates are an important source of

information.
1.1 Introduction

The effective management of a fishery requires tracking the abundance of target species in
some way such that the total fishing mortality can be adjusted to optimize yield and avoid
low stock levels. Management tools include restricting effort through capacity limitations

and seasonal/area closures, imposing gear restrictions, and setting quotas on the harvest.
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To ensure a sustainable fishery, these management tools require reliable assessments of stock
status using informative data that are representative of changes in abundance. Not only
is successful management more likely when scientists use the best available information
to assess a stock, but policy-makers, stakeholders, and the general community are better
informed about the condition of the stock as well as of the fishery (Maunder et al. 2006).
Catch-rate data are commonly used as an index of abundance when assessing a stock,
and can be derived from fishery-dependent or fishery-independent (survey) data. Collecting
these data from statistically designed research surveys is preferred, but for many stocks suf-
ficient fishery-independent data are not available to adequately track trends in abundance.
Therefore, scientists often rely upon fishery-dependent data, in the form of commercial catch
and effort records, even though these data may violate some statistical assumptions or may
not be as informative as survey data (Winters and Wheeler 1985; Maunder et al. 2006).
Commercial catch and effort data are commonly standardized using statistical approaches
into a relative index of abundance called catch-per-unit-effort, or CPUE (Maunder and Punt

2004), and is usually assumed to be proportional to abundance.

Z —_U=¢B 1.1
7 = U=4B, (1.1)

where C' and FE refer to catch and effort, U is CPUE, ¢ is a catchability coeflicient, and B is
the average abundance, in numbers of fish or biomass, over one fishing season. Standardiz-
ing catch and effort data may reduce the nonlinearity (Ye and Dennis 2009), but it does not
guarantee a linear relationship between CPUE and abundance. For most large fisheries in
developed countries, catch is relatively easy to measure, but a proper measure of effort can
be difficult to obtain (Rothschild 1977) which often results in a nonlinear relationship be-
tween CPUE and abundance (Cooke 1985a; Hilborn and Walters 1992; Gillis and Peterman
1998; Walters 2003). Understanding the true relationship between CPUE and abundance
is important to reduce bias when assessing a fish stock (Hilborn and Walters 1992).

The behavior of a fish population and how the fishery responds to that fish population
frequently change catchability over time resulting in a nonproportional relationship between
CPUE and abundance (Hilborn and Walters 1992; Maunder et al. 2006). Changes in catch-

ability are often related to the abundance of the population and three general relationships
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between CPUE and abundance have been described by Hilborn and Walters (1992): pro-
portional, hyperstability, and hyperdepletion. Proportional is the commonly assumed linear
relationship between CPUE and abundance. Hyperstability occurs when CPUE declines at
a slower rate than abundance making it difficult to detect initial declines in abundance.
Hyperdepletion is when CPUE declines more rapidly than abundance, which may result in
a pessimistic view of the stock when using CPUE as an index of abundance.

Many authors have studied the relationship between CPUE and abundance and what
may cause a departure from a proportional relationship (for a review see Wilberg et al.
2010). Factors due to fish behavior include heterogenous aggregations, schooling, stock area,
the distribution of fish, and differing susceptibility to harvest between members within a
population (Paloheimo and Dickie 1964; Winters and Wheeler 1985; Hilborn and Walters
1992; Swain and Sinclair 1994; Rose and Kulka 1999). Fishing behavior is rarely random
and many authors have studied how catchability relates to factors such as handling time,
searching time, gear saturation, and cooperation among fishers (Cooke and Beddington
1984; Hilborn and Walters 1992; Gillis and Peterman 1998; Salthaug and Aanes 2003; Branch
et al. 2006). Improper methods used to analyze catch and effort data may also result in a
hyperdepleted CPUE series (Walters 2003; Kleiber and Maunder 2008).

Despite these known difficulties, CPUE is commonly assumed to proportionally index
the abundance of fish stocks. For example, Myers and Worm (2003) used Japanese longline
catch-rates to conclude that the biomass of tuna, billfishes, and swordfish has declined
greatly based on rapid declines in catch-rates when first exploited. The conclusions of
Myers and Worm (2003) was disputed by Polacheck (2006) and Hampton et al. (2005) who
explained that the catch rates of tuna are most likely not proportional to abundance in the
early years of the fishery, and Walters (2003) who suggested that calculating the CPUE
over a wide area may have artificially introduced hyperdepletion. Rose and Kulka (1999)
noted that northern cod were assessed in the 1980s under the assumption that CPUE was
linearly related to abundance, but concluded that CPUE was locally related to abundance
and not regionally due to hyperaggregation. Harley et al. (2001) compiled CPUE and
independent abundance data from the International Council for the Exploration of the Sea

(ICES) and performed a meta-analysis to test the hypothesis that CPUE is proportional
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to abundance. They found evidence supporting hyperstability, but hyperdepletion could
not be ruled out and was most evident in hake fisheries. In contrast, Dunn et al. (2000)
performed an empirical analysis of CPUE from mostly New Zealand stocks and concluded
that a proportional relationship between CPUE and abundance may actually be a reasonable
assumption, although the variability in their results was very high.

Fishery-independent data are not available for all stocks and discarding the catch and
effort data may not be a solution when the stock size must be estimated. Simultaneously
analyzing all sources of data for stocks with fishery-independent and fishery-dependent data,
as in an integrated assessment (Maunder 2003), can provide insight into inconsistencies
between survey and CPUE data (Maunder et al. 2006). Furthermore, using a model with a
relationship between CPUE and abundance that is more complex than strict proportionality
may reconcile inconsistencies between the CPUE and survey data, and reduce bias in the
estimates of stock size and status. These more complex models can then be applied to
assessments of similar stocks which do not have fishery-independent data.

Various methods have been used to model changes in catchability including density-
dependent catchability (Harley et al. 2001) and time-dependent equations where catchability
is random with or without autocorrelation (National Research Council 1998; Wilberg and
Bence 2006). In particular, a power function has often been used to model the relationship
between CPUE and abundance by assuming that catchability (¢) is a nonlinear function of

abundance (B) (e.g. Bannerot and Austin 1983; Harley et al. 2001; Hanchet et al. 2005).

q = aB?

The relationship between CPUE and abundance can be derived by substituting this model

for nonlinear catchability into Equation 1.1 and simplifying notation.
U = aB’ (1.2)

where o and 8 are parameters, and [ is defined as (8’ + 1). A hyperstable relationship
occurs when 8 < 1, while § > 1 indicates hyperdepletion. A proportional relationship

occurs when § = 1.
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Data are available to study the relationship between CPUE and abundance for many
fisheries (Harley et al. 2001; Hanchet et al. 2005), but orange roughy (Hoplostethus atlanti-
cus) fisheries offer a unique opportunity to study this relationship for a number of reasons.
First, some orange roughy stocks have fishery-independent data that can be utilized to
examine the relationship between CPUE and abundance, which may also be helpful in de-
termining how CPUE alone can be useful when assessing these stocks. Second, catch and
effort data are available from when the fisheries began, offering a unique opportunity to
look at the behavior of CPUE in a developing fishery instead of the relationship between

CPUE and abundance after the stock has been fished for many years.

Nearly all orange roughy assessments have at one time used CPUE as a proportional
index of abundance even though many scientists questioned whether CPUE is useful when
managing stocks of orange roughy (e.g. Clark 1996) because catch rates typically decline
quickly during the first few years of the fishery (Ministry of Fisheries 2007). Even though
CPUE was not initially used as an abundance index in New Zealand because the fishery
mainly occurred on aggregations and the catch rate may have remained high due to the
availability of the fish in the aggregation, or the catch rate may decline faster than the
abundance due to disturbance dissipating the aggregation, Francis and Clark (2005) argue
that CPUE is a useful indicator of biomass for this species. Standardized CPUE is an
important source of data for this high profile species because it not only offers potential
information about changes in abundance, but for many stocks it is often the only information

available.

This study combines CPUE and fishery-independent survey data from 4 stocks of orange
roughy from New Zealand and Australia in a meta-analysis to investigate the relationship
between CPUE and abundance. A hierarchical state-space model is used to estimate the
hyperdistribution of the nonlinearity parameter (3) from Equation 1.2. This distribution is
then summarized to provide a prior distribution for a nonlinearity parameter that may be

used in future stock assessments.
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1.2 Materials and Methods

The difficulty with analyzing the relationship between CPUE and abundance is that reli-
able fishery-independent estimates of abundance are needed to compare to the estimates
of CPUE. Dunn et al. (2000) found that with fewer than nine paired observations a large
reduction in biomass was necessary to accurately estimate a departure from linearity, thus
limiting the number of stocks for which an analysis could be done. Rindorf and Ander-
sen (2008) alleviated this problem by using biomass estimates from stock assessments that
were not fitted to CPUE data. However, model-based estimates may not be an appropriate
choice for this type of analysis for a number of reasons including that it would be treating

correlated model outputs as independent data (Harley et al. 2001).

When paired observations are available, a power function can be used (Equation 1.2)
to model the relationship between CPUE and abundance. Both variables are subject to
measurement error, thus measurement error models must be used to provide unbiased es-
timates of the parameters (Fuller 1987). Dunn et al. (2000) and Harley et al. (2001)
compared fishery-independent abundance indices to CPUE using a structural measurement
error model, assuming that the abundance estimates are random variables from a com-
mon distribution. A functional model, on the other hand, assumes that the independent
variables are fixed and the true values must be estimated (Fuller 1987). This allows for
temporal changes to be modeled, but the estimates of the true independent variables are
not statistically consistent (Thompson and Carter 2007) and are not integrated out of the

likelihood (de Valpine and Hilborn 2005).

Alternatively (and more appropriately), when paired observations are not readily avail-
able, a state-space model can be used to estimate a biomass trajectory which is fitted
to fishery-independent indices of abundances and fishery-dependent CPUE data (Schnute
1994). This approach was taken here because the availability of a sufficient number of inde-
pendent paired observations of biomass and CPUE is uncommon for a single orange roughy
stock. A discussion of the hierarchical state-space model used for this analysis follows a

brief description of the data available for this meta-analysis.
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1.2.1 Stocks and data

Data from Australian and New Zealand stocks of orange roughy that have been assessed and
reported by Wayte and Bax (2002) and Ministry of Fisheries (2007) were considered for this
analysis. The definition of a stock occasionally equates to a management area, but in many
cases a stock is a subset of a management area or may be comprised of multiple management
areas. There are four main stocks of orange roughy in the Australian exclusive economic
zone (EEZ) and nine in the New Zealand EEZ that were considered for this study, but not
all stocks were included in the final analysis due to lack of fishery-independent data. The
most recent assessments of the stocks included in this analysis presented models that did
not use CPUE as a data source to ensure there is agreement that the fishery-independent

data is an appropriate index of the stock abundance.

Overall, three stocks in the New Zealand EEZ and one stock in the Australian EEZ
fit the criteria for this study. New Zealand stocks were the Mid-East Coast (MEC), East
Chatham Rise (ECR), and Northwest Chatham Rise (NWCR), and the single Australian
stock was the Eastern Zone stock (AUS) (Figure 1.1). The MEC stock is comprised of
management areas 2A South, 2B, and 3A, while the NWCR and ECR stocks are smaller
areas within the ORH 3B management area of New Zealand. The Eastern Zone in Australia,
east of Tasmania, is managed as a stock on its own. These four fisheries have supported

large catches exceeding 7,000 tonnes in some years.

The East Chatham Rise stock has three separate CPUE series reflecting different fishery
types and locations while the remaining stocks have only one CPUE series (see Table 1.1).
More than one fishery-independent abundance series from three different types (including
trawl, egg, and acoustic surveys) are also available for each stock. Table 1.2 shows the
types and years of survey estimates for each stock, as well as the prior assumed for the
catchability coefficient, ¢, of each series. More information about each stock, including the

available data, is provided in supplemental material.
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1.2.2  State-space model

State-space models (Harvey 1990), a special case of hidden-process models (Newman et al.
2006), are used to model two time series in parallel, each with error. One time series uses
state equations to model the true, but unobserved, underlying process with error conditioned
on the previous state. This process error may include both demographic and environmental
variability. The second time series consists of observation equations with error that relate
the observed data to the true states. This observation error consists of sampling variation
around observations such as CPUE. State-space models have occasionally been used to
analyze fisheries data (Sullivan 1992; Schnute 1994; Newman 1998; Meyer and Millar 1999b;
Millar and Meyer 2000; de Valpine and Hilborn 2005) and we extend the analysis of Meyer
and Millar (1999a) by using multiple sources of information in a hierarchical state-space
model for orange roughy populations. Details of the state-space model are given in Appendix
C.

A delay-difference model was chosen because it is a compromise between production
models and age-structured models, and uses many of the parameters that are assumed
known in orange roughy age-structured assessment models. Accepting the assumptions that
fishery selectivity, survey selectivity, and the maturity ogive are equal and knife-edged at
age k, we were able to use the weight-at-length, length-at-age, natural mortality, and age of
50% recruitment from the individual stock assessments to parameterize the delay-difference
model. Additionally, because orange roughy populations have been fished for about 30
years, which is approximately their age of recruitment, we assumed that recruitment, on

average, was constant (Rg). This leaves the states (biomass time series and By) and the

2

2) unknown in the state equations.

process error (o
The observation equations relate CPUE and survey biomass estimates to the predicted

biomass.

all i

In(Uy,) = In(a?) + fa (m(B;.mfl) - 1n(Bmid)) Frgi—omi o 1<i<T  (13)

In(Z.;) =In(q.) + (B 47, ; — T2 1<j<T, (14)

where B™ is the mid-year biomass, calculated as the average of the start of the year biomass
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(Equation C.19) and the end of the year biomass (Equation C.19 without the recruitment,
Ry, added in) and m is the mean of the logged mid-year biomasses that have a
corresponding CPUE value. The notation U, ; represents the CPUE for series u in year i
and Z, ; represents the survey biomass for survey series z in year j. For the four stocks,
there were six CPUE series (u = 1...6), each with estimated «,, and f, parameters (see
Table 1.1). Initial investigations suggested that centering the CPUE equation would improve
the performance of the Markov chain Monte Carlo (MCMC) procedure when estimating
Bu, and the parameter o, can be calculated as a) — ﬁum, where a), was directly
estimated. There were also 14 survey series, of the type trawl, acoustic, or egg, assumed to
be proportional to the estimated biomass with a catchability coefficient, ¢, (see Table 1.2).
The catchability coefficients were estimated for the trawl and acoustic surveys, while ¢, for
egg surveys was assumed to equal one. Many of the survey catchability coefficients were

estimated with a prior distribution when available from recent stock assessments (Table 1.2).

The errors for each CPUE series, v, ;, and each survey series, 7, ;, were assumed normal

vui ~ N (0,6, ) (1.5)
i~ N(O,Jéj). (1.6)

An estimate of variability for each CPUE or survey value was available from the analyses
of catch-rate data, but only estimated within year variability. Stock assessments in New
Zealand often add an additional amount of error to the variability estimated from the data
to account for between year variability in the series (Francis et al. 2003; Ministry of Fisheries
2007). Therefore, our approach was to use the observation-specific variability determined
from the analysis of the CPUE or survey data and estimate an additional error parameter,
&, for each CPUE series or each survey type (i.e., trawl, acoustic, or egg), where multiple

series within a survey type would have the same additional error.

op., = W(CVi,+&+1) (1.7)
ol . = I(CVZ;+&+1) (1.8)

where y indicates the survey type (trawl, acoustic, or egg) and CV is a coefficient of variation.

This means that £ was also parameterized as a coefficient of variation, and because it
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was estimated with a lower bound of zero, the CV’s supplied with the data (within year
variability) were taken as the minimum error for each observation. A single additional
observation error was estimated for each survey type across stocks because it is believed
that surveys of a similar type behave in similar ways, while CPUE series between stocks
may show differences in between year variability.

Overall, the estimated parameters were biomass for each year from the state equations,
two parameters for each CPUE series, one parameter for each trawl or acoustic survey
series, and process error. Also, an additional observation error parameter for each CPUE
series and one additional observation error parameter for each of three survey types were

estimated. Descriptions of the parameters are given in Table 1.3.

1.2.3 Hierarchical state-space model

A Bayesian hierarchical model combines information from similar sources to estimate pa-
rameters related to all of those sources through a hyperdistribution. The state-space model
above was combined into a hierarchical model using multiple stocks of orange roughy with
a hyperdistribution for the nonlinearity parameter, 8. Following the notation of Newman

(2000), the hierarchical state-space model can be written as,

hyperdistribution: h(8,|w,o?) n=1,...,N,

state process: ¢(Bnt,|Bntn—1, Bnt,—2,0n) th =2,...,T,,
survey observations: fi(Zn ,|Bnj,,©n) 1 <jn, <Tp,
CPUE relationship: fo(Up.i, |Bn,i,» On) 1<, <Ty,

where w and o2 are hyperparameters and n indexes the stock. We also use BMT to
refer to a vector of the states for all stocks and years, Z" and U to represent the survey
and CPUE data for all stocks, respectively, and © to notate the parameters for all stocks
including the hyperparameters, but excluding the states. Descriptions of parameters are
given in Tables 1.3 and 1.4.

The posterior distribution for the parameters and hyperparameters given the data is

proportional to the joint posterior distribution of all parameters and data (Meyer and Millar
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1999a). Assuming that the priors for the parameters are independent and using the above
notation where the superscripts N and T notate all stocks and time periods, respectively,
the posterior distribution for the states and the parameters is,

P (zN, N BN, oN) P (BNT|eN) P (6N)

N N, T\ N N
B |Z7Y,UY) =
ﬂ-(@ ’ | ’ ) P(ZN,ITN)

(1.9)

The posterior distribution for the parameters given the data can be obtained by inte-

grating equation (1.9) over the state variables (de Valpine and Hilborn 2005),
m (NT|ZN, uN) = / m (N1, BN ZN uN) aBMT (1.10)

and is available from Monte Carlo samples of the posterior distribution (Equation 1.9).

1.2./ Estimation of parameters

The software WinBUGS (Lunn et al. 2000) was used to perform the MCMC procedure
necessary for the integration of the posterior distribution for the hierarchical state-space
model (Equation 1.9). Initial investigations of MCMC convergence showed slow mixing of
the nonlinearity parameters. Therefore, 21 million MCMC iterations were conducted with
an appropriate burn-in and thinning determined from autocorrelation plots, trace plots of
the MCMC samples, and statistical tests available in the software package R (R Development
Core Team 2010) to create a sample of the parameters and state variables from the posterior
distribution. The posterior distribution is summarized by a median value and a 90% highest
posterior density (HPD) interval, which is the shortest interval in a unimodal distribution
which contains 90% of the data (Carlin and Louis 2000).

Prior distributions for parameters other than survey catchabilities were generally non-
informative, although some were given reasonable bounds (Table 1.5). The prior for the
process error (02) was inverse gamma with parameters specified such that the 5%, 50%,
and 95% quantiles for the CV of By (CVp, = \/6”57—1) were approximately 0.8%, 2%, and
11%, respectively. Simulations of an unfished population of orange roughy with recruitment
variability equal to 1.1, as is assumed in New Zealand stock assessments of orange roughy
(Ministry of Fisheries 2007), resulted in a CV near 3% for B;. The log of the hyperparameter

w was assigned a wide normal prior such that omega would have a median of 1 and a
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CV of 2. The prior used for the hypervariance parameter, o, was a half-Cauchy, and is
appropriate when using less than 5 hierarchical groups (Gelman 2006), although we included
six CPUE series. The probability distribution of the stock-specific nonlinearity parameters,

By, depends on the hyperparameters, and the prior for 3, is given in Figure 1.2.

1.2.5 A prior distribution for B

The main interest of this study was the marginal distribution of S for an unknown stock,
which can be used as a prior when estimating S for that unknown stock. Minte-Vera et al.

(2005) showed this distribution as,
p (a2 0 o [ [ [ (ko) p (0% w02 2Y, UY) ol dw (111)
wJoZ JON

This integration was accomplished by randomly generating 1,000 realizations from LN (wy, 037 1)
for all [ where [ is a sample from the final thinned MCMC chain. Additionally, Gaussian,
logistic, and ¢t parameterized distributions were fitted to these integrated samples using
maximum likelihood to make the prior distribution more practical for future analyses. The

logistic parameterization was

o—(a—p)/b

PO = e (12

Variance = w°b?/3

where p is a location parameter and b is a scale parameter.

Some additional analyses were done to provide priors for the stocks used in this analysis
and to explore the sensitivity of the results to the fixed natural mortality parameter. Minte-
Vera et al. (2005) warn of the double use of data when developing priors and suggest
repeating the meta-analysis without the data set for which the prior will be used. Therefore,
this meta-analysis was repeated four times, removing one stock at a time to provide a prior
for 8 that may be used in an assessment of the removed stock. Sensitivity to the fixed
natural mortality was also explored by halving the assumed natural mortality for each

stock. A New Zealand assessment of orange roughy in the Spawning Box subarea did this
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same sensitivity to determine the effect of reducing the productivity of the stock (Ministry

of Fisheries 2007).

1.3 Results

The first 600,000 samples of the Markov Chain Monte Carlo chain were discarded and then
the chain was thinned to every seventeen-thousandth sample, resulting in 1,200 samples to
describe the posterior distribution. All parameters passed a test of convergence (Geweke
1992) and showed insignificant amounts of autocorrelation within the thinned chain. Due
to the length of the chain, multiple chains were not simulated.

Stock specific posterior distributions of the additional CPUE errors and nonlinearity
parameters are discussed below and followed by a discussion of parameters which span
multiple stocks, such as process error and the hyperparameters for . Additional stock-
specific details, such as biomass and depletion estimates, are given in the supplemental

materials.

1.8.1 Individual stocks

Posterior distributions for the additional error of each CPUE series showed that in terms
of a coefficient of variation these values were likely to be less than 0.3 (Figure 1.3). The
single CPUE series for the Mid-East Coast stock had small variances assigned to the yearly
estimates, thus the estimated additional error did not favor low values as with other series.
The Australian Eastern Zone CPUE series, however, showed a considerable amount of
interannual variability and the estimated additional error was larger than the additional
error for the other CPUE series (a median of 0.89 and a 90% HPD interval between 0.47
and 1.58).

The estimated posterior distributions for the nonlinearity parameter (3,) for the six
CPUE series of the four stocks are shown in Figure 1.4. The median 3, was greater than
one for all CPUE series and the 90% HPD interval (converted from the posterior distribution
of In(B,)) was entirely greater than one for the Eastern Flats and East Hills CPUE series.
The median for the Spawning Box CPUE series was closest to one and the probability that

B was greater than one for this series was 0.78 (Table 1.6). Figure 1.4 also shows the median
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and 95% probability regions of the posterior distributions for the nonlinearity parameter
when one stock was removed from the analysis. Removing the MEC or AUS stock shifted
the posterior distribution slightly to the right, while removing the ECR or NWCR stock
shifted the distribution slightly to the left when compared to the analysis using all four
stocks. The nonlinearity parameter for each CPUE series was not highly correlated with
the additional CPUE error for the corresponding series (the maximum absolute Pearson’s

correlation coefficient was 0.19).

1.3.2 Parameters shared between stocks

Parameters that were not unique to an individual stock were the additional errors for the
three survey types (trawl, egg, and acoustic), the variance of the process error, and the hy-
perparameters for the nonlinearity parameter relating CPUE to abundance. The additional
CV for trawl surveys ranged from near zero to almost entirely less than one with a median
of 0.16 and a 90% HPD interval between 0.0 and 0.35 (Figure 1.5). The additional CV for
acoustic surveys spanned a wider range, and the additional CV for egg surveys was typically
large with the posterior spanning the entire range of the uniform prior (0-2). This large
additional error for egg surveys could be a result of catchability fixed at one and the stocks
with an egg survey having only one estimate for the entire time series.

The estimated posterior distribution for the CV of the process error is shown in Fig-
ure 1.5. The CV is well informed with a median of 0.030, and a 90% HPD interval between
0.012 and 0.049. The estimated nonlinearity parameter showed negative correlation with
the estimated process error (Pearson’s correlation coefficient for each CPUE series ranged
from -0.23 to -0.52). Larger values of the nonlinearity parameter were more common when
the process error was small and as the process error increased the estimate of 3, approached
a value of one.

The posterior distributions of the hyperparameters, w and o, are shown in Figure 1.6.
The hyperparameter w was shifted a considerable amount to the right of the prior distri-
bution (a lognormal distribution with a median of one). The median of the posterior for w

was 1.6 with a 90% HPD interval between 0.82 and 2.42. The median of the posterior for
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0w was 0.42, which corresponds to a CV of 0.43, and there was a fair amount of density
near zero in the posterior distribution. The 90% HPD interval for o, was between 0.01 and
0.82, respectively, corresponding to CV’s of 0.01 and 0.97. The hyperparameters did not
show high correlation in the MCMC sampling, although at high and low values of w, the
variability, o,,, was typically higher (Figure 1.6).

1.8.8 Prior distribution for the nonlinearity parameter

A prior distribution for the nonlinearity parameter, 5, was developed by integrating over
the possible hyperdistributions predicted from the MCMC sampling of the joint posterior
distribution (Figure 1.7). This integrated distribution had a median of 1.56, and a 90%
HPD interval (converted from log space) between 0.61 and 4.34. The probability that 3 is
greater than one was 0.83.

Removing a single stock and repeating the analysis with only three stocks did not greatly
change the shape of the estimated distribution for a prior (Figure 1.7). The prior without
the ECR stock was wider than any other case, but removing the ECR stock resulted in a
substantial loss of data as it contained three of the six CPUE series.

The fits of parametric distributions to the log of the integrated prior distribution from
the MCMC sample are shown in Figure 1.8. The estimated mean and standard deviation for
each back-transformed distribution as well as some quantiles from are shown in Table 1.7.
A normal distribution with a mean and standard deviation calculated directly from the log
of the integrated samples was much wider than the prior. The t-distribution produced the
best fit because it was able to better represent the tails of the prior distribution.

