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Growth is one of the key demographic processes for population dynamics. There is a 

growing body of literature showing that growth in fish is plastic over time, and affected 

by climate variability. However, time-varying indices of growth variation are not often 

incorporated into stock assessment models, on which fishery management advice is 

based, and growth is often estimated with time-invariant parameters or incorporating 

annual variation without an explicit growth model. This is due to a lack of a general 

framework for deciding when and whether to incorporate indices of time-varying 

individual growth into an assessment model, and of a general understanding of its 

mechanistic drivers. In this thesis, I developed a framework to evaluate the suitability of 

incorporating a time-varying growth index into a stock assessment model, and use risk 



 

 

analysis to evaluate its management-related advantages and shortcomings. I then 

developed a nonlinear mixed-effects model that estimates a time-varying growth index 

from otolith increment data, while also allowing for random individual effects. Including 

an accurate time-varying growth index generally is expected to improve estimates of 

spawning stock biomass and recruitment in a stock assessment, while a relatively small 

number of otoliths is required to attain such a level of accuracy when estimating the 

random year effects. The simulation framework described in this thesis can be applied 

across multiple stocks, to further our understanding of the effects of modelling time-

varying growth on population dynamics. 
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CHAPTER 1 INTRODUCTION  

In fisheries science, an important challenge is to understand and predict a population 

dynamics system that has a seemingly infinite number of components and interactions, e.g. 

growth, recruitment, environment, mortality, fishing pressure, etc. This is achieved using stock 

assessment methods. Integrated single species stock assessment models combine a variety of data 

sources in a single analysis, maximizing a joint likelihood function to obtain parameter estimates 

that best describe the species’ population dynamics (Fournier and Archibald, 1982; Maunder and 

Punt, 2013). These estimates are then used to set management targets, to allow for sustainable 

use of the resource (Punt, 2008). One of the main challenges for stock assessment scientists is to 

strike a balance between optimizing model complexity and reducing uncertainty to optimize 

model structure, in order to achieve a “sweet spot” known in ecology as the Medawar zone (Grimm 

et al., 2005). The best way to structure a stock assessment is still a topic under debate, with 

scientists prioritizing different aspects (e.g. growth - Lorenzen, 2016; maturity - Palumbi, 2004; 

recruitment - Thorson et al., 2013). Furthermore, many fisheries managers are moving towards 

ecosystem-based fisheries management (EBFM), where the fishery is evaluated in the context of 

the ecosystem, which would also include interactions with other species, the environment, the 

marine habitat, etc. (Pikitch et al., 2004). The challenge faced with these increasingly complex 

systems is that there is limited information on the mechanistic drivers behind variation in vital 

rates of fish stocks. 

Most parameters are estimated as temporally- and spatially-invariant in traditional stock 

assessments. However, understanding variability in life history characteristics in space and time 

further helps determine the most appropriate assessment model structure as well as address 

uncertainty in assessment results (Gertseva et al., 2010). With ocean temperatures projected to 

increase (Kirtman et al., 2013), species distribution (Pinsky et al., 2013; Thorson et al., 2016), 

behaviors (Biro et al., 2010; Dale et al., 2016), and abundance (Mueter et al., 2011; Schirripa and 
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Colbert, 2006) are expected to adapt and respond accordingly, resulting in the demand for 

management strategies that are robust to such changes (A’mar et al., 2009; Holt and Punt, 2009; 

Ianelli et al., 2011). Stock assessments need to be able to accommodate the inclusion of climate 

variables accordingly, but without adding too many parameters. 

Individual growth is an integral component of population dynamics models (Francis, 

2016). As with most other components of a stock assessment, the parameters of the growth model 

are often pre-specified, or estimated as constants, despite evidence that individual growth varies 

across time, age, and cohorts (Lorenzen, 2016; Stawitz et al., 2015; Thorson and Minte-Vera, 

2016). Unfortunately, population dynamics models tend to perform poorly when growth is 

inaccurately approximated (Helser and Brodziak, 1998), because time-varying growth has the 

potential to affect spawning potential of a stock (Brander, 2007). Thorson and Minte-Vera (2016) 

found that the best models with a single time-varying effect could explain on average 50% of 

variability in weight-at-age data for exploited stocks, with year effects explaining approximately 

45% of variability. Including variables such as those year effects in a stock assessment model could 

more accurately describe the dynamics of fish populations and potentially disentangle whether 

fluctuations in a fish population are due to time-varying environmental conditions or fishing. 

Given an increased understanding of the role of climate in population dynamics (Brander, 2010), 

resource managers may be better equipped to evaluate management alternatives (Basson, 1999; 

Tolimieri and Levin, 2005). However, there is little guidance available for when to incorporate 

year effects on growth in the stock assessments used as the basis for advice to managers to support 

fisheries decision making. Furthermore, long-term time series of growth deviations may be 

difficult to obtain without confounding with other parameters such as selectivity (Stawitz et al., 

2015).  

 Otoliths, or “ear stones”, are calcified structures found in the heads of bony fish, used for 

balance and/or hearing (Campana, 1999), to which increments are added annually. As such, they 

record information on their growth and environment at different temporal scales, allowing for 
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individual growth trajectories to be observed (Campana, 1990). Black et al. (2005) detrended 

otolith increment data for a species of rockfish with a method called dendrochronology.  The 

residuals were averaged to form a dimensionless index, that also correlated with several climate 

indices as well as indices from other species in the region. In this thesis, a decision framework for 

incorporating a similar time-varying growth index is developed and tested using simulation. 

Additionally, a fishery-independent method for deriving growth indices from otolith data – 

dendrochronology – is expanded on, and a novel model developed to estimate both year and 

individual effects, and simulation-tested to gain insight on its effective sample size. In doing so, 

an overall framework for extracting a time-varying index and the conditions under which it would 

be suitable for inclusion in a stock assessment is shown in this thesis. The results of these analyses 

will help stock assessment scientists decide how to structure their stock assessments to include 

time-varying growth, and take us a step closer towards achieving the Medawar Zone.  
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CHAPTER 2 THE BENEFITS AND RISKS OF INCORPORATING 

CLIMATE-DRIVEN GROWTH VARIATION INTO STOCK 

ASSESSMENT MODELS, WITH APPLICATION TO SPLITNOSE 

ROCKFISH (SEBASTES DIPLOPROA) 

ABSTRACT 

Indices of annual growth variation are not routinely incorporated into fisheries stock 

assessment models, due to a lack of a general framework for deciding when to include 

these indices, and of a mechanistic understanding about growth drivers. Such 

incorporation may also not necessarily lead to improved estimation or management 

performance. We develop a way to incorporate such an index into an assessment model 

(Stock Synthesis), and use risk analysis to evaluate its management-related advantages 

and shortcomings. We applied this method to splitnose rockfish (Sebastes diploproa), 

where a previously-developed growth index is highly correlated with decadal-scale 

climate indices. We find that including a similar index in the simulated assessment 

increases precision and reduces bias of parameter estimates. However, not including an 

index or including a completely erroneous index led to highly imprecise estimates when 

growth was strongly climate-driven. Including this growth index when individual growth 

was actually constant did not lead to poorer estimation performance. The risk analysis 

approach can be applied to other stocks to evaluate the consequences of including time-

varying growth indices. 
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INTRODUCTION 

Climate and environmental factors can have a large impact on population and 

community dynamics (Harley et al., 2006; Pinsky et al., 2013; Rowe and Terry, 2014). 

One of the ways in which the environment can play a major role in determining the 

dynamics of fish populations is through the metabolism, and ultimately growth, of 

individual fish (Ait Youcef et al., 2015; Sünksen et al., 2010). However, little guidance is 

available for whether or when to incorporate environmentally-driven growth variables 

into the stock assessments used as the basis for advice to managers to support fisheries 

decision making.  Such inclusion could more accurately describe the dynamics of fish 

populations, and potentially disentangle whether fluctuations in biomass are due to time-

varying environmental conditions or fishing. 

Much of our current understanding of how to best incorporate environmental 

information into stock assessments derives from recruitment-environment relationships 

(e.g., Mueter et al., 2011; Schirripa et al., 2009; Thorson et al., 2013), as opposed to 

individual fish growth. Individual growth is an integral component of fisheries stock 

assessment, and the relationship between age and size is often estimated in assessments 

(Taylor and Methot, 2013), based on the assumption that the parameters of this 

relationship are constant over space and time (Lorenzen, 2016). However, it has been 

shown (e.g., Stawitz et al., 2015; Weatherley, 1990; Webber and Thorson, 2016) that 

growth in fish is inherently plastic, and that this “constant growth” paradigm needs to be 

challenged (Lorenzen, 2016; Thorson and Minte-Vera, 2016). Defining climate-growth 

relationships would allow fishery managers to better discriminate the effects of climate 
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from those of fishing, and make more accurate predictions of future stock size, should 

there be a means of projecting the relationship into the future (Black et al., 2008).  

Black (2009) examined ring widths of rockfish otoliths and reduced these widths 

to species-specific dimensionless indices that are correlated with similar 

dendrochronology indices from geoducks and trees in the same general area. These 

indices were also found to coincide with climate indices in the California Current System. 

However, these growth indices have never been incorporated in assessments due, inter 

alia, to the lack of a general framework for deciding whether and under what 

circumstances to do so. 

Many studies have used simulation to evaluate the benefits of incorporating 

indices of climate on recruitment in assessments, notably Schirripa et al. (2009) for 

sablefish, Hulson et al. (2013) and A’mar et al. (2009) for walleye pollock, and Haltuch 

and Punt (2011) for groundfish generally. Simulations are used to evaluate model 

performance and test the effects of different hypotheses on management outcomes (e.g., 

Johnson et al., 2014). However, this has yet to be done for time-varying growth. Maunder 

and Watters (2003) proposed a general framework for integrating environmental time 

series in assessments, where simulations are used to test and compare a model that 

includes environmental effects with the traditional approach where environment 

variables are ignored. Maunder and Watters (2003) focused on the ability to correctly 

identify the relationship between a selected variable in the model and the environmental 

variable, and to accurately estimate specific parameters, and not on the impact of these 

relationships on management outcomes. 

The goal of this study is to propose and illustrate a risk-analysis approach to 

estimating the benefits and risks of incorporating a climate index on somatic fish growth 
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into stock assessments. Our analyses are conditioned closely upon a climate index 

developed by Black (2009) and the stock assessment for splitnose rockfish (Sebastes 

diploproa) in the Northeast Pacific Ocean (Gertseva et al., 2009), and evaluate 

management outcomes associated with various climate-growth scenarios. We expand on 

Maunder and Watters (2003) and develop a table using simulation modeling to provide 

guidance on whether incorporation of climate information is justified in a given case. 

MATERIALS AND METHODS 

Overview 

The risk-analysis was developed using a widely-used stock assessment platform – 

Stock Synthesis (SS; Methot and Wetzel, 2013). SS can incorporate all available data into 

a single analysis, and estimate parameters by maximizing the product of the likelihood 

function for each data type Fournier and Archibald, “A General Theory for Analyzing 

Catch at Age Data”; Maunder and Punt, “A Review of Integrated Analysis in Fisheries 

Stock Assessment.”. The assessment was simplified to ensure that results are widely 

applicable to other contexts. The numbers of fishing fleets and surveys were reduced to 

one of each data type. Operating models (OMs) were used to describe “true” population 

dynamics and quantity of data for five states of nature – one with constant growth, and 

four with time-varying environmentally-driven growth indices that vary in terms of auto-

correlation and relationship to the OM growth parameters. Each simulation was projected 

for fifty years using the OM (with the relevant assumptions made for each OM, i.e. 

constant future growth for one and time-varying future growth for the other four), with 

fishing occurring under a constant-catch limit obtained from the OM. Implementation 
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error was not simulated, so catch was assumed to be taken exactly. The OM outputs based 

in the historical and forecast periods were considered “true” for the simulations. 

Observation models simulated the data-gathering process. A total of 1,100 data 

sets were generated, with 100 data sets for each combination of OM and observation 

model. Each data set was analyzed using two estimation methods (EMs). We examined 

the performance of two EMs - one that estimated time-invariant growth, and one that 

assumed growth was correlated with an available environmental index. Management 

reference points were estimated using these EMs, and used to set a catch limit that was 

projected forward as a constant in the simulated fishery system (as represented in the 

OM). The resultant forecasted outcomes were then compared with the “true” (i.e. OM) 

quantities to obtain performance metrics, such as lost yield and final stock biomass. A 

summary of the overall process can be found in Figure 2.1.  

