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Stock assessments use statistical models and empirical data to re-create the population 

dynamics of a stock in order to provide estimates of biomass and fishing mortality rates to inform 

fisheries management. Fish stocks are not uniformly distributed across spatial regions, but stock 

assessments typically ignore stock spatial structure, for the sake of model simplicity. Similarly, although 

environmental variations are likely to affect a stock’s dynamics, assessments rarely consider such direct 

environmental relationships. This study explores how spatial structure and environmental variability 

influence the accuracy of assessment results produced by the Stock Synthesis assessment software. 

An operating model is used to simulate fish population dynamics influenced by spatial and 

environmental variability and to generate data sets for analysis by Stock Synthesis. The operating model 

mimics the dynamics of an age-structured population that is divided into two regional subpopulations, 

with no movement of fish between regions. The population dynamics include random variability in the 

size of annual recruitment, the spatial distribution of recruitment, and regional fishing mortality. The 

operating model provides deterministically calculated true values of stock biomass for comparison with 

estimates from Stock Synthesis and generates random data sets for analysis by Stock Synthesis. Two 

types of data are provided to Stock Synthesis, fisheries-dependent data (annual catch biomass, age 

compositions and catch per unit effort) and fisheries-independent data (survey biomass indices, age 



  
 

compositions and environmental indices for the spatial distribution of recruitment). Except for the 

observations of catch and the environmental indices, these data include simulated observation error.   

The study uses a full factorial experimental design with two factors that influence the 

population dynamics and three factors that control how different Stock Synthesis models are 

configured. The population dynamics factors are (a) three patterns for the regional rates of fishing 

mortality (the exploitation histories) and (b) three patterns for the environmental forcing of the 

recruitment distribution. The factors for the Synthesis model configurations are (a) whether or not the 

data are treated as coming from two regions or from a single region, (b) whether or not data from the 

survey are available, and (c) whether or not the environmental indices are available in the two-region 

configuration. Six Stock Synthesis model configurations are applied to each random data set, making this 

a repeated measures design. Data set replicates include randomness in the population dynamics and 

observation error. 

To evaluate the bias and accuracy of Stock Synthesis estimates two variables are examined: the 

relative errors of spawning biomass for an unfished stock (SSB0) and the spawning biomass in the 25th 

year of the simulation (SSBcurrent). Linear mixed effects (LME) models, with repeated measures for the 

Synthesis model configurations, are applied to develop simplified statistical models for the two relative 

error variables. Within the LME model the fixed effects included the two population dynamics factors 

and the Synthesis model configurations. The random effects in the model account for the lack of 

independence between model configurations due to the repeated measures design. Linear hypothesis 

tests are applied to gauge the relative importance of the experimental factors through contrasts of the 

LME model coefficients. 

Estimates of SSB0 and SSBCurrent responded differently to the various experimental factor levels. 

SSB0 was generally more precisely estimated. For all combinations of factor levels the estimates of 

biomass (SSB0 and SSBCurrent) were biased low. As expected, experimental runs that included the exact 



  
 

spatial structure of the true stock and had supporting survey data in a spatial stock assessment usually 

resulted in a reduction of bias. Incorporating an environmental index for the recruitment distribution 

reduced bias in the biomass estimates when survey data were available but not otherwise. The regional 

exploitation histories also had a considerable effect on bias in the estimates of biomass. However, the 

patterns of environmentally forced recruitment distribution had relatively little influence on the bias and 

precision of the biomass estimates.  

Results of the study are discussed in terms of implications for future research and application in 

real-world stock assessments. Future research should explore additional factors such as a range of life 

history characteristics and movement between regions to expand the generality of the results. To apply 

a spatial stock assessment with environmental variables to real data one must consider the following: 

the scale of the spatial structure, the availability of data, and whether an environmental relationship is 

persistent and informative. The current study provides a foundation for the exploration and 

development of reliable spatially structured stock assessments that include environmental drivers. 
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1. Chapter 1: Stock Synthesis Assessments of Spatially Structured Fish Populations with 
an Environmental Driver on Recruitment Distribution: A Simulation Study and 
Discussion 

 
1.1. Introduction 

1.1.1. Stock Assessment 

Previous research suggests advancements are needed in the field of fisheries stock assessment 

to increase the accuracy of results (NRC 1998, Ecosystem Principles Advisory Panel 1999). Recognition of 

stock spatial structure and environmental interactions are just two of the primary advancements 

needed. This study defines a stock as a self- sustaining population of one species where all members 

share similar life history characteristics and offspring, similar to Begg and Waldman (1999).  We use 

simulations to explore the data needed to produce an accurate, spatially explicit stock assessment. 

Increasing the accuracy of assessment results will help managers make better decisions on the future of 

some of our economically important stocks. 

A stock assessment is a quantitative analysis which uses statistical models and empirical data to 

predict fish population dynamics. The predictive capabilities of stock assessment models allow assessors 

to evaluate the consequences of alternative management actions (Gulland 1983, Punt and Hilborn 

1997). There are many models/estimation methods used for stock assessments; what is considered the 

best model is subjective and based on the intended goal of the assessment. Magnusson and Hilborn 

(2007) consider the best stock assessment model to be simple in parameterization, provide accurate 

estimates of abundance and be applicable along a wide range of data types and qualities. 

 The assessment includes estimates of stock status and is a basis for providing advice to fisheries 

managers. This allows managers to determine the best possible use of the resource for the benefit of 

the community (Punt and Hilborn 1997).This can include adjustments to exploitation levels for support 

of higher economic yields or stock biomass rehabilitation. Achieving the agreed-upon goals of 

management will likely depend on the accuracy of the stock assessment because management decisions 
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are based on the assessment results; having unreliable information from an assessment will likely result 

in poor decisions. 

Often assessment estimates of spawning stock biomass or the rate of fishing mortality are 

compared to biological reference points (BRP) to determine stock status.  These BRPs are essential to 

Fishery Management Plans in the United States. BRPs are usually expressed in terms of levels of the 

instantaneous fishing mortality rate (F) and the spawning stock biomass (SSB). They act as targets or 

limits to help managers gauge current and future exploitation rates and maintain stock biomass at 

acceptable levels (Cadima 2003). BRPs include the maximum sustainable yield (MSY), the fishing 

mortality rate that produces the maximum sustainable yield (FMSY), and the spawning stock biomass 

associated with the maximum sustainable yield (SSBMSY) (NRC 1998). For instance, the Pacific Fisheries 

Management Council (PFMC) calculates annual catch limits based on a quantity known as “depletion”, 

which is the ratio of the current spawning stock biomass (SSBcurent) to the unexploited or virgin spawning 

biomass (SSB0). Forty percent depletion is used as a proxy for SSBMSY, which the PFMC treats as a target 

for biomass and 10% depletion is a lower limit (PFMC 2014). If the size of the stock biomass is 

overestimated, there is a risk that the stock could be over-harvested. If the stock biomass is 

underestimated its productivity could be underutilized (Hilborn et al. 2002, Magnusson and Hilborn 

2007, NRC 1998). 

The stock assessment models that are available to assess stock status vary in complexity from 

simple production models to sophisticated statistical catch-at-age models. Models must consider 

biological processes concerning population growth and decline, the availability of data such as catch 

statistics, and mathematical or computational limitations. One simple model, the Schaefer (1954) 

production model, tracks the population based on total biomass and assumes the population is 

governed by a simple logistic growth equation. Biological processes such as population changes in 

mortality and recruitment are summarized in a few parameters.  This model is limited by its inability to 
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represent detailed changes in annual population growth such as annual variations in recruitment. 

Alternatively, simple age structured models such as the Pope (1972) adaptation of the Gulland (1965) 

Virtual Population Analysis (VPA) provide abundance information for the fished stock. Using the VPA 

model output in an external model for the expected recruitment can provide information on population 

productivity.  Unfortunately, a method such as VPA requires consecutive years of and highly precise 

catch-at-age data, which are rarely available due to the expense of data collection. Age structured 

models currently exist in a wide variety of forms and like VPA they track the population according to age 

classes rather than their total biomass. Fortunately, stock status estimation methods have evolved to 

make use of various types and qualities of data to provide improved estimates of stock status. 

The current study uses an age-structured estimation method that is applied to both fishery 

dependent and fishery independent data.  The fishery-dependent data represent observations of fishing 

operations that harvest fish from the stock.  Observations come from dockside surveys, fishery logbooks 

and fish processors, and consist of landings of commercial and recreational fisheries. From the 

observations details are extracted, such as the numbers or biomass (yield) of fish that were caught, and 

whether a fish was brought to shore (landed) or discarded at sea. It may also be categorized by species 

and/or location. Survey or observer data from a fishery may contain details of length composition and 

age composition. The age composition data are collected by extracting and reading the growth rings of 

fish otoliths, in a process described by Campana and Jones (1992). These data are not always available 

due to the expensive and time-consuming collection and age-reading process. Fishery-dependent data 

can also include information on the fishing effort it took to catch the fish, including the type of gear and 

time spent fishing. Catch per unit effort (CPUE) is a statistic derived from catch and effort data that can 

be used as an index of the population abundance given a proportionality constant (Q) that represents 

the fishing mortality produced by  one unit of effort (Gulland 1969). However, a CPUE data series is 

often an inadequate index of population abundance. Effort depends on the gear used, which may only 
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select for certain ages of the population, providing no information about the abundance of the 

unselected portion of the population (Maunder et al. 2006). Gear types and technology may also change 

from year to year making conversion to annual population abundance difficult. 

Fisheries-independent data are collected by scientists rather than fishermen or observers. These 

data typically come from trawl surveys or research cruises that are operated consistently over a long 

period of time. The surveys use the same gear and fishing procedures to catch the fish, limiting the 

number of factors influencing the data. Smaller fish often are not vulnerable to the mesh sizes used in 

the fisheries and older fish may reside out of the range of the fisheries gear. Consequently, survey data 

often include fish representing increased age- and size-ranges, accounting for a proportion of the 

population not selected by the fisheries.  Survey fishing locations are usually chosen randomly or 

systematically, unlike the locations of a profit-motivated fishery that selects fishing locations based on 

fish behavior and abundance. From surveys scientists collect age and length composition data, sex-

ratios, and maturity and fecundity information. Tagging data are also a form of fisheries-independent 

data, from which estimates of abundance and the movements of individual fish can be derived. Current 

stock status estimation methods can include environmental data collected by research cruises and 

oceanographic monitoring systems. Data used to link biological traits with prevailing environmental 

conditions include the timing of sea surface height anomalies  (e.g., Schirripa and Colbert 2006) or sea 

surface temperature anomalies (e.g., Jacobson and MacCall 1995).  

Both fisheries-independent and fishery-dependent data can be used in an advanced stock 

assessment estimation framework such as Stock Synthesis (SS, Methot and Wetzel 2013a), which is the 

assessment tool explored in the current study. Briefly, SS is an estimation method for stock assessments 

that was originally developed in the late 80s for the assessment of northern anchovy.  It can use multiple 

types and quality levels of data to derive information on stock status. Two advanced aspects of SS, 

considered especially important for this study, are 1) its capability for allowing multiple regional 
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subpopulations and 2) its ability to relate annual fluctuations of any biological parameter to an 

environmental fluctuation. These advanced features allow for an increase in model flexibility compared 

to most other assessment techniques. 

With the many features of SS and the various forms and quality levels of data available, stock 

assessment scientists must make many simplifying assumptions. The assumptions might be needed 1) to 

reduce model complexity and generalize the processes being modeled or 2) because the available data 

are not adequate to fulfill the model requirements.  One common simplifying assumption is that the 

stock is spatially homogeneous. However, a stock may be made up of several regional subpopulations 

that differ in their magnitude, and that have experienced different catch and management histories 

(Begg and Waldman 1999, NRC 1998). If we assume homogeneity, we can aggregate data from various 

subpopulations/regions within the range of the stock, simplifying the modeling process (Maunder and 

Punt 2013). Under this assumption, data for subpopulations, which may substantially differ from each 

other, are combined with other subpopulations, and aggregated quantities are used for managing the 

entire stock. Reference points calculated from the aggregated data do not explicitly take into account 

the subpopulation differences. In the current study we investigate the importance of spatial 

assumptions and fishery-independent data required to develop a spatially structured stock assessment 

model. The data needs explored in this study include a survey index of biomass and age composition as 

well as an environmental index of recruitment distribution, as a complement to the typical catch 

statistics that are used in a Stock Synthesis assessment. 

1.1.2.  Application to Rockfish 

The research for this thesis focused on the performance of Stock Synthesis when applied to data 

from a fishery for a rockfish-like species. Rockfish (Sebastes spp.) are an important part of the 

commercial and recreational fisheries on the West Coast of the United States. There are at least 65 

species of rockfish on the U.S. Pacific coast (Love et al. 2002). Many rockfish species are slow-growing, 
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relatively long-lived, and mature late in life. There are general concerns about the sustainability of 

fisheries for rockfish due to these life history traits (Love et al. 2002). Larval rockfish are pelagic and can 

be as small as four to seven millimeters in length. They have reduced swimming capabilities, making 

them vulnerable to oceanographic variability (VenTresca et al. 1996), including features driven by the 

intensity, direction, frequency and duration of wind events (Yoklavich et al. 1996). The dependence of 

larval rockfish on these unpredictable oceanographic features, leads to uncertainty in the recruitment of 

adult rockfish populations that are considered an economically valuable resource.  

1.1.3.  Oceanographic Information 

For the current study we also investigate how incorporating environmental indices for 

recruitment distribution based on oceanographic features influences the results of a stock assessment. 

The California Current System (CCS) is a well-studied oceanographic feature affecting the recruitment 

distribution of rockfish in the Northeast Pacific Ocean (McClatchie 2013). Aspects of the CCS, such as sea 

surface currents change based on location, year and time of year, therefore variably impacting the 

distribution of fish recruitment from year to year. Within this system surface water typically flows 

southward where salinity and temperature increase. In the spring, strong alongshore winds cause 

coastal upwelling, driving warmer surface waters offshore and bringing deep, nutrient rich cold water to 

the surface. There is year to year variation in the timing and latitudinal position of the seasonal shift in 

the winds and surface currents causing upwelling. In the summer, winds are favorable for upwelling 

north of 40°N. In the winter there is a strong northward component of the coastal winds and 

downwelling occurs in Oregon and Washington while there is upwelling south of 40°N. The strong 

northward component is known as the Davidson Current (Marchesiello et al. 2003). Farther south in 

California, upwelling occurs further offshore, can be less intense at times, and can persist for extended 

periods of time. Along with these seasonal changes there are persistent high and low sea surface 

temperatures, surface winds and sea level pressure, measured by the Pacific Decadal Oscillation (PDO) 
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index. The PDO is a well-known oceanographic feature described by Mantua and Hare (2002) that is 

characterized by abrupt changes in its features, known as "regime shifts". There are also the 

intermittent effects of El- Nino Southern Oscillation (ENSO) events, which may occur every two-seven 

years and bring unusually warm water to the US West Coast (Schwing et al. 2002). El-Nino events have 

the ability to disrupt seasonal upwelling cycles, thus interrupting currents and directional flows, which 

may impact recruiting rockfish. The oceanographic features are important for populations of black 

rockfish (Sebastes melanops) as well as several other species of nearshore rockfish, which accomplish 

most of their dispersal during the larval pelagic stages, before settlement (Shanks and Eckert 2005), and 

are then sedentary as adults. 

1.1.4. Spatial Scale Considerations 

The scale of a population’s spatial structure is a critical feature of a spatially explicit stock 

assessment, and a variety of processes can lead to differences in stock spatial distribution. In the CCS, 

Cape Mendocino is identified as an important biological and physical transition zone. Winds converge 

based on the Cape's physical features, causing changes in the oceanography north and south of the 

Cape (Magnell et al. 1990). Recruitment strength for rockfish subpopulations in the region below the 

Cape are in synchrony with one another, yet are not synchronized with subpopulations to the north 

(Field and Ralston 2005). From drifter studies, we know that winter releases of larvae north of San 

Francisco tend to accumulate in the near-shore, rather than being advected offshore (Petersen et al. 

2010). Rockfish are not passive drifters but they are vulnerable to these oceanographic features. 

Historical observations of spatial recruitment strength are likely to help in predicting recruitment 

distribution. Observations of environmental conditions may also assist these predictions. An important 

environmental factor that is likely to contribute to the recruitment of larval nearshore rockfish is the 

synchronization of settlement with the large spring tides (Pastén et al. 2003). These factors will not likely 

allow us to fully explain recruitment distribution but they may provide some explanation of abundance, 
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indicate methods of larval transport, and help to explain year-class strength as in past studies (Ainley et 

al. 1993, Charter and Sandknop 2000, Haltuch et al. 2011). 

1.1.5. Space and Environment in Stock Assessment 

Recently assessment scientists have attempted to include spatial and environmental variation into 

their stock assessments in several ways. Goethel et al. (2011) reviews the history of including spatial 

population structure into a stock assessment by way of organism movement from one subpopulation to 

another. The review includes dispersion models in which there is a constant exchange of organisms 

between regions (Tyler and Rose 1994). These models can provide certain benefits but require sufficient 

data to track the movements of individual fish or fluxes of a population from region to region. Such data 

are not often available. Other studies have explored the capabilities of spatial stock assessments 

without the use of movement rates. Often these studies have referenced population dynamics 

mechanisms that they consider spatially explicit, such as growth or exploitation (Berger et al. 2012, Cope 

and Punt 2011, Punt 2003). The findings of Berger et al. (2012) suggest that ignoring spatial structure 

can significantly reduce precision in the estimates of stock size from an assessment. 

The inclusion of environmental information in stock assessments has also taken various forms. In 

Methot’s (1989) assessment of northern anchovy, the availability of young fish to the fishery is modeled 

as a function of ocean temperature. This model was based on the correlation of environmental changes 

from an El-Niño event to changes in abundance seen in the survey, and proved to be useful in the 

assessment. Maunder and Watters (2003) further examined the advantages and disadvantages of 

modeling techniques for incorporating environmental data into a stock assessment.  Other studies have 

gone as far as testing the effect of various environmental influences on recruitment deviations and 

ultimately estimates of stock status (Haltuch et al. 2011).  These studies highlight the benefits of having 

relevant information such as an environmental index to support changes in population dynamics. 
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1.1.6. Current Study 

 The current study is motivated by our interest in integrating population spatial structure and 

environmental influences into a stock assessment framework. It is also highly influenced by the evidence 

of spatial structure in the data from a stock assessment for black rockfish (Sebastes melanops) (Sampson 

2007). The histories of landings of black rockfish were not consistent across spatial regions and there 

were clear age composition differences among regions. For example, the hook and line fishery landings 

in southern Oregon were almost four times greater than the hook and line fishery landings in northern 

Oregon, even though the two regions have approximately the same area. With regard to age-

composition, Figure 1.1 shows the differences in age-composition between samples from landings in 

northern and southern Oregon in 1996. There are differences of 2% -4% in the relative numbers of four-, 

five- and six-year olds in the landings from the two regions. Although Sampson attempted to develop a 

spatial assessment model for black rockfish, it was ultimately discarded, due to instability of estimated 

values.  Sampson (2007) speculated that the assessment model required data to inform it on how to 

distribute recruiting fish into the regions. 

 For the current study, we consider a very simple spatial model for a stock, a model that is 

reasonable for fish species that have minimal movement after larval settlement (e.g., black rockfish).  In 

this model fish do not move after settlement and spatial structure develops in the stock’s age 

composition due to two distinct processes: (1) changes through time in the relative distribution of 

recruitment to each of the regions and (2) changes through time in regional exploitation. The features, 

available in Stock Synthesis, allow us to explore how these two processes influence a stock assessment.  

1.2. Goals and Objectives  

The goal of this study is to explore whether stock assessment results can be improved by 

including spatial structure and environmental influences in the assessment model. We use a simulation 

approach to mimic the dynamics of an exploited fish stock and the data that might be available to assess 
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this stock. Each chapter in this thesis describes some aspect of this approach. The current chapter 

describes the operating model that is used to simulate an age- and spatially-structured fish population 

that is exploited by a fishery. Chapter Two describes a simulation experiment that applies a set of Stock 

Synthesis assessment estimation models to data generated by the operating model. This application aids 

in the evaluation of precision and bias of important quantities estimated by the stock assessment 

models. We examine the following factors: (a) the underlying processes driving the population dynamics 

(exploitation histories and environmental forcing on the spatial distribution of recruitment); (b) the 

availability of two different kinds of data, specifically an environmental index for recruitment 

distribution as well as survey data (a biomass index and age composition observations) that are spatially 

structured; and (c) simplifying spatial assumptions in the estimation methods. Chapter three provides a 

discussion of hurdles one may encounter when attempting a spatially explicit stock assessment and 

incorporating environmental variability into an assessment with real-world data. 

