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ABSTRACT 

     Quantifying and managing the uncertainty associated with the assessment of harvested fish 

stocks is a key component of the United Nations Food and Agriculture Organization (FAO) 

code of conduct for responsible fisheries. Failure to incorporate uncertainty into management 

advice increases the risk of suboptimal yields, lack of a sustainable industry and stock collapse. 

Despite the proliferation of methods that quantify uncertainty, in practice, it is not always clear 

which methods are most appropriate, or how to mitigate the risk of this uncertainty in 

management decisions.  

     The main objectives of this thesis are to present an overview of current methods for 

quantifying statistical uncertainty in fish stock assessment models and compare alternative 

methods for managing uncertainty in the context of an important Australian groundfish fishery. 

This thesis considers technical improvements in the efficiency of Bayesian algorithms 

(Metropolis-Hastings and No-U-Turn sampler (NUTS)), through to the evaluation of the 

biological and economic implications of incorporating uncertainty into the control rules for 

fishery management. 

     In the second chapter we explored frequentist and Bayesian uncertainty measurements in 

fish stocks that are near the limit reference point (depletion). Here we found that frequentist 

and Bayesian methods correspond well for simpler models in terms of structure (e.g. with 

simple functions such as logistic selectivity) and with lower dimensions (e.g. low number of 

parameters to estimate). However, a Bayesian approach may be better suited to more complex 

models (specifically in the selectivity functions: Dome-shaped and time-blocked selectivities) 

with higher dimensions (e.g. larger number of parameters to estimate) and Bayesian approaches 

can be more robust to poly-modal likelihood surfaces than frequentist methods. In addition, we 

found frequentist and Bayesian approaches provided slightly different estimates of parameters 

and quantities of management interest (i.e. spawning biomass, depletion and recruitment). The 

larger differences occurred in the more complex model (pink ling) and could be explained by 

a number of reasons (i) the incorporation of a prior for natural mortality (ii) some parameters 

are highly correlated, and (iii) some parameters did not converge to a stationary distribution 

under the Bayesian approach. Finally, we also found high levels of correlation among some 

parameters, including mean unfished recruitment and natural mortality across all species 

considered. We conclude that highly correlated parameters are likely to degrade the numerical 

efficiency of both approaches, and the corresponding decrease in the accuracy and precision of 
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key management parameters could have an adverse effect on species that are at risk of over-

exploitation.  

     In the third chapter, we evaluate how issues relating to the reliability and efficiency of highly 

dependent parameters (e.g. unfished recruitment, the ascending and descending limbs of the 

dome-shaped selectivity curve, and the parameters of the growth model) can be mitigated by 

re-parameterizing these functions within the stock assessment model. We also considered how 

the choice of algorithm for sampling the joint posterior distribution (Metropolis-Hasting and 

NUTS methods) interacts with the parameterization. It was found that the mixing behaviour 

and efficiency of chains for Metropolis-Hasting and NUTS can be greatly improved by 

increasing the number of single re-parameterizations of the parameters in a stock assessment 

model. In addition, NUTS always achieves a larger final effective sample size than Metropolis-

Hasting by more effectively sampling the whole space, However, this improved result comes 

at a cost in time for NUTS, compared to Metropolis-Hasting, by taking longer to achieve this 

larger effective sample size. We conclude that increasing the orthogonality of model 

parameterization should improve the efficiency of stochastic Bayesian stock assessments when 

there are highly correlated parameters. 

     In the fourth chapter, we quantified the level of management risk associated with frequency 

of assessment, by comparing single or multi-year total allowable catches (TACs) using 

management strategy evaluation. Single year TACs occur when an assessment of stock status 

is conducted every year and the harvest control rule (HCR) is used to set a TAC based on each 

new assessment. Multi-year TACs (MYTACs) occur when an assessment is not conducted 

annually, and in intermediate years, fixed TACs are set based on the results from the last 

assessment. We present an evaluation of the biological and economic implications of setting 

annual TACs compared with setting MYTACs that are held fixed for two or more years for 

three species with different life histories and current stock status. We found that short-lived 

species with high variability in recruitment are most at risk of collapse when setting MYTACs 

in comparison with annually set TACs. Although the difference in risk associated with the TAC 

setting frequency is relatively small for some relatively long-lived species (tiger flathead) the 

simulations probably understate the true risk that would be observed if other sources of 

variability (e.g. recruitment failure) and process and model uncertainty are considered. We 

conclude that single-year TACs are a higher priority for short-lived stocks, while MYTACs 

can be applied to longer-lived stocks with lower risk to the stock or economic losses to industry. 

     In the last chapter we investigated options for managing uncertainty in key fisheries 

parameters by adopting more sophisticated harvest control rules for a specific fishery case 
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study (school whiting). We propose two HCRs that determine future catch by integrating across 

an ensemble of assessment models with different fixed values of key productivity parameters 

(natural mortality and steepness of the stock recruitment relationship) that are often poorly 

estimated in stock assessment. The first proposed HCR approach makes the TAC 

recommendation on the basis of the likelihood-weighted mean (LW) of TACs from the model 

ensemble. The second approach uses an adaptative percentile (AP) from the distribution of 

TACs in the ensemble (a more precautionary percentile is adopted if the stock is highly 

depleted). We found that the LW harvest strategy maintains the biomass near the target level 

more effectively than the conventional approach (i.e. applying the HCR to a single preferred 

assessment model) and the AP approach, thus reducing the risk of breaching biomass limit 

reference points.  The AP harvest strategy performance is very similar to the conventional 

approach, but allows the user greater control over the degree of precaution applied as biomass 

approaches the limit reference point. Management strategy evaluation demonstrated that both 

the likelihood-weighted and adaptive percentile methods approach the management target 

more consistently and significantly reduce the risk of falling below the limit reference point, 

compared to the conventional approach used to set the recommended biological catch for this 

species. For the species explored here, the LW approach consistently outperforms the AP 

approach for these two-management metrics, and both new approaches outperform the 

conventional HCR. These new approaches provide a convenient way of incorporating 

uncertainty from poorly estimated parameters within the design of HCR based on real fisheries 

data and fisheries management requirements.  However, further case-specific investigation is 

warranted to consider the appropriate level of precaution that is desired for each fishery, as the 

risk reduction in these examples is associated with a decrease in catch.  

     This thesis provides improvements to the treatment of uncertainty in fisheries models and 

the estimation of abundance trends. This has the potential to provide better inference and thus 

better management outcomes both for industry and for the harvested stocks. 

 

 

 

 

 

 



 
 

CHAPTER 1: General introduction 

     Fisheries supply a major component of the world’s protein (FAO 2018). It is essential that 

fisheries are managed responsibly and sustainably to ensure ongoing food security for all the 

world. One approach to fisheries management is to manage exploitation by setting total 

allowable catches (TACs). Setting TACs for fish stocks is challenging, however, it is a 

requirement and part of the code of conduct for responsible fisheries (FAO, 2007). Quantifying 

the uncertainty surrounding the many factors that influence TAC setting is a major task facing 

assessment scientists and managers. The study of the uncertainty associated with scientific 

advice in fisheries assessment is a relatively new science (Patterson et al. 2001, Peterson, et al. 

2003). Recently, numerous complex quantitative methodologies have emerged that have 

improved the incorporation of uncertainty into scientific advice (Ulltang, et al. 2003, Holland 

et al. 2009, Booth et al. 2006, Lele et al. 2009). Given the importance of identifying sources of 

uncertainty in fisheries assessment and management, several studies have tried to classify it 

following different criteria (Patterson et al. 2001, Patterson et al. 2003, Ulltang, 2003, Holland 

et al. 2009). 

     Error, uncertainty and risk are three concepts associated with contemporary assessments 

and management of fisheries that should be differentiated. Error is referred to as the difference 

between an observed, calculated or measured value and the true value, while uncertainty is 

defined as incomplete knowledge about the state or processes of nature (FAO, 1995). Risk is 

defined as the probability that something undesirable will occur (FAO, 1995). In other words, 

risk is the probability of suffering harm or loss (FAO, 1995). 

    The identification and quantification of uncertainty, as well as the process of communicating 

risk to managers, have been the subject of several recent studies (Patterson et al. 2001, Ulltang, 

et al. 2003, Stewart et al. 2013, Magnusson et al. 2013, Cadrin et al. 2015, Dankel et al. 2016). 

Patterson et al. (2001) recognise that the efficacy of fishery management is influenced by at 

least five types of uncertainty:   

 

1. Observation uncertainty: The uncertainty in measurement of observable quantities such 

as biomass from surveys, catch or sizes-at-age,  

2. Process uncertainty: The uncertainty due to underlying stochasticity in stock dynamics 

such as recruitment or variation in the growth of a fish stock, 
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3. Model uncertainty: The misspecification of model parameters or structure (e.g. 

assuming the incorrect form for selectivity as a function of size), 

4. Estimation uncertainty: The inaccuracy and imprecision associated with estimated 

model parameters and 

5. Management uncertainty: The variability in the implementation of management 

strategies (Rosenberg et al. 1994, Patterson et al. 2001, Holland et al. 2009, Magnusson 

et al. 2013).  

      In this thesis I focus on two of these five types of uncertainties: estimation and management 

uncertainty. There are a number of statistical methods for estimating statistical uncertainty or 

probability distributions around point estimates generated by an individual model. Commonly 

in fisheries, two paradigms for estimating the uncertainty are applied i) the frequentist 

paradigm, in which the model is statistically fitted to available abundance and/or catch-at-age 

data using a likelihood function and then the uncertainty in parameters is calculated by 

assuming asymptotic normality and inverting the Hessian matrix at the maximum likelihood 

estimate (MLE) and ii)  the Bayesian paradigm, which typically goes further by incorporating 

expert judgment, ancillary information, and (possibly) common sense into the modelling 

framework (although expert judgement can also be included in a frequentist framework by 

using a penalized likelihood approach). For the Bayesian paradigm, the likelihood is combined 

with prior distributions to form the posterior probability distribution, posterior probability 

statements for parameters and derived quantities are then approximated from the posterior 

samples. In the frequentist paradigm as applied in most fisheries assessment models, the 

methods of maximum likelihood, the delta method and bootstrap re-sampling are the most 

frequently used to quantify uncertainty, in an errors-in-variables (penalized likelihood) 

approach, which does not conduct a full integration over all possible population states (as might 

be conducted in a frequentist random effects approach). Under the Bayesian paradigm, 

sampling importance resampling (SIR) and Markov chain Monte Carlo (MCMC) are the most 

common methods (Patterson et al. 2001, Booth et al. 2006, Lele et al. 2009, Brinch et al. 2011, 

Magnusson et al. 2013, Stewart, et al. 2013, Zobitz, et al. 2011, Monnahan, et al. 2016, Thorson 

et al. 2017, Subbey et al. 2018, Privitera-Johnson et al. 2020). MCMC and SIR methods are 

numerically intensive stochastic samplers intended to approximate posterior distributions 

around stock assessment point estimates, when there is no convenient analy tical solution.   
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     In recent years, fisheries scientists have applied and compared these paradigms. Punt et al. 

(2000) studied why MLE and MCMC assessments of whales differ even when the data and 

assumptions are the same, concluding that the use of priors and updating those priors from year 

to year is the most important factor in accounting for the difference between frequentist and 

Bayesian approaches. Nielsen et al. (2002) used an age-structured fisheries assessment model 

to compare the frequentist properties of Bayes and MLE estimators, and found that Bayesian 

estimators provide more reliable and precise estimates of fisheries management related 

quantities than frequentist estimators. Magnusson et al. (2013) provided a comparison of 

alternative approaches (delta method, bootstrap and MCMC) to statistically evaluate 

uncertainty in stock assessment. The authors found that the delta method and MCMC 

performed considerably better than the bootstrap, and that MCMC was the more reliable 

method, its mean coverage probability of confidence intervals. Stewart et al. (2013) compared 

MLE and MCMC using the same modelling framework. They found that maximum likelihood 

estimates of biomass (spawning biomass, spawning depletion and unexploited average female 

spawning biomass) matched up well with the posterior modes, however they are typically 

smaller than the posterior median values, and that the asymptotic approximation for uncertainty 

intervals appear to overestimate the MLE of smaller stock sizes and underestimate that of larger 

stock sizes although they argued that both approaches have advantages. More recently Citores 

et al. (2018) compared three different methods for uncertainty estimation (bootstrap, 

multivariate normal distribution and MCMC) and found that MCMC had better performance 

than the multivariate normal and bootstrap approaches. 

          Although MCMC has been demonstrated to provide more reliable estimates than MLE 

in many situations, the computational cost (i.e. longer computation run time) sets it at a 

disadvantage.  Long  run‐times often occur because the underlying MCMC algorithms are 

inefficient (which is further compounded when the model needs to run several times during 

development), the model has strongly correlated parameters or a high-dimensional probability 

distribution by evaluating the model hundreds of thousands to tens of millions of times via 

MCMC (e.g. cross‐validation; Hooten et al. 2015, Monnahan et al. 2019), simulation testing or 

strongly correlated likelihood surface that can be difficult for MCMC algorithms (Fournier et 

al. 2012, Betancourt et al. 2014, Monnahan 2017, 2019). However, in recent years advances in 

Bayesian computational methods have made further progress in improving efficiency in fishery 

models. For example, Monnahan et al. (2017) investigated methods to reduce long run‐times 

and improve the effectiveness of the Bayesian approach. The authors compared the efficiency 

of several Bayesian algorithms using a population ecology model and found that Hamiltonian 
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Monte Carlo methods, and in particular the No U-Turn sampler (NUTS), is more efficient than 

other MCMC algorithms and has good sampling qualities (i.e. larger effective sample sizes, 

low autocorrelations and better representation of marginal posterior distributions). However, 

this algorithm also has some disadvantages; NUTS requires more complex diagnostics to assess 

its performance, it can be slow if the evaluation of the gradient is computationally expensive 

(especially when large datasets are used) and it needs more expert knowledge compared with 

conventional MCMC (Gelman et al. 2013, Monnahan et al. 2017). Despite the proliferation of 

methods and complex algorithms for quantifying uncertainty, in practice it is not always clear 

which methods are most appropriate. Whilst uncertainty is commonly recognised as a common 

feature of fisheries management, to date most of the attention has been focussed only on the 

estimation of uncertainty about the status of resources. The effect of uncertainty in management 

decisions has received much less attention. 

     According to Fulton et al. (2011), at least six forms of uncertainty affect the effectiveness 

of accounting for uncertainty associated with various measures in the management strategy: 

 

1. Resource dynamics: Normal variation in recruitment intensity from year to year, 

environmental, genetic, and multispecies interactions, and variation in natural mortality 

(Abella et al. 2008),  

2. Reporting: the misreporting of catch by species, volume or area (Agnew et al. 2009),  

3. Monitoring: Sampling and process error can never be completely removed from survey 

designs (Cordue 2007),  

4. Assessment: Model error is divided into two types: parametric and structural. 

Parametric error refers to the accuracy and precision of parameter estimation, while 

structural error occurs when the model equations that represent processes or interactions 

are incorrect (Mace 1997), 

5. Management decisions: Political pressure may lead to management bodies disregarding 

scientific advice, such as increasing quotas despite scientific advice (Dichmont et al. 

2006a, 2006b) and  

6. Implementation and Fishing activity: i.e., economic, social, and cultural f actors may 

cause fishers to behave in unexpected ways (e.g., extracting quotas reliably in multi-

species fisheries can be difficult), undermining the goal of management actions 

(Hennessey et al. 2000).   
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     There have been many methods proposed to quantify the effect of uncertainty in 

management strategies (Smith et al. 1999, Smith et al. 2008, Wayte et al. 2010, Jiao et al. 2010, 

Fulton et al. 2011, Punt et al. 2014, Punt et al. 2016, Dankel et al. 2016, Forrest et al. 2018). 

Some studies account for different sources of uncertainty (i.e. key parameters) in harvest 

control rules (HCR).  For example, Wiedenmann et al. (2016) developed a simulation model 

to evaluate a range of total allowed catch (TAC) control rules to test their relative performance 

in achieving management objectives and explored a range of scenarios in the operating model 

to test the robustness of the HCR. Forrest et al. (2018) evaluated the performance of five HCRs 

for two Pacific groundfish stocks in relation to uncertainty in natural mortality (M), proposing 

an algorithm in the operating model for calculating equilibrium M in the presence of density-

dependence, and showed the general effects of uncertainty in M on reference point calculations. 

Sun et al. (2020) evaluated an HCR combined with four sources of key parameter uncertainty 

in the operating model for rebuilding depleted fisheries. Many of these studies use simulations 

based on the available data for the relevant stock, which they then extrapolate into the future 

under different assumptions and scenarios. The simulations typically incorporate stochasticity 

in one or more processes, giving them the potential to generate quantitative probabilities and 

risk statements. The degree of uncertainty coming from different sources is not reliably 

calculated in many stock assessments (Hilborn et al. 1998), although tools are becoming 

available to address this (Patterson et al. 2001). Furthermore, if simulation models quantify 

uncertainty based on unsupported (tacit) assumptions, the resulting probability statements, such 

as the probability of dropping below a specific limit reference point when following a specific 

HCR, might be inaccurate. This may give managers as well as the public an illusion of scientific 

rigour (Hilborn et al. 1998, Rochet et al. 2009) because the uncertainty is likely to be 

substantially underestimated (Hilborn et al.1998). While this problem is almost inevitable to 

some degree in fisheries systems, the methods developed in this thesis go some way to 

improving the quantification of uncertainty in fisheries assessments. 

  

General Aim  

 

     This thesis explores a range of methods that work toward the common goal of improving 

the estimation of uncertainty in fisheries models, and reducing the risk due to this uncertainty 

impacting fisheries management outcomes. Selected stocks from the Australian Southern and 

Eastern Scalefish and Shark Fishery (SESSF) are used for case studies throughout this thesis.     
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To address this task, the challenge has been divided into the following specific aims by chapter. 

 

Chapters 

 

   The development of this thesis resulted in four technical chapters and two secondary chapters 

(a General Introduction and General Discussion).  

 

Chapter 2: This chapter explores the use of frequentist and Bayesian approaches to quantify 

uncertainty in fish stocks that are near the limit reference point and provides a broad overview 

of Bayesian diagnostics. To evaluate the differences between both paradigms we used three 

stocks that are managed by the Australian Fisheries Management Authority (AFMA) in the 

Southern and Eastern Scalefish and Shark Fishery (SESSF): i) an updated assessment of the 

eastern pink ling (Genypterus blacodes) stock and the most recent stock assessments for ii) 

silver warehou (Seriolella punctata) and iii) eastern jackass morwong (Nemadactylus 

macropterus). The uncertainty in the model parameters and derived quantities are estimated 

using two different statistical approaches i) frequentist inference using maximum likelihood 

estimation (MLE) (in an errors-in-variables or penalized likelihood context) and ii) a Bayesian 

inference model using the random walk Metropolis Markov chain Monte Carlo algorithm 

(MCMC). We fully investigate MCMC diagnostics and compare the parameter estimates and 

their uncertainty with those derived from the maximum likelihood approach.  Finally, we 

provide some potential guidelines for the best practice in quantifying statistical uncertainty in 

the context of an important Australian groundfish fishery. 

   

Chapter 3: In this chapter, we investigate whether changing model parameterization can 

improve the efficiency of MCMC sampling. We compare two algorithms i) a naive random 

walk Metropolis (RWM) and ii) a more sophisticated No U-Turn Sampler (NUTS a variant of 

Hamiltonian Monte Carlo) to determine if model reparameterization can improve the efficiency 

of those samplers using an updated stock assessment model for pink ling (Genypterus 

blacodes). For this purpose, we reparametrized key parameters 1) the coefficient of variation 

(CV) of variation of length at age 2) virgin recruitment from the Beverton-Holt stock-

recruitment relationship, 3) growth rates from a von Bertalanffy growth model, and 4) the rate 

of the ascending and descending limbs of a dome-shaped selectivity function. We evaluate the 

effectiveness of two MCMC algorithms (RWM and NUTS) in an updated western pink ling 

stock assessment model.   
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Chapter 4: In this chapter we evaluate the impact and quantify the level of management risk 

associated with the frequency of assessment (and TAC setting), by comparing single-year 

(SYTAC) and multi-year TACs (MYTACs) using Management Strategy Evaluation (MSE). 

We present an evaluation of the biological and economic implications of setting annual TACs 

compared with setting MYTACs that are held fixed for two or more years, for three species 

with different life histories and current stock status. Biological and management scenarios were 

implemented using the SESSF management strategy evaluation software tool.  The scenarios 

are applied for four stocks with contrasting life history and exploitation characteristics. The 

four species types are based on the assessments for school whiting (Sillago flindersi), silver 

warehou (Seriolella punctata), jackass morwong (Nemadactylus macropterus) and tiger 

flathead (Neoplatycephalus richardsoni). School whiting is a short-lived highly productive 

species, silver warehou has high recruitment variability, jackass morwong is medium-lived 

species with decadal variation in stock-recruitment that has been attributed to a regime shift 

(Wayte 2013) and finally tiger flathead is relatively long-lived. The performance of each 

scenario is evaluated by the trajectory of relative spawning biomass and catch over time, and 

by four performance measures relating to stock level, catch, and variability in catch: i) 

spawning stock biomass (SSB) in the final year relative to unfished SSB (final stock status), ii) 

catch variability over the projection period, iii) average catch over the projection period and 

iv) probability of the spawning biomass going below the limit reference point (SSB20) for more 

than one in 10 years of the projection period. 

 

Chapter 5: In this chapter we investigate options for managing uncertainty in key fisheries 

parameters by adopting more sophisticated harvest control rules for a specific fishery case 

study (school whiting, Sillago flindersi). We propose two new HCR approaches to determine 

future catch by integrating across an ensemble of annual assessment models, calculated over 

different fixed values of parameters that are often poorly estimated in stock assessment, namely 

natural mortality and stock-recruitment steepness. The first HCR meta rule makes the catch 

recommendation on the basis of the likelihood-weighted mean (LW) of TACs from the TAC 

ensemble. The second uses an adaptative percentile (AP) from the distribution of TACs in the 

ensemble with a lower, more precautionary, percentile adopted if the stock is estimated to be 

more highly depleted. In both cases, methods were evaluated in terms of the trade-off among 

management objectives using the SESSF management strategy evaluation tool.  
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Chapter 6: The thesis concludes with a general discussion, highlighting the main findings 

made during the development of the thesis along with a discussion of the limitations of the 

work and suggestions for future research.   
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CHAPTER 2 

Evaluation of Bayesian and frequentist approaches 

to assess uncertainty in fish stocks at high ecological 

risk 

2.1. Abstract 

Fisheries stock assessment models quantify uncertainty using either frequentist or Bayesian 

paradigms, and the reasons for choosing a particular approach is not always clear.  This study 

explores the uncertainty estimates from frequentist and Bayesian stock assessments of species 

that are near their limit reference point and illustrates the management implications associated 

with the two approaches. We use age-structured stock assessment models of three different 

species that have different population and fishery dynamics, that lead to differing levels of 

complexity. All three species are near their biomass limit reference point. The estimates of 

parameters from the base case assessments are obtained using frequentist and Bayesian 

methods both implemented in Stock Synthesis, using maximum likelihood estimation (MLE) 

and Metropolis-Hasting MCMC. We find that MLE and Bayesian approaches result in similar 

estimates of key parameters and quantities of interests, however, the MLE estimates of stock 

status tend to be slightly lower than those from MCMC. In addition, the results suggest that 

MLE and MCMC methods correspond well for simpler models with low dimensionality (e.g. 

models using logistic selectivity functions that have fewer parameters to estimate). However, 

for a more complex model (i.e. higher dimensionality and dome-shaped selectivity) the 

estimates and uncertainty of parameters used for management purposes were quite different 

between the MLE and MCMC methods. There was a high level of correlation among some 

parameters, including parameters from the dome-shaped selectivity function, natural mortality, 

mean unfished recruitment and growth parameters for all species. We conclude that highly 

correlated parameters will likely degrade the numerical efficiency of the MCMC approach, 

potentially reducing the accuracy and precision of quantities used to inform management action 

and which could lead to adverse management outcomes. 

Keywords: Frequentist, Bayesian, uncertainty, depletion, risk and stock assessment. 
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2.2. Introduction 

 
     Fisheries managers need reliable estimates of stock abundance along with the quantification 

of its uncertainty to manage stocks sustainably and to reduce the risk of stock collapse. In 

fisheries stock assessment the estimation of uncertainty is an important component of providing 

scientific advice (FAO 2007, Privitera-Johnson et al. 2020). Failure to effectively account for 

uncertainty may have an impact on the interpretation of data and analysis of results, leading to 

overshooting management targets, failure to rebuild depleted stocks and the possible lack of 

opportunities to take advantage of sustainable fishing (Peterman, 2004, Cadrin et al. 2015). 

Reliable quantification of this uncertainty is essential to inform management decision making, 

particularly if a stock appears to be close to (or below) its limit reference point. This uncertainty 

in fishery stock assessment can arise from five sources: 1) observation uncertainty, 2) process 

uncertainty, 3) model uncertainty, 4) estimation uncertainty and 5) implementation uncertainty 

(Patterson et al. 2001, Ulltang et al. 2003, Stewart et al. 2013, Magnusson et al. 2013, Cadrin 

et al. 2015, Privitera-Johnson et al. 2020). In this chapter we focus on the impacts of model and 

estimation uncertainty on the quantification of uncertainty within fisheries stock assessment 

models. 

     There are a number of statistical methods for estimating the uncertainty around parameter 

estimates and derived quantities generated by individual models. Most fisheries stock 

assessment models are implemented using either frequentist (maximum likelihood estimation, 

MLE) or Bayesian-based estimation methods (Merritt et al. 2000, Magnusson et al. 2013, Punt 

et al, 2014, Thorson 2020). MLE calculates the variance through the inverse of the Hessian 

matrix (second order partial derivatives of objective function with respect to the estimated 

parameters), while Bayesian methods usually use stochastic sampling of parameter vectors 

from MCMC. The uncertainty is usually presented using confidence or credible intervals (CIs) 

or probability distributions around the parameter estimates.  

     Frequentist and Bayesian approaches make fundamentally different assumptions about the 

data and model assumptions. MLE inference treats parameters as fixed unknowns, data as 

random, and inference is drawn from 95 percent confidence intervals based on hypothetical 

replicates. In the frequentist approach, standard errors of estimates, confidence intervals, 

sampling distribution and p-values all describe the behaviour of the data collection procedures 

in which the population state stays fixed but observations are randomized over and over again, 

conditional on the fixed status of the stock (Pawitan, 2001). The most common frequentist 
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approaches that are used to quantify the uncertainty in stock assessment models are MLE 

estimation (usually combined with the delta method for quantities of interest that are derived 

from the free parameters) and bootstrap re-sampling. However, these different frequentist 

methods can give different intervals in many situations (Patterson et al. 2001, Magnusson et al. 

2013).  

     In contrast, Bayesian inference treats parameters to be random when data is set, then 

formalises a priori beliefs about an unknown quantity (in the form of prior probabilities), which 

are then updated in light of available data (via the likelihood function) to arrive at a posterior 

probability of that quantity (Booth et al. 2006, Merritt et al. 2000). Bayesian inference relies 

on the appropriate specification of prior distributions. Except for the details used in the 

probability calculations of the stock assessment, the prior distribution for a parameter 

summarises the information about that parameter from all knowledge. The inclusion of more 

informative priors can produce more stable and precise estimates of parameters (Booth et al. 

2006).  However, this paradigm has been criticized as being subjective because the choice of 

priors can influence the results of the analysis (Hilborn et al. 1997, Gelman et al. 2004, Berger 

2006, Carlin et al. 2008, Kruschke 2011). Previous studies have shown clear evidence that 

when there is insufficient information available, the construction of prior distributions requires 

careful consideration, as an inappropriate choice of prior could lead to biased estimators 

(Hilborn et al. 1997, Gelman 2004, Berger 2006, Carlin et al. 2008, Kruschke 2011).  

     There is a further distinction among MLE methods used in fisheries and Bayesian 

approaches. Most fisheries assessment models use a penalized likelihood component, e.g. for 

constraining recruitment deviations (Schnute 1994 refers to this as Errors in Variables).  For 

practical computational reasons, this approach does not integrate the likelihood over al l 

possible states of the population that would be achieved with alternative recruitment deviations. 

The advent of new software, such as TMB (Kristensen et al. 2016), in principle allows the 

“proper” likelihood calculation to be conducted using a random effects framework, but this is 

still uncommon in fisheries stock assessments. Stochastic Bayesian integration approaches 

conduct the integration over all states and hence are analogous to the use of random effects in 

MLE in this respect.    

     There are considerable differences of opinion among scientists about whether frequentist or 

Bayesian methods should be used for making inference from fishery stock assessment models 

(Patterson et al. 2001, McAllister et al. 2001 Johnson et al. 2012, Stewart et al 2013, Magnusson 

et al. 2013, Monnahan et al 2017, Fu et al. 2018, Monnahan et al. 2019, Privitera-Johnson et 

al. 2020). Both methods have advantages and disadvantages. Frequentist methods are faster 
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and usually provide reliable parameter estimates while Bayesian approaches offer a technical 

way to incorporate prior information from previous studies or professional opinion (Monnahan 

et al. 2019) and a natural framework for estimating probability distributions around parameters 

(Punt et al. 1997). Booth et al. (2006) suggest that MLE and a Bayesian approach with non-

informative priors usually result in similar estimates, however, a Bayesian app roach with 

informative priors can reduce the uncertainty in parameters and quantities of interest. 

Uncertainty estimates obtained from frequentist and Bayesian approaches are usually quite 

similar (Stewart et al 2013, Magnusson et al. 2013, Monnahan et al. 2019, Privitera-Johnson et 

al. 2020), and the distinction can be further blurred, e.g. because the MLE approach may 

include priors in the form of objective function penalties (e.g. as commonly used in Stock 

Synthesis). However, small differences between parameter estimates from the two paradigms 

could be crucial for consequent estimates of biomass that feed into management control rules 

that set catch quotas or TACs when the stock is close to its limit reference point. 

     The Australian Commonwealth Government is responsible for the management of fisheries 

from the boundary of state waters at 3nm to the 200nm limit of the Australian exclusive 

economic zone. Australia’s Commonwealth fisheries are managed using formal harvest 

strategies (Rayns 2007, Smith et al. 2008, Smith et al 2014), that have been tested using 

management strategy evaluation (Wayte 2009, Little et al. 2011). For most species, a limit 

reference point (LRP) of 20% of the virgin spawning stock biomass (SSB0) is used. When stock 

status drops below 20% of virgin biomass, a formal recovery plan is implemented. In recent 

years the assigned status of a number of Australian Commonwealth stocks has changed to that 

of uncertain (eastern and western deepwater shark stocks, ocean perch, ruby snapper and 

striped marlin; AFMA, 2020). This change to ‘uncertain’ status largely reflects increased 

uncertainty because of an extended period since the last assessment or uncertainty in the 

assessment. Some stocks, including blue warehou, eastern gemfish, gulper sharks, redfish, 

school shark and western and southern orange roughy are classified as overfished (i.e. below 

their LRP), while eastern pink ling, eastern jackass morwong and silver warehou are just above 

to their LRP (AFMA 2020).  

     The Southern and Eastern Scalefish and Shark Fishery (SESSF) is a multi-species, multi-

sector fishery that extends around half of the Australian Fishing Zone from southern 

Queensland to southern Western Australia. The use of MCMC analysis to be tter quantify 

uncertainty in stock assessment models in Australia was originally proposed to be an integral 

component of the assessment approach for the SESSF for data rich stocks. It was based on the 

terms of reference for US west coast ground fish assessments (Punt et al. 2006), however, the 
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use of MCMC analysis was not adopted in the final harvest strategy (DAFF 2007). While the 

use of MCMC analysis was not formally adopted in the SESSF harvest strategy, it has 

previously been used for key assessments such as blue grenadier (Tuck 2006), school whiting 

(Day, 2010) eastern orange roughy (Upston et al. 2014) and more recently for eastern pink ling 

(Cordue 2018) and silver warehou (Burch et al. 2019) as a result of concerns that these stocks 

may be close to their LRPs (Penney et al. 2016).  

     Currently in the SESSF, the eastern stock of jackass morwong, eastern pink ling and silver 

warehou are all marginally above their LRPs. All three species have shown a substantial drop 

in their spawning biomass, passing near or below the limit reference point (LRP) threshold at 

0.20 SSB0 in the last decade, with lower 95 th percent asymptotic confidence intervals 

consistently falling below the LRP during this period (Punt et al. 2012, Whitten 2013, Cordue 

2015, Day 2018, Burch et al. 2019). In addition, eastern pink ling shows clear differences in 

the estimates of virgin spawning biomass SSB0, current stock status and natural mortality (M) 

when using MCMC and maximum likelihood approaches (Cordue 2018). 

The objective of this chapter is to explore and compare the estimates of uncertainty from 

frequentist and Bayesian methods for stocks that are at risk of falling below the limit reference 

point for management procedures. To do this we use the assessment models implemented in 

Stock Synthesis (Methot et al. 2020) for three SESSF species that are all close to their limit 

reference points: eastern jackass morwong, eastern pink ling and silver warehou. We evaluate 

each of these three assessments using both maximum likelihood and Bayesian frameworks and 

compare the estimates and uncertainty of parameters used for management purposes. Because 

it is not clear which approach is more reliable and useful for quantifying the uncertainty when 

fish stocks are close to the limit reference point, we investigate the relative importance using 

the full sensitivity analysis of MCMC diagnostics and maximum likelihood approaches.  
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2.3. Methodology  

 

2.3.1. Stock assessments 

     To evaluate the differences in using frequentist and Bayesian approaches, in the context 

defined above, we use the assessments for three stocks from the Southern and Eastern Scalefish 

and Shark Fishery (SESSF). For eastern jackass morwong and silver warehou we used existing 

Stock Synthesis assessments (Day et al. 2018, Burch et al. 2019). The most recent eastern pink 

ling assessment is implemented in CASAL (Cordue 2018) so we updated an earlier Stock 

Synthesis version of the eastern pink ling assessment (Whitten et al. 2013; Appendix B).  

     The eastern jackass morwong assessment is a single-sex model (i.e. both sexes combined), 

age-at-length data was used as an input, with all four parameters of the von Bertalanffy growth 

equation obtained for the eastern stock (Day et al. 2018). M was assumed to be time-invariant 

and constant with age, and set to 0.15 yr-1. The value for the steepness of the Beverton-Holt 

stock-recruitment relationship, h, is fixed at 0.7. Female maturity is modelled as a logistic 

function, with 50% maturity fixed at 24.5 cm. Fecundity-at-length is assumed to be 

proportional to weight-at-length. The parameters of the length-weight relationship are obtained 

from Smith and Robertson (1995) (a=1.7 × 10-5, b=3.031). Other parameters are provided in 

Table 2.2. The eastern jackass morwong assessment has shown below average recruitment 

since the mid-1980s that has been attributed to a regime shift in recruitment (Wayte 2013). The 

regime shift has been incorporated into the assessment using the Stock Synthesis regime shift 

parameter which changes the virgin recruitment (R0) and the associated spawning biomass 

reference points from 1988 onwards. 

     The eastern pink ling assessment is a single-area, two-sex, age-structured population model 

with time invariant growth that follows the von Bertalanffy equation. The assessment was 

based on the assessment of Whitten et al (2013) and updated with data to the end of 2017, with 

some minor changes to model assumptions consistent with current SESSF practices (Appendix 

B.1). The population was partitioned into 30 age classes and modelled with annual time steps 

from 1970-2017. A single natural mortality rate was estimated across ages and over time 

assuming a normally distributed prior. The maturity at-age and weight-at-age were also 

assumed to be time invariant. Recruitment is assumed to follow the Beverton-Holt stock-

recruitment relationship with steepness fixed at 0.75. Maturity is modelled as a logistic 

function, with 50% maturity fixed at 50 cm. The selectivities are modelled using a time 

invariant logistic function for the non-trawl fleet and a time varying dome-shaped function for 

the trawl fleet (Tables 2.1 and 2.2). 
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     Silver warehou is a single-sex model (Burch et al. 2019). Conditional age-at-length data is 

used as an input and growth is assumed to be time invariant and follows the von Bertalanffy 

equation. The rate of natural mortality, M, is assumed to be constant with age, time-invariant 

and is fixed at 0.3y-1. Recruitment is assumed to follow a Beverton-Holt stock-recruitment 

relationship with steepness set to 0.75. Maturity is modelled as a logistic function, with 50% 

maturity fixed at 37 cm. Fecundity-at-length is assumed to be proportional to weight-at-length. 

The selectivities are modelled as logistic functions that are time invariant for two separate trawl 

fleets while retention is estimated separately for two time periods (1980-2001 and 2002-2017) 

for each fleet. The plus-group is modelled at age 23 years (Tables 2.1 and 2.2).  

     The population dynamics model for all three stocks is implemented using Stock Synthesis 

(SS, Version 3.30.12.00-safe, Methot et al. 2020, Fournier et al. 2012). The data sources and 

model parameters are described in Tables 1 and 2. Frequentist and Bayesian statistical 

approaches are both used in the fitting of population models to the various types of data (Table 

1) that simultaneously estimate all model parameters, given some initial parameter values and 

parameter bounds.   