Incorporating climate indices of individual growth into assessment models 

As the growth model most commonly used in stock assessments (Essington et al., 

2001; Francis, 2016), this study is based, for simplicity, on the von Bertalanffy growth 

function (Von Bertalanffy, 1957): 

         𝐿𝑡 = 𝐿∞(1 − 𝑒−Κ(𝑡−𝑡0))         (1) 

where 𝐿𝑡 is the length of the fish at time t, 𝐿∞ is the asymptotic length of the fish and a 

ratio of anabolic to catabolic factors, Κ is the intrinsic growth rate and a catabolic factor, 

and t0 is a constant that adjusts the model along a time axis. Temperature is known to 

affect catabolism, and thus both K and 𝐿∞ (Brunel and Dickey-Collas, 2010; Lorenzen, 

2016), with Kimura (2008) showing a negative correlation between the two parameters. 
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Temporal variation in growth due to changes in environmental drivers can be 

incorporated in an assessment by modifying the values of the parameters of the growth 

function. In SS, an environmental index can be linked to the values of the growth 

parameters in two ways – additively or multiplicatively (Methot and Wetzel, 2013). In this 

study, we included an annual index 𝜀𝑡 that is associated with variation in growth, using a 

multiplicative relationship (Eq. 2) for both maximum size for sex s: 

𝐿∞,𝑠,𝑡 = 𝐿∞,𝑠,𝑏𝑎𝑠𝑒 ∙ 𝑒𝛽𝐿,𝑠𝜀𝑡      (2a) 

and growth rate: 

𝛫𝑠,𝑡 = 𝛫𝑠,𝑏𝑎𝑠𝑒 ∙ 𝑒𝛽Κ,𝑠𝜀𝑡      (2b) 

where 𝛽 is the parameter linking the growth parameter to the environmental index, 

𝐿∞,𝑠,𝑏𝑎𝑠𝑒  and 𝛫𝑠,𝑏𝑎𝑠𝑒  are median values for the asymptotic length and growth rate 

parameters for sex 𝑠, and length-at-age in each year is then calculated from length-at-age 

the previous year (using Eq. 1). Should the index value be sufficiently large to result in a 

negative growth increment (e.g. if 𝐿∞,𝑡 < 𝐿𝑡 from Eq. 1), the individuals remain at the same 

size for the following year and are assumed to not experience any growth, which thus 

avoids the occurrence of “shrinking” fish. 

Biological Characteristics 

Populations were simulated based on parameters obtained from a simplified 

version of the assessment ( Supplementary Table S1; Gertseva et al., 2009). The data sets 

with the longest time series for a single fishing fleet and a single fishery-independent 

survey were selected (Supplementary Figure S2.1c). In the assessment approved for 

management (Gertseva et al., 2009), the parameters governing natural mortality (M) and 
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steepness (h) were pre-specified, while log initial recruitment (lnR0) and individual-

growth parameters including length at age 0 (L0), 𝐿∞, K, and variability in size-at-age for 

fish less than L0 (CV0) and for fish up to 𝐿∞ (𝐶𝑉∞) were estimated. Growth of splitnose 

rockfish is sex-specific, with males estimated to grow at a faster rate (i.e. higher 𝛫𝑚𝑎𝑙𝑒), 

while females are estimated to attain larger sizes (i.e. higher 𝐿∞,𝑓𝑒𝑚𝑎𝑙𝑒). This is also one of 

the two rockfish species for which a climate-growth index was developed by Black (2009). 

Simulation Method 

Index data generation 

The environmental index 𝜀𝑡  was simulated using an autoregressive (AR) model 

with bias correction (Eq. 3), adapted from Thorson et al. (2014), with parameters 

calculated for splitnose rockfish. The environmental index was unique to each replicate 

within each state of nature, and scaled to a mean of 0. 

𝜀𝑡 = {𝜌𝑠𝑝𝑙𝑖𝑡𝑛𝑜𝑠𝑒 𝜀𝑡−1 + √1 − 𝜌𝑠𝑝𝑙𝑖𝑡𝑛𝑜𝑠𝑒
2  𝜔𝑡

𝜔𝑡

 
for 𝑡>1
for 𝑡=1

    

𝜔𝑡 ~ Normal (
−𝜎𝑠𝑝𝑙𝑖𝑡𝑛𝑜𝑠𝑒

2

2
×

1−𝜌𝑠𝑝𝑙𝑖𝑡𝑛𝑜𝑠𝑒

√1−𝜌𝑠𝑝𝑙𝑖𝑡𝑛𝑜𝑠𝑒
2

, 𝜎𝑠𝑝𝑙𝑖𝑡𝑛𝑜𝑠𝑒
2 )   (3) 

where 𝜔𝑡 is independent and identically normally distributed variation for year t. As the 

index is treated as data, the species-specific parameters in Eq. 3 (𝜌𝑠𝑝𝑙𝑖𝑡𝑛𝑜𝑠𝑒  and 𝜎𝑠𝑝𝑙𝑖𝑡𝑛𝑜𝑠𝑒
2 ) 

were defined external to the OM, and fixed. Comparative runs (across OMs) used the 

same sequence of random numbers. 

Five trends in growth were investigated, based on the extent of auto-correlation 

(i.e. 𝜌𝑠𝑝𝑙𝑖𝑡𝑛𝑜𝑠𝑒)  in the environmental indices and the strength of the relationship between 
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the environmental index and the growth parameters (i.e. 𝛽𝐿,𝑠 and 𝛽Κ,𝑠; Eq. 2; Table 2.1). 

Sensitivity analyses were conducted for a series of 𝛽 and 𝜌𝑠𝑝𝑙𝑖𝑡𝑛𝑜𝑠𝑒  values in the OM, 

using OM 2 (weakly climate-driven growth) as the base case. As the values for 𝛽 

increase, so too does the impact of the environmental index (and vice-versa). The series 

of 𝛽 values tested ranged from 0 to 0.5, in 0.1 increments. The higher the value of  

𝜌𝑠𝑝𝑙𝑖𝑡𝑛𝑜𝑠𝑒, the more that long periods of time have a series of fast or slow growth, should 

the index be highly correlated with growth. We tested scenarios with indices of varying 

levels of auto-correlation, ranging the 𝜌𝑠𝑝𝑙𝑖𝑡𝑛𝑜𝑠𝑒  values from 0.0 (i.e. white noise) to 0.8 

by 0.2 increments, and a final maximum high value of 0.95. 

The values for 𝛽 for OMs 2 and 3 were estimated by including the otolith index 

data as an index on the growth parameters, and applying the assessment to these data. 

The values for 𝛽 for OMs 4 and 5 were fixed at a high value of 0.3, as determined by the 

sensitivity analysis, with positive values for K and negative values for L∞, consistent with 

the notion of having opposite effects. 𝜌𝑠𝑝𝑙𝑖𝑡𝑛𝑜𝑠𝑒  and 𝜎𝑠𝑝𝑙𝑖𝑡𝑛𝑜𝑠𝑒
2  in OMs 2 and 4 were 

determined by fitting an AR-1 model to the otolith index obtained from Black (pers. 

comm.). As such, the environmental index in OM 2 had the most realistic 

characteristics, while OMs 3-5 were exploratory. 

Observation errors 

Observation error was added to the expected values for each data type in the OMs 

to generate data sets for use in the EMs (Table 2.2). Additional variability for each 

simulation was included in the form of independent and lognormally-distributed yearly 

deviations about a Beverton-Holt stock-recruitment relationship (Methot and Wetzel, 
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2013). A bias-correction factor (Methot and Taylor, 2011) was applied in the EM to avoid 

bias in estimation of expected recruitment when there is less data. 

Four observations of the environmental index were explored to examine the effects 

of including an incorrectly-observed index:  

i. 158 years of environmental indices (108 historical, 50 projected) observed without 

error; i.e., the index used to generate the data 

ii. 158 years of an independent time series of random errors (white noise), generated 

under N(0,1) 

iii. 20 years of historical environmental indices observed without error, with 50 years 

of projected indices, i.e. a shortened time series of data when there is insufficient 

historical information 

iv. 158 years of auto-correlated indices generated using the same model and values 

for 𝜌𝑝 and 𝜎𝑝
2 as the “true” index, but with a different starting seed, i.e. a time series 

of auto-correlated indices that seems plausible but is completely inaccurate 

These scenarios were similar to those described by Stawitz et al. (2015), where growth 

anomaly patterns were estimated to be in one of three predominant forms – trendless, 

sustained trend, and near-zero. Sensitivity of the EM to the accuracy of the environmental 

index was also examined, using OM 5 as a base. This was done by creating a second auto-

correlated index (𝜀𝑡,𝑤𝑟𝑜𝑛𝑔) using the same AR parameters and process (Eq. 3), and adding 

it to the true index (𝜀𝑡,𝑡𝑟𝑢𝑒) in varying proportions a, which ranged from 1 to 0 at 0.2 

increments, to create a new index (𝜀𝑡,𝑛𝑒𝑤): 

𝜀𝑡,𝑛𝑒𝑤 = √𝑎 ∙ 𝜀𝑡,𝑡𝑟𝑢𝑒 + √(1 − 𝑎) ∙ 𝜀𝑡,𝑤𝑟𝑜𝑛𝑔      (4) 
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This procedure therefore leads to a new environmental index for which 𝑎 ∙ 100% of the 

variance is correct, and (1 − 𝑎) ∙ 100% of the variance is auto-correlated noise (i.e., the 

correlation between 𝜀𝑡,𝑡𝑟𝑢𝑒 and 𝜀𝑡,𝑛𝑒𝑤  is √𝑎).  The new index 𝜀𝑡,𝑤𝑟𝑜𝑛𝑔 is calculated to have 

the same variance and first-order autocorrelation as the true index. 

Estimation methods 

The estimation scenarios mimicked an actual assessment process, by estimating 

model parameters and management reference points. Supplementary Table S1 lists the 

key parameters of the population dynamics model and how they are estimated in the EM. 

Two EMs were used – one where the index was included (𝛽 is estimated), and one where 

the index was not (𝛽 = 0). Each combination of OM, observation model, and EM is 

referred to as a scenario, and 16 scenarios were evaluated (Table 2.3). 

Performance evaluation 

Performance was evaluated for each scenario by (a) comparing spawning stock 

biomass (SSB), recruitment, and parameters from the OM with corresponding estimates 

from the EM, and (b) conducting forecasts of the OM in which future catches are based 

on management reference points estimated by the EM and summarizing the results of the 

projections in terms of “lost yield” and differences between ideal and anticipated stock 

status when management is based on the EM. Each of these components is discussed 

below. 

The estimation performance of the EMs was summarized using relative errors by 

year for SSB and recruitment, using RE = (𝜃 − 𝜃)/𝜃, and median absolute relative errors 

(MARE = median(|(θ̂ − θ)/θ|)) for other parameter estimates (e.g. growth, R0) and 

derived quantities (e.g. maximum sustainable yield MSY, virgin stock biomass B0, final 
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year biomass B2008). These median values were used as a measure of bias, as occasional 

outliers greatly skewed the mean values. MAREs have been used previously as a measure 

of precision for point parameter estimates (e.g. Johnson et al., 2014). 

The management implications of growth variability and how it is handled in the 

assessment were evaluated by assuming that management aims to follow a constant catch 

strategy, based on MSY, and implemented without error. This harvest strategy was 

selected for illustrative purposes. MSY is calculated from the base growth, the stock-

recruit, and the selectivity parameters (Methot and Wetzel, 2013), as found in the first 

year of the simulation, and unaffected by any time-varying biology. The simulated fishery 

system is projected forward using this constant-catch strategy, and the consequences 

evaluated using selected metrics. Projecting with the MSY obtained from the OM 

represents the “true” state of the resource for that replicate, with all relevant hypotheses 

associated with that OM. Recruitment in the OM during the forecast period is simulated 

given recruitment variation, while management performance during the forecast period 

is calculated by simulating future population sizes and catches given either that future 

growth is constant (for OM 1) or time-varying (for OMs 2-5). 

The EM was also used to estimate MSY, which was then used as the basis for 

projections for each year of a 50-year forecast period. These “estimated” catches were 

provided to the OM and a second set of projections undertaken in which the catches taken 

from the population in the OM were set to the “estimated” catches.  Thus, the OM was 

projected forward twice, once using the MSY from the OM (“true yield”) and once using 

the estimates of MSY from EM (“projected yield”). 

The risk for each EM given the true state of nature was calculated in terms of 

relative lost yield, the forecasted final year stock status, and the proportion of replicates 
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overfished (see below). With the exception of the final metric (proportion overfished), all 

the metrics were calculated for each simulation replicate, and the median value and 

interquartile range across replicates (representing central tendency and precision, 

respectively) reported. 

• Relative Lost Yield: Difference between estimated retained catch (yield from the 

EM) and true retained catch (yield from the OM) for the first projected year as 

a proportion of true catch ((projected yield – true yield) / true yield) 

• Final Stock Status: Ratio of projected (using MSY from EM) final spawning 

stock biomass to true (using MSY from OM) final stock biomass (projected B2058 

/ true B2058) 

• Proportion Overfished: Proportion of replicates where the final biomass is less 

than 0.25 of B0, which is the metric by which the stock would be declared 

overfished {Gertseva et al., 2009; number of [(projected B2058 / true B0) < 0.25] 

/ number of runs}. The final year is used in this metric as it would be near-

impossible for a fishery to recover from an overfished state under a constant-

catch harvest strategy without any intervention. 