1.3.  Operating Model Overview 

To achieve the goals of this thesis we take a Monte Carlo simulation approach (Rubinstein and 

Kroese 2008). First we build an operating model that has three key functions (Figure 1.2): 1) use 

established equations for key biological processes, with fixed parameter values, to replicate spatial 

population dynamics for a target species; 2) generate sets of fisheries-dependent and independent data 

with random sampling error (observation error) for use in a stock assessment; and 3) produce “true” 

focal derived quantities that are calculated deterministically (with no observation error) for each 

random replicate of the population dynamics. These “true” focal derived quantities are then directly 

compared to corresponding quantities from the assessment models to evaluate the accuracy of the 

assessment models’ estimates.  

The Monte Carlo method allows us to test the effect of randomness in assessment data on stock 

assessment results. In setting up the operating model we make a set of decisions about the biological 



11 
 

  
 

characteristics of the stock and the associated assessment data sets (Haddon 2010). These decisions are 

likely to have an effect on how well the stock assessment model can mimic the population dynamics 

underlying the generated assessment data. Variability in the assessment data, which is due to random 

sampling (observation error), as well as variability in the population dynamics (process error), are both 

likely to have an effect on an assessment model’s estimates. 

1.3.1. Population Dynamics 

One of the primary functions of the operating model (OM) is to simulate the dynamics of an age- 

and spatially structured population using standard equations for survival, growth, and recruitment over 

a 25-year simulated time period (Figure 1.2). The biological parameter values used in the OM are similar 

to those used to describe the life history characteristics of black rockfish (Sebastes melanops) in 

previous stock assessments or are used for other species of rockfish (Table 1.1).  The spatial 

subpopulations have the same growth and natural mortality characteristics. The instantaneous natural 

mortality coefficient (M) is held constant across ages and years for model simplicity. The parameters 

used to calculate growth in length-at-age were derived from fitting the von Bertalanffy growth equation 

to the observations of male and female average length-at-age averaged over three years of length data 

(2003, 2004 and 2005) from the 2007 assessment (Sampson 2007).  

The biological parameters as well as other initial values within the OM are used to generate 

fisheries-dependent and independent data that are provided to the estimation model, Stock Synthesis, 

to estimate the spawning stock biomass in the 25th year of the time series (          ) as well as the 

spawning stock biomass prior to exploitation (    ). This unfished spawning stock biomass is used to 

gauge the relative impact that exploitation has had on the stock. The OM arbitrarily starts with 2000 

recruits (R0), which are distributed (%RecInit) to regions one and two at 60% and 40% respectively. After 

the fish recruit to a region they do not subsequently move between regions.  By definition the 

proportions of recruits in the two regions sum to one.  
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     represents the biomass of living fish that are mature and reproductively active when there is 

no fishing. 

     ∑              
  
           (1.1) 

In this equation the weight-at-age (  ) is calculated by multiplying length-at-age by the length-weight 

density coefficient (α) and raising it to the power coefficient (β, Table 1.1). The length-at-age is 

calculated using the von Bertalanffy growth equation.  The parameter values for the length-weight 

relationship were used in both the 2003 and 2007 black rockfish assessments. The coefficients for 

maturity-at-age (  ) are calculated as a logistic function of length-at-age. Values for length at 50% 

maturity and the slope of the maturity versus length curve are from the 2003 black rockfish stock 

assessment (50% maturity at 39.53 cm). The spawning biomass-at-age is summed over the 40 age-

classes in the simulated stock.  The number of fish from both regions combined, Na,rtot, is the sum of the 

number of fish in each region (Na,r). 

     

{
 

  
                                             

        
 ( )                      

  (     
  ( )

    ( )
)           }

 

 
      (1.2) 

Spawning stock biomass in year t is calculated similarly to SSB0 but includes the effects of past 

fishing on the equations for the numbers of fish in each region. 

   ( )  ∑        ( )       
  
          (1.3) 

Equation (1.1), as well as the pooled spawning stock biomass in a certain year of interest (SSB(t), 

Eq. 1.3) are used to calculate depletion, defined as the ratio of spawning stock biomass is a given year 

over the spawning stock biomass of the unfished stock (SSB0). The year we are interested in is the last 

year in the simulated time period (t=25), making SSBcurrent = SSB(25).  The Pacific Fisheries Management 
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Council (PFMC) uses the spawning stock biomass at 40% depletion as a proxy for the spawning stock 

biomass at maximum sustainable yield (SSBMSY) for rockfish. SSBMSY is important to set harvest control 

rules for the fishery. In the OM, we assume that the population is 40% depleted in the first year of the 

simulated period.            is affected by basic population dynamics equations with adjustments to 

time varying parameters. To partially address the goals of Chapter Two (evaluate the impact of the 

underlying population dynamics on the stock assessment results), the time varying parameters are 

modified by three levels of environmental forcing on the recruitment distribution and three histories of 

regional exploitation.   

Both regions have their own independent fishery actively exploiting the fish in that region, 

resulting in age specific fishing mortality (  ). 

   ( )                 (1.4) 

Fishery selectivity-at-age (Sa) for both regions follows the simple logistic form resulting in age-six fish 

experiencing fifty percent of the fishing intensity and fish aged nine and above experiencing the full rate 

of fishing mortality. The regional fishing mortality coefficient is represented by    and changes annually. 

Age-specific fishing mortality affects the regional abundance at age (    ), which is modeled using an 

exponential survival model. 

    ( )  {

                                                                                                    

        
 (        )                                                          

        
 (        )          

 (        )                  

}  (1.5) 

To achieve an overall depletion of 40% in the first year of the simulation, the fishing mortality 

for years prior to the simulated period is set to 0.11 yr-1 for region one and 0.055 for region two (Table 

1.1). During the simulated period    changes annually based on specifications of the experimental 
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design. The actual    values used in the OM for each given simulation are randomly generated from the 

log-normal distribution, with mean zero and standard deviation    (Table 1.1). 

The abundance of the population in each region depends on the number of age-zero recruits to 

each region (     in equation 1.5). The number of recruits are determined using the Beverton-Holt 

spawner-recruit relationship (Eq. 1. 6) and includes adjustments to the percent recruitment distribution 

(   ) based on changes in an environmental factor, as specified in the experimental design.  

    ( )   
        

    (   )     (    )
    

 
    ( )      (1.6) 

The value of the steepness parameter (h=0.6) is consistent with previous assessments for black rockfish. 

Annual variability in recruitment is generated from a lognormal distribution where σR is the standard 

deviation of recruitment in log space and the mean is zero. The      is the spawning stock biomass 

pooled across both regions in year t. 

The proportion of recruits that go to either region    ( ), also referred to as the percent 

recruitment, is driven by an environmental influence that varies annually as specified in the 

experimental design. In addition to possible changes in its annual expected value the environmental 

influence includes annual random variability. To generate a random value for    ( ) and ensure that the 

total proportion of each region combined does not exceed one, we use equation 1.7. 

   ( )   
 

  (   [   ( )])  
           (1.7) 

The random variable   in equation 1.7 is selected from a normal distribution with mean value equal to 

the log of the expected proportion for    . The expected proportion for     is produced by the 

environmental influence in the experimental design and with standard deviation in log space equal to 

      (Table 1.1).  
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1.3.2. Data Generator 

The OM also generates expected values for the fisheries-dependent and independent data 

(Figure 1.2). Catch-at-age during the year in region r (    ( )) is calculated using the Baranov Catch 

Equation,  

    ( )       ( )    ( )  
    (     ( ))

    ( )
      (1.8) 

where the population abundance in year t (    ( )) is given by Eq. 1.5 , the fishing mortality-at-age 

(  ( )) is provided by Eq. 1.4 and the natural mortality coefficient (M) is assumed constant across all 

ages and years. The equation assumes natural mortality and fishing mortality happen simultaneously. 

The total catch for each region and year is the sum of the catch-at-age values over all ages (0 ≤ a ≤ 40). 

catch per unit effort (CPUE) is used in some assessment models as an index of stock abundance,  

    ( )     
∑     ( )
  
   

  
        (1.9) 

CPUE is derived from the total catch, the fishing mortality coefficient (  ), and the fishery catchability 

coefficient (            ). The catchability coefficient relates the catch rate with the abundance of the 

stock that is vulnerable to fishing mortality, as determined by the selectivity-at-age. The catchability 

coefficient in the OM is the same in both regions. CPUE provides a measure of the relative abundance 

between regions given that the catchability and selectivity are the same in both regions. The OM also 

calculates yield at age (    ) using the weight of the fish in the middle of the year. 

    ( )         ( )         (1.10) 

The weight-at-age a is produced by using the length-weight relationship described earlier in this chapter 

and the length produced by the von Bertalanffy function at age a+0.5. 

The fishery-independent data represent information collected by a monitoring survey that 

operates independently of the fishery and consistently through the years. These survey data, which 

include age-compositions and estimates of relative biomass, provide the estimation model with a 
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consistent view of population trends with minimal to no interference from changes in the spatial pattern 

of fishing. The OM assumes that the survey gear collects younger fish that are not seen in the fisheries 

data, thus providing more information than the fishery data about the relative strength of younger age 

classes. Both regions are assumed surveyed by the same sampling gear and using the same protocols, 

which means the survey catchability coefficient (  ) and the survey selectivity coefficients (      ) are 

the same across the regions. The OM calculates the numbers-at-age taken by the survey sampling gear 

using the following equation, 

               ( )                 ( )     (1.11)  

The survey biomass in year t is the weight-at-age multiplied by the number of fish-at-age selected by the 

survey, summed over all ages in that year.  

              ( )   ∑                    ( )
  
       (1.12) 

The regional catch-at-age numbers and the survey numbers-at-age data are converted to proportions 

(age-composition data) by dividing each age-year combination by the total number of fish in the 

corresponding year. 

The OM calculates a value each year for the environmental index (  ) that relates to the percent 

recruitment to each region.  

      (        )     (   ( ))       (1.13) 

This index can be used in the estimation method to provide information on annual changes in the 

percent of recruitment to each region. The environmental index for the distribution of recruits, which 

might be based on measures of sea-surface temperature anomalies or fluctuations in upwelling events, 

supports the unbiased view of abundance given by the survey. The generated environmental index is 
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calculated as a function of the percent recruitment (   ) on the log scale and in such a way as to be 

consistent with how the estimation model can use an environmental index to drive the percent 

recruitment parameters.  

In addition to random variability in the population dynamics (e.g., annual recruitment, percent 

recruitment to the regions, and regional fishing mortality coefficients) the OM generates replicate data 

sets for analysis using the Stock Synthesis estimation method. The different data types, data 

observational error distributions, and distribution parameter values are all shown in Table 1.2. The data 

types are explained further below as they are introduced. We define a replicate as a new draw of 

random values from the distributions used to generate the population dynamics. Replicate data sets 

that include observation error are referred to as “random” data sets. For each replicate data set there is 

a corresponding data set that has the same random population dynamics but does not include 

observation error.  These are referred to as “perfect” data sets.  

Random Replicates for Regional Data 

The experiment described in Chapter Two applies different configurations of the Stock Synthesis 

assessment program to “random” replicate data sets produced by the OM. Replication in the 

experiment allows for a formal statistical analysis of how well Stock Synthesis can estimate focal derived 

quantities given various ways that random “noise” is introduced into the data provided to Stock 

Synthesis.  

Age-composition data are the primary source of information regarding variations in annual 

recruitment and the mortality that has occurred. The random age composition data for each year and 

region are generated based on multinomial distributions with fixed numbers of fish sampled for age-

determination. The values for the probability (πa) of randomly sampling a fish of age-a in a certain year 

are derived from the values the OM calculates for abundance at age, using equation (1.8) for the fishery 

catches-at-age and equation (1.11) for the survey numbers-at-age.  
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The catches from a stock provide information on the magnitude of the stock and the level of 

fishing, because the catch cannot exceed the size of the stock. The Stock Synthesis estimation method 

assumes that the time series of catch biomass values (yield) input to the program are known without 

error. The OM generates yield time series that are consistent with this assumption and do not have 

observation error.  

In addition to requiring information on catches and catch age compositions, Stock Synthesis 

assessments also generally require data on trends in abundance or biomass. The OM generates random 

data on trends in abundance or biomass in the form of log-normally distributed observations of annual 

survey biomass and fishery CPUE values.  The OM generates these random replicate data using equation 

(1.13) to calculate the expected values for the survey biomass series and equation (1.10) to calculate the 

expected values for the fishery CPUE series. These calculations include with log-scale standard 

deviations of σSurvey and σCPUE, respectively, values found in Table 1.2. The environmental index does not 

have observation error in the random replicated data. 

Perfect Replicates for Regional Data 

 In addition to a random replicate data set that includes observation error, the OM produces a 

“perfect” replicate data set with no observation error but with the same random process errors in the 

recruitment and exploitation processes. These perfect data sets are used to verify that the OM’s 

calculations of the population dynamics are consistent with the population dynamics as calculated in the 

Stock Synthesis model. If the Stock Synthesis model includes the same parameter values as were used in 

the OM, then Stock Synthesis will be able to fit these “perfect” observations and produce a perfect 

model fit with close to zero residuals.  

Collapsed Random Replicates for Non-spatial Data 

 To gauge the importance of simplifying spatial assumptions in the estimation methods in 

Chapter Two, the OM also generates random replicate data sets in a one-region format, in which the 
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two-region data are collapsed as if they had been sampled from a single region. For each two-region 

data set there is a corresponding single-region set that has the same process errors as well as the same 

observation errors.  The OM produces this collapsed data set by simply combining the regional catch 

series and adding together the random observations for the two regional data series for survey biomass 

and fishery CPUE. A different approach is needed for the age composition data because fixed numbers 

of fish are sampled from each region in the OM but the regional abundance values likely differ.  The 

regional contributions to the age composition data are weighted to reflect the different numbers of fish 

encountered in the two regions, using the following equation,  

   ( )   
    ( )         ( )      ( )         ( )

    ( )      ( )
⁄    (1.14) 

where    ( ) denotes the observed number of age- a fish caught in year t (including the observation 

error). For the survey age compositions the regional weighting coefficients (  ) are the total  expected 

numbers of fish caught by the survey, in year t; for the fishery age compositions they are the expected 

numbers of fish caught by the fishery. 

 For the assessment models that are applied to the collapsed random replicate data sets there is 

no concept of spatial structure and the recruitment distribution parameters do not exist.  Hence there is 

no need for the environmental indices, which the OM uses to force recruitment to the regions.   

1.3.3. Operating Model Outputs 

The final function of the OM is to produce “true” focal derived quantities for the population that are 

calculated deterministically for each replicate of the OM population dynamics (Figure 1.2). These values, 

which include the random errors associated with the population dynamics but do not contain any 

observation error, are used to gauge how well the Stock Synthesis estimation model is able to correctly 

estimate the underlying population dynamics in terms of the relative error, defined as  
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 ̂  

 
           (1.15) 

where  ̂ is an estimated value and   is the corresponding true value.  The “true” focal derived quantities 

that are examined in the study include: 

 Virgin Spawning Stock Biomass (    ) - The equilibrium biomass of fish that would spawn if 

there was no exploitation (Eq. 1.1).  

 Spawning Stock Biomass Current (          ) - The biomass of fish that spawn in the current 

year of interest, which is the 25th and last year of the simulated period (Eq. 1.3). 

 Total Maximum Sustainable Yield (   ) – The deterministic maximum annual yield that the 

stock can produce, based on the assumption that the fishing mortality coefficient (Ft) in region two 

is twice the fishing mortality coefficient in region one, as in the OM at the start of each simulation. It 

is also a measure of how productive the stock is.  

 Spawning Stock Biomass at Maximum Sustainable Yield (      ) - The spawning biomass of the 

population that produces the maximum sustainable yield.  

 Depletion (              ⁄  ) - The ratio of the spawning stock biomass in the last year relative 

to the virgin spawning stock biomass, often expressed as a percentage (e.g., 40% depletion).  

1.4. Operating Model Use in Study 

The generated data from the OM are analyzed using Stock Synthesis (SS) version 3.21e. Within 

SS we use the replicated data sets to estimate various parameters associated with the stock’s dynamics 

and the traits of the fishery and the survey. Stock Synthesis gives users the choice of analyzing data that 

are from multiple distinct regions or from a single region. Input data to SS can include variables that 

drive temporal changes to almost any of the biological parameters in the model (e.g., environmental 

indices). We are able to test the effect of including spatial structure in Stock Synthesis by using the non-

collapsed random replicates as well as the collapsed replicates.  
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In Chapter Two we make use of various model configurations within SS to determine the 

influence of the following factors on the bias and precision of stock assessment results: (a) the 

underlying processes driving the population dynamics, such as exploitation histories and environmental 

forcing on recruitment distribution, (b) data availability, specifically an environmental index for 

recruitment distribution and survey biomass and age-composition data that are spatially explicit and 

(c) simplifying assumptions regarding spatial structure in the data. The accuracy of the Stock Synthesis 

estimates for certain focal variables associated with stock status are compared to the corresponding 

true values calculated by the OM.  
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FIGURES 

 
 
 

 
 
Figure 1.1. Example of relative age composition data for black rockfish from the Pacific Fisheries 
Information Network. The data, shown for the recreational fishery in northern Oregon (black bars) and 
southern Oregon (white bars) for 1996, illustrate regional differences in age composition. 
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Figure 1.2. Conceptual diagram representing the three functions of the operating model used 
throughout the thesis. 1) Population dynamics - use assumed biological and fishery parameter values to 
replicate spatial population dynamics for a target species; 2) Data generator - generate fisheries-
dependent and independent data with observation error for use in a stock assessment; and 3) Model 
Outputs - produce “true” focal derived quantities that are calculated deterministically for each random 
replicate of the population dynamics. 
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TABLES 

 
 
 
Table 1.1. Biological and fishery parameters used in the operating model. Values are 
derived from past stock assessments for black rockfish. The same values are used for 
each of the two regions, except for the region-one initial percent recruitment and the 
regional initial F values.  
 

Parameter Value 

Natural mortality (M) 0.16 

Steepness (h) 0.6 

Average maximum length (Linf) 44.2 

Growth coefficient (k) 0.2266 

Weight-length relationship alpha(α) 1.68E-05 

Weight-length relationship beta (β) 3 

Length at 50% maturity 39.53 

Maturity verses length slope coefficient 0.4103 

Number of age-0 fish at unfished equilibrium (R0) 2000 

Log-scale standard deviation (SD) for annual recruitment (σR) 0.5 

Log-scale SD for exploitation (σF) 0.2 

Log-scale SD for recruitment distribution (σRecD) 0.2 

Initial percent recruitment for region one (%Recinit) 60% 

Initial Ft for region one 0.11 

Initial Ft for region two 0.055 

Fishery Logistic Selectivity (Sa) 
 

Age at 50% selection 6 

Slope coefficient of the selection curve 1.5 

Catchability coefficient (QF) 0.0001 

Survey Logistic Selectivity (SurvSa) 

 Age at 50% selection 4 

Slope coefficient of the selection curve 1.5 

Catchability coefficient (QS) 0.2 
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Table 1.2. Data types and random errors used to generate data sets for Stock Synthesis (SS). All data 
types except for the Catch Biomass and Environmental Index data have an observational error 
structure defined by a specific probability distribution. The parameters (P) used to generate the 
random variables in the data set are also noted. The age composition probabilities (πa) vary based on 
the age and year. The catch biomass series and the environmental index are provided to SS without 
observational error. 
 