 

Table 2.1. Data sources by species. 

Data sources Pink ling eastern  Silver warehou Jackass morwong  

Catch and discards 1994-2017 1980-2017 1915-2017 

Aging error 0-30 age 0-23 age 0-30 age 

Fishery-independent survey (FIS) 2008-2016 - 2008-2016 

Standard deviation FIS  0.15 - 0.1618 

CPUE 1986-2017 1986-2017 1986-2017 

Standard deviation CPUE 0.127 0.164-0.17 0.14; 0.35; 0.15; 0.17 

Length and age data 1991-2017 1996-2017 2008-2016 
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Table 2.2. Assessment model parameters by species. *used normal prior with standard deviation in parentheses 

Parameter Parameters estimated Base case bounds (low, high) 

 Ling Warehou Morwong Ling Warehou Morwong 

Stock-recruitment       
Ln(R0) 1 1 1 (-4,25) (7, 15) (5,50) 

Steepness (h) - - - - - - 

Recruitment SD  - - -  - - 

Time-series recruitment 48 35 68 (-5,5) (-5,5) (-5,5) 

Natural mortality (M, female) 1*(0.04) - - (0.1,0.35) - - 

Natural mortality (M, male) - - - - -  
Maturity and growth Females       
Length-weight coefficient (a) - - - - - - 

Length-weight coefficient (b) - - - - - - 

Length at min age 1 1  (15,60) (8,30) (10,40) 

Length at max age  1 1  (90,140) (30,90) (25,50) 

Length at 50% maturity - - - - - - 

Length maturity slope  - - - - -  
Von Bertalanffy K 1 1 1 (0.12, 045) (0.05, 0.65) (0.05,0.5) 

CV of length at age young 1 1 1 (-3,3) (0.01, 0.5) (0.05,0.25) 

CV of length at age old 1 - - (-3,3) - - 

Males       
Length-weight coefficient (a) - - - - - - 

Length-weight coefficient (b) - - - - - - 

Length at min age 1   (15,60)   

Length at max age 1   (90,140)   

Von Bertalanffy K 1 - - (-3,3) - - 

CV of length at age  1 - - (-3,3) - - 

CV of length at age 1 - - (-3,3) - - 

Selectivity        
Double normal  16 - - Variable - - 

Logistic (non-trawl) 6 4 12 Variable Variable Variable 

ln(Catchability[Q] Index 1 1 - - (-0.2,0.5)   

ln(Catchability[Q])  1 1 - (-0.2,0.5) (-0.2,0.5)  
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2.3.2. Uncertainty measures  

      

    The uncertainty in model parameters and derived quantities is estimated using two different 

statistical approaches i) frequentist inference using maximum likelihood estimation (MLE) and 

ii) Bayesian inference using the Metropolis-Hastings Monte Carlo algorithm (Metropolis et al. 

1953, Gelman et al. 2013). Maximum likelihood estimation (MLE) approaches are 

asymptotically unbiased and normally distributed, with the variance given by the inverse of the 

Hessian matrix, and provide the asymptotic variance for all estimated parameters and derived 

quantities using the percentile method (Van Der Vaart, 1998). The values for the parameters 

that minimise the negative log likelihood of the model are determined using Stock Synthesis 

version 3.30 (SS3; Methot et al. 2020) to minimize the negative of the logarithm of the 

likelihood function (-lnL). The components for the objective function include mean virgin 

recruitment, recruitment residuals, the observed catches and discards by fleet, the observed 

age- and length-compositions by fleet, the standardised catch per unit effort (Sporcic 2018) 

and, for pink ling and jackass morwong, an index of relative abundance from a fishery 

independent survey. 

     The variances for the estimates of the model parameters and for the other quantities of 

interest are also estimated using Bayesian methods. The Metropolis-Hastings variant of the 

Markov-Chain Monte Carlo (MCMC) algorithm (Hastings 1970, Gilks et al.1995, Gelman et 

al. 1995, Geyer 2011) with a multivariate Normal distribution is used to sample parameter 

vectors from the joint posterior density function. This sample implicitly accounts for 

correlation among the model parameters and considers uncertainty in all parameter dimensions 

simultaneously. For each species, the samples on which inference is based were generated by 

seven different chains with different initial seeds (mcseed: 5, 15, 30 (the default), 60, 120, 150 

and 180 respectively) running 2,000,000 cycles of the MCMC algorithm, discard ing the first 

200,000 as a burn-in period and selecting every 2,000 th parameter vector thereafter, giving a 

total of 900 usable samples. The starting parameter values are taken from the MLE, with the 

candidate proposal distribution from the MLE (inverse Hessian) approach. Determining 

whether convergence to the actual posterior distribution has occurred is a challenge when using 

MCMC algorithms, and the selection of the sampling protocol (the parameters 2,000,000, 

200,000 and 900 described above) is based on generating a sample which showed no 

noteworthy signs of lack of convergence for the posterior distribution.  

     Convergence is evaluated by applying the diagnostic statistics developed by Geweke 

(1992), Heidelberger and Welch (1981, 1983), and Raftery and Lewis (1992) by examining the 
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extent of autocorrelation among the samples in the chain and the effective sample sizes 

corrected for autocorrelation (Plummer et al. 2006). To evaluate the convergence of the MCMC 

samples, the posterior distribution was checked by monitoring several statistical tests (Geweke 

1992 and Plummer et al. 2006). Where the mean of a chain is stationary for all positive integers 

𝑚 and 𝑡, the joint distribution of (𝑋1+𝑡 , 𝑋2+𝑡 ,…𝑋𝑚+𝑡) is independent of t. In particular 

𝑐𝑜𝑣(𝑋𝑖 , 𝑋𝑗) will only depend on |𝑖 − 𝑗| (Plummer et al. 2010). To evaluate the stationarity of 

each chain we used the Geweke test and the Heidelberger and Welch statistic, hereafter termed 

the Heidel-Welch test, as implemented in the R package CODA (Plummer et al. 2010). To 

evaluate whether the burn-in is sufficient we monitored the maximum within-parameter 

autocorrelation, the trace and autocorrelation diagnostics using the CODA package (Plummer, 

2006). Significant autocorrelation suggests that the chain requires greater thinning prior to 

using the posterior statistic inference. Finally, the effective sample size (ESS) was also 

estimated using CODA, here ESS is obtained from a chain when using different burn-in lengths 

(Plummer et al. 2006, 2010, Geyer 2011, Gelman et al. 2013).  

     The final criteria for selecting a single chain from the seven that were run with different 

starting values (seeds), to be used in the final analysis of MCMC for comparison with the MLE, 

was determined by: i) The chain that had the highest number of effective samples per 

parameter, ii) 80% of the parameters have passed the Heidel-Welch test with a threshold of 

0.05, iii) 80% of the parameters have low autocorrelation (AC < 0.4) and iv) 80% of the 

parameters have passed the Geweke test with a threshold of 1.96 (z-score goes to N (0,1) if the 

chain has converged).   

 

2.4 Results  

 

     For all stocks, the frequentist and Bayesian implementation show a similar pattern for 

estimates of spawning biomass over time, however, the frequentist estimates are slightly lower 

than the Bayesian estimates for some periods in the time series (Figure 2.1). Both the 

frequentist and Bayesian implementations of the eastern pink ling model display a steep decline 

in spawning biomass in the early 1980’s, followed by a period of gradual further decline. 

However, spawning biomass remains above 48% of SSB0 until 1990. In 2003, the stock 

decreases to below 23% of unfished levels, with the SSB estimates from the MLE approach 

lower (below 20% SSB0 in 2003-2017) than the MCMC approach (which were slightly above 

20% of SSB0 in 2003-2017; Figure. 2.1). The final stock status s in 2017 from the MCMC is 
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25.7%, which is slightly higher than the MLE estimate of 21% (Figure 2.1). However, for silver 

warehou and jackass morwong the spawning biomass estimates obtained from the Bayesian 

implementation are almost identical to the maximum likelihood estimates. For silver warehou, 

the only discernible difference between the two methods was the maximum likelihood 

estimates of spawning biomass were around 2% lower than the Bayesian estimates between 

1980 and 2000 (Figure 2.1). For eastern jackass morwong, spawning biomass estimates were 

around 5% lower under the MLE from 1920 to 1980 (Figure 2.1).  

     Under both approaches, the silver warehou assessment shows a decline in spawning biomass 

in the 1980’s from around 20,000t to 9,000t in 2000. The stock recovers in the early 2000s, 

driven by high recruitment events, however, the stock then declines to around 20% SSB0 

between 2012-2016 under both approaches. MLE and MCMC approaches for silver warehou 

suggest that the current stock status is 22-23% of virgin spawning biomass in 2017 (Figure 

2.2). Jackass morwong shows an almost identical pattern in spawning b iomass over time 

between MLE and MCMC approaches. Stock biomass indicated a 70% decline in the spawning 

biomass over the last 20 years, however, due to the regime shift assumed in the model, the 

current status of the stock is above the limit reference point, at 27-29% of the post-regime shift 

biomass (Figure 2.2 bottom).  The MCMC sensitivity analyses show that for each species, all 

seven MCMC chains passed the standard diagnostic tests (Appendix 2.6.A), with most of these 

tests confirming convergence to the stationary target distribution. For all three species, there 

was very little variability among the seven MCMC chains in the time series of estimated 

percentage of spawning biomass, estimated virgin recruitment, recruitment deviations and 

growth parameters (Appendix A. Figures 2.1-2.3). However, comparison of the correlation 

matrices of the MCMC chains for each stock identified that natural mortality (M), growth rate 

(K), virgin recruitment (R0) and some parameters from the selectivity functions (particularly 

the ascending or descending parts of the dome-shaped curve) are highly correlated (Figure A.4, 

2.5, 2.9, 2.10, 2.14 and 2.15).  

     The posterior distribution of the pink ling assessment estimated 165 parameters, with a 

minimum average effective sample size of 702, a maximum autocorrelation (at lag-1) of 0.164 

and >60% of parameters in all chains passed the Heidel-Welch test, indicating the burn-in was 

sufficient. However, virgin recruitment, and the ascending and descending inflection 

parameters of the dome-shaped selectivity function, failed the Geweke and Heidel-Welch tests 

in all seven chains (Tables 2.4 and 2.5). The silver warehou assessment estimated 55 

parameters, with a minimum average effective sample size of 548, a maximum autocorrelation 

(at lag-1) of 0.997 and >60% of parameters in all chains passed the Heidel-Welch tests. 
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However, the logistic functions for selectivity and the time-blocked retention parameters failed 

both the Geweke and Heidel-Welch tests in all seven chains (Table 2.6). The posterior 

distribution for jackass morwong estimated 97 parameters, with a minimum average effective 

sample size of 672, a maximum autocorrelation (at lag-1) of 0.102 and >60% of parameters in 

all the chains passed the Heidel-Welch test. However, in all chains between one and three of 

the parameters failed both tests (Tables 2.8 and 2.9). In addition, some parameters from the 

logistic retention function are highly correlated with other parameters (Figures 2.20 and 2.21).     

     The median of the marginal posterior distribution shows that the mean virgin recruitment 

parameter (R0) failed both the Heidel-Welch and Geweke tests for pink ling (Appendix A. 

Table 2.6 and 2.7). For R0, this resulted in a different shape of the marginal posterior 

distribution with the MLE estimate (0.61) lower than the MCMC estimate (0.71). The marginal 

distribution of virgin recruitment shows the same asymmetric pattern for the other two species 

with lower values from the MLE (Figure 2.3). For silver warehou, R0 is estimated as 9.37 

(MLE) and 9.408 (MCMC). For jackass morwong, R0 is estimated as 8.040 (MLE) and 8.11 

(MCMC) (Figure 3 left). While the growth rate (K) shows similar estimates for both MLE and 

MCMC implementation of all species, the shape of the marginal distribution is different for 

pink ling and jackass morwong (Figure 2.3 right). For all species, the MLE estimates of the 

von Bertalanffy growth rate parameter (K), initial recruitment (R0) and initial female spawning 

biomass (SSB0) are outside of the 95% Bayesian CIs for all species (Table 2.3).  In addition, 

for pink ling where natural mortality is estimated, the MLE estimate of M is also outside the 

95% Bayesian CI’s for M. 
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Table 2.3. Summary for the key parameters estimated from MLE and MCMC by species. 

Parameters MLE estimate 95% MLE CIs MCMC median 95% Bayesian CIs 

Pink ling eastern         

Natural mortality (M) 0.206 0.160-0.235 0.211 0.21-0.213 

k (von Bertalanffy)  0.159 0.109-0.208 0.155 0.154-0.156 

SR_LN(R0) 0.6134 0.322-0.960 0.715 0.703-0.728 

SSB0 7685 6874-9903 7844.5 7800-7889 

SSB2017 1616.9 1511.3-2901.6 2018.5 1990-2046 

SSB2017 /SSB0 0.21 0.256-0.263  0.257 0.256-0.263 

Silver warehou         

k (von Bertalanffy) 0.3017 0.273-0.330 0.3 0.29 -0.30 

SR_LN(R0) 9.379 9.279-9.478 9.408 9.404-9.411 

SSB0 18949 17071-20826 19421 19353-19488 

SSB2017 4272 3293-5251 4488 4452-4525 

SSB2017 /SSB0 0.225 0.229-0.232  0.231 0.229-0.232 

Jackass morwong         

k (von Bertalanffy) 0.234 0.191-0.278 0.228 0.227-0.230 

SR_LN(R0) 8.04 7.713-8.367 8.111 8.100-8.122 

SSB0 7046.7 4754-9338 7477 7393-7560 

SSB2017 2096.5 1529-2663 2041.46 2022-2060 

SSB2017 /SSB0 0.297 0.272-0.278  0.275 0.272-0.278 
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  Pink ling                                                           Silver warehou 

 
       Jackass morwong 

 
Figure 2.1. Spawning biomass time-series for eastern pink ling (top left), silver warehou (top, 
right) and eastern jackass morwong (bottom, left) for MLE (blue) and MCMC (red) with 95% 
intervals. 
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        Pink ling                                                            Silver warehou  

 
       Jackass morwong 

 
Figure 2.2. Time-series of relative spawning biomass estimates for eastern pink ling (top left), 
silver warehou (top, right) and eastern jackass morwong (bottom, left) for MLE (blue) and 
MCMC (red) with 95% intervals.  
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       Pink ling 

 
       Silver warehou 

 
       Jackass morwong 

 
Figure 2.3. Posterior distribution of unfished recruitment (R0) and growth rate (k) for eastern 
pink ling (top), silver warehou (middle) and eastern jackass morwong (bottom).  



29 
 

     For silver warehou and jackass morwong, the probability of being below the limit reference 

point (LRP) shows a similar pattern between both the MLE and MCMC approaches (Figure 

2.4). The probability that the spawning biomass of silver warehou is below the LRP in 2014 is 

29% from the MLE and 31% from the MCMC estimate.  For jackass morwong, the stock shows 

the highest probability of falling below the LRP between 2014 and 2016, with a 38% (MLE) 

and 36% (MCMC) probability of falling below the LRP. The probability that the stock is below 

the post regime shift 20% LRP increases significantly in 2012, to 22% for MLE and 28% for 

MCMC in 2014 for jackass morwong. The probability that the stock falls below the LRP then 

declines by 2017 to 3% for MLE and 4% for MCMC (Figure 2.4).  

     In contrast to the other two species, the estimates of the probability of falling below the LRP 

for pink ling shows significant differences between the MLE and MCMC approaches, with the 

Bayesian estimates indicating this probability is lower (lower chance of falling below the LRP) 

than the estimates obtained from the MLE. The MLE results show a higher probability of the 

stock falling below the limit reference point, with the peak risk between 2005 and 2013 

reaching 60-75% probability of being below the LRP of 20% SSB0 (Figure 2.4). For the 

Bayesian estimates for the same period, the probability of the stock falling below the limit 

reference point is around 20-30%, with the peak risk around 35% between 2006 and 2007 

(Figure 2.4). However, for both methods the spawning biomass of eastern pink ling increases 

towards the end of the time series, with only a 4% (MCMC) and 15% (MLE) probability of the 

stock being below the limit reference point at the end of time-series.  
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Figure 2.4. Probability of falling below the limit reference point (SSB20) by species. The dotted 
line indicates the 10% policy target, as the SESSF Harvest Strategy states that fisheries should 
be managed to ensure stocks remain above the limit reference point at least 90% of the time. 
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2.5. Discussion and Conclusions 

     Interest in incorporating uncertainty into fisheries management processes is growing given 

the failure to account for different sources of uncertainty has been related to several fishery 

management failures (Hilborn et al. 1997). Thus, it has become crucial to accurately measure 

the uncertainty of quantities within fisheries assessments that are used to inform management 

actions so that managers have the best information possible to sustainably manage fish stocks 

and not have undue confidence in assessment outputs (Stewart et al. 2013, Magnusson et al. 

2013).  This study compared the uncertainty estimated from frequentist and Bayesian methods 

for three species that are close to the limit reference points (20% SSB0). For all species 

considered in this study, MLE and MCMC methods based on the same modelling framework 

can result in differences in both the absolute and relative estimates, and in the uncertainty of 

quantities used to provide management advice. This implies that the choice of estimation 

method can have an appreciable impact on the perceived risk associated with fisheries 

management decisions. 

     In terms of uncertainty, the MLE and MCMC confidence intervals are very similar for silver 

warehou and jackass morwong, but differ for pink ling. The results also showed significant 

differences in the magnitude of quantities of management interest between MLE and MCMC. 

This was most apparent for pink ling where the fraction of unfished spawning biomass was 

estimated to be 21% using MLE and 25.7% using MCMC. This difference could potentially be 

explained by the complexity of the model and the large number of parameters to be estimated.  

The pink ling assessment has a complex model structure, with both dome-shaped and logistic 

selectivity functions that change over time (time-blocking) and a large number of parameters 

estimated (high dimensionality). In particular, models with dome-shaped selectivity functions 

have been shown to be sensitive to the estimation method. For example, if the estimated curve 

is asymptotic, the parameter controlling the top of the descending limb has almost no impact 

on the selectivity curve, resulting in fat tails that do not negatively affect MLEs (which are 

often estimated at a lower or upper bound) but pose a difficult geometry for Bayesian 

algorithms (Monnahan et al. 2019). In addition, the result shows evidence for lack of MCMC 

convergence due to high correlation between some of the parameters from the dome-shaped 

selectivity and natural mortality. Another potentially explanation could be the use of a normal 

prior for natural mortality. The incorporation of priors can result in different estimates of the 

mean and quantities of interest (Punt et al. 2000, Thorson et al. 2017, Kinzey et al. 2018). 

However, the Bayesian priors were analogous to, and identical in value to, the MLE penalty 
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constraints, so we would not expect the priors to be the important factor in these cases. The 

complexity of the pink ling model means that more parameters must be estimated, which can 

lead to overparameterization of the model. An overparametrized model with high variance can 

produce poor parameter estimates (Burnham et al. 2002). The combination of these factors 

could potentially explain the significant difference between both paradigms and contribute to 

increased model uncertainty for eastern pink ling.  

     In contrast, the silver warehou and jackass morwong assessments both produce similar 

estimates of stock status from both the MLE and MCMC approaches. Both assessments use 

simpler models than the pink ling assessment, using logistic selectivity and estimating a smaller 

number of parameters, 55 and 97 respectively, compared with 165 for pink ling.  For both silver 

warehou and jackass morwong there is no evidence for a lack of convergence of the MCMC, 

although R0 was highly correlated with other parameters. The probability of falling below the 

LRP was similar for both the MLE and MCMC for jackass morwong and silver warehou. For 

pink ling however, there are clear differences in both the parameter estimates and the 

confidence intervals from the two approaches. Other studies have also shown that MLE 

performs well with simple models with low dimensionality while MCMC performs better in 

finding the true minimum for more complicated models (Petterson et al. 2001, Usher et al. 

2001, Magnusson et al. 2013, Ravenzwaaij et al. 2018). In our study, the additional complexity 

of the pink ling assessment, incorporating dome-shaped selectivity with time blocking and 

estimating natural mortality, could potentially explain the MLE and MCMC differences. 

     For all species the MCMC diagnostics suggest there is strong correlation of parameters 

within the von Bertalanffy growth model. In addition, for pink ling, with natural mortality 

estimated, M is highly correlated with both virgin recruitment (R0) and the ascending and 

descending components of the dome-shaped selectivity of the trawl fleet. These high 

correlations suggest that these parameters may not have converged to a stationary distribution, 

which could cause severe problems for the MCMC sampler, including poorly mixing chains 

and long run times. This may mean that the optimization method is less likely to find the global 

minimum and lead to the failure of the MCMC diagnostic tests. However, lack of mixing can 

be improved by using a longer burn in period and a larger thinning interval. High cross -

correlations among parameters may also indicate a need for re-parameterization. Appropriate 

re-parameterization can often substantially improve correlation structure within a model, and 

hence increase the speed convergence and likelihood of convergence to a stationary distribution 

(Hills and Smith 1992, Papaspiliopoulos et al. 2007). Re-parametrization for pink ling is 

explored further in Chapter 3. 
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     MCMC sampling produces slightly different estimates than MLE for those correlated 

parameters. The difference between MCMC and MLE were most pronounced for natural 

mortality (M; pink ling), virgin recruitment (R0; all species) and the growth rate (k; pink ling 

and jackass morwong), where convergence of these parameters does not always occur. 

However, for all the species, the assessment models converge to a local minimum.  

     Other studies have compared the differences between Bayesian and MLE methods in stock 

assessment models.  Punt et al. (2000) considered why MLE and MCMC assessments of whales 

differ even when data/assumption are the same. They concluded that these differences result 

from the specific shape chosen for the priors, and the updating of priors, together with the 

covariance introduced between them. However, updating the priors is more important in 

accounting for the difference between results. Nielsen et al. (2002) explored whether the 

estimated Bayesian credibility intervals can be used to approximate the frequentist confidence 

intervals of the Bayes estimators using an age-structured stock assessment, establishing that 

the Bayes estimator of spawning biomass is a useful but slightly biased estimator, and that the 

MCMC estimator is better than MLE, in the sense that it is less biased and has much lower 

variance. Magnusson et al. (2013) compared the performance of the delta method, the bootstrap 

and MCMC, finding that the delta method and MCMC performed considerably better than the 

bootstrap, and that in terms of worst-case performance, MCMC was the most effective method.  

Stewart et al. (2013) compared the estimates of stock assessment uncertainty using MLE and 

MCMC using the same model framework. They show that MLE corresponds well with 

posterior modes but is lower than the posterior median values, and that the MLE asymptotic 

approximation for uncertainty intervals appears to overestimate these intervals for smaller 

stock sizes while underestimating them for larger stock sizes. Stewart et al. (2013) suggests 

that MLE generally mis-estimates the tails of skewed distributions which does not happen when 

using MCMC methods. More recently, Citores et al. (2018) compared different methods of 

uncertainty estimation (normal, multivariate distribution, bootstrap and MCMC) and model 

selection statistics when the evaluation model involved nonlinear functions. In particular, when 

fishing mortality is modelled by a smooth function of age and year, they found that MCMC 

has better performance, being able to detect skewness, coverage probabilities, and correlations 

in comparation with other methods. However, all three methods resulted in very similar 

performance.  The results from our study were generally consistent with the differences these 

studies identified between MLE and MCMC for pink ling, the most complex model in our 

study.  
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     These studies found that in many cases MCMC performances were better than MLE. 

However, it is important to investigate convergence as both approaches can be sensitive to local 

minima. In this way, Bayesian methods could be potentially more reliable for complex models, 

such as pink ling, as they permit the exploration of the correlation among model parameters 

that may cause problems with model convergence. Therefore, it is important to use the most 

appropriate uncertainty estimators, especially for stocks that are close to their limit reference 

points, such as those considered in this study.  Failure to take appropriate account of uncertainty 

can lead to failing to meet management goals, failure to restore a depleted stock, and lack of 

opportunities to take advantage of sustainable fishing opportunities, especially when the stock 

is close to the LRP. In Chapter 3, we use the pink ling assessment to explore the potential for 

re-parameterization of M, R0, k, etc to overcome some of the issues associated with highly 

correlated parameters.  

     Finally, we note that the comparison presented here is useful for identifying when stock 

status estimates are likely to be sensitive to the parameter estimation paradigm, but this does 

not prove that one is better than the other. It may be easy to demonstrate an MCMC failure 

through convergence diagnostics, but there is also the risk of minimization failure in the MLE 

context (e.g. due to multiple minima in the objective function), which has been observed in a 

number of complicated Stock Synthesis assessments. This could also be tested, e.g. with jitter 

analyses on the initial parameter values (Cass-Calay et al. 2014).  However, simulation-

estimation experiments that attempt to recover known parameter values are probably the best 

way to evaluate which estimation paradigm is more appropriate. Furthermore, management 

strategy evaluation is probably the most effective means of evaluating whether the differences 

are actually consequential in the context of achieving medium to long term management 

performance. 
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 2.6. Appendix  

 

2.6.1. Sensitivity analysis of initial values of MCMC  

 

Eastern pink ling  

 

 
Figure 2.5. Comparison of different initial values of Metropolis-Hastings MCMC for eastern 

pink ling. Trends in spawning biomass (top left), depletion (top right), time-trajectories of 
estimated recruitment numbers (bottom left) and marginal posterior distribution of SR_LN(R0) 
(bottom right) for seven chains. 
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Silver warehou 

 

 
Figure 2.6. Comparison of different initial values of Metropolis-Hastings MCMC for silver 
warehou. Trends in spawning biomass (top left), depletion (top right), time-trajectories of 
estimated recruitment numbers (bottom left) and marginal posterior distribution of SR_LN(R0) 
(bottom right) for seven chains. 
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Figure 2.7. Comparison of different initial values of Metropolis-Hastings MCMC for eastern 

jackass morwong stock. Trends in spawning biomass (top left), depletion (top right), time -
trajectories of estimated recruitment numbers (bottom left) and marginal posterior distribution 
of SR_LN(R0) (bottom right) for seven chains. 
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2.6.2. MCMC diagnostics  
 

Table 2.4. Notation of parameters and derived quantities used in the analysis.  

Symbol description 

𝑀𝑓  Natural mortality (Female) 

𝐿𝐴𝑚𝑖𝑛−𝑓 Length at Amin (units in cm) for female 

𝐿𝐴𝑚𝑎𝑥−𝑓 Length at Amax (units in cm) for female, 

𝑘𝑓  Growth coefficient (Female) 

𝐶𝑉1,𝑓,𝑔 Coefficient of variation in length young female 

𝐶𝑉2,𝑓 ,𝑔 Coefficient of variation in length old female 

𝑊𝑡𝐿1  Intercept of Length-weight relationship  

𝑊𝑡𝐿2  Slope of Length-weight relationship  

𝑀𝑎𝑡50% Maturity at 50% / Maturity logistic inflection (in cm or year) 

𝑀𝑎𝑡𝑠 Logistic Maturity Slope  

𝐿𝐴𝑚𝑖𝑛−𝑚 Length at Amin (units in cm) for male 

𝐿𝐴𝑚𝑎𝑥−𝑚 Length at Amax (units in cm) for male 

𝑘𝑚 Von Bertanlaffy growth coefficient (units are per year) for male.  

𝐶𝑉1 ,𝑚,𝑔 variability for size of young Male 

𝐶𝑉2 ,𝑚,𝑔 variability for size of old Male 

𝑅0  Unfished equilibrium recruitment or initial recruitment 

ℎ steepness Beverton-Holt 

𝜎𝑅 standard deviation for recruitment in log space 

𝑅𝜎 Recruitment deviation  

𝐿𝑛𝑄𝑇𝑟𝑎𝑤𝑙 Catchability coefficient Trawl with annual dev method 

𝐿𝑛𝑄𝐹𝐼𝑆 Catchability coefficient FIS East 

𝑄𝑆𝐷 Catchability coefficient by fleet 

𝑄𝑆𝐷−𝑆𝐶𝑃𝑈𝐸 Catchability CUPE survey 

𝑄𝑆𝐷−𝐹𝐼𝑆 Catchability FIS survey 

𝐿𝑝1  Size/age at inflection logistic function 

𝐿𝑝2  with for 95% selection; a negative width causes a descending curve logistic function 

𝐷𝑏𝑙𝑁𝑝1  Peak: beginning size for the plateau (in cm) of double normal function 

𝐷𝑏𝑙𝑁𝑝2  Top: width of plateau, as logistic between Peak and Maxlen of double normal 

function 

𝐷𝑏𝑙𝑁𝑝3  ASC-WIDTH: parameters value is ln(width) of double normal function 

𝐷𝑏𝑙𝑁𝑝4  DESC-WIDTH: parameters value is ln(width) of double normal function 

𝐷𝑏𝑙𝑁𝑝5  INIT: selectivity at first bin, as logistic between 0 and 1 of double normal function 

𝐷𝑏𝑙𝑁𝑝6  FINAL: selectivity at last bin, as logistic between 0 and 1 of double normal function 

𝐷𝑏𝑙𝑁𝐵1  Block double normal selectivity  

𝑅𝐿𝑏1  Retention: logistic function with point of inflection (B1) in the retention function 

𝑅𝐿𝑏2  Retention: logistic with slope at the point of inflection (B2) 

𝑅𝐿𝑏3  Retention logistic with asymptotic (B3) fraction retained. 

𝑅𝐿𝐵𝑏1  Descending inflection block retention  

SSB_Unfished Unfished reproductive potential (SSB is commonly female mature spawning biomass) 

TotBio_Unfished  Total age 0+ biomass on Jan 1 
 

SmryBio_Unfished Biomass for ages at or above the summary age on Jan 1 
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Table 2.4 continued 
Recr_Unfished Unfished recruitment. 

Recr_virgin Virgin recruitment 

SSB virgin Virgin spawning biomass 

SSB Initial Initial spawning biomass 

SSB unfished Unfished spawning biomass 

SSB_Btgt SSB at user specified SSB target. 

SPR_Btgt Spawner potential ratio (SPR) at F intensity that produces user specified SSB target . 

Fstd_Btgt F statistic at F intensity that produces user specified SSB target. 

TotYield_Btgt Total yield at F intensity that produces user specified SSB target. 

SSB_SPRtgt SSB at user specified SPR target (but taking into account the spawner-recruitment 
relationship). 

Fstd_SPRtgt F intensity that produces user specified SPR target. 

TotYield_SPRtgt Total yield at F intensity that produces user specified SPR target. 

SSB_MSY SSB at F intensity that is associated with MSY; this F intensity may be directly 

calculated to produce MSY, or can be mapped to F_SPR or F_Btgt. 

SPR_MSY Spawner potential ratio (SPR) at F intensity associated with MSY. 

Fstd_MSY F statistic at F intensity associated with MSY. 

TotYield_MSY Total yield (biomass) at MSY. 

RetYield_MSY Retained yield (biomass) at MSY. 
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2.6.2.1. MCMC diagnostics of the 2018 eastern pink ling assessment 

 

 
Figure 2.8. Autocorrelation matrix and kernel density overlays of growth parameters estimated 
from the posterior distribution for eastern pink ling. Asterisks indicate statistical significance 
(0.05*, 0.01** and 0.001***).   
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Figure 2.9. Autocorrelation matrix and kernel density overlays of selectivity parameters 

estimated from the posterior distribution for eastern pink ling. Asterisks indicate statistical 

significance (0.05*, 0.01** and 0.001***).   
 

 



42 
 

 
Figure 2.10. Prior, initial values and posterior comparison from the MCMC run for eastern pink 
ling. 
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Table 2.5. Summary statistics for key parameters of the eastern pink ling assessment with three 
different initial values of MCMC analysis (chains 1-3). 

Chain Parameter Median (0.005-0.95) AC Lag1 Neff/N Geweke-Z Heidel-W 

Chain 1 𝑀𝑓  0.205 (0.17 -0.24) 0.172 462 0.172 Passed 

Chain 1 𝑘𝑓  0.155 (0.125 - 0.202) 0.107 567 1.604 Passed 

Chain 1 𝐿𝐴𝑚𝑎𝑥−𝑓 -0.233 (-0.315 - 0.155) 0.066 695 1.967 Passed 

Chain 1 𝑹𝟎 0.715 (0.439 - 1.055) 0.512 74 0.033 Failed 

Chain 1 Main_RecrDev_2008 -0.323 (-0.71 -0.088) 0.040 795 0.06 Passed 

Chain 1 𝑸𝑺𝑫−𝑻𝒓𝒂𝒘𝒍 0.005 (-0.02 - 0.05) 0.159 575 -0.005 Passed 

Chain 1 𝑸𝑺𝑫−𝑭𝑰𝑺  0.23 (0.122 - 0.412) 0.003 795 -0.504 Passed 

Chain1 𝐿𝑝1   0.007 791 -1.636 Failed 

Chain 1 𝐷𝑏𝑙𝑁𝑝1  53.199 (50.21 -56.53) 0.028 795 0.859 Passed 

Chain 1 𝑫𝒃𝒍𝑵𝒑𝟑  0.517 161 3 Failed 

Chain 1 𝑫𝒃𝒍𝑵𝒑𝟔  0.642 141 3 Failed 

Chain 1 𝐷𝑏𝑙𝑁𝐵1𝑝1  55.75 (53.34 - 58.26) -0.019 795 -0.612 Passed 

Chain 1 𝐷𝑏𝑙𝑁𝐵2𝑝1  61.72 (59.03 -65.03) 0.066 696 0.687 passed 

Chain 2 𝑀𝑓  0.206 (0.175 - 0.248) 0.346 114 1.17 Passed 

Chain 2 𝑘𝑓  0.155 (0.126 - 0.197) 0.041 795 -1.452 Passed 

Chain 2 𝐿𝐴𝑚𝑎𝑥−𝑓 -0.238 (-0.311 - 0.162) 0.026 795 -0.909 Passed 

Chain 2 𝑹𝟎 0.721 (0.443 - 1.26) 0.389 165 -0.068 Failed 

Chain 2 Main_RecrDev_2008 -0.319 (-0.732 - 0.046) 0.043 795 0.564 Passed 

Chain 2 𝑸𝑺𝑫−𝑻𝒓𝒂𝒘𝒍 0.007 (-0.02 - 0.06) 0.175 557 1.113 Passed 

Chain 2 𝑸𝑺𝑫−𝑭𝑰𝑺  0.215 (0.121 - 0.426) 0.053 714 -1.347 Passed 

Chain 2 𝐿𝑝1   0.046 906 0.095 Passed 

Chain 2 𝐷𝑏𝑙𝑁𝑝1  53.25 (49.86 - 56.15) 0.033 617 0.701 Passed 

Chain 2 𝑫𝒃𝒍𝑵𝒑𝟑  0.433 305 3 Failed 

Chain 2 𝑫𝒃𝒍𝑵𝒑𝟓  0.632 169 3 Failed 

Chain 2 𝐷𝑏𝑙𝑁𝐵1𝑝1  55.77 (53.08 - 58.33) -0.050 795 -5.291 Passed 

Chain 2 𝐷𝑏𝑙𝑁𝐵2𝑝1  61.58 (59.08 - 64.83) 0.059 705 1.209 passed 

Chain 3 𝑀𝑓  0.2038 (0.173-0.241) 0.098 436 0.317 Passed 

Chain 3 𝑘𝑓  0.1548 (0.124-0.205) 0.056 709 0.906 Passed 

Chain 3 𝐿𝐴𝑚𝑎𝑥−𝑓 -0.2355 (-0.313-0.150) 0.043 795 0.307 Passed 

Chain 3 𝑹𝟎 0.7043 (0.442-0.013) 0.426 198 3 Failed 

Chain 3 Main_RecrDev_2008 -0.3018(-0.747-0.0139) 0.069 620 -0.997 Passed 

Chain 3 𝑄𝑆𝐷−𝑇𝑟𝑎𝑤𝑙 0.0062 (-0.027-0.059) 0.101 648 2.268 Passed 

Chain 3 𝑄𝑆𝐷−𝐹𝐼𝑆 0.2242 (0.121-0.415) -0.026 795 -1.114 Passed 

Chain3 𝐿𝑝1   0.002 995 0.164 Passed 

Chain 3 𝐷𝑏𝑙𝑁𝑝1  53.054 (50 - 56.53) 0.227 238 1.256 Passed 

Chain 3 𝐷𝑏𝑙𝑁𝑝4   0.337 355 0.091 Passed 

Chain3 𝑫𝒃𝒍𝑵𝒑𝟔  0.55 203 3 Failed 

Chain 3 𝐷𝑏𝑙𝑁𝐵1𝑝1  55.76 (53.46 - 58.36) 0.043 795 0.568 Passed 

Chain 3 𝐷𝑏𝑙𝑁𝐵2𝑝1  61.69 (58.93 - 64.87) -0.005 795 -0.429 passed 
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Table 2.6. Summary statistics for key parameters of the eastern pink ling assessment with different 

initial values of MCMC (chains 4-7), where the box in grey is the chain selected for MCMC analysis. 

