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Abstract: Fisheries for short-lived invertebrates typically have the following characteristics: (1) annual
catch is comprised of a single age-class; (2) recruitments vary substantial inter-annually and the
population dynamics are hence subject to large amounts of process error; (3) data contain large
observation errors; (4) the resource is composed of severa stocks; (5) severa fleets may target or by-
catch a species and stock; and (6) only catch and effort data are available. Thus, stock assessment for
such fisheries is very difficult. Biomass dynamics (or production) models are a popular tool for stock
assessment of finfish and shellfish fisheries that only have catch and effort data. An implicit
assumption of most biomass dynamics models is that natural mortality is not very high so that a fairly
large proportion of the biomass at the start of the next (annual) time-step consists of the biomass at the
start of the current time-step. However items (1-2) for short-lived species may violate this assumption.
Moreover the standard biomass dynamics model assumes that al of the error is in the observation
process and that the dynamics are deterministic. This model has been shown inefficient for short-lived
invertebrates, either due to its inappropriate assumptions or the traditional estimation methods.

We construct two aternative versions of the standard biomass dynamics model (Standard) for short-
lived species by ignoring the “old hiomass’ term (Annual), and assuming that the biomass at the start
of the next year depends on density-dependent processes that are afunction of that biomass (SR).

We test these models by fitting them to catch and effort data for the grooved tiger prawn Penaeus
semisulcatus using a hierarchical Bayesian technique. The results from these models are compared to
those from a far more complicated weekly delay-difference model. The analyses show that: the
Standard model is flexible for short-lived species; the SR model provides the most parsimonious fit;
and simple biomass dynamics models can provide virtually identical results to data-demanding models.

Keywords: surplus production, process error, observation error, squid, state-space, maximum
likelihood
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1. INTRODUCTION

It is difficult to conduct quantitative population dynamic analysis for short-lived invertebrates because
recruitments exhibit large inter-annual variation and the population is hence subject to considerable
process error, data contain large observation errors, and available data are limited to catch and effort
only. The biomass dynamics model is the simplest stock assessment model that requires catch and
effort data only (Smith and Addison 2003). Traditionaly, the standard biomass dynamics model
assumes that al of the error is in the observation process when estimating model parameters (Punt and
Hilborn 1996; Mueter and Megrey 2006). This model has been shown inefficient for short-lived
invertebrates, either due to its inappropriate assumptions or because of the use of the traditiona
estimation methods.

In this paper we present two alternative formulations of the standard biomass dynamics model which
better account for the high variation in recruitment and high rate of natural mortality for short-lived
species. We implement these models using hierarchical Bayesian techniques to capture both process
and observation error. We test the method by applying it to the catch and effort data for the grooved
tiger prawn (P. semisulcatus) in Australia’ s Northern Prawn Fishery (NPF). Data are available from a
fleet which targets P. semisulcatus and from another fleet which targets another prawn species in the
NPF, P. esculentus, and has a by-catch of P. semisulcatus.

The Bayesian state-space method imposes priors on the between-stock variation in some key
population dynamic parameters. This allows a more “objective” basis for inference by estimating
parameters of prior distributions from data rather than by using subjective information (Gelman 2006).
The results from the standard biomass dynamics model and the two alternative models are compared to
those from aweekly delay-difference model that incorporates additional parameters such as recruitment
pattern, catchability, availability, growth, natural mortality, and estimates annua recruitment
(Dichmont et al. 2003).

2.METHOD
2.1. Alternative biomass dynamics models

The standard biomass dynamics model is formulated as (Polacheck et al. 1993; Punt and Hilborn
1996):
B
B, =B, +rB,, [1—?}—@_1, )

where B, isthe biomass at the start of year y, r isthe intrinsic growth rate, K is the carrying capacity,
and C, isthe total catch during year y. For short-lived species whose catchable biomass is entirely

made up of new recruitments, the last year’'s biomass directly contributes little to the current year’s
biomass so Egn 1 can be simplified as:

B
B, = rBy_l( —élj—cy_l- 2

We further assume that major catch occurs before spawning so that density is more likely to depend on
thisyear’sbiomass (B, ):

; B,,-C
By — r(By—l_Cy—l)(l_ ?] , or G:IL“VaI mtly, By — r$ y-1 )’*1) (3)
1+ ?( By, - cy,l)
Eqgn 1 will be referred to as the * Standard’ model, Egn 2 as the ‘Annual’ model, and Egn 3 as the ‘SR
model’. When considering multiple stocks, these three models can be extended to consider an
individual stock by substituting I forr, K forK,and B, for B, wheresdenotes stock.