Data Type Error Distribution (P1,P2) Parameter 1 Parameter 2 

Catch Biomass N/A -- -- 

Fishery CPUE Log Normal (µ, σcatch) 0 0.5 

Survey Biomass Log Normal (µ, σsurvey) 0 0.25 
Survey Age Composition Multinomial (n,πa) 200 Varies by age and 

year 
Catch Age Composition  Multinomial (n,µ) 400 Varies by age and 

year 

Environmental Index N/A -- -- 
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2. Chapter 2: Data Needs for Spatially Explicit Stock Assessments: a Simulation Study 
Using Stock Synthesis 

 
2.1. Introduction 

A stock assessment is a quantitative analysis which uses statistical models and empirical data to 

predict fish population dynamics. The predictive capabilities of stock assessment models are used to 

evaluate the consequences of alternative management actions (Gulland 1983, Punt and Hilborn 1997). 

Empirical data comes in two forms: 1) fisheries-dependent data collected from commercial and /or 

recreational fishing operations (e.g., age- or size- compositions, landings, discards, and fishing effort) 

and 2) fishery-independent data collected during research survey cruises (e.g., survey biomass indices, 

environmental indices). These data are incorporated into assessment models to reconstruct the 

dynamics of the stock.  Numerous factors can influence the accuracy of this reconstruction. These 

factors include: data accuracy and extent, validity of biological input parameters, and assumptions made 

about how the data are structured.  An assessment model that considered all potential factors would be 

highly complex and could not have adequate supporting data. A common simplifying assumption is that 

the fish in a stock do not have any underlying spatial structure and can be treated as being spatially 

homogeneous. Data collected from different regions are typically aggregated and used to calculate the 

status of the entire stock, without accounting for possible differences in subpopulations. An additional 

simplification is to assume that specific processes are time-invariant rather than being influenced by 

changes in the surrounding environment. These simplifications could lead to the risk of an overly 

optimistic assessment of a stock’s status and productivity, and subsequently to over-harvesting (Hilborn 

et al. 2002, Magnusson and Hilborn 2007, NRC 1998). 

In fact, many fish populations are made up of spatially explicit subpopulations that differ in size 

and have experienced different catch and management histories (Begg and Waldman 1999, NRC 1998). 

Spatial differences in fishery age-composition data provide direct evidence that such subpopulations 

exist. Spatial differences not only stem from differences in fishing patterns in various regions, but also 
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from temporal changes in the relative distribution of recruitment among regions. Research on larval fish 

transport and ocean dynamics (Ainley et al. 1993, Charter and Sandknop 2000) suggests that 

environmental factors can influence the distribution of recruits into various regional subpopulations. 

These findings may not allow for a full explanation of dispersal patterns but have provided some insight 

into observed regional differences in abundance and assisted in explaining year-class strength in 

assessment data. Dispersal can be affected by environmental processes such as a seasonal reversal in 

currents and a relaxing of winds (Bjorkstedt et al. 2002). The environmental processes operating on 

larval dispersal become extremely important for organisms that are sedentary as adults because they 

will likely result in spatially structured subpopulations.  For many relatively sedentary species of 

groundfish, most of their dispersal is accomplished during their pelagic early stages, before settlement 

(Shanks and Eckert 2005).  

A relatively small number of investigations incorporate population spatial structure and 

environmental influences into assessment models. Cope and Punt (2011) conducted a simulation study 

in which they evaluated the effect of spatially varying catch histories on the performance of an age- 

structured stock assessment in which there were spatially distinct subpopulations. Key findings include 

1) relatively small differences in catch histories among subpopulations can create bias in estimates of 

stock status and 2) an assessor must understand the mechanisms driving spatial structure in the 

underlying population dynamics (e.g., growth, mortality and reproduction) to provide the appropriate 

spatial scale. Berger et al. (2012) also found increased precision of stock abundance and mortality 

estimates when the assessment model included population spatial structure that accounts for regional 

differences in the vulnerability of the fish to the gear. Other researchers have tried incorporating 

environmental indices into stock assessments. Schirripa et al. (2009) investigated two ways of 

incorporating environmentally-linked recruitment variability into an assessment, either including the 

index directly into the recruitment model structure or instead using the index to adjust the recruitment 
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deviations. Haltuch et al. (2011) explored the potential for including an environmental index as a driver 

of annual recruitment deviations. A recent study by Hulson et al. (2013) focused on incorporating both 

environmental influences and spatial structure within stock assessments. The study investigated the 

performance of spatially explicit models that include tagging data and movements of fish between 

regions, where the movement rates were affected by environmental changes. In the current study we 

expand on previous work by incorporating both environmental influences and spatial structure within 

stock assessments. We include different forms of fisheries-independent data, specifically spatially 

structured survey data and environmental indices for the spatial distribution of recruitment. This may 

provide new insight into precision and accuracy of stock assessments when applied to populations that 

are heterogeneously distributed and exploited in their various subpopulations.  

Stock Synthesis (SS, Methot and Wetzel 2013a) is one of a handful of stock assessment modeling 

platforms that allow for incorporating spatial population structure and interactions between the 

population dynamics and environmental variables.  One advantage of SS compared to earlier modeling 

methods is that it does not require a complete time-series of data but instead can use data series that 

are fragmented. Age-composition data that have missing observations for consecutive years can be used 

without the need to create data for the missing years. This is achieved by taking into account the various 

processes that are assumed to have influenced the creation of each datum (Methot and Wetzel 2013a). 

Described as an integrated approach to estimation by Maunder and Punt (2013), SS has the ability to 

analyze most of the data types commonly found in fisheries assessments, and to evaluate the 

contribution of different data types in estimating specific biological parameters. SS is also able to 

generate approximate estimates for the variance of estimated parameters and variables derived from 

those parameters. Using the Auto Differential Model Builder optimizing routines (Fournier et al. 2012), 

SS can simultaneously estimate hundreds of parameters and derive values for stock status by using 

either the method of maximum likelihood or a Bayesian Markov Chain Monte Carlo method. These 
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features allow for an increase in model flexibility and complexity as well as increased accuracy of 

estimates. The Stock Synthesis software has been used for many years to conduct assessments of the 

groundfish stocks on the United States West Coast.   

This study focuses on using Stock Synthesis for the assessment of a rockfish-like species. There are 

at least 65 species of rockfish (Sebastes spp.) on the Pacific coast of the United States. Many rockfish 

species are slow growing, relatively long-lived and mature late in life. Their preference for rocky reef 

habitats makes quantification of the population difficult (Love et al. 2002). Concerns about susceptibility 

of rockfish to overfishing arise due to rockfish life history traits and their dependence on oceanographic 

conditions (Love et al. 2002). Rockfish are important to the commercial and recreational fisheries, 

however, there are severe restrictions imposed on the fishery due to concerns for certain vulnerable 

species. Sampson (2007) developed a spatial model in Stock Synthesis for the assessment of black 

rockfish (Sebastes melanops), a nearshore species that is thought to be relatively sedentary after 

settlement. Landings series that were inconsistent across regions and spatial variability in age 

compositions suggested the need for a spatial model. The spatial model for the black rockfish 

assessment was ultimately discarded due to instability in parameter estimation. Sampson (2007) 

suggested that the spatial model had failed because there were no data to inform the model on how to 

distribute the recruiting fish regionally. 

The current study applies the Stock Synthesis assessment platform to spatially explicit simulated 

data to explore how different forms of data and model structure influence assessment results. The study 

uses a factorial experimental design to measure the importance of the following factors to the bias and 

precision of stock assessment results: (a) the underlying processes driving the population dynamics 

(exploitation histories and environmental forcing on the spatial distribution of recruitment), (b) the 

availability of different types of data, specifically an environmental index for recruitment distribution, as 
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well as survey data on biomass trends and age-composition, and (c) whether or not the data provided to 

the Stock Synthesis model are spatially structured.  

2.2. Materials and Methods 

2.2.1. Overview 

In this study we take a Monte Carlo simulation approach (Rubinstein and Kroese 2008) and use a 

factorial experimental design to test the effect of multiple factors on Stock Synthesis results. We first set 

up an operating model (OM) that simulates the dynamics of a stock based on a relatively small set of 

parameters that define the biological characteristics of the stock and the associated assessment data 

sets (Haddon 2010). The OM performs three key functions. First it uses standard equations for growth, 

survival and reproduction with fixed parameter values to simulate the population dynamics for a stock 

that occupies two spatial regions. Second, for each simulation run the OM generates sets of fisheries 

dependent and fisheries independent random data that are formatted for direct analysis by Stock 

Synthesis. Lastly, the OM produces “true” values for certain focal derived quantities that are calculated 

deterministically (with no observation error) for each random replicate of the population dynamics. The 

three steps are repeated to generate a large number of replicate data sets for each set of OM 

parameters.  The data sets are analyzed using Stock Synthesis to produce estimates of the focal derived 

quantities, which are then compared with the “true” values produced by the OM to evaluate the relative 

error of the estimates. 

The parameter values provided to the OM influence how well Stock Synthesis can estimate the 

population dynamics underlying the generated assessment data. Within the framework of different 

treatments in the experimental design, some of the OM parameters are altered to control the 

population dynamics. Other factors in the experimental design control how the data are analyzed by 

Stock Synthesis. We evaluate the strength and importance of the various experimental factors by 

applying analysis of variance models to the relative errors of the Stock Synthesis estimates.  
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2.2.2. Operating Model 

Population Dynamics 

The operating model mimics the dynamics of an age- and spatially-structured population. It uses 

standard equations for survival, growth, and recruitment to project the population forward 25 years 

(Figure 2.1). The equations are those commonly used in the stock assessment simulation literature 

(Haltuch et al. 2008, Methot and Wetzel 2013a, b, Punt et al. 2002) and are presented in Chapter One. 

Values for the biological parameters used in the OM are similar to those used to describe the life history 

characteristics of black rockfish (Sebastes melanops) and are found in Table 2.1. The values are taken 

from previous stock assessments (e.g., the coefficients for the length-at-age and the length-weight 

relationship) or they are similar to values commonly used for other species of rockfish (e.g., the 

spawner-recruit steepness parameter value).   

The two regional subpopulations in the spatially structured stock have the same natural mortality 

and growth characteristics. Natural mortality (M) is held constant across ages and years for model 

simplicity, although it is typically sex and age dependent for black rockfish. The unfished stock size is 

determined by arbitrarily setting the unfished level of recruitment (R0) to 2000 fish, which are 

distributed to regions one and two at 60% and 40% respectively (Table 2.1, %Recinit).  After fish recruit to 

a region they subsequently do not move between regions, which is a reasonable simplifying assumption 

for black rockfish (Green and Starr 2011). Numbers-at-age are calculated using the standard exponential 

survival equation, which is a function of natural mortality and fishing mortality (F), as given in Chapter 

One. Length-at-age values were derived from fitting a von Bertalanffy growth curve to the average of 

male and female length-at-age averaged over three years of length data (2003, 2004 and 2005) from 

Sampson (2007). The parameter values for the length-weight relationship as well as the maturity 

function are values used in both the 2003 and 2007 black rockfish assessments. The coefficients for 
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maturity-at-age are calculated from a logistic function of length-at-age, where 50% maturity is attained 

when fish reach 39.53 cm in length.   

Recruitment is assumed to depend on the combined spawning biomass of the two 

subpopulations and is calculated using a Beverton-Holt spawner-recruit relationship, parameterized in 

terms of steepness (h). Variability in annual recruitment, which is assumed to be lognormally 

distributed, is set using σR, the standard deviation of recruitment in log space. The overall pool of 

recruits is distributed into the two regions based on the recruitment distribution parameter    ( ), also 

referred to as the percent recruitment, which is driven by an environmental influence that varies 

annually around a mean value specified in the experimental design. The environmental factor 

represents various modes of transport for the young of the year from a pelagic pool to the nearshore 

settlement regions (e.g., timing of current reversal, sea surface height anomalies). Random variability 

around    ( ) is controlled by the parameter σRecD.. Details regarding the generation of random 

variability around    ( ) are provided in Chapter One. From this information we calculate the 

equilibrium spawning biomass prior to exploitation (SSB0) from each region, which are functions of 

growth-in-weight, maturity coefficients and numbers-at-age. 

Fishing mortality rates vary by region and year based on three patterns of simulated exploitation 

history specified in the experimental design. Fishing mortality in year t, F(t), is scaled to each age by 

fishery selectivity-at-age (Sa) resulting in fishing mortality-at-age coefficients (Fa) used to determine 

numbers-at-age and catch-at-age, and to calculate SSB. The fishing mortality coefficients include 

lognormal random variability (  ) with a log-scale standard deviation of 0.2 (Table 2.1).  Although each 

region has its own independent fishery, the OM assumes that the fisheries use similar gear with the 

same pattern of selectivity.  The gear selectivity follows a logistic function with age-six fish experiencing 

half of the full rate of fishing mortality and fish aged nine and above experiencing the full rate of fishing 
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mortality. Catches-at-age are calculated using the standard Baranov catch equation, explained in 

Chapter One. 

For the first year of each simulation the stock is reduced so that SSB(1) is 40% of the unfished 

level (SSB0), meaning that initial depletion is 40%. The Pacific Fisheries Management Council (PFMC) 

uses 40% depletion to set the target level for stock biomass in its harvest control rules for rockfish 

fisheries.  To achieve an overall depletion of 40% at the start of the first year of the simulation, the 

regional fishing mortality rates for years prior to the simulated period are set to  0.11 yr-1 and 0.055 yr-1 

for region one and region two respectively.  

Data Generator 

The second function of the operating model is to generate various datasets that are input to 

Stock Synthesis for analysis or compared with Stock Synthesis’s estimates. One dataset reflects random 

variations in recruitment and exploitation in the population dynamics. Another dataset includes 

additional random sampling variation (observation error). The data that are generated for Stock 

Synthesis include the following: regional series of annual values for fishery catches, catch age-

compositions, catch per unit effort (CPUE), survey biomass and age-compositions, an environmental 

index of recruitment distribution, and mid-year weights-at-age. 

The fishery age-composition data that are input to Stock Synthesis provide information on year-

class strength and are an important source of information on the impact of the fishery over time. The 

OM calculates age-compositions from the catch numbers-at-age expressed as fractions of the overall 

catch in numbers.  Fishery CPUE provides information on trends in stock abundance and in one region 

relative to another. The regional CPUE series are derived in the OM by dividing the annual overall catch 

numbers by the fishery catchabiliy coefficient (QF), which is assumed to be constant with time and 

across both regions.  The survey data represent information collected by a monitoring program that 

operates consistently through the years and independently of the fishery. These survey data, which 
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include age-compositions and estimates of relative biomass, provide the estimation model with a 

consistent view of population trends with minimal to no interference from changes in the spatial pattern 

of fishing. The OM calculates the survey biomass values by applying the survey catchability (QS) and 

selection coefficients (SurvSA) to the regional numbers-at-age.  Survey catchability and selection are 

assumed constant through time and across both regions.  Finally, the OM calculates a value each year 

for the environmental index (  ), which relates to the percentage of recruitment to each region.  

      (        )     (   ( ))       (2.1)  

The generated environmental index is calculated as a function of the percent recruitment (   ) on the 

log scale, as in equation (2.1), to be consistent with how Stock Synthesis uses an environmental index to 

drive the percent recruitment parameters. 

One dataset that the OM generates for input to Stock Synthesis includes no observation errors 

and is hereafter referred to as the “perfect” data set. If there is consistency between the population 

dynamics of the OM and the population dynamics applied by the Stock Synthesis configuration, Stock 

Synthesis will be able to exactly fit these “perfect” observations when given the set of correct parameter 

values. The second dataset includes random observation error. Table 2.2 shows the distribution and 

parameter values used to generate observational error for each of the data types in the random-data 

package. In Stock Synthesis, catch is assumed to be known without error. For model simplicity, the 

environmental index is assumed to have no observational error. 

To determine the importance of simplifying assumptions regarding spatial structure, the OM 

generates random datasets in a one-region format in addition to the two-region format that conforms 

to the two-region structure of the population dynamics. To produce the one-region format the two-

region, random data are simply added together. The same procedure is followed for the survey biomass 

and fishery CPUE data. Due to likely differences in abundance between the two regions, coupled with 
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the fixed regional sample sizes for the age-composition data, the one-region age compositions for the 

catch and survey are combined as a weighted total. Detailed calculations are explained in Chapter One.  

Model Output 

The final function of the OM is to produce “true” focal derived quantities for the population that are 

calculated deterministically for each replicate of the OM population dynamics. These values do not 

contain observation error, only variability in the population dynamics.  These “true” focal derived 

quantities include:     ,           , the total maximum sustainable yield (MSY), the spawning stock 

biomass at maximum sustainable yield (      ) and depletion in the final year of the simulated period 

(              ⁄  ).  

These values are calculated regionally and then combined for an overall population value. MSY is 

calculated deterministically by solving for the maximum yield in each region given that the ratio of 

regional fishing mortality rates is set at 1:2, where region two is more exploited than region one, as in 

the OM for the initial year of the simulation. 

2.2.3. Estimation Method 

We estimate stock statistics using Stock Synthesis (SS) version 3.21e.  A complete description of the 

many data sources that SS can accept are provided in Methot and Wetzel (2013a). Stock Synthesis and 

similar integrated stock assessment methods often have difficulty estimating key parameters such as the 

rate of natural mortality (M, Lee et al. 2011) and the steepness of the spawner-recruit relationship 

(h,Lee et al. 2012). For simplicity, in this study the Stock Synthesis models were provided the correct 

values for M and h, as well as the correct values for weights-at-age, which were constant across all 

years. This eliminated the need for Stock Synthesis to estimate any growth parameters. The models 

were configured to estimate values for the following parameters: annual recruitment deviations 40 

years prior to the start of the simulated period, unfished and initial recruitment on the natural log scale, 

the initial percent recruitment to region one, the series of fishing mortality rates in both regions, and 
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parameters for the logistic selectivity curves for the two regional fisheries and the survey. Survey 

selectivity was specified to be the same in both regions, as in the OM. For some of our experimental 

treatments Stock Synthesis is configured to estimate a parameter that controls the strength of the 

environmental influence on the recruitment distribution. In others it was configured to estimate annual 

deviations in the recruitment distribution. 

Although Stock Synthesis can be used to derive parameter estimates using Bayesian inference, in 

this study the parameter estimates were derived using the method of maximum likelihood. Stock 

Synthesis finds the set of parameter values that minimizes the total negative log-likelihood, which is 

calculated as the sum of log-likelihood components from each data source. The form of the log-

likelihood for each data component depends on the error structure assumed for that component. For 

example, the log-likelihood components for the survey biomass indices were assumed to be log-normal, 

consistent with how the observations were generated (Table 2.2). Similarly, the log-likelihood 

components for the age-composition observations were assumed to be multinomial and based on the 

sample sizes that were used to generate the observations (Table 2.2). The log-likelihood components 

were weighted equally in the total log-likelihood, except for one experimental treatment in which the 

components for the survey data were down-weighted to near zero to remove their influence.  

2.2.4. Experimental Design 

The study uses a 3 x 3 x 6 factorial experimental design (Table 2.3). Figure 2.1 provides a simple 

conceptual diagram of the overall experiment. Two factors, each with three levels, affect the population 

dynamics of the OM (EnvirP & ExploitRate). Three factors, each with two levels, affect the configuration 

of the estimation model in Stock Synthesis (SpatialAssum, SurveyData, EnvirIndex). However, the two 

levels for EnvirIndex only apply to one level of SpatialAssum, giving six combinations for these three 

factors. 
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Factors Influencing the Population Dynamics 

The experiment evaluates the importance of two underlying processes driving the population 

dynamics; environmental forcing of the recruitment distribution and the regional exploitation histories. 

We manipulate certain parameters to adjust these two factors within the OM. The environmental 

pattern factor has three levels (Table 2.3, Factor: EnvirP) that each interact simultaneously with one of 

the three levels for the exploitation histories (Table 2.3, Factor: ExploitRate) to change the time-series 

for the pooled spawning biomass and other variables in the simulated stock. We chose to use simulated 

environmental patterns and exploitation histories rather than empirical data to have complete control 

over the simulated time-series and lessen the complexity of the OM. A description of each EnvirP level is 

listed below and the patterns are illustrated in Figure 2.2.  

● EC – EnvirP Constant - No change in the average environmental pattern over time, therefore only 

random change in the percent of recruits to the regions. 

● EA – EnvirP Abrupt - An abrupt change in the average environment which forces an abrupt 

change in the distribution of recruits from one region to another, representing phenomena such 

as the 1977 environmental regime shift (Mantua and Hare 2002). 