Chain Parameter Median (0.005-0.95) AC Lag1 Neff/N Geweke-Z Heidel-W 

Chain 4 𝑀𝑓  0.202 (0.173-0.232) 0.037 795 0.905 Passed 

Chain 4 𝑘𝑓  0.154 (0.124-0.196) 0.096 655 0.576 Passed 

Chain 4 𝐿𝐴𝑚𝑎𝑥−𝑓 -0.237 (-0.317- 0.160) 0.046 795 -0.342 Passed 

Chain 4 𝑹𝟎 0.684 (0.424-0.968) 0.488 50 3 Failed 

Chain 4 Main_RecrDev_2008 -0.304 (-0.710-0.037) -0.008 795 0.182 Passed 

Chain 4 𝑸𝑺𝑫−𝑻𝒓𝒂𝒘𝒍 0.006 (-0.029-0.060) 0.164 570 -1.998 Passed 

Chain 4 𝑸𝑺𝑫−𝑭𝑰𝑺  0.225 (0.124-0.429) 0.058 707 0.465 Passed 

Chain 4 𝐷𝑏𝑙𝑁𝑝1  53.037 (53.59 -56.480) 0.046 795 1.046 Passed 

Chain 4 𝑫𝒃𝒍𝑵𝒑𝟑  0.702 47 3 Failed 

Chain 4 𝐷𝑏𝑙𝑁𝐵1𝑝1  55.943 (53.594 -58.480) 0.061 703 -1.374 Passed 

Chain 4 𝐷𝑏𝑙𝑁𝐵2𝑝1  61.641 (58.993 - 64.77) 0.002 795 -0.939 Passed 

Chain 5 𝑀𝑓  0.203 (0.172-0.238) 0.137 483 -2.218 Passed 

Chain 5 𝑘𝑓  0.154 (0.126-0.198) 0.002 795 -1.847 Passed 

Chain 5 𝐿𝐴𝑚𝑎𝑥−𝑓 -0.237 (-0.308- -0.156) -0.008 795 -2.573 Passed 

Chain 5 𝑅0  0.698 (0.427 - 1.037) 0.282 249 -2.554 Passed 

Chain 5 Main_RecrDev_2008 -0.297 (-0.704 - 0.054) 0.056 710 0.101 Passed 

Chain 5 𝑄𝑆𝐷−𝑇𝑟𝑎𝑤𝑙 0.004 (-0.002-0.055) 0.072 687 -0.794 Passed 

Chain 5 𝑄𝑆𝐷−𝐹𝐼𝑆 0.226 (0.124-0.421) 0.004 623 0.411 Passed 

Chain 5 𝑫𝒃𝒍𝑵𝒑𝟏 53.049 (49.90 -55.916) 0.531 69 3 Failed 

Chain 5 𝑫𝒃𝒍𝑵𝒑𝟐  0.584 44 3 Failed 

Chain5 𝑫𝒃𝒍𝑵𝒑𝟑  0.021 47 3 Failed 

Chain 5 𝐷𝑏𝑙𝑁𝐵1𝑝1  55.834 (53.50 -58.35) -0.014 795 1.973 Passed 

Chain 5 𝐷𝑏𝑙𝑁𝐵2𝑝1  61.541 (58.86 -64.94) 0.589 257 3 Failed 

Chain 6 𝑀𝑓  0.204 (0.173 -0.238) 0.229 403 -1.136 Passed 

Chain 6 𝑘𝑓  0.155 (0.125 - 0.196) -0.015 795 -1.092 Passed 

Chain 6 𝐿𝐴𝑚𝑎𝑥−𝑓 -0.235 (-0.309 - 0.196) 0.015 719 0.548 Passed 

Chain 6 𝑅0  0.700 (0.413 - 1.049) 0.378 174 -1.152 Passed 

Chain 6 Main_RecrDev_2008 (-0.297 (-0.69 -0.06)) 0.064 519 -0.508 Passed 

Chain 6 𝑄𝑆𝐷−𝑇𝑟𝑎𝑤𝑙 0.005 (-0.03 - 0.058) 0.125 617 0.244 Passed 

Chain 6 𝑄𝑆𝐷−𝐹𝐼𝑆 0.225 (0.121 -0.416) 0.033 795 0.041 Passed 

Chain 6 𝑫𝒃𝒍𝑵𝒑𝟑  0.431 247 3 Failed 

Chain 6 𝐷𝑏𝑙𝑁𝑝4  52.96 (49.90 -56.30) 0.106 522 1.921 Passed 

Chain 6 𝐷𝑏𝑙𝑁𝐵1𝑝1  55.75 (53.45 -58.27) -0.015 795 0.157 Passed 

Chain 6 𝐷𝑏𝑙𝑁𝐵2𝑝1  61.68 (58.94 - 64.72) 0.070 689 0.748 Passed 

Chain 7 𝑀𝑓  0.203 (0.173 - 0.24) 0.254 277 0.709 Passed 

Chain 7 𝑘𝑓  0.154 (0.125 - 0.196) -0.018 795 0.245 Passed 

Chain 7 𝐿𝐴𝑚𝑎𝑥−𝑓 -0.234 (-0.311 - 0.156) 0.021 795 0.33 Passed 

Chain 7 𝑹𝟎 0.698 (0.419 - 1.062) 0.535 76 3 Failed 

Chain 7 Main_RecrDev_2008 -0.303 (-0.721 - 0.038) -0.050 795 -1.971 Passed 

Chain 7 𝑄𝑆𝐷−𝑇𝑟𝑎𝑤𝑙 0.007 (-0.028 - 0.062)  0.177 532 -0.346 Passed 

Chain 7 𝑄𝑆𝐷−𝐹𝐼𝑆 0.223 (0.128 - 0.422) -0.010 795 2.109 Passed 

Chain 7 𝐷𝑏𝑙𝑁𝑝1  53.79 (53.37 - 58.38) 0.039 795 1.332 Passed 

Chain 7 𝑫𝒃𝒍𝑵𝒑𝟑  0.267 465 -0.133 Failed 

Chain 7 𝑫𝒃𝒍𝑵𝒑𝟒  0.409 225 3 Failed 

Chain 7 𝑫𝒃𝒍𝑵𝒑𝟔  0.689 43 3 Failed 

Chain 7 𝐷𝑏𝑙𝑁𝐵1𝑝1  55.79 (53.37 - 58.38) 0.010 795 -0.76 Passed 

Chain 7 𝐷𝑏𝑙𝑁𝐵2𝑝1  61.51 (58.95 - 64.62) 0.061 795 -1.188 Passed 
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Figure 2.11. Autocorrelation plots of quantities of management interest for the MCMC analysis 
of the eastern pink ling assessment.  
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Figure 2.12. Trace plots of iterations vs sampled values for selected parameters from the eastern 
pink ling assessment from the selected MCMC chain. 
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Figure 2.13. Trace plot of iterations vs sampled values for growth and selectivity parameters 
for the eastern pink ling assessment from the selected MCMC chain. 
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2.6.2.2 Silver warehou stock. 

 

 
Figure 2.14. Autocorrelation matrix and kernel density overlays of growth parameters 
estimated from the posterior distribution for silver warehou. Asterisks indicate statistical 

significance (0.05, 0.01 and 0.001).   
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Figure 2.15. Autocorrelation matrix and kernel density overlays of selectivity parameters 

estimated from the posterior distribution for silver warehou. Asterisks indicate statistical 
significance (0.05*, 0.01** and 0.001***).   
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Figure 2.16. Prior, initial values and posterior comparison from the MCMC run for silver 
warehou. 
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Table 2.7. Summary statistics for key parameters of different initial values of MCMC analysis 
(chains 1-7) of silver warehou, where the box in grey is the chain selected to use in the 
comparison with the maximum likelihood estimates. 

Chain Parameter Median (0.005-0.95) AC Lag1 Neff/N Geweke-Z Heidel-W 

Chain 1 𝑘𝑓  0.300 (0.27, 0.32) 0.036 795 -0.207 Passed 

Chain 1 𝑅0  9.404 (9.31, 9.50) 0.003 795 0.027 Passed 

Chain 1 Main_RecrDev_2008 -1.32 (-1.79, 0.908) 0.017 795 0.484 Passed 

Chain 1 𝑸𝑺𝑫−𝑬𝑻𝒓𝒂𝒘𝒍𝟏 0.173 (0.106, 0.274) -0.03 795 0.369 Passed 

Chain 1 𝑸𝑺𝑫−𝑬𝑻𝒓𝒂𝒘𝒍𝟐 -0.015 (-0.05, 0.03) 0.004 795 -2.49 Passed 

Chain 1 𝑅𝐿𝐵3   0.910 35 3 Failed 

Chain 2 𝑘𝑓  0.201 (0.278, 0.326) -0.002 795 -0.089 Passed 

Chain 2 𝑅0  9.40 (9.31, 9.49) -0.007 664 2.175 Passed 

Chain 2 Main_RecrDev_2005  0.010 550 -0.984 Failed 

Chain 2 Main_RecrDev_2008 -1.30 (-1.80, - 0.936) 0.06 510 -0.791 Failed 

Chain 2 𝑄𝑆𝐷−𝐸𝑇𝑟𝑎𝑤𝑙1 0.17 (0.103, 0.275) -0.029 795 1.227 Passed 

Chain 2 𝑄𝑆𝐷−𝐸𝑇𝑟𝑎𝑤𝑙2 -0.016 (-0.05, 0.04) 0.014 795 0.491 Passed 

Chain 2 𝑅𝐿𝐵3   0.919 38 3 Failed 

Chain 3 𝑘𝑓  0.300 (0.276, 0.326) -0.094 795 1.544 Passed 

Chain 3 𝑅0  9.403 (9.31, 9.50) -0.044 795 -0.54 Passed 

Chain 3 Main_RecrDev_2008 -1.29 (-1.78, 0.919) -0.038 795 0.4 Passed 

Chain 3 𝑄𝑆𝐷−𝐸𝑇𝑟𝑎𝑤𝑙1 0.178 (0.10, 0.27) -0.029 795 -1 Passed 

Chain 3 𝑄𝑆𝐷−𝐸𝑇𝑟𝑎𝑤𝑙2. -0.017 (-0.05, 0.04) -0.026 795 0.771 Passed 

Chain3 𝑹𝑳𝑩𝟑  0.935 29 3 Failed 

Chain 4 𝑘𝑓  0.300 (0.276, 0.326) 0.041 795 0.793 Passed 

Chain 4 𝑅0  9.403 (9.31, 9.50) 0.053 795 0.632 Passed 

Chain 4 Main_RecrDev_2008 -1.32 (-1.771, -0.921) -0.006 795 -0.553 Passed 

Chain 4 𝑄𝑆𝐷−𝐸𝑇𝑟𝑎𝑤𝑙1 0.181 (0.102, 0.044) 0.018 795 1.829 Passed 

Chain 4 𝑄𝑆𝐷−𝐸𝑇𝑟𝑎𝑤𝑙2 0.016 (-0.05, 0.04) -0.012 795 0.463 Passed 

Chain 4 𝑹𝑳𝑩𝟑  0.929 29 3 Failed 

Chain 5 𝑘𝑓  0.300 90.277 -0.326) -0.083 795 -0.02 Passed 

Chain 5 𝑅0  9.40 (9.30 -9.499) -0.073 795 -1.099 Passed 

Chain 5 Main_RecrDev_2008 -1.327 (-1.767 - 0.941) 0.025 795 0.179 Passed 

Chain 5 𝐿𝐸𝑇𝑝2   -0.006 995 -1.755 Failed 

Chain 5 𝑄𝑆𝐷−𝐸𝑇𝑟𝑎𝑤𝑙1 0.177 (0.10 -0.275) -0.043 795 1.253 Passed 

Chain 5 𝑄𝑆𝐷−𝐸𝑇𝑟𝑎𝑤𝑙2 -0.01 (-0.05 -0.04) 0.064 795 0.391 Passed 

Chain 5 𝑹𝑳𝑩𝟑  0.926 41 3 Failed 

Chain 6 𝑘𝑓  0.300 90.277 -0.326) -0.131 795 1.284 Passed 

Chain 6 𝑅0  9.40 (9.30 -9.499) -0.005 795 0.698 Passed 

Chain 6 Main_RecrDev_2008 -1.299 (-1.794 - 0.91) 0.042 795 -0.018 Passed 

Chain 6 𝑄𝑆𝐷−𝐸𝑇𝑟𝑎𝑤𝑙1 0.177 (0.10 -0.275) 0.004 795 0.778 Passed 

Chain 6 𝑄𝑆𝐷−𝐸𝑇𝑟𝑎𝑤𝑙2 -0.01 (-0.05 -0.04) -0.063 795 -0.694 Passed 

Chain 6 𝑹𝑳𝑩𝟑  0.939 17 3 Failed 

Chain 7 𝑘𝑓  0.300 90.277 -0.326) -0.024 795 0.191 Passed 

Chain 7 𝑅0  9.40 (9.30 -9.499) 0.0005 795 -1.228 Passed 

Chain 7 Main_RecrDev_2008 -1.306 (-1.80 - 0.95) 0.038 795 -0.066 Passed 

Chain 7 𝑄𝑆𝐷−𝐸𝑇𝑟𝑎𝑤𝑙1 0.173 (0.10 -0.26) 0.018 758 0.599 Passed 

Chain 7 𝑄𝑆𝐷−𝐸𝑇𝑟𝑎𝑤𝑙2 -0.01 (-0.05 -0.04) -0.002 795 -1.07 Passed 

Chain7 𝑹𝑳𝑩𝟑  0.930 29 3 Failed 
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Figure 2.17. Autocorrelation plots of quantities of management interest for the MCMC 

analysis of the silver warehou assessment.  
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Figure 2.18. Trace plots of iterations vs sampled values for selected parameters from the silver 
warehou assessment from the selected MCMC chain. 
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Figure 2.19. Trace plots of iterations vs sampled values for growth and selectivity parameters 
from the silver warehou assessment from the selected MCMC chain. 
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2.6.2.3. Eastern jackass morwong  

 

 
Figure 2.20. Autocorrelation matrix and kernel density overlays of growth parameters 

estimated from the posterior distribution for jackass morwong. Asterisks indicate statistical 
significance (0.05, 0.01 and 0.001).   
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Figure 2.21. Autocorrelation matrix and kernel density overlays of selectivity parameters 
estimated from the posterior distribution for jackass morwong. Asterisks indicate statistical 
significance (0.05*, 0.01** and 0.001***).   
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Figure 2.22. Prior, initial values and posterior comparison from the MCMC run for eastern 
jackass morwong. 
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Table 2.8.  Summary statistics for key parameters of different initial values of MCMC analysis 
(chains 1-3) of eastern jackass morwong. 

Chain Parameter Median (0.005-0.95) AC Lag1 Neff/N Geweke-Z Heidel-W 

Chain 1 𝑘𝑓  0.227 (0.19-0.269) -0.009 795 0.623 Passed 

Chain 1 𝑳𝑨𝒎𝒊𝒏−𝒇  -0.059 990 -0.112 Failed 

Chain 1 𝑅0  8.107 (7.82 -8.38) -0.022 795 -0.949 Passed 

Chain 1 Main_RecrDev_2008 -0.503 (-1.01-0.047) 0.02 795 1.295 Passed 

Chain 1 𝑄𝑆𝐷−𝐸𝑇𝑟𝑎𝑤𝑙1 0.105 (0.005 -0.174) 0.014 686 -1.041 Passed 

Chain 1 𝑄𝑆𝐷−𝑇𝑇𝑟𝑎𝑤𝑙3 0.008 (-0.06-0.16) 0.009 795 1.195 Passed 

Chain 1 𝑄𝑆𝐷−𝑆𝑇𝑟𝑎𝑤𝑙4 -0.005 (-0.04-0.068) -0.021 795 0.922 Passed 

Chain 1 𝑄𝑆𝐷−𝑀6 -0.049 (-0.08-0.017) 0.11 637 2.463 Passed 

Chain 1 𝑸𝑺𝑫−𝑺𝑪𝑷𝑼𝑬𝟕 -0.015 (-0.05 -0.051) -0.026 795 -0.346 Failed 

Chain 1 𝑄𝑆𝐷−𝐹𝐼𝑆8 0.59 (0.33 - 0.85) -0.001 795 -0.321 Passed 

Chain 1 𝑄𝑆𝐷−𝐹𝐼𝑆𝑇9 0.69 (0.43 -0.88) -0.001 795 0.697 Passed 

Chain 2 𝑘𝑓  0.22 (0.19 -0.26) -0.0036 795 0.784 Passed 

Chain 2 𝑅0  8.11 (7.81 - 8.40) 0.023 795 -0.014 Passed 

Chain 2 Main_RecrDev_2008 -0.50 (-1.03 - 0.03) 0.015 795 1.265 Passed 

Chain 2 𝑄𝑆𝐷−𝐸𝑇𝑟𝑎𝑤𝑙1 0.10 (0.05 -0.17) -0.005 795 0.182 Passed 

Chain 2 𝑄𝑆𝐷−𝑇𝑇𝑟𝑎𝑤𝑙3 0.013 (-0.06 -0.11) -0.049 795 0.802 Passed 

Chain 2 𝑄𝑆𝐷−𝑆𝑇𝑟𝑎𝑤𝑙4 -0.004 (-0.04 -0.065) -0.005 795 -1.253 Passed 

Chain 2 𝑄𝑆𝐷−𝑀6 -0.05 (-0.08 -0.022) 0.1702 795 0.39 Passed 

Chain 2 𝑸𝑺𝑫−𝑺𝑪𝑷𝑼𝑬𝟕 -0.01 (-0.05 -0.04) -0.0022 795 -0.004 Failed 

Chain 2 𝑄𝑆𝐷−𝐹𝐼𝑆8 0.58 (0.32 -0.84) -0.032 795 0.259 Passed 

Chain 2 𝑄𝑆𝐷−𝐹𝐼𝑆𝑇9 0.68 (0.43 - 0.87) -0.009 795 0.055 Passed 

Chain 3 𝑘𝑓  0.23 (0.19 -0.26) 0.037 795 0.59 Passed 

Chain 3 𝑅0  8.11 (7.83 - 8.40) -0.016 795 0.242 Failed 

Chain 3 CV_young_Fem_GP_1  0.045 866 0.73 Failed 

Chain 3 Main_RecrDev_2008 -0.51 (-1.00 - 0.06) 0.058 636 -1.948 Passed 

Chain 3 𝑄𝑆𝐷−𝐸𝑇𝑟𝑎𝑤𝑙1 0.10 (0.05 -0.17) 0.029 795 1.189 Passed 

Chain 3 𝑄𝑆𝐷−𝑇𝑇𝑟𝑎𝑤𝑙3 0.012 (-0.05 -0.11) -0.026 795 0.261 Passed 

Chain 3 𝑄𝑆𝐷−𝑆𝑇𝑟𝑎𝑤𝑙4 -0.004 (-0.04 -0.062) 0.095 753 -0.081 Passed 

Chain 3 𝑄𝑆𝐷−𝑀6 -0.05 (-0.08 -0.027) 0.031 795 -1.647 Passed 

Chain 3 𝑸𝑺𝑫−𝑺𝑪𝑷𝑼𝑬𝟕 -0.01 (-0.05 -0.05) 0.048 795 -0.742 Failed 

Chain 3 𝑄𝑆𝐷−𝐹𝐼𝑆8 0.57 (0.32 -0.85) 0.015 659 0.021 Passed 

Chain 3 𝑄𝑆𝐷−𝐹𝐼𝑆𝑇9 0.68 (0.41 - 0.87) 0.017 795 -0.237 Passed 
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Table 2.9.  Summary statistics for key parameters of different initial values of MCMC analysis 
(chains 4-7) of eastern jackass morwong, where the box in grey is the chain selected for the 
analysis. 

Chain Parameter Median (0.005-0.95) AC Lag1 Neff/N Geweke-Z Heidel-W 

Chain 4 𝑘𝑓  0.22 (0.19 -0.26) 0.006 795 -0.109 Passed 

Chain 4 𝑅0  8.11 (7.84 - 8.39) 0.03 795 0.714 Passed 

Chain 4 Main_RecrDev_2008 -0.51 (-1.05 - 0.04) -0.005 795 -1.53 Passed 

Chain 4 𝑄𝑆𝐷−𝐸𝑇𝑟𝑎𝑤𝑙1 0.10 (0.05 -0.18) -0.053 748 -2.273 Passed 

Chain 4 𝑄𝑆𝐷−𝑇𝑇𝑟𝑎𝑤𝑙3 0.007 (-0.06 -0.10) -0.005 795 0.17 Passed 

Chain 4 𝑄𝑆𝐷−𝑆𝑇𝑟𝑎𝑤𝑙4 -0.005 (-0.04 -0.059) 0.018 795 0.706 Passed 

Chain 4 𝑄𝑆𝐷−𝑀6 -0.05 (-0.08 -0.024) 0.139 542 -0.42 Passed 

Chain 4 𝑸𝑺𝑫−𝑺𝑪𝑷𝑼𝑬𝟕 -0.01 (-0.05 -0.04) 0.007 795 -0.049 Failed 

Chain 4 𝑄𝑆𝐷−𝐹𝐼𝑆8 0.58 (0.32 -0.85) 0.026 795 -0.323 Passed 

Chain 4 𝑄𝑆𝐷−𝐹𝐼𝑆𝑇9 0.69 (0.43 - 0.88) -0.003 795 -1.822 Passed 

Chain 5 𝑘𝑓  0.22 (0.19 -0.26) 0.064 778 -1.389 Passed 

Chain 5 𝑅0  8.11 (7.84 - 8.40) 0.008 795 -0.77 Passed 

Chain 5 Main_RecrDev_2008 -0.51 (-1.07 - 0.04) -0.022 795 -0.196 Passed 

Chain 5 𝑄𝑆𝐷−𝐸𝑇𝑟𝑎𝑤𝑙1 0.10 (0.05 -0.17) -0.014 795 0.668 Passed 

Chain 5 𝑄𝑆𝐷−𝑇𝑇𝑟𝑎𝑤𝑙3 0.010 (-0.06 -0.11) 0.02 795 0.041 Passed 

Chain 5 𝑄𝑆𝐷−𝑆𝑇𝑟𝑎𝑤𝑙4 -0.005 (-0.04 -0.059) 0.041 795 0.654 Passed 

Chain 5 𝑄𝑆𝐷−𝑀6 -0.05 (-0.08 -0.039) 0.257 469 -0.034 Passed 

Chain 5 𝑄𝑆𝐷−𝑆𝐶𝑃𝑈𝐸7 -0.01 (-0.05 -0.04) 0.014 795 -0.557 Passed 

Chain 5 𝑸𝑺𝑫−𝑭𝑰𝑺𝟖  0.57 (0.32 -0.84) -0.033 795 1.564 Failed 

Chain 5 𝑄𝑆𝐷−𝐹𝐼𝑆𝑇9 0.67 (0.43 - 0.87) 0.003 795 -0.433 Passed 

Chain 5 𝑳𝒑𝟐  -0.034 995 -1.91 Failed 

Chain 6 𝑘𝑓  0.22 (0.19 -0.26) 0.029 795 1.306 Passed 

Chain 6 𝐶𝑉1,𝑓,𝑔  0.018 781 -0.612 Failed 

Chain 6 𝑅0  8.10 (7.83 - 8.39) 0.024 795 1.844 Passed 

Chain 6 Main_RecrDev_2008 -0.49 (-1.05 - 0.04) -0.076 795 -0.743 Passed 

Chain 6 𝑄𝑆𝐷−𝐸𝑇𝑟𝑎𝑤𝑙1 0.10 (0.05 -0.18) -0.003 795 -1.205 Passed 

Chain 6 𝑄𝑆𝐷−𝑇𝑇𝑟𝑎𝑤𝑙3 0.005 (-0.06 -0.10) -0.008 795 -0.457 Passed 

Chain 6 𝑄𝑆𝐷−𝑆𝑇𝑟𝑎𝑤𝑙4 -0.002 (-0.04 -0.065) -0.023 795 1.657 Passed 

Chain 6 𝑄𝑆𝐷−𝑀6 -0.05 (-0.08 -0.021) 0.128 594 0.205 Passed 

Chain 6 𝑄𝑆𝐷−𝑆𝐶𝑃𝑈𝐸7 -0.01 (-0.05 -0.04) 0.035 795 -0.589 Passed 

Chain 6 𝑸𝑺𝑫−𝑭𝑰𝑺𝟖  0.58 (0.31 -0.85) -0.029 995 0.847 Failed 

Chain 6 𝑸𝑺𝑫−𝑭𝑰𝑺𝑻𝟗  0.69 (0.41 - 0.88) 0.091 661 0.435 Passed 

Chain 7 𝑘𝑓  0.22 (0.19 -0.26) -0.01 795 1.196 Passed 

Chain 7 𝑅0  8.11 (7.85 - 8.42) -0.017 795 0.248 Passed 

Chain 7 Main_RecrDev_2008 -0.49 (-1.01 - 0.06) 0.012 795 -0.518 Passed 

Chain 7 𝑄𝑆𝐷−𝐸𝑇𝑟𝑎𝑤𝑙1 0.10 (0.05 -0.18) 0.031 795 -0.21 Passed 

Chain 7 𝑄𝑆𝐷−𝑇𝑇𝑟𝑎𝑤𝑙3 0.008 (-0.06 -0.10) 0.001 782 -0.634 Passed 

Chain 7 𝑄𝑆𝐷−𝑆𝑇𝑟𝑎𝑤𝑙4 -0.008 (-0.04 -0.065) -0.083 795 -0.095 Passed 

Chain 7 𝑄𝑆𝐷−𝑀6 -0.05 (-0.08 -0.031) 0.218 449 -0.505 Passed 

Chain 7 𝑄𝑆𝐷−𝑆𝐶𝑃𝑈𝐸7 -0.01 (-0.05 -0.04) 0.035 795 0.455 Passed 

Chain 7 𝑄𝑆𝐷−𝐹𝐼𝑆8 0.58 (0.31 -0.85) 0.031 795 0.344 Passed 

Chain 7 𝑄𝑆𝐷−𝐹𝐼𝑆𝑇9 0.69 (0.43 - 0.87) -0.022 795 1.398 Passed 

Chain 7 𝑅𝐿𝐵1   -0.017 702 0.66 Failed 
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Figure 2.23. Autocorrelation plots of quantities of management interest for the MCMC analysis 
of the eastern jackass morwong assessment. 
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Figure 2.24. Trace plots of iterations vs sampled values for selected parameters from the eastern 

jackass morwong assessment from the selected MCMC chain. 
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Figure 2.25.  Trace plots of iterations vs sampled values for growth and selectivity parameters 

from the eastern jackass morwong assessment from the selected MCMC chain. 
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2.6.3. Updated eastern pink ling assessment 

 

2.6.3.1 Bridging Analysis  

 

     The previous full assessment for pink ling using Stock Synthesis was conducted in 2013 

(Whitten et al. 2013) and used Stock Synthesis version SS-V3.24S (Methot et al. 2013). This 

assessment uses the most recent version of Stock Synthesis, version SS-V3.30.12.00-safe, 

(Methot et al. 2020).  

     As a first step in the process of bridging to a new model (referred to as Bridge 1), minor 

refinements and corrections, based on current best practice (Punt et al. 2016) were made to 

input values, and the data to the end of 2012 were used with the new software (SS-V3.30). 

Bridging then continued (Bridge 2) through the inclusion in the model of updated data (pre -

2013) and new data from 2013-2017. These new data include new catch, CPUE, fishery 

independent survey (FIS), length-composition and conditional age-at-length data, age-reading 

error and discard estimates and the last year of recruitment estimation was extended to 2015 

(from 2010 in the 2013 assessment). The bridging to a new model was conducted by adding 

new data piecewise to analyse which components of the data could be attributed to any 

substantial changes in the assessment outcome. Details of this process are provided below.  

 

Bridge 1.0 – Initial bridging steps from the 2013 assessment  

 

     The 2013 assessment (Whitten et al. 2013) was first updated and converted to the latest 

version of Stock Synthesis and the latest tuning methodology typically used in the SESSF 

(Francis et al. 2011, Punt 2017). This allows a comparison of what the assessment would have 

produced in 2012 had current tuning methods been applied then. The conversion of the model 

from the older version SS (SS-V3.24S) to the new version (SS-V3.30.12.00-safe) showed that 

there are no significant differences in the quantities of the interest for eastern pink ling (Figure 

2.26). 
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Bridge 2.1.0: Update software (Eastern stock) 

 

 

 
Figure 2.26. Comparison of SS3 versions (SS-V3.24S old V, and SS-V3.30.12 current) for 
spawning biomass (top left) and relative spawning biomass (top right), equilibrium spawning 
biomass per recruit (1-SPR, bottom, left) and recruitment deviations (bottom, right) time series 
for eastern pink ling. 
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Bridge 1.1: Inclusion of new data 

 

     The data used in the assessment come from multiple sources: length-composition and 

conditional age-at-length data from the trawl fishery, updated standardized CPUE series 

(Sporcic et al. 2018), the annual total landed catch, estimated discards, age-reading error 

matrices and fishery independent survey indices. Starting from the converted and re-tuned 2012 

base case model (2013New_Tuned), additional data to 2017 were added sequentially to develop a 

base case assessment:  

 

1- Start with the re-tuned 2012 assessment (2012_Tuned). 

2- Change final assessment year to 2017, add landed catch until 2017 (addCatch2017).  

3- Add CPUE to 2017 from Sporcic et al. (2018), (addCPUE2017). 

4- Updated length-composition data, including both port and onboard length-

compositions (addLength2017). 

5- Add the updated age-reading error matrix and conditional age-at-length data to 2017 

(addAge2017) described by Punt et al. (2008). 

6- Change the final year for which recruitments are estimated from 2010 to 2015 (extend 

Recruitment). 

7- Add fisheries independent survey (FIS) indices until 2016 described by Knuckey et al. 

(2015 and 2017).    

8- Retune using latest tuning protocols (2018_BC_Tuned). 
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Figure 2.27. Update the time series of spawning biomass (top, left), relative spawning biomass 
(top, right), spawning biomass per recruit ratio (SPR-ratio; bottom, left) and recruitment 

deviations (bottom, right) for eastern pink ling, moving from the 2012 base case assessment, 
adding data sequentially through to 2017. 
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Bridge 2: Tuning model  

 

     Re-weighting the length and conditional age-at-length for the pink ling assessment was 

based on the methods of Francis (Francis et al. 2011) and Punt (Punt 2017), using the 

SSMethod.TA1.8 function in the "r4ss" package (Taylor et al. 2014). This is based on the 

variability in the observed mean length or age by year, where the sample sizes are adjusted 

such that the fit of the expected mean length or age should fit within the uncertainty intervals 

at a rate which is consistent with the variability expected based on the adjusted sample size 

give as: 

𝑤𝑗 =
1

𝑉𝑎𝑟𝑦[(𝑜̅𝑗𝑦 −𝐸𝑗𝑦)/(𝑣𝑗𝑣/𝑁𝑗𝑦)
0.5]

 

 

Where 𝑜�̅�𝑦is the vector of all data (observations) that are fitted to in a stock assessment model 

for the index of abundance (j) and index of year (y), E is expected value and N is multinomial 

sample size used in weighting data.  

 

Tuning procedure 

 

     An update tuning procedure has been used to balance the weighting of each of the data 

sources that contribute to the overall likelihood function, using Francis weighting for length 

and age data, balancing the CPUE series within Stock Synthesis, and improvement to the 

recruitment bias ramp adjustment. In iterative reweighting, the effective annual sample sizes 

are tuned/adjusted so that the input sample size is equal to the effective sample size calculated 

by the model.  

 

1- Set the standard error for the relative abundance indices (CPUE and FIS) to their 

estimated standard errors for each survey or for CPUE (values) to the root mean squared 

deviation of a loess curve fitted to the original data (which will provide a more realistic 

estimate to that obtained from the original statistical analysis). SSv3.30 then re-

balances the relative abundance variances appropriately. 

2- The initial value of the parameter determining the magnitude of the process error in 

annual recruitment, 𝜎𝑅, is set to 0.7, reflecting the variation in recruitment for pink ling. 

The magnitude of bias-correction depends on the precision of the estimate of 
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recruitment and time-dependent bias-correction factors were estimated following the 

approach of (Methot et al. 2011).  

An automated tuning procedure was used for the remaining adjustments. For the 

conditional age-at-length and length composition data: 

3- Multiply the stage-1 sample sizes for the conditional age-at-length data by the sample 

size multipliers using the approach of (Punt 2017). 

4- Similarly multiply the initial samples sizes by the sample size multipliers for the length 

composition data using the ‘Francis method’ (Francis et al. 2011). 

5- Repeat steps 2 to 4, until all are converged and stable (proposed changes are < 1%).  
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Bridge 2.1: Eastern stock tuning model  

 

 
Figure 2.28. Mean age for the non-trawl fleet (NonTrawlA; right) and the trawl fleet (Trawl-
A; left) with 95% confidence intervals based on current samples sizes for NonTrawlA: 1.0002 
(0.5733-7.9746) and Trawl-A: 0.9944 (0.6523-2.1361) for the eastern pink ling stock. 

 

 
Figure 2.29. Mean length for the non-trawl fleet (NonTrawlA-port; top, left), trawl fleet (Trawl-
A-port; top, right), non-trawl fleet (Non TrawlB-onboard; bottom, left) and trawl fleet (TrawlB-

onboard; bottom, right) with 95% confidence intervals based on current samples sizes. 
NonTrawlA: 0.9926 (0.5668 - 4.6413), Trawl-A: 0.9924 (0.6526-1.8896), Non TrawlB: 0.9932 
(0.7133 - 2.1762) and TrawlB: 0.9973 (0.6541-2.073) for the eastern pink ling stock. Observed 
(circle) and model estimated (blue line). 
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Figure 2.30. Observed (circle) and model estimated (blue line) CPUE (left) and FIS indices 
(right) for the eastern pink ling stock after tuning.  

 
Figure 2.31. Adjusting for bias due to variability of estimated recruitment points are 
transformed variances. The red line shows the current settings for bias adjustment specified in 
control file. The blue line shows the least squares estimate of alternative bias adjustment 

relationship for recruitment deviations for the eastern pink ling stock. 
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2.6.4. Appendix C:  Base case assessment of eastern pink ling with data to 2017  

 

C.1 Base case eastern pink ling  

 

 
Figure 2.32. Summary of input data sources (left) used for the assessment and the total landed 

catch time-series (tonnes) of pink ling by fleet from 1970-2017. The retained length 
composition by fleet (Non-trawl and trawl), separated by onboard (A) and port (B) samples. 

 

 
Figure 2.33. Estimated growth curve by sex for eastern pink ling. 
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Figure 2.34. Retained length composition from onboard sampling of the non-trawl fleet (Non-
Trawl A, onboard) for 2002-2017, where N adj is the input sample size after data-weighting 

adjustment and N eff. is the number of effective samples. 
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Figure 2.35. Retained length composition from onboard sampling of the trawl fleet (Trawl A, 
onboard) for 2009-2017, where N adj is the input sample size after data-weighting adjustment 
and N eff. is the number of effective samples. 
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Figure 2.36. Retained length composition from onboard sampling of the non-trawl fleet (trawl 

B, Port) and trawl fleet (trawl B, port) for 1991-2010, where N adj is the input sample size after 
data-weighting adjustment and N eff. is the number of effective samples. 
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Figure 2.37. Retained length composition from onboard sampling of the trawl-B fleet (Port) 

for 2016-2017, where N adj is the input sample size after data-weighting adjustment and N eff. 
is the number of effective samples. 

 

 
Figure 2.38. Fits to the retained length composition by fleet, separated by onboard (A) and port 
(B) samples, aggregated across all years. Observed data are grey and the fitted value is the 
green line (eastern pink ling). 
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Figure 2.39. Pearson residuals, retained NonTrawl-A (onboard) of conditional age-at-length 
composition trajectory (2000-2009) for eastern pink ling. 
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Figure 2.40. Pearson residuals, retained NonTrawl-A (onboard) of conditional age-at-length 

composition trajectory (2009-2013) for eastern pink ling. 
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Figure 2.41. Pearson residuals, retained Trawl-A (onboard) of conditional age-at-length 

composition trajectory (1979-1986) for eastern pink ling. 



79 
 

 

 
Figure 2.42. Pearson residuals, retained Trawl-A (onboard) of conditional age-at-length 
composition trajectory (1986-1998) for eastern pink ling. 
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Figure 2.43. Pearson residuals, retained Trawl-A (onboard) of conditional age-at-length 
composition trajectory (1999-2004) for eastern pink ling. 
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Figure 2.44. Pearson residuals, retained Trawl-A (onboard) of conditional age-at-length 
composition trajectory (2005-2012) for eastern pink ling. 
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Figure 2.45. Pearson residuals, retained Trawl-A (onboard) of conditional age-at-length 
composition trajectory (2012-2017) for eastern pink ling. 
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Figure 2.46. Pearson residuals, retained Trawl-A (onboard) of conditional age-at-length male 
composition trajectory (2017) for eastern pink ling. 