The sensitivity where natural mortality was halved, but fixed for each stock, widened
and shifted the distribution of beta to the left so that the median was closer to 1 (Figure 1.7).
However, the median remained above 1 (Table 1.7) and the probability of hyperdepletion

in this integrated prior was 0.72.

1.4 Discussion

The estimated distribution of the nonlinearity parameter for an unknown orange roughy

stock, which can be used as a prior distribution in the analysis of other stocks, had 83%
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of its mass above one, indicating that hyperdepletion is more likely than hyperstability
for CPUE data from orange roughy fisheries. However, this distribution was wide and
incorporated much uncertainty. The hierarchical state-space model was uncertain because
process error and observation error were both estimated, and few stocks were available
for the meta-analysis. Each of the stocks analyzed here has been assessed elsewhere as
a single stock and the results from this hierarchical analysis differed mostly with regard
to the amount of uncertainty in the estimates of biomass. The purpose of this analysis,
however, was not to provide management advice for each individual stock, but to develop
a prior distribution for the nonlinearity parameter in the relationship between CPUE and
abundance, for which appropriate levels of uncertainty were included.

Although different types of uncertainty were included in this analysis, many assump-
tions were still made that could bias the results. For example, natural mortality was fixed
and a sensitivity of halving natural mortality shifted the estimated distribution for the
nonlinearity parameter to the left. Other assumptions included knife-edged maturity, com-
mercial selectivity, and survey selectivity that were equal to each other, but different among
stocks. Acoustic and egg survey estimates are typically given as estimates of spawning
biomass, but estimated trawl survey selectivity ogives from age-structured orange roughy
assessment models are typically shifted to the left of the maturity ogive, and estimated
commercial selectivity curves have been occasionally estimated to the right of the maturity
ogive (see Orange Roughy Introduction in Ministry of Fisheries (2007), page 472). Esti-
mating catchability for the survey indices may alleviate some of the bias associated with
these assumptions, but the effects on the estimated prior are uncertain. Determining bias
associated with fixing commercial selectivity and maturity to be the same is even more
difficult because it is uncertain if the two actually are significantly different (see Francis
2006) or if assumptions in past age-structured assessments (such as a linear relationship
between CPUE and abundance) were the cause of an estimated difference. In comparison,
the fixed age-length and weight-length relationships for each stock likely have less effect
than the assumptions regarding selectivity and maturity. Further investigating these effects
and their interactions would require a model that is more flexible than the delay-difference

model used here.
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Fishery surveys are often used in orange roughy assessments and were used in this anal-
ysis with the assumption that the index is proportional to biomass. Surveys are designed to
randomly sample a large area over which a stock is expected to occupy, and are theoretically
not likely to suffer from the same difficulties as CPUE. However, surveys for orange roughy
may be subject to some of the same problems as catch-rate data and may show a nonlinear
relationship with abundance. For example, trawl surveys use similar gear and techniques as
the commercial fishery and may be designed to concentrate in areas commonly fished (such
as the Spawning Box). If hyperdepletion was also present in the survey indices used in this
analysis, the detection of nonlinearity in the CPUE relationship with abundance could be
masked and assessment models relying on CPUE and survey data could possibly be biased.

Previous research suggests that hyperstability is more commonly expected in the rela-
tionship between CPUE and abundance (Wilberg et al. 2010), and it may seem counter-
intuitive that hyperdepletion would be apparent in this study. Contraction in the range
of historical orange roughy aggregations (Clark 1995) as well as fishers targeting spawning
aggregations, not searching at random, often cooperating, and trying to avoid saturation of
the trawl gear all suggest that catch-rates should remain high. These traditional explana-
tions of hyperstability, however, do not seem to hold when describing catch-rates in orange
roughy fisheries. Hyperdepletion can result when inappropriately accounting for spatial
expansion of fisheries in the analysis of catch-rate data (Polacheck 2006; Walters 2003),
although orange roughy fisheries have not shown spatial expansion as extensive as tuna
fisheries. More plausible explanations of hyperdepletion in the catch-rates of orange roughy
are the depletion of known high density areas and fish behavior in response to fishing. These
explanations of hyperdepletion are discussed next.

The depletion of high-density areas may result in a population that is fished less often,
but maintains a low-density, yet high overall population size with lower and more stable
catch-rates (Hilborn and Walters 1992). The largest orange roughy fisheries typically began
in areas with dense aggregations and catch-rate analysis is often constrained to those main
fishing areas. For example, the Spawning Box has been one of the main fishing areas on
the Chatham Rise since the start of the fishery, and new areas, such as the East Hills and

Andes Hills, were found when management greatly reduced catch levels in the Spawning
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Box. Ritchie Hill is the main fishing area off of the Mid-East Coast of New Zealand,
and St. Helen’s and St. Patrick’s hills are the main fishing areas for the Eastern Zone
of Australia orange roughy fishery from which CPUE is determined. Additionally, the
Challenger Plateau fishery off of the West Coast of New Zealand initially focused on a few
locations with large aggregations which showed quick declines in catch rates. The fishery
then moved southeast of those areas, maintaining low catch rates before the fishery was
effectively closed (Ministry of Fisheries 2010, page 578). The greater orange roughy fishery
in New Zealand has expanded into new areas, and catch rates have quickly declined in
various hot spots, but the assessments of the major stocks typically use CPUE data from
traditional fishing areas, as were also used in this analysis.

The presence of hyperdepletion in the CPUE data may also be related to fish behavior.
One explanation is that natural variation in spawning may result in the fluctuation of the
size of spawning aggregations and in the number of fish migrating. Orange roughy are
believed to migrate long distances to form spawning aggregations (Francis and Clark 1998),
but not all mature orange roughy will spawn in a given year (Bell et al. 1992; Koslow et al.
1995a; Zeldis et al. 1997). Estimates of the proportion of non-spawning mature orange
roughy have been as high as 50% on the east coast of Tasmania, but fewer non-spawning
fish (29%) were found after the stock was fished down (Koslow et al. 1995a). Bell et al.
(1992) suggest that food limitations may influence the development of viable oocytes, and
Bull and Shine (1979) explain that migration may have an energy cost such that infrequent
spawning and migration can actually result in greater overall fecundity. Whatever the
process may be, there is variability in the proportion of adult orange roughy spawning each
year and the disappearance and reappearance of some spawning aggregations may be due
to their ephemeral nature on a time scale much longer than the fishery has operated.

Additionally, rapid declines in catch rates may occur if orange roughy are less likely to
return to fished areas due to environmental disturbance or disruption from fishing activity.
Orange roughy have a pronounced lateral line (Paulin 1979) and anecdotal evidence suggests
that orange roughy react to fishing activity in both the short and long term. Koslow et al.
(1995b) reported orange roughy reacting to a camera being lowered to depth and also noted

that a layer of orange roughy dispersed when an iron bar dropped over the side of a ship
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descended to within 60 meters of the school. During an acoustic survey, a school of fish on a
small underwater hill was observed to disappear over a short period while a single vessel was
fishing nearby and at the same time (Doonan et al. 2003). Trawl surveys for orange roughy
on the Chatham Rise were discontinued due to changes in fish distribution, abundance, and
availability thought to be a result of fishing pressure disrupting the stability and formation
of aggregations (Clark 1996). And, more recently, a combined trawl and acoustic survey
off of the west coast of New Zealand (Challenger Plateau) estimated an unexpectedly large
biomass of fish within a few years after fishing was halted, and reported the reappearance
of orange roughy aggregations that have not been observed in this area since the early years
of the fishery (Ministry of Fisheries 2010, page 578).

The Challenger Plateau stock of orange roughy is an interesting case study which high-
lights the nonlinearity between catch rates and abundance and its effect on management.
Unstandardized and standardized CPUE in this area quickly declined in the first eight years
of the fishery, and then declined at a slower rate, nearly remaining stable, from 1990 onward
when vessels began fishing longer tows away from the spawning grounds (Field and Francis
2001). In the late 1980’s the total allowable catch (TAC) was increased as part of a manage-
ment program to determine how the stock responded to increased effort and was followed
by a large reduction in the TAC in 1989 (Clark and Tracey 1994). Using CPUE as the only
data, a stock assessment of this area in the year 2000 concluded that the spawning biomass
was at 3% of it original unfished size (Field and Francis 2001) and the TAC was subse-
quently reduced to one tonnne, effectively closing the fishery. After five years of no fishing
(2001-2005), a combined trawl and acoustic survey noted a larger than expected biomass of
orange roughy (nearly 20 000 tonnes), but also noted that spawning aggregations were not
present in the main historical fishing areas. In 2009, a continuation of this combined trawl
and acoustic survey estimated an even larger biomass (52 000 tonnes) that, when adjusted
to account for spawning biomass only, was approximately 32 000 tonnes, or 35% of unfished
spawning biomass (Ministry of Fisheries 2010). Given the assumptions of slow growth and
low productivity for orange roughy, it would be impossible for the stock to increase from
3% to 35% of unfished biomass in nine years, and the only alternate explanations are either

immigration into the area or a change in fish behavior regarding how they aggregate after
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the fishery was stopped.

The Challenger Plateau example shows the difficulty of attempting to maximize sustain-
able or economic yield of orange roughy stocks when determining stock size from CPUE.
Stock status and sustainable yields for many of the orange roughy stocks in Australia and
New Zealand have been determined using catch-rates from fishing vessels and in a few cases
from survey vessels. Many of these stocks have been declared overfished (Lack et al. 2003a)
under the assumption that catch-rates are directly proportional to abundance. Ignoring
the possibility of hyperdepletion in these assessments may actually lead to risk-averse and
possibly more conservative management than intended.

If catch-rates of orange roughy from fishery-independent and fishery-dependent data are
prone to hyperdepletion, and traditional stock assessment methods are less accurate and
likely to be conservative, alternative management methods may outperform a biased as-
sessment in terms of managing towards maximum sustainable yield or maximum economic
yield. Management strategy evaluation could help determine alternative management meth-
ods which will perform better when hyperdepletion or hyperstability are present. For ex-
ample, differences between the current management regime and the management outcomes
when attempting to account for nonlinearity in assessments of particular stocks could be
investigated. Furthermore, managing based on alternative indicators, such as CPUE, could
reduce risk, stabilize catches, and result in a sustainable fishery which maximizes long-term
catches or profits (Butterworth et al. 1997; Holland et al. 2005).

CPUE is an inexpensive data source that can be collected from every fishery, and under-
standing the relationship between CPUE and abundance results in a better understanding
of the effects of fishing on a stock of fish, and can lead to the better management of fish
stocks. There is a continued interest in utilizing CPUE from orange roughy fisheries because
they are often the only data available, or are the only data spanning a large portion of time
since fishing on a specific stock began. Research surveys are expensive and time-consuming,
and if the relationship between abundance and CPUE is understood it can be used as an
alternative or additional management tool. These results indicate that CPUE is likely to
decline faster than abundance in the early part of a fishery for orange roughy, which may

lead to a pessimistic view of the stock status as well as the fishery after a number of years
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of fishing. Hyperdepletion was unexpected for an aggregating species, and these results
can not only be used to more accurately determine the historical biomass trend, but may
also be applicable to other species of fish, such as oreos (family Oreosomatidae), which are
commonly associated with orange roughy in catches and also form feeding and spawning
aggregations near seamounts. Possibilities of bias in an assessment could be mentioned due
to the nonlinear relationship between CPUE and abundance, or a nonlinear parameter mak-
ing catchability density-dependent could be incorporated to estimate the biomass trajectory
with less bias but possibly more uncertainty. This study provides a range of possible values
for a nonlinearity parameter in the relationship between CPUE and abundance and also
provides a prior distribution which may be used in a Bayesian analysis of the catch-rates

for orange roughy or similar species.
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Table 1.1: Catch-per-unit-effort (CPUE) data for the four stocks of orange roughy from

Wayte and Bax (2002) and Ministry of Fisheries (2007).

Stock CPUE Years

Spawning Box  1981-88, 1990-1992
East Chatham Rise Eastern Flats  1983-88

East Hills 1991-2005
Mid-East Coast MEC 1988, 1990-97
Northwest Chatham Rise @~ NWCR 1981-2005
East Australia AUS 1989-1999
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Table 1.2: The type of fishery-independent abundance data and years for which estimates
were available for the four stocks of orange roughy. BUC, COR, and TAN refer to F/V
Otago Buccaneer, F/V Cordella, and R/V Tangaroa, respectively, and are the vessels that
performed trawl surveys. The parameterizations for the catchability coefficients (g) are
given along with prior distributions taken from previous stock assessments (Wayte and Bax
2002; Ministry of Fisheries 2007). The priors with normal distributions are parameterized
with a mean and standard deviation and U refers to the uniform distribution.

Stock Index Years Parameterization Prior
. aBuc
East Chathay, | BUC travl 1984-87 In (qCOR) N(0.405, 0.15)
Rise COR trawl 198890 In (ggﬁ N(0.220,0.12)
(ECR) TAN trawl 1992, 94 In (gran) U(-6,6)
Acoustic 1998, 2004 In(gager) N(-0.11,0. 50)
Trawl survey 1992-94 In (g7, pe) U(-6,6)
Mid-East Coast Egg survey 1993 In (¢E,,pe) =0
(MEC) Acoustic survey 2001 In (ga1,pe) N(-0.26,0.53)
Acoustic survey 2003 In (%) N(-0.62,0.23)
Northwest Egg survey 1996 In (qeywer) =0
Chatham Rise  Acoustic survey 1999 In (%) N(0.00,0.23)
(NWCR) Acoustic survey 2002 In { a2 N(-0.05,0.03)
Acoustic survey 2005 In (gasywer) N(—0.05,0.56)
East Australia Egg survey 1992 In(gE.ps) =0
(AUS) Acoustic survey  1990-93, 96, 99 In(ga,ps) ,6)
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Table 1.3: Parameters in the delay-difference state-space model for a single stock. An aster-
isk preceding the variable indicates that it was fixed or determined from fixed parameters.

Parameter Description

Survey parameters

* Z,; Survey index for series z and year j
q Survey catchability for series z
Tz j Error for survey series z in year j
zz’j Total variability of survey series z in year j
* COV.,;  Coefficient of variation calculated from data of survey series z for year j
&y Additional coefficient of variation for data of survey type y (trawl, egg, or acoustic)
CPUFE parameters
* Uy CPUE for series v and year 7
Qy Multiplier in relationship between CPUE and abundance for CPUE series u
Bu Power parameter in relationship between CPUE and abundance for CPUE series u
Vi Error for CPUE series u in year @

12,1 Total variability of CPUE series u in year ¢

* OV Coefficient of variation calculated from data of CPUE series u for year ¢
& Additional coefficient of variation for data of CPUE series u

Table 1.4: Hyperparameters in the hierarchical delay-difference state-space model that are
shared across stocks.

Parameter Description
o2 Process error variance (same as in Table 1.3 but shared across stocks)
w Mean of the hyperprior for 3,

Ow Standard deviation of the hyperprior for 3,



40

Table 1.5: Prior distributions assigned to the estimated parameters. See Tables 1.3 and 1.4
for descriptions of the parameters. Biomass is in tonnes and 8 or w equal to 1 implies a
proportional relationship.

Number of
Parameter parameters Prior Distribution 5% & 95% quantiles

Population parameters

By,», N U(30,6000) (329,5702)
By (t=1...T,) ZN T,  see Equation C.19

n=1

Survey parameters
See Table 1.2 for the description of 11 estimated catchability parameters

&y 3 U(0, 2) (0.1,1.9)
CPUE parameters

In(ow,) 6 U(-20, 20) (—18,18)
In(5y,) 6 N(In(w), 0w) Figure 1.2
' 6 U(0,2) (0.1,1.9)
Hyperparameters

o? 1 1G(0.7,0.00015) (6e°,1.2¢2)*
In(w) 1 N(0,1.27) (—2.09,2.09)
Ow 1 half-Cauchy (0.08,12.7)

TA function of the hyperparameters w and o,
*When parameterized as the CV of a lognormal distribution, the quantiles would be (0.008,0.11)

Table 1.6: The medians of the posterior distributions for the nonlinearity parameter, 3,
with the 90% HPD interval reported in parentheses. The probability that 3, is greater than
one is also given.

CPUE series Jé; P(B>1)
ECR Spawning Box 1.2 (0.77-2.07) 0.78
ECR Eastern Flats 2.0 (1.16-3.57) 0.98
ECR East Hills 2.3 (1.21-5.41) 0.99
MEC 1.4 (0.80-2.25) 0.85
NWCR 1.5 (0.82-2.47) 0.88

AUS 1.4 (0.70-3.01) 0.82
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Table 1.7: Parameters in log space and back-transformed quantiles for empirical and pa-
rameterized prior distributions. Empirical refers to the integrated sample from the MCMC.
The parameters are the mean, standard deviation (sd), and degrees of freedom (df). See
Equation 1.12 for the parameterization of the logistic distribution. The empirical summary
of the prior distribution when natural mortality was halved (Half M) is also given.

Distribution
Empirical
Normal
Logistic

t

Half M

Empirical

Parameters Quantiles (back-transformed)
mean sd df 25% 5% 25% 50% 5% 95% 97.5%
0465 0.632 - 045 061 115 156 219 437 594
0.465 0.632 — 0.46 0.56 1.04 1.59 244 451 5.50
0.459 0.592 -~ 0.48 0.61 1.11 1.58 227 4.14 5.24
0.456 0.449 4 0.45 061 1.13 158 220 4.11 5.48
0.300 0.661 — 036 049 095 133 192 387 5.23
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1.6 Figures
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Figure 1.1: Orange roughy stocks in Australian and New Zealand exclusive
economic zones (EEZ) used in the meta-analysis. AUS refers to Australia’s
Eastern Zone stock while MEC, NWCR, and ECR refer to New Zealand’s Mid-
East Coast, Northwest Chatham Rise, and East Chatham Rise stocks of orange
roughy, respectively.
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Figure 1.2: The assumed prior distribution for a stock-specific nonlinearity parameter, 53,,
given the prior distributions of the hyperparameters.



44

ECR: Spawning Box ECR: Eastern Flats ECR: East Hills

mim onnnm wimnmner omn 1] m o (N}
00 01 02 03 04 05 00 01 02 03 04 05 00 01 02 03 04 05
MEC NWCR AUS
L I IR AR II[NA] T T — T
00 01 02 03 04 05 00 01 02 03 04 05 00 05 10 15 20
Additional CV

Figure 1.3: Posterior distributions for the estimated additional coefficient of variation of
each CPUE series (&,) with 90% HPD intervals marked in gray. The posterior distribution
for AUS is plotted with a different x-axis than the rest.
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Figure 1.5: Posterior distributions for additional error (as a coefficient of variation, CV)
for survey data and the CV of the process error (although estimated as variance). The
median (solid vertical line) and the 90% HPD interval (gray area) are shown. The prior
distribution for the CV of process error, converted from the prior on o2, is shown with a
light grey line. Actual samples from the posterior distribution are indicated with small black
marks immediately below the nonparametric density estimate of the posterior distribution.
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Figure 1.6: Posterior distributions for the hyperparameters w and o,, with prior distributions
drawn as gray lines, the median of the posterior distribution drawn as a solid vertical
line, individual samples from the MCMC as small marks below the nonparametric density
estimate, and the 90% HPD interval in gray (top plots). A scatterplot of o, vs. w is shown
on the lower plot.
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Figure 1.7: Estimated nonparametric density of a prior distribution for the nonlinearity pa-
rameter, f3,, in the relationship between CPUE and abundance with all stocks included (top
left). The solid gray line is the prior distribution without any data. The additional pan-
els show the integrated nonparametric density estimates with the indicated stock excluded
from the analysis or the sensitivity where natural mortality was halved with all stocks in
the analysis (Half M). The shaded area represents the 90% HPD interval and darker shaded
areas indicate overlap between the two distributions.
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Figure 1.8: Parametric distributions fitted to the estimated nonparametric density of the
prior distribution for the nonlinearity parameter (3) in the relationship between CPUE and
abundance for an unknown stock.
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Chapter 2

ESTIMATING NONLINEARITY BETWEEN CPUE AND
ABUNDANCE

Abstract

Catch-rate data are commonly used to determine fish stock status by assuming that catch-
rates are proportional to abundance, but fishery-dependent catch-per-unit-effort (CPUE)
may not always be proportional to abundance. During fishery development, CPUE may
decline more rapidly or more slowly than abundance, giving a false impression of the rate
of change in abundance. This study investigated the ability to estimate the direction and
magnitude of nonlinearity in the relationship between CPUE and abundance using simulated
survey and CPUE data input into delay-difference, age-structured, and state-space models.
Estimates of nonlinearity were mostly unbiased but highly variable, ranging from one-half
to double the true value. Introducing an informative prior distribution resulted in lower
variance, but higher bias when the prior was not congruent with the true level of nonlinearity.
Deterministic models showed a slight improvement in the estimation of nonlinearity when
CPUE data were more variable and did not estimate the initial trend in abundance as well
as the state-space model. Overall, the state-space model showed the best performance, with
mean absolute log ratios of the estimated to true nonlinearity parameter at least half that
observed in the other models, and an informative prior distribution was useful as long as it
is appropriate, justifiable, and wide enough to support all possible values of the nonlinearity

parameter.

2.1 Introduction

Accurate determination of fish stock status is important to effectively manage a fishery to
achieve management objectives. Catch-rate data are commonly used as an index of abun-

dance to estimate stock status by assuming that catch-rates proportionally index abundance.
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Although fishery-independent survey data are preferred indices of abundance because they
come from scientifically designed sampling regimes, they are not always available. Alterna-
tively, fishery-dependent catch and effort data are available for most fisheries and can be
standardized to create an index of abundance called catch-per-unit-effort (CPUE) (Maunder
and Punt 2004).

While survey indices of abundance are more likely to be proportional to abundance,
fishery CPUE is often not proportional to abundance due to factors associated with fishing
behavior, fish behavior, and improper analysis (Wilberg et al. 2010). Not accounting for such
such a nonlinear relationship in a fish stock assessment may result in biases that compromise
the effective management of that stock (Wilberg et al. 2010). However, attempting to
account for an unknown relationship between CPUE and abundance is likely to result in
additional uncertainty about the stock status.

These tradeoffs between bias and variance are important to consider when deciding
on the complexity of any model (Burnham and Anderson 2002). Admitting uncertainty
through a complex model can greatly benefit management (Hilborn and Peterman 1996),
but there may not be sufficient information to adequately estimate the parameters of interest
(Adkison 2009). Additional information about the likely relationship between CPUE and
abundance, such as a prior distribution in a Bayesian analysis (Gelman et al. 1995), may be
useful to the analysis by reducing uncertainty. However, a misspecified prior distribution
may introduce unnecessary bias (Chen et al. 2000).

Even though there may be potential for a nonlinear relationship between CPUE and
abundance, this does not mean that CPUE has no value or is completely uninformative.
Fishery-dependent catch and effort data take little extra effort and cost to record, collect,
and analyze because most fisheries already record catches, and many fisheries have imple-
mented requirements for fishermen to record catches at sea. Additionally, catch and effort
data are often of interest to the fishing industry as these are the data they are most familiar
with and often feel are indicative of the biomass trends. Including CPUE in an assessment
and estimating the nonlinear relationship with abundance can help fishers and scientists
understand their observations better. Understanding this relationship can then improve the

assessment of similar stocks and fisheries with little or no fishery-independent data. CPUE
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are often the only data available to inform status for many fisheries, and simply discarding
those data is not an option for many fisheries.

The nonlinear relationship between CPUE and abundance can be modeled within an
assessment in a number of ways (Wilberg et al. 2010), but is typically done by assum-
ing that catchability ¢ is not constant, and may be density-dependent, time-varying, or

autocorrelated. If only density effects are considered, then a useful framework is:
qy = O[Bz(ﬁil) (21)

where B is the average abundance (numbers or biomass) during year ¢, a and [ are
parameters, and ¢ is the density-dependent catchability coefficient. This power function
for catchability can be substituted in the proportional relationship between CPUE (U) and

abundance,

U, = 4B, (2.2)

to develop a more complex model where CPUE is density-dependent,
U, = aB} (2.3)

Hilborn and Walters (1992) refer to 5 > 1 as hyperdepletion , meaning CPUE declines more
rapidly than abundance, and 8 < 1 as hyperstability, because CPUE declines more slowly
than abundance.

Equation 2.3 has been used extensively to model the relationship between CPUE and
abundance (e.g., Bannerot and Austin 1983; Harley et al. 2001) and its estimation proper-
ties deserve further investigation. This study uses simulation to quantify the estimation bias
and variability of the nonlinearity parameter, S under different scenarios of hyperstability,
proportionality, and hyperdepletion. A deterministic delay-difference model, a determinis-
tic age-structured model, and a state-space delay-difference model were used with different
assumptions about the amount of variability on fishery-dependent indices, the rate at which
survey abundance estimates are available, and prior distributions on the nonlinearity param-
eter proposed by Harley et al. (2001) and proposed in Chapter 1. Although the estimation

of B is the focus of this study, the effects of estimating a nonlinear relationship between
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CPUE and abundance on the estimates of stock biomass and status determination were also

explored.

2.2 DMaterials and Methods

An operating model was used to generate data from an assumed “true” population, and the
ability of three alternative models to estimate the nonlinearity parameter () was tested.

These models and their assumptions are discussed below.