2.2. Hierarchical Bayesian modelling
Catch and effort data can be used to calculate catch-rate, which is used for parameter estimation. The
model-estimate corresponding to the catch-rate for stock s, fleet f, and year y for a multi-stock, multi-

fleet, fishery is L]S’fyy =0, P/Bs,, where g, isthe catchability coefficient for stock s and fleet f,

and P, istherelative fishing power during year y.
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We assume observation error, process error, and the parameters each follow log-normal distributions,
with expected values i, and precision parameters 7z, . Hyper-parameters y, are assigned a norma
distribution, and 7, ainverse gamma distribution. Bayesian hierarchical models have the advantage
that one need only specify the values for hyper-parameters rather than the parameters of the priors, and
that the results of analysis are less sensitive to the values for the parameters of the hyper-prior than
those of the prior (Gelman 2006). For g, ~ N(Mj, T), we specified values for the means (M) of these
hyper-priors (Rivot and Prevost 2002; McAllister et al. 2004; Askey et a 2007) by considering results
from other studies. We tested a wide range of values for M, and found that the results were not
sensitive to those values. We set assigned the hyper-parameter 7, as a half—Cauchy distribution
(Dongen 2006; Gelman 2006). The hyper-priors for the 7, were set to proper, but reasonably non-
informative gamma distributions with mean 1 and variance 1000, i.e., gamma(0.001,0.001), which is

appropriate as a prior and leads to stable estimates.

The hierarchical structure of the alternative biomass dynamics models contains the following levels and
each level conditions on the previous one:

e Hyper-priors: yg~ N(My, T), 7o~ half-Cauchy distribution;

o Hyper-parameters: uo (4, H;» Mot )s To( Ty s Ty Tyt )

e Priors: 10g(P) ~ N(ua 79),7s¢ and z¢~ G(0.001, 0.001);

e ParametersP: K, I, Os1, Bs1, 7, ¢ ; (Observation errors), and 7,  (process errors),

(] Data: Usf’y.

Given these assumptions regarding the nature of the state-space model, the priors for the parameters
and those for hyper-priors, the posterior distribution for the parameters is proportional to the joint
distribution of the likelihood of the data given the parameters, the priors for all of the parameters and
corresponding hyper-priors. The MCMC sampler, implemented using the WinBUGS package was used
to sample parameter vectors from the posterior distribution. Three Markov chains were conducted
based on dispersed initial values, and the first 4,000 simulations from each chain were taken as the
burn-in period. The results of an additional 60,000 cycles from the three chains were saved, which
formed the basis for further analysis. Whether the MCMC algorithm converged adequately to the
posterior was evaluated by visualy examining the three chains for each parameter and using the
Gelman-Rubin diagnostic statistic (Best et al. 1996).

2.3. Model diagnostics and selection

Thefit of the model to the datais evaluated using the following criteria: (a) graphical assessment of the
95% prediction credibility intervals, (b) 2* goodness of fit statistics, (c) posterior predictive p values for
statisticsin (b), and (d) the Kolmogorov-Smirnov goodness of fit statistic (Sheskin 1997). We
calculated these statistics from posterior predictive distributions for the time-series of catch-rate. For
each observed catch-rate, this distribution is obtained by sampling parameters from the posterior
distribution (Eqgn 4) corresponding to MCMC simulations, and then, conditional on those samples,
sampling catch-rates from the log-normal distribution assumed to capture observation error. The

posterior predictive distribution of catch rate for each fleet, stock and year, u™® is:

s, fy T

P(ur [U) = [P(uf, o) P(o]u)de . @

s f.y s f,y
In this equation, & denotes all parameters, including model parameters and hyper-parameters.