● EG -  EnvirP Gradual – A sinusoidal environmental pattern where the average distribution of 

recruits is influenced by gradual changes over time. 

These environmental patterns directly impact the time series of expected values for the average percent 

recruitment distribution (   
̅̅ ̅̅̅) parameter.  Each replicate series produced by the OM includes random 

variability around the annual series of parameter values, as explained in the Operating Model section 

above. 

The OM uses equation 2.2 to calculate the percent of the annual recruits that enter region one over 

time when EnvirP is at the gradual level(    ). 

    ( )                ( )       (2.2) 
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The adjustment to the percent recruitment (     ( ), Eq. 2.3)) is scaled so that the expected percent 

recruitment in region 1 varies between 20% and 80%, and returns to its original     in the final year 

(t=25). 

     ( )  (            )     (
  

      
)          (2.3) 

When the EnvirP factor is at the constant level the expected percent recruitment is constant over time. 

When the environmental factor has the abrupt setting,     ( ) changes as a step function in year 12 

causing a reversal in the regional recruitment distribution percentages. We chose year 12 for the 

transition to provide time for the influx of recruits to show up in the age composition data prior to the 

end of the 25-year simulation. 

The simulated population is also subjected to three different exploitation histories, modeled as 

linear trends in the rate of fishing mortality (Table 2.2, ExploitRate). The expected fishing mortality rate, 

 ( ), varies over time and there is also randomness around the expected value. The three levels of 

ExploitRate are described below and visually represented in Figure 2.2. 

● FC – ExploitRate Constant - Constant and equal annual   in each region, representing a baseline 

scenario of no change in exploitation over time.  

● FM – ExploitRate Mixed - Annual  ( ) in one region increases linearly over time, while the 

average fishing rate in the other region decreases over time, at the same rate. This pattern could 

represent a change in fishing behavior or regional management over time.  

● FI – ExploitRate Increasing – Annual  ( ) increases in both regions linearly over time, 

representing a possible lack of regulation enforcement or expansion of the fishing fleet. 

To better identify the effects of these two population dynamics factors, the parameters for the 

exploitation and environmental patterns were controlled to produce relatively consistent values for 

spawning biomass and depletion in the final year of the simulated period (t = 25), despite the annual 
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variations in percent recruitment and exploitation. Regardless of the setting of the environmental factor, 

the ending depletion is 62% (+/- 2%) when the exploitation history is constant or mixed, and 25% (+/-

0.8%) when ExploitRate is increasing. In all treatments depletion at the start of the simulated period is 

approximately 40%. Hence, the contrast between the increasing ExploitRate and the other levels allows 

for examination of experimental effects on stock assessment results when the population is increasing 

versus decreasing. The environmental influence and the exploitation history factors provide nine 

population scenarios (three environmental patterns by three exploitation histories) for the simulated 

population dynamics. 

For each of these nine population scenarios, the OM generates 100 replicate data sets which include 

process error due to random deviations in annual recruitment, percent recruitment, and regional 

exploitation, as well as observation error in the data sets prepared for analysis with Stock Synthesis. For 

the experiment as a whole there are 900 sets of true focal derived quantities. 

Factors Controlling the Estimation Approach 

We evaluated the importance of providing Stock Synthesis with two different forms of data, survey 

data (Table 2.3, SurveyData) and an environmental index for recruitment distribution (Table 2.3, 

EnvirIndex). We also explored results dependent on whether the data input to Stock Synthesis are 

spatially structured or not (Table 2.3, SpatialAssum). The different forms of generated datasets are then 

input to Stock Synthesis models that have been suitably configured. The two levels for the 

environmental index for recruitment distribution only apply to model configurations with more than one 

region. This results in six sets of Stock Synthesis model configurations (MCs). The MCs are as follows:  

● MC2.S.E – Uses the two-region spatial data, the two-region Synthesis model, the two-region 

survey data, and also the environmental index. This model configuration is fully consistent with 

the OM and makes full use of all the available data. 
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● MC2.nS.E – Uses the two-region spatial data and two-region Synthesis model, does not use the 

survey data, but does use the environmental index. 

● MC2.S.nE - Uses the two-region spatial data, the two-region Synthesis model and the two-region 

survey data, but does not include the environmental index.   

● MC2.nS.nE - Uses the two-region spatial data and two-region Synthesis model but does not include 

either the survey data or the environmental index. 

● MC1.S - Uses the one-region spatial data and one-region Synthesis model.  The survey data are 

used but in a collapsed (one-region) form. The environmental index has no relevance in a one-

region model because there is no recruitment distribution parameter.  

● MC1.nS - Uses the one-region spatial data and one-region Synthesis model, but does not use the 

survey data and the environmental indices are irrelevant. This model configuration is the least 

consistent with the OM and uses less of the available data than any other configuration. 

2.2.5. Configuration of Stock Synthesis 

Switching among the six model configurations requires adjustments to auxiliary files provided to 

Stock Synthesis. To exclude the survey data from a Stock Synthesis model the weighting for the log-

likelihood components for the survey biomass index and the survey age-composition data were set to be 

close to zero. For configurations that include the environmental index (MC-2.S.E and MC-2.nS.E) Stock 

Synthesis uses the following equation to represent the log of the percent recruitment distribution 

parameter   ( ):  

    ( )              
           (2.4) 

The time-varying parameter    ( ) is a function of the pattern for the environmental index Et and the 

initial percent of recruitment to each region,           . The parameter Eta (η) is a coefficient that can 

be estimated by Stock Synthesis and that regulates the influence of the environmental index. In model 
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configurations 2.nS.nE and 2.S.nE the variability in the recruitment distribution deviations is partially 

constrained by a standard deviation value that is input to Stock Synthesis based on the true variability of 

the index values generated in the OM. 

2.2.6. Analysis Methods 

To evaluate the performance of the six model configurations, for each of the nine population 

scenarios and 100 replicates, estimates of derived quantities were extracted from the Stock Synthesis 

output files using functions from the r4ss R package (Taylor et al. 2014). Estimates were compared to 

the “true” derived quantities using the relative error (RE).  

    
 ̂  

 
          (2.5) 

We use the median relative error (MRE) to measure overall bias, the median absolute relative error 

(MARE, Eq. 2.6) to quantify accuracy and the median absolute deviation from the median (MAD, Eq. 2.7) 

to quantify precision.  

            (|
 ̂  

 
|)        (2.6) 

            (| ̂        ( ̂)|)       (2.7) 

All of these performance metrics are robust to outliers and have been applied successfully in past 

simulation studies (Haltuch et al. 2008, Wilberg and Bence 2006). 

The resulting RE values were visually summarized using various graphical methods given the nine 

population scenarios and six model configurations. Formal statistical analyses of the RE values were 

conducted using a three by three factorial linear mixed effects (LME) model with EnvirP, ExploitRate, and 

MC as fixed effects and MC as a repeated measure. A repeated measures analysis is used because each 

of the 100 replicates for each of the nine population scenarios is used six times, once with each of the 
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six MCs.  This reuse of data leads to a lack of independence in the RE variables from the six MCs. The 

random effects in this mixed model are the 100 replicates for each of the nine population scenarios. 

The best LME model was selected to represent the variability in the RE of each derived quantity 

using a stepwise model selection process and the Akaike Information Criterion (Burnham and Anderson 

2002). For each derived quantity we iteratively removed predictors from the full model, which included 

all main effects and interactions (Eq. 2.8), in turn removing those predictors that gave the model the 

highest AIC values. 

                                            (2.8) 

We used a series of linear hypothesis tests (LHTs, Bretz et al. 2011) and ranked the resulting 

coefficients to determine which factors and levels had the largest impact on the relative error of the 

derived quantities. These resulting coefficients may reflect increased bias in the estimation of a focal 

derived quantity. The LHT calculations were done using the Multcomp R package (Hothorn et al. 2008). 

Using the results of the linear hypothesis test we summarized the factors that reduced bias in the 

estimates of the focal derived quantities.  

We explored the models that produced unusual results by looking at time series plots of the 

estimated spawning biomass values. We also identified factor combinations that resulted in outliers in 

the relative errors for the focal derived quantities using the Hampel identifier, which incorporates 

robust measures of location and spread such as the MRE and MAD (Hampel 1971). We used a 

conservative range and consider any point to be an outlier that is outside of three times the MAD +/- the 

MRE.  
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2.3. Results 

2.3.1. Determining Factor Importance 

We gauged factor importance in four steps. First, we examined the correlation structure of the 

five focal derived quantity relationships to identify possible redundancies among the focal variables, 

leading to a reduction in the number of focal derived quantities. Relative error values for the chosen 

focal derived quantities were examined for the overall main effects of the different Model 

Configurations, EnvirP and ExploitRate levels. Linear mixed effects models were then fit to the RE values 

for the chosen focal derived quantities. The chosen mixed effects models were then used to test linear 

hypotheses about the relative importance of the factors.  

2.3.2. Focal Derived Quantities 

RE values for the five estimated focal derived quantities were highly correlated linearly (ρX,Y > 

0.8, Fig. 2.3). There were almost perfect correlations among the values for MSY, SSBMSY and SSB0, 

suggesting that two of these variables could be eliminated with little loss of information. We decided to 

focus the analyses of factor effects on the relative errors of Virgin Spawning Stock Biomass (    ) and 

Current Spawning Stock Biomass (          ).            was highly correlated with Depletion (ρX,Y 

=0.94) and subsequent analyses indicated similar results for both variables. For simplicity we chose to 

exclude Depletion in the display and interpretation of results.  

In twelve of the scatterplots (Fig. 2.3) there were clusters of points (roughly 35 points, as judged 

by eye) where the RE values for SSBCurrent and Depletion are very close to -0.9 and the RE values for SSB0 

are approximately -0.6. RE values near -1.0 indicate estimates that are close to zero. Despite systematic 

exploration of factor levels that might be associated with these unusual results, we did not find a clear 

interpretation of what factors caused them to occur.    
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2.3.3. Effect Overview 

Factor Effects on Bias 

Given the experimental design for this study, the relative error is visually summarized in a three 

by three line-plot for SSBCurrent. Figure 2.4 shows the RE for each of the population scenario replicates 

given their repeated usage in each of the six model configurations, used to estimate SSBCurrent. The non-

parallel nature of the lines connecting the replicates from MC to MC provide evidence for the effect of 

interactions between MC and the population scenarios on the RE of SSBCurrent and the variability in its 

estimates. The points with RE near -1.0 indicate estimates of SSBCurrent close to zero for some MCs when 

using certain replicates of data. For instance, under population scenario FC:EC (the upper left panel) 

there are several replicates that when used in MC 2.S.E result in large negative values (Fig. 2.4). These 

extreme RE values also appear in a similar figure for SSB0 (not shown). The median relative error (MRE) 

of all MC and population scenario combinations (Fig. 2.4, blue points) indicate overall underestimation 

of SSBCurrent. Under six of the nine population scenarios there is reduced bias when using MC-2.S.E 

compared to the other five MCs. MC-2.S.nE and 1.S show similar reduced bias relative to their 

counterpart MCs that have no survey data (MC- X.nS.X). Similar patterns of underestimation are 

identifiable for the plot of MRE for SSB0 but there is less variability between replicates for SSB0 

compared to SSBcurrent. Summary tables for the MRE values for      and             are provided in the 

Appendix, tabulated for each combination of the six MCs, three ExploitRate levels and three EnvirP 

levels.  

Due to the large amount of information presented in the three by three line-plot for relative 

error, density plots provide simpler visual summaries of the RE values for each of the factor levels. 

Figure 2.5 shows the distribution of RE values for      and SSBcurrent, for each of the six model 

configurations (2.S.E, 2.nS.E, 2.S.nE, 2.nS.nE, 1.S and 1.nS), pooled across all nine of the population 

scenarios. The RE values range between approximately -1.0 and 0.7, with the lowest values 
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corresponding to estimates that were near zero and the highest values corresponding to a 70% 

overestimation. The distributions of RE values provide insight on the accuracy of the different MC 

estimation methods. The long-dash vertical lines in each panel show the MRE values and the short-dash 

vertical lines are reference lines for zero bias in the estimates.  

The density plots for      (Fig. 2.5, left-hand panels) indicate that all six model configurations 

tend to underestimate     . The least biased estimate (MRE = -7.88%) was for MC-2.S.E, which is the 

configuration that is consistent with the OM in having two regions and that uses all the available data 

(survey plus the environmental index).   MC-2.S.nE was the second least biased estimate (MRE = -

8.38%). The most biased estimate (MRE = -12.79%) was for MC-1.nS, which is the configuration that is 

collapsed to one region (inconsistent with the OM) and that uses the least amount of the available data 

(no survey, no environmental index).  The distributions of RE values for SSB0 exhibit long negative tails 

for all configurations except MC-1.S, where there are several values less than -0.4 for each MC.  

            (Fig. 2.5, right-hand panels) is also consistently underestimated by the six MCs. As in 

the RE values for      , the configuration MC-2.S.E had the least biased estimates (MRE = -4.79%) and 

MC-1.nS had the most biased estimates (MRE = -22.06%). The spread of the            RE values is 

wider than the spread of the      RE values, suggesting that       can be estimated more precisely 

than           . The density plots for the RE of            estimates in Figure 2.5 exclude two extreme 

RE values: 1.25 and 5.45, for MC-2.nS.E and MC-2.nS.nE respectively. These and other outliers are 

examined in more detail below.  

 The density plots were also constructed to illustrate how the RE values for      and             

vary with the environmental pattern, EnvirP (Fig. 2.6). The MRE values for the three environmental 

patterns, after being pooled across the levels of the other factors, change very little between levels for 

the focal derived quantities. This lack of change implies that the environmental pattern had relatively 

little influence on the bias of the      and             estimates. The median RE values for 
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     were -10.01% for level EC, -10.35% for EA and -10.47% for EG. The median RE values for             

were -8.95% for factor level EC, -8.42% for EA and -9.09% for EG. Again, the RE values for             have 

greater spread than the values for     , suggesting that       can be estimated more precisely than 

          . 

 Similar density plots of RE values were constructed to illustrate the effects of the three 

exploitation patterns (Fig. 2.7). Compared to the subtle changes evident in the density plots for the 

three environmental patterns (Fig. 2.6), the exploitation histories have much stronger effects on the RE 

values for      and            , and the effects appear to differ between the two focal quantities. The 

median RE values for      (pooled across all MC and EnvirP levels) were -10.73% for the constant 

ExploitRate level (FC); -11.57% for the mixed level (FM) and -8.31% for the increasing level (FI).  The 

            MRE values were -9.05% for FC, -12.39% for FM, and -5.10% for FI.  

Factor Effects on Accuracy and Precision 

The three by three plot in Figure 2.8 shows the median absolute deviation (MAD) from the 

median for estimates of SSBCurrent, given the various combinations of factors. The MAD quantifies the 

level of precision, the lower the MAD the more precise the estimate. Summary tables for the MAD 

values for      and             are provided in the Appendix. Similar to the appendix table of MRE 

values, the MAD values are tabulated for each combination of the six MCs, three ExploitRate levels and 

three EnvirP levels. The three by three plot in Figure 2.9 shows the median absolute relative error 

(MARE) for estimation of SSBCurrent. The MARE is a measure of overall accuracy, with zero indicating 

perfect accuracy.  

In the MAD and MARE figures for SSBCurrent there are distinct zigzag patterns between the MCs 

indicating clear differences between MCs with and without survey data, except in one case (Fig. 2.8, 

FC:EC). The zigzag patterns of the MCs within each scenario are clearer for the accuracy of SSBCurrent 

estimates than for the precision of those estimates. Most often the MCs with survey data are more 
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precise and more accurate than those without survey data, as evident when comparing MC-2.S.E to 

2.nS.E in both figures (2.8 and 2.9). When comparing two-region MCs with corresponding one-region 

MCs, the effect on precision and accuracy depends on the population scenario. For instance, population 

scenario FI:EA in Fig. 2.8 shows more precise estimates from the one-region MC-1.nS than from two-

region MC-2.nS.nE, whereas in population scenario FC:EA the more precise estimates are from MC-

2.nS.nE. 

The MARE plots for SSB0 (not shown) have similar zigzag patterns as the MARE plots for SSBCurrent 

except for the increasing ExploitRate (FI) scenarios.  In contrast, the MAD plots for SSB0 (not shown) 

indicate no regular zigzag pattern.  Also, in many scenarios the most precise estimates are from MC-

1.nS, which is not the case for SSBCurrent.  With regard to spatial structure, estimates from the two-region 

MC-2.nS.nE are less precise than from the one-region MC-1.nS for all nine population scenarios. 

Similarly, estimates from MC-2.S.E are less precise than from MC-1.S for eight of the nine population 

scenarios. However, the pattern is more complex for the accuracy of estimates of SSB0. The one-region 

MC-1.nS is less accurate than the two-region MC, 2.nS.nE, (and 1.s is less accurate than 2.S.E) in 

population scenarios having exploitation rates that are mixed (FM) or increasing (FI), but MC-2.nS.nE is 

sometimes more accurate than 1.nS when the exploitation rates are constant (FC). 

The effect of the remaining factors, EnvirIndex, ExploitRate, and EnvirP, are not as clear to gauge 

from the plots. For example, incorporating the environmental index when the MC uses survey data 

increases precision of estimates for SSBCurrent in population scenarios FC:EG and FM:EG, as indicated by the 

smaller MAD values for MC-2.S.E compared to MC-2.S.nE (Fig.2.8). In all other population scenarios the 

MAD values for MC-2.S.E are larger than the values for MC-2.S.nE, indicating that use of the 

environmental index decreases precision.  In terms of accuracy, having an environmental index 

increases the accuracy of SSBCurrent estimates when the MC uses survey data (i.e., MARE for MC-2.S.E is 

less than MARE for MC-2.S.nE) for all scenarios except FC:EC and FC:EA. The precision of SSB0 is not 
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improved by the environmental index but its accuracy is for all scenarios except FC:EA and FC:EG (Table 

A.3 and A.5).  

The effect of ExploitRate on accuracy is not as clear in Figure 2.9 as bias and precision are in the 

density plot that shows the overall effect of ExploitRate on the RE for SSB0 and SSBcurrent (Fig.2.7). The 

largest effect of ExploitRate on the accuracy of SSBCurrent is seen in Figure 2.9 when the EnvirP is gradual 

(EG) and ExploitRate switches between constant (FC) and  mixed (FM) under MC-1.nS, resulting in an 

accuracy difference of 0.127. The effect of EnvirP on accuracy is smaller (Fig. 2.9), resulting in a 

maximum change in accuracy of 0.097 between EnvirP levels constant (EC) and gradual (EG) under MC-

2.nS.nE and exploitation level FM. The maximum effect of ExploitRate on precision is 0.053, when EnvirP 

is gradual (EG) and exploitation changes from FM to FI under MC-2.nS.nE (Fig. 2.9).  The maximum effect 

of EnvirP on precision is smaller, 0.027, when ExploitRate is increasing (FI) and EnvirP changes from EC to 

EA under MC-2.S.E (Fig. 2.9). When considering the effects of these factors on SSB0, ExploitRate also has 

more of an effect than EnvirP on both accuracy and precision, and the scales of the effects are smaller. 

For precision of SSB0 the maximum difference is 0.012 for ExploitRate and 0.010 for EnvirP; for accuracy 

of SSB0 the maximum difference is 0.073 for ExploitRate and 0.051 for EnvirP. 

It is worth noting that the most accurate estimates are not always the least biased, because 

these estimates might be imprecise. Two estimators can have the same level of accuracy with one 

estimator being unbiased but variable (imprecise) and the other being biased but precise. For example, 

Figure 2.4 shows for population scenario FM:EG that the estimates of SSBcurrent from MC-2.S.E are much 

less biased than the estimates from 1.nS and Figure 2.8 indicates that the corresponding MAD values are 

low and at a similar level (i.e., the estimates are about equally precise), but in Figure 2.9 the accuracy of 

the estimates from MC-2.S.E are dramatically smaller than the accuracy from MC-1.nS. 
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2.3.4. Linear Mixed Effect Models 

 A series of linear mixed effects models were fitted to the relative error values for the focal 

derived quantities      and            , starting from full factorial models that included the main 

effects and all possible interactions among the three factors (MC, ExploitRate and EnvirP). Because the 

full factorial models were very complicated and difficult to interpret, they were simplified using 

backward stepwise model selection based on AIC. This process resulted in two different LME models to 

explain the RE estimates for      and            . The LME models were a necessary preparatory step 

for hypothesis testing to compare and contrast factor levels, and to gauge the importance of the various 

factors. However, the LME summaries are not reported here as they contain multiple aspects that are 

better interpreted in terms of results from the linear hypothesis tests reported below. 