RESULTS 

The simplified base model (Supplementary Figure S2.1c) had catch start in 1902, 

peaking in 1998 (Supplementary Figure S2.1a). Overall SSB increased when the 

environmental index was added, and the peaks and troughs in the time series appeared 

more pronounced (Supplementary Figure S2.1b).  

 Several replicates (10/1100) failed to converge (non-positive definite Hessian 

matrix), and were discarded. If a replicate failed within a single scenario, the results for 



 16 

 

that replicate for all scenarios were discarded. In a true assessment, model configurations 

could be manually adjusted to ensure convergence, but such methods would not be 

feasible in a simulation study so we instead discarded these few replicates. 

Estimation performance 

Time-invariant growth in OM 

The two EMs – one correctly specified (1-0-A), one over-parameterized (1-0-B) – 

performed well when growth was constant in the OM. There was a slight overall positive 

bias (measured in median RE) for SSB and recruitment for both EMs, although the 

median RE for each time series was less than 7%. Over-parameterization did not result in 

a substantial difference in the bias of SSB and recruitment because the assessment model 

generally estimated link parameters () close to zero (Figs. 2.2a(i) and 2.4a(i)). Base 

growth parameters were also estimated without bias and precisely, and were similar for 

the two EMs (Table 2.4). 

Correctly specifying environmental index in EM 

Most of the correctly-specified scenarios (2-1-B, 3-1-B, 4-1-B, 5-1-B; Figs. 2.2b-

e(ii), 2.4a(ii), 2.4b(ii)) were able to estimate SSB and recruitment accurately and precisely 

when growth was time-varying in the OM, with a similar bias to those from the scenarios 

with constant growth and either correct or over-parameterized models (Table 2.4). The 

only exception was when  was set to a higher value and growth was highly-varying (OM 

4; Fig. 2.2d), which greatly decreased precision, even if the median SSB and recruitment 

estimates across simulations were fairly unbiased (median relative error <13% for all 

years). 
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Misspecifying the time-varying index 

We examined two ways in which the environmental index used in the EM differed 

from the true index driving the population dynamics. 

The EM assumed that growth was constant up until the time series began in 

scenarios where the EM only had 20 out of the 108 years of the environmental data 

(observation model 2; scenarios 2-2-B and 5-2-B). Base growth parameters (K and L) 

tended to be under-estimated (Supplementary Table S2.2: rows 5 and 14) for these 

scenarios. These errors increased when growth parameters varied more over time 

(comparing OM 5 to OM 2). SSB was generally biased over time in these cases, with both 

positive and negative bias during portions of the time series. Median RE was positive at 

the start of the time series and became negative in the later years, and only tended to zero 

during the last few years of the time series, when growth was weakly climate-driven with 

the correct model and a shortened index (Fig. 2.4a(iii)). Precision was similar to that of 

the correctly-specified model for both SSB and recruitment (Fig. 2.4a(ii)). Comparatively, 

precision of the SSB and recruitment estimates was much poorer for the scenario with 

strongly climate-driven growth and the shortened index data (Fig. 2.4b(iii)) than when 

growth was weakly climate-driven. SSB was over-estimated (up to 50% for some years) 

for this OM, although the median REs became closer to zero when the environmental data 

started. 

In the sensitivity analysis using partially-correct indices (Eq. 4), bias in SSB and 

recruitment estimates remained relatively small when the index was correctly-specified 

compared to being correctly-specified up to 80% (a = 0.8), although precision decreased 

as the value of a decreased (Figs. 2.5(ii-iii)). Thereafter, as a decreased, estimates of SSB 

became increasingly biased (again, both positively and negatively) and less precise than 
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the model with a correct index (Figs. 2.5(iv-vi)), although bias in estimates of recruitment 

remained relatively small until the index was completely misspecified (a = 0; Fig. 

2.5(vii)), where the estimates of SSB became highly negatively biased in the later years. 

Completely misspecifying the environmental index, either as an equally auto-

correlated index or as random white noise (observation models 3 and 4), did not affect 

the estimation of the base growth parameters, SSB, and recruitment estimations when 

growth was weakly climate-driven (OM 2; Figs. 2.4a(iv) and 2.4a(v)). However, precision 

and accuracy of these estimates greatly decreased when growth was strongly climate-

driven (OM 5; Figs. 2.4b(iv) and 2.4b(v)). The point estimates of the base growth 

parameters in those scenarios were biased by >10% under when the index was wrong and 

growth was misspecified (Table 2.4). 

Model misspecification (not allowing for time-varying growth) 

Not allowing for time-varying growth resulted in imprecise and biased estimates 

of SSB (Figs. 2b-e(i)), although recruitment was estimated precisely and without bias 

(Figs. 3b-e(i)). Growth parameters were biased, with K being negatively biased, and L 

positively biased. The magnitude of bias in SSB and recruitment also increased with 

increasing  values (compare Figs. 2.2b(i) and 2.3b(i) with Figs. 2.2d(i) and 2.3d(i)). 

There was a large bias in the estimates of SSB and recruitment when the EM was 

misspecified (Figs. 2.2d and 2.3d), although the level of precision appears to be similar 

irrespective of whether the model was correctly specified or not. Misspecified EMs under 

OMs with high  values were the only scenarios where estimates of recruitment were 

biased (Fig. 3d(i)). Precision of SSB and recruitment also decreased in scenarios when 
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autocorrelation within the environmental index increased and growth was assumed 

constant in the EM (Fig. 2.2c(i), 2.3c(i) and Supplementary Figure S2.3). 

Sensitivity to high  values 

The magnitude of bias (in terms of median relative error) in the estimates of SSB 

and recruitment increased with the value for  when growth was assumed constant in the 

EM (Supplementary Figure S2.2). The pattern of bias (positive in the early years, and 

decreasing to become negative in the later years) remained the same across scenarios. 

Supplementary Figure S2 also shows that precision (measured using the inter-quantile 

range) of SSB and recruitment decreased as  was increased, regardless of whether 

allowance was made for time-varying growth in the EM. The problems in estimation 

found for high  values were probably caused by issues in the process of generating data. 

The high variance in growth caused fish to attain large sizes at young ages, and remain at 

that size during years where the index was at lower values, resulting in higher average 

sizes-at-age, as can be seen in Supplementary Table S2.3. 

Management implications 

Table 2.5 summarizes the implications of managing under a constant catch 

strategy, based on an estimate of MSY from monitoring data collected from the fishery 

and perhaps based on a misspecified assessment model. Median lost yield varied across 

scenarios, while median final stock status was similar, although inter-simulation 

variability differed. The proportion overfished differed across OMs, but was similar 

between EMs. 
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The proportions of replicates that resulted in overfished populations ranged from 

0.28 to 0.51 across the scenarios (Table 2.5). Some of the randomly generated recruitment 

deviations resulted in populations with extreme spawning stock biomass levels, both high 

and low, with low levels causing populations to crash. Low stock sizes might have 

contributed to the relatively high proportion of replicates being considered overfished, as 

shown by the 0.45 value from scenario 1-0-A, when the assessment was correctly specified 

and growth was time-invariant. 

Most EMs tended to provide MSY estimates that were median-unbiased, given the 

correct index data, regardless of whether time-varying growth was accounted for. 

However, inter-simulation variability (measured in terms of inter-quantile range), 

increased greatly when the EM was misspecified, i.e. growth was assumed to be constant 

(2-0-A, 3-0-A, 5-0-A). The exception to both these results was the OM 4, where  was set 

to a high level. In that case, there were negligible differences in MSY estimates between 

the misspecified EM with time-invariant growth and the correctly-specified EM (Table 

2.5, scenarios 4-O-A and 4-O-B). 

 The estimates of MSY were positively biased when the EM was based on an 

incorrect environmental index (scenarios 2-3-B, 2-4-B, 5-3-B, 5-4-B). This resulted in up 

to a median of 24% of yield being lost in the OM where growth is strongly climate-driven 

(OM 5; Table 2.5). Inter-simulation variability was very high for the scenarios based on 

OM 5, while this was not the case for the scenarios where growth was weakly climate-

driven (OM 2). Supplementary Table S2.4 shows an increase in inter-simulation 

variability of management quantities as the accuracy of the index decreased, although 

bias remained the same across scenarios. 
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 Model misspecification (i.e. assuming time-invariant growth when growth was 

actually varying over time) resulted in more biased and less precise estimates of MSY 

(Table 2.4), resulting in a larger median and wider range of lost yield across replicates 

respectively (Table 2.5). Table 5 also shows that the inter-quantile range of lost yield (i.e. 

the imprecision of MSY estimates) decreased when the EM was correctly specified, 

particularly when growth varied over time (e.g., comparing 3-0-A vs. 3-0-B). 

DISCUSSION 

Incorporating accurate growth indices resulted in higher precision and less bias in 

parameter estimates and management outcomes. These effects are more pronounced if 

the environmental index was highly auto-correlated and/or had high variance. The degree 

of bias and inaccuracies are largely defined by the variance of the time-varying index, and 

the strength of its auto-correlation. The risks of obtaining inaccurate or imprecise 

abundance estimates associated with including an inaccurate index with low variance 

seem on par with not including an index at all when growth was either weakly time-

varying or constant. On the other hand, including an inaccurate index (a < 0.6) or not 

including one at all when growth strongly correlated with an index of high variance 

resulted in highly biased and inaccurate estimates of stock size. Estimating time-varying 

growth when the growth index is correct results in the most precise and least biased 

estimates. Including an inaccurate index risks similar biases and precision in derived 

quantities as not including an index at all, although parameter estimates were slightly 

more accurate when growth is weakly time-varying. Allowing for time-varying growth in 

the form of an index does not risk significant degradation in estimation performance even 

when growth is not actually time-varying, although this scenario is unlikely (e.g., Stawitz 
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et al., 2015; Thorson and Minte-Vera, 2016). Therefore, inclusion of the index would likely 

improve the performance of the model, regardless of how accurate the index is, if the 

growth index under consideration is weakly auto-correlated and weakly linked to the 

growth parameters. 

Based on the results for OM 2, the most “realistic” OM, and the properties of the 

growth index developed in Black (2009), we would recommend consideration of 

including this index in the assessment of splitnose rockfish. If a climate-driven growth 

index were to be considered for use in an assessment, we would recommend fitting an 

AR-1 model to the index, using these parameters to generate new simulated growth 

indices, and simulation-testing their inclusion in the stock assessment model. The results 

were obtained from only one set of life history parameters, but the simulation-based risk 

analysis approach could be conditioned on the data and biology of other stocks to 

illustrate whether to include a growth index for a different specific stock assessment. 

A growth index for which 60% of the variance is correct (a = 0.6) could still lead to 

estimates of parameters and derived quantities that have similar bias and precision as not 

including the index at all, when growth is strongly time-varying (OM 5). This case study 

suggests that environmental indices should only be used when there is high confidence in 

their accuracy. For example, Thorson and Minte-Vera “Relative Magnitude of Cohort, 

Age, and Year Effects on Size at Age of Exploited Marine Fishes.” found that the best 

models with a single time-varying effect could explain on average 50% of variability in 

weight-at-age for exploited stocks, with year-effects (i.e., annual indices like those 

explored here) explaining approximately 45% of variability. Stawitz et al. (2015) described 

a state-space model that was fit to fishery-dependent and -independent data for 29 stocks 

of Pacific groundfish, and found that approximately 40% of the modeled stocks exhibited 
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time-varying growth. Whereas it is highly unlikely that it is possible to observe the true 

underlying mechanism by which growth varies over time and generate an exact 

environmental index, it may be feasible to identify an environmental index that has a 0.77 

(√𝑎 = 0.60) correlation with true variation in growth. This could be feasible by estimating 

similarities in growth variation among species (Stawitz et al., 2015).  Additionally, 

Maunder & Watters (2003) recommend an integrated approach with additional process 

error when including an environmental time series into stock assessment models. This 

was not examined here because it is not a standard feature within SS v3.24, used for this 

research, and should be a subject for future research. However, this approach could 

presumably be implemented using annual variation in growth, in addition to including 

the index multiplicatively, and the magnitude of additional variation in growth could be 

estimated using the Laplace approximation (Thorson et al., 2015a).   

Improving the accuracy of growth parameter estimates had a relatively small 

contribution to total predicted MSY. Furthermore, erroneous parameter and 

management quantity estimates had negligible impact on future stock size in this case 

study. This could have been an artifact of having both natural mortality M and steepness 

h parameters fixed in the assessment. These parameters exhibit a strong influence on 

reference point estimation, as shown in Mangel et al. (2013), and as such would limit the 

extent by which growth parameters could affect estimates of MSY. Furthermore, the 

studied species is long-lived and slow-growing, with a relatively high age of maturity, and 

a short time series of age data. MSY for long-lived species is expected to have similar 

sensitivity to changing growth parameters as short-lived species (Thorson et al., 2015b), 

so we do not expect MSY to be more sensitive to growth variation for short-lived species. 