 
Figure 2.47. Selectivity for all fleets (left: Non-trawl-A (on-board, black); TrawlA (on-board, 
blue); Non-trawlB (port, green); trawlB (port yellow) and right length-based selectivity 2017 

for eastern pink ling. 
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Figure 2.48. Predicted selectivity from the base-case models for female Non-Trawl (A and B) 
and Trawl (A and B) of eastern pink ling. Top right: Female time-varying selectivity for 
TrawlA, Top middle: Female time-varying selectivity for TrawlB. 
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Figure 2.49. The estimated time-series of total biomass (top, left), spawning biomass (top, 
right), depletion (bottom, left), recruitment deviation (bottom, right) and recruitment curve 
projection for the 2018 base case assessment for eastern pink ling. 
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CHAPTER 3 

Reparameterization of key parameterization 

improves performance and efficiency of Bayesian 

stock assessment models: Application to Pink Ling 

(Genypterus blacodes) assessment in south east 

Australia 
3.1. Abstract  

For Markov chain Monte Carlo (MCMC) algorithms (i.e. Gibbs, Metropolis-Hasting, Adaptive 

Metropolis, Hamiltonian Monte Carlo, No-U-Turn-Sampler (NUTS)) a strongly nonlinear 

dependence among the parameters may result in poor mixing and lead to a high rejection rate 

of candidate samples, which can: (i) lead to longer runtimes to achieve the true joint posterior 

distribution, (ii) result in the failure of the model to converge and (iii) mean that the quality of 

the estimated posterior may be poor. However, the convergence and performance of MCMC 

chains can be greatly improved by reparametrizing the model to remove the nonlinear 

dependencies. Such a re-parameterization would reduce the problem of a highly correlated 

parameter space, which in turn, would allow efficient use of conventional MCMC algorithms. 

However, determining a suitable re-parameterization can be challenging, and solutions that 

work well for one model may not be appropriate for other models. 

Integrated fisheries stock assessment models commonly estimate parameters associated with 

functions of selectivity, growth and the stock recruitment relationship. These functions often 

have parameters with complex nonlinear dependencies. This results in high correlation across 

parameters in the posterior distribution and has a large influence on the robustness of 

uncertainty measures in the Bayesian approach for the fisheries models.   

In this study we evaluate how different re-parameterizations of key aspects of a complex 

fisheries stock assessment model affect the efficiency of methods of drawing samples from the 

joint posterior distributions (Metropolis-Hasting and NUTS) using a fisheries stock assessment 

model. Our results showed that the mixing behaviour and efficiency of chains for Metropolis-

Hasting and NUTS can be greatly improved by removing complex interdependencies of the 

parameters in a fisheries stock assessment model. 

Keywords:  Autocorrelation, stock assessment, uncertainty, No-U-Turn-Sample, random walk 

Metropolis, Bayesian inference. 
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3.2. Introduction 

 

      Fisheries stock assessment models have a long and rich history of theoretical development 

and practical application. Stock assessment models began as simple models considering a 

single indicator of population size (biomass dynamic models), which aggregate the processes 

of birth, dead, natural mortality, growth, size and sex, recruitment and gear selectivity across 

age into a single equation (Peterson, 1986, Hilborn et al. 1992). The traditional biomass 

dynamic model is a logistic growth model to include catch which is proportional to harvest 

ratio and stock size (Kitchell et al. 1974, Hilborn et al. 1992). As the field advanced, more 

biological complexity was incorporated into the models, such as age structure, a stock-

recruitment relationship, growth, as well as fishery properties like selectivity (Jarre-Teichmann 

et al. 2000, Winker et al. 2018). A major advancement was the development of statistical catch-

at-age models, including the approach of incorporating multiples data sources into a single 

analysis- known as an integrated assessment (Maunder 2004, Maunder et al. 2013, Rosenberg 

et al. 2018, Punt et al. 2017, Tuck et al. 2018, Monnahan et al. 2019). Depending on the 

complexity of the model, there may be a few dozen to several hundred parameters to estimate. 

Accurate assessment of the parameters and predictive uncertainty of fisheries models is an 

important aspect of any stock assessment modelling application.  

     Two inference methods are commonly used to estimate the parameters in these models. The 

most common is frequentist inference that use maximum likelihood principles to estimate the 

parameters and uncertainty in the model (Pawitan 2001, Brinch et al. 2011, Maunder et al. 

2013). In recent years stock assessment models have begun to use Bayesian methods which 

use posterior distributions to make model inferences and estimate credible intervals that 

express the uncertainty related to the parameters (McAllister et al. 1997, Punt et al. 1997, 

Fournier et al. 1998, Breen et al. 2003). In the Bayesian estimation paradigm, the likelihood of 

the observed data is combined with prior information from previous studies or expert opinion, 

resulting in a posterior probability distribution of parameters from which inference is made 

(Punt et al. 1997, Gelman et al. 2014). Bayesian estimates of uncertainty are more reliable than 

frequentist estimates and some authors recommend the use of Bayesian methods by default 

(Magnusson et al. 2013, Stewart et al. 2013).   

     Modern approaches to Bayesian analysis are based on Markov Chain Monte Carlo (MCMC) 

algorithms (Metropolis et al. 1953, Hastings, 1970, Gelman et al. 2014). Rather than computing 
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the posterior directly, these algorithms draw samples from the posterior by s imulating a 

Markov chain which has the posterior distribution as its stationary distribution.  The statistical 

properties of the posterior are approximated by the properties of the samples.  This 

approximation can be made arbitrarily accurate by drawing sufficiently many samples.  The 

practical limitation is that it may not be computationally feasible to draw sufficiently many 

samples to achieve the desired level of accuracy (Hoffman et al. 2014, Gelman et al. 2014). 

For fisheries stock assessment models, the predominant MCMC algorithm has been Random 

Walk Metropolis (RWM). The RWM algorithm operates by proposing that the Markov chain 

move to candidate state obtained by adding noise to the current state, and candidate state is 

accepted or rejected by comparing the value of the posterior at the current and proposed states. 

The chain constructed in this way is essentially a constrained random walk that traverses the 

posterior. However, when the geometry of the posterior distribution is complex or multimodal 

this random walk can be an inefficient sampler and may not fully explore the posterior 

distribution (Hoffman et al. 2014, Monnahan et al. 2017).  

     An alternative and recently developed algorithm is the No-U-Turn sampler (NUTS; 

Hoffman et al. 2014).  The NUTS algorithm is a self-tuning Hamiltonian Monte Carlo (HMC) 

method (Neal, 2011).  Where RWM simulates a random walk that traverses the posterior, HMC 

simulates the trajectory of a fictitious particle that moves in a potential well, defined by the 

posterior. Although more computationally intensive then RWM, HMC can generate 

trajectories that traverse further across the posterior, proposing more distant candidate states  

and increasing the prospect of fully traversing the posterior (Betancourt 2013, 2014a, 

2016a).  NUTS is a HMC variant that chooses key control parameters to attempt to avoid 

trajectories that sharply reverse direction. NUTS efficiently samples from high-dimensional, 

complex posterior geometries and with lower autocorrelation (Monnahan et al. 2017, 2018).  

     The main disadvantage of using Bayesian inferences is that they can be extremely 

computationally intensive to apply Bayes methods in complex fisheries models (Grandin et al. 

2016).  Complex models with strong correlations amongst parameters can suffer from a high 

rejection rate for candidate state samples resulting in long run times (Kass et al. 1998, 

Monnahan et al. 2017).  For fisheries models, some estimated parameters, including the somatic 

growth natural mortality rate (M), stock-recruitment steepness (h), and declining and ascending 

limbs of a dome-shaped selectivity function, are known to be highly correlated and difficult to 

estimate for many fisheries stocks (Magnusson et al. 2007) and it often takes days of computer 

time even on reasonably powerful personal computers to conduct an analysis.   The run times 

required for an analysis can be reduced by either using more sophisticated MCMC algorithms 
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(Monnahan et al. 2017) or by re-parameterizing the model to reducing the nonlinear 

dependence amongst parameters (Plummer et al. 2006, Gelman et al. 2014, Turner et al. 2013a, 

2013b).   

     This study aims to evaluate how the re-parameterization of nonlinear dependence 

parameters affects the efficiency of two MCMC algorithms (random walk Metropolis and the 

No U-Turn Sampler) within a Bayesian stock assessment model. To demonstrate this, we use 

the age-structured population dynamics model of the Australian western stock of pink ling 

(Genypterus blacodes) as a case study. We modify the C++ sources of Stock Synthesis to 

propose eight re-parameterizations of standard Stock Synthesis models. We then apply 

increasingly many re-parameterizations to a model for the western stock of pink ling to 

construct eight scenarios, and compare the efficiency of this scenario using the generalized 

stock assessment software package, Stock Synthesis (Methot et al. 2020), and to evaluate the 

efficiency of these scenarios under both the RWM and NUTS algorithms implemented in the 

version 12.0 of Automatic Differentiation Model Builder  (ADMB Core Team 2017, Fournier 

et al. 2012, Monnahan et al. 2017). 
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3.3. Methods  

 

    We compare the effectiveness of two MCMC algorithms: No U-Turn Sampler (NUTS)) and 

random walk Metropolis, for several alternate parameterizations of a fishery stock assessment 

model.  

 

3.3.1. Model 

      

    The model used for the experiment is an update of the pink ling western stock model 

(Whitten and Punt, 2013) by inclusion of data to the end of 2017, that incorporates an additional 

five years of catch, an updated CPUE series, length-composition and conditional age-at-length 

data and ageing error. 

    The model consisted of a single-area, two-sex age structured model, assuming that growth 

is time-variant in the weighting of length frequency data. The population was partitioned into 

30 age classes and modelled at annual time steps from 1970-2017. Natural mortality was 

assumed to be constant across ages and over time and fixed at 0.35 (Whitten and Punt, 2013). 

The maturity at-age and weight-at-age is assumed to be time invariant and were taken from 

Whitten and Punt (2013), recruitment followed a Beverton-Holt spawner-recruitment 

relationship with steepness of 0.7 and standard deviation of residuals equal to 0.8 (Table 3.1). 

     The analysis of the model was conducted using the generalized stock assessment software 

package, Stock Synthesis (SS3, Version 3.30.12.00, NOAA 2018, Methot et al. 2020), version 

12 of Automatic Differentiation Model Builder (ADMB, Version 12.0, ADMB Core Team 

2017, Fournier et al. 2012) and the R package “adnuts” which provides a convenient framework 

and improved workflow for ADMB Bayesian analysis within the R software framework 

(Monnahan, 2018, R Core Team, 2018).  
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Table 3.1. Model specification for the base-case for the western stock of pink ling. 

Parameters Western stock 

Age classes Ages 0-30+ 

Length classes Lengths 20-115 cm+ 

Natural mortality, M 
 

Natural mortality for females, Mf Estimated (0.35 initial value) 

Natural mortality for males, Mm Fixed at Mf estimated 

Growth rate (year-1) Estimated (by sex) 

Lmin(a=1) Estimated (by sex) 

Lmax(a=20) Estimated (by sex) 

σ(a=1) Estimated (by sex) 

σ(a=20) Estimated (by sex) 

Length-weight regression Fixed 

a 0.00293 

a 3.139 

Maturity ogive Fixed 

Length-at-50%-maturity 72 cm (Fixed) 

Maturity slope (cm-1) 72 cm (Fixed) 

Stock-recruitment 
 

Recruitment variability, 𝜎𝑅  0.7 

Virgin recruitment, 𝑅0 0.68 (Estimated) 

Steepness of Beverton-Holt curve, h 0.75 

Estimated recruitment dev standard 1970-2014 

Selectivity 
 

Non-trawl                            logistic, time invariant (2 parameters)                                     

Trawl         dome-shaped (1970-1999; 2000-05; 2006+blocks*)                                     

Number of parameters estimated 80 

 *Only parameters related to the ascending limb of the selectivity change over time 
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3.3.2. Parametrizations scenarios 

     

     Several re-parametrizations were incorporated into the updated version of the western pink 

ling stock assessment model (Whitten and Punt, 2013) and compared with the existing 

parameterizations within SS to investigate the effect of parametrization choice on sampling 

efficiency for the two samplers, NUTS and RWM. The parameterization of the estimation 

models consists of evaluating eight parametrization scenarios (Table 3.2) with the 

mathematical description given below. 

 

Table 3.2. Scenario by re-parameterization for western pink ling, where CV is the coefficient 
of variation of length at age, R0 is virgin recruitment of the Beverton-Holt stock recruitment 
relationship (modified by Methot et al. 2011), k-VB is the growth rate of von Bertalanffy 

growth model, D-selectivity are the ascending and descending parts of the dome-shaped 
selectivity functions. 

Scenario Re-parameterizations 

E1 Base model  

E2 CV L1 

E3 R0  

E4 k-VB 

E5 D-Selectivity 

E6 D-Selectivity+VB 

E7 D-Selectivity+VB+ CV L1 

E8 D-Selectivity+VB+ CV L1+R0 

 

 

i) Parameterization of Von Bertalanffy model  

     The growth in length at age was modeled using the von Bertalanffy growth equations 

parameterized by Schnute (1981) and is evaluated under a parametrization in SS3 in the form: 

 

                                                             𝐿(𝐴) = 𝐿∞+ (𝐿1 −𝐿∞)𝑒
−𝐾(𝑎−𝑡1)                           3.1 

 

where L(A) is the mean size at age a, 𝑡1 is the reference age, 𝐿1 is the size at age 𝑡1, K is the 

growth coefficient, and 𝐿∞ is the mean asymptotic size at infinite age.  

Our reparameterization of the von Bertalanffy growth equation introduces the new parameter 

L2 that represent the length at some reference age 𝐴2. Then       

 

                                                       𝐿2 = 𝐿∞+ (𝐿1 −𝐿∞)𝑒
−𝐾(𝐴2−𝑡1)                                   3.2 
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so that, 

                                                            𝐿∞ = 𝐿1 +
(𝐿2−𝐿1)

1−𝑒
−𝐾(𝑡2−𝑡1)

                                              3.3 

 
Where L2 is the length at the reference age t2 which should be near the maximum age and be 

well represented in the data. 

 

ii)  Parameterization of coefficient of variation of length for sex at age  

 

Within SS3, the variation in size-at age can be a function of age or mean length-at-age, with 

the option of either having the parameters for each sex expressed in terms of the coefficient of 

variation or the standard deviation. In the original model, the coefficient of  variation for the 

length at age is assumed to vary linearly between a lower and upper limit, where the lower and 

upper limits for the reference group (group 1) are defined as: 

                                                                𝐶𝑉1(𝐿𝑚𝑖𝑛) = 𝑝1                                                           3.4 
and 

                                                                  𝐶𝑉1(𝐿𝑚𝑎𝑥) = 𝑝1exp(𝑝2)                                           3.5 
 

while the limits for subsequent groups is defined in terms of the lower limit for the reference 

group, so for example, for group 2 

                                                                𝐶𝑉2(𝐿𝑚𝑖𝑛) = 𝑝1exp(𝑝3)                                              3.6 
and 

                                                                𝐶𝑉2(𝐿𝑚𝑎𝑥) = 𝑝1 exp(𝑝2) exp(𝑝4)                               3.7 

 

where 𝐶𝑉𝑘 is the coefficient of variation of length at age for group k, Lmin is the lower limit of 

the smallest length bin, Lmax is the upper limit of the largest bin, and 𝑝1, 𝑝2, 𝑝3 and 𝑝4  represent 

the model parameters. 

 

In the alternate parameterization, the upper and lower limits for the reference group are defined 

directly in terms of the parameters 

                                                                    𝐶𝑉1(𝐿𝑚𝑖𝑛) = 𝑝1                                                        3.8 
and  

                                                                   𝐶𝑉1(𝐿𝑚𝑎𝑥) = 𝑝2                                                       3.9 
 
while again the limits for subsequent groups are defined in terms of the lower limit for the 

reference group, so for group 2 

 

                                                                   𝐶𝑉2(𝐿𝑚𝑖𝑛) = 𝑝1exp(𝑝3)                                         3.10 
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and 

                                                                𝐶𝑉2(𝐿𝑚𝑎𝑥) = 𝑝2exp(𝑝4)                                      3.11 
 

While the alternate parameterization is actually built into SS3, it cannot be selected without 

altering the parameterization of other aspects of the model, so it was necessary to alter the 

source code to modify the parameterization for just the CV. 

 

iii) Recruitment parameterization 

 

The number of age zero fish is related to spawning biomass according to a stock-recruitment 

relationship. The recruitment estimation used in the base case of pink ling was assumed follow 

the SS3 “flat-top” version of the Beverton-Holt stock-recruitment relationship in which 

recruitment does not increase beyond the unfished equilibrium recruitment (𝑅0) if spawning 

biomass (SSB) happens to exceed the unfished equilibrium spawning biomass (corresponding 

to R0). The Beverton-Holt model in Stock Synthesis (SS3) described as: 

 

                      𝑅𝑡 =
4ℎ𝑅0𝑆𝑆𝐵𝑦

𝑆𝑆𝐵0(1−ℎ)+𝑆𝑆𝐵𝑦(5ℎ−1)
𝑒−0.5𝑏𝑦𝜎𝑅

2+�̃�𝑦�̃�𝑦~𝑁(0;𝜎𝑅
2)               3.12 

 

where R0 is the unfished equilibrium recruitment, SSB0 is the unfished equilibrium spawning 

biomass (corresponding to R0), SSBy is the spawning biomass at the start of the spawning season 

during year y, h is the steepness parameter, by is the-bias adjustment fraction applied during 

year y, 𝜎𝑅 is the standard deviation among recruitment deviations in log space, and �̃�𝑦 is the 

log-normal recruitment deviation for year y. 

The original parameterization of SS3 specified the log𝑅0 directly 

                                                            𝑅0 = exp(𝑝1)                                                            3.13 

In the new parameterization, we move a linear component of natural mortality (𝑀) from 

log𝑅0 

                                                           𝑅0 = exp(𝑝1 +14𝑀)                                                3.14 

so, that 

                                                          log𝑅0 = 𝑝1 + 14𝑝2                                                      3.15 
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This relationship was determined empirically from an initial run of the un-reparameterized 

model, was selected purely to remove the linear correlation between log𝑅0 and natural 

mortality 𝑀. 

 

iv) Selectivity parameterization 

The selectivity functions are evaluated under two parameterizations implemented in the Stock 

Synthesis model (Methot 2009a).  

 

 
     Figure 3.1. Dome-shaped selectivity function. 

 

Stock Synthesis offers a dome-shaped double normal selectivity function that is constructed by 

splicing together an ascending limb, a plateau and a descending limb (Figure. 3.1).  The 

ascending and descending limbs each have Gaussian profiles of the form  

                                                           𝑆(𝑎) = 𝑒−(𝑎−𝑎𝑖)
2/𝑤𝑖                                                   3.16 

where 𝑤𝑖 controls the steepness of the ascent or descent of the limb.  The overall shape of the 

selectivity function is determined by six features, 𝑠1 and 𝑠2, the selectivities of the youngest 

and oldest age classes, 𝑎1 and 𝑎2 the start and end of the plateau, and 𝑤1 and 𝑤2 the width of 

the ascending and descending limbs. 

In the original parameterization provided by Stock Synthesis, these features are related to 

model parameters through the relations.  

                                                         𝑎1 = 𝑝1                                                                          3.17 

                                                         𝑎2 = 𝑎1 +𝜙(𝑝2)(𝑎𝑚𝑎𝑥− 𝑎1)                                     3.18 

                                                         𝑤1 = exp(𝑝3)                                                              3.19 
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                                                         𝑤2 = exp(𝑝4)                                                              3.20 

                                                         𝑠1 = 𝜙(𝑝5)                                                                   3.21 

                                                        𝑠2 = 𝜙(𝑝6)                                                                   3.22 

where 𝜙(𝑥) = (1 + exp(−𝑥))−1 is the inverse logit transformation. This parameterization 

ensures 𝑠1 and 𝑠2 lie in the interval (0,1), 𝑤1 and 𝑤2 are positive, and that 𝑎1 < 𝑎2 < 𝑎𝑚𝑎𝑥. 

In the new parameterization these relations are modified so that: 

                                                            𝑎1 = 𝑝1 + 𝑝3                                                             3.23 

                                                            𝑤1 = 𝑝3
2                                                                     3.24 

                                                            𝑤2 = 𝑝4
2                                                                     3.25 

to reduce the correlation between 𝑝1 and 𝑝3, and reduce the nonlinearity in the definition of 

the 𝑤𝑖. 

 

3.3.3. Priors 

 

    In a Bayesian analysis, the prior and the posterior are inextricably linked (Punt 1997).  When 

the model is reparameterized, it is necessary to transform the prior to obtain strictly equivalent 

inferences from the posterior in the new parameterization. But for complex fisheries models 

with many parameters, for many parameters the prior is chosen so as to limit the parameter to 

a reasonable range, but be otherwise uninformative. In this context, it is not reasonable to 

transform the original prior to produce an exactly equivalent prior in the new parameterization.  

If the precise form of the original prior was not deliberately chosen, then it is not reasonable to 

deliberately produce a prior that is exactly equivalent. Instead, we choose priors for the 

transformed parameters that reproduce an equivalent range of parameter values, but are 

otherwise uninformative for the new parameters. 

 

3.3.4. Estimation of variability and posterior probability density function  

 

    Estimates of parameters variability are calculated by fitting the model by maximum 

likelihood. Samples were drawn from the eight different model scenarios using both NUTS 

and RWM, and the results compared for convergence and efficiency. Initial proposal and mass 

matrices for the NUTS and RWM algorithms respectively were derived by fitting the model by 

maximum likelihood and the initial proposal/mass matrices from the asymptotic parameter 

variances at the converged solution. For each re-parameterization we run eight chains, two 
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MCMCs algorithms (RWM and NUTS) and 1000 MCMC samples were drawn at 1000 step 

intervals from a chain of 2 million samples following an initial burn-in of 1000,000 samples.  

 

3.3.5. Diagnostics of MCMCs  

 

    Convergence diagnostics for MCMC chains were calculated with Heidelberger and Welch 

convergence test (hereafter termed the Heidel-Welch test), including two parts, stationarity and 

half-width test. If the p-value is greater than 1 – α, the stationarity test is rejected and if a 

relative half-width statistic is greater than the tolerance value (the default of which is 0.1), the 

halfwidth test fails (SAS Institute, 2014, Gelman et al. 2014), Geweke statistic: If the MCMC 

has converged to a stationary distribution, samples in the first and last part should display the 

same means, and Geweke’s test statistic (a z-score) should be close to zero (Geweke et al. 

1992) and trace plots using adnuts (Monnahan et al. 2018), shinystan 2.5.0 (Gabry, 2017) and 

r4ss (Taylor et al. 2013) packages in the software R (R development Core Team 2011).   

 

3.3.6. Performance metric of Uncertainty  

 

     To assess performance of the tested methods the following metrics have been proposed: i) 

total run time, ii) Total effective sample size (ESS): The effective sample size is commonly 

used measure for sampling efficiency of an MCMC methods. It indicates the number of 

effectively uncorrelated samples out of N collected samples and is defined as: 𝐸𝑆𝑆𝑀𝐶𝑀𝐶 =

𝑁 1 + 2∑ 𝛾𝑘𝑘⁄ , where 𝛾𝑘 is the k-lag sample correlation. iii) Acceptance rate (AR%), iv) 

Rejection rate (RR%) in percentages, v) Effective sample size time, this is normalized by the 

computational time in seconds (ESS/T) and finally vi) Monte Carlo Standard Error (MCSE) 

where MCSE is normalized by the computational time in seconds (maxMCSE*T). This 

indicates how much error is in the estimate due to the use of a Monte Carlo method. It is rela ted 

to ESS and is defined as: 𝐸 = √�̂�2 𝐸𝑆𝑆⁄ . 
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3.4. Results  

          The parameters estimated from the original model (Figure. 3.2, left) indicate that 

biological parameters (i.e. natural mortality, length at age max for female and male, growth 

rate of von Bertalanffy growth and virgin recruitment) and selectivity parameters (parameters 

controlling the ascending and descending limbs of the selectivity) are strongly correlated in the 

original parameterization of the pink ling model.  

    The 95% posterior probability intervals (PI) for the correlated parameters (original model) 

are either above 0.5 or below -0.5 (Figure. 3.1, left). The Markov chain Monte Carlo simulation 

shows that all scenarios after 2000 iterations and 200 samples removed (burn -in samples) 

apparently have successfully converged. However, statistical tests of convergence (Geweke 

and Heidel-Welch tests) of RWM chains for the original model indicate that some chains by 

scenarios are not complying with the assumptions of stationarity  density and ergodicity 

(Irreducibility) and not all chains have fully converged (Figures 3.4; Tables 3.4 and 3.6). In 

addition, initial exploration of RWM and NUTS suggests that a number of parameters in the 

original model are highly correlated and this lead to slow mixing (Figures. 3.5, 3.6 left). The 

same estimates from the original model (E1) show that after re-parameterization, these 

parameters (E8) show no correlation structure (Figure. 3.2, right) and the number of failed 

parameters by chain decreases from 6.5% (original model) to 2.5% (E8: parameterized model) 

for RWM and NUTS (Figure. 3.3). The Geweke-test for the re-parametrized model indicates 

that the 8 chains by scenarios have fully complied with the assumptions of stationarity density 

and ergodicity (convergence assumptions). This suggests that the model (E8) has good mixing 

after being re-parameterized and the samples resulted in representative posterior distribution 

of the model (Figure 3.4, right). 
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 Figure 3.2. Biology parameters correlated from the original model (left) and parameters 
uncorrelated Scenario E8 (right) of western pink ling.  
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3.4.1. Diagnostics  

     

     For the original model (E1), Figure 3.2 (left) shows the parameters controlling the ascending 

and descending limbs of the selectivity curve and some key biological parameters (R0, length 

at age max, M and von Bertalanffy growth coefficient) presented high and significant 

correlation with other parameters (p<0.05). This provides evidence of lack of convergence of 

the MCMC for the original model. A total of 80 parameters was estimated in the original model 

(E1) with the lower total effective sample size 90.345 (RWM) and 177.022 (NUTS). 78% of 

all parameters passed Geweke where 6.5% of total parameters failed with p>0.05 and z -score 

higher than 0.5 (Table 3.4). The Heidel-Welch test shows five parameters of the original model 

(E1) failed in the stationarity assumptions (Table 3.4, E1). However, all passed the half-width 

test with (p>0.05) in the second part of the chain with 95% confidence intervals (Table 3.4, 

E1). That means the assumption of stationarity of total parameters is satisfied and the large 

chain is representative of the density posterior distribution only for 78% of the total parameters.
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Figure 3.3. Number of parameters (%) that failed the Geweke or Heidel-Welch tests by chain and algorithm (RWM and NUTS).  
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     For the fully reparameterized scenario E8, Figure.3.2 (right), show that two selectivity and 

two growth parameters by chain are not correlated with other parameters (Figure.3.2 right). 

This suggests that with the new reparameterizations, it is more likely the chains will converge. 

However, scenarios with fewer reparameterizations (E2, E3 and E4) still show correlation 

structure in some parameters and the number of failed parameters by chain decreases from 

2.5% (E2), 3.75% (E3) and 6% (E4) for RWM to 1.2% (E2), 1.2% (E3) and 0-1% (E4) for 

NUTS (Figure. 3.3).  The E2 scenario corresponding to the coefficient of the length variation 

showed that it has a greater impact on the effective samples of RWM and NUTS (101.114 and 

464.394), compared to virgin recruitment (E3) which has 105.979-468.280 (RWM and NUTS 

respectively), and in comparison with growth rate reparameterization (E4) which has 103.885 

(RWM) and 468.372 (NUTS). All three scenarios passed the Geweke and Heidel-Welch tests 

(Tables 3.4 and 3.6).  

     The scenarios with more reparameterizations (E7 and E8) showed no correlation between 

parameters, and fewer parameters failed the stationarity assumptions. Scenarios E7 and E8 

produced more effective samples in all chains compared to the scenarios that have less or no 

reparameterization (E1-E6). With a total of 158915 (RWM) 505137 (NUTS) effective samples 

(Figure. 3.7), scenarios E7 and E8 have the highest number of effective samples compared to 

the other scenarios, with almost all re-parameterized parameters near to zero (Z-score) in the 

Geweke test (Table A.2), and all parameters passed the test of stationarity and half -width of 

the Heidel-Welch test (Tables 3.4 and 3.6). Scenarios E7 and E8 showed a great reduction in 

the number of parameters that failed per chain from 0-2% (RWM) and 1% (NUTS) compared 

to the original model that failed around 6-7% in RWM and 3-4 % in NUTS (Figure 3.3).  
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Figure 3.4. Geweke test for eight chains of correlated (Original model) and uncorrelated 
parameters (E8) of western pink ling. 

 
Figure 3.5. Traceplots of random walk metropolis (RWM, eight chains) of the original and re-
parameterization of key parameters of western pink ling. 
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Figure 3.6. Traceplots of NUTS (eight chains) of the original (left) and reparameterization of 
key parameters (right) of western pink ling.  

 
3.4.2. MCMC Efficiency  

 

    The precision of the estimates of the parameters increased with an increasing number of re-

parameterizations of the model.  With respect to estimation time, RWM was faster than NUTS 

for the same number of target samples. The results show that when the number of re-

parameterizations increases, the total time decreases significantly in NUTS (Figure 3.7, left). 

In contrast, RWM shows a similar total time or no significant change as the re-parameterization 

increases (Figure 3.7. left). Although the execution time for NUTS was substantially longer, 

the total number of effective samples was considerably higher than RWM (Figure 3.7 right). 

Furthermore, the results show that the number of total effective samples increases when the 

number of re-parameterizations increases in both algorithms (Figure 3.7 left). 

The rejection rate drops considerably when increasing the number of re-parameterizations in 

both algorithms. However, the rejection rate of the posterior distribution by RWM is 

substantially higher than NUTS (Figure 3.8, right). RWM for the original model has the highest 

rejection rate (40%) compared to the model with the most parameterizations (E8) with a 

rejection rate of 2.5%. In contrast, the rejection rate for NUTS drops considerably with 

increasing number of re-parameterizations, with 1.2% rejected in the original model and only 

0.01% rejected in E8. 

    The acceptance rate is very high and slightly increases with the number of re-

parameterizations for both algorithms (Figure 3.8). However, for both RWM and NUTS the 
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original model (E1) has a slightly lower acceptance rate (99.6% and 99.7% respectively) than 

the scenario with more re-parameterizations, with an acceptance rate of 99.8% and 99. 9% 

(Figure 3.8, right). For both algorithms, the effective sample size divided by the execution time 

(ESS/T) broadly increases when the model has more re-parameterizations (Figure 3.9, right). 

However, while there is steady increase for RWM, for NUTS there is a substantial jump in 

performance between scenarios E4 and E5, where the selectivity is re-parameterized (Figure. 

3.9 right).  

    The Maximal Monte Carlo Standard Error (maxMCSE) per computation time decreases 

when increasing the number of re-parameterizations for both algorithms (Figure. 3.9 right). 

That means a low maxMCSE relative to the estimated posterior standard deviation results in a 

higher number of effective samples, where lower values correspond to better performances.  

RWM and NUTS methods both demonstrate superior performance, in terms of higher 

acceptance rate, larger time-normalized ESS and smaller MCSE when increasing the number 

of re-parameterizations in pink ling model (Figures. 3.7, 3.8, and 3.9). 

 
Figure 3.7. Total run time (left) and total effective sample size (right) for each scenario.  
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Figure 3.8. Rejection rate (left panel) and acceptance rate (left panel) of samples in percentage 

(%) for NUTS and RWM for each scenario. 

 
Figure 3.9. Time-normalized minimum effective sample size (ESS/T; left) and Maximal Monte 
Carlo standard error and (maxMCSE)*time (right) by algorithms (NUTS and RWM) for each 

scenario. 
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3.5. Discussion and Conclusions  

 
    In this study, we have evaluated how different re-parameterizations of highly correlated 

parameters (virgin recruitment, ascending and descending parts of a dome-shaped selectivity 

curve and the CV of length given age) affect the efficiency of Metropolis-Hasting (RWM) and 

NUTS as methods to draw samples from joint posterior distributions in a fisheries stock 

assessment model. The mixing behaviour and efficiency of chains can be greatly improved, 

both for RWM and NUTS, by increasing the number of single re-parameterizations of the 

parameters in the western pink ling assessment model. The re-parameterization reduces the 

complexity of the geometry of the posterior, which in turn increases the acceptance rate of the 

sampler for both RWM and NUTS.  

    In all scenarios, NUTS was more efficient than RWM, and it is likely that this is because the 

more sophisticated method NUTS uses to simulate candidate states can better traverse a 

complex posterior, reducing the negative impacts of nonlinear dependencies and bad scaling. 

However, as NUTS is a more complex algorithm it can take more time to draw a single sample 

than RWM. This result is slightly different than reported by Monnahan et al. (2017), who found 

that NUTS had faster run times than RWM for two of their test models (cod and halibut), but 

was also slower for two (hake or canary). In all eight of our scenarios NUTS was slower than 

RWM independent of the number of re-parameterizations. Although we found NUTS had 

longer run times, our results showed NUTS was consistently more efficient in that it produced 

more effective samples per unit time, similar to the results of Hoffman and Gelman (2014), 

who demonstrated that NUTS is highly efficient with high-dimensional target distribution, 

since it transitions more effectively across the parameter space than RWM.  These results 

suggest that while NUTS is better at exploring more difficult regions of the parameter space, 

this proficiency comes at the cost of run-time.  However, where RWM is less able to explore 

some regions it is likely biased and therefore efficiency comparisons are irrelevant.   

    Importantly, for the model considered here, reparameterization improved the efficiency of 

both RWM and NUTS. For RWM, increasing the number of reparameterizations gave steady 

improvement in efficiency.  However, for NUTS, there was a substantial jump in efficiency 

from scenario E4 to E5, when the ascending and descending limbs of the selectivity curve were 

re-parameterized.  The relative stability of NUTS to the other re-parameterizations may be a 

reflection of NUTS greater proficiency at sampling from a more complex posterior.  These 

results suggest that for RWM, more careful re-parameterization will likely improve efficiency, 

but for NUTS it may be difficult to identify which reparameterizations will be most beneficial.  
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Our results also suggest that re-parameterization not only improves efficiency but it can also 

improve the convergence of the MCMC sampler. The scenarios with fewer re-

parameterizations presented more convergence problems (Goodwin et al. 2006, Johnson et al. 

2015). RWM can experience a high rejection rate of candidate samples when model parameters 

show strong nonlinear dependence (Gilks et al.1995a, Gilks et al. 1995b, Millar 2002, Goodwin 

et al. 2006, Link et al. 2012, Hooten, et al. 2015, Monnahan et al. 2019).  Consequently, the 

sampler moves slowly across the target distribution and can require a large number of samples 

to be representative of the full posterior. Similar results were observed for NUTS, but as NUTS 

produces more effective samples, the effect was not as pronounced. 

    It is important to emphasize that the poor mixing behaviour is likely a direct result of the 

complexity of the model.  In fisheries stock assessment models, dome-shaped selectivity is one 

of the more complex patterns of selectivity (SS3 offers logistic, dome-shaped, non-parametric 

and cubic-spline alternatives). The results demonstrate that in the original parameterization two 

of six parameters of the dome-shaped selectivity function (ascending-width and descending-

width of selectivity curve) are highly correlated with two other important parameters, natural 

mortality (M) and virgin recruitment (R0). This has a large impact on the efficiency of both 

MCMC algorithms leading to higher sample rejection rates and total run time and lower sample 

acceptance rates and efficiency. Dome-shaped selectivity functions can be very influential on 

inferences when using length-composition data, interacting with the estimate of the asymptotic 

length to determine fishing mortality and the absolute abundance. The complexity of this 

selectivity shape is difficult to define and estimate reliably. One of these parameters, the 

descending limb, is likely to be confounded with the magnitude of natural mortality (M), age 

dependency on M, asymptotic length as well as other critical parameters of interest, such as the 

catchability for indices of abundance and often require rescaling to achieve a maximum of one, 

which could result in correlation with other parameters of interest. A similar pattern is evident 

for the mean virgin recruitment that is high correlated with natural mortality. This parameter 

scales recruitment to a specific stock size, not to an asymptotic recruitment that may occur only 

at infinite population size which could result in high correlations with other parameters, and 

specifically natural mortality.  

    Bayesian models with highly correlated parameters or complex shape of posterior 

distributions exist in many other domains, as memory models (Pooley et al. 2011, Turner et al. 

2013a, 2013b, Vanpaemel 2009), categorization modelling (Vanpaemel 2009), structural 

equation modelling (Song et al. 2012) and item factor analysis (Edwards 2010, Patz et al. 

1999a, 1999b). Monnahan et al. (2017) suggests that the efficiency of MCMC could be 
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improved by incorporating priors on the model and carefully choosing the parameterization of 

the random effects in hierarchical models. However, in fisheries models, prior distributions are 

often poorly informed because of limitations in our knowledge of fish stocks (McAllister et al. 

1998). Given the available scientific information there may be no clear basis on which to 

choose an appropriate prior. In these circumstances it is often necessary to perform sensitivity 

analyses to assess the impact of the prior on inferences (Punt et al. 1997, National 1998, Chen 

et al. 2000, Millar 2002). The most appropriate method for choosing such priors is still an issue 

of considerable debate (Box et al. 1992, Bernardo 1979, Lindley 1983, Myers et al. 2002) and 

misspecification of prior distributions, and the choice of an inappropriate likelihood function 

may result in unreliable posterior distribution for parameters (Berger 1994, Adkison et al. 1996, 

McAllister et al. Kirkwood 1998). Even though some studies suggest incorporation of 

appropriate priors can highly improve the efficiency of MCMC algorithms (Monnahan et al. 