 The model selection process for the RE for      discarded the three-way interaction between 

the factors (                      ) and the two-way interaction between ExploitRate and 

EnvirP. The final model (Eq.2.9) included the three main effects with interactions between EnvirP and 

MC as well as between ExploitRate and MC.  

                                   

                                  (2.9) 

For the             RE values a simpler model was selected. As with      , the three-way interaction in 

the full factorial model was not significant and was discarded, as were the interactions between 

ExploitRate and EnvirP and between EnvirP and MC. The final model included the main effects and the 

interaction between ExploitRate and MC. 

                                                    (2.10) 
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2.3.5. Linear Hypothesis Testing 

 The LME models were used in linear hypothesis tests to measure the importance of various 

factor level combinations based on differences between the model coefficients. The larger the 

difference between factor level coefficients, the more influence that factor level has on the average RE 

values. Results are presented in tables of the contrasts. The contrasts and the corresponding effects 

being tested are shown in Table 2.4. In the table an “X” in one of the five columns represents which 

aspect of the experimental design is being tested (the three model configuration factors, and the two 

population dynamics factors).  For example, the contrast denoted as “2.S.nE – 2.nS.nE” measures the 

importance of having survey data within a two-region model configuration that does not include the 

environmental index.  The contrast denoted by “2.S.nE:1.S - 2.nS.nE:1.nS” measures the importance of 

survey data in either the two-region or the one-region configuration.  The colon in “2.S.nE:1.S” indicates 

that the two levels were combined.  Because the LME models included interaction terms, some 

contrasts had to be calculated within each specified level for the interaction. For example, because the 

model for the RE of            (Eq. 2.8) includes an interaction between ExploitRate and MC there are 

six contrasts for FM – FI, one for each of the six levels of MC.   

The contrast coefficients were ranked by their absolute values and we focused on the top 20 

(for            ) or 30 (for      ). The contrast coefficients are calculated as differences between LME 

model coefficients and can be either negative or positive.  A positive contrast value indicates that 

changing from the 1st factor level (or combination of levels) to the 2nd factor level results in an increase 

in the RE, whereas a negative contrast value results in a decrease in the RE. For all the contrasts shown 

in Tables 2.5 and 2.6 the positive contrasts correspond to a reduction in bias and the negative contrasts 

correspond to an increase in bias. The p-values are not included although they were significant (p < 0.05) 

for the top contrast coefficients. We did not consider the p-values to be a fully reliable indicator of 

significance in this study because not all the residuals met the normality assumptions.  
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LHT for SSBCurrent RE 

Table 2.5 shows the top 20 out of 54 contrasts that were calculated to evaluate the importance 

of the different factors that influence the average RE of             estimates. Below we highlight some 

results in terms of the influence of specific factor-level combinations. 

The overall importance of the model configuration spatial assumption (SpaceAssump, whether 

survey data were used or not) on RE  is represented by the contrast “2.S.nE:2.nS.nE - 1.S:1.nS” (Table 

2.4).  This contrast only ranked in the top 20 when the exploitation history (ExploitRate) was mixed (FM) 

(Table 2.5, rank 11) or increasing (FI) (rank 17) and in both cases bias in the estimate of             

decreased with the two-region model. The spatial assumption was relatively less important when there 

were no survey data (contrast “2.nS.nE-1.nS”) and the exploitation history level was FI (rank 16). When 

survey data were available the spatial assumptions (one-region or two-regions) were relatively 

unimportant. The contrast testing this (“2.S.nE - 1.S”) was not in the top 20 for any of the three levels of 

exploitation history. 

The importance of having data from a survey (SurveyData), regardless of the spatial 

configuration, was tested using the contrast “2.S.nE:1.S - 2.nS.nE:1.nS”. The highest ranked contrast 

value (rank 1) occurred when the exploitation history was at the mixed level (FM). The direction and 

magnitude of the contrast coefficient indicates that including the survey data produced an average 20% 

decrease in bias. This same contrast is illustrated in terms of the distribution of raw RE values in Figure 

2.10.A, where it is evident that the first group of factor levels (2.S.nE: 1.S) has RE values that are closer 

to zero than the second group. The contrast “2.S.nE:1.S – 2.nS.nE:1.nS” is also ranked in the top 20 for 

the other levels of ExploitRate, rank 3 for Fc and rank 19 for FI, and in both cases resulted in decreased 

bias. Having survey data is also relatively important within both levels of the spatial assumptions. For 

instance, the two-region contrasts “2.S.nE - 2.nS.nE” ranked at 7 when the exploitation history level was 

mixed (FM) and at 14 when it was constant (FC).  The same contrasts within a one-region MC were less 
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important, producing ranks of 9, 18 and 20.  For visual comparison, the density plots of RE for 

            for the contrast between MC-1.S and MC-1.nS under factor level FC (rank 20) are shown in 

Figure 2.10.B and compared with the rank 1 contrast (“2.S.nE:1.S - 2.nS.nE:1.nS” given the mixed 

exploitation history, Figure 2.10.A). There is much more overlap in the RE distributions for the rank 20 

contrast, supporting the decreased importance of survey data in that context. 

The overall importance of the environmental index, regardless of whether survey data were 

included, was tested with the contrast “2.S.E:2.nS.E – 2.S.nE:2.nS.nE”. This contrast had ranks higher 

than 20 given the constant and increasing exploitation history levels but was rank 13 given the mixed 

exploitation history level. The contrast coefficient indicated an 8.1% reduction in bias when the 

environmental data were used. Other contrasts that measure the influence of the environmental data 

were included in the top 20 contrasts. The second ranked contrast indicated that having one-region MCs 

with the environmental index (MC-2.S.E:2.nS.E) reduced bias by 16.8% compared to the one-region MCs 

(MC-1.S:1.nS) when the exploitation history was at the mixed level FM. However, for the other two 

exploitation levels this contrast (2.S.E:2.nS.E – 1.S:1.nS) did not rank in the top 20. Other contrasts for 

the environmental index that were not among the top 20 were the contrasts “2.S.E-2.S.nE” and “2.nS.E-

2.nS.nE”, which tested the importance of the index in two-region MCs with and without a survey. The 

low rankings indicate the low influence of the environmental index in these cases.  These contrasts as 

well as all others are supported by the MRE values for these combinations in the Appendix Tables A.1 

and A.2. 

The three exploitation histories had relatively large influences on the RE of SSBcurrent, appearing 

as main contrasts (e.g., “FM - FI”) and as relevant factor levels in six of the top 20 contrasts (ranks 4-6, 8, 

12 and 15).  The higher rankings (4-6) occurred in contrasts where there were no survey data (MC-

2.nS.nE and MC-1.nS); the lower ranked contrasts (12 and 15) occurred with the one-region model 

configurations with survey data. Compared to ExploitRate the three levels for the environmental 
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patterns had relatively little influence on the RE of SSBcurrent. Contrasts between the EnvirP levels (e.g., 

“EC - EA”) did not rank among the top 20 contrasts. The contrast “EC – EG” had the lowest rank and the 

magnitude of the contrast coefficient (0.008) indicates that the environmental pattern had little 

influence on bias. 

LHT for SSB0 RE 

 Table 2.6 shows the top 30 out of 135 contrasts that were calculated to evaluate the importance 

of the different factors that influence the RE of       estimates. The magnitude of the contrast 

coefficients in Table 2.6 is much smaller than the magnitude of the coefficients in Table 2.5, implying 

that the factors have much less effect on the estimation of       than on the estimation of            . 

The selected LME model for       (Eq. 2.7) includes an extra interaction term (         ), which 

means that any contrasts between MCs must be calculated for all factor levels of both EnvirP and 

ExploitRate. Consequently, the number of contrasts increased to 135 and we increased our focus to the 

top 30 contrasts.  

Several contrasts test the importance of the spatial assumption (two-regions or one-region).  

The contrast “2.S.nE:2.nS.nE – 1.S:1.nS”, which also considers whether survey data were used, ranked at 

22 for the gradual environmental pattern EG and the mixed exploitation history FM and at 23 for EG and 

increasing exploitation FI. This contrast ranked 30 for the population scenario EC:FI. In all three cases the 

two-region models produced less-biased estimates of SSB0 compared to the corresponding one-region 

versions. Contrasts involving spatial assumptions had greater importance in association with other 

aspects of the experimental design. For instance, the contrast “2.S.E:2.nS.E – 1.S:1.nS”, which tests the 

spatial assumption plus use of the environmental index, had rank 3 for the mixed exploitation history FM 

and abrupt environmental pattern EA and it also was among the top 30 contrasts (rank 7, 12, 13 and 19) 

for other levels of exploitation history and environmental pattern. This contrast also had a large 

influence (rank 2 in Table 2.5) on the estimates of SSBCurrent when the exploitation history was mixed 



54 
 

  
 

(FM), but was otherwise not among the top 20 contrasts. The inclusion of spatial structure when there 

are no survey data (“2.nS.nE – 1.nS”) was of relatively small importance (rank 38) and caused a small 

reduction in the bias of SSB0. 

Contrasts that tested the importance of using the survey data accounted for 17 of the top 30 

contrasts and occurred across all levels of the environmental pattern and two of the exploitation history 

levels (FC and FM). The contrast “2.S.nE:1.S – 2.nS.nE:1.nS”, which tests the importance of using survey 

data for either spatial assumption, were the top two ranked contrasts for       when the exploitation 

history was mixed (FM) and the environmental pattern was either abrupt (EA) or gradual (EG). In both 

cases there was a 9.4% decrease in bias if survey data were used. This contrast also produced high ranks 

for the constant exploitation history (FC) for all three levels of the environmental pattern (rank 4 for EA, 5 

for EG, and 8 for EC). However, the contrast for the increasing exploitation history (FI) resulted in low 

ranks for all environmental patterns (rank 34 for EA, 35 for EG, and 70 for EC, not shown).  

 Contrasts that tested the importance of using the environmental index accounted for seven of 

the top 30 contrasts and occurred across all levels of the environmental pattern and two levels of 

exploitation history (FM and FI). The contrast “2.S.E:2.nS.E – 2.S.nE:2.nS.nE”, which tests the importance 

of the index when survey data are either used or not, had rank 10 for the mixed exploitation history (FM) 

and the abrupt environmental pattern (EA) and resulted in a 0.057 decrease in bias for the estimate of 

SSB0. The contrast “2.nS.E – 2.nS.nE”, which is similar to the previous contrast but does not use the 

survey data, had rank 20 for the mixed exploitation history (FM) and the abrupt environmental pattern 

(EA). The contrast “2.S.E:2.nS.E – 1.S:1.nS”, which tests use of the environmental index in combination 

with the spatial assumption, was also among the top 30 contrasts (ranks 3, 7, 12, 13 and 19). 

 There were three contrasts in the top 30 involving the exploitation history and no contrasts 

involving the environmental pattern. The exploitation history contrast (FM – FI,) had rank 9 for the case 

of a two-region model with no survey data (MC-2.nS.nE) and rank 14 for a one-region model with no 
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survey data.  In the first case the contrast coefficient indicated that the increasing exploitation history FI 

caused a 6% reduction in bias in SSB0 relative to the mixed exploitation history FM. Similar to the contrast 

results for RE of SSBCurrent, the contrasts testing the importance of the environmental pattern levels for 

SSB0 again were small compared to contrasts for other factors. The largest contrast (“EC - EA”, for 

MC-2.nS.nE) had rank 56 and the contrast coefficient was (-0.024). In general the high rankings for the 

contrasts involving the environmental patterns indicates that they are of little importance to the RE 

values for either SSB0 or SSBCurrent, compared to the other factors that were tested in the analysis. 

Factors that reduce bias in estimates of SSBCurrent and SSB0 

 We expected that certain changes in factor-levels would result in reduced bias for estimates of 

SSBCurrent and SSB0.  For example, a Synthesis model that has the same two-region spatial structure as the 

OM should produce less biased estimates than a Synthesis model that uses aggregated data, which 

ignores the spatial structure. In the set of contrasts that were examined, five of nine contrasts that 

measured the effect on SSBCurrent of changing the spatial structure (“2.S.nE:2.nS.nE – 1.S:1.nS”, “2.S.nE – 

1.S”, and “2.nS.nE – 1.nS” for each of level of ExploitRate) resulted in a reduction in bias. There is much 

clearer evidence for a reduction in bias for the estimates of SSB0, however, where 20 out of 26 of such 

contrasts involving spatial structure resulted in a reduction in bias.  

 For the contrasts involving survey data (“2.S.nE:1.S – 2.nS.nE:1.nS”, “2.S.nE – 2.nS.nE”, and “1.S 

– 1.nS” for each level of ExploitRate) we would expect a Synthesis model that includes survey data to 

produce less biased estimates than one without those data. In the set of contrasts that we examined a 

reduction in bias occurred in eight of nine contrasts for the estimates of SSBCurrent and in 26 of 27 

contrasts for the estimates of SSB0. The set of contrasts comparing model configurations with and 

without the environmental index (“2.S.E:2.nS.E – 2.S.nE:2.nS.nE”, “2.S.E – 2.S.nE”, and “2.nS.E – 

2.nS.nE”) should results in less biased estimates when the environmental index is included. This is the 

case in six of nine contrasts for SSBCurrent and in 21 of 27 contrasts for SSB0. 
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2.3.6.  Estimates of Spawning Biomass Dynamics 

In this study the data from each replicate of the OM were analyzed using six Stock Synthesis 

model configurations that differed in terms of the types of data that were included and the spatial 

structure of the data. The different MCs sometimes resulted in very different sets of estimates for the 

spawning biomass time series trajectories. Differences in trajectories were most evident for population 

scenarios where the MREs had large negative values (e.g., EG:FM, Appendix Table A.2). Figure 2.11 

provides some examples that illustrate differences in the spawning biomass trajectories from the six 

MCs. Model configurations that include survey data are represented by open symbols, one-region MCs 

are represented by triangles and MCs including an environmental index are represented by circles. The 

heavy grey lines indicate the true spawning biomass calculated by the OM for the given replicate.  

The replicate shown in Figure 2.11A (for population scenario EG:FM) is one that supports the 

general inference that the inclusion of survey data results in a reduction in bias. For this replicate the 

open symbols have trajectories closer to the true trajectory than the closed symbols, indicating the 

reduction in bias with the use of survey data. Within the clusters of open and closed symbols the 

triangles are furthest from the true trajectory, indicating that the one-region MCs are more biased than 

the two-region MCs. Within the clusters the circles, representing the MCs with an environmental index, 

are closer to the true trajectory than the other symbols. Although each MC was provided the same data, 

the different model configurations produced a range of estimates of spawning biomass.  Figure 2.11B 

provides another example of this phenomenon with a different replicate from the same population 

scenario. Many of the same patterns are apparent but the clusters of open symbols and closed symbols 

slightly overlap and the biomass trajectory estimated by configuration MC-2.S.E lies above the true 

trajectory. Model configurations result in variable trajectories not only between replicates but also by 

population scenario. Figure 2.11C shows the trajectories for the six MCs for a replicate from population 

scenario FC:EC. In this case the trajectories from the MCs with survey data (the open symbols) 
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overestimate the spawning biomass and the one-region MC with no survey data (MC-1.nS) does much 

better in matching the true trajectory than in the two previous examples. In all three examples in Figure 

2.11, the variability between the estimated trajectories increases with time, suggesting increased 

variability in estimates of SSBCurrent in relation to SSB0. 

2.3.7.  Outliers 

The distributions of RE values for SSB0 and SSBCurrent sometimes included values that were very 

far from the median values, appearing as long tails in the density plots (e.g., Fig. 2.5). We used the 

Hampel method to identify these outlying values from the 100 replicates within each population 

scenario and model configuration. Using this set of replicates, we explored the estimated spawning 

biomass and recruitment trajectories that produced the outlying estimates. The outlier analyses for each 

replicate resulted in a maximum of ten outliers from any population scenario and MC. This occurred 

with the RE for             resulting from population scenario FI:EA when assessed using MC-2.nS.nE. In 

general most outliers were in the estimates for            . The analysis of outliers in RE for       

resulted in a maximum of four outliers for the following population scenario and MC combinations: MC-

2.S.nE, FI and EC; MC-2.nS.nE, Fc and EA; MC-2.S.E, FI and EG; MC-2.S.nE, FI and EG.  

Illustrated in Figure 2.12A are estimated spawning biomass trajectories for a replicate from 

population scenario FC:EA that resulted in a large outlying estimate of SSBCurrent for MC-2.S.nE. This MC, 

with two-regions and survey data, consistently underestimated the SSB and resulted in a decreasing 

trend in biomass that was very different from the true trajectory and from the trajectories estimated by 

the other MCs. The other model configurations respond as expected, with most MCs with survey data 

coming closer to the true values while those without survey data resulting in considerably 

underestimated spawning biomass. For this same replicate Figure, 2.12B shows the estimated 

trajectories for recruitment. Because spawning biomass is composed of the survivors from recruitment 

in previous years, any underestimation in recruitment is likely to lead to an underestimation of 
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spawning biomass. The estimated recruitment for the MC-2.S.nE configuration is consistently and clearly 

underestimated.  We were unable to determine what caused this to occur. 

The most extreme outlier had an RE value of 5.45 for the estimation of             and occurred 

for the model configuration with two regions but no survey data (MC-2.nS.nE) used with population 

scenario FI:EG. The spawning biomass and recruitment trajectories for this particular replicate, shown in 

Figure 2.13, indicate that this high RE value was related to extremely high estimates of recruitment for 

several years prior to year 22 causing spawning biomass to grow extremely fast in the last few years. 

2.4. Discussion 

The current study set out to determine the importance of the following factors to the bias, 

precision, and accuracy of Stock Synthesis estimates for a spatially explicit population: a) underlying 

processes driving the population dynamics (regional exploitation rates and recruitment distribution), b) 

data availability in terms of a survey index of biomass and age-composition observations as well as an 

environmental index for recruitment distribution; and c) the spatial assumptions of the estimation 

models in Stock Synthesis (one-region or two-regions). Results from the experiment indicated that bias, 

precision, and accuracy in the estimation of SSBcurrent and SSB0 generally depend on the specific 

combinations of the experimental factors. However, some general patterns were evident. Including data 

from a survey (biomass index plus age-composition observations) greatly reduced bias and increased 

accuracy in estimates of SSB0 and SSBcurrent in all population scenarios. Having data from a survey also 

increased precision in estimates of SSBcurrent in almost all population scenarios but in relatively few 

scenarios for SSB0. Including an environmental index in a two-region model, to drive the distribution of 

recruits to spatial regions, reduced bias and increased precision and accuracy in estimates of SSB0 and 

SSBcurrent in some population scenarios, but the direction and magnitude of the effect varied among 

population scenarios with no clear pattern.  The exploitation history experienced by the subpopulations 

can also have a strong influence on the bias, precision and accuracy of SSB0 and SSBcurrent estimates in 
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some cases.  The effect of the environmental influence on recruitment distribution was weak compared 

to the effect of the exploitation history. The estimates of SSB0 and SSBcurrent were both biased low and for 

most treatments the estimates of SSBcurrent were more biased than the estimates of SSB0. The estimates 

of SSBcurrent were generally less precise and less accurate than the estimates of SSB0. 

Contrasts in the current study between model configurations with survey data and those without 

survey data indicated that having spatially explicit survey age composition data and abundance indices 

can have a large effect on the bias in estimates of spawning biomass. This finding is consistent with 

results in Cope and Punt (2011), who conducted a similar simulation study with the biology of a long 

lived groundfish species. They explored the effect of spatial population structuring, caused by spatially 

varying catch histories, on stock assessment performance. Their study manipulated the exploitation 

histories of nine regions and assessed local and overall depletion using varying spatial structures and 

data quality (e.g., removal of survey data) within the stock assessment model. They found that 

performance of all of their assessment models deteriorated when the survey data were removed. 