Future work should thus consider assessments where there is more data on age and 
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growth, and/or these parameters are not pre-specified, or based on species where growth 

may vary more strongly over time (e.g., California Current petrale sole Eopsetta jordani 

or Gulf of Alaska walleye pollock; Stawitz et al., 2015) to more fully determine the effects 

of incorporating a time-varying index on growth. Alternate forms of time-varying growth 

such as the sine-wave model or AR models with more lags could also be tested for larger 

scale effects. 

In addition, implementing constant catch exactly (i.e. without error) is unlikely to 

be the best strategy to use for forecasting the effects of including a time-varying growth 

index in assessments. The risk analysis approach can be extended to be based on 

alternative management strategies to perform a full management strategy evaluation 

(Punt et al., 2016). Conducting an MSE would allow managers to better assess the 

consequences of including a time-varying growth index in a management strategy that 

applies harvest control rules (Punt et al., 2016). Punt et al. (2014) summarize studies 

where this has been done for recruitment. 

There has been a recent push to move from single-species towards ecosystem-

based fisheries management (EBFM; Pikitch et al., 2004), where environmental factors 

are taken into consideration to manage the ecosystem as a whole. Therefore, there is a 

need to further explore various methods  for incorporating  time-varying growth into 

assessments that can be also done using other methods as outlined in Thorson and Minte-

Vera (2016), or using an ensemble modelling approach (Hollowed et al., 2009). The 

simulation approach described here can be used as a step towards addressing and 

incorporating climate effects into somatic growth for a single species. By applying this 

framework to the splitnose-rockfish-like population, the results in the summary table 

indicate that modelling time-varying growth in the stock assessment would be 
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appropriate. More work is needed to test the effects of different indices and other 

management strategies to fully determine the impacts of incorporating such indices into 

management. 

 

SUPPLEMENTARY MATERIALS 

Supplementary figures and tables can be found in Appendix A.
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TABLES 

Table 2.1 Summary of OMs, and their associated values. 

Number OM 
Strength of 

Relationship 
𝜷𝑳,𝒇 𝜷𝑳,𝒎 𝜷𝚱,𝒇 𝜷𝚱,𝒎 𝜎𝑝

2 

Degree of 
Auto-

correlation 
(𝝆𝒑) 

1 Not Climate-Driven 
No 
relationship 

0 0 0 0 0.88 Weak (0.33) 

2 Weakly Climate-Driven Weak -0.12 
-

0.083 
0.13 0.22 0.88 Weak (0.33) 

3 Climate-Driven (High AR) Weak -0.12 
-

0.083 
0.13 0.22 0.88 Strong (0.95) 

4 Climate-Driven (High Beta) Strong -0.3o -0.3o 0.3o 0.3o 0.88 Weak (0.33) 

5 
Climate-Driven (High AR 
and High Beta) 

Strong -0.30 -0.3o 0.3o 0.3o 0.88 Strong (0.95) 
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Table 2.2 Data types and error structures used in data generation (Gertseva et al., 2009). 

Data Type Years 
Error 
Distribution 

Measure of Uncertainty 

Catch – Fishery 1900 - 2008 Lognormal SE of log(value) = 0.01 

Abundance indices – Survey 2003 - 2008 Lognormal SE of log(value) = 0.25-0.34 

Length compositions – Fishery 1978 - 2008 Multinomial Effective N = 505.4 

Length compositions – Fishery (Discard) 
1987; 2006 - 
2007 

Multinomial Effective N = 505.4 

Length compositions – Survey 2003 - 2008 Multinomial Effective N = 1339 

Conditional age-at-length compositions – 
Survey 

2003 - 2008 Multinomial Effective N = 124.3 

Mean body weight – Fishery 2002 - 2008 Lognormal CV = 0.3 

Discards – Fishery 
1987; 2002 - 
2007 

Lognormal 
CV = 0.5 (1987); 0.2 (2002-
2007) 

Environmental index – Black (2009) 1936 - 2006 Known exactly   
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Table 2.3 Summary of scenarios tested. 

OM 
Observation of 

Env Index 
EM 

Scenario 
Label 

Scenario Name 

1 
Not Climate-

Driven 

NA Constant 1-0-A Constant growth with correct EM 

Wrong Time-varying 1-0-B Constant growth with over-parameterized EM 

2 
Weakly 

Climate-
Driven 

NA Constant 2-0-A 
Weakly climate-driven growth with incorrect 
EM 

Exact Time-varying 2-1-B 
Weakly climate-driven growth with correct EM 
and index 

Exact (final 20 years 
only) 

Time-varying 2-2-B 
Weakly climate-driven growth with correct EM 
and shortened index 

Wrong (AR-1 model) Time-varying 2-3-B 
Weakly climate-driven growth with correct EM 
and wrong AR index 

Wrong (white noise) Time-varying 2-4-B 
Weakly climate-driven growth with correct EM 
and wrong random index 

3 
Climate-

Driven (High 
AR) 

NA Constant 3-0-A 
Highly autocorrelated growth with incorrect 
EM 

Exact Time-varying 3-1-B 
Highly autocorrelated growth with correct EM 
and index 

4 
Climate-

Driven (High 
Beta) 

NA Constant 4-0-A Highly-varied growth with incorrect EM 

Exact Time-varying 4-1-B 
Highly-varied growth with correct EM and 
index 

5 

Climate-
Driven (High 
AR and High 

Beta) 

NA Constant 5-0-A 
Strongly climate-driven growth with incorrect 
EM 

Exact Time-varying 5-1-B 
Strongly climate-driven growth with correct 
EM and index 

Exact (final 20 years 
only) 

Time-varying 5-2-B 
Strongly climate-driven growth with correct 
EM and shortened index 

Wrong (AR-1 model) Time-varying 5-3-B 
Strongly climate-driven growth with correct 
EM and wrong AR index 

Wrong (white noise) Time-varying 5-4-B 
Strongly climate-driven growth with correct 
EM and wrong random index 
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Table 2.4 MAREs for the model parameters and derived quantities. The colours go from white to red by order of magnitude, 

with 0 being white, and larger absolute values being red. The growth parameters in these table are the base parameters of 

the model, i.e. before the index effects took place. Asterisks (*) denote median absolute (not relative) error as the true values 

for those parameters are zero. 

State of 
Nature 
(OM) 

Scenario Parameters 
Derived 

Quantities 
Kf Km L∞,f L2,m 1,f 1,m 2,f 2,m CV0,f CV0,m CV∞,f CV∞,m lnR0 B0 B2008 MSY 

Not 
Climate-
Driven 

1-0-A 0.01 0.01 0.00 0.00 NA NA NA NA 0.02 0.02 0.01 0.01 0.00 0.04 0.12 0.04 

1-0-B 0.01 0.01 0.00 0.00 0.01* 0.01* 
0.00

* 
0.00

* 
0.02 0.02 0.01 0.01 0.01 0.03 0.12 0.04 

Weakly 
Climate-
Driven 

2-0-A 0.20 0.19 0.07 0.05 NA NA NA NA 0.03 0.03 0.06 0.05 0.01 0.21 0.15 0.05 

2-1-B 0.03 0.02 0.01 0.01 0.23 0.13 0.09 0.1 0.03 0.02 0.02 0.02 0.01 0.05 0.16 0.04 

2-2-B 0.17 0.16 0.05 0.04 0.91 0.4 0.54 0.49 0.03 0.03 0.06 0.04 0.00 0.2 0.12 0.08 

2-3-B 0.08 0.07 0.03 0.02 1.59 1.11 1.33 1.41 0.03 0.02 0.03 0.02 0.01 0.15 0.18 0.05 

2-4-B 0.11 0.08 0.04 0.02 2.09 1.05 0.71 1.49 0.03 0.02 0.03 0.02 0.01 0.17 0.15 0.06 

Climate-
Driven 
(High 
AR) 

3-0-A 0.13 0.14 0.06 0.04 NA NA NA NA 0.04 0.03 0.05 0.04 0.02 0.18 0.23 0.10 

3-1-B 0.02 0.01 0.00 0.00 0.15 0.10 0.04 0.03 0.02 0.02 0.01 0.01 0.00 0.03 0.14 0.04 

Climate-
Driven 
(High 
Beta) 

4-0-A 0.51 0.56 0.28 0.31 NA NA NA NA 0.13 0.05 0.23 0.22 0.03 0.61 0.45 0.14 

4-1-B 0.02 0.03 0.01 0.01 0.08 0.09 0.02 0.03 0.03 0.02 0.02 0.02 0.01 0.13 0.21 0.12 

Climate-
Driven 
(High 

AR and 
High 
Beta) 

5-0-A 0.38 0.44 0.21 0.23 NA NA NA NA 0.10 0.08 0.23 0.23 0.05 0.31 0.59 0.36 

5-1-B 0.02 0.01 0.00 0.00 0.09 0.09 0.01 0.01 0.03 0.02 0.01 0.01 0.01 0.05 0.17 0.05 

5-2-B 0.38 0.43 0.15 0.17 1.44 1.83 0.56 0.58 0.06 0.05 0.13 0.11 0.02 0.56 0.32 0.3 

5-3-B 0.68 0.8 0.43 0.48 1.34 1.41 1.08 1.18 0.12 0.05 0.10 0.07 0.05 1.00 0.59 0.7 

5-4-B 0.25 0.26 0.13 0.15 2.38 2.35 1.27 1.24 0.09 0.07 0.09 0.08 0.06 0.47 0.78 0.49 
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Table 2.5 Table summary of all scenarios tested. 

Scenario 
Label 

Scenario Name 

Performance Metric 

Relative Yield 
Lost 

(Interquartile 
Range) 

Est B2058/ True 
B2058 

(Interquartile 
Range) 

Proportion 
of Replicates  
Overfished 

1-0-A Constant growth with correct EM 0.0249 (0.0682) 0.955 (0.11) 0.45 

1-0-B Constant growth with over-parameterized EM 0.0254 (0.0687) 0.955 (0.109) 0.45 

2-0-A Weakly climate-driven growth with incorrect EM 0.0666 (0.0859) 0.933 (0.106) 0.31 

2-1-B 
Weakly climate-driven growth with correct EM 
and index 

0.0436 (0.0634) 0.959 (0.0837) 0.28 

2-2-B 
Weakly climate-driven growth with correct EM 
and shortened index 

0.0918 (0.0818) 0.912 (0.126) 0.34 

2-3-B 
Weakly climate-driven growth with correct EM 
and wrong AR index 

0.0633 (0.0919) 0.942 (0.121) 0.32 

2-4-B 
Weakly climate-driven growth with correct EM 
and wrong random index 0.0628 (0.0922) 0.93 (0.094) 0.33 

3-0-A Highly autocorrelated growth with incorrect EM 0.0251 (0.192) 0.959 (0.293) 0.43 

3-1-B 
Highly autocorrelated growth with correct EM 
and index 

0.0329 (0.0574) 0.952 (0.098) 0.47 

4-0-A Highly-varied growth with incorrect EM 0.134 (0.289) 0.95 (0.171) 0.32 

4-1-B Highly-varied growth with correct EM and index 0.131 (0.278) 0.941 (0.216) 0.33 

5-0-A Strongly climate-driven growth with incorrect EM -0.0308 (0.758) 1.00 (0.555) 0.42 

5-1-B 
Strongly climate-driven growth with correct EM 
and index 

0.0217 (0.1) 0.985 (0.105) 0.45 

5-2-B 
Strongly climate-driven growth with correct EM 
and shortened index 

0.237 (0.577) 0.909 (0.681) 0.52 

5-3-B 
Strongly climate-driven growth with correct EM 
and wrong AR index 

0.206 (1.57) 1.00 (0.844) 0.50 

5-4-B 
Strongly climate-driven growth with correct EM 
and wrong random index 

-0.097 (1.05) 1.01 (0.631) 0.47 
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FIGURES 

 

 

Figure 2.1 Flowchart depicting the general steps of the simulation process. Multiple 

operating and observation models were considered, but this is not shown here. 
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Figure 2.2 Time series of relative errors in estimates of spawning stock biomass for 

scenarios with the correctly-specified index data (i.e. OM-0-A and OM-1-B). Each row 

represents a different OM (1-5), and each column represents an EM (A and B). E.g. a(i) 

corresponds to scenario 1-0-A, a(ii) to 1-1-B, etc. The black line is the median relative 
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error, the light grey area the 50% simulation intervals, the dark grey area 95% simulation 

intervals.
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Figure 2.3 Time series of relative errors in estimates of recruitment for scenarios with the 

correctly-specified environmental index data (i.e. OM-0-A and OM-1-B). Each row 

represents a different OM (1-5), and each column represents an EM (A and B). E.g. a(i) 

corresponds to scenario 1-0-A, a(ii) to 1-1-B, etc. The black line is the median relative 
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error, the light grey area the 50% simulation intervals, the dark grey area 95% simulation 

intervals. 