2.2.1 Operating model and data

The operating model was an age-structured model with stochastic recruitment, written in
the R statistical software (R Development Core Team 2010). The “true” population was
loosely based on the East Chatham Rise stock of orange roughy (see Ministry of Fisheries
(2010) for a more detailed description) because orange roughy CPUE has shown hyper-
depletion (Chapter 1) and there is concern about estimating a nonlinearity parameter in
orange roughy stock assessments (see the orange roughy introduction in Ministry of Fish-
eries (2010)). Many life-history parameters other than recruitment variability were assigned
a single value and kept fixed throughout the simulations (Table 2.1). Some important as-
sumptions were: selectivity and maturity ogives were equal, and abruptly changed from zero
to one at age 29 (knife-edged), natural mortality (M) was fixed at 0.045 yr-1, growth was
fixed and variability of length-at-age (o) was negligible. The fishery was simulated for 30
years and catches were constant across simulations, fixed at values to mimic a fishing-down
phase similar to that seen in New Zealand orange roughy fisheries (Ministry of Fisheries
2010) with large catches for 15 years, followed by a 50% reduction in catches for 10 years,
and finishing with another 50% reduction for 5 years (Figure 2.1). The population was
initialized at an unfished state, but due to stochastic recruitment, the biomass in year 1 was
not necessarily the equilibrium unfished biomass (Bp). Beginning of the year biomass was
simulated for 31 years to one of two specific levels of depletion (15% and 45% of unfished
biomass) by solving for the unfished biomass that resulted in the specified level of depletion
given randomly generated lognormal recruitment deviates, the fixed parameters, the catch

series, and the condition that the exploitation rate never exceeded 0.67. When the given
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set of recruitment deviations could not satisfy the specific level of depletion, new recruit-
ment deviates were randomly generated until 100 trajectories ending at the desired level of

depletion were available.

Data were generated for a single CPUE series and a single survey series (Table 2.1).
A lognormal distribution was used to draw a single CPUE value for year y with a mean
equal to on(fw and an assigned coefficient of variation (CV), where V(; ,) is the mid-year
biomass vulnerable to the fishery from simulation 7 in year y (see Equation C.8), 3 is the
nonlinearity parameter, and « is a scalar and nuisance parameter. Survey observations were
simulated starting in year 5 using a similar method with a mean equal to ¢V(; ,y where the
catchability coefficient (¢q) is also a scalar and nuisance parameter. The CV for the CPUE

series (CPUEcv) was part of the experimental design (see below).

2.2.2 FEstimation models

The three estimation models were a deterministic delay-difference model (DD D) written in
ADMB (Fournier et al. 2011), a deterministic age-structured model called Awatea (AW A)
that was adapted from code for the stock assessment program called Coleraine (Hilborn
et al. 2003), and a state-space delay-difference model (SSM) implemented in WinBUGS
(Lunn et al. 2000). The DDD and SSM models are the same as those described by Chapter
1, and assumed constant recruitment for all years modeled (the spawner-recruit relationship
will have very little effect in a model of a population that matures at age 29 and is fished
for 30 years). The SSM model estimated process error whereas the DDD model did not.
The AW A model was the most similar to the operating model because it incorporates full
age-structure, although some differences were present, such as deterministic recruitment.
Details of the three models are given in Appendix C.

These three models were chosen because they have been used to analyze and assess
orange roughy data. The AW A model has been used to assess stocks of orange roughy
(Ministry of Fisheries 2010) and is similar to many of the age-structured models used to
assess many different stocks of fish. The SSM was used in Chapter 1 to quantify the amount

of nonlinearity in the relationship between orange roughy abundance and CPUE. The DDD
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model is examined here as a comparison to the SSM.
Four prior distributions were used for the nonlinearity parameter (Figure 2). The priors

are

1. A uniform distribution on In(/3) with bounds between -10 and 10 ( Uniform Prior),
2. alogistic distribution on In(8) with mean=0.4591 and variance=0.3266 (Hicks Prior),

3. a logistic distribution on In(3) with mean=0.0 and variance=0.3266 (Hicks(1) Prior),

and

4. a normal distribution on  with mean=0.73 and variance=0.1 (Harley Prior).

The logistic prior distribution (Hicks Prior), which provides more support for hyperde-
pletion than hyperstability, is from Chapter 1 and incorporates between stock uncertainty
in B as well as estimation uncertainty. The prior distribution for hyperstability (Harley
Prior), taken from Harley et al. (2001), was different from the others in that it was a nor-
mal distribution for £ in real space. The estimation models estimated S directly instead of
In(3) when using the Harley Prior. Being a normal distribution in real space there was the
possibility that 8 could take on negative values, although the probability was small (about
1% of this distribution was less than zero).

Priors for other parameters were uniform with bounds outside the expected range of

estimates. The natural log of unfished biomass or unfished recruitment was estimated with

2

2, was estimated using an inverse

a uniform prior. For the SSM, the process error variance, o
gamma prior which, when translated to a CV, had 2.5%, 50%, and 97.5% quantiles of 2.0%,
3.4%, and 7.0%, respectively. This distribution was developed such that it was centered
around the expected CV of biomass from test simulations without fishing. Appendix C

provides additional information on the models.

2.2.8 Scenarios and simulations

The design of the scenarios included three estimation models (DDD, AW A, and SSM ), two

levels of depletion (Depletion), three values for the nonlinearity parameter (3), two CV’s for
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the simulated CPUE data (C'PU Ecv), two values for the rate at which survey estimates are
obtained (Period), and four priors on the nonlinearity parameter (Table 2.2). Depletion
is defined as the current biomass divided by the unfished equilibrium biomass and were
pre-defined as 0.15 and 0.45, where 0.15 indicates a stock at lower levels of biomass relative
to unfished equilibrium conditions when compared to 0.45. The values of the nonlinearity
parameter included a linear relationship (1.0), hyperdepletion (1.6, approximately the mean
from Chapter 1), and hyperstability (0.6, which is the approximate symmetric counterpart
to 1.6 in log space). Values of 0.1 and 0.3 were chosen for CPU Ecv because these values
mostly span the range of estimated CV’s seen for New Zealand stocks of orange roughy
(Ministry of Fisheries 2010), and Francis et al. (2003) suggest that the default CV for
CPUE series should be between 0.15 and 0.2. All of the factors and their values are listed
in (Table 2.2).

There are 288 combinations of factors, 96 for each estimation model, which are referred
to as cases. One-hundred data sets (i = 1,...,100) were generated for each combination
of Depletion, 8, CPUEFEcv, and survey Period. The same data were used across models
and priors, which allowed for direct comparison between the models and priors without
confounding of results due to variability in the generated data. Each of these 100 simula-
tions estimated four parameters for each model, which included two parameters for CPUE
catchability (8 and a*, see Appendix A for a definition of o*), survey catchability (¢), and
either the natural log of unfished equilibrium biomass (DDD and SSM) or unfished equi-
librium recruitment (AW A). Parameters other than estimated parameters and recruitment
deviates were fixed at the values used in the operating model. Markov Chain Monte Carlo
(MCMC) was performed for all models to produce an estimated Bayesian posterior distri-
bution. Based on initial simulations, and in the interest of time, 100,500 iterations were
conducted with a burn-in of 500 and thinned every 100th value, resulting in 1000 samples
from the posterior distribution. Due to the large number of simulations, convergence could
not be analyzed for each model, but the burn-in, thinning, and sample size were chosen
using test runs on each model. The criteria used were no significant autocorrelation in
samples of By, current biomass, and 3, stable medians for each of these parameters, and

non-significant Z-scores from the Geweke convergence diagnostic (Geweke 1992) for these
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parameters.

In most cases, the MCMC estimation completed with little difficulty. For the SSM,
precautions were taken in the code to avoid negative stock sizes and errors due to evaluating
the log of negative numbers. However, due to random chance, errors infrequently occurred
within WinBUGS and the MCMC would stop. These issues were often resolved by starting
the chain from new initial values. In very few simulations a new data set from the same
trajectory was generated to complete the 100 desired simulations. The highest number of
failures for a single case was 13 out of 100 simulations and failures were most prevalent
when depletion was at 0.15 and the CV for the CPUE was at 0.1. This pattern was seen for
each of the four priors, thus the cause of the high occurrence of errors cannot be attributed
solely to a prior type. The AWA and DDD models were coded in ADMB and once the
MCMC started, it had no difficulty finishing. However, for ADMB to start an MCMC, an
invertible Hessian must be estimated through maximum likelihood estimation to provide
a starting point for the covariance matrix in the MCMC algorithm. In a small number of
simulations, the Hessian was not invertible, but new starting values solved that issue and

new datasets were never generated for these models.

To eliminate spurious model estimates, when the estimate of 5 was greater than five
times or less than one-fifth of the true value, two additional starting points were used and
the best estimate was kept, which may have still been an extreme outlier. In some cases, the
estimation failed due to various reasons, such as the inability to estimate a Hessian, which
is needed to start the MCMC algorithm in ADMB, or errors in WinBUGS, even though
the code was written to avoid these. These errors were often reconciled by starting the
model at different starting values or a different random number seed, but in very few cases
WinBUGS was unable to complete the full MCMC, and a new dataset was simulated. This

ensured that 100 converged estimates were available for each combination of factors.

After analyzing the balanced design described above, some specific cases were defined
to investigate other properties of the results. These additional cases included not estimat-
ing the nonlinearity parameter and simulating the true population with different levels of

recruitment variability.
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2.2.4 Analysis

The results focus on the bias and precision of estimates of the nonlinearity parameter
(B), where an estimate is defined as the median of the posterior distribution. Statistics
were expressed in terms of ratios and the natural log because the 5 parameter is expected
to be greater than zero (it is unlikely that CPUE increases when abundance decreases,
although the Harley Prior allows negative estimates), hyperdepletion occurs when g > 1,
and hyperstability occurs in the contracted range 0 < 8 < 1. The ratio of estimated
to the true 3, called the estimation ratio, was used to measure bias and variability in the

estimates.

By
1,7

" By

where ¢ indicates the simulation and j indicates the case. Performance among cases was

R (2.4)

compared using the mean absolute logged ratio

|In (R; ;)|

MALR; = i (2.5)

nSims

where nSims is the total number of simulations. Larger values of M ALR indicate worse
performance. Absolute values were chosen instead of squared values to reduce the effect
of extreme estimates and to help the interpretability of the metric. This metric was also
integrated over some factors to provide a performance statistic for a smaller combination of
factors. For example, the combination of each model and true 8 was analyzed by combining
all simulations with various values of Depletion, CPU Ecv, and Period.

Deterministic models are constrained to the assumptions of the population dynamics
and cannot mimic the departure from unfished equilibrium biomass at the start of the
time series or the sudden changes in abundance observed in highly variable populations.
Often in these models, when catches are suddenly reduced, the model can only predict an
increase in abundance towards equilibrium due to assumed production, and the estimate
of depletion in the final year may often be biased. Given the difficulty of separating the
effects of estimating nonlinearity in the relationship between CPUE and abundance and
these confounding biases we chose to use relative depletion defined as the biomass in the

year of interest divided by the biomass at the start of the time series (Bj instead of By).
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With all of the depletion trajectories starting at one, we were able to directly compare the
trend and shape of the predicted biomass trajectory to understand the trade-offs in the
estimated trajectory with regard to estimating § without the additional uncertainty of By
estimates. Actual error (estimate minus true value) was used instead of the logged ratio to

provide an easily interpretable measure of performance for relative depletion.

Byiij  Buig

DEij= g = g t=e LT 26
7l7j

1,4,
Again, j refers to the case, which may be integrated over some factors, ¢ indicates the
specific simulation, and ¢ refers to the year of interest.

The entire times series of depletion was used to investigate the overall error instead of
specific biases that may be present at a certain time period due to the catch history. To
characterize bias in the depletion trajectory, the mean depletion error (MDE) was calculated
for each simulation over the entire time series.

MDEZ'J‘ =100 x T

(2.7)

To characterize bias and variability, the mean absolute depletion error (MADE) was calcu-

lated over the entire time series.

T
> i1 |DEi i
T

These metrics were multiplied by 100 to express them as percent depletion error.
The biases in estimates of depletion were also investigated specifically for year 16. Year
16 was chosen because the period from year 1 to year 16 is when the trajectory is declining

the fastest, and year 16 was when catches were first reduced.

2.3 Results

Given recruitment variability, the catch scenario, and a fixed final depletion, the simulated
population trajectories did not follow a common trend, but can be characterized as fishing
down then either stabilizing or slightly increasing (Figure 2.3). The recruitment deviations
were occasionally large, resulting in considerable jumps in biomass. It was more difficult to

find a series of recruitment deviations that satisfied the criteria for a depletion of 0.15 than
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a depletion of 0.45. Randomly simulated recruitment deviate trajectories failed 12% of the

time when depletion was 0.45 and 47% of the time when depletion was 0.15.

2.3.1 FEstimates of the nonlinearity parameter

There was difficulty in estimating [ for some combinations of factors, mostly resulting
in small values (< 0.2 times the true value) even though the convergence criteria were
acceptable. This was often a result of the MCMC chain sticking to a local minimum.
Providing new starting values usually resulted in more reasonable estimates. However, there
were some cases where the parameter estimates remained far from the true values after many
restarts. Figure 2.4 shows the estimation ratios for each case. Small estimation ratios were
most prevalent with the less depleted and less precise CPUE simulations, occurring across
all models. The DDD model typically showed the widest range in estimates, but all models
showed the worst estimates with true depletion equal to 0.45. These small estimation ratios
were even more prevalent in the presence of hyperstability (5 = 0.6). The introduction of

prior distributions reduced the number of large or small estimation ratios.

The estimates of 8 differed most from the true value when the stock was less depleted
and a uniform prior was used (Figure 2.4). In the less depleted scenario, median estimation
ratios were more variable than the more depleted cases (Figure 2.4). The worst estimates,
which were negatively biased, occurred when the CPUE data were more uncertain and the
stock was less depleted. For the cases with a highly depleted stock, the median estimation
ratios were slightly below one for the DDD and AWA models, and slightly above or near
one for the SSM (Table 2.3), but estimates of § were rarely outside the range of 0.75 or
1.5 times the true value (Figure 2.4). M ALR increased in the less depleted scenarios with
an increase in CPUFEcv and survey Period, but an interesting result for the deterministic
models (DDD and AWA) and the more depleted scenarios was that the M ALR improved
when the variability on the CPUE was higher (0.3) and 5 was 1 or 1.6 (Table 2.4). For all
cases using the uniform prior, 10.4% of the 7,200 simulations estimated 3 to be less than

one-half of the true value and 5.4% were greater than twice the true value.

The Hicks Prior showed less variability in the estimation ratios when compared to the
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uniform prior, but more bias. This bias increased with smaller true values of 3, less depletion
in the stock, and less precision in the CPUE (Figure 2.4 and Table 2.3). The less depleted
and high CPUFEcv case did not show the extremely negatively biased results seen with the
uniform prior, but were positively biased (Figure 2.4). When the true  parameter was
0.6 (much less than the prior suggested) and depletion was 0.15, the estimates of the
parameter were only slightly higher than the estimates using a uniform prior, hence the
data were informing the estimate of 3, but the Hicks Prior was also influential, especially
when there was less information about the trend in CPUE (less depleted and higher CV
on CPUE). The MALR was similar or smaller than the MALR when using a uniform
prior, with the biggest differences occurring when the stock was less depleted (Table 2.4).
An increase in MALR occurred when survey Period increased. An increase in the CPUE
uncertainty resulted in small increases to MALR when the CPUE were hyperstable, but
MALR decreased for the DDD and AWA models when the CPUE data were proportional
or showed hyperdepletion. The ratio between the estimated and true 3 was less than 0.5 in
1.0% of all simulations, and greater than 2 in 5.9% of the simulations.

The Hicks(1) Prior, with a median at one (proportionality), produced similar results as
seen with the Hicks Prior except that the biases were reduced for true § values of 0.6 and
1.0, and increased with a true 8 of 1.6 (Table 2.3 and Figure 2.4). As expected, when the
true 5 was 1.6, the estimates of 5 were more negatively biased. When compared to estimates
using a uniform prior, the M ALR always improved when depletion was 0.45 and almost
always showed improvement, although slightly, when depletion was 0.15 (Table 2.4). The
increase in survey Period typically resulted in a small increase in MALR, and an increase
in CPUFEcv resulted in a decrease in MALR for the proportional and hyperdepletion cases
using the DDD and AWA models. The ratio between the estimated and true S was less
than 0.5 in 1.5% of all simulations, and greater than 2 in 1.8% of the simulations.

The Harley Prior was influential on the estimates of 3, especially when the true 8 was
1.6, as can be seen in the low variability and the high bias in the estimation ratio (Figure
2.4). As with other priors, when compared to the Uniform Prior case, the MALR was
lower in the more depleted scenarios, although the MALR was greater for a few cases when

the true 8 was 1.0 or 1.6 (Table 2.4). When Depletion was 0.45, using the Harley Prior
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resulted in a lower MALR, except for a small number of cases when the true S was 1.6
(Table 2.4). More precise CPUE often resulted in worse estimates of 8 for the DDD and
AWA models, regardless of the level of depletion, and the SSM model typically showed
smaller MALR’s and less bias than the deterministic models, but not always. The ratio
between the estimated and true 8 was less than 0.5 in 5.0% of all simulations, and greater

than 2 in none of the simulations.

The MALR integrated over Depletion, CPUEcv, and survey Period factors with both
CPUE and survey data are shown in the upper panels of Figure 2.5 to compare the three
models in the presence of hyperstability, proportionality, and hyperdepletion. Overall, the
DDD model had the highest MALR, followed, by the AWA model, and then the SSM
model. With the Uniform Prior, the MALR was approximately 1.5 to 2 times higher when
the true 8 was 0.6 compared to when the true g was 1.6. When an informative prior on
8 was included, the models typically performed best for the true value of 5 that the prior
was most congruent with, although for the Hicks Prior, true 8’s of 1 and 1.6 performed
similarly. Using an informative prior distribution, even when the central tendency of the
prior did not support the true amount of nonlinearity, led to better estimates of 3 than

when using a uniform prior, except when 8 was 1.6 and the Harley prior was used by the

DDD and SSM models.

As expected, when omitting survey data and estimating the model parameters with only
CPUE data, the estimates of 5 were more variable, but the MALR showed similar patterns
to when survey data were included (Figure 2.5, lower panels). All models showed very poor
performance with a uniform prior, especially in a situation with less depletion (Figure 2.6).
Variability in the estimates of 5 was reduced when using an informative prior, but bias was
introduced when the true 8 did not match the prior (Figure 2.6, lower three rows). More
uncertainty in the CPUE data also reduced the variability in the estimates of 5 and the
informative priors were more influential. Overall, the SSM model outperformed the DDD
and AWA models except when the Harley Prior was assigned to a true § of 1.6 (Figure 2.5,
lower right panel).
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2.3.2  FEstimates of relative depletion and trend in biomass

The mean true relative depletion declined rapidly then leveled off with little increase through
year 30 for both the high and low depletion scenarios (Figures 2.7 and 2.8). The mean
estimated trajectory increased slightly at the end of the time series for all of the models,
but the state-space model better captured the trend over the last few years. When the true
£ was not equal to one, estimating 3 resulted in a more similar mean relative depletion
trajectory to the true mean relative depletion trajectory. When the true 8 was equal to 1,
the mean relative depletion trajectories when estimating § and when fixing 5 at one were
similar to each other as well as the true trajectory of mean depletion, except for DDD in
the less depleted case. Estimating 3 in this case better captured the beginning trend in the

time series.

The mean bias over the entire trajectory with S fixed at one in the estimation model
showed the least bias when the true 8 was one, and SSM showed the most bias and un-
derestimated the depletion by about 0.03, on average, when the true population was highly
depleted (Table 2.5). As expected, all models with 8 fixed at one were negatively biased
when CPUE data showed hyperdepletion and were positively biased when CPUE data were
hyperstable. The deterministic models overestimated the initial decline and subsequently
overestimated an increase at the end of the time series, resulting in an averaging of over-

and under-estimates of depletion throughout the entire time series (Figures 2.7 and 2.8).

When estimating S with the deterministic models and the Uniform Prior, the median
MDE was always negative when the stock was highly depleted, and was almost always
positive when the stock was less depleted (the case of 5 equals 1.6, Depletion equals 0.45,
and CPUEcv equals 0.1 resulted in a negative median MDE, Table 2.5). The median MDE
was always positive for the SSM model regardless of the depletion level, and estimating (3
with a uniform prior in the SSM model resulted in a reduction in bias (MDE closer to zero)
when the true 8 was not equal to one and the CPUEcv was equal to 0.1 (Table 2.5). The
percent change in the absolute value of MDE was greater than 44% for all scenarios when
the true 8 was not equal to one, except that the SSM model with 8 = 1.6, Depletion=0.15,
and CPUFcv=0.3, and the DDD with 8 = 0.6, Depletion=0.15, and CPUFEcv=0.3 resulted
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in higher MDFE values when estimating 8 with a Uniform Prior.

Introducing an informative prior on the § parameter produced mixed results. For the
DDD and AWA models in the more depleted scenario, the Hicks Prior and the Hicks(1)
Prior resulted in similar or slightly reduced MDE values when compared to the Uniform
Prior case, regardless if the prior was congruent with the true 5 or not (Table 2.5). The
Harley Prior, however, reduced the MDFE only in the hyperstable case. When the stock was
less depleted, using the Hicks Prior and the Hicks(1) Prior in the DDD and AWA models
improved the MDFE only when they were congruent with the true amount of nonlinearity,
except that the Harley Prior always worsened the MDFE. The MDFE for the SSM model im-
proved slightly with the Hicks Prior and Hicks(1) Prior in the hyperdepleted case. When
using the Harley Prior, opposite trends were seen, where the MDFE was worse in the hyper-
stable case, when compared to the Uniform Prior. Overall, the deterministic models (DDD
and AWA) showed the most improvement when using an informative prior, although were
still subject to more bias when the prior was not similar to the true level of nonlinearity.

The medians of the MADE values for the three models and three true levels of 8 are
shown in Table 2.6 for the case when 3 was fixed at one in the estimation models. The
MADE was similar among the models and ranged from 4.9% to 15.9% when CPUE was not
proportional to abundance, and ranged from 4.3% to 8.8% when CPUE was proportional
to abundance. Estimating 8 with the Uniform Prior resulted in lower median MADE for
almost all of the non-proportional cases (the difference ranging from 0.9%, indicating a worse
fit, to -10.3%) with larger reductions occurring in almost all of the more depleted scenarios
when the true relationship between CPUE and abundance was hyperstable and CPUE data
were less variable. The median MADF increased or remained the same for the proportional
cases (the difference ranging from 0% to 2.8%) and the largest increases occurred in the
less depleted scenario for all three estimation models. Estimating § with an informative
prior resulted in similar median MADE for the more depleted scenario when compared to
estimating 8 with the Uniform Prior. For the less depleted scenario, the median MADE
showed improvement, compared to the Uniform Prior, when using an informative prior
with a median similar to the true level of nonlinearity. Additionally, estimating 8 with the

DDD and AWA models often resulted in a decrease in MADE with higher CPUFEcv, but an
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increase was observed when using the SSM models.

The estimates of depletion in year 16 from the operating model (true values) were cen-
tered on 0.24 and 0.46 when the final depletion was 0.15 and 0.45, respectively. The deple-
tion in year 16 was negatively biased in the DDD and AWA models for the more depleted
scenarios (Figure 2.9), indicating that the decline was estimated to be faster than the true
rate of decline. The SSM model estimates of trend were slightly less biased, more variable
and showed an opposite bias when compared to the DDD and AWA models. With a less
depleted stock, the depletion in year 16 was similar across models and bias was introduced
via the prior distribution. The depletion was more consistent across different true values of
B when 8 was estimated using the Uniform Prior distribution. For all prior distributions,

the estimates of depletion in year 16 were more variable when Depletion was 0.45.
2.4 Discussion

The reliable estimation of a nonlinearity parameter for the relationship between CPUE and
abundance is influenced by many factors. In this study we showed that models perform dif-
ferently, priors may improve estimation error but may also lead to bias, fishery-independent
surveys improve estimates, and there is more information about the nonlinearity in CPUE
when a stock is more depleted. Estimates of the nonlinearity parameter (3) showed consid-
erable improvement when additional data were available, such as survey data or informative
prior information. An unintuitive result was that additional uncertainty in the CPUE data
improved estimates of 5. Increasing the variability on the CPUE data lessened the influence
of those data, allowing the model to put more weight on the prior distribution (if it was
informative) and the survey data, which was proportional to abundance. This result was
most prevalent in the proportional and hyperdepletion scenarios and was not as stark with
the SSM model because some process error was modeled. Further investigation into the
cause of this result could not be done with this set of simulations, but it would be worth-
while to investigate the contribution of data weighting, prior distributions, the starting year
of the survey series, and biases from the estimation models.

Francis (2011) suggested that if survey and fishery abundance data appear to be con-

tradictory, then separate assessments should be done using only subsets of the abundance
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data, unless a data set is obviously unrepresentative. As noted by Francis (2011), it may be
difficult to portray an accurate level of uncertainty when presenting multiple assessments,
and furthermore, detecting unrepresentative data is not straightforward. Our simulations
took an additional approach to conducting two separate assessments, and introduced a
slightly more complicated model to explain the differences between two abundance indices.
We showed that estimating a nonlinearity parameter resulted in improved estimates of de-
pletion and trend in abundance. In addition, estimating this parameter allows for a better
representation of the uncertainty that would otherwise be difficult to portray with two sep-
arate assessments. The key is to understand the processes that may require a particular
data set to be modeled differently. That understanding can also help create useful prior
distributions for certain parameters.

Stock assessments commonly assume that the nonlinear parameter is one (proportional
to abundance), which is similar to putting an extreme prior on the nonlinearity parameter
with all probability on the value of 1.0. If CPUE is not proportional to abundance, a
stock assessment may provide biased estimates of depletion, which is especially problematic
when reference points are used by managers. Loosening this assumption with a reasonable
prior, preferably developed from a meta-analysis, will at least give a better portrayal of the
uncertainty in the estimates from the model, especially when CPUE is a major source of
information. Additional information, such as informative surveys, or a stock with a lot of
contrast in biomass levels will begin to override the influence of the prior distribution and
could possibly lead to the state where removing the CPUE index is the best option given the
understanding of nonlinearity between CPUE and abundance and being able to determine
if it provides useful information about abundance.