The second criterion compared the realized discrepancy ;(,26,, (between the observed catch rates and the
posterior expected catch rates) and the posterior predictive ;(gred discrepancy (between catch rates from
the posterior predictive distribution and the posterior expected catch rate) (Gelman et a. 1996). We
aso calculated p(uffed)=jp[;gn2 272 1 (WP 9P| U)dg . the posterior predictive p-value for the Va

discrepancy, where ;(,f isachi-square distribution, and n is the number of data points for each fleet.

The nonparametric Kolmogorov-Smirnov (KS) two-sample test is used to test the null hypothesis that
the predicted catch rates for each replicated sample and the observed catch rates were from the same
distribution (Sheskin 1997). Further, the proportion of replicates in which the null hypothesis was

385



Zhou et a., Stock assessment of short-lived invertebrates using hierarchical Bayesian models

rejected a o = 0.05 defined the overall KS p-value, p}> =%Zz I(Psy.t <0.05), where n is the
sy

total number of data points for fleet f, | is the indicator function that takes the value of 1 when its
argument is true and zero otherwise, and p,, , is the probability value from the KS test for each

species, year and fleet.

We uses two criteria to compare alternative models: the Deviance Information Criterion (DIC)
(Spiegelhalter et al. 2002), and the mean square predictive error loss function (M SPE) on the log-scale
(Ghosh and Norris 2005; Webster et al. 2008). The latter is defined as:

MSPE:%ZZZ[In(ugrfeij)—In(USvfyy)T (5)
s y

where n is again the total number of data points and uff?y is sampled form Eqn 4. Here we select the

best model according to the smallest values for MSPE and DIC.
2.4. Application to P. semisulcatus

The grooved tiger prawn P. semisulcatus is a tropical prawn species with atypical life span of less than
18 months and an assumed natural mortality rate of 0.045 week™ (Dichmont et al. 2003). Sex-specific
length frequency data from scientific surveys show that the catch just before the start of fishing season
is largely composed of a single cohort. Given the high mortality typically associated with prawns, this
implies that few animals will survive an entire year. Catch-rate data for each stock are available for two
“fleets’: one that targets P. semisulcatus and another that catches this species as by-catch when
targeting another commercially valuable prawn species, P. esculentus.

The two species of tiger prawns in the NPF have each been divided into four putative “stocks’ based on
geographic and biological information (Dichmont et a. 2005). For simplicity, we refer to these four
stocks as: Outside Gulf of Carpentaria as Stock 1, Groote region as Stock 2, Vanderlins region as Stock
3, and Weiparegion as Stock 4.

3.RESULTS
3.1. Modd diagnostics and selection

The three Markov chains converge well after about 2,000 cycles of the MCMC algorithm and the value
for Gelman-Rubin statistic stays around 1.0. The fits of the three alternative biomass dynamics models
to the catch-rate data are visually very similar. Figure 1 shows the result of the SR model for the target
and bycatch fleets. The posterior predictive distributions for the target fleet mimic the observed catch
rate data well but the posterior predictive distributions for the bycatch fleet are not as good, exhibiting
much lower precision, particularly for Stock 1 and Stock 4.
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Figure 1. Observed catch-rates (dots) and the posterior predictive distribution medians (solid line) and
95% credibility intervals (dashed lines) for catch-rate based on the SR model for the target fleet (left
panel) and the by-catch fleet (right panel).

386



Zhou et a., Stock assessment of short-lived invertebrates using hierarchical Bayesian models

The realized discrepancy Zr2e| and the predictive discrepancy ;(,zjred do not indicate problems of fit to

the catch rates. The predictive p-values are similar between models and fleets: 0.533, 0.481, and 0.518
for the target fleet for the Standard, Annual, and SR models, and 0.515, 0.523, and 0.507 for the
bycatch fleet for these three models, respectively. The target fleet has higher KS p-values, but the
distribution of p-values for the bycatch fleet is relatively flat (Figure 2). The overall p-value is 0.969,
meaning that nearly 3% of the replicates regject the null hypothesis that the predicted and the observed
catch-rate data are from the same distribution. This KS test also indicates that the model fits the target
catch rate data better than the bycatch catch rate data. Figure 2 also indicates that the KS test is more
sensitive than the overall chi-square test.
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Figure 2. Distribution of Kolmogorov Smirnov (KS) test p values comparing posterior predictive catch
rate from SR model and the observed CPUE. The vertical dashed lineiswherep = 0.05. A: target fleet,
B: bycatch fleet.