 

 

36 

 

Figure 2.4 Time series of relative errors in estimates of spawning stock biomass (top row) and recruitment (bottom row) 

showing the effects of varying the observation model. Each column represents a scenario, and the labels correspond to the 

scenario. Panel a shows results from the weakly climate-driven OM (OM 2), while panel b shows results from the strongly 

climate-driven OM (OM 5). Labels (i-v) correspond to observations of environmental index 0-4, with their respective EM. 

E.g. a(i) corresponds to scenario 2-0-A, a(ii) to 2-1-B, a(iii) to 2-2-B, b(i) to 5-0-B etc. The black line is the median relative 

error, the light grey area the 50% simulation intervals, the dark grey area 95% simulation intervals. 
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Figure 2.5 Time series of relative errors in estimates of spawning stock biomass (top row) and recruitment (bottom row) 

showing the results of the sensitivity analysis to the accuracy of the index. Each column represents a scenario, and the labels 

correspond to the scenario. (i) corresponds to scenario 5-0-A, and (ii-vii) to scenarios where the a value (Eq. 4) goes from 1 

to 0, in 0.2 increments ((ii) also corresponds to scenario 5-1-B). The black line is the median relative error, the light grey 

area the 50% simulation intervals, the dark grey area 95% simulation intervals.  
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CHAPTER 3 EXTRACTING A TIME-VARYING CLIMATE-DRIVEN 

GROWTH INDEX FOR USE IN STOCK ASSESSMENT MODELS 

ABSTRACT 

Understanding the characteristics of individual growth is a critical component of 

population dynamics. Most fisheries stock assessments assume constant values for each 

life history parameter, despite growing evidence that growth is plastic at individual, 

temporal, and spatial scales. Otoliths contain important information pertaining to age 

and growth, among other things, and otolith increment data correlate with climate indices 

on a decadal scale. We expand on this concept to include individual-level variation, and 

developed a nonlinear mixed-effects model to analyze otolith increment data, 

incorporating both individual- and year-varying random effects. We then fit the model to 

otolith increment data for splitnose rockfish, and simulation-tested the ability to precisely 

estimate year effects without bias. Generally, given a sample size of at least 50 otoliths, 

the model performed well at estimating year effects. With this method, species-specific 

indices of growth can be extracted from otolith increment data, and potentially be used in 

stock assessments to detect the effects of climate change on fish growth. 

INTRODUCTION 

Climate can have varying degrees of impact on a population depending on life history 

stage, and these impacts are often highly complex and difficult to isolate (Black, 2009). 

Understanding variability in life history characteristics in space and time further helps 

determine the most appropriate assessment model structure as well (Gertseva et al., 

2010), while time-variation in biological rates adds complexity to the definition of 
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management targets (Thorson et al., 2015). Estimating the growth of individual fish is 

important to stock assessment modelling, as growth is one component of the productivity 

of a stock. Currently, most stock assessments assume time-invariant growth rates 

(Lorenzen, 2016), even though there is an increasing number of studies that show that 

growth actually varies over time (e.g. Black, 2009; Stawitz et al., 2015; Thorson and 

Minte-Vera, 2016), particularly in response to environmental factors such as temperature 

and food availability (Brett, 1979; Weatherley, 1990). 

Collecting long-term (multiple decades) growth data on marine fish populations is 

often a lengthy and costly process, which makes mechanistic understanding of growth 

drivers difficult, and indices of growth variation hard to obtain. Stawitz et al. (2015) 

described a state-space Bayesian modeling approach that uses fishery-dependent and –

independent data to detect the presence of growth variation. However, sampling 

procedures (such as selectivity) could potentially be confounded in the annual growth 

anomalies, as acknowledged by the authors. Measurement of annually-formed growth 

increments, using a method known as dendrochronology, has been proposed as an 

alternative to direct measurements for the reconstruction of time series of environmental 

variation in growth (Black et al., 2005; Strom et al., 2004; Weisberg, 1993). 

Dendrochronology may be costly and time-consuming (Stawitz et al., 2015), but would 

form a fishery-independent source of data as back-calculation would allow for 

observations for ages that are rarely sampled perhaps due to gear selectivity (Ballagh et 

al., 2011; López-Abellán et al., 2008). Additionally, otoliths contain historical information 

about growth that would allow of reconstruction of growth time series potentially dating 

back to before size-at-age data were available (Begg et al., 2005). 
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In terrestrial forested ecosystems, tree ring data have been widely used to 

reconstruct various aspects of climate, disturbance, and community dynamics, and are 

accepted as a proxy for capturing changes in the environment (e.g. measuring a species’ 

sensitivity to climate). Similarly, bony fish are known to deposit annual rings on their 

otoliths, much like tree rings (Pannella, 1980). Studies have previously examined the 

application of dendrochronology techniques to reconstruct time series of ocean 

conditions (Black, 2009; Strom et al., 2004). Widths between each ring on otoliths of 

splitnose rockfish (Sebastes diploproa) were measured, and detrended using cubic 

splines and autoregressive models to remove any age-related trends in the data (Black et 

al., 2005). The resulting time series was averaged to create an environmental index for 

the species, which was then found to be strongly correlated with various productivity 

indicators in the California Current Ecosystem and other dendrochronology indices 

obtained from trees and other marine species in the area (Black, 2009).  However, early 

years of growth data for each otolith – particularly critical in short-lived species (Weisberg 

et al., 2010) – were removed from the study to allow for better model fit, which could 

affect the strength of the relationship between growth and the environment, as well as the 

precision of the resulting indices. 

Rather than the use of cubic splines by Black et al. (2005), fish growth is often 

described with a nonlinear model such as a von Bertalanffy growth curve (Essington et 

al., 2001; Von Bertalanffy, 1957), although this has not been specifically applied to otolith 

increment data. Mixed effects models – where fixed effects describe the entire population, 

and random effects are associated with randomly-selected experimental units within the 

population (Pinheiro and Bates, 2000) – are often used to describe incremental growth 

data, repeatedly measured on the same individuals over a period of time ("longitudinal 
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data", Liang and Zeger, 1986; Zeger and Liang, 1986). This method apparently originated 

from a study on bacon pigs (Wishart, 1938), and continuing on to emus (Palmer et al., 

1991), clams (Escati-Peñaloza et al., 2010), and tree rings (Xu et al., 2014). Weisberg et 

al. (2010) described additive linear mixed effects models that were empirically used with 

otolith and increment data for Pacific halibut (Hippoglossus stenolepis) and smallmouth 

bass (Micropterus dolomieu) respectively, where year and individual effects were treated 

as random. A modified von Bertalanffy curve (Von Bertalanffy, 1957) was also fit to the 

data, although it did not perform well with this parameterization, and only age (and not 

year or individual) effects were estimated. Furthermore, the models by Weisberg et al. 

(2010) were not simulation-tested, nor were the year effects cross-validated with other 

local species, as was done in Black (2009). 

The main purpose of this study was to develop a mixed effects model using a von 

Bertalanffy curve – the most commonly used growth model in stock assessment – that 

incorporates both random individual effects and random year effects, with the aim of 

obtaining a time-varying index of growth from otolith increment data. The model was 

tested on its ability to accurately detect and estimate year effects from simulated otolith 

increment data, given different samples sizes, life histories, and levels of process and 

measurement error. To our knowledge, this method (and its parameterization) has not 

been applied previously for the analysis of otolith band widths for use in estimating 

climate indices, and has only been made more accessible due to recent developments in 

nonlinear minimization software. 



 

 

42 

METHODS 

Model description 

There are three sources of random variation in the model – the year effects, individual 

within-fish variation, and process error. Year effects could come from any environmental 

factor or time-varying factor, while individual effects could potentially come from genetic, 

environmental or behavioural differences. Process error could come from unknown 

processes leading to stochasticity and variability in the population dynamics (Rosenberg 

and Restrepo, 1994). The otolith width (i.e. width of the otolith measured along an axis 

from the core; 𝑤) for individual i at year t was modeled using a von Bertalanffy growth 

function (Von Bertalanffy, 1957): 

𝑤𝑖,𝑡 = {
𝑤∞,𝑖,𝑡 (1 − 𝑒(−𝛫𝑖,𝑡(𝑡−𝑡0))) + 𝜀𝑖𝑛𝑐                                         𝑓𝑜𝑟 𝑡 = 1

𝑤𝑖,𝑡−1 + (1 − 𝑒−𝐾𝑖,𝑡)(𝑤∞,𝑖,𝑡 − 𝑤𝑖,𝑡−1) + 𝜀𝑖𝑛𝑐          𝑓𝑜𝑟 𝑡 > 1
   

𝜀inc ~ 𝑁𝑜𝑟𝑚𝑎𝑙(0, 𝜎inc)         (1a) 

where 𝑤∞ is the asymptotic width of the otolith along that axis, 𝛫 is the intrinsic growth 

rate, 𝑡0 is the birth year of the fish (essentially (𝑡 − 𝑡0) is the age of the fish), 𝜀𝑖𝑛𝑐 is the 

process stochasticity, and 𝜎inc is the standard deviation of the process error. 𝑡0 was not 

estimated within this model because this is not needed to estimate year effects on growth. 

Eq 1a can also be modified to model otolith growth increments, as opposed to overall 

widths: 

𝑤𝑖,𝑡 − 𝑤𝑖,𝑡−1 = (1 − 𝑒−𝐾𝑖,𝑡)(𝑤∞,𝑖,𝑡 − 𝑤𝑖,𝑡−1) + 𝜀𝑖𝑛𝑐 𝜀inc ~ 𝑁𝑜𝑟𝑚𝑎𝑙(0, 𝜎inc)     (1b) 

Environmental factors can sometimes have effects on both 𝑤∞ and 𝛫, often with inverse 

effects (Brunel and Dickey-Collas, 2010; Kimura, 2008), as there is inherent confounding 

between growth rate and asymptotic size (Essington et al., 2001; Weisberg et al., 2010). 
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This confounding stems from the derivation of the parameters in this model, where 𝛫 is 

is a function of a catabolic factor, and 𝑤∞ is a ratio of anabolic to catabolic factors (as 

described in Essington et al., 2001; Vincenzi et al., 2016). Normally-distributed random 

individual effects 𝜀𝑤∞,𝑖 and 𝜀Κ,𝑖 and year effects 𝜀𝑡 were added to the 𝛫 and 𝑤∞ parameters: 

Κi,t = Κ𝑏𝑎𝑠𝑒 ∙ 𝑒𝜀Κ,𝑖 + 𝛽Κ∙𝜀𝑡    𝜀Κ,𝑖 ~ 𝑁𝑜𝑟𝑚𝑎𝑙(0, 𝜎Κ)   

𝑤∞,𝑖,𝑡 = 𝑤∞,𝑏𝑎𝑠𝑒 ∙ 𝑒𝜀𝑤∞,𝑖 + 𝛽𝑤∞∙𝜀𝑡    𝜀𝑤∞,𝑖 ~ 𝑁𝑜𝑟𝑚𝑎𝑙(0, 𝜎𝑤)  

 𝜀𝑡 ~ 𝑁𝑜𝑟𝑚𝑎𝑙(0,1) (2) 

where 𝛫𝑏𝑎𝑠𝑒  and 𝑤∞,𝑏𝑎𝑠𝑒  are the base, mean growth parameters, 𝛽Κ and 𝛽𝑤∞
 are 

parameters linking the growth parameter to the year effects, scaling the year effects 

accordingly, and 𝜎Κ and 𝜎𝑤 are the standard deviations of the individual effects. The year 

effects are modelled as a single factor identical between the 𝛫 and 𝑤∞ parameters – a joint 

model (Warton et al., 2015) that also describes correlation between the two growth 

parameters over time. They are presumed to be normally-distributed with a mean of 0 for 

computational convenience such that the model can estimate the mean growth 

parameters efficiently, with the population generally following an overall mean growth 

curve. If the combination of individual effect, year effect, and observation error resulted 

in negative fish growth (i.e. when 𝑤𝑖,𝑡,𝑜𝑏𝑠𝑒𝑟𝑣𝑒𝑑  was greater than 𝑤∞), that growth increment 

was resampled at the measurement error level until the increment was positive. If after 

50 re-samples, the increment remained negative, it was set to 0.0000001, as otolith 

growth continues even when fish growth is negligible, due to the physiochemical process 

involved in otolith growth (Ashworth et al., 2016). 
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Estimation method 

Using Eq. 1b and 2, a nonlinear mixed-effects estimation model was developed to quantify 

individual and temporal variation in otolith growth increments. This model was 

implemented using Template Model Builder (TMB; Kristensen et al., 2016). 𝛽Κ and 𝛽w 

were freely-estimated, to allow estimation of a positive or negative correlation with the 

year effects. 𝜀𝑡 was estimated independently (i.e. without an autoregressive component) 

within this model, with a normal distribution of mean 0 and standard deviation of 1. This 

was to allow for analyses of the year effects to be done external to this model procedure, 

such as fitting AR-1 models to them. 