Supplying information on the amount of nonlinearity in the relationship between CPUE
and abundance to the estimation model in the form of an informative prior distribution re-
sulted in fewer extreme values and more precise estimates of 3, but resulted in some bias. In
other words, there is a trade-off between bias and variance in the estimate of 3, and the bias
depends on how accurate the prior distribution is relative to the true level of nonlinearity.
When estimating the nonlinearity parameter with a uniform prior, the variability was quite

large and estimates were sometimes completely wrong or convergence failed. Therefore, an
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informative prior distribution appears to be very useful when estimating nonlinearity in the
CPUE, especially when limited data are available, but it must be appropriate, justifiable,
and wide enough to support all possible values of .

Specification of prior distributions can be controversial because of the influence they
may have on the results (Punt and Hilborn 1997). With less informative CPUE data,
the prior becomes more informative. The Hicks Prior used here was developed from a
meta-analysis of only four stocks and six CPUE series, but that meta-analysis attempted
to incorporate as much uncertainty as possible and was focused on the development of a
prior distribution, thus has a wide variance (see Chapter 1). This prior did result in bias,
but there was enough variability in the prior to allow the data to have some influence.
The Harley Prior was also developed from a meta-analysis, which included many sets of
data from fisheries for different species using various gear types (Harley et al. 2001). This
prior was less supportive of hyperdepletion (Ppqriey (6 > 1) = 0.20) than the Hicks Prior
was supportive of hyperstability (Ppicrs (8 < 1) =0.31), and the Harley prior operated
directly on 8 rather than the natural log of 5, although little probability was associated
with values less than zero. These two priors were developed from different fisheries and
therefore have different uses. The Harley Prior was developed using data collected from
fisheries which operated for many years before data were collected and are now managed
by the International Council for the Exploration of the Sea (ICES). The Hicks Prior used
data from the early phases of orange roughy fisheries that were first exploited in the late
1970’s. Not only is it important to ensure that the prior distribution has a wide enough
distribution to allow for every possible value of the parameter, but making sure the prior is
representative of the population it is being used for will reduce unnecessary bias.

Other than recruitment variability, the three estimation models fixed many parameters
to the true value in the population. In reality, additional bias will likely occur due to
misspecification, and Francis (2012) points out that assuming the same parameter values
in the operating and estimation models is a weakness in simulation studies because there
will always be misspecification, at least in fish stock assessment models. It is unknown how
the estimates of 8 would change when other parameters are incorrect or estimated, but

it is likely that estimates of 5 will likely be more uncertain and biased as this parameter
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attempts to correct for other misspecifications.

In these simulations, the three models were unable to completely mimic the entire true
trend in abundance, thus the estimates of depletion and biomass for many years were bi-
ased. Accurately estimating the trend in depletion is important in assessments because it
gives an indication of the historical status of the stock. Depending on the underlying level
of nonlinearity (hyperstability or hyperdepletion), the trend can be overestimated or under-
estimated which can lead to biases that are detrimental to the adequate management of a
stock. For example, with hyperstability, the initial decline will likely be underestimated and
the stock will appear to be in better shape than it actually was. Conversely, hyperdepletion
will likely result in a pessimistic view of stock status. When the initial trend is estimated
with bias, the remainder of the biomass trajectory is also subject to biases, as well as the
estimated parameters because they are also attempting to balance the biases.

Additionally, when an analysis is focused on estimating the relationship between abun-
dance and CPUE, any bias in the estimates of trend introduced through model misspec-
ification will likely translate into biases in the nonlinearity parameter. The SSM model
showed the least amount of bias in the initial trend in depletion and is a good candidate for
estimating the nonlinearity parameter. However, this model showed bias in the estimates
of depletion and may not be the best model for management purposes, although none of
the three models here were able to estimate depletion without bias. It does show, how-
ever, that even though one may not prefer to use this formulation of a state-space model
for management, it is a useful model when investigating the relationship between CPUE
and abundance, such as in a meta-analysis. Results from these studies could be used to
develop an informative prior for use in stock assessment models that are more focused on
the estimation of status.

This study was not focused on the consequences of estimating S on management and
conservation. A management strategy evaluation could be used to model a fishery man-
agement system including the assessment cycle and the management decisions (McAllister
et al. 1999, e.g.,), and would be useful to investigate the short-term and long-term trade-
offs of estimating f in terms of conservation risk, average catch, and catch variability. It

appears that estimating 8 may better define the initial trend in abundance and reduce the
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risk of over-harvesting in a hyperstable situation or reduce the risk of under-utilization in
the hyperdepleted case. However, this study does not provide any evidence of long-term
consequences.

The model with process and observation error showed better ability to estimate the
nonlinearity parameter than deterministic (observation error only) models and the addition
of prior information helped reduce the variability, but at the expense of bias. Estimating
recruitment deviations in an age-structured model may also provide more precise estimates
of 5, but with only CPUE and survey data, there is likely little information to adequately
inform those deviations. It would be worthwhile to investigate this further using the proper
bias-correction for the recruitment deviations (Methot and Taylor 2011), especially since
age-structured models similar to Awatea are commonly used to assess fish stocks around
the world.

The estimates of a nonlinearity parameter for the relationship between CPUE and abun-
dance are subject to high variability when a stock has not been fished to low levels and there
is not adequate ancillary data to assist in determining the trend in abundance. With CPUE
data providing the only information in an assessment, the estimates of 8 degraded, but an
informative prior distribution improved the estimates. The process error model was able
to estimate [ with more precision because it could better characterize the initial trend in
abundance, but it wasn’t clear that the estimation models were particularly good at esti-
mating depletion in an absolute sense, especially when other parameters were misspecified.
However, these models, especially the state-space model, are useful for investigating and

understanding the relationship between CPUE and abundance.
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2.5 Tables
Table 2.1: Parameters used in the operating model.

Parameter Value
Natural mortality (M) 0.045
Recruitment variability (og) 1.1
Steepness (h) 0.75
Knife-edge selectivity 29
Knife-edge maturity 29
Growth

to -0.491
k 0.059
Linf 37.78
Length-weight

Intercept (a) 0.08
Exponent (b) 2.75
CPUE

Years 1981-1992
a (1 x 10°)”
B8 See Table 2
(A See Table 2.2
Survey

Years 5-30*
q 0.25
Cv 0.25

*The spacing between surveys was either 1 year or 3 years (Table 2.2)



Table 2.2: Levels of the different variables tested.

Variable Description Abbreviation
Deterministic delay-difference DDD
Model Deterministic age-structured (Awatea) AWA
Delay-difference state-space model SSM
Depletion 15% Depletion0.15
45% Depletion0.45
Population 0.6 Beta0.6
nonlinearity 1.0 Betal.0
parameter (3) 1.6 Betal.6
Coeflicient of 0.1 CPUFEcv0.1
variability on CPUE 0.3 CPUECcv0.3
) Every 1 year Periodl
Survey period Every 3 years Period3
In(8) ~ Uniform (—10,10) Uniform Prior

Pri stimated
ot on estunate In(8) ~ Logistic (u = 0.4591,02 = 0.3266)  Hicks Prior

(n
In(8) ~ Logistic (1= 0.0,0% = 0.3266) Hicks1 Prior
B~ Normal (u =0.73,0% = 0.1) Harley Prior

nonlinearity
parameter (/)
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Table 2.3: The median ratio between estimated and true 5. Values less than 1 indicate that
the estimate was more often less than the true value.

0.15 Depletion 0.45
0.1 0.3 CPUEcv 0.1 0.3
1 3 1 3 Period 1 3 1 3

Model True 8 Uniform Prior
DDD 0.6 0.86 0.88 0.87 0.88 1.02 1.26 0.42 0.40
DDD 1 0.83 0.83 0.91 0.90 1.03 1.17 0.97 1.01
DDD 1.6 0.80 0.71 0.91 0.92 0.88 0.77 1.02 1.06
AWA 0.6 0.89 0.92 0.88 0.87 1.00 1.12 0.39 0.35
AWA 1 0.85 0.88 0.93 0.93 1.01 1.19 0.94 0.88
AWA 1.6 0.85 0.83 0.94 0.93 0.93 1.06 1.03  1.02
SSM 0.6 1.02 1.02 0.95 0.98 0.99 0.93 0.42 0.34
SSM 1 1.02 1.04 1.00 0.98 0.97 0.99 0.91 0.75
SSM 1.6 1.01  1.09 1.05 1.07 0.98 1.01 0.97 0.92

Hicks Prior
DDD 0.6 0.90 0.91 0.97 1.08 1.34 1.88 1.52  2.05
DDD 1 0.83 0.86 0.95 0.99 1.17  1.32 1.26  1.35
DDD 1.6 0.80 0.80 0.92 0.92 0.90 0.93 1.02 1.01
AWA 0.6 0.91 0.95 0.99 1.08 1.27 1.66 1.50 1.80
AWA 1 0.87 0.89 0.96 1.00 1.15 1.28 1.16 1.28
AWA 1.6 0.85 0.83 0.94 0.94 0.93 0.97 1.02  0.99
SSM 0.6 1.07 1.10 1.10 1.16 1.18 1.26 1.34 1.46
SSM 1 1.03 1.06 1.06 1.07 1.10 1.13 1.16 1.11
SSM 1.6 1.02 1.08 1.04 1.04 0.97 0.99 0.97 0.95

Hicks1 Prior
DDD 0.6 0.89 0.93 0.95 1.01 122 1.40 1.30 1.47
DDD 1 0.83 0.85 0.92 0.92 1.01 1.03 1.02 1.03
DDD 1.6 0.80 0.78 0.90 0.88 0.84 0.80 0.90 0.83
AWA 0.6 0.90 0.95 0.95 1.01 1.13 1.36 1.25 1.33
AWA 1 0.86 0.88 0.93 0.93 1.01 1.05 1.00 1.00
AWA 1.6 0.84 0.83 0.92 0.90 0.86 0.82 0.91 0.84
SSM 0.6 1.05 1.06 1.06 1.10 1.08 1.10 1.17  1.21
SSM 1 1.02 1.02 1.02 1.00 0.96 1.00 0.97 0.91
SSM 1.6 0.99 1.01 1.01  0.99 0.92 0.89 0.87 0.81

Harley Prior
DDD 0.6 0.89 0.89 0.94 0.98 1.14  1.19 1.15 1.18
DDD 1 0.81 0.67 0.91 0.89 0.84 0.77 0.87 0.83
DDD 1.6 0.62 0.55 0.84 0.80 0.64 0.57 0.72 0.66
AWA 0.6 0.90 0.95 0.95 0.99 1.09 1.22 1.11 1.16
AWA 1 0.85 0.87 0.91 0.90 0.93 0.92 0.89 0.84
AWA 1.6 0.82 0.80 0.85 0.81 0.75 0.69 0.72 0.68
SSM 0.6 1.04 1.05 1.04 1.07 1.07  1.06 1.07  1.07
SSM 1 0.99 0.99 0.98 0.95 0.91 0.89 0.86 0.81

SSM 1.6 0.92 0.87 0.90 0.86 0.77 0.71 0.71  0.67
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Table 2.4: Mean Absolute Logged Ratio (MALR) for the estimated and true 5. A value
of zero indicates a perfect estimate over all simulations while larger numbers show worse
estimation ability.

0.15 Depletion 0.45
0.1 0.3 CPUEcv 0.1 0.3
1 3 1 3 Period 1 3 1 3

Model True 8 Uniform Prior
DDD 0.6 0.20 0.25 0.29 0.31 0.63 0.83 1.65 1.66
DDD 1 0.23 0.33 0.18 0.22 0.61 0.80 0.77 0.84
DDD 1.6 0.31 0.47 0.20 0.20 0.58 0.77 0.59 0.82
AWA 0.6 0.18 0.21 0.29 0.29 0.56 0.68 171 1.72
AWA 1 0.22 0.32 0.17  0.20 0.48 0.59 0.74 0.81
AWA 1.6 0.31 0.43 0.16 0.19 0.52 0.74 0.54 0.75
SSM 0.6 0.11  0.17 0.23 0.27 0.41 0.52 1.63 1.75
SSM 1 0.10 0.18 0.13 0.18 0.27 0.36 0.61 0.82
SSM 1.6 0.10 0.17 0.12 0.14 0.22 0.37 0.40 0.59

Hicks Prior
DDD 0.6 0.18 0.26 0.18 0.26 0.44 0.59 0.50 0.62
DDD 1 0.23 0.30 0.15 0.18 0.31 0.44 0.30 0.34
DDD 1.6 0.32 0.41 0.19 0.18 0.36  0.41 0.21 0.21
AWA 0.6 0.17  0.22 0.17 0.22 0.36  0.50 0.44 0.54
AWA 1 0.21 0.29 0.15 0.17 0.29 0.37 0.27 0.31
AWA 1.6 0.30 0.39 0.15 0.17 0.34 0.41 0.20 0.22
SSM 0.6 0.13  0.20 0.19 0.23 0.25 0.30 0.37 0.41
SSM 1 0.11 0.16 0.12 0.16 0.19 0.24 0.21 0.21
SSM 1.6 0.09 0.15 0.11 0.12 0.17 0.24 0.17 0.19

Hicks1 Prior
DDD 0.6 0.19 0.22 0.17 0.21 0.32 0.36 0.33 0.36
DDD 1 0.23 0.30 0.16 0.17 0.25 0.33 0.22 0.20
DDD 1.6 0.32 0.44 0.20 0.20 0.37 0.44 0.24 0.29
AWA 0.6 0.16 0.20 0.17  0.18 0.26 0.32 0.28 0.32
AWA 1 0.21 0.28 0.15 0.16 0.24 0.29 0.21 0.21
AWA 1.6 0.30 0.39 0.16 0.18 0.36 0.44 0.24 0.29
SSM 0.6 0.11 0.16 0.16 0.19 0.19 0.22 0.24 0.26
SSM 1 0.10 0.15 0.11 0.14 0.18 0.21 0.17 0.20
SSM 1.6 0.08 0.14 0.11  0.12 0.18 0.27 0.22 0.28

Harley Prior
DDD 0.6 0.17 0.24 0.17 0.17 0.21 0.25 0.20 0.22
DDD 1 0.26 0.46 0.15 0.16 0.36 0.46 0.18 0.21
DDD 1.6 0.55 0.61 0.20 0.25 0.63 0.71 0.37 0.46
AWA 0.6 0.16 0.19 0.17 0.17 0.22 0.24 0.20 0.20
AWA 1 0.20 0.25 0.15 0.15 0.18 0.21 0.18 0.21
AWA 1.6 0.27  0.32 0.18 0.22 0.32 0.39 0.37 0.43
SSM 0.6 0.11  0.15 0.15 0.17 0.18 0.21 0.19 0.21
SSM 1 0.08 0.10 0.09 0.12 0.16 0.17 0.18 0.24
SSM 1.6 0.09 0.14 0.12 0.18 0.27 0.33 0.38 0.43
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Table 2.5: Medians of the mean depletion error (M DE) for the three estimation models
with [ fixed at one and the three estimation models with 5 estimated using different prior
assumptions for the level of true nonlinearity. Negative values indicate that the estimated
relative depletion trajectory was on average more depleted than the true relative depletion
trajectory (see Equation 2.7). Numbers in italics indicate the true scenario which most
closely matches the assumption in the estimation model.

True 0.15 0.45 Depletion
Model § 0.1 0.3 0.1 0.3 CPUEcv
DDD 0.6 9.8% 0.3% 10.3%  6.0%
DDD 1 -0.3%  -1.5% -1.4%  -0.9%
DDD 1.6 -1.4%  -5.2% -12.4%  -5.5%
AWA 0.6 9.8%  3.0% 10.0%  6.6%
AWA 1 -01%  -0.3% 02% 0.2%
AWA 1.6 -6.2%  -3.4% -9.5% -5.0%
SSM 0.6 15.8% 12.6% 12.6% 8.7%
SSM 1 2.8%  3.6% 1.9% 1.3%
SSM 1.6 -8.2%  -2.4% -11.0%  -5.4%

Uniform Prior Hicks Prior

True 0.15 0.45 0.15 0.45
Model p 0.1 0.3 0.1 0.3 0.1 0.3 0.1 0.3
DDD 0.6 2.9% -1.5% 25%  2.2% -1.9%  -1.4% 8.0% 7.2%
DDD 1 -22%  -1.2% 2.7%  0.3% -2.8% -0.6% 3.8% 1.8%
DDD 1.6 -3.8%  -2.7% 3.7%  1.4% -3.8%  -2.3% -24%  1.9%
AWA 0.6 -1.5%  -1.5% 21%  2.2% -1.3%  -1.3% 6.5% 6.1%
AWA 1 21%  -0.8% 22%  0.3% -1.9%  -0.4% 34% 1.2%
AWA 1.6 2.9% -1.2% -1.4% 1.4% 2.9% -11% -04%  21%
SSM 0.6 41%  5.8% 2.8%  4.8% 52%  7.2% 6.5% 7.1%
SSM 1 3.2%  4.9% 1.1%  1.9% 42%  4.1% 3.9%  4.4%
SSM 1.6 35% 4.4% 1.8% 1.8% 3.0% 4.4% 1.9%  1.2%

Hicks Priori Harley Prior

True 0.15 0.45 0.15 0.45
Model g 0.1 0.3 0.1 0.3 0.1 0.3 0.1 0.3
DDD 0.6 -2.3%  -1.4% 4.1%  6.4% -L7%  -1.5% 31%  3.2%
DDD 1 -2.6% -1.0% 1.3% 1.2% -4.0% -0.9% -4.4%  -1.0%
DDD 1.6 -4.1%  -2.6% -3.7%  -0.1% -9.9% -2.3% -121%  -3.2%
AWA 0.6 -1.4%  -1.2% 41%  3.8% -1.4%  -1.4% 2.7%  2.7%
AWA 1 -2.0%  -0.7% 1.4%  0.3% -2.1%  -0.8% -1.3%  -1.1%
AWA 1.6 -3.0% -1.3% -2.6%  0.6% -3.1%  -21% -6.1% -3.3%
SSM 0.6 4.9%  6.7% 4.7%  5.3% 56% 6.9% 5.0% 5.3%
SSM 1 34%  4.2% 1.7%  2.3% 26% 34% 02% 04%

SSM 1.6 25% 4.2% -0.8% -0.3% 02% 1.8% -4.4%  -3.9%



75

Table 2.6: Medians of the mean absolute depletion error (MADE) for the three estimation
models with g fixed at one under assumptions of different levels of true nonlinearity. Larger
values indicate increased estimation error (see Equation 2.8).

True 0.15 0.45 Depletion
Model g 0.1 0.3 0.1 0.3 CPUEcv
DDD 0.6 102%  6.4% 10.7%  9.5%
DDD 1 50%  6.4% 88% 7.9%
DDD 1.6 81%  6.8% 13.2% 8.6%
AWA 0.6 10.2%  5.7% 10.6% 8.8%
AWA 1 4.9%  52% 6.3% 7.0%
AWA 1.6 72%  5.6% 10.5% 7.6%
SSM 0.6 15.9% 12.6% 12.6% 9.6%
SSM 1 43%  4.7% 4.8% 6.4%
SSM 1.6 9.0% 4.9% 11.3%  7.7%

Uniform Prior Hicks Prior

True 0.15 0.45 0.15 0.45
Model 0.1 0.3 0.1 0.3 0.1 0.3 0.1 0.3
DDD 0.6 6.1% 5.5% 8.9%  8.5% 59% 5.5% 121% 10.8%
DDD 1 6.6% 5.5% 10.5% 10.0% 6.6% 5.4% 9.5%  9.2%
DDD 1.6 7.6% 5.9% 11.5%  8.7% 7.6% 5.8% 9.8%  7.6%
AWA 0.6 57%  5.4% 8%  82% 57% 5.5% 11.1%  10.6%
AWA 1 6.5% 5.4% 8.5%  9.8% 6.4% 5.4% 9.1%  8.4%
AWA 1.6 74% 5.8% 10.2%  8.5% 7.4% 5.8% 9.3%  7.4%
SSM 0.6 5.6% 6.5% 6.7%  8.2% 5.6% 7.4% 7.9%  9.2%
SSM 1 4.4% 6.0% 55% 7.8% 4.9% 5.0% 6.5%  7.3%
SSM 1.6 4.7% 5.5% 51%  6.0% 4.6% 4.9% 47%  5.7%

Hicks Priorl Harley Prior

True 0.15 0.45 0.15 0.45
Model p 0.1 0.3 0.1 0.3 0.1 0.3 0.1 0.3
DDD 0.6 59% 5.4% 9.6% 9.6% 5.7%  5.4% 8.6%  8.5%
DDD 1 6.5% 5.4% 8.3%  8.3% 6.5% 5.4% 9.3%  7.8%
DDD 1.6 7.6% 5.7% 9.4%  6.8% 10.0% 5.4% 13.9%  7.2%
AWA 0.6 5.7%  5.4% 9.6% 9.0% 57% 5.4% 85%  8.4%
AWA 1 6.4% 5.3% 82% 8.1% 6.3% 5.4% 73%  7.5%
AWA 1.6 73% 5.7% 89% 6.7% 6.7% 5.0% 78%  7.3%
SSM 0.6 5.6% 7.3% 6.6% 8.0% 59% 7.1% 7.3%  8.6%
SSM 1 45% 5.3% 58%  7.2% 41% 4.7% 4.9%  6.4%

SSM 1.6 4.6% 4.9% 4.9%  5.2% 3. 7% 4.1% 58%  6.0%
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2.6 Figures
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Figure 2.1: The fixed catch (thousands of metric tons) used in the models.
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Figure 2.2: The four prior distributions for 5 used in the estimation models. The Harley
Prior is a normal distribution in real space (left panel). The Hicks Prior and Hicks(1)
Prior are logistic distributions in log space and the Uniform Prior is also in log space

(right panel).
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Figure 2.3: Simulated trajectories of beginning of the year spawning biomass from the true
population with recruitment variability equal to 1.1 and an ending depletion of 0.15 (top
panel) or 0.45 (bottom panel). The thick dark line is the deterministic trajectory (o = 0)
and the light colored horizontal line is the simulated final level of depletion. Data were
generated from these ”true” trajectories.
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Figure 2.5: MALR for different true values of 3 (lines) and the three models (x-axis within
each subplot) from simulations using CPUE and survey data and estimating 8 with differ-
ent prior distributions (subplots), integrated over Depletion, C PU Ecv, and Period (top
row). Also shown are MALR values for simulations using only CPUE data, integrated over
Depletion and CPUEcv (bottom row). The results for the true 5 equal to 0.6 estimated
with a uniform prior and only CPUE data in the DDD and AW A models (bottom left
plot) are higher than the upper limit of the plot.
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Chapter 3

MANAGING A LONG-LIVED FISH STOCK WHEN THERE IS A
NONLINEAR RELATIONSHIP BETWEEN CPUE AND
ABUNDANCE

Abstract

Most modern fisheries management systems rely on assessments of trend in stock status,
and these assessments are highly dependent on indices of stock size. Such indices are com-
monly research surveys or catch-per-unit-effort (CPUE) from fishing operations. CPUE
data are commonly assumed to be proportional to abundance, but are often not. This anal-
ysis investigates whether accounting for nonlinearity between CPUE and abundance in the
management of long-lived species can improve the outcomes. An age-structured operating
model was used to simulate a true population from which CPUE and survey data were gen-
erated and alternative estimation models were used to estimate population parameters from
the simulated data. Three alternative assumptions about the relationship between CPUE
and abundance were considered in the operating model: 1) hyperstability (CPUE declined
slower than abundance), 2) proportional to abundance, and 3) hyperdepletion (CPUE de-
clined faster than abundance). Two-area models with movement dependent on fishing effort
or fish density were also investigated. The benefits to estimates of stock status and yield
objectives when estimating a nonlinearity parameter were dependent on the true underly-
ing relationship between CPUE and abundance. Hyperstable scenarios were especially risky
and should always be accounted for, or at least acknowledged, in a management strategy.
Hyperdepletion scenarios, on the other hand, led to reduced conservation risk, reduced yield
in the short term, and a pessimistic view of the stock, and thus the management system.
In the long-term, yield was similar whether or not nonlinearity was estimated, estimating
nonlinearity reduced the risk to the stock when CPUE data were hyperstable and although
risk was increased when CPUE showed hyperdepletion, stock status was typically always

higher than the hyperstable scenarios.
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3.1 Introduction

Many fisheries are managed by regulating catch or effort based on the productivity and
abundance of the stock as estimated from an assessment. Regulations are often chosen with
the joint objectives of achieving a low probability that the stock will fall below a threshold
value and maximizing the yield. A stock assessment may involve a complicated statistical
model integrating many sources of data (Maunder, 2003), or may use empirical indicators
of stock health, such as length-based reference points (Cope and Punt 2009; Froese 2004;
Prince et al. 2011) or catch-rates from the fishery (Starr et al. 1997). Typically, the outputs
of the assessment are inputs into a harvest control rule that determines the catch or effort

level (Deroba and Bence 2008).

There will always be trade-offs among management objectives of conservation, yield, and
the stability of catch targets, both in the long and short term (Cox and Kronlund 2008).
Management strategy evaluation (MSE, or management procedure evaluation, MPE) has
become a popular tool to investigate these trade-offs given a management system (Bunnefeld
et al. 2011; Butterworth et al. 1997; de la Mare 1998; Hilborn 1979; Martell and Walters
2002; Punt et al. 2001; Sainsbury 2000; Walters and Martell 2004). An MSE involves a
simulation of the full management cycle, mimicking the underlying fish population, data
gathering, analysis, and policy application. MSE’s often focus on the harvest control rule,
but the approach can also be used to compare the performance of different methods used
to estimate the parameters important to setting the fishery policy (Hilborn 1979; Martell
and Walters 2002).