The DIC for the Standard model is 56.85 deviance points greater than that for the SR model, and the
DIC for the Annual model is 47.59 deviance points greater than that for the SR model. Model selection
based on the mean square predicted loss also selects the SR model as “best”, and the Standard model as
“worst”.

3.2. Quantities of management interest

Interestingly, the posterior distributions for the maximum sustainable yield MSY and biomass that
supports MSY, B,,5,, do not differ substantially among models. The posterior medians for MSY
(summed across stocks) are 1,927; 1,921; and 2,001 tonnes for the Standard, Annual, and SR models,
respectively. They are dlightly higher than the estimate of MSY from the weekly delay-difference model
using maximum likelihood estimation (MSy = 1,768t). However, these medians fall within the 95%
confidence intervals for MSY from the weekly delay difference model (1,517-2,043t). The 95%
credibility intervals (e.g., 1,487-2,656 for the SR model) are wider than the 95% confidence interval
based on the delay-difference model.
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The time-trgjectories of biomass relative to Bysy from the three biomass dynamics models are similar
(Figure 3), although the SR model tends to produce a higher estimates of B/Bysy than the other two
models. These time-trajectories of B/Bysy are aso similar to that from the weekly delay-difference
model even though the latter is substantially more complicated than a biomass dynamics model. In
contrast, the results from a standard biomass dynamics model implemented as a maximum-likelihood
observation-error estimator differ markedly from those of the Bayesian state-space models and the
weekly delay-difference model (Figure 3).

The posterior distribution provides a convenient way to examine parameter uncertainty. Although not
shown here, the coefficients of variation (cv) for K, B, MSY, and growth rate r are fairly small
(generally below 20% for each stock and when results are aggregated spatially over entire NPF area).
Catchability g for the target fleet is also precise, with a cv of 18%, 15%, and 15% for the Standard,
Annual and SR models respectively. However, the cv of q for the bycatch fleet is high: 52%, 55%, and
54% for the Standard, Annua and SR models respectively. The results also show that the extents of
process and observation error are similar among the three models, but the observation error variances
differ substantialy between the target and bycatch fleets. The observation error variances for the
bycatch fleet also differ substantially among the four stocks.

4. DISCUSSION AND CONCLUSION

A variety of formulations of the biomass dynamics model have been developed and examined.
However, few studies have considered the suitability of these models for assessment of short-lived
species. Our study demonstrates that biomass dynamics models are flexible for short-lived species
when both process and observation error are taken into account. In particular, the alternative biomass
dynamics model that assumes density-dependence is governed by current year biomass (the SR model)
may be particularly effective for short-lived species. This model assumes that very few prawns survive
a year, and that the density-dependence is a function of current rather than past biomass. However,
these assumptions will be violated to some extent for P. semisulcatus because at least some animals
will survive an entire year. Moreover, spavning occurs over an extensive period indicating that a
discrete formulation for the biomass dynamics will always be an approximation, irrespective of
assumptions regarding density-dependence and survival.

The estimates of the ratio of biomass to Bysy from the biomass dynamics models are virtually identical
to those from a more sophisticated weekly delay-difference model which requires more information on
biological processes than a biomass dynamics model. In contrast, the estimates of this ratio from a
standard observation-error estimator are markedly different, suggesting that allowing for process error
permits the biomass dynamics models to capture the dynamics of the resource better.

Past attempts to assess even data-rich prawn species by stock have led to unreliable (or unrealistic)
results (Dichmont et al. 2005). The use of a Bayesian estimation framework which imposes hyper-
priors on the key parameters of the model clearly improved the stability of the model by allowing the
assessment for the more data-poor stocks to ‘ borrow strength’ from those for the more data-rich stocks.
The benefits of a hierarchical Bayesian techniques in this respect has been identified for several
applicationsin the past (Su et a. 2001; Rivot and Prevost 2002; McAllister et al. 2004).

388



Zhou et a., Stock assessment of short-lived invertebrates using hierarchical Bayesian models

The similarity of results between the alternative Bayesian biomass dynamics models implemented and
those of the weekly delay-different models provide some confidence that the biomass dynamics models
outlined in this paper can be applied to species for which biological data such as growth, natural
mortality, and recruitment are not available but only catch and effort information is available.
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