Fits to data 

Several versions of the estimation method were fit to actual otolith increment data 

for splitnose rockfish (Black, pers. comm.). These include a model with no individual nor 

year variation in growth parameters, a model with only individual effects, a model with 

only year effects, and a model with both year and individual effects. The resultant index 

of year effects was compared to the published normalized index (Black, 2009; henceforth 

referred to as the 'published index') using linear regression through the origin. 

Simulation study 

The estimation model was tested in terms of ability to a) detect the absence of year 

effects, b) correctly estimate year effects given various sample sizes, and c) correctly 

estimate year effects given different levels of process error. This was accomplished using 

simulated datasets, where the true growth model and year effects were known. 
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Simulations were used to examine the sensitivity of the ability to estimate year 

effects to the amount and the quality of data, and hence to determine how much data are 

needed to gain an accurate representation of the year effects over 150 years. The number 

of years was chosen such that it was a longer time period than the longevity of the oldest 

fish, but short enough that the least oldest fish could theoretically span that time. Three 

life histories were simulated, based on species that were short-lived and fast-growing (e.g. 

Pacific sardine Sardinops sagax), medium-lived and fast-growing (e.g. petrale sole 

Eopsetta jordani), and long-lived and slow-growing (e.g. splitnose rockfish). Each life 

history had a unique set of base growth parameters (𝛫𝑏𝑎𝑠𝑒  and 𝑤∞,𝑏𝑎𝑠𝑒) and maximum 

age. Each combination of life history, amount of data (number of fish, minimum age of 

all otoliths as a percentage of the maximum age), and amount of individual and process 

variance constitutes a scenario. 100 datasets were generated for each scenario, and the 

model fit to each dataset, resulting in 100 replicates per scenario. Table 3.1 shows the 

values tested for each factor, and each combination of factors that constitutes a scenario. 

Operating model 

One hundred datasets were generated for each scenario, and the model fit to these 

data. Table 3.2 shows the parameters used in the data simulation process. Parameter 

values were obtained by applying an early version of the estimation model to actual 

splitnose rockfish otolith data (Table 3.1; Black, pers. comm.), with the exception of 𝛽Κ, 

which was set to -0.001 instead of 1.9E-27, in order for there to be some time-varying 

component to Κ. The Κ𝑏𝑎𝑠𝑒  and 𝑤∞,𝑏𝑎𝑠𝑒values for splitnose rockfish were used for the long-

lived species, while the values for these parameters for the other life histories were 

arbitrarily chosen. For each individual fish, its birth year, final age, and the age at which 
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increments first begin were randomly generated from uniform distributions (Table 3.3), 

although each individual had at least three growth increments, and increments were 

bounded to be greater than zero. Year effects 𝜀𝑡 were also randomly generated with an 

autoregressive lag-1 (AR-1) process, adapted from Thorson et al. (2014): 

 𝜀𝑡 = {𝜌𝜀𝑡−1 + √1 − 𝜌2𝜔𝑡

𝜔𝑡

 for 𝑡>1
for 𝑡=1

      

𝜔𝑡 ~ Normal (
−1

2
×

1−𝜌

√1−𝜌2
, 1)     (3) 

where 𝜌𝑠𝑝𝑙𝑖𝑡𝑛𝑜𝑠𝑒  is the AR-1 coefficient, and 𝜔𝑡 is independent and identically normally 

distributed variation for year t, with a standard deviation of 1. The year effects used to 

generate the data were unique to each replicate, and considered the “true” year effects for 

that replicate. Based on these parameters, Eq. 1 and 2 were used to simulate otolith 

increment data for each replicate. 

Scenarios 

Twelve combinations of number of otoliths and minimum age of the otolith (i.e. 

any otoliths younger than this age were discarded; measured as a proportion of the 

maximum age), for each of the three life histories, resulting in 36 scenarios (Table 3.2). 

These factors were selected due to the confounding natures of the individual and year 

effects, and their values demonstrate a wide range of sample sizes to determine a sample 

size sufficient to accurately and precisely estimate the year effects. The estimation method 

was tested in terms of its ability to detect a lack of year effects (i.e. when 𝜀𝑡 = 0 for all t). 

One data-poor, one data-moderate, and one data-rich scenario were selected (Table 3.4) 

and 100 datasets were simulated with no year effect. Non-informative starting values 
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were used for all parameters of the model, except for Κ𝑏𝑎𝑠𝑒  and 𝑤∞,𝑏𝑎𝑠𝑒  where the true 

parameters were used as starting values. 

Sensitivity analyses 

One data-poor, one data-moderate, and one data-rich scenario (the parameters 

used to test for detection of non-time-varying growth; Table 3.4) were selected to examine 

the estimation method’s sensitivity to process error. The values tested for the process 

error parameter 𝜎inc were 0.001, 0.001, 0.01, 0.1, and 0.5. 

The data-moderate scenario was used to test the sensitivity to values of 𝜎Κ and 𝜎w. 

For each parameter, the value ranged from 0.01 to 0.10, in 0.03 increments, and each 

combination of parameters was tested as a scenario. 

The medium-lived species was used to test the sensitivity of the estimation method 

to the values of 𝛽Κ and 𝛽w. For 𝛽w, the values tested were 0.001, 0.01, and 0.1, while the 

values for 𝛽Κ were set to negative of the same values. Each combination of parameters 

was tested as a scenario, with varying sample sizes, similar to the data-availability 

scenarios. In addition, 𝛽Κ and 𝛽w were set to the values obtained from fitting the published 

index to weight-at-age data in the stock assessment for splitnose rockfish (Chapter 2; 

Gertseva et al., 2009), in which 𝛽Κ was found to be 0.13 and 𝛽w -0.12. 

Performance metrics 

This model as defined (Eq. 1-3) is susceptible to “label switching” (Redner and 

Walker, 1984), where two combinations of the three parameters lead to the same 

likelihood value. Specifically, multiplying the two 𝛽 parameters and 𝜀𝑡 by -1 results in the 

same likelihood value. As such, the root mean squared error (RMSE) of the estimated year 
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effects were calculated twice – once based on the estimated year effects, and once based 

on a “label switched” estimate  of year effects (where 𝜀𝑡 was multiplied by -1) – and the 

minimum of the two recorded. Based on this result, median absolute error (AE = 𝜃 − 𝜃) 

of the year effects was used to evaluate the performance of the estimation method, where 

𝜃 represents the estimated value (from the estimation method, either multiplied by -1 or 

not, depending on RMSE) and 𝜃 represents the true value (from the operating model). 

The correlation between the true time series of year effects and the estimated time series 

was also investigated using linear regression with the intercept set to 0. The adjusted R2 

value and the median standard deviation of the error (𝜎) were used to determine the 

strength of this correlation. The threshold for the correlation between the true time series 

and the estimated year effects was set as 0.77, as determined by Chapter 2. Median 

relative errors (RE = (𝜃 − 𝜃)/𝜃) of all fixed effect were used to summarize the 

performance of the estimation method. 

RESULTS 

Simulation-testing 

Scenarios with less informative data (low sample size, minimum age limit, and 

shorter-lived species) tended to have more runs that failed to converge, where the final 

gradient of marginal likelihood for each fixed effect was greater than 10-6. This was due in 

part to there being some years with no data at all (as to be expected in the data-poor 

situations given a low number of short-lived fish), or the inability to find suitable 

parameters to fit to the data. Additionally, more replicates failed to converge when the 

parameters relating to the variances of the random effects (i.e. 𝛽Κ, 𝛽𝑤∞
, 𝜎inc, 𝜎Κ, and 𝜎w) 
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were high. In a scenario with actual data, the modeler could tune the estimation method 

by giving it better starting values. However, given that there were over 8000 replicates in 

this study, this was not feasible. The ability to obtain unbiased and precise estimates of 

the year effects also depended on the values for the parameters used to generate the data, 

particularly those for the same parameters relating to the variance of the random effects. 

Figure 3.1 shows an example dataset and its corresponding year effects.  

The model generally performed well in terms of its ability to recognize and estimate 

constant, time-invariant growth across the three data-availability scenarios (Figure 3.2). 

Specifically, median absolute error of year effects were estimated at near zero in the data-

poor and data-moderate scenarios, while 𝛽Κ and 𝛽𝑤∞
 were estimated very close to zero in 

the data-moderate and data-rich scenarios. Given that the true values of the year effects 

and both  𝛽Κ and 𝛽𝑤∞
 were zero in the operating model, the absolute errors thus also show 

that the estimated values were estimated near zero. Overall, the variances of individual 

effects were imprecisely estimated, regardless of data availability. Accuracy and precision 

of the fixed effects increased, and bias decreased, with increased data availability. 

The number of otoliths sampled had the largest impact on the estimation method’s 

ability to precisely estimate year effects without bias, with the greatest impact on the 

short-lived species (Figure 3.3). As expected, larger sample sizes led to more accurate and 

precise estimates of year and fixed effects, and this result holds true for all life histories. 

Fewer samples (number of otoliths = 20) were required to obtain unbiased year effect 

estimates for the long-lived species. The estimation method could obtain unbiased and 

precise estimates of the year effects across all life histories for the largest sample size 

tested (number of otoliths = 100; Figure 3.3). For the long-lived species, the first few and 

last few years of the time series were the least precisely-estimated, which was expected 
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given that there would be more data on the years in the middle of the time series than on 

the ends. The rate of convergence also increased with longer-lived life history strategies, 

with a convergence rate of 62-78% in the short-lived species, 69-86% in the medium-lived 

species, and 85-100% in the long-lived species. 

The relationship between estimation performance and the minimum age limit of 

the otoliths was the most obvious in data-poor scenarios (i.e. when sample sizes were low 

for the short- and medium-lived species; Figure 3.4). The precision of the year effect 

estimates increased, and bias decreased when only otoliths from older individuals were 

available. Base growth parameters (Κ𝑏𝑎𝑠𝑒  and 𝑤∞,𝑏𝑎𝑠𝑒) were accurately and precisely 

estimated across scenarios.  

Sensitivity to error 

The ability to accurately estimate the year effects was highly sensitive to the value 

of 𝜎inc (i.e. the extent of process error) in all three data-availability scenarios, with higher 

values for 𝜎inc reducing precision and increasing the bias of year effect and fixed effect 

estimates (Figure 3.5). As 𝜎inc (process error) increased, the estimated year effects were 

increasingly unable to explain the true year effects, and median R2 value for the year 

effects decreased (Figure 3.5(c)). Process error is usually described as the natural 

variation within a population, driven by abiotic or biotic processes not modelled within 

the population model (Ahrestani et al., 2013). As process error increases, the model 

increasingly becomes less able to explain the underlying processes driving the population 

dynamics, and as such the estimation performance of the year effects decreases, particular 

after 𝜎inc was greater than 0.01. This was also what likely led to the decrease in the number 

of replicates that converged as 𝜎inc increased. 
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Increasing individual effects (𝜎Κ and 𝜎w) reduced the precision and increased bias 

of year effect and fixed effect estimates (Figure 3.6). The rate of convergence increased 

with increasing values of 𝜎Κ, but increasing values of  𝜎w had no discernable effect on the 

convergence rate. The value for 𝛽w appears to have a larger impact on the accuracy of the 

year effect estimates than 𝛽Κ (Figure 3.7). Increasing the values of 𝛽w also increased the 

proportion of replicates that converged. At high values of 𝛽w, given a sample size of 50 or 

more, increasing the value of 𝛽Κ does little to improve the accuracy and precision of the 

year effect estimates. At low 𝛽w, increased 𝛽Κ values and increasing sample size reduced 

the bias of year effect estimates, but the sample size had to be greater than 100 (Figure 

3.7). When 𝛽Κ and 𝛽w were set to stock assessment values (Chapter 2), convergence was 

low, although the year effect estimates from the converged replicates showed sensitivity 

to sample size (Figure 3.8). The lack of convergence, as mentioned previously, could have 

been due to the model’s sensitivity to uninformative starting values, and could have 

required more tuning by hand. 

Comparison to the index from Black (2009) 

The full model that included year and individual effects on K and 𝑤∞ performed 

best when fitted to observed data for splitnose rockfish, in that it had the lowest AICc 

value (Table 3.5). The fits to data are shown in Figure 3.9, and visually it seems that the 

full model was able to predict observed increment growth for individual otoliths least 

error. The next best model had only individual effects on Κ (i.e. 𝛽Κ = 0), with a ΔAICc 

value of 6 (Table 3.5). As 𝛽Κ was estimated to be very close to 0 in the full model, this low 

ΔAICc value for the model with no 𝛽Κ was indicative of the model’s convergence at a global 

maximum likelihood. This low 𝛽Κ value could have been due to the fact that early years of 
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growth (data which would be most informative to Κ) were removed from the dataset.  As 

a result, model configurations that estimated K as a constant were also tested (i.e., 

excluding both individual and annual variation in growth K), but not found to fit the data 

any better (ΔAICc = 672; Table 3.5). Comparatively, the model with constant growth (i.e., 

without individual or annual variation in both K and 𝑤∞), despite having the least 

parameters, performed poorly relative to the other models (ΔAICc = 2262; Table 3.5). 