Since the 1970’s, fisheries have been expanding into deeper water, targeting species that
are typically long-lived, slow-growing, late-maturing and often associated with seamounts
(Clark 2009). Large fisheries have developed for low productivity species such as orange
roughy (Hoplostethus atlanticus), oreos (family Oreosomatidae), and black cardinalfish
(Epigonus telescopus), especially in New Zealand (Cochrane et al. 1998). These deepwater
species occur mainly deeper than 500 m (Sissenwine and Mace 2007), are less productive
than shelf species, have low natural mortality rates (less than 0.065 yr~—!), and commonly

experience maturity at an age greater than 25 years (Cochrane et al. 1998). Additionally,
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many deepwater fish have high variability in recruitment, which may be a result of naturally
high variability from year to year, or caused by serial or episodic recruitment (Clark 2009;
Tanelli 2002).

The low productivity and high vulnerability of many deepwater species, along with
rapid declines in catch-rates, variable recruitment, and examples of ”boom or bust” fisheries
has resulted in uncertainty in whether these fisheries can be managed sustainably (Clark
2001; Koslow 2000; Lack et al. 2003b; Sissenwine and Mace 2007). Management strategy
evaluations have been conducted or are planned for some of these species (Punt et al. 2001;
Sissenwine and Mace 2007). Francis (1992) undertook a risk analysis of different rates
at which catches of orange roughy were reduced to a target. Wayte, SE (editor) (2009)
simulation tested the Australian Tier 1 harvest control rule, which uses outputs from an
assessment model and target reference points, for a stock with life history characteristics
that are similar to orange roughy. These studies showed there was a high risk that the stock
could collapse after which it would take many years to recover.

Fishery-dependent catch-rate data are an important source of information for these
species and are often the only information on abundance trends. Catch-rate data are typi-
cally standardized (e.g., Maunder and Punt (2004)) to create a catch-per-unit-effort (CPUE)
series. CPUE is usually assumed to be proportional to abundance when providing manage-
ment advice, but it may decline slower than abundance (hyperstability) or decline faster
than abundance (hyperdepletion), resulting in a biased assessment of stock status (Beverton
and Holt 1957; Harley et al. 2001; Hilborn and Walters 1992; Paloheimo and Dickie 1964;
Walters 2003; Wilberg et al. 2010) as well as biased information presented to managers and
the public (Maunder et al. 2006; Wilberg and Bence 2006). Orange roughy fisheries have
been the focus of much research because of the high value of these fisheries and management
concerns, which are exacerbated by the common occurrence of a rapid decline in CPUE dur-
ing the early years of the fishery (Clark 2009; Japp and Wilkinson 2007; Sissenwine and
Mace 2007).

The rapid decline in CPUE often seen in orange roughy fisheries may not be due solely
to depletion of populations in response to fishing. Possible hypotheses to explain faster

than expected declines in estimated stock size are 1) intermittent aggregating, 2) disruption
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due to fishing, and 3) mass emigration or mortality (Clark and Tracey 1992; McAllister
and Kirchner 2002). Additionally, a habitat hypothesis (pers. comm., Matthew Dunn,
NIWA, New Zealand & Patrick Cordue, ISL, New Zealand) was used by Dunn (2011) to
develop a two-area assessment model structure for orange roughy, which was able to explain
the steep decline observed in CPUE data at the beginning of the fishery, and a flat trend
afterwards. In this model, fish recruit to a secondary habitat (flat areas) and adults migrate
slowly to primary habitats (hill or seamount areas). Large removals typical at the start of
orange roughy fisheries depletes the population faster than migration from the flat areas
can replenish it, thus CPUE declines faster than total abundance. When fishing is reduced,
migration to the primary habitat may keep CPUE at stable levels although the total biomass
may continue to decline. All four of these hypotheses can be approximated using a two-area
model with migration between a fished area and an unfished area.

The consequences of different harvest control rules (Deroba and Bence 2008) and al-
ternative relationships between CPUE and abundance on management outcomes can be
investigated using MSE (Maunder et al. 2006). Cox and Kronlund (2008) considered hyper-
stability in their analysis and found that lower than average catches and a more depleted
stock were more common when hyperstability was present. Conversely, it is expected that
the stock would appear to be more depleted than it actually is given hyperdepletion, and
catches would be unnecessarily reduced, at least in the short term. MSE can help to iden-
tify a management strategy that is robust to structural uncertainties and meets fishery
objectives and conservation goals (Cox and Kronlund 2008; Maunder et al. 2006).

In this analysis, we use MSE to investigate the outcomes of three control rules that
have been or currently are used for New Zealand fisheries management, under different
alternatives of the true relationship between CPUE and abundance. We also examine the
impacts of estimating a nonlinearity parameter for the relationship between CPUE and
abundance, or assuming a proportional relationship between CPUE and abundance in the
estimation model. Two questions were addressed using this MSE: 1) does estimating a
nonlinear relationship between CPUE and abundance affect the management of a simulated
deepwater stock, and 2) are the control rules considered here robust to nonlinearity between

CPUE and abundance. Outcomes of these simulations are presented in terms of risk to the
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stock, amount of catch, and stability of catch over short, medium, and long time periods.

Results of the simulations are presented separately for each control rule.

3.2 DMaterials and methods

The implementation of an MSE involves simulating a “true” stock through time with a
feedback loop between assessment models and management strategies. The “true” stock is
simulated (using what is known as the operating model) and typically explores alternative
assumptions about the nature of the fish stock and fishery that are consistent with the
current data. This “true” stock is not directly observed, but is simulated through time and
data are generated that are generally comparable to what would be expected from the actual
data collection system, although alternative hypotheses regarding data collection can be
tested. Based on the estimated stock productivity and abundance, management measures,
such as harvest control rules, are applied and the outcomes (i.e., the catch specified by the
control rule) are input into the operating model to feedback into the stock dynamics of the
operating model. Iterations of this process are projected forward for a specified duration and
the realized performance can be evaluated against various objectives. Further, comparisons
can be made to the behavior of the stock in the absence of fishing and to a case where
there is no uncertainty; i.e. “perfect information” is always available upon which to base

management actions.

3.2.1 Operating model and data

The operating model was an age-structured model with stochastic recruitment, written
in the R statistical software (R Development Core Team 2010). The “true” population
was based on long-lived, late-maturing, deepwater species in New Zealand waters such as
orange roughy (Hoplostethus atlanticus) and oreos (family Oreosomatidae) (see Ministry
of Fisheries (2010) for biological information on these species). Recruitment was highly
variable (based on orange roughy life history) and was the only stochastic element of the
operating model (other life-history parameters were assigned a single value and kept fixed

throughout the simulations). Parameters and their assumed values are shown in Table 3.1.
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Some important assumptions were: selectivity and maturity ogives were equal and knife-
edged at age 29 (zero fish of age 28 were mature whereas all fish of age 29 were mature),
natural mortality (M) was fixed at 0.045 yr~—1, growth was fixed and variability of length-
at-age (o) was negligible.

The operating model assumed that a single stock was present, but made alternative
sets of assumptions about stock movement and availability. First, a simple model was con-
structed assuming that the entire stock was available to the fishery and survey throughout
its entire range. The other two operating models addressed the disruption hypothesis and
the habitat hypothesis by moving mature fish between a fished area and an unfished area
with migration rates dependent on either fishing effort or the density of fish in the avail-
able area. These two-area models are simplified versions of the two-area model proposed
by Dunn (2011) and assumed that a portion of the stock was available to the fishery and
the survey (fished area), and a portion was only available to the survey (unfished area).
Mature fish were less likely to stay in or move to the available area when higher exploita-
tion rates occurred in the two-area effort-dependent model, similar to the fishing disruption
hypothesis proposed by McAllister and Kirchner (2002). The migration rates of mature
fish in the two-area density-dependent model were a function of the amount of mature fish
in the available area, mimicking the habitat hypothesis mentioned earlier, except that fish
not selected by the fishery recruited to the fished area. Additional details for the operating
models are given in Appendix C.

The true population was initialized by simulating 200 years of no fishing (to reach
equilibrium conditions) followed by a constant exploitation rate of 10% for the first ten
years of the fishery. The latter period resembles the phase of fishery development before
assessments and the implementation of the specific management strategies began. The
management system was then simulated for 60 years. The simulation was repeated 200 times
within each case, and each case used the same random recruitment deviates to eliminate
confounding effects between cases. In all cases a maximum exploitation rate of 0.67 was
implemented when catches were set too high, which is a common assumption in historical
orange roughy assessments in New Zealand (Ministry of Fisheries 2007).

The only information on status and trend of the stock that was used in the assessments
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was commercial CPUE and a scientific survey series. A single CPUE value for each year
that fishing was allowed was drawn from a lognormal distribution with a mean equal to any
and a coefficient of variation (CV') of 0.2, where Vj, is the mid-year vulnerable biomass
from simulation ¢ in year y, § is the nonlinearity parameter, and « is a scalar. Survey
observations for every other year, starting 3 years after fishing first occurred, were drawn
from a lognormal distribution in a similar manner with a mean equal to ¢V;, , where the
catchability coefficient (q) is a scalar, and the C'V was equal to 0.2. CV’s of 0.2 were based

on results from Francis et al. (2003).

The migration rates in the two-area models determined the amount of nonlinearity
between available biomass (which determines CPUE) and the total biomass. The parameters
determining migration rates (equations C.9 and C.9) were chosen to satisfy two criteria.
First, migration back to the available area was slower than migration from the available
area, following the habitat hypothesis mentioned earlier. Second, given an exploitation rate
of 10% over the first three years of fishing, the nonlinearity parameter () in the relationship
between biomass available to the fishery and total biomass was near 1.6 (hyperdepletion).
The parameter values are given in Table 3.1, and the probabilities of moving from each
area are shown in Figure 3.1. Although the equations for movement rates allowed for
curvature (a Type II functional response), the parameters chosen for the simulations resulted
in movement rates that were nearly linear over the range of possible effort or density.

The equilibrium reference points presented in Table 3.2 were determined for the single-
area and two-area operating models by projecting them forward for 500 years from equi-
librium unfished biomass at specified exploitation rates with no recruitment deviations.
Additionally, the two-area operating models were projected with no recruitment deviations
for 30 years with an exploitation rate of 10% followed by 30 years with no exploitation to

investigate the behavior of these models during fishing-down and recovery.

3.2.2 Assessment model

The assessment model was an age-structured, forward-projection model called Awatea,

which is a modified version of Coleraine (Hilborn et al. 2003) adapted to satisfy some
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of the assumptions used in New Zealand orange roughy assessments (Appendix C). The
population dynamics were modeled the same as in the single-area operating model, except
that recruitment was deterministic. The inputs into Awatea were the generated CPUE
series and survey series. Estimated parameters were initial recruitment (Ry), the CPUE
scalar («), and the survey catchability coefficient (¢). A nonlinearity parameter () for the
relationship between CPUE and abundance was also estimated in log space for certain cases
with a logistic penalty for the value of 8 centered on one and a variance equal to 0.3266 (this
is the Hicks(1) Prior in Chapter 2). Back-transformed 2.5"" and 97.5'"" percent quantiles
for this prior distribution are 0.30 and 3.31, respectively. Maximum likelihood was used for
the estimation. Descriptions of all parameters in this estimation model are given in Table
C.1.

Parameters that were not estimated were fixed at the same values used in the operating
model (Table 3.1) except for selectivity parameters, which were jittered from the values in
the operating model and fixed at these new values in the assessment. The parameters for the
age at 50% selection to the fishery and to the survey were drawn from normal distributions
with standard deviations of 3 and 1, respectively. The parameters indicating the number of
ages from 50% to 95% selection for CPUE and survey selectivity were drawn from lognormal
distributions with CV’s of 1.5 and 0.5, respectively. These values were chosen to cover the
typical range of selectivity estimates seen in historical orange roughy assessments (see the

ORH Introduction in Ministry of Fisheries (2011)).

3.2.83 Management strategies and control rules
Historical model-based control rule

A management strategy based on historical methods used in New Zealand was implemented
to investigate the differences of managing a hypothetical low productivity fish stock assum-
ing that 1) CPUE is proportional to abundance, or 2) estimating a nonlinearity parameter,
B, for the relationship between CPUE and abundance. In New Zealand, the purpose of the
Fisheries Act is “to provide for the utilisation of fisheries resources while ensuring sustain-

ability.” More importantly, the Act states that “[t/he Minister shall set a total allowable
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catch that ... [m]aintains the stock at or above a level that can produce the maximum
sustainable yield ... will result in the stock moving towards or above a level that can pro-
duce the maximum sustainable yield.” These principles, along with experience in the past
New Zealand assessment process, were used to define a “simplified historical” management
strategy (Table 3.3). It uses the current status (defined as depletion, which is the current
spawning biomass divided by the unfished equilibrium biomass, By) and 5 year projections
to determine the trend in the biomass given different catch levels in 100 ton increments.
The catch level that results in a spawning stock size closest to 30% of By (a historical proxy
for Bprsy) is used as the next catch limit and the status determines when the stock will be

assessed next.

Current management strategies

Two management strategies based on the recently implemented harvest strategy standard
in New Zealand (Ministry of Fisheries 2008a,b) were tested. A high-information harvest
control rule uses an assessment model to define fishing mortality rates, expressed here as an
exploitation rate. A medium information harvest strategy uses a CPUE-based control rule.
Using terminology from the New Zealand harvest strategy standard (Ministry of Fisheries
2008a), the high information, or model-based, harvest control rule uses “analytical proxies”,
while the CPUE-based harvest control rule uses “conceptual proxies”.

The harvest strategy standards define the following reference points.

1. Target: the value around which the stock should fluctuate. This typically is a level

analogous to Byssy -

2. Threshold: a value where management action, exploitation rate or total allowable
catch (TAC), for example, begins declining from the target level. It is recommended

to be the target times one minus natural mortality to allow for natural fluctuation.

3. Soft limit: a value which triggers a rebuilding plan for the stock. This is 20% of
equilibrium unfished biomass, 0.2By, for all New Zealand stocks (Ministry of Fisheries

2011).
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4. Hard limit: a value where the management action is set to zero. This is 10% of By

for all New Zealand stocks (Ministry of Fisheries 2011).

In the absence of detailed information about the stock, the New Zealand harvest strategy
standard (Ministry of Fisheries 2008a) suggests proxy targets for Byrsy (as a percentage
of By) and Fjrsy (the fishing mortality that reduces the spawning-biomass-per-recruit to a
percentage of the unfished spawner-per-recruit (SPR) level, Fspr). Recommended default
proxies for low productive species are 40% of By for the biomass target and 45% SPR. for
the Fspgr exploitation rate, which is 4.5% given the parameterization of the hypothetical
stock. More details of the two current management strategies used in this analysis are given
below.

The management strategy used when a large amount of information is available uses
a control rule that sets an exploitation rate dependent on the current biomass relative to
the unfished equilibrium biomass. This is called the current model-based control rule with
analytical proxies We used a target exploitation rate of 4.5%, which is consistent with the
current management of orange roughy in New Zealand (Ministry of Fisheries 2011). The
recommended biomass target of 40% would be consistent with most species managed under
the quota system in New Zealand (including oreos), but we chose to use the target of
30% By, which is what is currently used for orange roughy stocks. The true Bjssy as a
percentage of By for our hypothetical stock was 25%, but the Ministry of Fisheries (2008b)
recommends that analytical calculations of Bjsgy from equilibrium models be adjusted
upwards to account for natural fluctuations and the goal of managing near or above Bj;gy .
The exploitation rate declined linearly between the threshold of 28.65% By and the hard
limit of 10% By. The soft limit (20% By) was not used in these simulations since rebuilding
was not simulated as part of the management process. Figure 3.2 shows the control rule as
well as the various reference points. If the biomass fell below the hard limit, the fishery was
closed for five years, and then reassessed with the addition of new survey data, but no new
CPUE data.

When the amount of information for the stock does not allow for adequate estimation of

the reference points the operational guidelines in New Zealand’s harvest strategy standard
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(Ministry of Fisheries 2008b) suggests using qualitative surrogates for the reference points,
which are called conceptual proxies. This is called the current CPUE-based control rule with
conceptual proxies. We used CPUE as a conceptual proxy and tested its performance given
various levels of nonlinearity in the true relationship between CPUE and abundance, but
with the assumption that CPUE is proportional to abundance when applying the control
rule. The operation guidelines (Ministry of Fisheries 2008b) also suggest using a target
CPUE and a historical catch from a period when “catches and CPUE were relatively high.”
This is an arbitrary decision and we used a CPUE value 0.3 that would correspond to
approximately 30% By and low and high catch targets (2,000 and 4,000 metric tons). The
hard limit was a CPUE value of 0.1, approximately corresponding to 10% By. The control
rule is shown in Figure 3.2 along with the target, threshold, and hard limit.

To reduce catch variability and overreacting to natural variation in the population and
in the CPUE data, the CPUE values from the current and previous four years (for the years
in which CPUE values were available) were averaged before applying the control rule. If the
averaged CPUE value was below the hard limit the fishery was closed for five years until
the sixth year when a small fishery was opened (100 tons) to provide CPUE data to invoke
the control rule again.

Each of these management strategies began after 10 years of fishing with a fixed ex-

ploitation rate, as with the analysis of the historical management strategy.

3.2.4 Design

A ‘case’ was a specific set of assumptions about the operating model and data, and for
the model-based control rules a case was also related to whether or not 8 was estimated in
the assessment model (Table 3.4). The operating model was either the single-area model,
the two-area effort-dependent model, or the two-area density-dependent model. The data
assumptions considered three levels of nonlinearity between CPUE and abundance (hyper-
depletion, proportional, and hyperstable) for only the single-area model, while CPUE was
always proportional to abundance available to the fishery for the two-area models, although

nonlinearity may be introduced through migration into or out of the fished area. Perfect
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information cases were also considered for all of the control rules and operating models. For
example, the current biomass and projected biomass under various constant catch scenarios,
if necessary, were known for the model-based control rules, and CPUE was known exactly

for the CPUE-based control rule.

3.2.5 Analysis and performance measures

The metrics defined in Table 3.5 were used to compare the cases over short, medium, and
long time periods. The short-term was the 10 years following the onset of management (years
11-20). The medium time period consisted of years 21-30, and was chosen to contrast with
the short time period and because most deepwater fisheries in New Zealand have been fished
for approximately 30 years. Long-term results are presented for the years 51-70 to show
the range of possibilities once the population begins to stabilize under the management
paradigm. Metrics for status are conservation measures and indicate the risk to the stock
through the mean and minimum depletion, as well as the probability of being below a
threshold. Metrics for catch are utilization measures and indicate the average catch and the
variability (or conversely stability) in the catch. These metrics attempt to characterize the

trade-offs between conservation risk, catch level, and catch stability.

3.3 Results

The population did not start at unfished, equilibrium biomass due to stochastic recruitment,
but the end of the initial 200 year simulation produced a stable median spawning biomass.
The unfished population showed a considerable amount of variability without fishing even
though low natural mortality resulted in many age classes (Figure 3.3). This was due to
the high amount of recruitment variability (ocr = 1.1), which resulted in probabilities of
13% and 4% that recruitment events 5 and 10 times the average recruitment, respectively,
could occur. Coupled with knife-edged maturity, large recruitments were quickly included
in the spawning stock biomass resulting in sudden spikes or declines. The 2.5% and 97.5%
quantiles of depletion (defined as current biomass divided by unfished, equilibrium biomass)
with no fishing were 69% and 149% on average (over time), respectively. Trajectories for the

two-area models were similar to those for the single-area operating model when no fishing
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occurred, but showed less overall decline when fishing with a constant exploitation rate since

some fish were unavailable to the fishery.

Deterministic equilibrium reference points from the single-area and both two-area op-
erating models are shown in Table 3.2. The resulting equilibrium depletion when taking
MSY in the single-area and two-area density-dependent model was approximately 25%,
which is slightly lower than the New Zealand 30% target for orange roughy. The equi-
librium depletion at MSY for the two-area effort-dependent model was slightly higher at
35%. The exploitation rate that would result in MSY is higher than the natural mortality
rate, and fishing at an exploitation rate equal to natural mortality would reduce the stock
to near 40%, 41%, and 45% of unfished equilibrium biomass for the single-area, two-area

effort-dependent, and two-area density-dependent models, respectively.

The ten year simulated fishing-down phase, without management, reduced the total
mature biomass to near 45%, 50%, and 60% of unfished equilibrium spawning biomass for the
single-area, two-area effort-dependent, and two-area density-dependent models, respectively.
The high recruitment variability resulted in a variable depletion level in year 10. The 5%
and 95" percent quantiles for the single-area model were 32% and 67%, for the two-area

effort-dependent model were 39% and 77%, and for the two-area density-dependent model
were 45% and 88%.

Deterministic simulations were used to further investigate the effects of fishing within the
two-area models (Figure 3.4). When fishing first began, the two-area models showed hyper-
depletion (8 ~ 1.6) in the relationship between available spawning biomass and total spawn-
ing biomass, but after 10 to 20 years, the relationship was hyperstable (Figure 3.4, plots b
and d). When fishing stopped, the effort-dependent two-area model showed hyperdepletion
until the available and total spawning biomass levels were equal. The density-dependent
two-area model showed hyperdepletion immediately after fishing stopped, but the buildup
of available spawning biomass slowed in comparison to the total spawning biomass as the

population approached equilibrium levels.
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3.3.1 Historical model-based control rule

The median true trajectory of depletion when using the historical model-based control rule
(Figure 3.5, panels a—e, Table 3.6) was below the target depletion (30% Bp) in the long-
term for nearly all of the operating models and whether or not 8 was estimated. Exceptions
were when (8 was fixed at 1 in the single-area operating model where the true relationship
between CPUE and abundance showed hyperdepletion (Figure 3.5, panel c¢), and 8 was
fixed at 1 in the two-area effort-dependent model (Figure 3.5d). Estimating /5 made little
difference to the true biomass when hyperstability was present (Figure 3.5a) and larger true
values of 3 resulted in larger differences between median true biomass when S was or was
not estimated (e.g., Figure 3.5, panels b—c). Median biomass was mostly above or near 30%

in the perfect knowledge cases.

The probability that the true depletion level was below the threshold of 30% or 10% in
the single area model increased quickly when management first began, and then tended to
decline slightly before increasing and stabilizing (Figure 3.6, panels a & d). In the long-term,
all cases commonly showed a probability greater than 0.3 of being below 30% depletion and
a probability greater than 0.1 of being below 10% depletion. Estimating  resulted in higher
probabilities of falling below the reference point except for the single-area hyperstable case,
which was similar whether or not 8 was estimated (solid lines in panels a & d of Figure
3.6).

The two-area models showed an increasing probability of falling below the threshold
values in the long-term (Figure 3.6, panels b—¢ & e-f), suggesting that the dynamics had
not stabilized. Estimating S resulted in an increased chance that the spawning biomass was
below the threshold. The density-dependent model showed higher probabilities than the
effort-dependent model, and the maximum probability that the spawning biomass was lower
than 10% By was 0.13 for the effort-dependent model and 0.33 for the density-dependent
model, both of which occurred in the final simulated year. With perfect information, the
probability that the stock was below 30% By fluctuated between 0.3 and 0.6 (Figure 3.6,
panels b—c).

The median values for depletion, AAC, and SDAC in the long-term were less than the
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median values from the ten years following the implementation of the historical control rule
(Table 3.6 and Figure 3.7). Average annual catches quickly declined and were similar for
all cases in the late time period, ranging from 1400 to 1800 tons (Figure 3.7, panels a, d,
& g). When § was estimated, the AAC was slightly greater in the medium-term (Figure
3.7d) and slightly less in the long-term (Figure 3.7g) than when /5 was fixed at one, except
for the hyperstable case. Variability in catches (median SDAC) quickly declined after the
first ten years of management to values near 600 and was slightly higher for all cases, other
than the two-area density-dependent model, when 5 was estimated (700-900). The perfect
knowledge cases were able to keep the long-term median depletion near the target of 30%
with median average annual catches less than the AAC’s when using the historical control
rule with the single-area operating model, and above the AAC’s when using the same control
rule in the two-area models. The long-term variability in the annual catches was higher in

the perfect knowledge cases (900-1400 in the long-term).

3.3.2  Current management strategies
Model-based control rule

The current model-based control rule resulted in a stock that was less depleted when com-
pared to the historical control rule (Figure 3.5, panels f—j). The probability that depletion
was less than 30% never exceeded 0.8, and the probability that depletion was less than 10%
never exceeded 0.3 (Figure 3.8). Estimating 8 in the single-area hyperstable case reduced
the probabilities of depletion falling below 30% by an absolute amount of 0.14, on average
in the last 20 years of the simulations, while in the single-area hyperdepleted case, the prob-
ability increased by 0.14, on average in the last 20 years of the simulations (Figure 3.8a).
However, the increase in the probability that depletion was less than 30% in the middle
years of the simulations when estimating 5 was approximately 0.17 for the hyperdepleted
case. Estimating  in the two-area effort-dependent model (Figure 3.8b) resulted in the
largest increase in the probability that depletion was less than 30% (0.33 on average over
the last twenty years), but the two-area density-dependent model (Figure 3.8¢c) resulted in

little difference (0.08 on average over the last twenty years). The probability that depletion
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was less than 10% was zero in the two-area models until late in the time-series (Figure
3.8, panels e—f). Perfect knowledge of the stock size to apply to the model-based control
rule resulted in probabilities less than 0.16, 0.07, and 0.03 that depletion would fall below
30% for the single-area, two-area effort-dependent, and two-area density-dependent models,

respectively. The depletion was never lower than 10% when using perfect knowledge.