2017, Thorson et al. 2017), in reality, the process of eliciting a prior in a fisheries model can 

be very time-consuming due to the need to obtain stakeholder approval.  

     In addition to the re-parameterization evaluated in this study, the efficiency of MCMC for 

fisheries models could be improved using more sophisticated MCMCs algorithms which 

perform better in highly correlated parameter space and with complex shaped posterior 

distributions. Girolami and Calderhead (2011) introduce Riemannian Manifold Hamiltonian 

Monte Carlo, a variant of HMC that simulates Hamiltonian dynamics in Riemannian rather 

than Euclidean space, efficiently allowing for position-dependent mass matrices. Turner et al. 

(2013b) suggest the use of Differential evolution Markov chain Monte Carlo, as this approach 

is thought to perform better than the standard RWM algorithm when the degree of correlation 

among the parameters of the model is high. More recently, Daviet (2016) and Burda et al. 

(2018) propose the use of Hamiltonian Sequential Monte Carlo Simulator because it is robust 

to multimodality and complex posterior geometries, and recommend its use for problems with 

particularly difficult likelihoods. However, to our knowledge, none of these approaches have 

been evaluated within fisheries stock assessment models and they are not available in more 

common fisheries stock assessment and statistical software (Stock Synthesis, CASAL, AD 

Model Builder and Template Model Builder).  Therefore, at this point in time the most effective 

method for improving the overall performance of the MCMC sampling is to remove complex 

dependencies amongst the model parameters. However, for any specific model, there is no 

clear way to gauge which parameterizations might be most beneficial. Further extensions could 
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include applying these methods to a broader range of species, improve efficiency using other 

MCMC algorithms such as Riemannian Manifold Hamiltonian Monte Carlo.  
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3.6. Appendix A 

 
Table 3.3. Notation of parameters and derived quantities used in the analysis.  

Symbol description 

𝑀 Natural mortality  

𝐿𝐴𝑚𝑖𝑛−𝑓 Length at Amin (units in cm) for female 

𝐿𝐴𝑚𝑎𝑥−𝑓 Length at Amax (units in cm) for female, 

𝑘𝑓 Growth coefficient (Female) 

𝐶𝑉1,𝑓,𝑔 Coefficient of variation in length young female 

𝐶𝑉2,𝑓,𝑔 Coefficient of variation in length old female 

𝑊𝑡𝐿1  Intercept of Length-weight relationship  

𝑊𝑡𝐿2 Slope of Length-weight relationship  

𝑅0 Unfished equilibrium recruitment or initial recruitment 

ℎ steepness Beverton-Holt 

𝐷𝑏𝑙𝑁𝑝1=𝑎1 Peak: beginning size for the plateau (in cm) of double normal 

function 

𝐷𝑏𝑙𝑁𝑝2=𝑎2 Top: width of plateau, as logistic between Peak and Maxlen of 

double normal function 

𝐷𝑏𝑙𝑁𝑝3=𝑤1 ASC-WIDTH: parameters value is ln(width) of double normal 

function 

𝐷𝑏𝑙𝑁𝑝4=𝑤2 DESC-WIDTH: parameters value is ln(width) of double 

normal function 

𝐷𝑏𝑙𝑁𝑝5 INIT: selectivity at first bin, as logistic between 0 and 1 of 

double normal function 

𝐷𝑏𝑙𝑁𝑝6 FINAL: selectivity at last bin, as logistic between 0 and 1 of 

double normal function 
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Table 3.4. Summary statistics for highly correlated parameters by scenario (E1-E4) and 
algorithm. 

    RWM NUTS 

   Geweke Heidel-Welch Geweke Heidel-Welch 

  Parameters z-score Pr>|z| Stationarity  p 

half-

width z-score Pr>|z| Stationarity  p 

half-

width 

E1 

k -0.645 0.313 failed 0.534 0.004 0.537 0.577 passed 0.308 0.003 

𝐶𝑉2,𝑓,𝑔 
-0.232 0.646 failed 0.287 0.026 0.080 0.506 passed 0.311 0.013 

𝐿𝐴𝑚𝑎𝑥−𝑚  -0.229 0.332 Passed 0.479 0.010 0.118 0.571 passed 0.537 0.005 

R0 -0.72 0.444 passed 0.458 0.100 1.062 0.627 passed 0.480 0.054 

𝐷𝑏𝑙𝑁𝑝1  
-0.568 0.600 failed 0.563 0.396 0.405 0.573 passed 0.510 0.205 

𝐷𝑏𝑙𝑁𝑝2  
0.412 0.577 failed 0.398 0.639 0.222 0.554 passed 0.265 0.224 

𝐷𝑏𝑙𝑁𝑝1 _𝐵 
0.840 0.393 failed 0.381 0.261 0.352 0.581 passed 0.427 0.237 

𝐷𝑏𝑙𝑁𝑝2 _𝐵 -0.643 0.610 passed 0.321 0.075 0.596 0.317 passed 0.222 0.038 

E2 

k -0.43 0.433 passed 0.240 0.004 0.484 0.579 passed 0.437 0.002 

𝐶𝑉2,𝑓,𝑔 
0.376 0.470 passed 0.477 0.002 -0.803 0.278 passed 0.496 0.001 

𝐿𝐴𝑚𝑎𝑥−𝑚  -0.293 0.442 passed 0.308 0.009 0.247 0.537 passed 0.517 0.005 

R0 -0.66 0.521 passed 0.223 0.075 0.139 0.495 passed 0.423 0.056 

𝐷𝑏𝑙𝑁𝑝1  
0.312 0.355 failed 0.408 0.311 0.105 0.395 passed 0.673 0.186 

𝐷𝑏𝑙𝑁𝑝2  
0.563 0.605 failed 0.272 0.694 0.499 0.417 passed 0.285 0.215 

𝐷𝑏𝑙𝑁𝑝1 _𝐵 
-0.594 0.589 failed 0.338 0.257 0.610 0.611 passed 0.424 0.177 

𝐷𝑏𝑙𝑁𝑝2 _𝐵 
0.529 0.480 passed 0.199 0.061        0.828 0.304 passed 0.315 0.055 

E3 

k 0.644 0.672 passed 0.220 0.004 0.019 0.447 passed 0.420 0.002 

𝐶𝑉2,𝑓,𝑔 
-0.536 0.331 failed 0.804 0.025 0.298 0.555 passed 0.270 0.010 

𝐿𝐴𝑚𝑎𝑥−𝑚  0.279 0.597 passed 0.357 0.008 0.547 0.338 passed 0.460 0.005 

R0 -0.938 0.221 passed 0.477 0.037 0.487 0.394 passed 0.522 0.023 

𝐷𝑏𝑙𝑁𝑝1  
0.012 0.513 passed 0.400 0.373 0.416 0.538 passed 0.439 0.187 

𝐷𝑏𝑙𝑁𝑝2  
0.889 0.675 failed 0.248 0.573 0.287 0.525 passed 0.372 0.180 

𝐷𝑏𝑙𝑁𝑝1 _𝐵 
0.319 0.688 passed 0.326 0.191 0.394 0.599 passed 0.401 0.231 

𝐷𝑏𝑙𝑁𝑝2 _𝐵 -0.192 0.382 passed 0.512 0.071 0.975 0.291 passed 0.407 0.041 

E4 

k -0.405 0.362 passed 0.515 0.003 0.430 0.442 passed 0.382 0.002 

𝐶𝑉2,𝑓,𝑔 0.066 0.530 failed 0.492 0.017 0.070 0.524 passed 0.393 0.010 

𝐿𝐴𝑚𝑎𝑥−𝑚  -0.650 0.312 passed 0.485 0.002 0.690 0.670 passed 0.599 0.001 

R0 -0.410 0.462 passed 0.519 0.093 0.696 0.337 passed 0.607 0.060 

𝐷𝑏𝑙𝑁𝑝1  
0.643 0.667 passed 0.460 0.273 0.052 0.490 passed 0.469 0.211 

𝐷𝑏𝑙𝑁𝑝2  
0.607 0.574 passed 0.349 0.418 0.004 0.509 passed 0.712 0.233 

𝐷𝑏𝑙𝑁𝑝1 _𝐵 
-0.415 0.472 passed 0.566 0.213 0.556 0.330 passed 0.395 0.125 

𝐷𝑏𝑙𝑁𝑝2 _𝐵 
0.934 0.761 passed 0.516 0.065 0.476 0.636 passed 0.650 0.049 
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Table 3.5. Summary statistics for highly correlated parameters by scenario (E5-E8) and 
algorithm (RWM and NUTS).  

    RWM NUTS 

  Geweke Heidel-Welch Geweke Heidel-Welch 

 Parameters z-score Pr>|z| Stationarity  p 

half-

width 

z-

score Pr>|z| Stationarity  p 
half-
width 

E5 

k -0.252 0.471 passed 0.480 0.004 0.476 0.667 passed 0.450 0.002 

𝐶𝑉2,𝑓,𝑔 
-0.180 0.366 passed 0.583 0.023 -0.200 0.299 passed 0.707 0.012 

𝐿𝐴𝑚𝑎𝑥−𝑚  -0.083 0.468 passed 0.400 0.009 0.531 0.668 passed 0.551 0.005 

R0 -0.075 0.547 passed 0.548 0.080 0.141 0.556 passed 0.560 0.060 

𝐷𝑏𝑙𝑁𝑝1  
-0.274 0.480 passed 0.367 3.006 0.465 0.605 passed 0.447 0.591 

𝐷𝑏𝑙𝑁𝑝2  
0.835 0.827 passed 0.290 3.951 0.69 0.629 passed 0.431 1.930 

𝐷𝑏𝑙𝑁𝑝1 _𝐵 
-1.084 0.579 passed 0.490 1.733 -0.031 0.493 passed 0.463 0.680 

𝐷𝑏𝑙𝑁𝑝2 _𝐵 
0.353 0.417 passed 0.706 0.515 0.227 0.572 passed 0.254 0.240 

E6 

k -0.223 0.435 passed 0.503 0.003 -0.012 0.498 passed 0.554 0.002 

𝐶𝑉2,𝑓,𝑔 
-0.407 0.428 failed 0.586 0.016 0.180 0.556 passed 0.420 0.008 

𝐿𝐴𝑚𝑎𝑥−𝑚  -0.064 0.523 passed 0.515 0.001 -0.116 0.443 passed 0.520 0.001 

R0 0.228 0.645 passed 0.505 0.079 0.250 0.509 passed 0.465 0.054 

𝐷𝑏𝑙𝑁𝑝1  
-0.054 0.460 passed 0.633 0.771 -0.505 0.325 passed 0.439 0.499 

𝐷𝑏𝑙𝑁𝑝2  
1.896 0.501 passed 0.328 3.675 0.469 0.628 passed 0.511 1.758 

𝐷𝑏𝑙𝑁𝑝1 _𝐵 
0.211 0.649 passed 0.353 0.954 0.199 0.515 passed 0.653 0.821 

𝐷𝑏𝑙𝑁𝑝2 _𝐵 
-0.675 0.542 passed 0.626 0.470 0.357 0.668 passed 0.417 0.278 

E7 

k -0.281 0.382 passed 0.599 0.003 0.184 0.552 passed 0.353 0.002 

𝐶𝑉2,𝑓,𝑔 
-0.213 0.486 failed 0.621 0.001 -0.10 0.329 failed 0.442 0.000 

𝐿𝐴𝑚𝑎𝑥−𝑚  -0.165 0.280 passed 0.597 0.001 -0.294 0.415 passed 0.522 0.001 

R0 0.462 0.511 passed 0.396 0.087 -0.381 0.368 passed 0.634 0.053 

𝐷𝑏𝑙𝑁𝑝1  
-0.197 0.496 passed 0.430 0.712 -0.033 0.443 passed 0.507 0.933 

𝐷𝑏𝑙𝑁𝑝2  
-0.050 0.666 passed 0.670 3.084 0.506 0.656 passed 0.534 1.864 

𝐷𝑏𝑙𝑁𝑝1 _𝐵 
0.846 0.435 passed 0.352 0.918 0.271 0.579 passed 0.563 0.659 

𝐷𝑏𝑙𝑁𝑝2 _𝐵 
0.125 0.435 passed 0.407 0.489 -0.777 0.302 passed 0.425 0.260 

E8 

k -0.318 0.435 passed 0.393 0.003 0.257 0.763 passed 0.516 0.002 

𝐶𝑉2,𝑓,𝑔 
-0.077 0.449 passed 0.555 0.001 -0.359 0.355 passed 0.478 0.000 

𝐿𝐴𝑚𝑎𝑥−𝑚  -0.874 0.499 passed 0.519 0.001 0.005 0.505 passed 0.517 0.001 

R0 0.017 0.349 passed 0.405 0.038 0.189 0.496 passed 0.344 0.021 

𝐷𝑏𝑙𝑁𝑝1  
-0.028 0.629 passed 0.548 0.738 -0.41 0.271 passed 0.257 0.632 

𝐷𝑏𝑙𝑁𝑝2  
0.548 0.257 passed 0.328 0.588 -0.026 0.501 passed 0.500 1.767 

𝐷𝑏𝑙𝑁𝑝1 _𝐵 
-0.287 0.434 passed 0.617 0.663 0.25 0.697 passed 0.398 0.713 

𝐷𝑏𝑙𝑁𝑝2 _𝐵 
-0.400 0.604 passed 0.280 0.438 -1.067 0.233 passed 0.516 0.307 
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Table 3.6. Credible-intervals by scenario (E1-E4), key parameter and algorithms (RWM and 
NUTS). 

    RWM  NUTS 

Scenario Parameters Mean SD 25% 97.5% Mean SD 25% 97.5% 

E1 

k 0.1 0 0.1 0.2 0.1 0 0.1 0.2 

𝐶𝑉2,𝑓,𝑔 0.1 0 0.1 0.1 0.1 0 0.1 0.1 

𝐿𝐴𝑚𝑎𝑥−𝑚  -0.2 0.1 -0.2 -0.1 -0.2 0.1 -0.2 -0.1 

R0 1.5 0.5 1.1 2.7 1.6 0.6 1.2 2.8 

𝐷𝑏𝑙𝑁𝑝1  3.9 1.5 3.2 6.2 3.9 1.5 3.1 6.1 

𝐷𝑏𝑙𝑁𝑝2  6.6 2 5.7 8.9 6.4 2.2 5 8.9 

𝐷𝑏𝑙𝑁𝑝1 _𝐵 4.9 1 4.4 6.4 5 1.1 4.5 6.5 

𝐷𝑏𝑙𝑁𝑝2 _𝐵 5.8 0.4 5.5 6.6 5.8 0.4 5.5 6.6 

E2 

k 0.1 0 0.1 0.2 0.1 0 0.1 0.2 

𝐶𝑉2,𝑓,𝑔 0.1 0.2 0 0.5 0.1 0.2 0 0.5 

𝐿𝐴𝑚𝑎𝑥−𝑚  -0.2 0.1 -0.2 -0.1 -0.2 0.1 -0.2 -0.1 

R0 1.6 0.6 1.2 2.8 1.5 0.5 1.2 2.7 

𝐷𝑏𝑙𝑁𝑝1  3.9 1.5 3.2 6.2 3.8 1.5 3.1 6.1 

𝐷𝑏𝑙𝑁𝑝2  6.3 2.2 5 8.9 6.4 2.2 5 8.9 

𝐷𝑏𝑙𝑁𝑝1 _𝐵 4.9 1.2 4.4 6.4 4.9 1.1 4.4 6.5 

𝐷𝑏𝑙𝑁𝑝2 _𝐵 5.8 0.4 5.5 6.6 5.8 0.4 5.5 6.6 

E3 

k 0.1 0 0.1 0.2 0.1 0 0.1 0.2 

𝐶𝑉2,𝑓,𝑔 0.1 0.2 0 0.5 0.1 0.2 0 0.5 

𝐿𝐴𝑚𝑎𝑥−𝑚  -0.2 0.1 -0.2 -0.1 -0.2 0.1 -0.2 -0.1 

R0 -2.3 0.2 -2.5 -1.8 -2.3 0.2 -2.5 -1.8 

𝐷𝑏𝑙𝑁𝑝1  3.8 1.6 3.1 6.2 3.8 1.5 3.1 6.1 

𝐷𝑏𝑙𝑁𝑝2  6.4 2.1 5.1 8.9 6.3 2.2 4.8 8.9 

𝐷𝑏𝑙𝑁𝑝1 _𝐵 5 0.9 4.5 6.4 5 1.1 4.5 6.5 

𝐷𝑏𝑙𝑁𝑝2 _𝐵 5.8 0.4 5.5 6.6 5.8 0.4 5.5 6.6 

E4 

k 0.2 0 0.1 0.2 0.2 0 0.1 0.2 

𝐶𝑉2,𝑓,𝑔 0 0.1 -0.1 0.3 0 0.1 -0.1 0.3 

𝐿𝐴𝑚𝑎𝑥−𝑚  -0.1 0 -0.1 -0.1 -0.1 0 -0.1 -0.1 

R0 1.6 0.5 1.2 2.8 1.6 0.5 1.2 2.8 

𝐷𝑏𝑙𝑁𝑝1  3.8 1.5 3.1 6.1 3.7 1.6 3 6.1 

𝐷𝑏𝑙𝑁𝑝2  6.4 2.2 4.9 8.9 6.2 2.3 4.6 8.9 

𝐷𝑏𝑙𝑁𝑝1 _𝐵 4.9 1.1 4.4 6.4 5 1 4.5 6.4 

𝐷𝑏𝑙𝑁𝑝2 _𝐵 5.7 0.4 5.5 6.5 5.7 0.4 5.5 6.5 
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Table 3.7. Credible-intervals by scenario (E5-E8), key parameter and algorithms (RWM and 
NUTS).  

    RWM NUTS 

Scenarios Parameters Mean SD 25% 97.5% Mean SD 25% 97.5% 

E5 

k 0.1 0 0.1 0.2 0.1 0 0.1 0.2 

𝐶𝑉2,𝑓,𝑔 0.2 0.2 0 0.5 0.2 0.2 0 0.5 

𝐿𝐴𝑚𝑎𝑥−𝑚  -0.2 0.1 -0.2 -0.1 -0.2 0.1 -0.2 -0.1 

R0 1.6 0.6 1.2 2.7 1.6 0.5 1.2 2.7 

𝐷𝑏𝑙𝑁𝑝1  12 7.7 7.4 28.7 11.8 6.1 7.5 26.5 

𝐷𝑏𝑙𝑁𝑝2  54.2 22.6 36.5 88.5 54 22.4 36.6 88.3 

𝐷𝑏𝑙𝑁𝑝1 _𝐵 15.5 6.9 10.8 30.8 15.5 6.8 10.7 31.3 

𝐷𝑏𝑙𝑁𝑝2_𝐵  19.8 4 17 28.7 19.8 4 17.1 28.5 

E6 

k 0.2 0 0.1 0.2 0.2 0 0.1 0.2 

𝐶𝑉2,𝑓,𝑔 0 0.1 -0.1 0.3 0 0.1 -0.1 0.3 

𝐿𝐴𝑚𝑎𝑥−𝑚  -0.1 0 -0.1 -0.1 -0.1 0 -0.1 -0.1 

R0 1.6 0.5 1.2 2.7 1.6 0.6 1.2 2.8 

𝐷𝑏𝑙𝑁𝑝1  11.4 6.2 7.1 26 11.4 5.9 7.3 25.3 

𝐷𝑏𝑙𝑁𝑝2  54.9 22.7 37.7 88.5 54.1 22.7 37.3 88.5 

𝐷𝑏𝑙𝑁𝑝1 _𝐵 15.6 6 11.3 29.3 15.7 6.9 11.1 31.2 

𝐷𝑏𝑙𝑁𝑝2 _𝐵 19.1 3.8 16.5 27.3 19.2 3.9 16.5 27.7 

E7 

k 0.2 0 0.1 0.2 0.2 0 0.1 0.2 

𝐶𝑉2,𝑓,𝑔 0.1 0 0.1 0.1 0.1 0 0.1 0.1 

𝐿𝐴𝑚𝑎𝑥−𝑚  -0.1 0 -0.1 -0.1 -0.1 0 -0.1 -0.1 

R0 1.6 0.5 1.2 2.8 1.6 0.5 1.2 2.8 

𝐷𝑏𝑙𝑁𝑝1  11.4 5.9 7.1 25.5 11.9 6.7 7.5 27.7 

𝐷𝑏𝑙𝑁𝑝2  55.4 22.4 38.4 88.5 54.1 22.4 37.3 88.4 

𝐷𝑏𝑙𝑁𝑝1 _𝐵 15.5 6.1 11 29.6 15.3 6.4 10.9 29.6 

𝐷𝑏𝑙𝑁𝑝2 _𝐵 19.3 4 16.5 28.1 19.3 4 16.6 28.1 

E8 

k 0.2 0 0.1 0.2 0.2 0 0.1 0.2 

𝐶𝑉2,𝑓,𝑔 0.1 0 0.1 0.1 0.1 0 0.1 0.1 

𝐿𝐴𝑚𝑎𝑥−𝑚  -0.1 0 -0.1 -0.1 -0.1 0 -0.1 -0.1 

R0 -2.3 0.2 -2.5 -1.8 -2.3 0.2 -2.5 -1.7 

𝐷𝑏𝑙𝑁𝑝1  12.8 8.5 7.6 40.1 11.5 6.3 7.2 26.2 

𝐷𝑏𝑙𝑁𝑝2  55.2 22.2 38.2 88.4 53.9 22.5 36.6 88.3 

𝐷𝑏𝑙𝑁𝑝1 _𝐵 15.3 6.1 10.9 28.9 15.4 6.4 10.9 30.1 

𝐷𝑏𝑙𝑁𝑝2 _𝐵 19.4 4.4 16.5 29.9 19.3 4.1 16.5 28.1 
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CHAPTER 4 

 

Quantifying the risk associated with setting single- 

or multi-year total allowable catches using 

Management Strategy Evaluation 

 
 

4.1. Abstract 

Many fishery management bodies undertake annual fish stock assessments and set TACs 

(“single-year TACs”, SYTACs) according to agreed harvest control rules (HCRs). However, 

annual assessments are expensive and time consuming. One response to this is the use of 

“multi-year TACs” (MYTACs) that implicitly assume there is minimal risk to the stock from 

moving from SYTACs to MYTACs. There is currently no formal analysis to support this 

assumption for Australian fisheries. This study used Management Strategy Evaluation based 

on the Australian Southern and Eastern Scalefish and Shark Fishery (SESSF) to investigate, i) 

the biological and economic implications of setting SYTACs compared with setting  MYTACs 

(every 3, 5 and 8 years) and ii) options for how to set the TACs for years when assessments 

are not conducted.  The analyses were based on four SESSF species (school whiting, silver 

warehou, tiger flathead and jackass morwong) with different life histories and different 

dynamics. We found that SYTACs are more appropriate for short-lived stocks, while MYTACs 

can be applied to longer-lived stocks with minimal risk to the stock and minimal economic 

losses to industry. The results from this study are applicable to the assessment and management 

of these example stocks.  

 

Keywork: single-year TAC, multi-year TAC, fisheries, management and SESSF, Harvest 

Control Rule.  
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4.2. Introduction 

     One of the main management requirements for output-controlled fisheries is to determine a 

sustainable total allowable catch (TAC). TACs have been in existence as an instrument for 

fisheries management around the world for at least four decades (Karagiannakos 1996, 

Orebech et al. 1998). The purpose of setting TACs is ostensibly to control the level of fishing 

mortality to accomplish the desired objective, although this objective is rarely stated explicitly 

at the time the TAC is set (Karagiannakos 1996, Orebech et al. 1998).  

     Annual TACS (or single-year TACs, SYTACs) are often set using a harvest control rule 

(HCR) that provides a link between estimated stock status, through an assessment of some 

form, and the consequent TAC. Adoption of multi-year TACs (MYTAC) usually involves a 

formal quantitative assessment on some multi-year cycle, with no assessment conducted in 

intervening years. In these intervening years, a rule is required to determine how TACs are set 

in future years when there is no quantitative update to the estimate of stock status. In addition, 

in the intervening years there may still be analyses required that determine whether the stock 

has broken the assumptions that existed when the last quantitative assessment was conducted. 

These are termed break-out rules or meta-rules and can have simple empirical HCRs attached 

to them (Tuck 2018).   

     In Europe, around 80% of the TACs proposed by the European commission for 2017 used 

SYTACs, in New Zealand more than 58% of target fish stocks (99 stocks) used single year-

TACs for 2017 (Fisheries New Zealand, 2017), in South Africa 52 fisheries assessed are 

managed either through total allowable catches (TACs) using single year-TACs (Department 

of Agriculture, Forestry and Fisheries, 2016), in Chile around 88% of fish stocks (43 fisheries) 

use single-year TACs (Subsecretaria de Pesca y Acuicultura, 2018) and finally in Australia 

68% of the fisheries (95 stocks) use single-year TACs (as recommended by Australian 

Fisheries Management Authority (AFMA) and different Resource Assessment Groups). 

Annual full quantitative stock assessments to allow single-year TAC setting are expensive and 

time consuming. Currently new management procedures are allowed for TAC 

recommendations, “MYTACs”, in some of those fisheries where these can be implemented, 

based on perceived minimal risk from moving from SYTACs to MYTACs. There is very little 

literature regarding applications of multi-year TACs in other countries.   

     In Australian Commonwealth fisheries, between 2009 and 2017 TAC setting largely moved 

to a multi-year TAC recommendation for 24 species (such as tiger flathead, eastern redfish, 

deep-water shark, jackass morwong and eastern gemfish), with substantial consequences for 
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scheduling and review of stock assessments.  The Commission for the Conservation of 

Southern Bluefin Tuna (CCSBT) and Extended Scientific Committee (ESC) and Extended 

Commission (EC) also agreed to set global multi-year TACs for 2018- 2020.    

     In New Zealand, according to the new management procedures (Multi-annual plan, 2019), 

TACs are set every two years for deep-water fish stocks (i.e. hoki, hake, pink ling, southern 

blue whiting, jack mackerel and oreo fisheries). The Pacific Fishery Management Council 

allows multi-years TACs, with assessments done in year y, and acceptable biological catches 

(ABCs) are forecast for years y+1 and y+2. The Council then selects the TACs for years y+1 

and y+2, usually based on an Allowable Catch Limit (ACL) control rule (Haddon et al. 2013). 

In many jurisdictions, the duration of the MYTACs is dependent on the status of the stock (i.e. 

very depleted (single-year TACs) and near target or not depleted (MYTACs every three years). 

The main reason for adopting multi-year TACs is that full quantitative stock assessments are 

expensive, time consuming and limited. However, no formal simulation testing of this strategy 

has been published. 

     In general, multi-year TACs should include a level of reduced catch to balance the increased 

risk which is associated with less frequent review and modification. There are greater risks of 

unexpected stock depletion whenever the multi-year TACs are set too high. There is also a 

potential loss of yield if good recruitment occurs but is not immediately identified through 

annual assessments (although potential losses through natural mortality may be offset by 

potential gains through growth of fish left in the water for longer, this balance will vary among 

species). Over a relatively short period, fish species have declined rapidly, for instance 

deepwater flathead in southern Australia (Klaer, 2010) and school whiting in the SESSF (Day, 

2013). One concern with MYTACs is that the HCRs for various species have been MSE tested 

assuming an annual assessment is conducted, yet MYTACs have been implemented in the 

SESSF by simply extending SYTACS without considering the potential increase in risk 

associated with decreased assessment frequency. Another concern is the scheduling of 

assessments and inter-annual distribution of data analysis and assessment workload as a result 

of implementing MYTACs. Finally, while the move to MYTACs for key SESSF species has 

reduced the number of assessments undertaken each year, the complexity of assessment models 

for key species has increased (Dichmont et al. 2016). In addition, there has been little 

consideration of the ecological and economic effects of replacing single year-TACs with multi-

year TACs.  
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     This study, evaluates i) the biological and economic implications of setting annual TACs 

compared with setting multi-year TACs and ii) option for setting the TACs in non-assessment 

years. 

     The results from this study provide direct benefits to management and industry, due to 

improved TAC recommendation procedures. The formal testing of the harvest strategy 

framework provides all stakeholders with confidence that the fishery is being managed in 

accordance with agreed sustainability objectives.  

 

4.3. Materials and methods  

 

     TAC scenarios examined are either set every year (SYTACs) or over multiple years (multi-

year TACS; MYTACs) where TACs are set periodically (e.g. every 3, 5 or 8 years). TAC 

setting scenarios are considered for four stocks with different life history and ex ploitation 

characteristics, and are based on four SESSF stocks. The four stocks examined are: school 

whiting, silver warehou, eastern jackass morwong and tiger flathead. School whiting (Sillago 

flindersi) is a short-lived highly productive species, silver warehou (Seriolella punctata) has 

high recruitment variability, jackass morwong (Nemadactylus macropterus) is medium-lived 

with decadal variation in stock-recruitment and higher risk of depletion in the last three years, 

and tiger flathead has had relatively stable population dynamics. The biological characteristics 

of these stocks are shown in Table 4.1.  
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Table 4.1. Biological parameters and data available of the four species-type used in MSE. 

Parameter School whiting Silver warehou Jackass morwong Tiger flathead 

maximum age 6 23 30 20 

growth parameters female male female  male female  male female male 

𝐿∞ cm  25.01 51.2 34.2 114.8 91.52 

k 0.25 0.301 0.2 0.172 0.28 

𝑡𝑜 -1.42 -0.71 -1.171 -1.14 

natural mortality, M 0.51 0.3 0.15 0.22 

steepness, h 0.75 0.75 0.7 0.67 

recruitment variability 0.35 0.7 0.4 0.35 

length-weight parameters                 

a 0.0000132 0.0000065 0.000017 0.00000588 

b 2.93 3.27 3.031 3.31 

Maturity parameters     

Size-at-50% Maturity 16cm 37cm 24.5cm 30cm 

Slope of maturity ogive -2.0 𝑐𝑚−1 -3.0 𝑐𝑚−1 -1.0 𝑐𝑚−1 -0.25 𝑐𝑚−1 

Selectivity patterns      Logistic   Logistic Logistic Logistic 

Fleets      1 trawl  

    2 Danish seine 

2 trawls          2 trawls 

     1 Danish seine 

         3 trawls 

       1 Danish seine 

Data and assessment 

characteristics 

                

Catch 1947-2008 1980-2017 1915-2014 1915-2008 

CPUE 1947-2008 

CV: 0.176,0.18 

1980-2017 

CV:0.16,0.17 

1915-2014 

CV:0.1,0.15 

1915-2008  

CV: 0.5,0.2,0.05,0.4 

Length and age comps 

(retained and discard) 

yes yes yes Yes 

Discard rate yes yes yes Yes 

Fleets 3 2 3 4 

Discard yes yes yes yes 

Aging error matrix yes yes yes yes 

Recruitment deviations 1981-2013 1980-2014 1945-2011 1915-2005 

Regime shift no no yes no 
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4.3.1. Management strategy evaluation 
 

     Biological and management scenarios were evaluated in terms of management objectives 

using the SESSF Management Strategy Evaluation (MSE) tool (Wayte et al. 2010). The MSE 

has two main components: (i) an operating model that represents the ‘true state’ of the 

population, and ii) a set of management strategies, which are combinations of the assessment 

method used to assess the population, the HCR used to determine TACs (Fig 4.1), and rules 

for how often the TACs are updated.   

 

 
Figure 4.1. The 20-35-48 rule (BLim=B20 [20% of unfished spawning biomass], FTarg=F48 [the 
fishing mortality rate at which spawning biomass is reduced to 48% of the unfished level  and 

the breakpoint in the HCR occurs at Btarg=B35), adapted from Smith et al. (2008).  

 

The steps involved in the MSE approach are described in Figure 4.2. 
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Figure 4.2. Management strategy evaluation (MSE) procedure (adapted from Wayte et al. 2009, 
2010).  

4.3.2. Operating model  

 

     The operating model consist of a single-species, age-structured population dynamics model, 

a data-generation model, and a management strategy component that conducts an assessment 

(with an estimation model) and applies the HCR to provide the TAC (Fig. 4.2). The technical 

specifications of the SESSF operating and estimation models are given in appendix 4.6.2 based 

on Fay et al. (2009). The operating model is largely based on the population dynamics used in 

the software package Stock Synthesis (SS-V3.24f; Methot 2011, Methot and Wetzel, 2013). 

The structural assumptions and population dynamics used to parameterize the operating model 

are based on four species with different dynamics and life histories, i) School whiting (Day 

2018), ii) silver warehou (Burch et al. 2018), iii) eastern jackass morwong (Day et al. 2018) 

and iv) tiger flathead (Day et al. 2013). 

The operating model was projected for 40 years into the future with assessments run either 

every year, or periodically (e.g. at intervals such as every 3, 5 or 8 years).  The simulated data 
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“sampled” from the operating model represent typical data that would be collected from the 

fishery. The entire process is repeated 100 times for each TAC scenario from the operating 

model to allow the quantification of uncertainty.  

     For the simulation testing, the historical catch and historical recruitment deviation time 

series were set to the catch and estimated recruitment time series from Day (2018) for school 

whiting, from Burch et al. (2018) for silver warehou, from Day et al. (2018) for jackass 

morwong and Day et al. (2013) for tiger flathead. Standardized catch rates are available for all 

species by fleet, with separate logistic length selectivity ogives estimated for each fleet for each 

of the four species. The two selectivity function parameters are estimated within the assessment 

for each fleet and species. Retention is modelled as a logistic function of length for all species 

and is estimated for all fleets with discard information. The parameters of the von Bertalanffy 

growth function are estimated within the model, with no gender-based differences in growth 

or natural mortality for each species. The parameters estimated by the estimation model 

include: growth parameters, virgin recruitment, recruitment deviations, and the selectivity and 

retention parameters for each fleet. The data used in the assessment are described in Table 4.1. 

 

4.3.3. Estimation model and TAC setting scenarios considered  

 

     The initial conditions for TAC scenarios (Table 4.2) and each species for the estimation 

model are based on existing stock assessments for school whiting, silver warehou, jackass 

morwong and tiger flathead (Day 2018, Burch et al. 2018, Day et al. 2018 and Day et al. 2013). 

The parameters estimated in the estimation model include: growth parameters, average 

recruitment at unfished equilibrium, recruitment deviations, and the selectivity and retention 

parameters for each fleet. The natural mortality and stock recruitment curve steepness 

parameters were assumed to be known without error, when calculating TAC in the estimation 

models. 

     One hundred simulations were conducted for each scenario, with differences between 

simulations due to both the observation error in the generated data (sampled from the opera ting 

model, including re-sampling the historical data prior to the projection period) and the process 

error in the population dynamics (future recruitment deviations).  

    The eight TAC setting scenarios are based on the frequency of setting the TAC and the 

methods of projecting MYTACs set to a constant TAC, equal to the average of the projection 

period (average), or to set the TAC values for each individual future projection year (annual) 

as specified by the harvest control rule. 
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Table 4.2. MSE scenarios by assessment frequency and methods of projecting multi-year TACs 
or to set the TAC values for each future projection year (annual). 
 

Scenario Assessment 
Frequency (year) 

TAC projection 

S1 1 average 

S2 1 annual 

S3 3 average 

S4 3 annual 

S5 5 average 

S6 5 annual 

S7 8 average 

S8 8 annual 

 

 

4.3.4. Performance measures 

 

    The alternative management strategies were evaluated by examining time series trajectories 

of quantities of interest and some standard performance statistics, chosen to be indicative of 

what the management strategies are intending to achieve (Knuckey et al. 2008). The 

performance statistics used in the MSE are: 

1. Median over simulation replicates of the spawning biomass, as a percentage of virgin 

spawning biomass, after the last year of the projection period, where the variation in 

spawning biomass between replicates arises through the random selection of different 

future recruitment deviations for each replicate, from the last estimated recruitment 

onwards, which in turn are constrained by the value of 𝜎𝑅  chosen. 

2. Median over simulation replicates of  the annual average variation (AAV) in catch: 

percentage of average interannual absolute change in catch (%AAV) over the 

projection period  

%𝐴𝐴𝑉 = 100
∑ |𝐶𝑡− 𝐶𝑡−1|
𝑦𝑓
𝑡=𝑦2

∑ 𝐶𝑡
𝑦𝑓
𝑡=𝑦1

 

 

where 𝑦1, 𝑦2 and 𝑦𝑓 are the first, second and final years of the projection period 

respectively, and 𝐶𝑡 is the catch during year t. 

3. Median over all simulation replicates of  the average annual catch over the projection 

period. 