An AR-1 model was fit to the estimated year effects for each model configuration 

that estimated year effects, as was done in Black et al. (2005), and the residuals were 

linearly regressed to the published index (Figure 3.10). The year effects from the model 

with time-invariant Κ (i.e., where the environmental only affected 𝑤∞) was more highly 

correlated with the published index (R2 = 0.64) compared with the full model (R2 = 0.57), 

although both correlations were highly statistically significant (p<0.001; Table 3.5).  

 

DISCUSSION 

The proposed approach was able to correctly detect the presence of, and accurately 

and precisely estimate, year effects given otolith growth increment data. Across most 

scenarios, the model was often unable to unbiasedly and precisely estimate the variance 

of random effects, which was to be expected as there is often little information on the 

residual variability in random effects. The ability of the estimation method to precisely 

estimate year effects without bias is sensitive to the parameters used to generate the data. 

By simulation-testing the model, we gain a better understanding of the circumstances and 

data requirements under which the model performs well to obtain an unbiased and 

precise index of time-varying growth. 
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With the estimated year effects from this proposed model, other (such as AR) 

models can be fit to the index and the residuals used to compare with other indices such 

as climate indices (Black et al., 2005; Black, 2009). Previous studies have shown that 

climate can have different effects on the somatic growth than on the otolithic growth of 

fish, and that otolith growth does not necessarily scale somatic growth linearly (Campana, 

1990). For example, somatic growth (fish length) is more dependent on food availability 

for juvenile King George whiting (Sillaginodes punctatus), while changes in otolith 

growth are more closely related to changes in temperature (Barber and Jenkins, 2001). 

The latter study, though, was conducted only on juvenile fish for a short period of time 

(several days). A long-term otolith chronology of mature yellowfin sole Limanda aspera 

was also poorly correlated with individual fish body size, though it was able to capture 

anomalies in the body mass indices of the entire population (Black et al., 2013). 

Particularly considering that the growth rate parameter estimated in this model do not 

match the values obtained from the stock assessment of splitnose rockfish (Κ = 0.02 in 

this study, Κ = 0.228 in Gertseva et al. (2009)), it would be important to fit the derived 

otolith index to weight-at-age data in a stock assessment to understand its effects on the 

population’s dynamics. By assuming that a time-varying otolith-growth index 

approximately scales variations in somatic (body) growth, the residual index could 

potentially be used to inform growth in stock assessment, and improve model fit to 

weight-at-age data. Work in Chapter 2 found that the value of 𝛽 strongly influences the 

decision to include an index of growth in assessments. When 𝛽  is high, and growth 

variation is large, the index has to be up to 77% accurate, which could be achieved with a 

sample size of 20 otoliths, if the species in question was long-lived A sample size of 100 

otoliths would be ideal, as precise and unbiased year effect estimates would be obtained 
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regardless of life history characteristics. If the 𝛽 values from fitting the index to weight-

at-age data are below 0.3, the index should be included in the assessment anyway, as it is 

expected to improve overall estimates of spawning stock biomass and recruitment 

(Chapter 2). 

This method was only applied to one set of actual otolith data, and one particular 

relationship between growth and the environment, and, as in Thorson et al. (2015), the 

results would only represent populations where these model assumptions are 

approximately true. The effects of model structure misspecification (e.g. estimating a von 

Bertalanffy growth function when in fact fish growth follows a Gompertz curve 

(Gompertz, 1825)) were not explored in this study. The model’s ability to detect sexual 

dimorphic growth (as is the case in splitnose rockfish; Gertseva et al., 2009)) was also not 

tested in this study, although this could presumably be done in future studies by dividing 

the data set into two components (male and female) and conducting the analysis 

separately for each sex. Furthermore, this model assumes that age is known without error, 

when ageing error is a common problem in stock assessments (Punt et al., 2008). The 

magnitude of measurement error would be very difficult to quantify in this model, but 

cross-validation of the otoliths (as described in Black et al., 2005) as well as repeated 

measurements of the otolith widths might be able to minimize this source of error. Finally, 

due to the covariance in individual variation and annual variation, it could be possible 

that the model is sensitive to transient (annually-varying) variation in individual growth, 

and future studies could estimate whether this component of growth is sufficiently large 

to impact estimation performance for marine fishes (e.g., Webber and Thorson, 2016).  

Applying this approach to other otolith increment data, such as halibut from 

Weisberg et al. (2010), would increase our understanding of the drivers behind growth in 
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fish, particularly due to its sensitivity to the operating model. The correlation between 

otolithic and somatic growth is species-dependent (Ashworth et al., 2016), with this 

relationship being even more tenuous in tropical fish (Booth, 2014). Hence, this method 

might not be appropriate for those species. As was done in Black (2009) and Coulson et 

al. (2014), indices obtained from fitting this model to different species within a geographic 

region can be compared to identify meaningful relationships across species and climate 

variables. Furthermore, there has been increasing evidence showing spatial variation in 

growth (e.g. Rahikainen and Stephenson, 2004; Thorson, 2015), and the model could 

potentially be expanded to include a spatial component. 

The year effects estimated in this study for splitnose rockfish were also correlated 

with regional climate indices such as the Multivariate El Niño Southern Oscillation Index 

(MEI) and Pacific Decadal Oscillation (PDO), as described in Black (2009). In light of 

projected increasing ocean temperatures (Kirtman et al., 2013), it can be expected that 

climate will continue to impact growth and other aspects of marine fish populations in 

the future. It is vital that we increase our understanding of time-varying impacts on 

population dynamics, to reduce model structure uncertainty and to increase forecasting 

ability. While the proposed model assumes a constant relationship between climate and 

fish growth, this might not always be the case (Webber and Thorson, 2016), climate and 

disturbance histories reconstructed using tree-ring data have generally been accurate 

(e.g. Baker et al., 2005; Esper et al., 2002; Fritts, 1991), despite having similar 

assumptions. Furthermore, correlations between otolith widths and tree ring increments 

have previously been found (Black, 2009; Guyette and Rabeni, 1995), which supports the 

assumption that the environment will continue affecting fish growth in a similar manner 

(Morrongiello et al., 2011). 
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Otoliths contain a wealth of information, and continue to be used an important 

resource in the management of fisheries (Begg et al., 2005). In this study, we have 

proposed and simulation-tested a novel method of analyzing otolith data to estimate 

time-varying growth; using a von Bertalanffy growth curve with random individual and 

year effects. By applying this method to otolith data, time-varying indices of growth could 

be obtained and potentially be used in stock assessments. The mechanistic drivers behind 

time-varying growth still warrant exploration, and the indices estimated from this model 

can be used as a first step towards investigating the relationship between climate and 

growth.
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TABLES 

Table 3.1 Description of the parameters used in the model. 

Symbol Description Value 

Fixed 
Effects 

   

Κ𝑏𝑎𝑠𝑒  von Bertalanffy growth coefficient (yr-1; Eq 1) 
Varies per life 
history 

𝑤∞,𝑏𝑎𝑠𝑒   Asymptotic length (mm; Eq 1) 
Varies per life 
history 

𝛽Κ  Multiplicative link parameter to Κ -0.001 

𝛽𝑤∞
 Multiplicative link parameter to 𝑤∞ 0.008 

𝜎inc 
Standard deviation of increment 
measurements 

0.0003 

𝜎Κ Standard deviation of individual effects on Κ 0.05 

𝜎w 
Standard deviation of individual effects on 
𝑤∞ 

0.03 

     

Random Effects   

𝜀Κ,𝑖 Individual effects on Κ Normal(0, 𝜎Κ) 

𝜀𝑤∞,𝑖 Individual effects on 𝑤∞ Normal(0, 𝜎w) 

𝜀𝑡 Year effects Normal(0, 1) 

 
Table 3.2 Description of life histories used and their associated parameters. 

Life Histories 
Maximum Age 
(years) 

𝚱 (yr-1) 
𝒘∞ 
(mm) 

Short-lived, fast-growing 15 0.2 1 
Medium-lived, medium-
growing 

25 0.1 1.5 

Long-lived, slow-growing 100 0.02 2.3 
      
Scenarios Tested Values 
Number of otoliths 20, 50, 100 
Minimum age (proportion of 
maximum age) 

0.1, 0.3, 0.5, 0.7 
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Table 3.3 Description of uniform distributions used to generate data. 

 Randomly-generated data 
Minimum 
Value 

Maximum Value 

Initial age of otolith (age at which 
otolith increments start being 
measured and recorded) 

1 year 0.1 of maximum age 

Final age of otolith 
Minimum age of 
otolith (Table 
3.2) 

Maximum age of 
otolith (Table 3.1) 

Number of increments 3 Final age - initial age 

First year from which increments begin 1 
Total years (150) - 
number of 
increments 
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Table 3.4 Values used in sensitivity analyses 

Scenarios Life History 
Number 
of fish 

Minimum age of 
otolith (proportion of 
maximum age) 

Data-poor Short-lived, fast-growing 20 0.1 
Data-
moderate 

Medium-lived, medium-
growing 

20 0.7 

Data-rich Long-lived, slow-growing 100 0.7 
 
 

Table 3.5 Fixed effect estimates and AICc values for each model configuration fit to the actual data splitnose rockfish. The 

R2 and the estimated variance of error values result from fitting the estimated year effects to the index published by Black 

(2009). 

Model 𝚱𝒃𝒂𝒔𝒆 𝒘∞,𝒃𝒂𝒔𝒆 
(mm) 

𝜷𝚱 𝜷𝒘∞
 𝝈𝐢𝐧𝐜 𝝈𝚱 𝝈𝐰 

R2  (year 
effects) 

Error (year 
effects) AICc 

ΔAIC
c 

All effects - 
individual and 
year 

0.02 2.35 0.46 0.06 0.00 0.50 0.34 
0.5725 
(p<0.001) 

0.6492 -20674 0 

No individual or 
year effects 

0.01 2.87 NA NA 0.01 NA NA NA NA -18412 2262 

Just individual 
effects 

0.01 2.85 NA NA 
4.16E-
03 

0.43 0.29 NA NA -19931 743 

Just year effects 0.01 3.05 0.46 -0.24 0.01 NA NA 
0.5453 
(p<0.001) 

0.6696 -18664 2011 

No year effects 
on K 

0.02 2.34 NA -0.09 
3.31E-
03 

0.50 0.34 
0.5454 
(p<0.001) 

0.6695 -20669 6 

Constant K 0.02 2.56 NA -0.06 
4.11E-
03 

NA 0.16 
0.6427 
(p<0.001) 

0.5935 -20002 672 
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FIGURES 

 
Figure 3.1 Example increment growth curves for each life history, and the corresponding year effects. 
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Figure 3.2 Summary of results from the scenarios where there was no year effect. Each row represents a life history 

strategy: top to bottom short-lived to long-lived. Panel (a) shows the absolute error of estimated year effects. The solid 

black line represents the median absolute error, while the light gray and dark gray areas show the 50% and 95% 

simulation intervals respectively. The dashed black line shows the zero line. Panel (b) shows a boxplot of the relative 

errors of estimated fixed effects. As the true values of both 𝛽 parameters are zero, the absolute error for these parameters 
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are shown. The solid black line represents the median relative error, while boxes show the first and third quantiles. The 

whiskers show the 95% simulation intervals. The dashed black line shows the zero line. 
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Figure 3.3 Summary of results from the sensitivity analysis of year effect estimates to sample size, for a minimum age limit 

of 0.3 of the maximum age. Each column in a panel represents a sample size, increasing from left to right. Each row 

represents a life history strategy: top to bottom short-lived to long-lived. Panel (a) shows the absolute error of estimated 

year effects. The solid black line represents the median absolute error, while the light gray and dark gray areas show the 

50% and 95% simulation intervals respectively. The dashed black line shows the zero line. Panel (b) shows boxplots of the 

R2 value from fitting a linear regression model to test the relationship between the true and the estimated year effects. The 
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solid black line represents the median relative error, while the boxes show the first and third quantiles. The whiskers show 

the 95% simulation intervals. The dashed black line shows the 0.77 value (obtained from Chapter 2). 
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Figure 3.4 Summary of results from the sensitivity analysis to minimum age limit at a sample size of 20, the lowest sample 

size tested. Each row within a panel represents a life history strategy: top to bottom short-lived to long-lived. Each column 

represents a value of minimum age limit. Panel (a) shows the absolute error of estimated year effects. The solid black line 

represents the median absolute error, while the light gray and dark gray areas show the 50% and 95% simulation intervals 

respectively. The dashed black line shows the zero line. Panel (b) shows boxplots of the relative errors of estimated fixed 

effects. The solid black line represents the median relative error, while the boxes show the first and third quantiles. The 

whiskers show the 95% simulation intervals. The dashed black line shows the zero line. Panel (c) shows boxplots of the R2 

value from fitting a linear regression model to test the relationship between the true and the estimated year effects. The 

dashed black line shows the 0.77 value (obtained from Chapter 2).
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Figure 3.5 Summary of results from the sensitivity analysis to the value of 𝜎inc. Each row represents a data-availability 

scenario: top to bottom data-poor to data-rich. Each column represents a value of 𝜎inc, increasing from left to right. Panel 