The performance metrics for the model-based control rule (Table 3.7) show that when
compared to the historical control rule, the catches were smaller at the onset of management,
and the catches were less variable throughout the times series. Estimating 3, compared to
when 3 was fixed at one, resulted in small differences to depletion in the short term, even
though the AAC’s were 1.6 times and 1.4 times the AAC’s for the hyperdepleted model and
the two-area effort-dependent model, respectively (Table 3.7 & Figure 3.9). Over the long-
term, larger differences were seen in depletion when 5 was estimated and the AAC’s were
more similar whether or not 8 was estimated (1400-1800 tons). The standard deviation of
the annual catches was low throughout the time series and ranged between 100 and 500.
Median minimum depletion was never less than 0.18. Using perfect information kept the

median depletion above 30% and median AAC slightly below Csqe, (Figure 3.9).

CPUE-based control rule

The median depletion in the low catch and perfect knowledge cases using the CPUE-based
control rule stayed above 30% over the time simulated, but was slowly declining at the end
of the modeled time period (Figure 3.5, panels k—o0). The high catch scenario resulted in a
steeper decline once management began and a lower depletion at the end of the 70 years.
The probability of falling below the depletion threshold of 30% with catches near Csqy, as
seen in Figure 3.10a, was highest for the hyperstable scenario (a maximum of 0.45) and
just slightly less for the proportional case (a maximum of 0.35). When the relationship
between CPUE and abundance showed hyperdepletion, the probability of dropping below
the 30% threshold decreased significantly and was highest at the beginning of the series
(a maximum of 6%). Doubling the catch target to 4000 tons resulted in a probability
near 1 that the population would drop below the 30% threshold in the hyperstable and
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proportional scenarios (Figure 3.10a), 0.65 to 0.75 in the two-area model scenarios (Figure
3.10, panels b—c), and was significantly less for the hyperdepletion case (a maximum of 0.3,
Figure 3.10a). The only scenario that had a probability greater than 0.06 of falling below
10% depletion was the hyperstable scenario with the high catch control rule (Figure 3.10a).

The performance metrics for the current CPUE-based control rule are shown in Table
3.8. Median AAC in the low catch case was always near the 2000 ton target (which could
not be exceeded) in the short and long term when the true 8 was 0.6 or 1.0 (Table 3.8 &
Figure 3.11, panels a, d, & g). The AAC was lower (1600 to 1900 tons) and more variable
(standard deviations from 100 to 300) with the hyperdepletion and the two-area operating
model cases (Table 3.8 & Figure 3.11). The median AAC decreased by less than 200 tons
in the long-term for these same cases and median SDAC increased slightly for the two-area
models. Long-term median depletion decreased for all cases except the hyperdepletion case,
but was above the target of 30% for all cases. Doubling the catch target to 4000 tons
resulted in much more risk to the stock (Figure 3.10), higher catches in the short term
(Figure 3.11, panels a—c) and much more variability in the annual catch (Table 3.8). The
stock was much more depleted in the long-term with a high catch target, and the median
depletion was less than 10% for the hyperstable scenario (Figure 3.11, panels g-i). Perfect
information resulted in little difference compared to the low catch case using uncertain

CPUE data (Figure 3.11).

3.3.83 Estimates of the nonlinearity parameter

Estimates of 8 for the cases using the current model-based control rule were variable across
simulations and the median estimate changed over time (Figure 3.12). The prior distribution
used for 5, which was centered around one, pulled the estimates towards one when few years
of data were available. When the true relationship between CPUE and abundance was
hyperstable, the medians of the estimates of 3 were closer to one early in the time series,
and centered closer to the true value later in the time-series. When the true relationship
was proportional, the medians of the estimates were near one early on, increased slightly

until approximately year 30, and then decreased back down to one. The medians of the
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estimates of 3 were close to the true value early in the time-series when the relationship
between CPUE and abundance showed hyperdepletion until later in the time series when
the median of the estimates were slightly below the true value. Assessments were typically
conducted every five years unless the stock was perceived to be in poor shape. Therefore,
more estimates of 5 from the simulations were available in every fifth year, and estimates
of B in the years between every fifth year showed a different pattern to the estimates of £
in every fifth year, especially early on when it was less likely to have assessments out of the

five year cycle.
3.4 Discussion

There is a trade-off between conservation and utilization objectives with regard to the choice
of estimating a nonlinearity parameter, 3, for the relationship between CPUE and abun-
dance, or assuming that CPUE is proportional to abundance. These trade-offs depend on
the underlying true relationship. A hyperstable relationship results in a high risk to the
stock because changes in abundance are more difficult to detect and abundance is perceived
to remain high when it is not, often resulting in catches that are too high to meet conserva-
tion objectives. Estimating 8 in a hyperstable scenario reduces the risk to the stock because
catches are often lower, although the risk remained higher than a proportional or hyper-
depletion scenario, which is likely due to lack of contrast in the CPUE data. Conversely,
with hyperdepletion, the risk to the stock was low because the perception of the stock was
more pessimistic and catches were less than optimal for the depletion target. Estimating
8 when hyperdepletion was present increased the yield, but also increased the conservation
risk to the stock. Compared to the case where CPUE was proportional to abundance and
was assumed proportional in model-based assessments, the hyperdepletion scenario showed
a similar risk to the stock when 3 was estimated, but the hyperstable scenario always had
more risk regardless if 8 was estimated or not. Overall, estimating § brought the catches
and depletion levels closer to target when nonlinearity was present, but increased variability
in catches.

These trade-offs also depend on whether the goals are short- or long-term. In the short-

term (immediately following implementation of the control rule) catches were variable among
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scenarios with highest catches in the hyperstable scenarios and lowest catches in the hy-
perdepletion scenarios. In the long-term, catches were much less variable across scenarios,
but the depletion was much more variable. Estimating g resulted in little difference in the
long-term catches when compared to not estimating .

The two-area operating models showed hyperdepletion and hyperstability, depending on
the status of the stock and the amount of fishing, but results were similar to the single-area
operating model. A major difference between the single-area and two-area stock assumptions
is that there is an unavailable portion of the stock that is only accessible by lowering catches.
The higher standard deviation in average annual catch for the two-area operating models
shows that a strategy may be to vary catch so that fish become available in periods when
catches are low and then are taken when available abundance is high. This would likely
result in a complicated relationship between CPUE and abundance, which would not be a
simple function of biomass as assumed in the assessment model.

The power function, an y» ay not be the best choice for modeling the relationship be-
tween CPUE and abundance, especially if catchability is not a simple function of biomass.
Other modeling techniques, such as time-varying catchability, may improve estimation per-
formance and management goals (Wilberg et al. 2010). For example, catchability may
increase over time through experience, knowledge, or increases in technology (Maunder
et al. 2006). Refugia may play a role in changing catchability, as was seen in the two-area
models (Rindorf and Andersen 2008). Or, catchability may have a different relationship
with biomass depending on whether the stock is increasing or decreasing. Regardless, there
are many reasons why catchability may change over time, and even though the power model
used here is parsimonious and simple, more complicated methods may be warranted when
the appropriate data are available.

The current model-based control rule was more precautionary than the historical model-
based control rule because the target exploitation rate was equal to Ey59,, which is nearly
half of the exploitation rate that would produce MSY. However, both control rules were
similar in that when estimating (3, differences in yields were greater in the short-term than
in the long-term, while the difference in stock status was greater in the long-term even

though long-term catches were similar. These conflicting results show why it is important



104

to define an objective function that combines the conservation and yield results into a mea-
surable quantity that can be maximized, which likely takes cooperation between managers,
scientists, and stakeholders (Cox and Kronlund 2008).

Using a harvest control rule that specifically uses a CPUE index rather than a model-
based assessment ignores the issue of estimating a nonlinearity parameter and is useful for
fish stocks without sufficient data to properly conduct a model-based stock assessment (Cox
and Kronlund 2008; McAllister et al. 1999; Rademeyer et al. 2007). However, setting the
catch target at a level that maximizes yield yet reduces the long-term risk to the stock can be
difficult (McAllister et al. 1999). As Little et al. (2011) concluded, setting the parameters
of the harvest control rule (i.e., catch target and reference points) can be difficult with
limited information about the fish stock. These issues are exacerbated in the presence
of nonlinearity. The risk to the stock can be very high when the relationship between
CPUE and abundance is hyperstable or proportional, but hyperdepletion reduces the risk,
as well as the yield in the short term, and works as a precautionary buffer, although this
would be unknown in practice. This is, however, dependent on setting the catch target and
reference points correctly since reference points that are too low may result in the stock
reaching critically low levels, and reference points that are too high may result in lost yield,
regardless of the relationship between CPUE and abundance. New fisheries with few years
of fishing to base a target catch on are especially problematic and may require an adaptive
approach of monitoring the stock closely for several years to see how catch-rates respond
to the catch target before a model-based assessment could be conducted (Rademeyer et al.
2007).

The estimates of a parameter for the relationship between CPUE and abundance occa-
sionally incorrectly classified the relationship as hyperstable or hyperdepleted, and surpris-
ingly, the probability of estimating a hyperstable relationship increased in the hyperdeple-
tion case with additional years and more data due to biases in the model. In the presence
of hyperdepletion, the deterministic models often overestimate the decline in biomass which
is followed by an increase in estimated biomass when catches are reduced (Chapter 2). The
results in this study showed that trajectories that were perceived to be more depleted had

lower estimates of 3, which was likely a result of the biases of applying a deterministic model
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to data from a stochastic population (Chapter 2). However, because [ was estimated at a
lower value and the stock status was estimated at a lower level than reality, there was no
additional risk to the stock, although potential yields were reduced and the perception of
the stock was unduly pessimistic.

An important factor that is often not included in the objectives of the management of
a fish stock is the perception of the stock. It is obviously important to maintain a stock at
healthy levels while also providing fishing opportunities, but the perception of a stock can
have unfavorable consequences. In the case of hyperstability, it is a major concern that the
stock can be perceived to be large, yet is potentially below target and at risk of collapse
(e.g., Rose and Kulka 1999). When hyperdepletion is present, the stock may be healthy,
but perceived to be at risk of collapse, which can lead to lower catch rates, closures of
fisheries, and negative public perception (see Hampton et al. (2005) and Polacheck (2006)
in response to Myers and Worm (2003)). These misperceptions can be very frustrating to
stakeholders, environmentalists, managers, and scientists, resulting in conflicts between the
different groups, and pressure to manage the stock at non-target levels.

Estimating a nonlinearity parameter can improve the management of a long-lived species
and provide a more accurate perception of the true status of the stock, as well as alleviate
concerns about conflicting data. Nonlinearity in the relationship between CPUE and abun-
dance can often result in contradictory information on stock status from a CPUE series and
a survey series (for example, see the description given by Hilborn and Walters (1992, page
533) of the northern cod fishery). Hilborn and Walters (1992) warn against averaging across
datasets and suggest presenting a decision table to managers with alternative hypotheses.
Francis (2011) also suggests presenting alternative models to managers with and without
potentially unrepresentative datasets. Estimating S is a modeling method that can be used
in addition to alternative models to understand why two datasets may be in conflict.

Fishery-independent catch-rate data are more likely to be proportional than fishery-
dependent CPUE because surveys are typically well designed and appropriate for the stock
being surveyed, and it may seem appropriate to simply omit the questionable fishery-
dependent CPUE. However, there is a benefit to using CPUE data in an assessment. CPUE

data are often available for more years than survey data and can provide insight into his-
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torical time periods. Fishers are most familiar with catch-rates and often appreciate their
use in assessments. Survey data may not be proportional to abundance (Davies and Jonsen
2011) and simply omitting CPUE would imply that the survey provides the only repre-
sentative dataset. Finally, it is useful to use CPUE and survey data in an assessment to
further understand the relationship between CPUE and abundance, which can then be ap-
plied to the assessment and management of stocks that have only CPUE data or are using
a CPUE-based control rule.

Management strategy evaluation, like any modeling approach, involves simplifications of
reality. In this study, we used the maximum likelihood estimates, which correspond to the
mode of the posterior distribution when uninformative priors are used in a Bayesian anal-
ysis, and likely result in negatively-biased estimates of biomass with skewed distributions
(Stewart et al. 2013). We also did not account for uncertainty in the estimates. The Pacific
Management Council in the U.S. reduces recommended catches based on scientific uncer-
tainty (Ralston et al. 2011), and the New Zealand harvest strategy standard states that a
stock is not rebuilt until the there is a 70% probability that it is greater than the soft limit
of the management target. Performing Bayesian analyses and accounting for uncertainty
may slightly modify the results of this study, but we feel that it would not affect the general
conclusions.

Another common source of uncertainty in management strategy evaluations that was not
accounted for in this study was implementation error of the management decision (McAl-
lister et al. 1999). The assumption that the exact catch is taken every year is questionable.
For example, New Zealand regulations specify an annual catch entitlement (ACE) for each
fisher, and if the fisher exceeds their ACE, they can either buy more if it is available, or
pay a deemed value for the amount of catch that exceeded their ACE. Additionally, due to
precautionary, economic, or social concerns, managers may make the decision to alter the
exact catch as specified by the control rule. A common management decision is to cap the
total allowable catch as a precautionary measure when the stock is predicted to be very large
or limit the amount of change in catch from one year to the next (Butterworth et al. 1997,
i.e.,). Implementation error could be modeled as a probability distribution with a possible

truncation to limit unrealistically high predicted catches. Adding a cap on the catch may
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also be implemented specifically as part of a control rule, and it would likely decrease the
risk to the stock.

This study could also be expanded by investigating the effects of alternative life-history
parameters on the results. We used proxies for reference points as they are currently used in
New Zealand (Ministry of Fisheries 2011), but the true reference points and stock risk are
greatly influenced by the stock-recruitment relationship (Cox and Kronlund 2008; Maunder
2012; Punt et al. 2008). The value of steepness used here, 0.75, may be higher than typical
for long-lived, low productivity species such as orange roughy (Sissenwine and Mace 2007)
and future MSE work could investigate the robustness of the management strategy to various
values of steepness and other life-history parameters. Additionally, Clark (1993) found that
higher SPR);sy /SP Ry ratios might be needed due to serially correlated recruitment, which
was not investigated here. An even less productive species with serial recruitment may need
more precautionary reference point proxies.

It is useful to investigate the relationship between CPUE and abundance for a better
understanding of the risks that may be present. An investigation may specifically look at
the relationship between CPUE and abundance (Harley et al. 2001; Wilberg and Bence
2006) or draw conclusions by examining fish and fisher behavior (Paloheimo and Dickie
1964; Rose and Kulka 1999; Winters and Wheeler 1985). However, making inference of the
relationship between CPUE and abundance based solely on life-history characteristics or fish
behavior may be inconclusive. For example, orange roughy aggregate in dense spawning and
feeding aggregations which are targeted by the fishery which has been thought to lead to a
hyperstable relationship, but could also lead to hyperdepletion if small localized aggregations
are fished out (Francis and Clark 2005). Examination of additional data sources (i.e.,
age or length data), or indicators of the population status (Cope and Punt 2009; Froese
2004; Prince et al. 2011) can assist in verifying that the management strategy is effectively
managing the population.

Overall, the decision of whether or not to account for nonlinearity is based on the
assumptions and risks one is willing to make, the potential loss in yield, and the misper-
ceptions that may result. Hyperstable scenarios are especially risky and should always be

accounted for, or at least acknowledged. Hyperdepletion scenarios, on the other hand, may
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appear to be desirable due to reduced conservation risk, but the negative consequences of
reduced yield, at least in the short term, and a pessimistic view of the stock status, and
thus the management system, make it worthwhile to at least acknowledge the potential for

hyperdepletion and that not accounting for it is chosen as part of the management strategy.
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3.5 Tables

Table 3.1: Parameters used in the single-area and two-area operating models, and for data
generation.

Parameter Value
Natural mortality (M, yr—1) 0.045
Recruitment variability (o) 1.1
Steepness (h) 0.75
Knife-edge selectivity (age) 29
Knife-edge maturity (age) 29
Growth

to -0.491
k 0.059
Lo (cm) 37.78
Length-weight

Intercept (a) 0.08
Exponent (b) 2.75
Movement

Effort-dependent p; 0.6
Effort-dependent po 0.06
Density-dependent py 0.02
Density-dependent po 0.01
CPUE

a (1 x 10°)#
8 0.6, 1.0, 1.6
cv 0.2
Survey

q 0.25
cv 0.2

Periodicity Biennial
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Table 3.2: Equilibrium reference points for the single area and two-area operating models.

Two area Two area
Quantity Single area effort-dependent density-dependent
By 100,180 100,180 100,180
FEysy 0.081 0.067 0.080
FEss5PR 0.068 0.125 0.070
Eiysuspr 0.045 0.065 0.046
MSY 1956 1574 1925
Depletion at MSY 24.70% 35.3% 25.5%
C309 1930 1547 1907

Table 3.3: Simplified historical control rule. Each box corresponds to the current biomass
(Beurr) and the rows corresponds to the five-year projected biomass (Bys).

Bewrr > BSO%

B+5 > Bcurr
B3y < Bys < Beurr
By, < Bys < B3oy
Bys < Bagy,

Set catch level at the predicted catch where Bis5 = B3gy. Assess in 5 years.
Set catch level at the predicted catch where Bi5 = B3py. Assess in 5 years.
Keep catch level at the current catch level. Assess in 3 years.

Set catch level at the predicted catch where Bis = B3gy. Assess in 3 years.

B20% < Beyrr < B30%

Bys > Bsoy
Bewrr < B+5 < B30%
B20% < B+5 S Bcu’r‘r

Keep catch level at the current catch level. Assess in 3 years.
Keep catch level at the current catch level. Assess in 3 years.
Set catch level at the predicted catch where Bi5 = B3py. Assess in 3 years.

Bys < Bogy, Set catch level at the predicted catch where Bi5 = B3py. Assess in lyear.
Bcurr S BQO%
Bys > Bsgy Keep catch level at the current catch level. Assess in 3 years.

Baoy < Bys < B3y
Bcurr < B+5 S B20%
B+5 S Bcurr

Keep catch level at the current catch level. Assess in 3 years.
Set catch level at the predicted catch where Bys = B3gy. Assess in 1 year.
Set catch level at the predicted catch where B 5 = B3gy. Assess in 1 year.
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Table 3.4: Cases used for each control rule. Data generation refers to the nonlinear re-
lationship between CPUE and abundance. Perfect means that perfect information was
available when applying the control rule (biomass for model-based control rules and CPUE
for CPUE-based control rules). Low catch is 2000 tons and high catch is 4000 tons.

Model-based control rules

Operating Model Data generation Assessment
Single area B =0.6 Fix g at 1.0
Single area =10 Fix g at 1.0
Single area B8 =1.6 Fix g at 1.0
Single area B8 =0.6 Estimate (3
Single area B =10 Estimate S
Single area g =16 Estimate 8
Two-area density-dependent =10 Fix g at 1.0
Two-area density-dependent 5=1.0 Estimate 8
Two-area effort-dependent B8 =1.0 Fix 8 at 1.0
Two-area effort-dependent B8 =1.0 Estimate (3
Single area Perfect —
Two-area density-dependent Perfect —
Two-area effort-dependent Perfect —

CPUE-based control rule

Operating Model

Data generation

Catch level

Single area B8 =0.6 Low & high
Single area B =1.0 Low & high
Single area B8 =16 Low & high
Two-area density-dependent 8=1.0 Low & high
Two-area effort-dependent B8 =1.0 Low & high
Single area Perfect, 8 = 0.6 Low
Single area Perfect, 8 = 1.0 Low
Single area Perfect, 5 = 1.6 Low
Two-area density-dependent Perfect, 8 = 1.0 Low
Two-area effort-dependent Perfect, 5 = 1.0 Low
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Table 3.5: Metrics used to investigate performance of the simulations.

Metric

Description

Formula

Median status

Status of the stock in
terms of median depletion
over a defined period of
time

. By Bty Biin
Medum(BO, B By

Minimum status

Minimum depletion over a
defined period of time.

; By Bita Biyn
Mm(BO, Bos s Do

P(B<Threshold)

The probability that de-
pletion will be below the
threshold value at any
point of the defined period
of time

S h
n+1
where I =1 if g:’) < Threshold

Mean catch

The mean catch over the
time period defined.

6 — Zt-i—n C;

i=t n+1

Catch variability

The standard deviation of
the catch over the time pe-
riod defined.

DA (c;—C)”

1=t n
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Table 3.6: Medians of the minimum depletion, median depletion, average annual catch
rounded to the nearest 100 tons (AAC), and the standard deviation of the annual catch
rounded to the nearest 100 tons (SDAC) for the first 10 years of management (years 11 to
20 after fishing began) using the historical model-based control rule. The operating model
assumptions are shown as rows for each metric, and the assessment assumptions are shown
as columns within each time period.

Years 11-20 Years 21-30 Years 51-70
Perfect 8 Est Perfect 5 Est Perfect B8 Est
info fixed I6] info fixed B info fixed 8
o = 8 =0.6 0.25 0.05 0.06 0.28 0.06 0.08 0.26  0.02 0.02
= E 5 =1.0 0.25 0.14 0.12 0.28 0.18 0.13 0.26 0.11 0.04
g % B =16 025 031 0.21 0.28 0.30 0.18 0.26 0.24 0.09
S X Effort 0.26 0.36 0.28 0.27 035 0.25 0.27 025 0.14
Density 0.26 0.32 0.28 0.27 027 0.21 0.26 0.16 0.07
- B =056 0.30 0.18 0.20 0.31 0.14 0.16 0.31  0.09 0.09
c%.g =10 0.30 0.28 0.25 0.31 0.28 0.21 0.31 0.22 0.16
@ %: B =16 0.30 0.38 0.31 0.31 037 0.25 0.31 035 0.21
= A Effort 0.30 044 0.39 0.31 043 0.33 0.31 034 0.21
Density 0.31 045 043 0.30 0.36 0.29 0.31 0.27 0.16
8 =10.6 3400 5500 5200 1400 1800 1900 1800 1600 1700
O =10 3400 4100 4600 1400 1700 2000 1800 1800 1600
:g B =16 3400 2200 3700 1400 1900 2100 1800 1700 1600
Effort 4000 2600 3600 1400 1700 2100 1100 1600 1400
Density 4800 3700 4400 1300 1500 2100 1600 1700 1700
B8 =20.6 2100 3200 3000 800 600 700 1400 600 700
® =10 2100 2400 2300 800 500 700 1400 600 800
g B =16 2100 900 1700 800 500 900 1400 500 900
e Effort 3200 1200 1600 800 500 700 900 500 600
Density 4000 2000 1900 800 600 800 1200 700 600
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Table 3.7: Medians of the minimum depletion, median depletion, average annual catch
rounded to the nearest 100 tons (AAC), and the standard deviation of the annual catch
rounded to the nearest 100 tons (SDAC) for the first 10 years of management (years 11 to
20 after fishing began) using the current model-based control rule. The operating model
assumptions are shown as rows for each metric, and the assessment assumptions are shown

as columns within each time period.

Years 11-20 Years 21-30 Years 51-70
Perfect 58 Est Perfect 8  Est Perfect 5 Est
info fixed 8 info fixed B info fixed 8
= = B8 =0.6 0.36 027 0.31 0.36  0.22 0.27 0.31 0.13 0.19
=2 B=10 0.36  0.34 0.34 0.36  0.32 0.31 0.31 026 0.24
é% B =16 0.36  0.38 0.36 0.36 040 0.34 0.31 035 0.26
= A  Effort 0.46 042 0.39 0.45 0.38 0.31 0.37 0.28 0.18
Density 0.53 049 048 0.50 0.42 0.40 0.40 0.27 0.25
. B8 =0.6 042 035 0.37 0.41 0.28 0.33 0.39 0.23 0.28
= S B=10 042 040 041 0.41 0.39 0.38 0.39 037 0.33
”qa_) % B =16 0.42 045 043 0.41 047 041 0.39 045 0.36
= A Effort 0.51 049 0.46 0.50 045 0.37 0.45 0.38 0.26
Density 0.60 0.56 0.55 0.56 048 047 049 037 0.34
B =0.6 1800 3000 2600 1800 2200 2100 1700 1800 1700
O =10 1800 1900 2100 1800 1800 2000 1700 1700 1600
:E B=16 1800 1100 1800 1800 1400 1800 1700 1400 1600
Effort 1400 1800 2600 1600 1700 2200 1500 1500 1400
Density 1400 1800 2000 1500 1600 1900 1600 1600 1600
B8 =0.6 200 500 500 200 200 200 200 200 200
@) B8=10 200 300 300 200 100 100 200 100 200
S B =16 200 200 300 200 100 100 200 100 300
@ Effort 100 300 400 200 100 300 200 200 400
Density 100 300 400 200 100 200 200 200 200
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Table 3.8: Medians of the minimum depletion, median depletion, average annual catch
rounded to the nearest 100 tons (AAC), and the standard deviation of the annual catch
rounded to the nearest 100 tons (SDAC) for the first 10 years of management (years 11 to
20 after fishing began) using the current CPUE-based control rule. The operating model
assumptions are shown as rows for each metric, and the assessment assumptions are shown
as columns within each time period.