Increased precision and decreased bias with the inclusion of survey data could be due to the survey data 

providing more information on the abundance of younger fish. We speculate that this additional 

information provided better estimates of recruitment than those estimated when the model was solely 

informed by fishery catch data which did not select for younger fish. The improved estimates of 

recruitment lead to improved estimates of spawning biomass. 

The current study found reduced bias within a two-region stock assessment when an environmental 

index of percent recruitment was used with the survey data. For instance, the density and three by 

three line-plots for model configuration 2.S.E indicated less bias than MC-2.nS.E and MC-2.S.nE when 

estimating both SSB0 and SSBCurrent. Other studies have found improvements in stock assessment 

estimates from using an environmental index, but none have focused on using an index to support the 

recruitment distribution parameter. Schirripa et al. (2009) related historical year class strengths of 
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Sablefish to sea surface height anomalies in a simulation study. They used a simpler model with no 

spatial population dynamics, and exploitation and natural mortality were fixed. Using various model 

schemes they evaluated the influence of the environmental data and two techniques for including such 

data in a stock assessment. Neither technique clearly performed better than the other, but even more 

importantly, when comparing either technique to a model with no environmental data, estimates of 

biological parameters (steepness) and stock status (MSY) improved in the models with the 

environmental data. We speculate that having an environmental index to supplement the survey index 

in the estimation model provides information on the number of recruits to each region. Since the 

spawning population size depends on recruits, the environmental index therefore supports the estimate 

of spawning biomass coming from the survey and catch data.  However, in our study the use of an 

environmental index without the supplement of survey data increased bias in estimates of SSBCurrent. If 

the assessment is solely dependent on the environmental index and the fishery age-composition data do 

not include good representations of the young age-classes, the model apparently does not have a good 

reference for measuring the influx of younger fish.  

The differences in the environmental patterns (abrupt, gradual, or constant) forcing the recruitment 

distribution had a relatively small impact on the estimates of SSB0 and SSBCurrent. In hindsight, the lack of 

a strong environmental effect on the estimation of these values is not surprising. Unlike the overall level 

of recruitment, which has a directed but delayed impact on stock biomass, the percent recruitment has 

relatively little effect on the overall population dynamics. The recruitment distribution could possibly 

have had more of an effect on the population dynamics if the experiment had used more extreme 

temporal differences in percent recruitment. Haltuch et al. (2009) used a one-region simulation model 

to investigate the effects of environmental variability in recruitment on the robustness of various 

assessment estimates. They also found that different patterns of environmental variability (either a sine 
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or a step function) did not have a strong effect on the assessment performance for the different life 

history characteristics, estimation models and estimators considered in the study.  

The current study found that differences in exploitation histories between subpopulations had an 

important effect on the estimation bias of SSB0 and SSBcurrent, as evidenced by the generally high ranks 

found for contrasts between the exploitation rate patterns for the estimation of SSB0 and SSBcurrent. The 

importance of exploitation rate differences in subpopulations was also reported by Cope and Punt 

(2011) who found that relatively small differences in regional catch histories were enough to create 

spatial structure that can impact the estimate of depletion if spatial structure is not correctly modeled. 

Although we do not include a detailed analysis of depletion in the current study, examination of density 

plots of RE values for depletion indicated that estimates of depletion were more robust to changes in 

factor levels than SSB0 and SSBcurrent but overall they were influenced by most of the same factors that 

influence SSBcurrent. 

The estimates for bias, precision and accuracy of SSB0 and SSBcurrent depended on the assessment 

model assumptions and the range of factors and levels. Yin and Sampson (2004) also found that Stock 

Synthesis estimates of SSB0 were more precise than estimates of SSBcurrent. In their study they conducted 

a simulation experiment with a non-spatial model that controlled the levels of variability in several 

model inputs and stock characteristics, including natural mortality and the sample sizes for the age 

composition data. They gauged the influence of these factors on estimates of SSB0 and SSBcurrent. We 

speculate that the loss of precision for SSBcurrent is due to its greater sensitivity to process error from 

changes in recruitment and exploitation, whereas SSB0 is not influenced by either process. 

Overall, the estimates of SSB0 and SSBcurrent are almost certainly more reliable in this study than in 

reality since we actually know the true steepness (h) and natural mortality (M) and have fixed them at 

their true values. Both of these parameters are key to measuring stock productivity but are typically 

difficult to directly estimate. Natural mortality can usually only be extracted from data if it can be 



62 
 

  
 

separated from the effect of total mortality, which includes fishing mortality, which varies. Values for M 

can be derived using observations of age-composition from an unexploited stock or from maximum age 

in a recently exploited stock. Most often, however, a stock that is being assessed has been exploited for 

many years and extraction of M will be difficult (Lee et al. 2011).  Steepness is also very important 

because it is the fundamental parameter that controls population growth due to the direct relationship 

between recruitment and subsequent spawning biomass. Steepness can only be reliably estimated if 

there is contrast over time in spawning stock biomass (Lee et al. 2012). Often the available data are 

limited to periods when the spawning biomass is relatively constant. This lack of contrast in spawning 

biomass provides little information required to estimate the rate of productivity. Any assessment that 

has fixed values for M or h will produce estimates that do not reflect the uncertainty associated with 

these parameters.  The study also assumed that weight-at-age was constant and known exactly, which 

further reduces the variability in estimates from the assessment models. 

A priori we expected the assessment models would produce unbiased estimates of spawning 

biomass, especially in the case of MC-2.S.E where the spatial structure matched that of the OM and the 

assessment model used all the available data. Surprisingly SSB0 and SSBcurrent were both underestimated 

on average for all combinations of experimental factors in the current study. McGilliard et al. (2015) 

experienced similar underestimation when conducting a spatial stock assessment simulation that 

included No Take Marine Reserves (NTMR).  Similar to the current study, in one of the tested 

assessment models the spatial structure was ignored. They examined the ability of the non-spatial 

assessment model to estimate spawning stock biomass in years before, after and during the 

implementation of the NTMR. Recruits remained in the same region from which they were produced, 

based on the regional spawning biomass, there was no movement of fish between regions in this 

specific setup. Similar to our study, many pivotal biological parameters were fixed (e.g., h and M). 

McGilliard et al. (2015) found that with a NTMR, where there was no fishing and therefore no CPUE 
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data, SSB tended to be underestimated. This was partially due to the collapsed CPUE data not 

accounting for the increasing biomass taking place in the unfished area. Given the results from 

McGilliard et al. (2015) we speculate that our underestimation of biomass in the one-region MCs may be 

due to having noisy CPUE data, that when aggregated did not provide a good signal for an increase in 

abundance seen in the data for one region over another. When survey data were available this situation 

improved slightly. Future sensitivity analyses of various initial parameters may assist in explaining our 

general finding that biomass was underestimated. 

Key simplifications were made to make the study manageable and the results interpretable. The OM 

was tuned to the biology of a single stock and did not explore the effects of many key biological 

parameters, thus limiting the factors to be examined. The goal of the study was not to focus on 

biological influences, but instead to focus on configurations of the estimation model and availability of 

data. To expand on the generality of the current results, the experiment could be repeated with the OM 

tuned to the biology of a shorter-lived species with faster population dynamics, as has been done in 

other studies. For example, Haltuch et al. (2009) reported that life history characteristics, such as the 

recruitment variability, are important factors in SSB0 estimates. In their simulation, high variability in 

Pacific hake (Merluccius productus) recruitment compared to the rockfish species resulted in more 

variable dynamics and therefore variable estimates of SSB. The model in the current study was applied 

to a species with moderate variability in recruitment. We speculate that if recruitment variability was 

increased in the OM to the level of variability seen in hake dynamics, the resulting spawning biomass 

may have provided more contrast in the generated data for population scenarios where there was 

constant exploitation and constant recruitment distribution (i.e., little variation in the population 

overtime). This increased contrast could possibly allow the model to better determine recruitment and 

subsequent spawning biomass.  
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The current study design was based on the idea that spatial structure is influenced by recruitment 

distribution and exploitation history. Cope and Punt (2011) also noted that spatial differences arise due 

to differences in regional exploitation history and concluded that spatial structure that more closely 

matches a population’s spatial structure will lead to increased accuracy of estimates. Berger et al. (2012) 

modeled spatial structure in terms of catch-at-age differences for Lake Erie walleye (Sander vitreus) and 

also concluded that incorporating spatially referenced parameters at a scale relevant to a species life 

history characteristics improves model fits and estimates of stock size. In the fisheries ecology literature, 

it is evident that other mechanisms than what we have identified here can result in spatial structure. For 

example, a stock’s regional subpopulations may have growth in length-at-age that varies regionally, as is 

evident for herring in the northern Baltic Sea (Clupea harengus membras) from commercial fishery data 

(Rahikainen and Stephenson 2004). Density dependent factors that affect settled fish, such as predation 

or competition for resources in one region relative to another, may also influence spatial structure in 

population dynamics. This may lead to the incorporation of higher natural mortality rates in a model for 

one region over another.  

There are also different types of spatial complexities that exist within a real-world fish population 

that did not exist in our simulation model. Our OM mimics a simple two-region population with no 

movement of the recruited fish between regions. No movement is a reasonable approximation for a 

species such as black rockfish.  According to Green and Starr’s (2011) tagging study on small adult 

rockfish, most tagged fish had a residence time greater than 11 months in a range of 0.25km2. If the fish 

left the study area it was in the first six months and possibly related to winter storms. Species can 

exhibit complex shifts in space based on maturity. If older or larger fish were to move to deeper water, 

they may not be as vulnerable to the full fishing mortality. This could impact the shape of the selectivity 

curve in our model (Sampson and Scott 2011). An intermediate age group would experience the full 
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fishing mortality rate, while small/young fish or fish that are older/larger experience less of the fishing 

mortality rate.  

Methods for incorporating complex spatial structure in the form of movement in stock assessments 

are reviewed by Goethel et al. (2011). Their review included the use of diffusion models which 

represents the movement of fish as if they were particles migrating from region to region, across a 

boundary at a given rate. Other studies such as Ying et al. (2011) and McGilliard et al. (2015) explore the 

risk of ignoring spatial structure when there is this diffusion between subpopulations. Ying et al. (2011) 

simulates a three-region metapopulation for yellow croaker (Larimichthys polyactis) where there is an 

exchange of fish between regions reflected in one- or two-way migrations. They find that the rate of 

exchange rate makes metapopulations difficult to manage spatially. If there is frequent random 

movement, spatial structure between subpopulations breaks down and makes the three subpopulations 

equal to one unit, impacting the estimates of spawning biomass. Unfortunately, the estimation of this 

movement rate is usually assisted by tagging data which is often expensive and time consuming to 

collect, therefore it is not readily available for most species. 

Overall, this study is a starting point for focusing on important factors that influence the results from 

a spatially explicit stock assessment. When considering spatial structure in a stock assessment having 

the appropriate data is key to accurate results. Collection and use of spatially explicit survey age 

composition and biomass indices without aggregation across regions should be attempted if the 

information is available and good quality. If the information is not abundant, the model may benefit 

from the use of non-traditional data such as an environmental index to inform biological processes other 

than annual recruitment. The current study has its limitations but it is simple enough to be expanded 

upon for future research. Future studies could expand on the range of biological parameters that an 

environmental index is related to or conduct life history characteristic comparisons. This operating 
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model leaves room for future studies to also explore increased spatial complexities by incorporating 

movement between regions. 
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FIGURES 

 
 
 

 
Figure 2.1. Diagram of the study’s experimental design and data flow. The two factors EnvirP and 
ExploitRate (explained in Table 2.3) influence the population dynamics within the operating model. The 
operating model generates 100 sets of random data as well as five true focal derived quantities. The 
data are then analyzed by the Stock Synthesis assessment software using model configurations 
consistent with the SpatialAssum, SurveyData and EnvirIndex factors. From the different estimation 
model treatments we get estimated focal derived quantities which are then compared to the true focal 
derived quantities from the operating model to calculate a relative error (RE). 
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Figure 2.2. Illustration of regional exploitation and environmental patterns that drive the patterns of 
spatial distribution of recruits. The solid lines indicate the patterns for the average values.  Each 
replicate includes random variation. The three graphs on the left represent the three exploitation 
histories (ExploitRate) experienced by the two regions: (1) Constant, where there are no time trends in 
average fishing mortality in each region (FC); (2) Mixed, where the average fishing mortality rate in one 
region increases over time, while the average fishing rate in the other region decreases over time at the 
same rate (FM); and (3) Increasing, where the average fishing mortality rate increases in both regions (FI). 
The three graphs on the right represent the three levels of the environmental pattern (EnvirP) 
influencing the expected percent recruitment to region-one over time: (1) Constant, where there is no 
systematic change in the environmental pattern over time, and therefore no systematic change in the 
percent recruitment to the regions (EC); (2) Gradual, where there is a sinusoidal environmental pattern 
driving the distribution of recruits (EG); and (3) Abrupt, where the expected percent recruitment to 
region-one suddenly drops to a lower level in year 12 of the time series.  
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Figure 2.3.  Scatterplot matrix pairing the relative error of all five focal derived quantities, across all 
population scenarios, replicates and model configurations. The five focal derived quantities are    , 
      ,     ,            and Depletion. The ranges for the relative error values shown are restricted 
to -1.0 and 2.0. A few points extended outside of this range. There are strong linear correlations 
between    ,        and      and a weaker correlation between            and Depletion. The 
strong linear relationships indicate that only two of the focal derived quantities are needed to explain 
the relationships among all five variables (     and            ). 
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Figure 2.4. Three by three line-plots of relative error values for SSBCurrent. Each box represents a different 
population scenario or combination of factor levels from EnvirP and ExploitRate. Each of the 100 
replicates is repeatedly used by the six different model configurations (MC), as indicated by the grey 
horizontal lines connecting the points across the MCs. The solid horizontal line at a relative error of zero 
indicates zero bias in the estimates. The single solid circles for each MC in each box represents the 
median relative error for SSBCurrent encountered when using that specific MC under a specific population 
scenario. The MRE below the zero line indicates underestimation of SSBCurrent. 
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Figure 2.5. Density plots showing the distribution of relative error values for estimates of      on the 
left and            on the right. The plots are arranged by the six model configurations (MC) described 
in the text. The short-dash vertical line at 0.0 indicates no bias. The long-dash vertical line represents the 
median relative error (MRE), calculated over all population scenarios and replicates for the specific MC. 
Two extreme outliers, 5.4 for MC-2.nS.nE and 1.25 for MC 2.nS.E when estimating SSBCurrent, are not 
included in the plots.   
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Figure 2.6. Distribution of relative error values for estimates of      on the left and            on the 
right, arranged by EnvirP level. The same two outliers hidden in Figure 2.5 are also hidden here. Short-
dash vertical lines at 0.0 indicate no bias. The long-dash vertical lines represent the median relative error 
(MRE) is calculated across all population scenarios and model configurations for the specific EnvirP level. 
The RE values for SSB0 have a smaller spread than the ones for SSBCurrent. The MRE values are fairly 
similar for both variables and all EnvirP levels. 
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Figure 2.7. Density plots for RE values distinguished by ExploitRate level for both focal derived 
quantities, similar to Figure 2.5. The MRE lines here indicate differences in bias between the ExploitRate 
levels. 
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Figure 2.8. Three by three plot matrix of median absolute deviations (MAD) from the median estimates 
of SSBCurrent, which measures the precision of the SSBCurrent estimates. Each box represents a different 
population scenario or combination of EnvirP and ExploitRate level. Each box has MAD values for each of 
the six model configurations. The higher values for MAD indicate less precision in the estimate of 
SSBCurrent. 
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Figure 2.9. Three by three plot matrix of the median absolute relative errors (MARE) of estimates of 
SSBCurrent, which measure the accuracy of the SSBCurrent estimates. Each box represents a different 
population scenario or combination of EnvirP and ExploitRate level. Each box has MARE values for each 
of the six model configurations. The higher values for MARE indicate less accurate estimates of SSBCurrent. 
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Figure 2.10. Examples of the distribution of RE values associated with two contrasts from Table 2.5. The 
top panel represents the distribution of RE values for the estimation of SSBCurrent for the top ranked 
contrast (“2.S.nE:1.S – 2.nS.nE:1.nS” given FM). The distribution of RE value for model configurations 
with survey data (“2.S.nE:1.S”) is shifted to the right of the distribution of RE values for MCs without 
survey data. There is some overlap in the distributions. The lower panel represents the 20th ranked 
contrast between the one-region configurations with and without survey data. There is much more 
overlap of the two distributions, reflecting the smaller coefficient for this contrast in Table2.5. 
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Figure 2.11. Trajectories for the spawning biomass estimated by six model configurations (MC) under 
population scenario FM:EG for two different replicates (panel A and B). Panel C shows the trajectories of 
spawning biomass for population scenario FC:EC  for a different replicate than used in panels A and B. 
The thick grey line in each panel represents the true spawning biomass trajectory from the operating 
model. The MCs including survey data are represented by open symbols, spatially collapsed MCs by 
triangles and MCs including an environmental index by circles. The panels represent only three of the 
many possible trajectories for biomass estimation.   
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Figure 2.12. Time series plots for the outlier for SSBCurrent resulting in a RE of -0.88 when population 
scenario FC:EA is being assessed using model configuration MC-2.S.nE. The thick grey line in each panel 
represents the true spawning biomass trajectory from the operating model. In the top panel for 
spawning biomass all MCs are decreasing in their estimate of spawning biomass but MC-2.nS.nE is 
consistently smaller than the other MCs. This difference becomes more noticeable in years 15 and on. 
The lower panel shows the recruitment time series for this replicate. In year 11 the estimate for MC-
2.S.nE is also estimated to be smaller than the rest and then continues to year 24. The last year for 
recruitment suddenly rebounds and over shoots the estimates from the rest of the MCs as well. 
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Figure 2.13. Time series plots of results from a replicate that resulted in an extreme outlier of 5.45 for 
the RE of SSBCurrent when estimated using model configuration MC-2.nS.nE under population scenario 
FI:EG . The top panel is the time series for spawning biomass for where all MCs estimate spawning 
biomass as decreasing except for MC-2.nS.nE (closed square). The lower panel shows the recruitment 
estimates for the same replicate. The thick grey line overlapping most of the MC trajectories in each 
panel represents the true spawning biomass and recruitment trajectory for the operating model. 
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TABLES 

 
 
Table 2.1. Biological and fishery parameters used in the operating model. Values are 
derived from past stock assessments for black rockfish. The same values are used for 
each of the two regions except for the region-one initial percent recruitment and the 
regional initial F values.  
 

Parameter Value 

Natural Mortality (M) 0.16 

Steepness (h) 0.6 

Average maximum length (Linf) 44.2 

Growth coefficient (k) 0.2266 

Weight-length relationship alpha(α) 1.68E-05 

Weight-length relationship beta (β) 3 

Length at 50% maturity 39.53 

Maturity verses length slope coefficient 0.4103 

Number of age-0 fish at unfished equilibrium (R0) 2000 

Log-scale standard deviation (SD) for annual recruitment (σR) 0.5 

Log-scale SD for exploitation (σF) 0.2 

Log-scale SD for recruitment distribution (σRecD) 0.2 

Initial percent recruitment for region one (%Recinit) 60% 

Initial Ft for region one 0.11 

Initial Ft for region two 0.055 

Fishery Logistic Selectivity (Sa) 
 

Age at 50% selection 6 

Slope coefficient of selection curve 1.5 

Catchability Coefficient (QF) 0.0001 

Survey Logistic Selectivity (SurvSa) 

 Age at 50% selection 4 

Slope coefficient of selection curve 1.5 

Catchability Coefficient (QS) 0.2 
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Table 2.2. Data types and random errors used to generate data sets for Stock 
Synthesis (SS). All data types except for the Catch Biomass and the Environmental 
Index have an observational error structure defined by a specific probability 
distribution. The parameters (P) used to generate the random variables in the data set 
are also noted. The age composition probability (πa) varies based on the age and year.  
 

Data Type Error Distribution (P1,P2) Parameter 1 Parameter 2 

Catch Biomass N/A -- -- 

Fishery CPUE Log Normal (µ, σcatch) 0 0.5 

Survey Biomass Log Normal (µ, σsurvey) 0 0.25 
Survey Age Composition Multinomial (n,πa) 200 Varies by age 

and year 
Catch Age Composition  Multinomial (n,µ) 400 Varies by age 

and year 

Environmental Index N/A -- -- 
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Table 2.3. Description of the five experimental factors and levels, and whether they occur in the 
operating model or the estimation model. For the levels of ExploitRate the increasing population 
amounts to an ending depletion of 62% and the decreasing population has an ending depletion of 
25%, while all populations start out as 40% depleted. To simplify the analyses and displays of results 
the three estimation model factors were combined into a single model configuration factor (MC), 
described in the text. 
 