4. Percentage risk – the percentage of years and simulation replicates that spawning 

biomass is less than SSB20 (20% of virgin spawning biomass). 
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4.4. Results 

 

     The population trajectories for the projection period show slight differences in the relative 

biomass when a single year TAC (SYTAC) is applied compared to a multi-year TAC 

(MYTAC) for all species except for tiger flathead (Figure. 4.3). Differences in the results are 

minimal when comparing the annual and average multi-year TACs projections (Figures. 4.3 

and 4.4) 

     For school whiting, the stock approaches the target levels quickly using either SYTACs (S1, 

red) or MYTACs (S3, S5 and S7) compared with the other three species. Silver warehou also 

stabilises close to the target levels, although taking longer than school whiting to approach the 

target (at least 20 years into the projection period), with the relative biomass lower under 

MYTAC compared with SYTAC. For tiger flathead, the relative biomass stabilises close to the 

target after ten years of projection. However, there are no apparent differences in the relative 

biomass under SYTAC or MYTACs for tiger flathead (Figures. 4.3 and 4.4, bottom left). In 

contrast, for jackass morwong the relative biomass fails to reach the target levels even after 40 

years for any of the eight scenarios (Figures. 4.3 and 4.4, bottom right). In addition, the relative 

biomass shows clear differences under SYTAC and MYTACs, with further differences also 

apparent for different MYTAC periods (Figures. 4.3 and 4.4, bottom right).   
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Figure 4.3. Time-trajectories (median, and 2.5 and 97.5 percentiles over 100 simulations) of 
relative stock biomass by scenario and species, using the average TAC for the MYTAC 
scenarios. The horizontal green line shows the target stock status and grey line is limit reference 

point. 
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Figure 4.4. Time-trajectories (median, and 2.5 and 97.5 percentiles over 100 simulations) of 
relative stock biomass by scenario and species, using the annual TAC for the MYTAC 
scenarios. The horizontal green line shows the target stock status and grey line is limit reference 

point. 
 

 
4.4.1. Comparison of SYTAC with MYTACs    

 

     The performance statistics show that all performance measures are modified by using 

MYTACs rather than SYTACs, but often the differences were very small (Figure. 4.5). The 

results show that i) there is an increased risk to the stock (probability of falling below 20% 

SSB0) using MYTACs compared with SYTAC for all species and ii) using MYTACs produces 

lower inter-annual variation in catches for all the species compared with SYTAC. 

     The probability of falling below 20% SSB0 increases as the assessment interval for 

MYTACs increases for three of the four species studied (Figure. 4.5). This pattern is observed 
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for both average and annual projected TACs when applying MYTACs. Although the median 

probability of falling below 20% SSB0 in both cases (average or annual) is very low, this 

increases from 0.005 (SYTAC) to 0.009 (5 and 8 year MYTAC) when using MYTACs for 

short-lived species such as school whiting (Figure 4.5, Tables 4.3, 4.4). The probability of 

falling below 20% SSB0 is greater for silver warehou than the other three species, as is the 

change in this probability with increases in the length of the MYTAC. Silver warehou starts 

the projection period close to 20% SSB0 and has high recruitment variability, and the 

probability of falling below 20% SSB0 increases from a median of 0.049 (SYTAC) to 0.07-

0.098 (3, 8 year MYTACs), with a greater range of probability values obtained from the 100 

simulations as the MYTAC period increases (Figure. 4.5 and Tables 4.3, 4.4). However, the 

projected probability of tiger flathead falling below the limit reference point is zero under either 

SYTAC or MYTACs (Figure 4.5 and Table 4.3) using either the average or annual TAC 

method. This may be due to the projection period starting with stock status close to the target. 

For jackass morwong, the probability of falling below 20% SSB0 increases very slightly from 

0.049 (using average TAC)-0.048 (annual TAC) single-year TAC to 0.05 (using average 

TAC)-0.049 (annual TAC) multi-year TAC (Figure 4.5 and Table 4.3,4.4). In addition, the 

number of outliers and the range of values for the probability of falling below 20% SSB0 both 

increase when the MYTAC period increases for school whiting, silver warehou and jackass 

morwong (Figure 4.5). 
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Figure 4.5. The probability of falling below the limit reference point P(SSB0<B20)  by species, 
where the TACS are set annually (SYTAC), or every 3, 5 and 8 years (MYTACs), with 
MYTACs set using either annual (red) or average (blue) projected values between assessment 
cycles.   

 
     The median of the final stock status shows that school whiting fell slightly from 0.49 using 

a SYTAC to 0.048 with an 8 year MYTAC, using either the average or annual method of TAC 

projection (Figure. 4.6 and Table 4.3). The final stock status for silver warehou (which features 

higher recruitment variability) shows no impact of using SYTAC or MYTAC (Figure 4.6, 

green boxplots) using the average method of TAC projection. However, when the annual 

method for MYTAC projections is applied (Figure 4.6, red boxplots) there is a minor decrease 

from 0.455 to 0.449 under MYTACs (Figure 4.6, Table 4.4). The final stock status of tiger 

flathead is close to the target for all scenarios considered, suggesting that this species shows 

considerable stability, regardless of MYTAC period, with very little risk of falling below 20% 
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SSB0 (Figure 4.6, Tables 4.3, 4.4). The final status for jackass morwong using the average or 

annual method of TAC projection (Figure 4.6) shows a decrease in final stock status when 

applying a SYTAC from 0.416-0.405 (average-annual respectively) to 0.389-0.377 (average - 

annual respectively) for MYTACs (Figure 4.6 and Tables 4.3, 4.4). 

 

 

 
Figure 4.6. Final stock status by species, where the TACS are set annually (SYTAC), or every 
3, 5 and 8 year (MYTACs), with MYTACs set using either annual (red) or average (blue) 

projected values between assessment cycles. The horizontal lines show the target (green line) 
and limit (red line) relative depletions. 
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     The average catch performance metric using the average or annual method of TAC 

projection shows that average catches drop slightly without significant change under MYTACs 

for school whiting, silver warehou and tiger flathead (Figure 4.7, Table 4.3). However, average 

catches using the average or annual method show a small drop for jackass morwong from 0.33 

SYTAC to 0.316 (average)-0.319 (annual) MYTAC (Figure 4.7, Table 4.3), with a greater 

change in average catch evident for jackass morwong than for the other species. The catch 

variability performance metric shows that the variability of the catches decreases sharply from 

SYTAC to MYTACs for all species, using both the average and the annual TAC setting 

method, but with higher catch variability for the annual method compared to the average 

method (Figure 4.8, Tables 4.3, 4.4).  

     For school whiting, the variability decreases from 20% for a SYTAC to 6.2%, 2.8% and 

1.26% (3, 5 and 8 years MYTACs respectively), with greater variability around the median for 

SYTACS than for MYTACs (Figure 8, Table 4.3, 4.4). Similarly, for silver warehou, the catch 

variability decreases from 16.6-16.9% (average-annual method of TAC projection) for a 

SYTAC to 3.3-5.8% (average-annual method of TAC projection) under MYTACs (Figure 4.8, 

Tables 4.3, 4.4). The variability of the catches for flathead decreases when using the average 

method of TAC projection from 3.42% (SYTAC) to 2.5, 1.6 and 0.44% (MYTAC) compared 

with the annual method of TAC projection which decrease from 3.26% (SYTAC) to 3.01, 2.11 

and 1.77% for MYTAC (Figure 4.8, Tables 4.3, 4.4). Catch variability for jackass morwong 

varies between the average and annual methods, with lower catch variability using the average 

method, decreasing from 2.3 (SYTAC) to 2%, 1.3% and 1% (MYTAC), compared to a catch 

variability decrease from 4.2% (SYTAC) to 2.3% multi-year TAC using the annual method 

(Figure 4.8, Tables 4.3, 4.4). This pattern is repeated across the other three species (school 

whiting, jackass morwong and tiger flathead).      
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Figure 4.7. Average catch (1000s of tonnes) by species, where the TACS are set annually 
(SYTAC), or every 3, 5 and 8 year (MYTACs), with MYTACs set using either annual (red) or 
average (blue) projected values between assessment cycles. 
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Figure 4.8. Catch variability (AAV%) by species, where the TACs are set annually (SYTAC), 
or every 3, 5 and 8 year (MYTACs), with MYTACs set using either annual (red) or average 

(blue) projected values between assessment cycles. 
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Table 4.3. Performances measures (probability of falling below 20% SSB0, final spawning 
biomass relative to unfished spawning biomass, average catch, and catch variation (AAV)) 
using projected average TACs by species and the five scenarios, using average projected 

values.   

Scenario P<LRP Final Status Average Catch AAV 

a) School whiting 

S1 0.005 0.490 0.66 20.12 

S3 0.006 0.498 0.66 6.026 

S5 0.009 0.476 0.655 2.809 

S7 0.009 0.475 0.653 1.261 

b) Silver warehou 

S1 0.049 0.457 1.354 16.686 

S3 0.064 0.455 1.349 6.148 

S5 0.074 0.454 1.348 4.298 

S7 0.098 0.454 1.344 3.300 

c) Tiger flathead 

S1 0.0 0.481 2.100 3.425 

S3 0.0 0.481 1.988 2.504 

S5 0.0 0.483 1.997 1.676 

S7 0.0 0.485 1.985 0.442 

c) Jackass morwong 

S1 0.049 0.416 0.333 2.330 

S3 0.049 0.392 0.325 2.062 

S5 0.050 0.387 0.321 1.317 

S7 0.051 0.389 0.316 1.085 

 

Table 4.4. Performance measures (probability of falling below 20% SSB0, final spawning 
biomass relative to unfished spawning biomass, average catch, and catch variation (AAV)) 
using projected annual TACs by species and the five scenarios, using annual projected values.   

Scenario   P<LRP Final Status Average Catch AAV 

a) School whiting         

S2 0.005 0.49 0.657 20.120 

S4 0.006 0.507 0.654 11.200 

S6 0.009 0.476 0.655 7.615 

S8 0.010 0.477 0.653 5.770 

b) Silver warehou     

S2 0.021 0.455 1.354 16.964 

S4 0.040 0.451 1.349 11.855 

S6 0.077 0.445 1.349 8.383 

S8 0.076 0.449 1.348 5.861 

c) Tiger flathead     

S2 0.0 0.486 2.099 3.269 

S4 0.0 0.481 1.986 3.019 

S6 0.0 0.481 1.985 2.115 

S8 0.0 0.482 1.980 1.776 

c) Jackass morwong     

S2 0.048 0.405 0.335 4.206 

S4 0.049 0.396 0.323 3.616 

S6 0.049 0.380 0.320 2.415 

S8 0.049 0.377 0.319 2.373 
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4.5. Discussion and Conclusions 

 

     One of the main management requirements for output-controlled fisheries is to determine a 

sustainable total allowable catch (TAC). The formal testing of setting a single-year TAC or 

multi-year TACs is fundamental so that all stakeholders have confidence that the fishery is 

being managed in accordance with agreed sustainability objectives. This study, using a 

simulation approach (MSE) and the standard harvest control rule from the Southern and 

Eastern Scalefish and Shark Fishery, reveals that the application of multi-year TACs instead 

of assessing a stock every year and setting TACs after each assessment, can affect a number of 

performance measures, such as the probability of the stock falling below 20% of virgin 

spawning biomass or the overall catch levels in all species from study (school whiting, silver 

warehou, jackass morwong and tiger flathead). 

     Our results suggest that short-lived species or those with high recruitment variability are 

most vulnerable to breaching thresholds (e.g. a limit reference point like SSB20). However, it 

would be useful to test a broader range of species to confirm these results . In contrast, the 

results suggest that species with more stable population dynamics, such as tiger flathead are 

not affected by increasing the assessment interval for MYTACs. This could be due to either 

the biomass starting closer to the target at the start of the projection period, compared to other 

species or because recruitment is less variable, or possibly a combination of both factors. 

Although the probability of falling below the limit reference point is very low for some species, 

this may reflect some optimistic assumptions about the level of certainty adopted in the 

simulations. Notably, the estimation models were assumed to have perfect knowledge of 

natural mortality and stock-recruitment steepness. The uncertainty in these parameters has been 

understated, and this forms the basis for further exploration in chapter 5. The probabilities 

would be expected to increase if additional sources of variability were introduced (e.g. 

including non-stationarity in various parameters) such as might be realized through 

anthropogenic or environmental variability (e.g. due to climate variability (i.e. decadal and 

shorter variability on recruitment as regime shifts) and trophic relationship changes (Mohn et 

al. 1996, Chavez et al. 2003, Gascoigne et al. 2004, Schirripa et al. 2006, Ottersen et al. 2006, 

Benoît et al. 2008, Drinkwater et al. 2010, Brander 2010, Barange et al. 2014, Swain et al. 

2015, Holsman et al. 2016,  Ramírez et al. 2017, Costello et al. 2020).   

     For jackass morwong, which has a productivity shift, the results suggest very little change 

in the probability of falling below critical thresholds between SYTAC and MYTAC. However, 

the final stock status performance shows a considerable reduction under MYTAC for jackass 
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morwong. From a management perspective, the consequences of high recruitment variability 

must be considered and evaluated. There are many species that are either short-lived or with 

highly variable recruitment or environmental drivers affecting the population dynamics 

(McFarlane et al. 2000, Jacobson et al. 2001, Petitgas et al. 2001, Bakun et al. 2003, Edwards 

et al. 2004, A’mar et al. 2009, Van Beveren et al. 2016, Piroddi et al. 2017, Pennino et al. 2020, 

Ramirez et al. 2021).  In some cases, different stocks of the same species can be assessed as 

separate stocks yet managed as a single combined stock. For example, the eastern and western 

stocks of jackass morwong are assessed as separate stocks, but are managed under a single 

combined TAC in the SESSF (AFMA, 2019). Grouping different stocks under single 

assessments and harvest strategies inevitably can cause greater uncertainty, especially if there 

may be different productivity and stock status for each stock. In this context, adopting 

MYTACs may increase the final stock status uncertainty. 

     In terms of the average catch performance, multi-year TACs perform worse than a single-

year TAC, as the average catch produced is slightly lower compared with single-year TACs in 

all four species, with the largest decrease for jackass morwong. Multi-year TACs perform 

better with respect to reducing catch variability. However, this could be misunderstood in a 

management context, as this catch variability is automatically reduced when applying 

MYTACs since the catches remain constant for the period of the MYTAC (3, 5 or 8 years). 

Under this context, improved catch variability performance is confounded with MYTAC 

period and not as useful as a stand-alone metric for management where MYTACs are applied. 

This suggests it may be better to evaluate an alternative performance statistic to give a more 

representative measure of catch variability for MYTACs. 

     While there are some fisheries which apply a regular annual cycle of stock assessment and 

adjust the TAC in response to stock status or recruitment levels, these are surprisingly rare. 

There are numerous examples of fisheries, particularly in New Zealand, Australia and Canada 

where TACs have been modified in response to either a crisis in the fishery or as a one-off 

adjustment (Fletcher, 1995). However, there is no information about how the biological 

responses may affect the decision to move from single-year TACs to multi-year TACs. The 

closest analysis is ecological risk analysis (Fletcher 2005, Peterson et al. 2010, Knuckey et al. 

2017). Very few studies have been published testing the robustness of fisheries to the 

application of multi-year TACs. Smith et al. (2014) suggest the use of multi-year TACs in the 

implementation of harvest strategies in Australia. However, they also suggest that multi-year 

TACs should require a “discount” of some level of catch to balance the increased risk related 

to less frequent review and adjustment, something which is not done in the SESSF. It is unclear 
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what level of discounting is appropriate or how such a discount should be calculated. Knuckey 

et al. (2017) presented a consideration of the potential trade-offs in risk and information 

availability that could arise as a result of reducing data collection, data analysis and assessment 

frequency. The authors suggest that risk is positively correlated with the costs of fisheries 

services. This correlation could have greater impacts for species with short life-span and high 

variability in recruitment if managers move from a single-year TAC to MYTACs. However, 

these studies have not been subject to formal management strategy evaluation. 

     In terms of management procedures, stakeholders determined to apply multi-year TACs 

need to consider biological factors and economics, and additional guidance is required for how 

and when to best set multi-year TACs. We suggest that if some stocks have unacceptable 

ecological risk, low stock status, high variability in the catches or lower recruitment levels, 

then this could compromise the sustainability of the stock. Before applying MYTACs, the 

following points should be considered, i) Projections at various catch levels and over various 

time periods should be used to evaluate the level of MYTACs which are acceptable over 

various time periods for data-rich fisheries for which projections can be produced. (i.e. what 

level of catch is ‘safe’ over 2, 3 or 5 years), ii) we recommend a re-evaluation of the use of 

multi-year TACs and the risk that this entails. iii) if the rules associated with applying a 

MYTAC include a discount to the TAC. These three objectives can be achieved by conducting 

a full quantitative MSE to ensure that the increased risks of adopting this approach are 

acceptable.  

     This study provides evidence of the biological risk of setting multi-year TACs for three of 

the four species and we suggest that additional simulation testing work may be required to test 

the risk of using MYTACs under an even broader range of life histories, especially for 

additional species that have had changes to environmental conditions or productivity  to confirm 

the results obtained here from jackass morwong. In this context, fisheries management 

necessitates a thorough scientific understanding of the biology, ecology and behaviour of the 

exploited stock to guarantee that stocks are at a sustainable level of production and at low risk 

of overfishing before MYTACs are implemented. 
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 4.6. Appendix  

4.6.1: Comparison of MSE output and the most recent SESSF stock assessment 
School whiting           

 
 

 
 
 

 
 
 
 

 
 
 
 

 
 
 
 

 
 
 
 

 
 
 
 

 
 
 
 

 
 

 
 

 
 
Figure 4.9. MSE output (left panel) versus stock assessment of school whiting (right panel; 
Day (2018)).  
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Silver warehou 

 

 

 

 
Figure 4.10. MSE output (left panel) versus stock assessment of silver warehou (right panel; 
Burch et al. 2018). 
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Jackass morwong 

 

 

 

 

 
Figure 4.11. MSE output (left panel) versus stock assessment of jackass morwong (right panel; 
Wayte 2014).  
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Tiger flathead 

               

 

                

 
Figure 4.12. MSE output (left panel) versus stock assessment of tiger flathead (right panel; 
Klaer 2009).  
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4.6.2: Operating model specification 

The OM consists of an age- and sex-structured population dynamics model, a data-generation 

module, and a component to allow future projections of the population model given input from 

the harvest strategy (Smith et al. 2008).  

1.1.Basic population dynamics 

The number of animals of sex s and age a at the start of year t, 𝑁𝑠,𝑎,𝑡  is given by: 

                                              𝑁𝑠,𝑎,𝑡 = {
𝑁𝑠,𝑎−1,𝑡−1𝑖𝑓 ≤ 𝑎 < 𝑥

𝑁𝑠,𝑥−1,𝑡−1+ 𝑁𝑠,𝑥,𝑡−1𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
                          A.4.1 

where 𝑁𝑠,𝑎,𝑡 is the number of animals of sex s and age a following all sources of mortality: 

                   𝑁𝑠,𝑎,𝑡 = 𝑁𝑠,𝑎,𝑡𝑒
−𝑀(1− 𝑢𝑠,𝑎,𝑡)                                                   A.4.2 

𝑀is the rate of natural mortality, and x is the plus-group age and 𝑢𝑠,𝑎,𝑡  is the exploitation rate 

(below) 

Exploitation rate  

The exploitation rate (due to all fleets) on animals of sex s and age a during year t is given by: 

                                                              𝑢𝑠,𝑎,𝑡 = ∑ �̃�𝑡
𝑓
𝑆𝑠,𝑎
𝑓

𝑓                                                   A.4.3 

where: 

                                              �̃�𝑡
𝑓
=

𝐶𝑡
𝑓

∑ ∑ 𝑤𝐿,𝑠𝜑𝐿
𝑓
𝑆
𝐿
𝑓∑ Φ𝐿,𝑠,𝑎𝑁𝑠,𝑎,𝑡𝑒−0.5𝑀𝑎𝐿𝑠

                                     A.4.4 

𝐶𝑡
𝑓

 is the retained catch (in mass) by fleet f during year t, 𝜑𝐿
𝑓
 is the fraction of animal in length 

bin L retained by fleet f, 𝑆𝐿
𝑓
 is the selectivity of fleet f on animals of length bin L ,𝑤𝐿,𝑠 is the 

mean mass of fish of sex s in length bin L, and x is the maximum age (treated as a plus-group), 

Φ𝐿,𝑠,𝑎 is the proportion of fish of sex s and age a in length bin L. 

 

Selectivity 

 

The sex- and age-specific selectivity pattern for fleet f is calculated from the length-specific 

selectivity pattern. 

                                                            𝑠𝑠,𝑎
𝑓
= ∑ 𝑆𝐿

𝑓
Φ𝐿,𝑠,𝑎 𝐿                                                    A.4.5 

where 𝑆𝐿
𝑓
is the fleet-specific selectivity at length,𝐿 = 𝑙𝐿

𝑙𝑜 +0.5[𝑙𝐿
ℎ𝑖− 𝑙𝐿

𝑙𝑜],𝑙𝐿
ℎ𝑖 and 𝑙𝐿

𝑙𝑜 are 

upper and lower limits of length bin L and                                
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                      Φ𝐿,𝑠,𝑎 =

{
 
 

 
 Φ̃(

𝑙𝐿
𝑙𝑜−𝑙�̅�,𝑎

𝜎𝑙𝑠,𝑎
) ,𝑖𝑓𝐿 = 1

Φ̃ (
𝑙𝐿+1
𝑙𝑜 −𝑙�̅�,𝑎

𝜎𝑙𝑠,𝑎
) − Φ̃(

𝑙𝐿
𝑙𝑜−𝑙�̅�,𝑎

𝜎𝑙𝑠,𝑎
) , 𝑖𝑓1 < 𝐿 < 𝑁𝐿

1 − Φ̃ (
𝑙𝐿
𝑙𝑜−𝑙�̅�,𝑎

𝜎𝑙𝑠,𝑎
) ,𝑖𝑓𝐿 = 𝑁𝐿

                                   A.4.6 

where Φ̃ is the cumulative standard normal density function , 𝑙�̅�,𝑎 is the mean length of fish of 

sex s and age a in the middle of the year,𝜎𝑙𝑠,𝑎 is the standard deviation of the length of fish of 

sex s and age a. 

Retention  

The fraction of animals of each sex retained by age for each fleet is: 

                                                                     𝜑𝑠,𝑎
𝑓
= ∑ 𝜑𝐿

𝑓
Φ𝐿,𝑠,𝑎𝐿                                                      A.4.7 

Discards are modelled based on size, with 𝜑𝐿
𝑓
 governed by a logistic retention function: 

                                                                   𝜑𝐿
𝑓
= (1+ 𝑒

𝐿−𝛾𝑓

𝛾𝑓 )

−1

                                                     A.4.8 

where the 𝛾𝑓 is the parameter of the retention pattern for fleet f. The discarded catch by fleet f 

during year t, 𝐷𝑓 , is then:          

                          𝐷𝑡
𝑓
= �̃�𝑡

𝑓 ∑ ∑ (1− 𝜑𝐿
𝑓)𝑤𝐿,𝑠∑ Φ𝐿,𝑠,𝑎𝑁𝑠,𝑎,𝑡𝑒

−0.5𝑀
𝑎𝐿𝑠                                    A.4.9 

Growth  

The mean length-at age is determined from the von Bertalanffy growth function (VBGF) given 

by:  

                                                  𝑙�̅� = 𝐿∞(1 − exp(−𝑘[𝑎 − 𝑡0]))                                         A.4.10 

where 𝐿∞, 𝑘and 𝑡0 are the standard von Bertalanffy growth parameters.  
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 Recruitment 

The annual recruitments are log-normally distributed according to an underlying Beverton-

Holt stock-recruitment relationship:  

                        𝑁𝑠,0,𝑡 = 0.5𝑅𝑡𝑒
𝜀𝑡−0.5𝜎𝑅

2
                      A.4.11 

                                                       𝑅𝑡 = λ(
4ℎ𝑅0𝑆𝑆𝐵𝑡

𝑆𝐵0(1−ℎ)+𝑆𝑆𝐵𝑡(5ℎ−1)
)                                           A.4.12 

where 𝜀𝑡 = 𝑁(0,1) is the recruitment residual for year t, ℎ is the steepness of the stock-

recruitment relationship, 𝑆𝑆𝐵0is the spawning biomass at pre-exploitation equilibrium (when 

recruitment equals 𝑅0) and 𝜎𝑅 is the standard deviation of recruitment. The spawning biomass 

during year t is given by: 

                                           𝑆𝑆𝐵𝑡 = 𝑆𝑆�̃�𝑡 = ∑ 𝑁female,𝑎,𝑡 �̃�female,𝑎 𝑓𝑎
𝑥
𝑎=1                                 A.4.13 

where 𝑓𝑎 is the fecundity of a female of age a, and �̃�female,𝑎 is the weight at age of a female of 

age a. 
 
Maturity and fecundity 

Maturity can be calculated by either length or age. Here, maturity at length l is shown calculated 

using a logistic function: 

                                                      𝑀𝑎𝑡𝑙 =
1

1+𝑒Ω3(𝐿𝑙
′−Ω4)

                                                    A.4.14 

Where Ω3 (P) is the slope of the maturity logistic function, and Ω4 (P) is the length-at-50%- 

maturity. The number of eggs can be either a function of length or body weight. Eggs per kg 

of female body weight as a function of body weight is calculated as: 

 

                                                       𝐸𝑔𝑔𝑠𝑙 = Ω5 + 𝑤female,𝑙Ω6                                        A.4.15 

Where Ω5 (P) is the intercept of eggs at 𝑤female,𝑙=0 (P), and Ω6 (P) is the slope of number of 

eggs/kg of body weight. Setting these values to (1,0) will result in reproductive output in units 

of mature female spawning biomass. Fecundity at age a is calculated as: 

 

                                                  𝑓𝑎 = ∑ 𝜑female,𝑎,𝑙(𝑀𝑎𝑡𝑙𝐸𝑔𝑔𝑠𝑙𝑤female,𝑙)
𝐴𝑙
𝑎=0                         A.4.16 

 

Where 𝜑female,𝑎,𝑙 is the age-length transition matrix for female fish by age a and length l, 

determined by gender Υ = female fish. The reproductive output (spawning biomass) at the start 

of the spawning season for each year y is calculated by: 

 

                                                               𝑆𝑆𝐵𝑦 = ∑ 𝑁𝑡,female,𝑎𝑓𝑎
𝐴
𝑎=0                                          A.4.17 
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Data generation 

 Indices of abundance: CPUE 

                                           𝑌𝑡
𝑓
= 𝑞𝑓𝐵𝑡

𝑓
𝑒𝜂𝑡

𝑓

         𝜂𝑡
𝑓
~𝑁(0, (𝐶𝑉𝑓)2)                                    A.4.18 

where 𝑌𝑡
𝑓
is the CPUE observation for fleet f during year t,𝑞𝑓  is the catchability for fleet f,  

𝐶𝑉𝑓 is the (approximate) coefficient of variation of the observation error in CPUE for fleet f, 

and where 𝐵𝑡
𝑓

is the retained vulnerable biomass for fleet f in the middle of year t: 

                                      𝐵𝑡
𝑓
= ∑ ∑ 𝑤𝐿,𝑠𝜑𝐿

𝑓
𝑆𝐿
𝑓∑ Φ𝐿,𝑠,𝑎𝑁𝑠,𝑎,𝑡 𝑒

−0.5𝑀
𝑎𝐿𝑠                             A.4.19 

Size composition 

 

The observed proportion of the catch (discarded or retained) in each length class by sex and 

fleet (or survey) is determined as a multinomial sample of given a sample size 𝑛𝐿,𝑡
𝑓

 from the 

catch proportions by length class. In this study the sample size used is 1000 for the Danish 

seine fleet and 500 for trawl. The proportion of the catch in length class L during year t for fleet 

𝑓and sex s is:  

                                                              𝑝𝐿,𝑠,𝑡
𝑓

=
�̃�𝐿
𝑓
�̃�𝑠,𝑡,𝐿
𝑓

∑ �̃�
𝐿
𝑓
�̃�
𝑠,𝑡,𝐿
𝑓

𝐿
                                                      A.4.20 

Where: 

                                               �̃�𝑠,𝑡,𝐿
𝑓

= 𝑆𝐿
𝑓 ∑ Φ𝐿,𝑠,𝑎 𝑁𝑠,𝑎,𝑡𝑒

−0.5𝑀𝑥
𝑎=0                                          A.4.21 

                              �̃�𝐿
𝑓
= {

𝜑𝐿
𝑓
iffisbased ontheretained catch

1− 𝜑𝐿
𝑓
iffisbased onthediscardcatch

                               A.4.22 

A.8.3 Age composition 

The observed catch-at-age proportions (discarded or retained) by sex and fleet are determined 

as a multinomial sample of given sample size 𝑛𝑎,𝑡
𝑓

 from the true catch-at-age proportions. In 

this study the sample size used is 500 for the Danish seine fleet only. The proportions of the 

catch that is of age a during year t for fleet 𝑓 and sex s is:  

                                                           𝑝𝑎,𝑠,𝑡
𝑓

=
�̃�𝑠,𝑡,𝑎
𝑓

∑ �̃�
𝑠,𝑡,𝑎
𝑓

𝑎
                                                        A.4.23 

Where 

                                     �̃�𝑠,𝑡,𝑎
𝑓

= ∑ �̃�𝐿
𝑓
𝑆𝐿
𝑓
Φ𝐿,𝑠,𝑎𝑁𝑠,𝑎,𝑡𝑒

−0.5𝑀 𝐿                                                  A.4.24 

                
The vector of proportions-at-age can be modified to accommodate the effects of ageing error, 

by applying a suitable ageing error matrix before sampling from the multinomial distribution.  

 

 



159 
 

4.7. References 

1. A’mar, Z.T., Punt, A.E., Dorn, M.W. (2009). The impact of regime shifts on the 

performance of management strategies for the Gulf of Alaska walleye pollock (Theragra 

chalcogramma) fishery. Canadian Journal Fisheries Aquatic and Sciences, 66: 2222–

2242. 

2. Bakun, A., Broad, K. (2003). Environmental ‘loopholes’ and fish population dynamics: 

comparative pattern recognition with focus on El Nino effects in the Pacific . Fisheries 

Oceanography, 12: 458– 473. 

3. Barange, M., Merino, G., Blanchard, J. L., Scholtens, J., Harle, J., Allison, E.H., J. I. Allen, 

J.I., Holt, J., Jennings, S. (2014). Impacts of climate change on marine ecosystem 

production in societies dependent on fisheries. Nature Climate Change, 4: 211–216. 

4. Benoît, H.P., Swain, D.P. (2008). Impacts of environmental change and direct and indirect 

harvesting effects on the dynamics of a marine fish community. Canadian Journal 

Fisheries Aquatic and Sciences, 65 (10): 2088–2104. 

5. Brander. K. (2010). Impacts of climate change on fisheries. Journal of Marine Systems, 79: 

389-402. 

6. Burch, P., Day, J., Castillo-Jordan, C., Curin-Osorio, S. (2018). Silver warehou (Seriolella 

punctata) stock assessment based on data up to 2017. In: G.N. Tuck (Ed) Stock assessment 

for the Southern and Eastern Scalefish and Shark Fishery 2019. Australian Fisheries 

Management Authority and CSIRO Marine and Atmospheric Research, Hobart.  

7. Chavez, F.P., Ryan, J., Lluch-Cota, S.E., Niquen, C.M. (2003). From anchovies to sardines 

and back: Multidecadal change in the Pacific Ocean. Science, 299(5604): 217–221.  

8. Costello, C., Cao, L., Gelcich, S., Cisneros-Mata, M., Free, M.A., Froehlich, H.E., Golden, 

C.D., Ishimura, G., Maier, J., Macadam-Somer, I., Mangin, T., Melnychuk, M.C., 

Miyahara, M., L.deMoor, C., Naylor, R., Nøstbakken, L., Ojea, E., O’Reilly, E., Parma, 

A.M., Plantinga, A.J., Thilsted, S.H., Lubchenco, J. (2020). The future of food from the 

sea. Nature, 588: 95-100. 

9. Day, J. (2013). School whiting (Sillago flindersi): further exploration of fixed projection 

catches, potential indicators and alternative harvest strategy analyses. 290-329p in Tuck, 

G.N (ed) Stock Assessment for the Southern and Eastern Scalefish and Shark Fishery 2011. 

Part 1. Australian Fisheries Management Authority and CSIRO Marine and Atmospheric 

Research, Hobart. 377.  



160 
 

10. Day, J. (2018). School Whiting (Sillago flindersi) stock assessment based on data up to 

2016. 588–663p in Tuck, G.N. (ed.) 2018. Stock Assessment for the Southern and Eastern 

Scalefish and Shark Fishery 2016 and 2017. Part 2, 2017. Australian Fisheries Management 

Authority and CSIRO Oceans and Atmosphere, Hobart. 837. 

11. Dichmont, C.M., Punt, A.E., Dowling, N., De Oliveira, J.A.A., Little, L.R., Sporcic, M., 

Fulton, E., Gorton, R., Klaer, N., Haddon, M., Smith, D.C. (2016). Is risk consistent across 

tier-based harvest control rule management systems? A comparison of four case studies. 

Fish and Fisheries, 17(3): 731-747. 

12. Drinkwater, K.F., Beaugrand, G., Kaeriyama, M., Kim, S., Ottersen, G., Perry, I., Polovina, 

J., Pörtner, H.O., Takasuka, A. (2010). On the processes linking climate to ecosystem 

changes. Journal of Marine Systems, 79: 374–388. 

13. Edwards, M. and Richardson, A.J. (2004) Impact of climate change on marine pelagic 

phenology and trophic mismatch. Nature 430, 881– 884. 

14. Fay, G., Punt, A.E., Smith, A.D.M., Wayte S.E. (2009). Operating model 

specifications, Evaluation of New Harvest Strategies for SESSF Species, 2009 Canberra, 

Australia CSIRO Marine and Atmospheric Research, and Australian Fisheries 

Management Authority (pg. 125-133) http://www.afma.gov.au/wp-

content/uploads/2010/07/HSE-AFMA-Report-June2009.pdf. 137. 

15. Fletcher, W.J. (1995). Use of computer simulations models and quotes to management the 

Albany pilchard fishery of Western Australia. In Dalzell, P. & P. Adams (Eds). South 

Pacific Commission and Forum Fisheries Agency workshop on the management of South 

Pacific inshore fisheries, June/July 1995- manuscript collection of country statement and 

background papers, vol. 2; South Pacific Commission, Noumea, no 12:243-257. 

16. Fletcher WJ. (2005). The application of qualitative risk assessment methodology to 

prioritise issues for fisheries management. ICES Journal of Marine Science, 62: 1576 – 

1587. 

17. Gascoigne, J.C., Lipcius, R.N. (2004). Allee effects driven by predation. Journal Of 

Applied Ecology, 41: 801–810.  

18. Haddon, M., Klaer, N., Smith, D., Dichmont, C., Smith, T. (2013). Technical Reviews for 

the Commonwealth Harvest Strategy Policy. FRDC 2012/225. Australian Fisheries 

Management Authority and CSIRO Marine and Atmospheric Research, Hobart. 377.  

19. Holsman, K.K., Ianelli, J., Aydin, K., Punt, A.E., Moffitt, E. A. (2016). A comparison of 

fisheries biological reference points estimated from temperature-specific multi-species and 

http://www.afma.gov.au/wp-content/uploads/2010/07/HSE-AFMA-Report-June2009.pdf
http://www.afma.gov.au/wp-content/uploads/2010/07/HSE-AFMA-Report-June2009.pdf


161 
 

single-species climate-enhanced stock assessment models. Deep Sea Research Part II: 

Topical Studies in Oceanography, 134: 360–378.  

20. Jacobson, L.D., De Oliveira, J.A.A., Barange, Cisneros-Mata, M.A., Uraga, R.F.,   Hunter, 

J.R.,  Kim, J.Y.,  Matsuura, Y.,   Ñiquen, M.,  Porteiro, C.,  Rothschild, B.,   Sanchez, 

R.P., Serra, R., Uriarte, A., Wada, T.  (2001). Surplus production, variability, and climate 

change in the great sardine and anchovy fisheries. Canadian Journal Of Fisheries and 

Aquatic Sciences, 58: 1891– 1903. 

21. Karagiannakos, A. (1996). Total allowable catch (TAC) and quota management system in 

the European Union. Marine Policy, 20(3): 235-248. 

22. Klaer, N. (2010). Deepwater flathead (Neoplatycephalus conatus) stock assessment based 

on data up to 2009/10 – development of a preliminary base case. 329-341p in Tuck, G.N 

(ed) Stock Assessment for the Southern and Eastern Scalefish and Shark Fishery 2010. Part 

1. Australian Fisheries Management Authority and CSIRO Marine and Atmospheric 

Research, Hobart. 374. 

23. Knuckey, I., Bergh, M., Bodsworth, A., Koopman, M., Gaylard, J. (2008). Review of the 

Draft Harvest Strategy for the Commonwealth Small Pelagic Fishery. Australian Fisheries 

Management Authority and Fishwell Consulting. AFMA Project R2008/843. 

24. Knuckey, I., Penney, A., Haddon, M., Pascoe, S., Boag, S., Koopman, M., Corrie, D., Day, 

G., Rayns, N., Hutton, T. (2017). Strategic Review of SESSF Monitoring and Assessment. 

Fisheries Research and Development Corporation Project 2014/203. 342. 

25. McFarlane G.A., King J.R., Beamish R.J. (2000). Have there been recent changes in 

climate? Ask the fish. Progress in Oceanography, 47: 147–169. 

26. Mohn, R., Bowen, W.D. (1996). Grey seal predation on the eastern Scotian Shelf: 

modelling the impact on Atlantic cod. Canadian Journal Of Fisheries and Aquatic 

Sciences. 53, 2722–2738. 