Years 11-20 Years 21-30 Years 51-70
Perfect  Low  High Perfect  Low  High Perfect  Low  High
info catch catch info catch catch info catch catch
= = B8 =0.6 0.36 0.36  0.22 0.34 0.34 0.08 0.24 024 0.01
=9 8 =10 0.36 0.36 0.23 0.34 0.34 0.16 0.26 0.26 0.12
g% B8 =156 0.37 0.37 0.30 0.39 0.39 0.29 0.36  0.36  0.27
= 8 Effort 0.46 0.43 0.33 0.45 042 0.31 0.37 0.32 0.22
Density 0.53 0.50 0.39 0.50 0.44 0.32 0.40 0.32 0.18
- B8 =0.6 0.42  0.42 0.33 0.40  0.40  0.17 0.34 0.34 0.07
g 2 B8 =10 0.42  0.42 0.33 0.40  0.41 0.23 0.36  0.37 0.19
é % 8=156 0.43 0.43 0.36 0.45 0.45 0.36 0.45 0.45 0.35
= A Effort 0.51 0.50 0.41 0.50 0.48 0.38 0.45 0.41 0.29
Density 0.60 0.57 0.49 0.56  0.51 0.39 0.49 0.42 0.26
B8 =0.6 2000 2000 4000 2000 2000 4000 2000 2000 1800
O 5=1.0 2000 2000 4000 2000 2000 2600 2000 1900 1900
:ﬁ: B8 =16 1700 1700 2700 1600 1600 1900 1600 1600 1700
Effort 1400 1800 3200 1600 1800 2000 1500 1600 1600
Density 1400 2000 3500 1500 1900 2300 1600 1800 2000
8 =0.6 0 0 0 0 0 100 0 0 1300
@) B8 =10 0 0 0 0 0 700 100 100 900
g B8 =156 200 300 900 200 200 600 300 300 900
@ Effort 100 100 900 200 100 800 200 200 900
Density 100 100 600 200 100 600 200 200 900
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3.6 Figures
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Figure 3.1: Movement rates from the available area to unavailable area and the unavailable
area to available area as a function of harvest rate for the effort-dependent two-area model
(top row) and as a function of density in the available area for the density-dependent two-

area model (bottom row).
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Figure 3.2: The current control rules based on the New Zealand harvest strategy standard
(Ministry of Fisheries 2008a). The model-based control rule (a) is dependent on depletion.
The CPUE-based control rule (b) is dependent on CPUE. The target is 0.3, the threshold
is 0.2865, the soft limit is 0.2 (although it was not used), and the hard limit is 0.1.



118

Depletion

-200 -150 -100 -50
Year

Figure 3.3: Simulated trajectory for the single area model and a constant exploitation
rate for the last 10 years. The mean trajectory is shown as the dark dotted line and the
light dotted lines represent the 5th and 95th quantiles. The light gray lines are individual

simulated trajectories.
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Figure 3.4: Trajectories of depletion for total, available, and unavailable spawning biomass
relative to the total unfished equilibrium spawning biomass from deterministic two-area
effort-dependent (a) and two-area density-dependent (c¢) models. Shown on the right (plots
b and d) are the differences of the natural log of the available spawning biomass from one
year to the next divided by the difference in the natural log of the total spawning biomass for
the same years. Values above one indicate that available biomass was changing faster than
total biomass (hyperdepletion) while values below one indicate the opposite (hyperstability).



120

Historical Current Current
Model-based Model-based CPUE-based
— Assess [} fixed — Assess [ fixed = |ow catch
= = Assess [ est = = Assess 3 est = = High catch
8 © Perfect knowledge - Perfect knowledge «  Perfect knowledge
= o
F 0
ey
23
n
£9
Fu
ey
23
0
8¢
Fu
ey
==
0
—
c
3
© =
52
| ©
7
5
=
L
)
c
]
2
©
02
(<)
| ©
o
F2
c
(]
o

0O 10 20 30 40 50 60 70 10 20 30 40 50 60 70

Simulation Year

10 20 30 40 50 60 70

Figure 3.5: Median depletion trajectories with 5th and 95th quantiles from simulations
using different operating model assumptions (rows) using the historical model-based (left),
current model-based (middle), and current CPUE-based (right) control rules. The vertical
line shows when management using the control rule began, and the horizontal dashed line
is 30% By for reference.
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Figure 3.6: The probability of the true depletion for the single-area (left column) and two-
area models (middle and right columns) being below the 30% (top) and 10% (bottom) for
each year when using the historical model-based control rule. The assessment-based control
rules, with and without estimating 3, are shown along with perfect knowledge of abundance

applied to the control rule.
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each year when using the current model-based control rule. The assessment-based control
rules, with and without estimating /3, are shown along with perfect knowledge of abundance
applied to the control rule.
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Figure 3.10: The probability of the true depletion being below the targets of 30% (top)
and 10% (bottom) for each year that fishing occurred in the future analysis when using the
CPUE-based control rule with the single-area and two-area operating models (columns).
The low catch is 2000 metric tons and is near the MSY catch target and the high catch is
4000 metric tons. Perfect knowledge assumes that CPUE is exactly known and the catch

target is 2000 metric tons.
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CONCLUSIONS

The three main chapters of research in this dissertation focused on the relationship
between CPUE and abundance for long-lived species by investigating real data from orange
roughy fisheries, examining assessment models that estimate the nonlinear relationship, and
finally exploring the outcomes of different management systems when choosing to estimate
a nonlinear relationship between CPUE and abundance. Many studies to date have focused
on the hyperstable relationship between CPUE and abundance, which is considered to be
risky due to a false impression that the stock is remaining at a higher abundance (Bannerot
and Austin 1983; Cox and Kronlund 2008; Crecco and Overholtz 1990; Crecco and Savoy
1985; Harley et al. 2001; MacCall 1976; Peterman and Steer 1981; Rose and Leggett 1991;
Swain and Sinclair 1994; Ulltang 1980; Winters and Wheeler 1985). Fewer studies have
investigated or found hyperdepletion, which gives a false impression that the stock is more
depleted than it actually is when being fished down (Ahrens and Walters 2005; Davies and
Jonsen 2011; Hilborn and Walters 1992; Sosa-Lopez and Manzo-Monroy 2002; Walters 2003).
The research in the dissertation equally investigated hyperstability and hyperdepletion in
simulation studies using a power function to model the relationship between CPUE and

abundance
U = aN? (3.1)

Chapter 1 used data from four orange roughy fisheries in New Zealand and Australia
to investigate the relationship between CPUE and abundance and estimate 3. The results
indicated that CPUE is likely to decline faster than abundance in the early part of a fishery
for orange roughy, which may lead to a pessimistic view of the stock status as well as the
fishery after a number of years of fishing. Hyperdepletion was unexpected for an aggregating
species, and these results can not only be used to more accurately determine the historical
biomass trend, but may also be applicable to other species of fish, such as oreos (family

Oreosomatidae), which are commonly associated with orange roughy in catches and also
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form feeding and spawning aggregations near seamounts. This study provided a realization
of the potential bias in an assessment due to the nonlinear relationship between CPUE
and abundance if a nonlinear parameter modeling density-dependent catchability was not
incorporated into the assessment. Furthermore, the results from Chapter 1 provided a
range of possible values for 5 and also presented a prior distribution which may be used in
a Bayesian analysis relating CPUE to abundance for orange roughy or similar species.

Chapter 2 showed that assessment models perform differently when estimating g in the
relationship between CPUE and abundance, and priors may improve estimation error but
may also lead to bias. In addition, fishery-independent surveys improve estimates of 5, and
there is more information about the nonlinearity in CPUE when a stock is more depleted. An
unintuitive result was that additional uncertainty in the CPUE data improved estimates
of B. Increasing the variability on the CPUE data lessened the influence of those data,
allowing the model to put more weight on the prior distribution (if it was informative) and
the survey data, which was proportional to abundance. This result was most prevalent
in the proportional and hyperdepletion scenarios using models that assumed deterministic
recruitment.

Supplying information on the amount of nonlinearity in the relationship between CPUE
and abundance to the estimation model in the form of an informative prior distribution
resulted in fewer extreme values and more precise estimates of 3, but resulted in some
bias. With CPUE data providing the only information in an assessment, the estimates of
B degraded, but an informative prior distribution improved the estimates. An informative
prior distribution was useful when estimating nonlinearity in the CPUE, especially when
limited data were available, but it must be appropriate, justifiable, and wide enough to
support all possible values of j3.

The management strategy evaluation from Chapter 3 showed that there is a trade-off
between conservation and utilization management objectives with regard to the choice of
estimating a nonlinearity parameter, 3, for the relationship between CPUE and abundance,
or assuming that CPUE is proportional to abundance. These trade-offs were dependent
on the underlying true relationship. A hyperstable relationship resulted in a high risk to

the stock because changes in abundance were more difficult to detect and abundance was
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perceived to remain high, often resulting in catches that were too high to meet conservation
objectives. Estimating £ in a hyperstable scenario reduces the risk to the stock because
catches are often lower, although the risk remained higher than a proportional or hyperde-
pletion scenario, which is likely due to lack of contrast in the CPUE data. Conversely, with
hyperdepletion, the risk to stock status was low because the perception of the stock was
more pessimistic and catches were less than optimal for the depletion target. Estimating
B when hyperdepletion was present increased the yield, but also increased the conservation
risk to the stock. Compared to the case where CPUE was proportional to abundance and
was assumed proportional in model-based assessments, the hyperdepletion scenario showed
a similar risk to stock status when § was estimated, but the hyperstable scenario always had
more risk regardless if 5 was estimated or not. Overall, estimating 8 brought the catches
and depletion levels closer to target when nonlinearity was present, but increased variability
in catches. In the short-term (immediately following implementation of the control rule)
catches were variable among scenarios with highest catches in the hyperstable scenarios and
lowest catches in the hyperdepletion scenarios. In the long-term, catches were much less
variable across scenarios, but the depletion was much more variable. Estimating 3 reduced
the differences in catch across scenarios, but the hyperstable case still resulted in the most
depleted stock, and the hyperdepletion case resulted in the least depleted stock. Estimating
B resulted in little difference in the long-term catches when compared to not estimating .

It is useful to investigate the relationship between CPUE and abundance for a better
understanding of the risks that may be present. An investigation may specifically look at
the relationship between CPUE and abundance (Harley et al. 2001; Wilberg and Bence
2006) or draw conclusions by examining fish and fisher behavior (Paloheimo and Dickie
1964; Rose and Kulka 1999; Winters and Wheeler 1985). However, making inference of the
relationship between CPUE and abundance based solely on life-history characteristics or fish
behavior may be inconclusive. For example, orange roughy aggregate in dense spawning and
feeding aggregations which are targeted by the fishery which has been thought to lead to a
hyperstable relationship, but could also lead to hyperdepletion if small localized aggregations
are fished out (Francis and Clark 2005).

Nonlinearity in the relationship between CPUE and abundance can often result in con-
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tradictory information on stock status from a CPUE series and a survey series (for example,
see the description given by Hilborn and Walters (1992, page 533) of the northern cod fish-
ery). Francis (2011) suggested that if survey and fishery abundance data appear to be con-
tradictory, then separate assessments should be done using only subsets of the abundance
data, unless a data set is obviously unrepresentative. Hilborn and Walters (1992) warn
against averaging across datasets and suggests presenting a decision table to managers with
alternative hypotheses. As noted by Francis (2011), it may be difficult to portray an accu-
rate level of uncertainty when presenting multiple assessments, and furthermore, detecting
unrepresentative data is not straightforward. The simulations in this dissertation took an
additional approach to conducting two separate assessments, and introduced a slightly more
complicated model to explain the differences between two abundance indices. I showed that
estimating a nonlinearity parameter resulted in improved estimates of depletion and trend
in abundance. In addition, estimating this parameter allowed for a better representation of
the uncertainty that would otherwise be difficult to portray using two separate assessments.
The key is to understand the processes that may require a particular data set to be modeled
differently. That understanding can also help create useful prior distributions for certain

parameters.

Caveats and future work

The power function may not be the best choice for modeling the relationship between
CPUE and abundance, especially if catchability is not a simple function of biomass. Other
modeling techniques, such as time-varying catchability (Wilberg et al. 2010), may improve
estimation performance and management goals. For example, catchability may increase
over time through experience, knowledge, and increases in technology, refugia may play a
role in changing catchability, or catchability may have a different relationship with biomass
depending on whether the stock is decreasing or increasing. Regardless, there are many
reasons why catchability may change over time, and even though the power model used
here is simple and parsimonious, more complicated methods may be warranted when the
appropriate data are available.

Developing a prior distribution for 5 in Chapter 1 used only survey and CPUE data from
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orange roughy fisheries and made some simplifying assumptions about selectivity. Data
from other orange roughy stocks, when available, or from additional deepwater species with
similar behavior to orange roughy, such as oreos, could be combined into a meta-analysis
of nonlinearity between CPUE and abundance. Also, a more complicated age-structured
model could incorporate length or age data in addition to the index data already used.
However, the results from Chapter 1 captured a wide uncertainty that is present due to
uncertainties in the data.

The estimation models used for the simulations in Chapters 2 and 3 made some assump-
tions that may have limited the analyses. Determinisitc recruitment was assumed for two
of the estimation models, and all three models fixed many parameters at the true values
of the population. Francis (2012) points out that assuming the same parameter values in
the operating and estimation models is a weakness in simulation studies because there will
always be misspecification, at least in fish stock assessment models. The MSE in Chapter
3 varied the selectivity parameters in the estimation to introduce more realistic error, but
other parameters remained fixed. It is unknown how the estimates of 5 would change when
other parameters are incorrect or estimated, but it is likely that estimates of 8 will likely be
more uncertain and biased as this parameter attempts to correct for other misspecifications.

Another common source of uncertainty in management strategy evaluations that was
not accounted for in this study was implementation error in the management decision.
The assumption that the exact catch is taken every year is an unlikely assumption. For
example, New Zealand regulations specify an annual catch entitlement (ACE) for each
fisher, and if the fisher exceeds their ACE, they can either buy more if it is available, or
pay a deemed value for the amount of catch that exceeded their ACE. Additionally, due to
precautionary, economic, or social concerns, managers may make the decision to alter the
exact catch as specified by the control rule. A common management decision is to cap the
total allowable catch as a precautionary measure when the stock is predicted to be very
large or limit the amount of change in catch from one year to the next (i.e., Butterworth
et al. 1997). Implementation error could be modeled as a probability distribution with a
possible truncation to limit the high predicted catches. Adding a cap on the catch may also

be implemented specifically as part of a control rule, and it would likely decrease the risk
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to the stock.

This dissertation could be further expanded by investigating other species. For example,
the West Coast of the United States manages deepwater species that are also long-lived and
show a wide range of life-histories and productivity (e.g., Hilborn et al. 2002; Punt et al.
2008; Tanelli 2002). We used proxies for reference points as they are currently used in New
Zealand (Ministry of Fisheries, 2011), but the true reference points and stock risk are greatly
influenced by the stock-recruit relationship (Cox and Kronlund 2008; Maunder 2012; Punt
et al. 2008). The value of steepness used here, 0.75, may be higher than typical for long-
lived, low productivity species like orange roughy (Sissenwine and Mace 2007) and future
management strategy evaluations may want to investigate the robustness of the management
strategy to various values of steepness and other life-history parameters. Additionally, Clark
(1993) found that higher SPRyssy /SPRy ratios might be needed due to serially correlated
recruitment, which was not investigated here. An even less productive species with serial
recruitment may need more precautionary reference point proxies (Koslow 1989).

Overall, the decision of whether or not to account for nonlinearity is based on the as-
sumptions and risks one is willing to make, the potential loss in yield, and the misperceptions
that may result. Hyperstable scenarios are especially risky and should always be accounted
for, or at least acknowledged. Hyperdepletion scenarios, on the other hand, may appear
to be of less concern, due to reduced conservation risk, but the negative consequences of
reduced yield, at least in the short term, and a pessimistic view of the stock status, and
thus the management system, make it worthwhile to at least acknowledge the potential for

hyperdepletion and that not accounting for it is chosen as part of the management strategy.
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Appendix A
STOCK-SPECIFIC DATA FOR THE META-ANALYSIS (CHAPTER 1)

The four stocks used in the meta-analysis are described below. The catches for these
four stocks, adjusted for overruns due to misreporting and lost fish from burst nets, are

shown in Figure A.1.

East Chatham Rise (ECR)

The East Chatham Rise orange roughy stock (ECR) is represented by a rotated “L” shaped
area on the eastern most portion of the Chatham Rise and has historically produced very
large catches (greater than 15 000 tonnes in some years), as seen in Figure A.1. The early
years of the fishery on the Chatham Rise consisted of catches mainly from the Spawning Box
sub-area, where a large aggregation of orange roughy forms each spawning season (Ministry
of Fisheries 2007). After 1992, catches declined in this sub-area due to catch-limits imposed
by an agreement between industry and the New Zealand Minister of Fisheries. Fishing
shifted eastward to the East Hills and Andes sub-areas during that time, but catches in the
Spawning Box sub-area have recently increased, although they are not as large as in the
1980s.

Previous stock assessments have assumed that orange roughy migrate from the East
Chatham Rise to spawn in the Spawning Box, and indices of abundance from the Spawning
Box are indicative of changes in the entire East Chatham Rise orange roughy stock (Francis
2001). However, recent analyses of CPUE in the hillier East Rise areas showed different
CPUE trends that could not be accounted for in a single stock assessment, thus the 2007 as-
sessment split the ECR area into three independent sub-areas to account for these different
trends, even though the sub-areas are not likely to be unique stocks (Ministry of Fisheries
2007). Recent stock assessments have indicated that the biomass may currently be increas-

ing in this area (Ministry of Fisheries 2007) and stock status is currently estimated around



146

40% of the unfished stock size. However, many scientists and managers are skeptical of the
recent increase in biomass shown in the assessment because there are no data that explicitly
support this.

Three CPUE series were included for the East Chatham Rise: Spawning Box, Eastern
Flats, and East Hills (Table A.1). Details of these analyses can be found in Dunn (2007).
The CPUE series for the East Rise was calculated using catches from the Spawning Box
during the spawning season and covers the fishing years 1982-83 through 1987-88, 1989—
90 through 1991-92, and 1995-96 through 1998-99. The last four years were considered
unreliable because they were based on few tows and the trend was dissimilar to the trend in
CPUE seen on the East Rise. Therefore, these years were also removed from this analysis to
be consistent with the 2007 assessment (Ministry of Fisheries 2007), and because the data
were considered unreliable on issues not related to modeling catch-rates and abundance.

The fishery-independent abundance data for the ECR stock consisted of a trawl survey
series and two acoustic estimates (Table A.2). The trawl survey series was performed by
three different vessels and prior distributions have been developed linking the catchability
for the three vessels. The two acoustic surveys included for this stock were fit using a

lognormal prior for a single estimated catchability.

Mid-East Coast (MEC)

The Mid-East Coast (MEC) orange roughy stock stretches from Cape Runaway to Banks
Peninsula, east of New Zealand, and is composed of orange roughy management areas ORH
2A South, ORH 2B, and ORH 3A. Catches began in the Wairarapa region in 1981-82
where small spawning aggregations have been observed, but the majority of catches since
1988 have been taken from the Ritchie Hill and Rockgarden regions in ORH 2A South, which
appears to be the main spawning area. Some fishing has occurred outside of the spawning
season on the flats of Madden Bank to the southwest of Ritchie Hill (Anderson et al. 2002).
Catches exceeded 10 000 tonnes for a number of years until catch limits were agreed upon
by the fishing industry and the Ministry of Fisheries in 1994-95 (Figure A.1). Recent stock
assessments predicted the 2003-04 biomass to be between 14 and 41% of unfished biomass,
depending on how CPUE data were used (Ministry of Fisheries 2007).
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The “2007 early” CPUE series from Ministry of Fisheries (2007) was used in this analysis,
except that the first four observations (1983-84 to 1986-87) were removed (Table A.3).
These observations were removed a priori because of reasons associated with the underlying
data collection. Unreported catches in this area, typically due to fish lost from burst nets
with very large catches, were believed to be greater than 30% until 1988, area 2AS became
the main area in 1987 and has remained the main area since, an assessment in 2002 Anderson
et al. (2002) stated that the indices prior to 1990 were “less reliable,” the unstandardized
catch rate in area 2AS increased until 1988, and the percent of catch by area stabilized in
1987 and onwards. This left nine years of CPUE data, as reported in Table A.3.

Fishery-independent abundance data for this stock consisted of three relative abundance
estimates: a spring trawl survey series, one absolute abundance estimate from an egg survey
(the catchability coefficient is fixed at one), and two relative abundance estimates from
acoustic surveys (Table A.3). The acoustic surveys were carried out using different designs,
but priors for the catchability coefficients have been developed to allow for each catchability
coefficient to be estimated with a single survey point (New Zealand Ministry of Fisheries

Deepwater Working Group, pers. comm.).
Northwest Chatham Rise (NWCR)

The Northwest Chatham Rise is directly west of the Spawning Box on the East Chatham
Rise and contains an area of seamounts near 180 degrees longitude known as the Graveyard.
The NWCR fishery is composed of hill and flat tows with historic annual catches typically
less than 4 000 tonnes and catches have leveled at about 2 400 tonnes since the mid 1990’s
(Figure A.1). The most recent stock assessment estimated stock status between 9 and
39 percent of unfished biomass, depending on the assumptions made and data included
(Ministry of Fisheries 2007).

The standardized CPUE series for the NWCR was calculated from catch and effort data
that excluded short tows on aggregations around hills in the Graveyard complex (Table A.4).
It was believed that tows on flat ground (represented by a longer tow time) were more
representative of the abundance of orange roughy for this stock (Ministry of Fisheries New

Zealand Deepwater Working Group, pers. comm.). The assessment for the stock in this area
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(Ministry of Fisheries 2007) omitted the first three years of CPUE in an attempt to reduce
the effects of the common quick reduction in CPUE seen in orange roughy fisheries, even
though no issues with the CPUE data were determined. All years of data were included for
this stock in the meta-analysis because the purpose of this analysis is to determine how the
quick initial decline in CPUE relates to the abundance and if it can be accounted for.
Fishery independent biomass estimates are available from an egg survey in 1996 and
acoustic surveys in 1999, 2002, and 2005 (Ministry of Fisheries 2007, Table A.4). The egg
survey was assumed to be absolute with a large amount of error. The catchability coefficient

for each acoustic survey was estimated, but with a prior (Ministry of Fisheries 2007).
Eastern Zone (AUS)

The Eastern Zone in Australia contains two major seamounts, St. Helen’s Hill and St.
Patrick’s Head, which have supported large spawning aggregations of orange roughy. The
2002 assessment (Wayte and Bax 2002) assumed that the area was a single stock of orange
roughy, but they also explored the hypothesis that St. Helen’s Hill and St. Patrick’s Head
may contain separate stocks. Estimates of depletion in 2001 ranged from 7% to 13%,
depending on the assumptions of stock structure and the data used. For the hierarchical
meta-analysis done here, we assumed that orange roughy in the Eastern Zone are from a
single stock.

A CPUE series was available for the years 1989-1999 and was created from catch-per-
shot data using vessels that reported catches in the Eastern Zone (containing St. Helen’s
Hill and St. Patrick’s Head) for at least 5 years, including at least 2 of the last 4 years
(Wayte and Bax 2002). Records with zero effort, zero catch, depth less than 500 m, or
effort greater than 10 hours were not used in a linear model relating the log of effort,
quarter, year, and vessel to the log of catch. Inflated coefficients of variation of 0.4 were
assigned to the CPUE estimates when used in previous assessments of Eastern Zone orange
roughy (Wayte and Bax 2002), but the original estimates of CV from the linear model were
used in the meta-analysis described here (Table A.5).

Fishery-independent abundance estimates for the Eastern Zone stock included an acous-

tic biomass series and an egg survey estimate (Table A.5). The egg survey was done in 1992
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to estimate the spawning biomass off St. Helen’s hill and was increased by 5% by Wayte and
Bax (2002) to account for possible egg loss. Biomass estimates from hull mounted acoustic
surveys were made at St. Helen’s Hill by the Australian Commonwealth Scientific and In-
dustrial Research Organization (CSIRO) in 1990, 1991, 1992, 1993, and 1996, with a limited
survey of St. Patrick’s Head in 1996, and a joint CSIRO/industry survey of St. Helen’s Hill
and St. Patrick’s Head in 1999 (for biomass estimates used in the assessment see Wayte and
Bax (2002); for acoustic methodologies see Kloser et al. (1996)). A significant proportion of
the spawning orange roughy biomass was on St. Patrick’s Head in the 1996 and 1999 surveys
indicating that St. Helen’s Hill may not provide a consistent index for this stock of orange
roughy. Therefore, the St. Helen’s Hill acoustic biomass was increased by the proportion of
total commercial catch taken off St. Patrick’s Head in each survey year. In addition, the
1990 acoustic biomass was increased by 30% to account for a decreased proportion of fish
spawning in that year compared to other years. A CV of 0.4 was assigned to the acoustic
biomass estimates in the 2002 assessment to include the sampling variation estimated from
the survey and other uncertainties such as species identification. We assumed that the egg
survey was absolute as was done in the 2002 assessment (Wayte and Bax 2002), because
although it was designed to estimate the biomass on St. Helen’s Hill, the 1992 combined
acoustic survey estimate was only 4% larger than the St. Helen’s only survey estimate. The
combined acoustic series was considered as one consistent time series with a single estimated
catchability coefficient (ga,, ), and we used the assumed CV of 0.4 because no other values

were available.
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Table A.1: Catch (mt) and CPUE indices for the Eastern Chatham Rise stock. Year refers
to the latter part of the fishing year (i.e, 1979 refers to 1 October 1978 to 30 September
1979). Coefficients of variation (CV) were those used in the 2007 assessment (Ministry of
Fisheries 2007) without additional error from unobserved processes added in.