Factor Description Level 1 Level 2 Level 3 

A) Operating Model 
    

EnvirP 
Environmental pattern 
used to force the regional 
recruitment distribution  

Constant  
EC 

Abrupt  
EA 

Gradual  
EG 

ExploitRate 
Exploitation history 
affecting the regional 
subpopulations 

Constant  
FC  
Increasing 
population 

Mixed  
FM  
Increasing 
population 

Increased  
FI 
Decreasing 
population 

B) Estimation Model 
    

SpatialAssum Choice of spatial structure 
One region 
Collapsed 

Two regions 
Spatially 
Explicit 

 

SurveyData 
Spatially explicit, age 
composition and biomass 
data 

Included Not Included 
 

EnvirIndex 

Including an 
environmental index to 
inform recruitment 
distribution when using a 
Two Region MC only 

Included Not Included   
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Table 2.4. All main contrasts examined using Linear Hypothesis tests. Each contrast is tested for all 
levels of any relevant factor (not shown). The relevant factor is determined based on the interaction 
term in the linear mixed effect model. The “Important Factor” columns include an “X” if the 
associated contrast tests the importance of that factor. “Space” tests the importance of having a two-
region model configuration (MC) versus a one-region MC. “S. Index” and “E. Index” test the 
importance of having either a supporting survey Index (age composition and biomass) or an 
environmental index of recruitment distribution. “EnvirP” and “Exploit” test the importance of the 
environmental pattern and exploitation stories, which influence the population dynamics.  The colon 
in “2.S.nE:2.nS.nE” indicates the effect of two levels that are combined. 
 

 
Important Factor 

Contrast Space S. Index E. Index EnvirP Expliot 

2.S.nE:2.nS.nE - 1.S:1.nS X 
    2.S.nE:1.S - 2.nS.nE:1.nS 

 
X 

   2.S.E:2.nS.E - 2.S.nE:2.nS.nE 
  

X 
  2.S.E:2.nS.E - 1.S:1.nS X 

 
X 

  2.S.nE - 2.nS.nE 
 

X 
   1.S - 1.nS 

 
X 

   2.nS.nE - 1.S X X 
   2.nS.nE - 1.nS X 

    2.S.nE - 1.S X 
    2.S.E - 2.S.nE 

  
X 

  2.nS.E - 2.nS.nE 
  

X 
  EC – EA 

   
X 

 EC – EG 
   

X 
 EA – EG 

   
X 

 FC – FM 
    

X 

FC – FI 
    

X 

FM - FI         X 
  



84 
 

  
 

 
 

Table 2.5. Top 20 contrasts for model coefficients for the RE of current spawning biomass estimates. 
Coefficients are ranked based on their absolute values and the sign of the coefficient is given in the 
Direction column. Positive values indicates that the first group of factors in the contrast (e.g., 
2.S.nE:1.S), causes a decrease in bias (improves bias) compared to the second group of factors 
(2.nS.nE:1.nS). The four columns (S. Index, E. Index, Exploit, and Spatial) indicate the factor whose 
importance is being examined by the contrast. Explanation of the factors can be found in Table 2.4. 
 

Rank Factor: level Contrast 

Sp
atial 

Exp
lo

it 

E. In
d

ex 

S. In
d

ex Coefficient Direction 

1 FM 2.S.nE:1.S - 2.nS.nE:1.nS 
   

X 0.196 + 

2 FM 2.S.E:2.nS.E - 1.S:1.nS X 
 

X 
 

0.168 + 

3 FC 2.S.nE:1.S - 2.nS.nE:1.nS 
   

X 0.147 + 

4 MC-2.nS.nE FM - FI 
 

X 
  

0.142 - 

5 MC-1.nS FM - FI 
 

X 
  

0.108 - 

6 MC-1.nS FC - FM 
 

X 
  

0.106 - 

7 FM 2.S.nE - 2.nS.nE 
   

X 0.101 + 

8 MC-2.nS.nE FC - FI 
 

X 
  

0.101 + 

9 FM 1.S - 1.nS 
   

X 0.095 + 

10 FC 2.nS.nE - 1.S X 
  

X 0.092 - 

11 FM 2.S.nE:2.nS.nE - 1.S:1.nS X 
   

0.086 + 

12 MC-1.S FM - FI 
 

X 
  

0.085 - 

13 FM 
2.S.E:2.nS.E - 
2.S.nE:2.nS.nE 

  
X 

 
0.081 + 

14 FC 2.S.nE - 2.nS.nE 
   

X 0.080 + 

15 MC-1.S FC - FM 
 

X 
  

0.079 - 

16 FI 2.nS.nE - 1.nS X 
   

0.074 + 

17 FI 2.S.nE:2.nS.nE - 1.S:1.nS X 
   

0.072 + 

18 FI 1.S - 1.nS 
   

X 0.071 + 

19 FI 2.S.nE:1.S - 2.nS.nE:1.nS 
   

X 0.067 + 

20 FC 1.S - 1.nS       X 0.067 + 
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Table 2.6. Contrast and factor importance for the estimation of SSB0. The top 30 contrasts are shown 
out of a total of 135 contrasts examined. All details are similar to those explained for Table2.5.  
 

Rank 
Factor: 
Level 

Factor: 
Level Contrast 

Sp
atial 

Exp
lo

it 

E. In
d

e
x 

S. In
d

e
x Coefficient Direction 

1 EA FM 2.S.nE:1.S - 2.nS.nE:1.nS 
   

X 0.094 + 

2 EG FM 2.S.nE:1.S - 2.nS.nE:1.nS 
   

X 0.094 + 

3 EA FM  2.S.E:2.nS.E - 1.S:1.nS X 
 

X 
 

0.084 + 

4 EA FC 2.S.nE:1.S - 2.nS.nE:1.nS 
   

X 0.079 + 

5 EG FC 2.S.nE:1.S - 2.nS.nE:1.nS 
   

X 0.079 + 

6 EC FM 2.S.nE:1.S - 2.nS.nE:1.nS 
   

X 0.077 + 

7 EG FM 2.S.E:2.nS.E - 1.S:1.nS X 
 

X 
 

0.076 + 

8 EC FC 2.S.nE:1.S - 2.nS.nE:1.nS 
   

X 0.062 + 

9 MC-2.nS.nE -- FM - FI 
 

X 
  

0.060 - 

10 EA FM 2.S.E:2.nS.E - 2.S.nE:2.nS.nE 
  

X 
 

0.057 + 

11 EA FM 2.S.nE - 2.nS.nE 
   

X 0.057 + 

12 EC FM 2.S.E:2.nS.E - 1.S:1.nS X 
 

X 
 

0.056 + 

13 EA FI 2.S.E:2.nS.E - 1.S:1.nS X 
 

X 
 

0.055 + 

14 MC-1.nS -- FM - FI 
 

X 
  

0.050 - 

15 EA FC 2.S.nE - 2.nS.nE 
   

X 0.049 + 

16 MC-2.nS.nE -- FC - FI 
 

X 
  

0.049 + 

17 EA FC 2.nS.nE - 1.S X 
  

X 0.048 - 

18 EG FM 1.S - 1.nS 
   

X 0.048 + 

19 EG FI 2.S.E:2.nS.E - 1.S:1.nS X 
 

X 
 

0.047 + 

20 EA FM 2.nS.E - 2.nS.nE 
  

X 
 

0.046 + 

21 EG FM 2.S.nE - 2.nS.nE 
   

X 0.046 + 

22 EG FI 2.S.nE:2.nS.nE - 1.S:1.nS X 
   

0.045 + 

23 EG FM 2.S.nE:2.nS.nE - 1.S:1.nS X 
   

0.044 + 

24 EG FC 1.S - 1.nS 
   

X 0.040 + 

25 EG FC 2.nS.nE - 1.S X 
  

X 0.040 - 

26 EC FM 2.S.nE - 2.nS.nE 
   

X 0.039 + 

27 EG FC 2.S.nE - 2.nS.nE 
   

X 0.039 + 

28 EC FM 1.S - 1.nS 
   

X 0.038 + 

29 EA FM 1.S - 1.nS 
   

X 0.037 + 

30 EC FI 2.S.nE:2.nS.nE - 1.S:1.nS X       0.037 + 
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3. Chapter 3: Spatial Stock Assessments with Environmental Drivers: A Discussion of 
Real-world Applications 

 
The simulation experiment conducted in Chapter Two used a simplified representation of a 

population’s dynamics and fisheries to explore the importance of a limited group of factors. We 

performed tests of the general assumption that data and model structure will influence the accuracy of 

stock assessment results.  When conducting a stock assessment with real data a different process is 

needed to select a model structure that is appropriate for the available data. This chapter discusses 

some of the difficulties involved in building a spatially structured stock assessment that incorporates 

environmental variability. 

Despite the widespread understanding that fish stocks exhibit spatial variability and are 

influenced by changing environmental conditions, the models used in stock assessments generally take 

simple approaches that ignore spatial structure and environmental variability. Such simplifications in 

assessments are partly due to lack of data and limited ability to analyze more complicated data sets. 

With increases in computer technology and greater availability of environmental and spatially explicit 

data, there has been increasing interest in the development of more realistic stock assessments that 

account for environmental and spatial variability. Reductions in the biomass of economically valuable 

stocks, despite attempts of various management agencies to sustain them, have led many people to 

question if the current set of simplified assessment models provides adequate representations of any 

stock’s population dynamics. In conjunction with these observations, the 1996 amendment to the 

Magnuson-Stevens Fishery Conservation Management Act mandated the establishment of an advisory 

panel to develop recommendations to expand the application of ecosystem principles in fishery 

conservation and management activities (NOAA 2007). The established Ecosystem Principles Advisory 

Panel, suggested movement toward ecosystem based fisheries management, which requires managers 
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to consider the surroundings of a target stock and how the stock interacts with biotic and abiotic factors 

(Ecosystem Principles Advisory Panel 1999). Subsequently, this mandate suggests that those who create 

assessment models for a stock consider the stock’s spatial dynamics and ecosystem interactions within 

their models. Incorporating these complex interactions into a stock assessment is now possible with the 

advancement of computer technology. Modeling frameworks currently exist that are capable of 

handling the very complex assessment models, with numerous extra parameters, that are needed to 

represent a stock that varies spatially and whose dynamics are driven temporally by environmental 

variables. Although there is interest in constructing spatial assessments that include environmentally 

driven variations, there are ecological and model issues that first need to be resolved. 

From an ecological perspective there are a wide variety of mechanisms that can result in stock 

spatial structure. In order for this spatial structure to persist, movement of fish between subpopulations 

must be relatively infrequent because diffusive mixing of subpopulations will tend to reduce differences 

in the characteristics of the subpopulations (Goethel et al. 2011, Ying et al. 2011). Spatial differences 

may be related to the biology of the fish. For example, the habitat preferences of a fish species are likely 

to influence its spatial structure. Fish that have a strong preference for a particular substrate type or 

habitat are likely to have spatial structure, since the preferred habitats are patchy or time varying. For 

instance, some rockfish species have preferred habitats that include mid-water and benthic 

environments, near rocky outcrops and kelp beds (VenTresca et al. 1996). Time-varying habitats could 

include upwelling zones of cold, nutrient rich water that is often transported onshore, but reduced 

during El-Nino events (Schwing et al. 2002). Alternatively, stocks may exhibit directional movement with 

seasonal variation, such as annual migrations between spawning and feeding grounds. Directional 

movement can also occur as slow ontogenetic shifts. For example, young fish may tend to settle in 

inshore shallow waters and gradually move to deeper waters as they mature (VenTresca et al. 1996). 

These shifts are often related to factors that are thought to reduce mortality and increase growth rates. 
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Such factors can include a decrease in predation risks for smaller fish, and an increase in food sources to 

support the growth of larger fish. Under conditions of infrequent movement, spatial structure can also 

result from differences in the fishing mortality experienced by subpopulations. 

To infer spatial structure in a stock requires observations of the stock that are collected spatially 

and temporally. The most readily available information on spatial structure is often the catch statistics 

from a fishery. Spatial structure can be described in terms of differences in biomass and age- or length-

composition. Data collected for research, independent of a fishery, often provide detailed information 

on the spatial characteristics of stocks. The fishery-independent information also often covers a larger 

spatial extent than the fisheries, which tend to concentrate in areas that have high densities of fish.  

Examining data from the movements of tagged fish can also facilitate modeling of spatial structure and 

movement. To develop a spatial model that includes fish movements between regions, tagging data are 

needed to establish rates of movement between regions and the spatial range of the movements. 

The mechanisms influencing spatial structure of fish populations can be related to 

oceanographic features such as changes in currents, wind stress, salinity, sea surface temperature and 

height, which have all been studied thoroughly for the US West Coast and the California Current System 

(CCS) (McClatchie 2013). Oceanographic features in general can vary spatially on large and relatively 

small scales, influencing various aspects of fish life history. On a large scale, we can consider the CCS and 

its relation to other large-scale systems such as the Alaska Current (Francis et al. 1998). On a smaller 

scale we can consider the local relaxation or reversal of winds along geographical boundaries within the 

CCS, such as Cape Mendocino (Magnell et al. 1990). Temporally, features of the CCS that are affected by 

the El-Nino Southern Oscillation, such as sea surface temperatures and wind direction, can change over 

relatively short time periods (2-7 years). On a longer time scale (10-20 years) the Pacific Decadal 
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Oscillation (Mantua and Hare 2002, Schwing et al. 2002) is associated with oceanographic changes that 

can affect larval survival, recruitment distribution and adult abundance.  

Establishing a causal relationship between fish biology and oceanographic features that can then 

be used in a stock assessment requires an iterative process. Initially there is the search for information 

to generate and test hypotheses for the relationship, which then needs to be evaluated several times to 

confirm that it remains in effect or is not spurious. For example, correlations between recruitment and 

environmental indices have been tested and retested to demonstrate their persistence. Jacobson and 

MacCall (1995) statistically explored and confirmed a relationship between recruits-per-unit of spawning 

biomass and sea surface temperature for Pacific sardine (Sardinops sagax). This relationship was 

retested multiple times with new data, including a recent retest conducted by Lindegren and Checkley 

(2013). This established relationship allowed management of the fishery to adjust exploitation rates 

based on sea surface temperature changes over time.  Another example is Schirripa and Colbert (2006), 

who explored the relationship between oceanographic features such as Ekman transport and sea level 

with the variability in year class strength  for Sablefish (Anoplopoma fimbria), before using sea level in 

the 2007 assessment to augment estimates of recruitment variability (Schirripa and Colbert 2007). The 

above described relationships are two of the rare cases of persistent relationships between biological 

traits of fish stocks and environmental variables. An early review of the persistence of correlations 

between environment and recruitment found that only one out of 42 of the published relationships 

were subsequently found to be consistent with updated data (Myers 1998). Myers (1998) suggests that 

these relationships failed the confirmation step because the original correlations were based on 

spurious patterns in the data. Myers warns that using certain information to estimate recruitment, such 

as catch per unit effort as a proxy for abundance, may be influenced by many outside factors and can 

result in spurious correlations with oceanographic features. 
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Additional to developing a persistent relation between spatial biological features and 

oceanographic measurements, there are numerous issues involved in modeling spatial structure in a 

stock assessment. One issue is identifying the correct scale of spatial structure for a model. For instance, 

a stock’s abundance may appear moderately patchy from fisheries data but biological characteristics 

such as growth may suggest that even smaller patches are needed to represent spatial structure. The 

study in Chapter Two, as well as Cope and Punt (2011)  investigate the effect of spatial structure 

misspecification in a simulation study. Cope and Punt (2011) estimated depletion across several nested 

spatial structures (starting with nine regions, aggregating these to three larger regions, and finally 

treating them all as one large region). Their results show that estimates of depletion were biased when 

the scale of the estimation model structure did not match the true population structure, which is similar 

to the findings for spawning stock biomass from Chapter Two. Both studies also suggest the need for 

adequate data (e.g., survey data or an environmental index) to support the chosen model spatial 

structure. One must also consider the issue of movement of fish between regions. If there is movement, 

is it directional (e.g., from inshore-offshore) and how often do fish move between regions? As stated 

previously, tagging data are needed to inform the movement aspect of a spatial model. Unfortunately, 

tagging is expensive and takes continuous monitoring to track fish movements. One must also tag 

numerous fish to get reliable estimates of fish movement. These requirements often make movement 

data unavailable.  

When adding spatial structure and/or an environmental relationship into a stock assessment we 

also introduce increased model complexity, possibly affecting model parsimony and reducing the 

accuracy of the model’s predictions. A parsimonious model is one that has a desired level of predictive 

capabilities using as few predictor variables as possible. Parsimony implies that the model is not overly 

complicated and can still be supported by the available data. Testing may be necessary to determine if a 

model is parsimonious when adding spatial and temporal variability to it. A simple example is provided 
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by Maunder and Watters (2003), who conducted a simulation experiment to test several methods for 

incorporating environmental variability into a stock assessment to support estimates of annual 

recruitment. They used likelihood ratio tests to determine whether the model with the environmental 

influence/parameter provided a significantly better fit to the data than a model without it. If an 

additional parameter does not improve the model fit by a sufficient amount, they preserve the 

parsimony of the model by excluding the extra parameter. Although their study focused on an 

environmental relationship, the same issue of parsimony arises when determining an appropriate level 

of spatial complexity. 

In conclusion, spatial structure is often evident in data collected for fish stocks and in 

oceanographic features that likely influence the biological characteristics of the stocks. The experiment 

conducted in Chapter Two measured some of the statistical properties of assessment estimates 

resulting from simplified models that consider these features of reality. With a better understanding of 

the complex spatial structure in fish biology and oceanography and their effects on stock assessments, 

managers can focus on collecting adequate data to represent the important factors influencing 

assessment estimates, such as found in Chapter Two. These factors include having spatial structure in 

the assessment model that matches the structure of the population and having spatially structured data 

to support the assessment, such as index and composition data from a survey or an environmental 

index. As we move toward a fisheries management system that is more ecosystem based, it is important 

that assessment scientists recognize the factors that are influential and the hurdles associated with 

obtaining the data that are needed. Recognizing these hurdles will lead to a better understanding and 

testing of new methods for future advances in the field of fisheries science. 

  



92 
 

  
 

Bibliography 

Ainley, D.G., Sydeman, W., Parrish, R., and Lenarz, W. 1993. Oceanic factors influencing distribution of 
young rockfish (Sebastes) in central California: a predator’s perspective. CalCOFI Rep 34: 133-139. 

Begg, G.A., and Waldman, J.R. 1999. An holistic approach to fish stock identification. Fisheries Research 
43(1): 35-44. 

Berger, A.M., Jones, M.L., Zhao, Y., and Bence, J.R. 2012. Accounting for spatial population structure at 
scales relevant to life history improves stock assessment: The case for Lake Erie walleye Sander vitreus. 
Fisheries Research 115–116(0): 44-59. 

Bjorkstedt, E.P., Rosenfeld, L.K., Grantham, B.A., Shkedy, Y., and Roughgarden, J. 2002. Distributions of 
larval rockfishes Sebastes spp. across nearshore fronts in a coastal upwelling region. Marine Ecology 
Progress Series 242: 215-228. 

Bretz, F., Hothorn, T., and Westfall, P. 2011. Multiple Comparisons Using R. CRC Press Taylor and Francis 
Group, Boca Raton, FL. 

Burnham, K.P., and Anderson, D.R. 2002. Model Selection and Multi-Model Inference : A Practical 
Information-Theoretic Approach (2nd Edition). Springer, Secaucus, NJ, USA. 

Cadima, E.L. 2003. 393-Fish Stock Assessment Manual. Food & Agriculture Org. 

Campana, S.E., and Jones, C.M. 1992. Analysis of otolith micro-structure data. Can. Spec. Publ. Fish. 
Aquat. Sci. 117: 73-100. 

Charter, S., and Sandknop, E. 2000. Abundance and distribution of rockfish (Sebastes) larvae in the 
Southern California Bight in relation to environmental conditions and fishery exploitation. Calif. Coop. 
Oceanic Fish. Invest. Rep 41: 132-147. 