27. Orebech, P., Sigurjonsson, K., McDorman, T. (1998). The 1995 United Nations straddling 

and highly migratory fish stocks agreement: management, enforcement and dispute 

settlement. The International Journal of Marine and Coastal Law, 13(2): 119-141.   

28. Ottersen, G., Hjermann, D.O., Stenseth, N.C. (2006). Changes in spawning stock structure 

strengthen the link between climate and recruitment in a heavily fished cod (Gadus 

morhua) stock. Fisheries Oceanography, 15: 230-243. 

29. Pennino, M.G., Coll, M., Albo-Puigserver, M., Fernández-Corredor, E., Steenbeek, 

J., Giráldez, A., González, M., Esteban, A., Bellido, J.M. (2020). Current and future 

https://cdnsciencepub.com/doi/10.1139/f01-110#pill-con5
https://cdnsciencepub.com/doi/10.1139/f01-110#pill-con6
https://cdnsciencepub.com/doi/10.1139/f01-110#pill-con7
https://cdnsciencepub.com/doi/10.1139/f01-110#pill-con8
https://cdnsciencepub.com/doi/10.1139/f01-110#pill-con9
https://cdnsciencepub.com/doi/10.1139/f01-110#pill-con10
https://cdnsciencepub.com/doi/10.1139/f01-110#pill-con11
https://cdnsciencepub.com/doi/10.1139/f01-110#pill-con12
https://cdnsciencepub.com/doi/10.1139/f01-110#pill-con13
https://cdnsciencepub.com/doi/10.1139/f01-110#pill-con14
https://cdnsciencepub.com/doi/10.1139/f01-110#pill-con15


162 
 

influence of environmental factors on small pelagic fish distributions in the northwestern 

Mediterranean Sea. Frontiers in Marine Science, 7:622. 

30. Petersen, S.L., Kerwath, S., Paterson, B., Okes, N. (2010). “Ecological Risk Assessment 

for the South African Linefishery”, in S. Petersen, B. Paterson, J. Basson, N. Moroff, J -P. 

Roux, J. Augustyn, and G. D’Ameida (eds.) Tracking the implementation of an Ecosystem 

Approach to Fisheries in Southern Africa, WWF South Africa Report Series – 

2010/Marine/001. 

31. Petitgas, P., Reid, D., Carrera, P., Iglesias, M., Georgakarakos., Liorzou, B., Masse, J. 

(2001). On the relation between schools, clusters of schools, and abundance in pelagic fish 

stocks. ICES Journal of Marine Science, 58(6): 1150–1160. 

32. Piroddi, C., Coll, M., Liquete, C., Macias, D., Greer, K., Buszowski, J., Steenbeek, 

J., Danovaro, R., Christensen, V. (2017).  Historical changes of the Mediterranean Sea 

ecosystem: modelling the role and impact of primary productivity and fisheries changes 

over time. Nature, 7: 44491. 

33. Ramírez, F., Afán, I., Davis, L.S., Chiaradia, A. (2017). Climate impacts on global hot 

spots of marine biodiversity. Science Advance., 3, Article e1601198. 

34. Ramírez, F., Pennino, M.G., Puigserver, M.A., Steenbeek, J., Bellido, J.M., Coll, M. 

(2021). SOS small pelagics: A safe operating space for small pelagic fish in the western 

Mediterranean Sea. Science of The Total Environment, 756: 144002.  

35. Schirripa, M.J., Colbert, J.J. (2006). Interannual changes in sablefish (Anoplopoma 

fimbria) recruitment in relation to oceanographic conditions within the California Current 

System. Fisheries Oceanography. 15: 25-36.    

36. Smith, A.D.M., Smith, D.C., Tuck, G.N., Klaer, N.L., Punt, A.E., Knuckey, I., Prince, J., 

Morison, A., Kloser, R., Haddon, M., Wayte, S., Day, J., Fay, G., Pribac, F., Fuller, M., 

Taylor, B., Little, L.R. (2008). Experience in Implementing Harvest Strategies in 

Australia’s South-Eastern Fisheries. Fisheries Research, 94(3): 373-379.   

37. Smith, A.D.M., Smith, D.C., Haddon, M., Knuckey, I.A., Sainsbury, K.J., Sloan, S.R. 

(2014). Implementing harvest strategies in Australia: 5 years on. ICES Journal of Marine 

Science, 71:195-203. 

38. Swain, D.P., Benoît, H.P. (2015). Extreme increases in natural mortality prevent recovery 

of collapsed fish populations in a Northwest Atlantic ecosystem. Marine Ecology Progress 

Series, 519: 165–182. 

39. Tuck, G.N. (2018). Stock Assessment for the Southern and Eastern Scalefish and Shark 

Fishery: 2016 and 2017. in Tuck, G.N (ed) Stock Assessment for the Southern and Eastern 



163 
 

Scalefish and Shark Fishery 2016 and 2017. Part 1.2016. Australian Fisheries Management 

Authority and CSIRO Ocean and Atmospheric Flagship, Hobart. 377.  

40. Van Beveren, E., Fromentin, J.-M., Rouyer, T., Bonhommeau, S., Brosset, P., Saraux, C. 

(2016). The fisheries history of small pelagics in the Northern Mediterranean. ICES Journal 

of Marine Science, 73: 1474-1484. 

41. Wayte S.E. (2009). Evaluation of new harvest strategies for SESSF species, Canberra, 

Australia CSIRO Marine and Atmospheric Research, and Australian Fisheries 

Management Authority pg. 137 pp. http://www.afma.gov.au/wp-

content/uploads/2010/07/HSE-AFMA-Report-June2009.pdf 

42. Wayte S.E., Klaer, N.L. (2010). An effective harvest strategy using improved catch-

curves, Fisheries Research, 106: 310 -320. 

43. Wayte, S.E. (2014). Jackass Morwong (Nemadactylus macropterus) stock assessment 

based on data up to 2013. In: Tuck, G.N. (Ed.), Stock Assessment for the Southern and 

Eastern Scalefish and Shark Fishery: 2014. Part 1. Australian Fisheries Management 

Authority and CSIRO Marine and Atmospheric Research, Hobart, 26. 

 

 

 

 

 

 

 

 

http://www.afma.gov.au/wp-content/uploads/2010/07/HSE-AFMA-Report-June2009.pdf
http://www.afma.gov.au/wp-content/uploads/2010/07/HSE-AFMA-Report-June2009.pdf


164 
 

CHAPTER 5 

Accounting for stock status uncertainty within 

fisheries harvest control rules 

 

5.1. Abstract 

We present an ensemble method to incorporate uncertainty in key fisheries stock assessment 

parameters in harvest control rules (HCRs). HCRs are widely used to specify management 

actions that depend on the status of a fished stock. They are expected to support a robust 

decision-making process for setting catch limits, based on agreed biological reference points. 

However, the effectiveness of HCRs depends on the uncertainty in key parameters, such as 

natural mortality and the steepness of the stock-recruitment relationship. Uncertainty in these 

parameters has been widely acknowledged but is not usually incorporated in control rule design 

and application. We propose a meta-rule to set total allowable catches (TACs) that accounts 

for parameter uncertainty by integrating across multiple assessment models constructed from 

an ensemble of natural mortality and steepness values and using the resulting ensemble of 

TACs to construct a hybrid control rule. We propose two alternative methods for TAC setting: 

i) a likelihood-weighted mean of TACs and ii) an adaptive percentile method (i.e. using a more 

precautionary percentile from the stock status uncertainty estimate as reference point limits are 

approached). We use management strategy evaluation based on south eastern Australian 

School Whiting Sillago flindersi, a short-lived species with high recruitment variability, to 

demonstrate that the likelihood-weighted and adaptive percentile methods track the 

management target more consistently across all scenarios considered compared to the 

conventional method used to set TACs for this species, which does not consider parameter 

uncertainty.  

  

 

Key words: natural mortality, steepness, TAC, uncertainty, management strategy evaluations 

and control rules. 
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5.2. Introduction 

     Harvest strategy frameworks are well-recognized as effective tools for the conservation of 

exploited natural resources, and are an accepted way to incorporate sources of uncertainty in 

fisheries management (e.g., Butterworth et al. 1997, Butterworth et al. 1999, Cooke 1999, Kell 

et al. 1999, Kell et al. 2005, Bunnefeld et al. 2011, Dowling et al. 2015, Punt et al. 2016). 

Harvest control rules (HCRs) often use predetermined biological reference points to translate 

an estimate of fish stock status into fishery management actions. A common class of HCR 

involves two steps: i) calculate the point estimate of stock status relative to target and limit 

biomass reference points, and ii) determine the appropriate management action as a function 

of the stock status, such as a fishing mortality or consequent catch limit (e.g., harvest 5% of 

the stock if estimated spawning biomass is above a target level). Uncertainty associated with 

stock status point estimates is often reported as part of the standard harvest strategy policy 

assessment reporting process, but is rarely used directly in setting total allowable catches 

(TACs) using an HCR. The level of precision around the stock status estimates provides 

additional information that could be included in the HCR to achieve precautionary outcomes, 

i.e. by reducing fishing pressure when stock status is less certain.  

Many HCRs rely on reference points based on Maximum Sustainable Yield (MSY), but 

have not been thoroughly evaluated given uncertainty associated with the estimation of these 

reference points. Although the drawbacks of MSY-based policies are well known in both single 

species (Larkin, 1977) and multispecies contexts (Hilborn et al. 2004, Walters et al. 2005, 

Mueter et al. 2006, Farcas et al. 2016), the choice of BMSY, i.e. the biomass that achieves MSY, 

as a biomass target is based on sound biological theory, whereas FMSY, the fishing mortality 

rate that achieves MSY, represents a precautionary limit to fishing mortality that can potentially 

avoid both growth and recruitment overfishing (Cook et al. 1997, Punt 2000, Mace 1994, 2001, 

Punt et al. 2001). Small variations in data choices, prior assumptions, and the representation of 

structural dynamics in assessment models can lead to significant changes in the estimated level 

of current depletion (stock biomass relative to unfished stock biomass), which can lead to 

difficulties with the implementation of MSY-based harvest policies (Haltuch et al. 2008, 

Mangel et al. 2013, Punt et al. 2012, Forrest et al. 2013), due to considerable variability in TAC 

from one assessment to the next.  

The use of proxies are often suggested in the absence of accurate estimates of BMSY and 

FMSY (Restrepo et al. 1998, Sainsbury 2008). Recommended proxies may be based on the 

spawning potential ratio (SPR) (Clark 1991, 2002; Mace 1994), or on fractions of unfished 
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biomass (B0) (Restrepo et al. 1998, Smith et al. 2008, Sainsbury 2008). However, most proxies 

are reliant upon estimates of key parameters including natural mortality (M) and stock-

recruitment steepness (h). 

Natural mortality is one of the most important parameters in fishery stock assessment and 

it directly affects several key management and stock indicators, including stock productivity, 

estimates of maximum sustainable yield, optimal exploitation rates, and management reference 

points (Brodziak et al. 2011, Punt et al. 2021). In addition, M is difficult to estimate accurately 

even given substantial amounts of data (Lee et al. 2011). The steepness of the stock-recruitment 

relationship is another important quantity in fishery stock assessment, and determining its value 

is challenging. The form of the stock-recruitment relationship is also usually unclear (Hilborn 

et al. 1992, Magnusson et al. 2007, Conn et al. 2010), as the large amount of variability in 

recruitment caused by factors other than spawner abundance obscures the relationship. 

Consequently, steepness is not estimated in many stock assessments, but set at some plausible 

value determined by previous studies and life history theory (He et al. 2006, Mangel et al. 

2010). However, the pre-specified value of steepness may be inappropriate particularly if the 

productivity of the stock being assessed differs from those on which the pre-specified value of 

steepness is based.  

Bias in estimates of key parameters can have consequences for the entire fishery 

management system, affecting stock status estimates (Fournier 1983, Sinclair et al. 2005, 

Wilderbuer et al. 2013, Forrest et al. 2015, Holt et al. 2016) and hence application of HCRs 

(Punt et al. 2008, A’mar et al. 2009). Harvest strategies are often tested using Monte Carlo 

simulations to evaluate the performance of specific control rules (e.g., Eggers 1993). The stock-

recruitment relationship usually admits annual process error, which may or may not be 

autocorrelated. Alternatively, annual process error can be added to specific model parameters 

(e.g., Bastardie et al. 2010).  

Management strategy evaluation (MSE) uses simulation to assess the effectiveness of 

HCRs in the face of model structure uncertainty, parameter estimation error, data collection 

observation errors and imperfect TAC implementation (Sainsbury et al. 2000 Bunnefeld et al. 

2011). In some cases, a wide range of policy parameters is compared, and optimal results for a 

given HCR and management objective can be identified (Sethi et al. 2005, Deroba et al. 2008). 

However, this simulation approach is always limited to the specific policy parameters, and 

other assumptions, chosen for inclusion in simulations - it cannot prove that a particular HCR 

is optimal for given management objectives over a broad range of conditions (Hjerne 2001, 

Clark et al. 2004, Deroba et al. 2008). MSE aims to demonstrate robustness rather than 
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optimality, i.e. demonstrate a high probability of avoiding management failures, while attaining 

reasonable economic outcomes.    

Examples of ways to account for uncertainty in the inputs of HCRs exist (e.g., Aanes et al. 

2007, Magnusson et al. 2013, Maunder et al. 2013, Methot et al. 2013, Nielsen et al. 2014, 

Forrest et al. 2018). These methods use a precautionary quantile of the confidence interval (or 

Bayesian posterior) for the inputs to, or output from, the HCR, instead of the point estimate 

(e.g., Prager et al. 2010, Magnusson et al. 2013, Dankel et al. 2016, Priviteria-Johnson and 

Punt, 2020). Some MSE studies account for the effects of various sources of uncertainty on 

HCRs. For example, Wiedenmann et al. (2017) developed a simulation model to evaluate a 

range of HCRs in terms of their relative performance in achieving management objectives. 

Forrest et al. (2018) evaluated the performance of five HCRs for two Pacific groundfish stocks 

given uncertainty regarding M. Sun et al. (2020) evaluated a HCR given four key sources of 

parameter uncertainty in the operating model for rebuilding depleted fisheries. However, in all 

of these studies the HCRs were based on a single assessment model with the best fixed values 

of key parameters (M and h). The uncertainty in key parameters in fisheries stock assessment 

has been widely acknowledged, including in these studies but has not been incorporated into 

the design of HCRs and their application in the manner that we propose here. 

   The aim of this paper is to evaluate alternative methods that account for the uncertainty of 

two key parameters (M and h) in an HCR. We describe the uncertainty that arises from M and 

h in a specific fishery assessment model.  We them evaluate two alternative HCR methods that 

attempt to account for this uncertainty by considering an ensemble of models that differ only 

in the values assumed for certain key parameters and considering either: i) the likelihood-

weighted (LW) mean TAC from the ensemble of assessment models, and ii) a precautionary 

adaptive percentile (AP) from the distribution of TACs produced by the ensemble of 

assessment models. The LW method weights each TAC by the corresponding likelihood from 

the estimation model. The AP method creates a distribution of depletion estimates and adopts 

a more conservative percentile (<50 th) for the TAC depending on the estimated depletion of 

the stock. Both methods account for the uncertainty in M and h, based on an ensemble of values 

of M and h in the estimation method. The MSE results are compared with the method 

traditionally used in Australia’s Southern and Eastern Scalefish and Shark Fishery (SESSF), 

which usually use only one set of pre-specified values for M and h in the assessment, and hence 

HCR. 
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5.3. Materials and methods  

5.3.1. Harvest strategy  

 

    In this study, TACs are determined by fitting a population dynamics model (estimation 

method) to the available monitoring data, and applying an HCR to the assessment models 

outputs. For many fisheries, parameters such as M or h are either poorly estimated or not able 

to be estimated within the assessment, and it is necessary to pre-specify or constrain them to 

values thought to be reasonable for the assessed stock, often based on inferences from similar 

populations and life history arguments.  

We propose fitting an ensemble of models, in which these parameters are varied over a range 

of plausible values.  Each assessment model ℳ𝑖 in the ensemble is assumed to produce an 

estimate of stock status 𝑠𝑖, a likelihood 𝐿𝑖  of model fit, and that the HCR rule (Smith et al. 

2005, 2008; Fig. 5.1) can be applied to the results of ℳ𝑖 to produce a candidate TAC, 𝐻𝑖 .  The 

resulting set {𝐻𝑖} of candidate TACs is reduced to a single value 𝐻∗using one of two methods. 

 

i) The likelihood-weighted method (LW): This method sets the TAC as the likelihood 

weighted model average of the individual TACs from the ensemble, i.e. 

                                                          𝐻∗ =
∑ 𝐻𝑖 𝐿𝑖
𝑛
𝑖=1

∑ 𝐿𝑖
𝑛
𝑖=1

                                                           5.1 

where 𝐿𝑖  is the likelihood for model 𝑖 that produced 𝐻𝑖  

ii)  The adaptive percentile method (AP): This method sets the TAC as a percentile of the 

candidate TACs from the ensemble, where the percentile depends upon an overall 

estimate of control stock status, 𝑠∗,  which is computed as the 𝑝𝑠  percentile of the set 

of stock status values {𝑠𝑖} obtained from the ensemble.  The catch limit 𝐻∗ is then 

calculated as the pth percentile of the set {𝐻𝑖}, where 𝑝 is a function of both the control 

stock status, 𝑠∗,  and a lower limit of TAC percentiles, 𝑝𝐿. 

                                   𝑝 = {

𝑝𝐿 𝑠∗ ≤ 𝐿

𝑝𝐿 + (50 − 𝑝𝐿)
𝑠∗−𝐿

𝑇−𝐿
 𝐿 < 𝑠∗ < 𝑇

50 𝑠∗ ≥ 𝑇

                                        5.2 

where 𝐿 is the limit stock status and 𝑇 is the target stock status. So when 𝑠∗ is at or 

above the target stock status, 𝐻∗ is the median TAC of the {𝐻𝑖} from the ensemble. As 

𝑠∗ declines below T, 𝑝 declines linearly with 𝑠∗ until it reaches its lower limit 𝑝𝐿 when 

the 𝑠∗ declines below the limit stock status, 𝐿. The parameters 𝑝𝑠 and 𝑝𝐿 are chosen to 
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control the degree of precaution in the selection of 𝐻∗; 𝑝𝑠  controls the degree to which 

𝐻∗ is sensitive to depletion within the ensemble, and 𝑝𝐿 controls how aggressively 𝐻∗ 

responds to depletion. In this study 𝑝𝐿 = 30 and 𝑝𝑠 = 30, representing a compromise 

between high sensitivity to depletion and highly aggressive cuts to harvesting.  

 

We compare these methods to the conventional management strategy for the School 

Whiting Sillago flindersi fishery in the SESSF (Day 2018), which involves applying the HCR 

using the best point estimate of current spawning biomass (𝐵𝐶𝑈𝑅) from the assessment, the 

most recent assessment for School Whiting is based on a single set of  pre-specified or estimated 

values for M and h (though M has also been estimated within the assessment in the past). 

 

 
Figure 5.1. The 20-35-48 rule (BLim=B20 [20% of unfished spawning biomass], FTarg=F48 [the 
fishing mortality rate at which spawning biomass is reduced to 48% of the unfished level]  and 

the breakpoint in the HCR occurs at Btarg=B35), adapted from Smith et al. (2008). 

5.3.2. Management Strategy Evaluation (MSE)  

       

The alternative HCR methods were evaluated in terms of the trade-off among management 

objectives using the SESSF management strategy evaluation tool (Wayte et al. 2010). The 

SESSF MSE (See Figure 5.2) has two main components i) an operating model that represents 

the ‘true state’ of the population, and ii) a set of management strategies, which are combinations 

of the assessment method used to assess the population, the HCR used to determine TACs.  

    The management objective is primarily to keep the stock status above 20% of unfished 

spawning biomass with a probability of 0.9, with catch stability, average catch and proximity 

to the target biomass considered as additional performance measures. 
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The steps involved in the MSE approach are describe in Figure 5.2. 

 

 
Figure 5.2. Management strategy evaluation (MSE) procedure (adapted from Wayte et al 
2010), where M is natural mortality and h is steepness.  

 

5.3.3. Operating Model  

 

     The operating model is a single-species, spatially-aggregated, age-structured population 

dynamics model, and includes a data-generation module, and a component to allow future 

projections of the population model given input from the management strategies (Appendix 

4.6.2; Fig. 5.2). The operating model is structured on the population dynamics model used in 

the software package Stock Synthesis (SS-V3.24f, Methot 2011, Methot et al. 2013). The 
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structural assumptions and parameter values of the operating model are based on School 

Whiting, a short-lived SESSF species with highly variable recruitment (Day 2018). Previous 

studies have shown that assessment results for School Whiting are sensitive to the value 

assumed for M and other key parameters (Bax et al. 2004, Punt et al. 2005, Klaer et al. 2006). 

Table 1 lists the values for the parameters of the operating model. 

The operating model is projected 40 years into the future with assessments conducted every 

year and the TAC set for the next year after each assessment. The historical time series of total 

catches and recruitment deviations are taken from Day (2018). The simulated data “sampled” 

from the operating model are typical of those that would be collected from the fishery . In this 

study, the historical data were resampled independently for every OM scenario.  Standardized 

catch rates are available for three fleets (two trawl fleets and a Danish seine fleet), with separate 

logistic length selectivity ogives for each fleet. A plus-group is modelled at age 9, and maturity 

is modelled as a logistic function with 50% maturity at 16 cm.  

      In most MSEs, the estimation method is applied for every projection year and the HCR is 

applied to determine the TAC for the next time step of the operating model to update the true 

population’s dynamics. This is done to test the traditional method. For the new LW and AP 

HCRs proposed here, for every projection year, the estimation method is applied for each of 

nine combinations of natural mortality (M) and steepness (h) from the ensemble (Fig. 3) to 

construct a set of TAC values (𝐻1. .𝐻9). This set is then reduced to a single TAC to set a catch 

limit for the next step of the projection, using either the conventional method, which ignores 

uncertainty regarding M and h, or one of the two new methods, which account for such 

uncertainty. 
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Table 5.1. Biological parameters and data for school whiting used in the operating model 
scenarios in the MSE software (based on the 2017 assessment; Day 2018).  

Parameter 
 

maximum age  9 

growth parameters   

𝐿∞ cm  24.62  

𝑡0 (year)  -1.15  

    Growth rate (𝑘𝑦𝑒𝑎𝑟−1)                              0.27 

Spawner-recruitment relationship Beverton-Holt 

Fecundity Proportional to spawning biomass 

Log of unfished recruitment, 𝑙𝑜𝑔𝑅0 12.55 

Recruitment variability (𝜎𝑅) 0.35 

Recruitment deviations 1981-2016 

length-weight parameters     

   a (kg cm
-3

) 0.0000132 

   b 2.93 

Maturity parameters  

Size-at-50% Maturity 16 cm 

Slope of maturity logistic function -2.0  

Selectivity patterns Logistic for all three fleets 

Fleets 2 trawl and 1 Danish seine 

Historical data     

Catch 1947-2016 

Standardized catch per unit effort (CPUE) 1986-2016 (CV: 0.176, 0.180 for trawl, Danish 
seine respectively) 

Length and age compositions (retained and discard) 1983-2016  

Discard rate 1994-2016 (CV:0.25,0.25, for trawl, Danish seine 

respectively) 

Age-at-length data  1991-2016 

Aging error matrix Yes 

 

5.3.4. Estimation method (EM) 

 

The structural assumptions and fixed parameters for the EM are based on Day (2018) (Table 

5.2). The parameters estimated in the estimation method include: growth parameters, average 

recruitment at unfished equilibrium, recruitment deviations from 1981 to three years before the 

end of the data set, and the selectivity and retention parameters for each fleet. The data types 

used in the assessment are listed in Table 5.1. To generate the ensemble, the EM was applied 

nine times over a 3×3 ensemble of fixed h and M values (Fig. 5.2, as specified in Table 5.2), 
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with an ensemble of three steps h  0.1 and M  0.09. The central M and h values are based on 

a likelihood profile analysis (Appendix 5.6.B), with the number of steps and the parameter 

increments for M (0.0.9) and h (0.1) covering the range of M and h for School Whiting 

reported by several sources (Table 5.3).    

 

Table 5.2. Ensemble of natural mortality (M) and steepness (h) values used in the EM, where 
M1 and h1 correspond to the values corresponding to the minimum negative log likelihood 
from the 2017 school whiting stock assessment. 

 M h 
M0h0 0.68 0.85 

M0h1 0.68 0.75 

M0h2 0.68 0.65 

M1h0 0.59 0.85 

M1h1 0.59* 0.75* 

M1h2 0.59 0.75 

M2h0 0.50 0.85 

M2h1 0.50 0.75 

M2h2 0.50 0.65 

 
Table 5.3. Historical values for M and h for school whiting by publication.  

 M (year
−1

) h 

Cui et al. 2006 0.9  

Day 2007 0.6 0.75 

Klaer and Thomson 2006 0.5  

Wayte et al. 2010 0.6 0.75 

Klaer et al. 2012 0.51 0.75 

Day 2017 0.54* 0.75 

Day 2018 0.62* 0.75 

Day et al. 2020 0.6* 0.75 

                      *Estimated 

5.3.5. Operating model scenarios  

 

     The five operating model scenarios were identical, apart from the values for M and h (and 

scenario-specific historical data). The operating model scenarios for M and h (Table 5.4) were 

intermediate to the combinations of M and h used in the EM (Fig. 5.3, ellipse dashed) to ensure 

that the combinations of M and h used in the EM do not coincide exactly with those used in the 

operating model (except for the S1 scenario which corresponds perfectly with the conventional 

HCR). One hundred simulations were conducted for each scenario, with differences between 

simulations due to observation error in the generated data (sampled from the operating model, 

including re-sampling the historical data prior to the projection period), and process error in 

the population dynamics (future recruitment deviations).  
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Figure 5.3. Structure of the estimation model (EM) ensemble and the operating model (OM) 
scenarios. The ellipses in the EM panel show the scenarios (S2-S5) considered in the OM, 
where S2-S5 are selected using the intermediate value for M and h from the nearest ensemble 

neighbours. As an example, scenario S2 has intermediate values of M and h obtained from the 
four nearest ensemble values (M0h0, M1h0, M0h1, M1h1) shown by the arrows. Scenario S1 uses 
the same values for M and h as the central value in the ensemble, M1h1, so unlike S2-S5, for 
S1 there is no mis-specification, as both the EM and the OM apply the same values for M and 

h in this instance, with these values for S1 obtained from (Day, 2018).     

 

Table 5.4. Scenarios regarding steepness (h) and natural mortality (M) values in the operating 

model where h1 is fixed and M1 is the optimal value from the 2017 School Whiting stock 
assessment.   

  h2 h1 h3 

  0.7 0.75* 0.795 

M2 0.546 S2  S3 

M1 0.59*  S1  
M3 0.63 S4   S5 
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5.3.6. Performance statistics 

      

    The performance of the alternative harvest strategies were compared using time series plots 

(trajectories) of quantities of interest and time-aggregated summary performance statistics. The 

latter should be indicative of what the management strategies are intending to achieve 

(Knuckey et al. 2008). The performance statistics are: 

 

1. Final stock status: median over simulation replicates of the spawning biomass, as a 

proportion of unfished spawning biomass, after the last year of the projection period, 

where the variation in spawning biomass between replicates arises through the random 

selection of different future recruitment deviations for each replicate, from 2014: 

onwards, which are constrained by the value of 𝜎𝑅. 

2. %AAV: median over simulation replicates of the percentage of annual average 

interannual absolute change in catch over the projection period.  

%𝐴𝐴𝑉 = 100
∑ |𝐶𝑡− 𝐶𝑡−1|
𝑦𝑓
𝑡=𝑦2

∑ 𝐶𝑡
𝑦𝑓
𝑡=𝑦1

 

 

where 𝑦1, 𝑦2 and 𝑦𝑓 are the first, second and final years of the projection period, 

respectively, and 𝐶𝑡 is the catch during year t. 

3. Average catch: Median over simulation replicates of  average annual catch over the 

projection period. 

4. Risk: the proportion of years and simulation replicates that spawning biomass is less 

than SSB20 (20% of virgin spawning biomass). 

 

 

5.4. Results 

 
5.4.1. Sensitivity of estimates of spawning biomass to M and h  
 

   The time-trajectories of spawning biomass for the historical period (i.e., prior to 2016) 

vary among the estimation model with different values for M and h. For the estimation model, 

natural mortality ranges from 0.50 to 0.67 and steepness ranges from 0.65 to 0.84 (Fig. 5.4, left 

panel). All trajectories display a similar pattern, with the stock declining slowly from the start 

of the fishery through 1985, followed by a marked drop in biomass to historically low values. 
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However, the relative stock status increases across all scenarios during the 2000s, such that the 

final spawning biomass ranges from 25% to 65% of  SSB0 (Fig. 5.4 left panel).  

 Changes to the value of natural mortality have a larger effect than steepness (Fig. 5.4), 

with natural mortality fixed at 0.5yr-1 and 0.67yr-1 producing respectively the largest and 

smallest relative spawning biomasses in 2017 (Fig. 5.4 left panel; blue, red and orange lines). 

Each group of three replicates with a common fixed natural mortality value are clearly 

separated from groups with alternative values of  natural mortality, especially towards the end 

of the time series. The greater effect of uncertainty in M than h might reflect the fact that the 

M options represent a greater range of the uncertainty from the likelihood profile (Appendix 

5.6.1), i.e. because the h range was more influenced by qualitative life history arguments than 

the likelihood profile.  

 The final spawning biomass in the historical period for the five operating models ranges 

from 35% to 65% of SSB0 (Fig. 5.4, right panel). Lower natural mortality (S2 and S3) resulted 

in 64% and 65% of SSB0 respectively in 2017 and higher natural mortality (S4 and S5) resulted 

in lower relative biomass (Fig. 5.4, right panel).  

 

 

  
Figure 5.4. Time-trajectories of relative biomass estimated for each combination of M and h 
from the estimation model ensemble (left panel) and spawning biomass by each operating 
model scenario (right panel). The model was fit to the actual historical data in all cases. 
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5.4.2. Projections 

      

The LW method performed considerably better with respect to our performance metrics 

than the conventional and AP methods, with less variation in relative spawning biomass among 

the operating model scenarios and spawning biomass approaching the target after five years, 

and staying close to the target level thereafter (Fig. 5.5C).  

The LW method led to a most rapid return to the target biomass (within three years for the 

median) for all OM scenarios regardless of true values for M and h, with the spawning biomass 

staying close to the target biomass, with slight variation, for the entire projection period (2020-

2056). By contrast, the conventional and AP methods approached the target spawning biomass 

more slowly (with more variation than the LW method for all OM scenarios) and in some 

scenarios spawning biomass continued to be below the target for the entire projection period 

(Fig. 5.5, A and E). The average catches from the LW method were lower but less variable 

than those form the conventional and AP methods (Fig. 5.5D). The LW method resulted in the 

highest catches under low productivity scenarios (S2 and S3), and the lowest average catches 

under high productivity scenarios (S4 and S5) (Fig. 5.5D). More than 95% of the likelihood 

weighting for the LW method was consistently attributed to 2 EMs for scenarios S4 and S5, 3 

EMs for scenarios S1 and S2, and 4 EMs for scenario S3 [Fig. C.1], indicating that the majority 

of EMs from any individual HCR application were making a negligible contribution to the final 

TAC recommendation. 

The AP method performed slightly better than the conventional method in terms of 

rebuilding the stock to the target biomass (Figs. 5.5A, E). For the AP method, the assumed 

value of M in the OM scenario had a larger influence on spawning biomass and catches 

compared to the LW method (Fig. 5.5E). In addition, the AP method led to wider simulation 

intervals about the medians for spawning biomass and catches than the LW method. The AP 

method does not return the spawning biomass to the target for lower values of natural mortality 

(S2 and S3), even after 40 years, with the median SSB/SSB0 generally in the range 0.3-0.4 for 

the entire projection period (Fig. 5.5E). The lower levels of relative spawning biomass for these 

scenarios are a result of the assumed lower productivity for the stock (M=0.50yr-1 and h=0.70-

079). By contrast, the stock is closer to the target level for higher values of M and h (S1, S4 

and S5) (Fig. 5.5E). All projections based on AP method led to similar projected biomass 

trajectories to the conventional method for high and low productivity. However, stock status 

approaches the target quickly (by 2028) for the AP method for scenario S1 and is also closer 

to the target than the conventional method for scenario S1 (the true values of M=0.59yr-1 and 
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h=0.75 (Fig. 5.5E vs Fig 5.5A). The conventional method only reaches the target in 2046 for 

scenario S1, and then falls below it for the remainder of the projection period (Fig. 5.5A). The 

catches for the low productivity scenarios (S2 and S3) were set too high by the AP method 

because expected stock recovery was less achieved in comparison with scenario S1. In those 

scenarios, catches from the AP method increased substantially early during the projection 

period, compared with the historical catches, and it takes around five years for catches to return 

below the maximum historical levels. Catches for the high productivity scenarios (S4 and S5) 

fell below the recent historical level in the first year of the projection period, then gradually 

increased and stabilized at a level that is lower than observed during the 20 years before the 

application of the management strategies. Projected catches for scenarios S4 and S5 for the AP 

method remained below those for scenario S1 (Fig. 5.5F) due to the mis-specification between 

the values of M and h in the OM and the EM, with most scenarios in the EM expecting lower 

mortality than in the OM and, as a result, the catches are set too low to fish the stock down to 

the target stock status (Fig. 5.5E).    

     The conventional method performed worse than LW and AP methods in terms of 

approaching the target, and for two of the five scenarios it does not return spawning to the 

target levels after 40 years (Fig. 5.5A). However, the catches by scenario have a very similar 

pattern to those for the AP method. Lower productivity leads to higher levels of catch (S2 and 

S3) and higher productivity results in lower catches (S4 and S5). 
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Figure 5.5. ‘True’ (i.e., operating model) time trajectories of relative spawning biomass (left 
panels) and catch (right panels) by scenario and harvest strategy. Each solid line represents the 

median (with ~95% intervals, dotted lines) by scenario. The green horizontal line in the  left 
panels is the target reference point (SSB48) and the grey horizontal line is the limit reference 
point (SSB20). 
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5.4.3. Performance Statistics 

      

  The spawning biomass, risk of depletion, average catch and catch variability performance 

of the three TAC setting methods are compared by scenario in Fig. 5.6. The red and green 

horizontal lines in Fig. 5.6A are the target and limit reference points (0.48 SSB0 and 0.20 SSB0; 

Fig. 5.6A). Compared to the conventional method, the LW and AP methods resulted in a lower 

risk (probability of falling below the limit biomass reference point) at the expense of average 

catch and catch stability (Fig. 5.6).  

The LW method clearly performs better than the other two methods in terms of how close 

the final spawning biomass is to the target and minimizing depletion risk. Across all scenarios, 

the median (over simulations) ‘true’ spawning biomass for the LW method is around 46-49% 

of unfished spawning biomass (nothing the target is 48%), which is higher than for the AP and 

conventional methods (Fig. 5.6A; Table 5.5). The LW method had a very low probability 

(0.005-0.009 across scenarios) of the spawning biomass dropping below the limit biomass 

reference point. However, it led to lower average catches than the AP and conventional 

methods. For scenarios with M > 0.59yr-1 (S4 and S5) the LW method resulted in average 

catches of 1.180t (S4) and 1.33t (S5), similar to those for the AP method but lower than for the 

conventional method for S4 scenario. The average catches for the M ≤ 0.59yr-1 scenarios (S1, 

S2, and S3) for the LW method (1470, 1600 and 1700 t) were lower than those for the AP 

(1540, 1870 and 2010 t) and conventional (1580, 1890, and 2080 t respectively) methods. 

Moreover, the LW method led to greater catch variability (11.2-12.7%) than the conventional 

method (8.3-10.4%), but lower catch variability than the AP method (14.2-16.8%) (Fig. 6C, 

Table 5.5). 

 The AP method performed slightly better than the conventional method in terms of final 

stock status and probability of falling below the LRP, but had poorer performance with respect 

to catch variability. The median final stock status for the AP method was slightly higher than 

the conventional and lower than the LW methods, ranging between 0.34-0.37 SSB0 (S2 and S3) 

and 0.43-0.48 SSB0 (S1, S4 and S5). The probability of the stock falling below 0.2 SSB0 for the 

AP method was 0.009-0.09 (S2, S2 and S3) and 0.002-0.06 (S5 and S4), lower than 

conventional but higher than LW method (Fig. 5.6D; Table 5.5). The AP method led to slightly 

lower average catches than the conventional method but that were notably higher than for the 

LW method. The average catches of the AP method for M>0.59yr-1 scenarios (S4 and S5) were 

1200 t (S4) and 1280 t (S5). However, the average catches were larger for the AP method than 

for the other two methods for scenario S5 (Fig. 5.6B; Table 5.5). The average catches for the 
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M ≤ 0.59 yr-1 scenarios (S1, S2, and S3) for the AP method (1540, 1870 and 2010 t) were 

slightly lower than for the conventional method (1580, 1890 and 2080 t) and higher than for 

the LW method (1460, 1590, and 1690 t). Furthermore, the AP method led to more stable 

catches than the LW method with an AAV of 14.5-17.20%, but less stable catches in 

comparison to the conventional method, which had an AAV of ~ 8.38-10.48% (Fig. 5.6C, 

Table 5.5). 