Year | Catch | Spawning Box | Eastern Flats East Hills
Value CV | Value CV | Value CV

1979 | 15 338
1980 | 37 820
1981 | 20 930 18.9 0.21
1982 | 22 620 17.1 0.21
1983 | 6 760 17.7 0.21 1.6  0.12
1984 | 21 450 18.0 0.21 1.3 0.08
1985 | 25 350 20.9 0.21 1.3 0.09
1986 | 27 010 14.3 0.21 1.0  0.06
1987 | 28 470 13.7 0.21 0.7 0.06
1988 | 19 590 14.4 0.21 0.6 0.07

1989 | 24 160

1990 | 20 760 5.9 0.21

1991 | 14 040 8.6 0.22 5.75 0.21
1992 | 14 310 6.8 0.23 292 0.21
1993 | 5290 3.17 0.23
1994 | 5400 2.48 0.22
1995 | 4 210 1.43 0.20
1996 | 3990 1.33 0.21
1997 | 3790 1.15 0.19
1998 | 4 830 0.52 0.18
1999 | 2790 0.80 0.17
2000 | 4 840 0.86 0.14
2001 3 680 1.00 0.14
2002 7 040 0.75 0.12
2003 7 460 0.56 0.13
2004 | 7240 0.52 0.14

2005 | 7440 0.54 0.15
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Table A.2: Fishery-independent abundance estimates (mt) for the Eastern Chatham Rise
stock. BUC, COR, and TAN refer to trawl surveys done by the vessels F//V Otago Buc-
caneer, F/V Cordella, and R/V Tangaroa, respectively. Coefficients of variation (CV) are
given without additional error from unobserved processes and “Year” refers to the latter
part of the fishing year (i.e, 1979 refers to 1 October 1978 to 30 September 1979).

Year BUC COR TAN Acoustic
Value CV | Value CV | Value CV | Value CV

1979
1980
1981
1982
1983
1984 | 130 000 0.17
1985 | 111 000 0.15
1986 | 77000 0.16
1987 | 60 000 0.15
1988 73000 0.25
1989 54 000 0.18
1990 34 000 0.19
1991
1992 22 000 0.34
1993
1994 61 000 0.67
1995
1996
1997
1998 60 800 0.31
1999
2000
2001
2002
2003
2004 49 200 0.23
2005
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Table A.3: Catch (mt), CPUE indices, and fishery-independent abundance estimates (mt)
for the Mid-East Coast stock. Year refers to the latter part of the fishing year (i.e, 1979
refers to 1 October 1978 to 30 September 1979). Coefficients of variation (CV) were those
used in assessments reported by Ministry of Fisheries (2007) without additional error from
unobserved processes added in.

Year | Catch CPUE Trawl Egg Acoustic
Value CV | Value CV | Value CV | Value CV

1982 720
1983 | 4 892
1984 | 9654
1985 | 11 336
1986 | 10 918
1987 | 11 484
1988 | 12 604 1.90 0.05
1989 | 11 721
1990 | 12 620 1.45 0.05
1991 | 11 486 1.16  0.05
1992 | 11 109 0.80 0.05 | 7073 0.28
1993 | 9924 0.67 0.05 | 4823 0.15 | 22000 0.49
1994 | 7219 0.52 0.05 | 5129 0.18
1995 | 6 007 0.35 0.05
1996 1985 0.33 0.05
1997 | 2228 0.56 0.05

1998 | 2 352
1999 | 2 387
2000 | 2643
2001 1840 25300 0.38
2002 1555
2003 930 6 460 0.38
2004 930

2005 1 545
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Table A.4: Catch (mt), CPUE indices, and fishery-independent abundance estimates (mt)
for the Northwest Chatham Rise stock. Year refers to the latter part of the fishing year (i.e,
1979 refers to 1 October 1978 to 30 September 1979). Coefficients of variation (CV) were
those used in assessments reported by Ministry of Fisheries (2007) without additional error
from unobserved processes added in.

Year | Catch CPUE Egg Acoustic
(mt) | Value CV | Value CV | Value CvV
1980 1 560

1981 | 10 920 1.34 0.28
1982 | 9100 1.61 0.25
1983 | 7020 0.96 0.24
1984 | 4 290 0.60 0.24
1985 | 2 340 0.89 0.25
1986 | 4 736 1.09 0.25
1987 | 4032 0.80 0.24
1988 | 1984 0.58 0.24
1989 | 4 636 0.44 0.25
1990 | 3 960 0.68 0.24
1991 1725 0.67 0.26
1992 330 0.46 0.33
1993 | 4 180 0.38 0.35
1994 | 3 850 0.43 0.34
1995 | 2520 0.42 0.27
1996 | 2520 0.22 0.34 | 49000 0.80
1997 | 2 310 0.40 0.26
1998 | 2415 0.31 0.26
1999 | 2835 0.18 0.28 29 000 0.425
2000 | 2205 0.22 0.30
2001 2730 0.19 0.27
2002 | 2310 0.17 0.27 42 000  0.63
2003 | 2310 0.13 0.28
2004 | 2100 0.16 0.28
2005 1680 0.15 0.28 9100 040
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Table A.5: Catch (mt), CPUE indices, and fishery-independent abundance estimates (mt)
for the Australian Eastern Zone stock. Coefficients of variation (CV) were those used in
assessments reported by Wayte and Bax (2002).

Year | Catch CPUE Egg Acoustic
(mt) | Value CV | Value CV | Value CV

1985 6

1986 33

1987 310

1988 1949

1989 | 26 236 | 2.66 0.29

1990 | 23 200 4.42 0.24 50 180 0.40

1991 | 12 159 0.52 0.23 31270 0.40

1992 | 15 119 1.94 0.23 | 39955 0.50 | 20 904 0.40

1993 | 5151 0.35 0.20 8829 0.40

1994 | 1 869 1.11 0.22
1995 1959 0.74 0.18
1996 1998 0.20 0.20 9372 0.40
1997 | 2063 0.60 0.18
1998 1 968 0.58 0.22
1999 1952 0.31 0.23 9471 0.40
2000 | 1996
2001 1823
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Figure A.1: Catches (000 mt) by year of orange roughy from four differ-
ent stocks: East Chatham Rise (ECR), Mid-East Coast (MEC), Northwest
Chatham Rise (NWCR), and Australia’s Eastern Zone (AUS).
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Appendix B

STOCK SPECIFIC RESULTS FOR THE META-ANALYSIS
(CHAPTER 1)

East Chatham Rise (ECR)

The 2007 age-structured assessment of the East Chatham Rise stock (Ministry of Fisheries
2007) was used for comparison to these results, and is labeled as ‘CASAL’, based on the
modeling software used. CPUE was assumed proportional to abundance in that assessment,
and the ECR area was split into three subareas with each one assessed individually. The
overall depletion was 51% and the median unfished biomass was 377 000 metric tonnes when
adding up the abundance estimates for the three substocks from runs that used all available

data (Table B.1).

The median predicted biomass trajectory from this study for the East Chatham Rise
stock and the CPUE and survey data are shown in Figure B.1. The variability of the
predicted biomass was large with CV’s ranging from 68% to 80%. The median predicted
biomass trajectory fit the CPUE series well, but the trawl survey trends were steeper than
this trajectory. The absolute egg survey was much greater than the predicted biomass and

the acoustic surveys were both lower than the median predicted biomass trajectory.

The posteriors for depletion (mid-year biomass in 2005 divided by mid-year unfished
biomass) and unfished biomass are also shown in Figure B.1. Depletion was lower than that
predicted in recent assessments and unfished biomass was generally greater (Table B.1).
Uncertainty was large in the state-space model and the 2.5% and 97.5% quantiles from the
CASAL model (Ministry of Fisheries 2007) were encompassed within the 2.5% and 97.5%
quantiles from the SSM model (quantiles were used for comparison because that is what is
reported in the stock assessment reports). The posterior for unfished biomass was highly
skewed with a small probability of some very large stock sizes greater than 2 million tonnes.

Comparing the CASAL assessment to the state-space model for this stock is difficult because
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the CASAL assessment split the area into three sub-areas and assessed each individually.
Nevertheless, the CASAL assessments for the Spawning Box area (which contains the bulk
of the overall biomass) generally showed a decrease in biomass until the early 1990s, after
which the biomass began to increase, resulting in the low amount of depletion. The SSM
model for the entire East Chatham Rise area showed a decline until the late 1990s followed

by a stabilized level of biomass, resulting in a more depleted stock.

Mid-East Coast (MEC)

Recent assessments of the Mid-East Coast stock were done by two different organizations
and are referred to as the CASAL and Awatea assessments, based on the modeling software
used (Ministry of Fisheries 2007). The CASAL assessment was done in 2004 and reported
2004 biomass estimates, while the Awatea assessment was updated in 2005 and reported
2004 as well as 2005 biomass estimates. Mid-year biomass estimates for the year 2004 from
runs done by both organizations which assumed that CPUE was proportional to abundance
and runs done by both organziations which estimated a nonlinearity parameter are reported
in Table B.1 for comparison to the SSM results. The overall depletion was near 17% when
CPUE was assumed to be proportional to abundance and either 30% or 24% for the CASAL
and Awatea runs, respectively, when a nonlinearity parameter was estimated. Unfished
spawning biomass from these assessments was estimated near 100,000 metric tonnes.

The median predicted biomass trajectory from the state-space model for the Mid-East
Coast stock and the CPUE and survey data are shown in Figure B.2. The variability of
the yearly predicted biomass was not as large as for the ECR stock, with CV’s ranging
from 34% to 63%. The median predicted biomass trajectory fit the CPUE series and trawl
surveys well, and the most recent acoustic survey was quite low. The median predicted
biomass was also higher than the absolute egg survey, but was well within the confidence
bounds.

The posteriors for depletion and unfished biomass are also shown in Figure B.2. Esti-
mated depletion was similar to depletion reported for recent assessment runs where a similar
nonlinearity parameter () was estimated, but less depleted than runs where CPUE was

assumed linear to abundance (Table B.1). Uncertainty was much larger in the state-space
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model, which generally encompassed all CASAL and Awatea assessment runs within the

2.5% and 97.5% quantiles of the estimated posterior distributions.
Northwest Chatham Rise (NWCR)

The 2005 assessment of the Northwest Chatham Rise (NWCR) stock (Ministry of Fisheries
2007) was compared to the results from the state-space model. Mid-year biomass estimates
are reported in Table B.1 for the year 2006 from runs which used CPUE data only, survey
data only, or both together. When used, CPUE was always assumed to be proportional
to abundance. The overall depletion was high (9-11%) when CPUE was used, and much
less (31%) when CPUE was omitted. Unfished spawning biomass was about 54 000 metric
tonnes when CPUE data were included, and 80 000 metric tonnes when omitted.

The median predicted biomass trajectory from the state-space model for the Northwest
Chatham Rise stock and the CPUE and survey data are shown in Figure B.3. The variability
of the predicted biomass was large with CV’s ranging from 65% to 76%. The median
predicted biomass trajectory fit the CPUE series relatively well, especially in more recent
years. The point estimate of the median predicted biomass was very close to the absolute
egg survey even with a large amount of variability assigned to it. The median predicted
biomass was above the low estimate from the acoustic survey in 2005 and was nearly outside
of the confidence interval calculated from the total variability.

The median depletion from the estimated posterior distribution was 0.21, which was
in-between the previous assessment results when only survey or only CPUE data were
included (Table B.1). Median unfished biomass was 147 000 tonnes, greater than estimated
in the previous assessment. The variabilities for the posterior distributions for depletion and
unfished biomass were high and encompassed all of the results from the previous assessment

(Figure B.3 and Table B.1).

Eastern Zone (AUS)

Results from the 2002 assessment of the Eastern Zone of Australia stock (Wayte and Bax
2002) were compared to the results from the state-space model (Table B.1). Mid-year

biomass estimates are reported in Table B.1 for the year 2001 from runs which assumed
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one stock and one fishery, and either included or omitted age data. CPUE was not used
in the 2002 assessment. The most recent estimated depletion was low (10-13% of By) and
unfished spawning biomass was between 87 000 and 110 000 metric tonnes.

The median predicted biomass trajectory for the Eastern Zone of Australia stock and the
CPUE and survey data are shown in Figure B.4. The variability of the predicted biomass
was very large with CV’s ranging from 0.86 to 1.45. Some of this uncertainty was likely due
to the inter-annual variability in the CPUE series and the uniform prior on the natural log
of the acoustic catchability. The overall trend was a decline in CPUE, but adjacent years
showed considerable differences that cannot be explained only by a change in biomass. The
absolute egg survey was slightly less than the median predicted biomass, and the acoustic
survey showed a faster decline than the median predicted trajectory with all of the last four
years being less than the median predicted biomass.

A large amount of uncertainty was present in the estimates of depletion and biomass
for the Australian stock. The median depletion in 2001 was 0.20 and the median unfished
biomass from the estimated posterior was 175 000 tonnes with a long right tail containing a
small probability (Figure B.4). The probability that unfished biomass was less than 500 000

tonnes was 0.85.
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Table B.1: The medians of the posterior distributions for the unfished biomass (By), last pre-
dicted biomass (Bjast), and depletion (last predicted biomass divided by unfished biomass)
from recent assessments (Ministry of Fisheries 2007; Wayte and Bax 2002) and the state-
space model with all stocks (SSM results are in bold). The 2.5% and 97.5% quantiles are
given in parentheses for comparison because that is what is reported from the stock assess-
ments. For the ECR stock, the assessment results were summed over results from the three
sub-areas. Bj,st was the year 2006 from the assessments for ECR and NWCR stocks while
the last year was 2005 in the SSM model for these stocks. The last year was 2004 for all
models of the MEC stock and 2001 for the AUS stock. Estimates of 5 are shown for the
three CPUE series from the ECR stock and the single CPUE series for each of the other
stocks.

Stock  Run By (’000 mt) Byast  Depletion (%) 8
CASAL AILW 377 (312-560) 194 (133-377) 51 (—) fixed at 1

SSM 624 (274-3471) 107 (37-505) 17 (6-36) see below

ECR Spawning Box 1.2 (0.7-2.3)
Eastern Flats 2.0 (1.1-4.0)

East Hills 2.3 (1.1-7.1)

CASAL 94 (91-104) 7 (13-23) 8 (15-23) fixed at 1

CASAL (8) 105 (89-126) 31 (22-47) 0(23-38) 1.9 (1.4-2.5)

MEC  Awatea 99 (87-108) 7 (12-22) 7 (14-21) fixed at 1
Awatea (8) 106 (92-119) 95 (16-35) 4(24-30) 1.5 (1.1-1.7)

SSM 138 (88-365) 41 (20-117) 30 (16-59) 1.4 (0.8-2.8)

Alldata 5 (51-60) 6 (4-9) 1 (8-16) fixed at 1

NWCR Nobiomass 53 (48-56) 4 (3-7) 9 (6-13) fixed at 1
NoCPUE 80 (60-129) 1 (12-78) 39 (21-61) fixed at 1

SSM 147 (63-680) 31 (10-117) 21 (8-42) 1.5 (0.8-2.9)

SIF1 110 (—) 12 (—) 10 (—) fixed at 1

AUS S1F1.noAge 87 (—) 12 (—) 13 (—) fixed at 1
SSM 175 (71-2114) 38 (9-475) 20 (7-65) 1.4 (0.5-3.5)
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Figure B.1: Median of the posterior distribution for the spawning biomass trajectory of
the East Chatham Rise (ECR) stock with a 90% HPD interval in grey (panels a and b).
Fitted CPUE (panel a) and survey indices (panel b) are also plotted with 90% confidence
intervals calculated from the CV’s provided with the data (grey lines) and CV’s with the
median of the estimated extra variability included (darker extended lines). The same plots
are shown in panels c¢) and d), but with 90% posterior predictive distributions instead
of confidence intervals for the data. Posterior distributions for depletion (e) and unfished
spawning biomass, By (f) are also shown with the median and the 90% HPD interval. Actual
samples from the posterior are indicated immediately below the posterior distributions with
small black marks.
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Figure B.2: Median of the posterior distribution for the spawning biomass trajectory of
the Mid-East Coast (MEC) stock with a 90% HPD interval in grey (panels a and b).
Fitted CPUE (panel a) and survey indices (panel b) are also plotted with 90% confidence
intervals calculated from the CV’s provided with the data (grey lines) and CV’s with the
median of the estimated extra variability included (darker extended lines). The same plots
are shown in panels c¢) and d), but with 90% posterior predictive distributions instead
of confidence intervals for the data. Posterior distributions for depletion (e) and unfished
spawning biomass, By (f) are also shown with the median and the 90% HPD interval. Actual
samples from the posterior distribution are indicated with small black marks immediately
below the nonparametric density estimate of the posterior distribution.
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Figure B.3: Median of the posterior distribution for the spawning biomass trajectory of
the Northwest Chatham Rise (NWCR) stock with a 90% HPD interval in grey (panels a
and b). Fitted CPUE (panel a) and survey indices (panel b) are also plotted with 90%
confidence intervals calculated from the CV’s provided with the data (grey lines) and CV’s
with the median of the estimated extra variability included (darker extended lines). The
same plots are shown in panels c¢) and d), but with 90% posterior predictive distributions
instead of confidence intervals for the data. Posterior distributions for depletion (e) and
unfished spawning biomass, By (f) are also shown with the median and the 90% HPD
interval. Actual samples from the posterior distribution are indicated with small black
marks immediately below the nonparametric density estimate of the posterior distribution.
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Figure B.4: Median of the posterior distribution for the spawning biomass trajectory of the
Eastern Zone of Australia (AUS) stock with a 90% HPD interval in grey (panels a and b).
Fitted CPUE (panel a) and survey indices (panel b) are also plotted with 90% confidence
intervals calculated from the CV’s provided with the data (grey lines) and CV’s with the
median of the estimated extra variability included (darker extended lines). The same plots
are shown in panels c¢) and d), but with 90% posterior predictive distributions instead
of confidence intervals for the data. Posterior distributions for depletion (e) and unfished
spawning biomass, By (f) are also shown with the median and the 90% HPD interval. Actual
samples from the posterior distribution are indicated with small black marks immediately
below the nonparametric density estimate of the posterior distribution.
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Appendix C
OPERATING AND ESTIMATION MODELS

Operating models

Single area model

The operating model simulated the “true” population and incorporated processes such as
recruitment, growth, and maturation. The initial population, in numbers-at-age (N) at the

start of the year, was determined from the user defined unfished, equilibrium recruitment

(Ro).

(-4
Rge : a=1

Nia = Rpe~M(a=1) a=2,...,(A-1) (C.1)

R e—M(A-1)
Ol—e*M a=A

where a indexes age, A is the maximum age modeled, M is natural mortality, €, is a normal
deviate for recruitment at age, and og respresents recruitment variability.
Weight-at-age was calculated from the weight-length relationship and the length-at-age

relationship.

l
S
|

Lo (1 - e—K(a—tfﬂ) (C.2)

(awt) (L) (C.3)

gl
IS
I

Maturity-at-age (m,) was knife-edged at age 29.
Unfished, equilibrium spawning biomass at the start of the year was found using weight-

at-age, maturity-at-age, natural mortality, and unfished, equilibrium recruitment (Rp).

A-1 —M(A-1)=
By = Ro|Y e MO Dmum, + 1_6_“;;‘% (C.4)

a=1
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Numbers-at-age for each year modeled (y = 2,...,T) are calculated by applying natural

mortality and age-specific exploitation to the previous year’s number-at-age.

R()e( ) a=1
“ta—1e M (1= Esq_1) a=2,...,(A-1) (C.5)
(1_Ey_1sa_1)} M g=4

Ny,o = N,

[Ny_m (1- By15a) + N,y s
Spawning biomass was calculated using start of the year numbers-at-age, maturity-at-

age, and weight-at-age.
A
By = > Nyamaw, (C.6)
a=1

Age specific exploitation is the product of the exploitation rate (E,) and selectivity at
age, where selectivity was knife-edged at age 29 and the exploitation rate was calculated

from the mid-year vulnerable biomass (V).

Cy

E, = = C.7

¢ 7 (C.7)
A

Vi = ZNwe_O"r’Msaﬁa (C.8)
a=1

Two area models (Chapter 3)

The two-area operating models used the same underlying population dynamics as the single-
area operating model within each area and moved mature fish between an area where fishing
occurred (available area or area 1) and an area where fishing did not occur (unavailable area
or area 2). Movement was a Type II response, dependent on either the harvest rate or the

mature biomass in the available area.

ley

Q =— .
1%2,y 1 + ley (C 9)
p2(1 — Hy)
Q = 1
2—)1731 1 +p2(1 _Hy> (C 0)

where () represents the migration rate from area 1 to 2 or from 2 to 1, H is either the

exploitation rate or the proportion of unfished equilibrium biomass in area 1, and p; and
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p2 are parameters of this simplified Holling’s Disc equation. Movement was the last event
to occur within a year, after fishing mortality and natural mortality were applied, as in

Equation C.5.

Ny,a,available = Ny,a,available + QQ—)lNy,a,unavailable - Ql—)QNy,a,available (Cll)

Ny,a,unavailable = Ny,a,unavailable + QlHQNy,a,available - QZ%lNy,a,unavailable (012)

Before the burn-in started for each simulation, the population began with all fish in the
available area and was simulated with no recruitment deviations and without fishing until
it reached equilibrium (defined as stable biomass in each area). The simulation process of

burn-in, fishing, and then management followed.
Simulating data

Survey data (Z,) and CPUE (U,) data were simulated using lognormal distributions. It
was assumed that survey data were proportional to biomass with a catchability coefficient
(q) of 0.25. CPUE data were nonlinearly related to biomass with the power parameter g

and a proportionality constant o = (1 x 10*5)5 .

~ LN(p= qv,, CV = SURV cv) (C.13)

Zy
U, = LN (u —aVf, CV = CPUECU) (C.14)
Estimation models

Three different estimation models are described below, all of which were investigated in
Chapter 2. The state-space model was used in Chapter 1 and the age-structured model

(Awatea) was used in the Chapter 3.

Deterministic delay-difference model

The deterministic delay-difference model (Deriso 1980; Schnute 1985) is

B() Yy = 1
B, = (C.15)
Sy—1By—1 4+ psy—1By_1 — psy,15y72By,2 — sy—1pwr—1Ro + wr Ro y=2,...,T
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where k is the age of recruitment, By is an estimated parameter, and the virgin recruitment,

Ry, is a function of By.

1 — so — pso + psg

Ry = By (C.16)
Wk — S0PWk—1
The survival rate at time ¢ is
-M
e Y=
Sy = (C.17)
! e*M<1—%) y=1,....T

where M is natural mortality and Cy is catch in year y. The variable p represents the slope

of the linear relationship between weight-at-age and the weight-at-the-previous-age,
we = (+ pwe—1 (C.18)

Orange roughy assessments use allometric weight-at-length and von Bertalanffy length-at-
age, which does not lead to Equation C.18. However, because maturity occurs later in life
for orange roughy, a linear approximation is reasonable. Therefore, p was approximated
by calculating weight-at-age of recruited fish from the length-at-age and weight-at-length

relationships, then estimating the slope using Equation C.18.

Age-structured model (Awatea)

The age-structured model, called Awatea, is a modified version of Coleraine (Hilborn et al.
2003) which was adapted to satisfy some of the assumptions used in orange roughy as-
sessments. The population dynamics were modeled the same as in the operating model

(equations C.1-C.8), except that recruitment was deterministic.

State-space delay-difference model

The state (biomass) was modeled using a delay-difference model to predict the biomass at
the start of year y, as in equations C.15-C.18, but with process error ¢,. This model was

used in Chapters 1 and 2.

g, = | B (et
y = , .
(sy—1By—1 + psy—1By—1 — pSy—1Sy—2By—2 — Sy—1pwr—1Ro + U/lcRo)ffyﬂ%/2 y=2,...,T
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The process error €, was assumed to be normally distributed,
gy ~ N ((),(752) (C.20)

We assumed that recruitment, on average, was constant (Ry) and fixed fishery selectivity,
survey selectivity, and the maturity ogive equal and knife-edged at age k. Weight-at-length,
length-at-age, natural mortality, and age of 50% recruitment were fixed parameters taken

from realistic values for orange roughy stocks in New Zealand (Ministry of Fisheries, 2010).

2

This left the states (biomass time series and By) as well as the process error (05

) unknown

in the state equations.

Likelihoods

CPUE and survey biomass were related to the predicted biomass through catchability pa-

rameters and bias corrected because from the mean of the lognormal distribution.

all i

n () = (q) +In (Bid) + 7 — o2 /2 1<j<T

In (U) =1In(a*) + B [ln (B?) — W} tvi—oy /2 1<isT (C.21)

where B™ is the mid-year biomass, calculated as the beginning of the year biomass with
half of the natural mortality removed, and % is the mean of the natural logged mid-year
biomasses that have a corresponding CPUE value. The notation U; represents the CPUE
for year 7 and Z; represents the survey biomass in year j.

The errors for the natural log of each CPUE index, v;, and the natural log of each survey
series, 7; , were assumed normal and variances were equal to the variances used to generate

the data (equations C.13 and C.14).

v, ~ N(0,02) (C.22)

T~ N(o,a?) (C.23)
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Table C.1: Parameters in the operating and estimation models.

Parameter Description

By Unfished equilibrium biomass

Ry Unfished equilibrium recruitment

B, Biomass in year ¢

By Mid-year biomass in year t

€t Process error in year ¢

o? Process error variance

M Natural mortality

k Age-at-recruitment to the fishery and age-at-maturity

St Survival in year ¢

Wy Weight-at-age

p Slope in relationship of weight-at-age to weight-at-previous-age

¢ Intercept in relationship of weight-at-age to weight-at-previous-age

Q19 Movement rate from the available area to the unavailable area

o1 Movement rate from the unavailable area to the available area

01 Parameter for Type II functional response of movement from area 1 to area 2
02 Parameter for Type II functional response of movement from area 1 to area 2

Survey parameters

Z; Survey index for year j

q Survey catchability

T Error in year j for the survey series

03], Total variability of the survey in year j
CPUFE parameters

Uy.i CPUE for year i

Multiplier in relationship between CPUE and abundance for the CPUE series
Nonlinearity parameter in relationship between CPUE and abundance
v; Error in year i for CPUE series

o Total variability of the CPUE series in year i
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