Cope, J.M., and Punt, A.E. 2011. Reconciling stock assessment and management scales under conditions 
of spatially varying catch histories. Fisheries Research 107(1–3): 22-38. 

Ecosystem Principles Advisory Panel. 1999. Ecosystem-Based Fishery Management, Silver Spring, MD. 

Field, J.C., and Ralston, S. 2005. Spatial variability in rockfish (Sebastes spp.) recruitment events in the 
California Current System. Canadian Journal of Fisheries and Aquatic Sciences 62(10): 2199-2210. 

Fournier, D.A., Skaug, H.J., Ancheta, J., Ianelli, J., Magnusson, A., Maunder, M.N., Nielsen, A., and Sibert, 
J. 2012. AD Model Builder: using automatic differentiation for statistical inference of highly 
parameterized complex nonlinear models. Optimization Methods & Software 27(2): 233-249. 

Francis, R.C., Hare, S.R., Hollowed, A.B., and Wooster, W.S. 1998. Effects of interdecadal climate 
variability on the oceanic ecosystems of the NE Pacific. Fisheries Oceanography 7(1): 1-21. 

Goethel, D.R., Quinn, T.J., and Cadrin, S.X. 2011. Incorporating spatial structure in stock assessment: 
movement modeling in marine fish population dynamics. Reviews in Fisheries Science 19(2): 119-136. 



93 
 

  
 

Green, K.M., and Starr, R.M. 2011. Movements of small adult black rockfish: implications for the design 
of MPAs. Marine Ecology Progress Series 436: 219-230. 

Gulland, J.A. 1965. Estimation of mortality rates. Annex to ArcticFisheries Working Group Report. ICES 
Document, CM 1965. 

Gulland, J.A. 1969. Manual of methods for fish stock assessment -Part 1. Fish Population Analysis. 

Gulland, J.A. 1983. Fish stock assessment: a manual of basic methods. Wiley. 

Haddon, M. 2010. Modelling and quantitative methods in fisheries. CRC press. 

Haltuch, M.A., Punt, A.E., and Dorn, M.W. 2008. Evaluating alternative estimators of fishery 
management reference points. Fisheries Research 94(3): 290-303. 

Haltuch, M.A., Punt, A.E., and Dorn, M.W. 2009. Evaluating the estimation of fishery management 
reference points in a variable environment. Fisheries Research 100(1): 42-56. 

Haltuch, M.A., Punt, A.E., and Walters, C. 2011. The promises and pitfalls of including decadal-scale 
climate forcing of recruitment in groundfish stock assessment. Canadian Journal of Fisheries and Aquatic 
Sciences 68(5): 912-926. 

Hampel, F.R. 1971. A general qualitative definition of robustness. The Annals of Mathematical Statistics 
42(6): 1887-1896. 

Hilborn, R., Parma, A., and Maunder, M. 2002. Exploitation rate reference points for West Coast 
Rockfish: Are they obust and are there better alternatives? North American Journal of Fisheries 
Management 22(1): 365-375. 

Hothorn, T., Bretz, F., and Westfall, P. 2008. Simultaneous inference in general parametric models. 
Biometrical Journal 50(3): 346-363. 

Hulson, P.-J.F., Quinn, T.J., Hanselman, D.H., and Ianelli, J.N. 2013. Spatial modeling of Bering Sea 
walleye pollock with integrated age-structured assessment models in a changing environment. Canadian 
Journal of Fisheries and Aquatic Sciences 70(9): 1402-1416. 

Jacobson, L.D., and MacCall, A.D. 1995. Stock-recruitment models for Pacific Sardine (Sardinops-sagax). 
Canadian Journal of Fisheries and Aquatic Sciences 52(3): 566-577. 

Lee, H.-H., Maunder, M.N., Piner, K.R., and Methot, R.D. 2011. Estimating natural mortality within a 
fisheries stock assessment model: An evaluation using simulation analysis based on twelve stock 
assessments. Fisheries Research 109(1): 89-94. 

Lee, H.H., Maunder, M.N., Piner, K.R., and Methot, R.D. 2012. Can steepness of the stock-recruitment 
relationship be estimated in fishery stock assessment models? Fisheries Research 125: 254-261. 

Lindegren, M., and Checkley, D.M., Jr. 2013. Temperature dependence of Pacific sardine (Sardinops 
sagax) recruitment in the California Current Ecosystem revisited and revised. Canadian Journal of 
Fisheries and Aquatic Sciences 70(2): 245-252. 



94 
 

  
 

Love, M.S., Yoklavich, M., and Thorsteinson, L.K. 2002. The rockfishes of the northeast Pacific. Univ of 
California Press. 

Magnell, B., Bray, N., Winant, C., Greengrove, C., Largier, J., Borchardt, J., Bernstein, R., and Dorman, C. 
1990. Convergent shelf flow at Cape Mendocino. Oceanography 3(1): 4-11. 

Magnusson, A., and Hilborn, R. 2007. What makes fisheries data informative? Fish & Fisheries 8(4): 337-
358. 

Mantua, N., and Hare, S. 2002. The Pacific Decadal Oscillation. Journal of Oceanography 58(1): 35-44. 

Marchesiello, P., McWilliams, J.C., and Shchepetkin, A. 2003. Equilibrium structure and dynamics of the 
California Current System. Journal of Physical Oceanography 33(4): 753-783. 

Maunder, M.N., and Punt, A.E. 2013. A review of integrated analysis in fisheries stock assessment. 
Fisheries Research 142(0): 61-74. 

Maunder, M.N., Sibert, J.R., Fonteneau, A., Hampton, J., Kleiber, P., and Harley, S.J. 2006. Interpreting 
catch per unit effort data to assess the status of individual stocks and communities. ICES  Journal of 
Marine Science 63(8): 1373-1385. 

Maunder, M.N., and Watters, G.M. 2003. A general framework for integrating environmental time series 
into stock assessment models: model description, simulation testing, and example. Fishery Bulletin 
101(1): 89+. 

McClatchie, S. 2013. Regional fisheries oceanography of the California Current System. The CalCOFI 
program. Springer. 

McGilliard, C.R., Punt, A.E., Methot, R.D., and Hilborn, R. 2015. Accounting for marine reserves using 
spatial stock assessments. Canadian Journal of Fisheries and Aquatic Sciences 72(2): 262-280. 

Methot, R.D. 1989. Synthetic estimates of historical abundance and mortality for northern anchovy. Am. 
Fish. Soc. Symp, pp. 66-82. 

Methot, R.D., and Wetzel, C.R. 2013a. Stock synthesis: A biological and statistical framework for fish 
stock assessment and fishery management. Fisheries Research 142: 86-99. 

Methot, R.D., and Wetzel, C.R. 2013b. Stock Synthesis: A biological and statistical framework for fish 
stock assessment and fishery management Appendix A. Supplementary data. Fisheries Research 142. 

Myers, R.A. 1998. When do environment-recruitment correlations work? Reviews in Fish Biology and 
Fisheries 8(3): 285-305. 

NOAA. 2007. Magnuson-Stevens Fishery Conservation and Management Act. Public Law 94-265 as 
amended by the Magnuson-Stevens Fishery Conservation and Management Authorization Act. In P.L. 
109-479. p. 176. 

NRC, N.R.C.U.C.o.F.S.A.M. 1998. Improving fish stock assessments. National Academies Press. 



95 
 

  
 

Pastén, G., Katayama, S., and Omori, M. 2003. Timing of parturition, planktonic duration, and settlement 
patterns of the Black Rockfish, Sebastes. Environmental Biology of Fishes 68(3): 229-239. 

Petersen, C.H., Drake, P.T., Edwards, C.A., and Ralston, S. 2010. A numerical study of inferred rockfish ( 
Sebastes spp.) larval dispersal along the central California coast. Fisheries Oceanography 19(1): 21-41. 

PFMC. 2014. Pacific Coast Groundfish Fishery Management Plan: For the California, Oregon, and 
Washington Groundfish Fishery. Pacific Fishery Management Council. 

Pope, J.G. 1972. An investigation of the accuracy of virtual population analysis using cohort analysis. 
International Commission for the Northwest Atlantic Fisheries Research Bulletin 9: 65-74. 

Punt, A., and Hilborn, R. 1997. Fisheries stock assessment and decision analysis: the Bayesian approach. 
Reviews in Fish Biology and Fisheries 7(1): 35-63. 

Punt, A.E. 2003. The performance of a size-structured stock assessment method in the face of spatial 
heterogeneity in growth. Fisheries Research 65(1-3): 391-409. 

Punt, A.E., Smith, A.D.M., and Cui, G.R. 2002. Evaluation of management tools for Australia's South East 
Fishery 1. Modelling the South East Fishery taking account of technical interactions. Marine and 
Freshwater Research 53(3): 615-629. 

Rahikainen, M., and Stephenson, R.L. 2004. Consequences of growth variation in northern Baltic 
herringfor assessment and management. ICES Journal of Marine Science: Journal du Conseil 61(3): 338-
350. 

Rubinstein, R.Y., and Kroese, D.P. 2008. Simulation and the Monte Carlo method. John Wiley & Sons. 

Sampson, D.B. 2007. The status of black rockfish off Oregon and California in 2007. Pacific Fishery 
Management Council, Portland, OR. 

Sampson, D.B., and Scott, R.D. 2011. A spatial model for fishery age-selection at the population level. 
Canadian Journal of Fisheries and Aquatic Sciences 68(6): 1077-1086. 

Schaefer, M.B. 1954. Some aspects of the dynamics of populations important to the management of the 
commercial marine fisheries. Inter-American Tropical Tuna Commission 1(2). 

Schirripa, M.J., and Colbert, J. 2006. Interannual changes in sablefish (Anoplopoma fimbria) recruitment 
in relation to oceanographic conditions within the California Current System. Fisheries Oceanography 
15(1): 25-36. 

Schirripa, M.J., and Colbert, J. 2007. Status of the sablefish resource off the continental US Pacific Coast 
in 2007. Pacific Fishery Management Council, Portland, OR. 

Schirripa, M.J., Goodyear, P.C., and Methot, R.M. 2009. Testing different methods of incorporating 
climate data into the assessment of US West Coast sablefish. ICES Journal of Marine Science: Journal du 
Conseil 66(7): 1605-1613. 



96 
 

  
 

Schwing, F.B., Murphree, T., deWitt, L., and Green, P.M. 2002. The evolution of oceanic and atmospheric 
anomalies in the northeast Pacific during the El Nino and La Nina events of 1995-2001. Progress in 
Oceanography 54(1-4): 459-491. 

Shanks, A.L., and Eckert, G.L. 2005. Population persistence of California Current fishes and benthic 
crustaceans: a marine drift paradox. Ecological Monographs 75(4): 505-524. 

Taylor, I., Stewart, I., Hicks, A., Garrison, T., Punt, A., Wallace, J., Wetzel, C., Thorson, J., Takeuchi, Y., 
Monnahan, C., and contributors, o. 2014. r4ss: R code for Stock Synthesis. R package version 1.22.1. 

Tyler, J.A., and Rose, K.A. 1994. Individual variability and spatial heterogeneity in fish population models. 
Reviews in Fish Biology and Fisheries 4(1): 91-123. 

VenTresca, D.A., Houk, J.L., Paddack, M.J., and Gingras, M.L. 1996. Early life-history studies of nearshore 
rockfishes and lingcod off Central California, 1987-92. 

Wilberg, M.J., and Bence, J.R. 2006. Performance of time-varying catchability estimators in statistical 
catch-at-age analysis. Canadian Journal of Fisheries and Aquatic Sciences 63(10): 2275-2285. 

Yin, Y., and Sampson, D.B. 2004. Bias and precision of estimates from an age-structured stock 
assessment program in relation to stock and data characteristics. North American journal of fisheries 
management 24(3): 865-879. 

Ying, Y.P., Chen, Y., Lin, L.S., and Gao, T.X. 2011. Risks of ignoring fish population spatial structure in 
fisheries management. Canadian Journal of Fisheries and Aquatic Sciences 68(12): 2101-2120. 

Yoklavich, M., Loeb, V., Nishimoto, M., and Daly, B. 1996. Nearshore assemblages of larval rockfishes 
and their physical environment off Central California during an extended El Nino event, 1991-1993. 
Fishery Bulletin 94(4): 766-782. 

 

  



97 
 

  
 

Appendix: Tables of Median Relative Error (MRE), Median Absolute Deviation (MAD) from the 
Median, and Median Absolute Relative Error (MARE) 
 
Table A.1. Summary table for the median relative error (MRE) seen in all experimental combinations 
of ExploitRate, EnvirP and MC for estimates of SSB0. Combinations with the largest MREs are bolded. 
The smallest is denoted by an asterisk. 
 

MC EnvirP ExploitRate  

  
Constant (FC) Mixed (FM) Increased (FI) 

2SE Constant (EC) -0.082 -0.075 -0.078 

 
Abrupt (EA) -0.091 -0.080 -0.063* 

 
Gradual (EG) -0.091 -0.088 -0.065 

     2NSE Constant -0.120 -0.102 -0.083 

 
Abrupt -0.116 -0.101 -0.076 

 
Gradual -0.116 -0.114 -0.084 

     

 
Constant -0.083 -0.083 -0.085 

2S Abrupt -0.083 -0.092 -0.077 

 
Gradual -0.090 -0.096 -0.062 

     

 
Constant -0.123 -0.103 -0.089 

2NS Abrupt -0.141 -0.155 -0.081 

 
Gradual -0.123 -0.141 -0.079 

     

 
Constant -0.083 -0.101 -0.097 

1S Abrupt -0.094 -0.131 -0.085 

 
Gradual -0.094 -0.122 -0.083 

     

 
Constant -0.119 -0.135 -0.112 

1NS Abrupt -0.121 -0.163 -0.107 

  Gradual -0.122 -0.163 -0.108 
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Table A.2.The median relative error (MRE) for all 56 combinations of MC, EnvirP and ExploitRate for 
SSBCurrent. The largest MREs are bolded. The smallest is denoted by an asterisk. 
 

MC EnvirP ExploitRate  

  
Constant (FC) Mixed (FM) Increased (FI) 

2SE Constant (EC) -0.068 -0.068 -0.037 

 
Abrupt (EA) -0.072 -0.035 -0.012* 

 
Gradual (EG) -0.051 -0.073 -0.028 

     2NSE Constant -0.154 -0.110 -0.074 

 
Abrupt -0.122 -0.103 -0.059 

 
Gradual -0.107 -0.150 -0.076 

     

 
Constant -0.064 -0.079 -0.037 

2S Abrupt -0.056 -0.058 -0.024 

 
Gradual -0.056 -0.099 -0.014 

     

 
Constant -0.151 -0.105 -0.082 

2NS Abrupt -0.174 -0.214 -0.067 

 
Gradual -0.115 -0.222 -0.062 

     

 
Constant -0.068 -0.102 -0.053 

1S Abrupt -0.056 -0.157 -0.037 

 
Gradual -0.059 -0.161 -0.030 

     

 
Constant -0.128 -0.180 -0.127 

1NS Abrupt -0.108 -0.218 -0.123 

  Gradual -0.127 -0.283 -0.124 
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Table A.3. The median absolute deviations (MADs) from the median for all 56 combinations of MC, 
EnvirP and ExploitRate for estimates of SSB0, providing insight on precision. The largest MADs are 
bolded. The smallest is denoted by an asterisk. 
 

MC EnvirP ExploitRate  

  
Constant (FC) Mixed (FM) Increased (FI) 

2SE Constant (EC) 0.036 0.035 0.039 

 
Abrupt (EA) 0.033 0.037 0.031 

 
Gradual (EG) 0.032 0.033 0.037 

     2NSE Constant 0.027 0.035 0.038 

 
Abrupt 0.034 0.038 0.035 

 
Gradual 0.036 0.030 0.035 

     

 
Constant 0.039 0.036 0.039 

2S Abrupt 0.035 0.036 0.035 

 
Gradual 0.031 0.034 0.037 

     

 
Constant 0.029 0.034 0.042 

2NS Abrupt 0.028 0.037 0.031 

 
Gradual 0.033 0.036 0.037 

     

 
Constant 0.028 0.024 0.028 

1S Abrupt 0.030 0.028 0.032 

 
Gradual 0.031 0.033 0.034 

     

 
Constant 0.027 0.027 0.034 

1NS Abrupt 0.025 0.026 0.029 

  Gradual 0.025 0.024* 0.031 
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Table A.4. Same concept as Table A.3. except for estimates of SSBCurrent . The largest MADs are bolded. 
The smallest is denoted by an asterisk. 
 

MC EnvirP ExploitRate  

  
Constant (FC) Mixed (FM) Increased (FI) 

2SE Constant (EC) 0.089 0.066 0.062 

 
Abrupt (EA) 0.090 0.070 0.089 

 
Gradual (EG) 0.064 0.062 0.071 

     2NSE Constant 0.087 0.087 0.126 

 
Abrupt 0.112 0.089 0.131 

 
Gradual 0.111 0.076 0.111 

     

 
Constant 0.086 0.060 0.059* 

2S Abrupt 0.087 0.065 0.075 

 
Gradual 0.065 0.066 0.065 

     

 
Constant 0.086 0.092 0.111 

2NS Abrupt 0.109 0.095 0.116 

 
Gradual 0.105 0.071 0.124 

     

 
Constant 0.079 0.083 0.073 

1S Abrupt 0.084 0.084 0.097 

 
Gradual 0.074 0.065 0.073 

     

 
Constant 0.112 0.098 0.113 

1NS Abrupt 0.118 0.093 0.102 

  Gradual 0.095 0.084 0.120 
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Table A.5. The median absolute relative error (MARE) for estimates of SSB0. The larger values indicate a 
combination of factors that produce a less accurate estimate. The asterisks indicate instances where 
MC-2.S.E does not produce the smallest MARE. 
 

MC EnvirP ExploitRate  

  
Constant (FC) Mixed (FM) Increased (FI) 

2.S.E Constant (EC) 0.082 0.075 0.078 

 
Abrupt (EA) 0.091 0.080 0.065 

 
Gradual (EG) 0.091 0.088 0.067 

     2.nS.E Constant 0.120 0.102 0.084 

 
Abrupt 0.116 0.101 0.078 

 
Gradual 0.116 0.114 0.084 

     

 
Constant 0.083 0.083 0.085 

2.S.nE Abrupt 0.083* 0.092 0.077 

 
Gradual 0.090* 0.096 0.064* 

     

 
Constant 0.123 0.103 0.089 

2.nS.nE Abrupt 0.141 0.155 0.081 

 
Gradual 0.123 0.141 0.080 

     

 
Constant 0.083 0.101 0.097 

1.S Abrupt 0.094 0.131 0.085 

 
Gradual 0.094 0.122 0.083 

     

 
Constant 0.119 0.135 0.112 

1.nS Abrupt 0.121 0.163 0.107 

  Gradual 0.122 0.163 0.108 
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Table A.6. The median absolute relative error (MARE) for estimates of SSBCurrent. The larger values 
indicate a combination of factors that produce a less accurate estimate. The asterisks indicate instances 
where MC-2.S.E does not produce the smallest MARE. 
 

MC EnvirP ExploitRate  

  
Constant (FC) Mixed (FM) Increased (FI) 

2.S.E Constant (EC) 0.112 0.087 0.069 

 
Abrupt (EA) 0.098 0.073 0.074 

 
Gradual (EG) 0.082 0.080 0.071 

     2.nS.E Constant 0.168 0.128 0.139 

 
Abrupt 0.153 0.122 0.116 

 
Gradual 0.162 0.150 0.134 

     

 
Constant 0.109* 0.106 0.075 

2.S.nE Abrupt 0.098* 0.084 0.081 

 
Gradual 0.088 0.099 0.074 

     

 
Constant 0.172 0.125 0.160 

2.nS.nE Abrupt 0.191 0.218 0.124 

 
Gradual 0.170 0.222 0.143 

     

 
Constant 0.097* 0.114 0.082 

1.S Abrupt 0.090* 0.157 0.084 

 
Gradual 0.087 0.161 0.091 

     

 
Constant 0.147 0.192 0.150 

1.nS Abrupt 0.155 0.221 0.151 

  Gradual 0.156 0.283 0.162 

 
 