Summary plots (Fig. 5.7) show that the LW and AP methods performed better than the 

conventional method in terms of risk management, with final relative spawning biomass at 

(LW) or close to (AP) the target (Fig. 5.7A), and relative spawning biomass above the limit 

level (Fig. 5.7A) for most simulation replicates. The most important improvement to a 

performance statistic, common to the LW and AP methods, is the reduction in the probability 

of the spawning biomass falling below the limit 0.2SSB0 compared to the conventional method 

(Fig. 5.7D). However, the improvement in meeting the target and lower risk comes at the cost 

of catch, as the LW and AP methods lead to lower average catches and higher catch variability 

(Fig. 5.7, C, D). While the LW method results in lower average catches, the variability around 

the median was significantly less than for the AP and conventional methods. By contrast, the 

average catch for the AP method was very similar to that for the conventional method but at 

the expense of greater catch variability (Fig 5.7B). The conventional method led to higher 

average catches and greater catch stability, but the median final stock status was lower (0.41 

SSB0), with a greater probability of dropping below the limit reference point (Fig. 5.7D).    
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Figure 5.6. Box plots summarising the performance statistics by harvest strategy (CONVL: 

Conventional, LW: Likelihood-weighted and AP: Adaptive percentile) and OM scenario. The 
horizontal lines in the left top panels show the target (green line) and limit (red line) relative 
depletions, and in the bottom right panel, a 10% probability of falling below the limit reference 
point (LRP). For each box, the dark horizontal line shows the median, with the box extending 

to 25th and 75th percentiles, respectively and boxplot whiskers correspond to 5 th and 95th quartile 
of the performances. Dots are outlier points. 
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Table 5.5. Performances statistics (probability of falling below the limit reference point 
(P<LRP), final spawning biomass relative to unfished spawning biomass, average catch, and 
catch variation (AAV) for the three methods and the five scenarios. LL and UL are the lower 

and upper 95% intervals. 

      Final Status Average Catch (t) AAV 

Scenario P<LRP LL Median UL LL Median UL LL Median UL 

a) conventional  

S1 0.018 0.38 0.41 0.44 1574 1587 1600 8.567 8.827 9.087 

S2 0.166 0.30 0.33 0.35 1877 1898 1920 10.193 10.486 10.778 

S3 0.074 0.32 0.35 0.38 2064 2082 2101 9.853 10.128 10.403 

S4 0.011 0.41 0.44 0.47 1238 1249 1259 8.111 8.380 8.648 

S5 0.004 0.45 0.48 0.50 1319 1328 1337 8.113 8.396 8.679 

b) Likelihood weighted 

S1 0.008 0.44 0.47 0.50 1446 1468 1490 11.943 12.256 12.569 

S2 0.005 0.43 0.46 0.49 1579 1599 1619 12.039 12.365 12.690 

S3 0.009 0.46 0.48 0.51 1677 1699 1722 12.302 12.774 13.246 

S4 0.007 0.46 0.49 0.52 1186 1203 1220 12.030 12.369 12.707 

S5 0.005 0.44 0.47 0.50 1336 1350 1364 10.992 11.293 11.595 

c) Adaptive percentile 

S1 0.009 0.40 0.43 0.45 1528 1544 1561 14.183 14.537 14.890 

S2 0.097 0.32 0.34 0.37 1846 1871 1895 16.442 16.823 17.204 

S3 0.050 0.35 0.37 0.40 1993 2014 2034 15.720 16.090 16.459 

S4 0.006 0.43 0.46 0.49 1192 1207 1221 14.539 14.893 15.248 

S5 0.002 0.45 0.48 0.51 1267 1281 1295 13.906 14.251 14.596 
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Figure 5.7. Performance statistics by TAC setting approach methods integrated over OM 
scenarios (CONVL: conventional approach, LW: likelihood weighted; AP: adaptative 

percentile). 
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5.4.4. Trade-offs among objectives 

 

          Overall performance integrated across OM scenarios is described using radar plots 

(Figure 5.8). Each performance statistic was expressed relative to its maximum value across 

OM scenarios. As smaller values are “better” for the  probability of falling below 0.2 SSB0 

(P_LRP) and AAV, we plot the complement of this statistic (1-P_LRP) to ensure that larger 

polygons always represent better performance.  

The LW method generally performed best across all management objectives, indicated by 

the larger polygon (though this simplistic interpretation implies that all performance indices 

are equally important, and scaled appropriately). For school whiting, the LW method 

performed best at reducing the risk of falling below the limit reference point and a higher final 

stock status, albeit at the cost of a somewhat lower average catch and greater catch variability 

(Figure 5.8). All of the methods (conventional, LW and AP) achieve the management objective 

of keeping the stock above the limit reference point 90% of the time. However, the LW and 

AP methods reduce this risk to 3% and 5% respectively. The AP and conventional methods 

have similar performance, regarding average catch and final stock status.   

 

   

 

 

Figure 5.8. Radar plot of statistical performance for school whiting (Final status (FinalSSB), 
average catch (AvCatch), complement of probability of falling below 20% (P_LRP) and 
complement of catch variability (AAV)) by HCR approach across all OM scenarios. Larger 

polygons indicate better performances across all scenarios.  
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5.5. Discussion  

 
For many fisheries, key parameter uncertainty is not directly incorporated into the HCR 

used to provide advice regarding TACs. This includes the Southern and Eastern Scalefish and 

Shark Fishery (SESSF), which is used as a case study in this paper. We used a simulation 

approach (MSE) and the current HCR from the SESSF, to define and test a convenient way of 

incorporating and accounting for the uncertainty of two key parameters in HCRs. These 

methods could be extended to other parameters that are difficult to estimate (i.e. those that 

determine growth, the functional form and potential non-stationarity of the stock-recruitment 

relationship, and selectivity). 

For the SESSF’s School Whiting stock, the likelihood-weighted (LW) and adaptive 

percentile (AP) methods perform better than the SESSF’s conventional method in terms of 

final stock status and the probability of falling below the limit reference point, but as a result 

have somewhat poorer performance with respect to catch variability and average catch. The 

simulations suggest that the LW method clearly performs better than the other two methods in 

terms of how close the final stock status is to the target and lowering the risk of the stock falling 

below the limit reference point. Although the individual HCRs account for stock status in 

proposing a TAC, the LW method makes no explicit allowance of stock status when combining 

TACs across the ensemble, because it weights the TACs from the ensemble according to the 

apparent goodness of  fit. In contrast, the AP method is specifically designed to be more 

conservative as the stock approaches the limit reference point and so, in principle, should be 

more precautionary. The apparent superiority of the LW method in terms of reducing the risk 

of depletion may simply be a reflection of the stability of this fishery. This could be tested by 

artificially inflating the recruitment variability in the operating model to increase the risk of 

stock collapse, particularly given that more recent assessments use higher values for 𝜎𝑅, even 

if   𝜎𝑅 = 0.35 was assumed in the 2017 assessment (Day, 2018). Stock biomass tracks the 

management target well for the LW or AP methods, rarely approaching the limit reference 

point and consequently rarely testing the precautionary aspect of the AP rule. The 

precautionary aspect of the AP method may be important for more volatile fisheries, those that 

are subject to fluctuating external pressures, or fisheries that are initially in a more depleted 

state.  

The MSE results suggest that the harvest strategies are sensitive to natural mortality M, 

though the LW method is considerably more robust to M uncertainty than the others. 

Uncertainty in M might influence management performance through two mechanisms: directly, 
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by affecting the outputs of the HCRs and indirectly, by affecting the population dynamics 

themselves. Steepness (h) had less influence, with small reductions in TAC over the range of 

values assumed for steepness. This is largely due to the flat yield curve that results from the 

relatively high values for “true” steepness.  However, it is important to consider that the 

uncertainty in h represented in the OM scenarios is derived primarily from external arguments, 

rather than the uncertainty associated the estimation of h directly, which is considerably 

greater.  

There is a possible contradiction in the belief that the likelihood is not sufficiently 

informative to allow reliable estimation of M and h within an assessment, but seems to provide 

useful information to weight M and h alternatives in the LW HCR ensemble. In general, the 

likelihoods across the whole ensemble are expected to be very similar (e.g. Appendix 5.6.2).  

However, the likelihood weightings are sufficiently dif ferent to strongly favour 1-2 models 

from the ensemble (Appendix 5.6.2). Given that the LW performance appears very consistent 

across OM scenarios (much more than the conventional and AP HCRs), this suggests that there 

probably was useful information about M and h (though we did not specifically check whether 

the weighting favoured the EMs that were most similar to the OM scenarios). If this is the case, 

future work should consider whether this is realistic (e.g. knowing the functional form of the 

selectivity, knowing that it is stationary, and fitting to unbiased size/age samples may be over-

optimistic about M inferences in the real world). 

A key aspect of the AP method is that it does not use the likelihoods from the ensemble 

directly, and so may be more robust to model mis-specification. There is evidence that some 

HCRs can still produce desirable management outcomes even when the model parameters are 

very biased (Forrest et al. 2018), or the EM model structure is very different from that of the 

OM. This suggests that it may not be critical that the ensemble captures the true value of the 

parameters, but nonetheless there may be inherent value in allowing for uncertainty when 

setting TACs. The AP method is the most precautionary, by adapting explicitly in response to 

the magnitude of stock status uncertainty, and hence, a priori, might be expected to be more 

robust to parameter uncertainty. This is largely due to this method becoming more 

precautionary as the stock becomes more depleted. Further, the AP method results in generally 

higher stock status, a lower probability of falling below the limit reference point and similar 

average catch, but greater catch variability compared to the conventional method. On the other 

hand, the conventional method is better than the other methods in terms of average catch and 

catch stability. That suggests that the conventional method allows potential improvements in 

economic returns and stability, but with greater risk to the stock (lower than the target on 
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average, and greater risk of dropping the stock below the limit). There is a trade-off between 

achieving the two industry-based catch objectives compared to the objectives that focus on 

protecting stocks. 

 The new HCR methods have limitations and strengths. One limitation is that the 

parameters used in the MSE come from existing stock assessments (Day, 2018). In reality, the 

assessment model may have structural uncertainty, model misspecification, incomplete or 

competing conceptual frameworks, or poorly known fixed and estimated parameters. This 

could have a large impact in achieving management objectives (Punt et al. 2008). Another 

limitation with both new methods is ensemble choice, because too narrow an ensemble may 

insufficiently capture the true uncertainty. Limitations in the LW method include outliers in 

the data set and flat likelihood surfaces. An important limitation of the AP method is the choice 

of 𝑝𝑑. Exploring lower choices for the value of  𝑝𝑑 (i.e. lower than the 25th percentile used in 

this study, but results not shown in this paper) resulted in a high probability of dropping below 

the limit reference point, especially for low values of natural mortality and steepness (not 

shown here). This leads to very high catches and unrealistically high TACs, which can collapse 

the stock quickly or failure of the estimation method to converge. Given that M and h are 

difficult parameters to estimate using field and monitoring data, these new methods allow 

examination of the impact of uncertainty in these parameters and to examine the influence of 

choice of particular fixed values for these parameters. Some conventional stock assessments 

directly estimate these key parameters (Anon 2007, Lee et al. 2011, 2012, Francis 2012), but 

may not consider uncertainty in these parameters. 

It would not be surprising if the TAC recommendations from the AP method were often 

very similar (if not identical) to those from the conventional method when depletion is not 

below the target depletion (i.e., the median assumptions are likely to correspond to the median 

stock status estimates) given the central M and h values of the ensemble include those used in 

the conventional method, Furthermore, given that the basic shape of the HCR changes at the 

target biomass, it seems likely that the conventional HCR could be modified to reflect the added 

precaution that the AP method seeks to add, e.g., rather than applying nine estimation methods, 

one could fit the single conventional EM and either i) steepen the slope of the HCR fishing 

mortality function below the depletion target, and/or ii) adopt an adaptive percentile of the 

depletion estimate generated from the inverse Hessian – delta method of the EM. 

If the superior performance of the LW method (and to a lesser extent the AP method) arises 

because there is more information about M and h than we tend to assume, this suggests that 

more parsimonious HCRs might be able to achieve similar performance than using an EM 
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ensemble. e.g. For the LW method, one could fit a single EM, and calculate a TAC 

recommendation on the basis of the weighting described by the inverse Hessian-delta (or 

posterior) depletion distribution associated with that single EM. Similarly, the AP method 

could replace the depletion point estimates from the EM ensemble with a percentile from the 

uncertainty distribution of an individual model.  

Reducing the risk to biomass is generally the highest priority objective in choosing the 

HCR. There are many ways in which HCRs can be made less risky, and as shown here, this 

tends to be achieved by a decrease in catch. If the policy objective states that there should be 

no more than a 10% chance of reducing biomass below a limit reference point, stakeholders 

would be right to question whether they should be giving up economic opportunities to reduce 

this risk to 3-5%, which is more conservative than the policy requirement. Some fisheries 

explicitly “tune” harvest strategies (e.g., Kolody et al. 2008), so that they achieve identical 

performance with respect to a single high priority objective (e.g., the probability of dropping 

below the limit reference point is exactly 10%). This is achieved by iteratively changing a HCR 

control parameter (e.g., target depletion), such that they can then be easily compared with 

respect to secondary objectives. i.e. Given exactly the same level of biomass risk, is there 

evidence that one harvest strategy extracts more information and manages uncertainty better, 

such that more yield can be attained, or are the various harvest strategies simply moving 

together along the catch-risk trade-off continuum? This study cannot answer that question.     

Few studies in the design and simulation testing of HCRs incorporate parameter uncertainty 

within the HCR. Jiao et al. (2010) used a Bayesian statistical catch-at-age model to estimate 

the uncertainty of indicators of fishing mortality, population size and biological references 

points. These uncertainties were considered in the design of an HCR. While the underlying 

idea of this study is similar, the methods used are different. To our knowledge, there are no 

other studies where an HCR is based on an EM ensemble with multiple values of key 

parameters, using likelihood weighted or adaptive percentile methods to evaluate and 

incorporate uncertainty into an HCR. In most cases, for data-rich species the values of key 

parameters (M and h) in the OM of the MSE are based on fixed parameters from a quantitative 

stock assessment and are also used as the same fixed parameters in the estimation models of 

the MSE (Smith et al. 2008, Wayte et al. 2010, Forrest et al. 2018). Many stock assessments 

for data-rich species are fit to the available data. However, the values of the parameters used 

in these models can be subject to error, which is often ignored when calculating TACs. For 

data-rich species, the TAC is normally calculated by applying the target fishing mortality to 

the current biomass to create a single TAC value (Day 2018, Fay et al. 2011, Forrest et al. 
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2018), which could be an over- or under-estimate given parameter uncertainty. In some cases, 

the range of policy parameters is wide enough that this essentially constitutes an ensemble 

search, and optimal results for a given HCR and objective can be identified (Kolody et al. 

2018). In other studies (i.e. data-poor cases), parameter uncertainty (e.g. associated with 

selectivity, growth and stock-recruitment) is considered in the estimation model to calculate 

the recent fishing mortality (Fcur) and then, with the best set of parameters, applying the HCR 

to determine the TAC for the following years (Smith et al. 2008, Hordyk et al. 2015).  

The new HCR methods introduced here provide alternative ways to account for the 

uncertainty of key parameters in the HCR, that show promise relative to the conventional 

method that considers these key parameters to be known. Further extensions could include 

applying these methods to a broader range of species, comparing the methods with HCRs other 

than those such as the 20-35-48 rule (Fig. 5.1), extending the LW and AP methods to more 

parameters and/or structural assumptions (e.g., those determining selectivity or growth, age-

dependent M, etc.), and comparing the LW and AP methods with other approaches that 

quantify uncertainty on the basis of a single model using Bayesian posteriors  (Jiao et al. 2010) 

or the inverse-Hessian delta method. The models considered in this study assume a fixed value 

for M for all age classes. In reality, M is likely to be dependent on both size and age (Klaer et 

al. 2012, Johnson et al. 2015). Size and age varying mortality could also be incorporated in 

future studies.  

     Furthermore, we demonstrate that as both the likelihood-weighted and adaptive percentile 

methods approach the management target more consistently they substantially reduced the risk 

of falling below the limit reference point in comparison with the conventional method. Both 

methods are promising and novel in this field as no other studies use an ensemble of multiple 

values of key parameters from the assessment model, to evaluate and incorporate uncertainty 

into an HCR and which also reduce the ecological risk to a fishery. 
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5.6. Appendix:  

5.6.1. Likelihood profiles 

 

Likelihood profiles were constructed to select the values of natural mortality and the steepness 

of the stock-recruitment relationship for the estimation model and the five operating model 

scenarios. The best estimates of M and h were the central values for the ensemble in the EM.  

The likelihood profile for M suggests that this parameter could range between 0.5 and 0.8 

year-1 (Fig. 5.9, dark blue line) with M=0.59 year-1 corresponding to the lowest negative log-

likelihood. The black dashed line in Fig. B.1 indicates the 95% confidence interval for M. The 

base value of M is set to 0.59 year-1 and, according to the equation (M  0.09 year-1), the range 

of estimation model values for M are 0.50, 0.59 and 0.68 year-1.  

The likelihood profile for steepness suggests that the data contains insufficient information 

to estimate steepness (Fig. 5.9, right panel). The 95% confidence interval is very broad starting 

around 0.45 and extending beyond biologically reasonable values (0.9). The lowest negative 

log-likelihood occurs at h =0.75. The reference value of h is fixed at 0.75 and, based on the 

equation (h  0.1), the range of h selected for the estimation model are 0.65, 0.75 and 0.85. The 

combinations of M and h values result in an ensemble of nine scenarios for the estimation 

model. 

 

 

 
Figure 5.9. Likelihood profiles for natural mortality (left panel) and steepness (right panel).  
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5.6.2. Proportion of rank of likelihood weighting 

 
Figure 5. 10. Proportion of rank of likelihood weighting of ensemble scenarios from estimation 
models, where LLH is the log-likelihood by model. The list of models on the x-axis is ordered 
by the rank of the contribution to the likelihood, and is not ordered by the ensemble number.
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CHAPTER 6: General discussion 

6.1. Main results  

 
     The recent crisis in world fisheries (Pauly et al. 2003, Beedington et al. 2007, Pauly et al. 

2017) and the weaknesses in fisheries management are well document and largely undisputed 

(Garcia et al. 1997, OECD, 1997, Pauly et al. 2003, Beddington et al. 2007, Pauly et al. 2017). 

There also is general agreement on the causes of the problems, which are classified into three 

major issues: (i) accounting for biological and estimation uncertainties (Hilborn et al. 1997, 

1998, Patterson et al. 2001), (ii) the dominance of short term social and economic objectives 

over attempts to utilize resources sustainably (Cochrane et al. 2000, Pauly et., 2002, Larson et 

al. 2011) and (iii) stakeholder decision making (Stephenson et al. 1995, Pita et al. 2010). 

Currently, the estimation of uncertainty in fisheries stock assessment is an important 

component of providing scientific advice to fisheries managers (FAO 2007, Privitera-Johnson 

et al. 2020). Therefore, fisheries managers need reliable estimates of stock status along with 

the quantification of the uncertainty to manage stocks sustainably and to reduce the risk of 

stock collapse. This thesis provides some formal guidelines and tools to use in accounting for 

parameter estimation uncertainty in fisheries stock assessment models and harvest strategies. 

    Chapter 2 explored the differences in the estimation of uncertainty  in fisheries stock 

assessments, between frequentist and Bayesian paradigms for species that are near their limit 

reference point. By reviewing and exploring the use of frequentist and Bayesian inference, the 

results confirmed that maximum likelihood estimation (MLE) and Markov chain Monte Carlo 

(MCMC) analysis based on the same modelling framework can result in slightly different 

estimates of stock status and other quantities of management interest, as found in other studies 

(Punt et al. 2000, Nielsen et al. 2002, Magnusson et al. 2013, Stewart et a., 2013). By exploring 

the model structure of those species’ assessments, this difference could potentially be explained 

by the complexity of the model and the large number of parameters to are estimated in modern 

fisheries models (e.g. pink ling). Here we found that a complex model structure, specifically 

one with both dome-shaped and logistic selectivity functions, that change over time (time-

blocking) and high dimensionality (a large number of parameters estimated) can lead to 

overparameterization of the model. An over-parameterized model with high variance can 

produce poor parameter estimates for species such as pink ling. However, the difference 

between paradigms (MLE and Bayesian MCMC) in the spawning biomass estimates of the 

other two species (jackass morwong and silver warehou), was insignificant even though one of 
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the species is assumed to have experienced a regime shift. The MCMC diagnostics showed no 

evidence for lack of convergence of MCMC chains for jackass morwong or silver warehou in 

contrast to pink ling where the results showed evidence of non-convergence in some 

parameters even when both paradigms have apparently converged.  In addition, the MCMC 

diagnostics for all species showed a strong correlation among some parameters including virgin 

recruitment, natural mortality and selectivity parameters. This caused severe problems for the 

MCMC sampler resulting in poorly mixing chains and long run times, and hence the 

optimization method is less likely to produce a representative sample from the posterior 

distribution and lead to the failure of the MCMC diagnostic tests. Poor performance can 

potentially reduce the accuracy and precision of quantities used to inform management action, 

which could increase the risk of over-exploitation or lost economic opportunity. This chapter 

has improved our understanding of the characterization of estimation uncertainty because it 

provides evidence of how confident one can be when providing management advice.  It is well 

documented that models with highly correlated parameters lead to challenging estimation 

problems, especially in the Bayesian framework (Hoffman et al. 2014, Martino et al. 2011, 

Turek et al. 2017). However, appropriate re-parameterization can often substantially improve 

correlation structure within a model, and hence increase the speed and the prospect of 

convergence to a stationary distribution. The ability of appropriate re-parameterization to 

overcome these issues was explored in Chapter 3. 

    In Chapter 3, the effects of highly-correlated parameters on estimator efficiency were 

evaluated, along with the potential for mitigation methods involving model re-

parameterization. The interaction of the parameterization with two different algorithms for 

sampling the joint posterior distribution, Metropolis-Hasting (RWM) and No U-Turn Sampler 

(NUTS), were evaluated and compared. The interaction of these two algorithms for sampling 

the joint posterior distribution, with the parameterization were evaluated and compared. The 

results showed that the mixing behaviour and efficiency of chains for both RWM and NUTS 

can be greatly improved by increasing the number of re-parameterizations (i.e. virgin 

recruitment, ascending and descending parts of the dome-shaped selectivity function and the 

growth rate) within the pink ling assessment model. The improvements were mainly due to the 

reduction in the dimensionality of the highly correlated parameter space (lower variance), 

which in turn increased the acceptance rate of the sampler for both RWM and NUTS. However, 

identifying suitable reparameterization can be difficult, and solutions that work well for one 

model may not be appropriate for other models. Eight key parameterizations considered in pink 

ling model were fundamental to reduce the variance and improve the shape of the posterior 
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distribution. Methods for reducing the highly correlated parameters space in a Bayesian 

framework have been proposed (Plummer et al. 2006, Gelman et al. 2013, Turner et al. 2013). 

There are essentially three simple adjustments which can be made to compensate for 

autocorrelation in a Bayesian framework. i) thinning rate (MacEachern et al. 1994, Link et al, 

2012) or burn-in period (Raftery et al. 1991, Plummer et al. 2006, Gelman et al. 2013), ii), re-

parameterizing the model (Gilks et al.1995a, Gilks et al. 1995b, Haran et al. 2003), and 

modifying the proposal density (Turner et al. 2013). However, high correlation might be 

unavoidable, requiring very long chains with monitoring many nodes, as well as memory and 

storage limitations. However, while some adjustments may work for one model, these same 

adjustments may not work for different models and parameters (i.e. natural mortality and 

dome-shaped selectivity in fisheries models). This inefficiency typically manifests as 

autocorrelation within the posterior. Thinning reduces autocorrelation, but doesn’t improve 

efficiency (i.e. convergence time), but reparameterization does improve the efficiency of even 

the most sophisticated methods. In this context the re-parameterizations that was proposed 

might be one solution to improve the efficiency of MCMCs for the western pink ling 

assessment model. In terms of MCMC algorithms, many other approaches have been proposed 

as alternative solutions to estimate high-dimensional, highly correlated parameter spaces, such 

as adaptive rejection sampling (Gilks et al. 1992, Martino et al. 2011), adaptive rejection 

Metropolis sampling (Gilks et al. 1995a, Gilks et al., 1995b, Martino et al. 2015), Hamiltonian 

MCMC (Hoffman et al. 2014), and blocked Metropolis-Hasting sampling (Patz et al. 1999a, 

Turek et al. 2017). However, not all of  these MCMC techniques have been evaluated in a 

fisheries stock assessment context, likely because they are not available in more common 

fisheries stock assessment software (Stock Synthesis, CASAL, AD Model Builder and 

Template Model Builder). The example of pink ling demonstrates that reparameterization of 

key parameters can improve the efficiency of MCMC for complex fisheries assessments that 

in some cases may provide a more accurate understanding of key parameters and their 

uncertainty.  

   Therefore, while Chapter 2 shows that convergence could be problematic if you adopt a 

Bayesian approach, Chapter 3 offers a solution to these issues as alternate parameterizations 

might help minimize those risks and improve the reliability of Bayesian inference. 

     The efficiency of different harvest strategies was compared in Chapters 4 and 5 using 

Management Strategy Evaluation (MSE). In chapter 4, the level of management risk associated 

with frequency of assessment and TAC-setting was quantified. This was done by using MSE 

to compare single or multi-year TACs (SYTACs, MYTACs), which are common practice in 
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many jurisdictions, for four species, school whiting, silver warehou, tiger flathead and jackass 

morwong, each with different life histories and population dynamics. The results show that the 

application of multi-year TACs in management strategy evaluation affect or alter the 

performance in terms of risk to the stock or overall catch levels in all species considered. It was 

demonstrated that short-lived species with high recruitment variability are most at risk of the 

stock falling below critical thresholds when setting MYTACs in comparison with SYTACs. In 

contrast, long-lived species such as tiger flathead, are not greatly affected by setting MYTACs. 

If recruitment is lower than the long-term average, MYTACs could result in catch levels greater 

than a stock can sustain, which leads to sharp changes in TAC between assessments and 

increases the probability of depletion. In addition, the probability of falling below the limit 

reference point could increase if other sources of variability such as anthropogenic pressures, 

environmental variability (i.e. temperature, winds, salinity, etc),  climate variability (i.e. 

decadal and shorter variability on recruitment, such as regime shifts) and changing trophic 

relationships are considered (Mohn et al. 1996, Chavez et al. 2003, Gascoigne et al. 2004, 

Schirripa et al. 2006, Ottersen et al. 2006, Benoît et al. 2008, Drinkwater et al. 2010, Brander 

2010, Barange et al. 2014, Swain et al. 2015, Holsman et al. 2016,  Ramírez et al. 2017, 

Costello et al. 2020). There is ample evidence of this for short-lived species where recruitment 

strongly depends on the environment (Van Beveren et al. 2016, Piroddi et al. 2017, Pennino et 

al. 2020, Ramirez et al. 2021). In this context, the probability of falling below the critical 

thresholds when setting MYTACs could increase if other sources of variability are considered. 

If recruitment appears lower than the average recruitment, for species under a regime shift, 

MYTAC scenarios could also result in lower average catches levels (i.e. silver warehou), 

resulting in a sharp change in TAC between assessments for fisheries managed with MYTACs, 

as well as increasing the probability of falling below reference limits. Moreover, in several 

fisheries, multiple stocks are managed together as a single entity. For example, the eastern and 

western stocks of jackass morwong are assessed as separate stocks but managed under a single 

TAC (AFMA, 2020). Grouping of TACs from separately assessed stocks inevitably results in 

increased uncertainty associated with the different productivity and status of the separate 

stocks. This means that setting MYTACs may increase the stock status uncertainty. MYTACs 

have been introduced in several fisheries to reduce annual assessment costs and to provide 

industry with stability and certainty about short-term catch levels. However, the cost may be 

greater if the natural variation of the ecosystem and natural variation by species are ignored.  

Additional guidance is required on when and how best to set MYTACs. For example, in data-
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rich fisheries for which projections can be generated, projections at various catch levels and 

over various time periods should be used to determine the appropriate duration of the MYTACs 

(i.e. what level of catch is ‘safe’ over 2, 3 or 5 years). Fisheries management requires a good 

scientific understanding of the biology, ecology and behaviour of the exploited stock to 

establish target reference points that ensure that stocks are at sustainable production and at a 

low risk of overfishing (Beddington et al. 2007). These reference points should be carefully 

established before MYTACs are applied. In this context, this chapter improves our 

understanding of the biological and economic consequence of moving from setting a SYTAC 

to MYTACs. 

     Identifying an appropriate harvest strategy is a difficult task in fisheries assessment. 

Management strategy evaluation uses simulation to assess the effectiveness of harvest control 

rules (HCRs) in the face of model structural uncertainty, parameter estimation error, data 

collection, observation errors and imperfect TAC implementation (Sainsbury et al. 2000, 

Bunnefeld et al. 2011). 

   However, this simulation approach is always limited to the specific policy parameters (and 

other assumptions) chosen for inclusion in simulations, and thus cannot prove that a particular 

HCR is optimal for given objectives over a broad range of conditions (Deroba et al. 2008, 

Hjerne 2001, Clark et al. 2004). In addition, often accounting for the uncertainty in the HCRs 

is based on a single assessment model with the best unique fixed values of key parameters 

partially considering the variability of the parameters (i.e. Aanes et al. 2007, Smith et al. 2008, 

Wayte et al. 2010, Fay et al. 2011, Nielsen et al. 2014, Magnusson et al. 2013, Maunder et al. 

2013, Methot et al. 2013, Forrest et al. 2018).  

    In Chapter 5, different options for managing uncertainty in key fishery parameters were 

addressed by developing two new harvest control rules that combined an ensemble of 

estimation models to make a more robust assessment, for a specific case study.  The first uses 

a likelihood-weighted TAC (LW) from an ensemble of assessment models to produce a TAC. 

The second rule uses an adaptative percentile approach (AP), selecting from the distribution of 

TACs in the ensemble.  The AP approach can be altered to use a more precautionary percentile 

if the stock is highly depleted. The LW method gives improved tracking of the target reference 

point and reduces the risk of falling below the limit reference point in comparison to the 

conventional approach. The AP method does not track the target as effectively as the LW, but 

allows the user greater control over the degree of precaution applied near the limit reference 

point. It was demonstrated using management strategy evaluation that both the likelihood-

weighted and adaptive percentile methods approach the management target more consistently 
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and substantially reduced the risk of falling below the limit reference point in comparison with 

the conventional approach, used to set the TAC for these species without consider parameter 

uncertainty for M and h.  

     To our knowledge, there are no other studies where the HCR approach is based on an 

ensemble with multiple values of key parameters from the assessment model to evaluate and 

incorporate uncertainty into an HCR.  

     In summary, Chapter 5 improves our understanding of how to incorporate the uncertainty 

of key parameters into control rules that provide catch recommendations for management 

purposes. If the model had used a fully Bayesian approach, such as in Chapters 2 and 3, we 

could place tight or highly informative priors on the poorly estimated parameters, and the 

ensemble of models would not be needed. The ensemble is a compromise that allows us to use 

the faster maximum likelihood approach while avoiding treating some parameters as 

completely fixed. 

 

6.2. Limitations 

 

There are important limitations to this thesis which are now explored. 

 

   The main limitation in using Bayesian inference is that it can be extremely computationally 

intensive, often taking days or weeks of run-time to perform a single analysis, to the point 

where run times are often large compared to the total time available for the analysis. This makes 

the assessment quite vulnerable to error as there is insufficient time to deal with computational 

difficulties or to re-run analyses, in cases where changes to input data are required. In addition, 

Bayesian inference requires a high level of expertise to interpret and implement, and complex 

diagnostics are required to ensure the model results are valid  and that convergence has been 

achieved.  

    For Chapters 4 and 5, using management strategy evaluation, the number of scenarios to 

simulate and the time to undertake model runs was also a limiting factor, which could cause 

problems when using a full Bayesian approach. Since it is necessary to corroborate any finding 

prior to the final results, it took weeks for the simulation to finish and evaluate the previous 

results. However, without a Bayesian approach, the advantages of incorporating previous 

fisheries expertise, assessment results and expert knowledge through informative priors is not 

possible. 
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    The comparison of frequentist and Bayesian approaches for stock assessment that was 

undertaken in Chapter 2 could only identify the differences between the two paradigms, not 

make any conclusions about which approach was likely to be more useful because we do not 

know the characteristics of the ‘true’ population and data from the three case studies that were 

considered. While others have used simulated data to evaluate the differences between 

frequentist and Bayesian approaches for stock assessment (e.g. Magnusson et al. 2013), we 

identified that for two stocks (jackass morwong and silver warehou) there were no differences 

between the two approaches. For eastern pink ling, where the Bayesian assessment showed 

signs of a lack of convergence, we addressed the issue of convergency and efficiency in 

Chapter 3 using reparameterization of key parameters.  

    A challenge in the implementation of these methods is the large time overhead and expertise 

required to develop the software tools. In Chapter 3, we modified the latest version of the stock 

assessment software package, Stock Synthesis (SS, Version 3.30.12.00, NOAA 2018 , Methot 

et al. 2013), the latest version of Automatic Differentiation Model Builder (ADMB, Version 

12.0, ADMB Core Team 2017) and the new R package adnuts (Monnahan et al. 2018) to permit 

the reparameterization.  In addition to the complexities of the modelling approach used in 

Chapter 3, some trial and error was required to identify which reparameterizations improved 

the efficiency of the Bayesian method. These reparameterizations would likely vary from one 

model to another. 

    Chapter 4 compared the performance of single or multi-year TACs for four species with 

different life histories and dynamics. The simulations were limited to a consideration of the 

impacts of the uncertainty due to the length of time between assessments and did not consider 

other variability that would be expected in a real fishery. Sources of variability include the 

assumption that recruitment in the projection period has the same mean and variance as the 

historic period and that, there is no change in other aspects of the population dynamics (e.g. 

growth) or the structure of the fishery (e.g. changes to effort or technical efficiency of gear).  

    Chapter 5 five developed a novel approach to account for uncertainty in key model 

parameters by using an ensemble of assessments with two potential new HCRs. In developing 

and applying this approach it was necessary to use common sense when applying alternative 

HCRs, given the range of scenarios in the grid of key parameters (M*h) and the limitation of 

each method.  Before applying the new HCRs in the assessment model, it is important to 

undertake: (i) a consistency-test; using the same assessment platform, structural assumptions 

and settings, (ii) evaluate the convergence of the model, (iii) evaluate the dimension and values 

of the grid according to the historical dynamics of the species, and (iv) experiment with 
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potential values of M and h within the grid to ensure that the assessment models converge most 

of the time. The assessment model considered here was very stable and there were no issues 

with convergence for the range of parameters values considered. 

 

6.3. Future research directions 

 
    The investigations of Chapter 2 indicate that Bayesian and frequentist parameter estimation 

paradigms can lead to somewhat different stock status estimates. Simulation-estimation studies 

with more diverse assumptions would be required to actually quantify estimation bias and 

precision.  MSE studies should be undertaken to determine if the differences actually matter in 

the context of management performance over the medium- to long-term in a realistic feedback 

cycle. 

 

    Chapter 3 indicates that further investigation of alternative Bayesian samplers and 

reparameterization for common problems might be of significant benefit for fisheries problems. 

A systematic comparison would be useful for recommending improvements to widely-used 

generic assessment packages. 

 

    Chapter 4 indicates that MYTACs can be implemented for several species, with very limited 

reduction in of management performance. These studies should be extended to include a 

broader range of operating model uncertainty and more life history diversity before these 

conclusions are assumed to be robust and broadly applicable.   

 

    Chapter 5 demonstrates that the current approach to harvest strategies adopted by previous 

SESSF MSE work might be understating the uncertainty in the system, and over-optimistic 

about the expected management performance.  Alternative approaches to admitting uncertainty 

in the harvest strategy, such as the LW and AP approaches, should be further explored to help 

mitigate these risks. 
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6.4. Conclusions  

     

     In this thesis, I have demonstrated technical methods for improving the quantification of 

uncertainty in fishery stock assessment models, using case studies that demonstrate how more 

effective management strategies can be developed to make better use of limited stock 

assessment resources, while leading to better inferences and thus more reliable management. I 

have shown with a simulation study using the pink ling model that re-parameterization of key 

highly correlated parameters improved the efficiency of random walk Metropolis and the No 

U-Turn Sampler resulting in highly efficient samplers. I also have shown using MSE that it 

can be dangerous to ignore the uncertainty of going from single year TAC to multiple-years 

TACs since the probability of falling below SSB20 increased with MYTACs. The new HCR 

rules, likelihood-weighted (LW) and adaptative percentile (AP) approaches are as good as or 

much better than conventional control rules since they take into account the uncertainty of key 

parameters within the control rules. These new approaches are more precautionary but come 

at the cost of reduced catch.  

    These general approaches for quantifying and managing uncertainty are united in the 

common goal of improving fisheries resource management. They demonstrate the 

effectiveness of several promising directions for improving stock assessment parameter 

estimation, and the effective use of harvest strategies. 
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