(a) shows the absolute error of estimated year effects. The solid black line represents the median absolute error, while the 

light gray and dark gray areas show the 50% and 95% simulation intervals respectively. The dashed black line shows the 

zero line. Panel (b) shows boxplots of the relative errors of estimated fixed effects. The solid black line represents the median 

relative error, while the boxes show the first and third quantiles. The whiskers show the 95% simulation intervals. The 

dashed black line shows the zero line. Panel (c) shows boxplots of the R2 value from fitting a linear regression model to test 

the relationship between the true and the estimated year effects. The dashed black line shows the 0.77 value (obtained from 

Chapter 2). 
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Figure 3.6 Summary of results from the sensitivity analysis to the values for 𝜎w and 𝜎𝛫. Each row represents a value for 𝜎𝛫, 

increasing from top to bottom. Each column represents a value of 𝜎w, increasing from left to right. Panel (a) shows the 

absolute error of estimated year effects. The solid black line represents the median absolute error, while the light gray and 

dark gray areas show the 50% and 95% simulation intervals respectively. The dashed black line shows the zero line. Panel 

(b) shows boxplots of the relative errors of estimated fixed effects. The solid black line represents the median relative error, 

while boxes show the first and third quantiles. The whiskers show the 95% simulation intervals. The dashed black line shows 

the zero line. Panel (c) shows boxplots of the R2 value from fitting a linear regression model to test the relationship between 

the true and the estimated year effects. The dashed black line shows the 0.77 value (obtained from Chapter 2).  
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Figure 3.7 Summary of results from the sensitivity analysis to the values for 𝛽w and 𝛽𝛫, at a sample size of 100. Each row 

within a panel represents a value for 𝛽𝛫, increasing from top to bottom. Each column represents a value of 𝛽w, increasing 

from left to right. Panel (a) shows the absolute error of estimated year effects. The solid black line represents the median 

absolute error, while the light gray and dark gray areas show the 50% and 95% simulation intervals respectively. The dashed 

black line shows the zero line. Panel (b) shows boxplots of the relative errors of estimated fixed effects. The solid black line 

represents the median relative error, while boxes show the first and third quantiles. The whiskers show the 95% simulation 

intervals. The dashed black line shows the zero line. Panel (c) shows boxplots of the R2 value from fitting a linear regression 

model to test the relationship between the true and the estimated year effects. The dashed black line shows the 0.77 value 

(obtained from Chapter 2). 
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Figure 3.8 Summary of results of setting for 𝛽w and 𝛽𝛫 to the stock assessment values, where the signs are inversed. Each 

column represents a different sample size. Panel (a) shows the absolute error of estimated year effects. The solid black line 

represents the median absolute error, while the light gray and dark gray areas show the 50% and 95% simulation intervals 

respectively. The dashed black line shows the zero line. Panel (b) shows boxplots of the R2 value from fitting a linear 

regression model to test the relationship between the true and the estimated year effects. The dashed black line shows the 

0.77 value (obtained from Chapter 2). 
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Figure 3.9 Model fits to actual otolith increment data for 6 individual splitnose rockfish, selected out of the total sample size 

of 66. The solid lines represent the data, with each color representing an individual, while the dashed black line represents 

model predictions. 
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Figure 3.10 Difference (absolute error) between estimated year effects from fitting the proposed model to the actual otolith 

data, compared with the published index from Black (2009). The dashed black line represents the zero line.
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APPENDIX A 

 

Supplementary Material for Chapter Two 

Supplementary Figures 

 

Figure S2.1. (a) Illustration of catch during the historical period for splitnose rockfish 

(which is used as true catch in the OM), as well as (b) the true spawning biomass trajectory 
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for a single replicate of the simulation experiment for each OM. (c) Plot showing data 

types generated in the simulation. 
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Figure S2.2. Time series of relative errors in estimates of spawning stock biomass (top row of labelled panel) and recruitment 

(bottom row of labelled panel), showing the results of the sensitivity analysis to the  value. Each letter (a-f) represents an 

OM with absolute  values ranging from 0 to 0.5 in 0.1 increments, whereas each roman numeral (i-ii) corresponds to an 

EM (i=growth assumed to be constant;  ii=estimating time-varying growth). The black line is the median relative error, the 

light grey area the 50% simulation intervals, the dark grey area 95% simulation intervals. 
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Figure S2.3. Time series of relative errors in estimates of spawning stock biomass (top row of labelled panel) and recruitment 

(bottom row of labelled panel), showing the results of the sensitivity analysis to the AR ρ value. Each letter (a-f) represents 

an OM with ρ values ranging from 0 to 0.8 in 0.2 increments, with the final panel showing an OM with ρ value 0.95, whereas 

each roman numeral (i-ii) corresponds to an EM (i=growth assumed to be constant; ii=estimating time-varying growth). 

The black line is the median relative error, the light grey area the 50% simulation intervals, the dark grey area 95% 

simulation intervals. 
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Supplementary Tables 

Table S2.1. Splitnose-rockfish-like parameters Ibid. of the OM and EM and how they were treated in the EM. Estimation of 

β parameters varied depending on scenario, while the selectivity parameters were either pre-specified or estimated treated 

equally across scenarios.  More details on the parameters and their associated functions are outlined in Methot and Wetzel 

(2013). 

 

Symbol Description True Value EM treatment 

Growth and maturity parameters Female Male   

M Natural mortality (yr-1 ) 0.048 0.048 Pre-specified 

L1 Length at age 0 (cm) 9.88 9.88 Estimated 

L2 Asymptotic length (L [cm] in Eq 1b) 26.6 24.8 Estimated 

K  von Bertalanffy growth coefficient (yr-1) (Eq 1b) 0.228 0.25 Estimated 

CV1 
Variability in size-at-age for fish less than or 
equal to L1 

0.0838 0.109 Estimated 

CV2 Variability in size-at-age for fish up to L2 0.127 0.11 Estimated 

1 Multiplicative link parameter to L2 Varies Varies Varies 

2 Multiplicative link parameter to K Varies Varies Varies  

Wtlen_1 Weight coefficient (kg cm-3) 2.00x10-5 2.00x10-5 Pre-specified 

Wtlen_2 Weight exponent 3.014 2.97 Pre-specified 

Mat50% Length at 50% maturity (cm) 21.8  Pre-specified 

Mat95% Length at 95% maturity (cm) 21.9  Pre-specified 

Eggs/kg_inter  238000  Pre-specified 

Eggs/kg_slope_wt  74300  Pre-specified 

       

Recruitment parameters  Non-sex-specific   

R0 Initial recruitment (log) 8 Estimated 
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h Stock-recruitment steepness 0.58 Pre-specified 

R Recruitment variability 1 Pre-specified 

      

Selectivity parameters       

Fishery 1  
Peak of double-normal curve (starting length at 
which selectivity = 1.0) (cm) 

33.7 Estimated 

Fishery 2 
Length at which selectivity = 1.0 ends (logistic; 
cm) 

38 Pre-specified 

Fishery 3 
Width of ascending part of curve 
(exponentiated) 

37 Estimated 

Fishery 4 
Width of descending part of curve 
(exponentiataed) 

55 Pre-specified 

Fishery 5 Selectivity at first length bin (logistic) 0.007 Pre-specified 

Fishery 6 Selectivity at last length bin (logistic) 1.00 Pre-specified 

Fishery (retained) 1  Inflection of logistic curve 19.9 Estimated 

Fishery (retained) 2 Slope of curve 2.5 Estimated 

Fishery (retained) 3 Asymptotic retention 0.99 Estimated 

Fishery (retained) 4 Slope of curve for males Same as for females Pre-specified 

Survey 1 Starting length at which selectivity = 1.0 (cm) 13.5 Estimated 

Survey 2 
Length at which selectivity = 1.0 ends (logistic; 
cm) 

20.4 Pre-specified 

Survey 3 
Width of ascending part of curve 
(exponentiated) 

7 Estimated 

Survey 4 
Width of descending part of curve 
(exponentiated) 

55 Pre-specified 

Survey 5 Selectivity at first length bin (logistic) 0.007 Pre-specified 

Survey 6 Selectivity at last length bin (logistic) 1.00 Pre-specified 
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 Table S2.2. Median relative errors for the parameters and derived quantities. 
 

State of 
Nature 
(OM) 

Scenario 
Parameters 

Derived 
Quantities 

Kf Km L∞,f L2,m 1,f 1,m 2,f 2,m CV0,f CV0,m CV∞,f CV∞,m lnR0 B0 B2008 MSY 

Not 
Climate-
Driven 

1-0-A 0.00 0.00 0.00 0.00 NA NA NA NA 0.00 0.00 0.01 0.01 0.00 0.01 0.06 0.02 

1-0-B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.01 0.01 0.00 0.01 0.06 0.02 

Weakly 
Climate-
Driven 

2-0-A -0.20 -0.19 0.07 0.05 NA NA NA NA 0.01 -0.02 0.06 0.05 0.00 0.21 -0.12 0.05 

2-1-B -0.02 -0.02 0.00 0.00 -0.22 -0.11 -0.08 -0.1 -0.01 0.00 0.02 0.02 0.00 0.05 0.09 0.04 

2-2-B -0.17 -0.16 0.05 0.04 -0.91 -0.37 -0.54 -0.49 -0.02 -0.02 0.06 0.04 0.00 0.20 -0.02 0.08 

2-3-B -0.08 -0.06 0.02 0.01 -1.42 -1.11 -1.33 -1.41 0.00 0.00 0.03 0.02 0.00 0.15 0.08 0.05 

2-4-B -0.11 -0.08 0.04 0.02 0.22 -0.49 -0.33 -0.58 0.01 0.00 0.03 0.02 0.00 0.17 0.07 0.06 

Climate-
Driven 
(High 
AR) 

3-0-A -0.13 -0.14 0.05 0.04 NA NA NA NA 0.00 -0.03 0.05 0.04 0.00 0.14 -0.05 0.02 

3-1-B 0.00 0.00 0.00 0.00 -0.06 -0.01 -0.02 -0.02 0.00 0.00 0.01 0.01 0.00 0.02 0.09 0.03 

Climate-
Driven 
(High 
Beta) 

4-0-A -0.51 -0.56 0.28 0.31 NA NA NA NA 0.13 0.03 0.23 0.22 
-

0.03 
0.61 -0.44 0.10 

4-1-B -0.01 -0.02 0.00 0.00 -0.05 -0.06 -0.02 -0.02 0.00 0.00 0.02 0.02 0.01 0.13 0.12 0.12 

Climate-
Driven 

(High AR 
and High 

Beta) 

5-0-A -0.38 -0.44 0.21 0.23 NA NA NA NA 0.04 0.00 0.23 0.23 
-

0.01 
0.14 -0.24 0.03 

5-1-B 0.00 0.00 0.00 0.00 -0.01 -0.05 -0.01 -0.01 -0.01 0.00 0.01 0.01 0.00 0.02 0.07 0.02 

5-2-B -0.38 -0.43 0.15 0.17 -0.27 -0.46 -0.23 -0.21 0.03 -0.02 0.13 0.11 0.00 0.52 -0.03 0.21 

5-3-B -0.37 -0.40 0.26 0.30 -1.07 -1.02 -1.05 -1.16 0.05 -0.01 0.09 0.06 0.00 0.67 -0.23 0.26 

5-4-B -0.20 -0.22 0.10 0.12 -1.05 -1.03 -0.98 -0.97 0.05 0.00 0.07 0.08 0.01 0.07 0.15 -0.07 
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Table S2.3. Size-at-age for the first forty years of the OM for a single replicate for OM 5. Each cell is coloured from red to 

green as their value increases, and cells where size-at-age is identical to the preceding age in the preceding year (i.e., because 

Stock Synthesis does not allow fish to shrink) after the environmental index begins (1901) are outlined. 
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Table S2.4. Summary table showing results of index misspecification. 

 

State of 
Nature (OM) 

Observation 
Model 

Performance Metric 

Index Accuracy 
(a value) 

Relative Lost Yield 
(Interquartile Range) 

Est B2058/ True 
B2058 (Interquartile 

Range) 

Proportion of 
Replicates Overfished 

Climate-
Driven (High 
AR and High 

Beta) 

NA -0.0308 (0.758) 1 (0.555) 0.42 

1 0.0217 (0.1) 0.985 (0.105) 0.45 

0.8 0.0568 (0.429) 0.986 (0.57) 0.5 

0.6 0.0625 (0.589) 0.97 (0.641) 0.5 

0.4 0.0716 (0.696) 1 (0.557) 0.5 

0.2 -0.0343 (0.782) 1 (0.8) 0.48 

0 0.206 (1.57) 1 (0.844) 0.5 
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